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Abstract

This thesis aims to build a deep spiking neural network (SNN) using spike-based
filters for temporal feature extraction to produce distinguishing spiking activity while
classifying spatiotemporal data. Existing deep learning (DL) architectures such as
convolutional neural networks (CNNs) combined with long short-term memory (LSTM)
neural networks have demonstrated their ability to classify this type of data. The neurons
employed in these DL architectures do not include a time component in their operation
modules resulting in loss of possibly important temporal information. The spiking
neurons of third-generation neural networks (NNs), i.e., SNNs, produce discrete event-
based output incorporating time dimension in their computational model. However, the
application of SNNs to produce temporal-based feature extraction and classification is
still not well understood.

Current DL architectures, such as CNNs, use hierarchical feature representation
to achieve high classification accuracy. Recent studies have adopted a similar design
approach to implement variations of deep SNNs. These artificial neural networks (ANN)
to SNN conversions are challenging as they use approximation techniques for producing
spikes in SNNs that may result in the loss of temporal feature information. In short, it
is not currently known how to build SNN architectures that combine the advantages of
both CNNs and SNNs such that temporal features can be extracted layer by layer within

a spiking neural framework.



To address the above-mentioned limitations, this thesis proposes a novel temporal-
based SNN architecture that is shown to be effective when applied to spatiotemporal
datasets, 1.e., electroencephalogram (EEG) and music signals. In addition, a method
for hand-engineered spike-based filters for use in deep SNNs to extract spatiotemporal
information from the output of spiking neurons is proposed.

The first contribution of this thesis is the applicability of utilising the neuron’s
voltage and spike timings as classification criteria. Next, spike train analysis methods
reveal the value of information hidden in the temporal coding neural scheme. The final
contribution of this research is building a deep SNN framework with hierarchical feature
representation, using rate and temporal neural coding techniques. Furthermore, the
proposed end-to-end SNN design presented in this research is optimised to be applied

in clinical management.
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Chapter 1

Introduction

The first part of this chapter discusses the information processing principles of the human
brain and the fundamentals of SNN. The second part presents the research background
of this study and the motivation for developing brain-inspired SNN architecture for the
spatiotemporal processing of event-based data. The structural connectivity of spiking
neurons inspired by the deep learning design principles, the selection of depression
detection and music instrument recognition as case study problems, and finally, the

inspiration for the development of spike-based binary filters are discussed in this chapter.

1.1 Introduction

1.1.1 Human Brain

The human brain is the most complex organ that controls all the important functions
in the human body — movement, memory, learning, feeling, hunger, vision, breathing,
etc. The human brain and the spinal cord make up the central nervous system. The
major functions of the brain include the integration of information that it receives from

the sensory organs, processing them, distributing them across different brain regions,

17



Chapter 1. Introduction 18

and coordinating and sending instructions to other parts of the body. The basic unit of
processing information in the human brain is the neuron. The human brain comprises
approximately 100 billion neurons.

From a high-level view, the brain can be segmented into three major parts — cerebrum,
brainstem, and cerebellum.

The cerebrum is located at the front of the brain and contains the cerebral cortex at
its centre. Regulating high-level functions such as vision, hearing, speech, reasoning,
emotions, learning, and the fine control of movement falls under the responsibility of
the cerebrum. The cerebral cortex is further divided into two halves — right and left
hemispheres. The left hemisphere governs the right side of the human body, whereas
the right hemisphere controls the left side.

The cerebrum and the spinal cord are connected through the brainstem located at
the centre of the human brain. The brainstem functions include the regulation of heart
rate, breathing, sleeping, and eating. It acts as a hub relaying information from the body
to the cerebrum and cerebellum, and vice versa.

The cerebellum which is also called as "little brain" because of its small size, is
located at the back of the head, below the temporal and occipital lobes. Although
it is small in size (10 percent of the brain), over 50 percent of the total neurons in
the brain are located here. New studies (Ferrari, Ciricugno & Cattaneo, 2022; Pierce,
Thomasson, Voruz, Selosse & Péron, 2022) are exploring the cerebellum’s involvement
in the thought process, the processing of feelings and emotions, and the social behaviour
of an individual.

Further, each brain hemisphere consists of four lobes: frontal, parietal, temporal,
and occipital. Each lobe has a specific role to play in the overall functioning of the

human brain.

1. Frontal lobe: Situated in the front, it covers the largest section of the brain. The
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frontal lobe is responsible for the decision-making process of an individual, bodily
movements, and personality characteristics. Stress, anxiety, and depression affect

the thinking and decision-making process of an individual.

2. Parietal lobe: Situated in the middle section of the brain, the parietal lobe helps
humans in the identification of objects and their spatial orientation relative to the
body. The responsibility of this lobe includes the perception of pain and touch in

the body and helping the brain understand any spoken language.

3. Occipital lobe: Situated at the back of the brain, this lobe is significantly involved

with vision.

4. Temporal lobe: Situated at the sides of the brain, this lobe is involved in speech,

short-term memory, and musical rhythms.

A few of the key components within the deeper structures of the brain that play an
important role in the process of depression detection are the hypothalamus, amygdala,
and hippocampus. They are involved in processing emotions, memory learning, and the
reward system at different levels.

Brain disorders like depression affect the overall brain structure and its functioning.
It may cause shrinkage of some structures, inhibition of the development of neurons, al-
terations in the functional connectivity of different brain regions, etc. (Palmer, Crewther,
Carey et al., 2015; Pandya, Altinay, Malone & Anand, 2012).

As mentioned earlier, neurons are the elementary processing units in the brain with
different sizes and shapes. As described in Figure 1.1, each neuron consists of a cell
body, axon, and dendrites. Dendrites and axons connect different neurons to each other.
The connecting link between two neurons is called a synapse, and the connection is
termed a synaptic connection. Information is transmitted between the neurons through

these synapses. The neuron sending the information is called the pre-synaptic neuron,
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whereas the neuron receiving this information is called the post-synaptic neuron. The
dendrites receive information from the other neurons, the cell body processes this
information, and the axon transmits it to the connecting neurons. The information is
transmitted through the axons to other neurons when the total input received by the

neuron crosses a threshold leading to an action potential.

dendrites

synapse

nucleus axon

electrical
signal

axon terminals

Figure 1.1: lllustration of Biological Neurons from (Tamaazousti, 2018)

All the information the human brain perceives through the sensory organs (i.e.,
information about stimulus through light, sound, taste, smell, and touch) is encoded in a
temporal pattern of electrical pulses, and through the synaptic connections, these pulses
are transmitted to other neurons.

At a lower level, two types of synapses are found in the brain: chemical and elec-
trical. Electric signals are transmitted through ions in electrical synapses, whereas
chemical synapses use chemical messengers called neurotransmitters. Pre-synaptic
neurons release a neurotransmitter on the rise of an action potential. This neurotransmit-
ter then dispenses through the synapse into the receptors of the post-synaptic neurons.
The transmission speed of signals using electrical synapses is greater than that of chem-

ical synapses. The brain consists more of chemical synapses and releases different types
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of neurotransmitters. Neurotransmitters can be inhibitory or excitatory in nature. Excit-
atory neurotransmitters tend to increase the possibility of an action potential, whereas
inhibitory neurotransmitters decrease the possibility of an action potential. Different
neurotransmitters like glutamate are responsible for cognitive functions like memory
and learning, while others like gamma-aminobutyric acid (GABA) cause inhibition in
the nervous system. The development of these neurotransmitters in the human depends
on various factors; this is how the human brain goes through many physical changes
throughout its lifetime. This is the basis of learning, memory, and adaption in the human
brain, which is extremely complicated as we further drill down into the brain’s inner
workings. Learning and memory are impacted by small-scale changes occurring every
minute between the neuronal connections, i.e., synaptic plasticity (Ramirez & Arbuckle,
2016).

The inspiration from the principles of information processing, learning, memory,
the reward system, and other functionalities in the human brain led to the development
of computational methodologies and architectures for different tasks, like classification

and prediction.

1.1.2 Generations of Artificial Neuron

Figure 1.2 illustrates an artificial neuron designed based on a biological neuron. Input
channels represented by x1, X, ..., X, in the artificial neuron are related to the dendrites
in the biological neuron. Neurons transmit signals to each other through synapses
(synaptic connections). The output of each neuron is computed by some non-linear
function (activation function) of the sum of its inputs. Threshold-based neurons are
such that the signal is transmitted only if the aggregate signal crosses this threshold.
Synaptic connections have weights wyj, Waj, ..., Wy; that are adjusted as learning takes

place. Synaptic plasticity is a process where these weights are either strengthened or
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weakened through backpropagation, evolutionary algorithms, Synaptic Time Dependent
Plasticity, etc. (Storn & Price, 1997; LeCun, Bengio, Hinton et al., 2015). These
learning algorithms, during supervised classification, adjust the weights of the network
to improve the accuracy of the result by mapping the input to an output y. The following
section briefly introduces the properties of artificial neurons that evolved over time

(Ghosh-Dastidar & Adeli, 2009; Maass, 1997a).
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Figure 1.2: lllustration of Artificial Neuron with Biological Neuron apdated from (Kapoor,
2019)

First Generation Neurons

The perceptron model marked the beginning of artificial neurons. The inputs (real
values) are summed together to produce an activation value. If this activation value is
greater than the threshold, the neuron fires. Thus, the output from the perceptron is not
areal value, i.e., they are binary outputs. These neurons cannot handle spatiotemporal

inputs.

Second Generation Neurons

In 1960, second-generation neurons, also called rate-coded neurons, were implemented.
Neurons with different activation functions producing real-valued outputs have shown
breakthroughs in diverse applications like computer vision, speech recognition, medical,

etc. Neurons with sigmoid activation function produce an output within the range of
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0, 1, and the Tanh function produces an output within the range of -1, 1, and so on. A
more detailed description can be found in (LeCun et al., 2015). These neurons were
very effective and powerful as compared to the first-generation neurons because of
incorporating continuous non-linear activation functions to classify complex datasets.
However, these neurons could not represent temporal information in their computation

module.

Third Generation Neurons

Third-generation neurons were designed to overcome the limitations of the neurons
of previous generations. Thus, neurons capable of communicating via precise timings
of spikes or a sequence of spikes have been developed. These neurons capable of
processing temporal information are called third-generation neurons or spiking neurons
(Maass & Bishop, 2001). Similar to the first-generation neurons, the input information
is summed by the neuron, and if the activation value crosses the threshold, the neuron
fires. However, the internal state of a perceptron model and spiking neurons’ internal
states are quite different. The internal state of a spiking neuron changes with time, and
when the internal state of the neuron crosses the threshold, the spiking neuron emits an
action potential at that time instance. Similar to biological neurons, all the information
is encoded in the temporal pattern of action potentials or in the timing of spikes. In
other words, temporal codes are of high importance in biology where even a single
spike or small temporal variations of single neuron firing may trigger different reactions
(Gerstner, Ritz & Van Hemmen, 1993; Aldworth, Dimitrov, Cummins, Gedeon &

Miller, 2011).
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1.1.3 Spiking Neuron Models

The internal state of a biological neuron (post-synaptic) changes when it receives input
signals, i.e., electrical impulses from its pre-synaptic neurons. This input causes a
potential difference in the intrinsic environment of the post-synaptic neuron, which is
called the membrane potential u(t). A pre-synaptic neuron can be either excitatory
or inhibitory in nature. When the pre-synaptic neuron causes a positive change in the
post-synaptic membrane potential, the pre-synaptic is called excitatory. And if the
change in the post-synaptic membrane potential is negative, the pre-synaptic is called
inhibitory. The post-synaptic neuron is at rest with a membrane potential u,¢s;, when no

information (i.e., no spike) is received from the pre-synaptic neurons.

Action
Potential

Action Potential Threshold

N/

Resting EPSP's Simultaneous
Potential EPSP's

Membrane Potential (m)

Figure 1.3: Shape of Post-Synaptic Potential from (Gerstner & Kistler, 2002)

As the pre-synaptic neurons cause a potential difference (positive or negative), the
membrane potential of the post-synaptic neuron changes accordingly. The total of
the post-synaptic potential (PSP) of a neuron before it crosses the threshold can be

formalised as follows:
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wi(t) =3 € (t = t5) + et (1.1)
i f

In Eq. 1.1, u,.s represents the resting membrane potential of a post-synaptic neuron
i at time t. The pre-synaptic connections to this neuron are represented by neurons
j=1,2,...,n. The membrane potential of the post-synaptic neuron caused due to input
spikes from pre-synaptic neurons is represented by €;;. €;(t - tj(f)) represents the time
duration of PSP receiving input spikes from pre-synaptic neurons. Figure 1.3 illustrates
the neuronal behaviour of a spiking neuron. When PSP surpasses the action potential
threshold value, it evokes a spike and goes into a refractory state. The neuron cannot
emit a spike during this time even if it reaches the threshold. The refractory time usually
lasts for one millisecond.

Figure 1.4 shows the behaviour of a post-synaptic neuron i receiving spikes from
pre-synaptic neurons j = 1 and j = 1,2, ...,n. When the membrane potential of neuron i
crosses the firing threshold 1, it fires. The firing times of neuron i is represented by tj(f)
and (f = 1,2,...). The sequence of firing times caused by the stimulating current from

pre-synaptic neurons is represented by a spike train as shown:

Si(t) =Y o(t -t (1.2)
f

where 0(x) represents Dirac function. §(x) = 1 indicates the occurrence of a spike
and ¢(x) = 0 means no spike.

In response to stimulating current, biological neurons can show four different types
of behaviour (Gerstner & Kistler, 2002) as shown in Figure 1.5. The details of these
neuron dynamics are described in Gerstner and Kistler (2002) (Gerstner & Kistler,
2002). Simplified computational spiking neuron models have been introduced to model
the neuronal dynamics of biological neurons.

There are trade-offs between biological accuracy and computational viability in
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Figure 1.4: Interaction between Pre and Post-Synaptic Neuron from (Gerstner & Kistler, 2002):
the firing pattern of a post-synaptic neuron (right side of the image) when it receives input
(spikes) from its pre-synaptic inputs (first two neurons of the left side of the image)

the various spiking neuron models that have been developed as shown in Figure 1.6
and reviewed in detail in Gerstner and Kistler (Gerstner & Kistler, 2002). Choosing
an appropriate model depends on the goal, as argued by Izhikevich (Izhikevich, 2003).
This thesis employs the Leaky-Integrate-Fire (LIF) neuron model as it is necessary
to model an SNN architecture with a large number of interacting neurons. Also, the
implementation of LIF neurons is more flexible and readily adaptable, plus they rely on

fewer meta parameters, which makes them generally easier to use.

1.1.4 Leaky-Integrate-Fire Neuron Model

The LIF neuron model is a one-dimensional (one differential equation for modeling)
spiking neuron model with low computational cost (Gerstner & Kistler, 2002). The
working of a LIF neuron model could be modeled as a parallel Resistor R - Capacitor C'

circuit. The stimulating current /() charges the RC circuit. This causes an increase in
()

1 s

the membrane potential u;) and finally beyond the capacitor voltage. When at time ¢

u ) crosses the firing threshold ¥, i.e., u() = ¥, a spike is released which is represented
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Figure 1.5: Neuron dynamics to a stimulating current I from (Gerstner & Kistler, 2002)
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Figure 1.6: Comparisons of Spiking Neuron Models from (Gerstner & Kistler, 2002)

by 0(t - ti(f)). After the emission of an output pulse, the neuron leaks to its resting
potential, i.e., u) < 1), and emits no spike during the refractory period. This leakage,

called the membrane time constant, is indicated by the 7, factor.

Presynaptic neuron j

Figure 1.7: LIF Neuron Model from (Gerstner & Kistler, 2002)
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The dynamics of LIF neuron models are defined by the following equation:

du

a = Urest — U,(t) + Rl(t) (13)

Tm

where Ccll—? represents the change in membrane potential, u(t) is the neuronal membrane
potential at time ¢, 7,,, is the membrane time constant, R is the membrane resistance and
I(t) is the sum of current supplied by the input synapses (connection from the input
layer to the hidden layer).

In a network of spiking neurons where there are multiple pre-synaptic connections
to a post-synaptic neuron i, the total stimulating current /() is computed using the

following equation:

L(t) = S Wiy Yot -t) (1.4)
J f

where W = wq, w,, ..., w, 1s the weight vector representing the measure of the efficacy

of the synaptic connection between neurons j and i. (¢ — tl(f )) is the time duration for
(f))

which neuron ¢ receives pre-synaptic spikes. d(¢—t,’’) is the spatiotemporal input spike
pattern containing NV input spike trains, s;(¢) for i = 1,2, ..., N. Spike trains contain

binary events with one as a spike and O as no spike.

1.1.5 Spike Time Dependent Plasticity: Unsupervised Learning in
SNN

Synaptic plasticity, i.e., change in the strength of the synapses, is the biological basis of
learning and memory. This study adopts the unsupervised learning inspired by the Hebb
Rule (Hebb, 1949b), where weight changes during the learning process are dependent
on the time dimension. Spike Time Dependent Plasticity (STDP) (Song, Miller &

Abbott, 2000) is a variant of the Hebbian unsupervised learning algorithm where the
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weights are adapted based on the relative timing of pre-and post-synaptic spikes. The

dynamics of the STDP algorithm can be represented by Equations (1.5) and (1.6):

W(z)=A,exp - fort; <t; (1.5)
T

i
W(x)=-A_exp Ti fort;>t; (1.6)

The synaptic weight W () will be potentiated if the pre-synaptic neuron ¢; fires
before the post-synaptic neuron, ¢;. The potentiation is a function of ¢ which decays
exponentially with a time constant 7, and can be calculated by A, exp 7 » Where A,
is the maximum synaptic change. On the other hand, if the post-synaptic neuron
fires before the pre-synaptic neuron, the weight of the synapse between these two
neurons is decreased by a magnitude of —A_ exp =, where A_ indicates the maximum
negative change and 7_ is the time constant. Time constant variables for potentiation and
depression are set to 10ms. Only the last (most recent) firing time of the pre-synaptic
neuron is considered for this STDP implementation.

SNNs with biologically plausible neuron models and unsupervised learning are

efficient in analysing spatiotemporal data.

1.2 Research Background

The human brain is an extraordinarily complex dynamical system processing informa-
tion and performing critical operations over various timescales (from milliseconds to
years). Various multi-neuronal activation patterns are formed in the brain in response
to what humans see, hear, think and feel (King & Dehaene, 2014). These mental
representations captured across multiple brain areas through neuroimaging tools like
EEG are spatiotemporal in nature (Drevets, 2000).

Biological neurons interact with each other by sending sparse spiking signals,
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whereas neurons in deep learning networks output real continuous values. Inspired
by the biological neurons, SNN, a computational model, uses information processing
principles similar to the human brain. SNN computation relies on the spike carrying
space (which neuron fires) and time (when a neuron fires) information and can provide
a larger solution space than ANN (Maass, 1997a; Rubin, Monasson & Sompolinsky,
2010). In other words, information is represented in the temporal sequences of binary
signals (spikes) that are transferred between spatially located neurons.

Spatiotemporal data like EEG signals store valuable information capable of achiev-
ing high classification performance and psychological understanding, i.e., emotional
processing in the brain (J. Li, Duan, Cui, Chen & Liao, 2019; Waugh, Shing & Avery,
2015). EEGs can help researchers understand brain activities over time and elucidate
interactions between abnormalities of brain structure and functions in a given mental
disorder (Drevets, 2000; Kadipasaoglu et al., 2015). Hence, EEG data being spatiotem-
poral in nature, if analysed considering both the aspects — spatial and temporal — could
be used as an additional tool for detecting a brain disorder. Hence, the spatiotemporal
nature of EEG signals and SNNs’ capability to process such data inspired the use of
SNNs for spatiotemporal data classification, such as EEG signals.

This study employs different SNN architectures, from a 3D reservoir (a 3D network
of recurrent spiking neurons) brain-inspired SNN framework to a deep temporal-based
SNN design for analysing and treating spatiotemporal datasets. The proposed framework

is then utilised to design an Al framework for use in clinical management.
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1.3 Rationale and Significance

1.3.1 SNNs as the Computational Model

SNNs are capable of processing event-driven data and, by design, are the potential
approach for processing spatiotemporal EEG signals. For classifying EEG signals, the
state-of-the-art studies had implemented various ML and DL architectures (Ksiazek,
Abdar, Acharya & Plawiak, 2019; Bashivan, Rish, Yeasin & Codella, 2015; Yildirim,
Plawiak, Tan & Acharya, 2018; Yildirim, San Tan & Acharya, 2018). Extensive feature
extraction using signal processing techniques is applied to improve the discriminative
performance in traditional machine learning (ML) methods. This process is made more
efficient by automatic feature extractions using CNN (Convolutional Neural Networks)
and CNN-LSTM (Long Short-Term Memory) based architectures. These architectures
require high training samples and extensive hyperparameter tuning for high model
performance. Although DL architectures produce high accuracy in EEG classification
tasks, there exists a gap concerning the capture of the spatial-temporal dynamics hidden
in the data that can be used to distinguish both groups. DL architectures do not employ
individual pulses, but the output signals lie between O and 1. This is known as the rate
coding scheme (Maass, 1997b). However, information processing in the human brain is
event-driven in the form of spikes. On the other hand, SNN increases biological realism
by individual spikes, i.e., neuronal information contains the precise timing of spikes
(Maass, 1997a; Vreeken, 2003). Also, in most existing studies, the sequential temporal
information is lost as the EEG signals are compressed for feature extraction (Wan et al.,
2020). Further, to handle time-series data, LSTM networks have incorporated feedback
loops at the cost of increased time complexity and experience vanishing gradients
(Pfeiffer & Pfeil, 2018). There still exists a need for a computational model which

incorporates the dynamic aspects of EEGs (temporal relations). The membrane potential
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computation of spiking neurons acts as an implicit recurrence since it integrates inputs
and passes them on to the next time step. This implicit recurrency allows the SNN to
handle sequential temporal data better than non-sequential neural nets.

Spiking neurons send signals as a short and sudden voltage to propagate information
to the other neurons. This information is relative to the timing and frequency of spikes.
The voltage accumulation due to incoming signals causes an impulse at the receiving
neuron when it crosses the threshold. Thus, neural computation is believed to rely
on the spikes’ firing frequency, the spikes’ timing, and the spikes’ temporal coordin-
ation (Waugh et al., 2015). Spiking neurons employed in SNNs enable incorporating
spatiotemporal information in communication and computation (Maass, 1997a).

EEG data represents data across various brain areas (EEG channels) collected over
time (seconds or minutes of recording). The nature of EEG signals is compatible with
the spatiotemporal information processing capability of an SNN (Capecci, Kasabov
& Wang, 2015). In other words, an SNN allows spatial and temporal neuroinformatic
data to be encoded with synapses and neuron locations and the timing of the spiking
activities. The SNN considers the sequence order of the EEG data, which can greatly
help the recognition results. Thus, we have employed SNNs to model EEG signals.

On the other hand, there is no doubt that SNNs are still behind ANNs in performance.
Two possible reasons behind this may be the under-utilisation of the properties of the
spiking neurons or the less efficient learning algorithms (or lack of them altogether)
learning algorithms (Pfeiffer & Pfeil, 2018). The conversion of deep ANNs into SNNs
(J. H. Lee, Delbruck & Pfeiffer, 2016), deep spiking networks (Venna et al., 2018),
spiking variants of backpropagation (J. H. Lee et al., 2016), biological variants of STDP
(Tavanaei & Maida, 2019) and hybrid CNN-SNN models (Tavanaei & Maida, 2016)
are some of the recent methods implemented in SNN to achieve high classification
accuracy. Among these studies, ANN to SNN conversion has proven to be a good

approach to achieving better classification accuracy for deep SNN architectures. Most



Chapter 1. Introduction 34

of the approaches based on mathematical analysis are inspired by the concept of
gradient descent (LeCun et al., 2015). Whether the human brain utilises the theory of
backpropagation employed in ANNs to learn something new is still an ongoing debate
(Illing, Gerstner & Brea, 2019). Also, all of these architectures use a rate coding scheme
or develop an approximation between the activations of CNNs and the spike rate of
SNNs. In other approaches, the input data is convolved with multiple convolutional
and pooling layers, and finally, the output is provided to the SNN for classification.
Additionally, most of the deep SNNs built using convolutional and pooling layers have
been implemented on static data, i.e., images. Thus, deploying deep SNN models is

still an open research area.

1.3.2 Deep SNN as a CNN Design

Learning in the cerebral cortex involves information processing at multiple levels
of neurons (Yamins & DiCarlo, 2016), and this layered structural organisation is
responsible for the high classification accuracies of DL architectures. To model an SNN
as a layered architecture, recent studies have combined the convolution kernels and
pooling operation of CNNs to extract the features from the data and propagate them
to the fully connected layer or recurrent reservoir of spiking neurons, forming a deep
SNN. Spike-based feature extraction for use in deep SNNs is still under-explored. This
research aims to apply hand-crafted filters for extracting spatial and temporal features
from the binary spike train (data from spiking neurons), proposing a methodology to
build a deep SNN framework. The proposed idea is inspired by the filters designed to
extract shapes from the digits, the first breakthrough in the deep learning era which led
to the development of CNN (LeCun et al., 2010). A detailed description is provided in
Chapter 6. The significance of this study includes extracting high-level features from

raw EEG signals encoded in spike trains through multiple layers of spiking neurons. The
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proposed filters at different levels will produce unique patterns bringing separability to
the two groups. Identifying spatiotemporal patterns in the spiking activities of neurons
in hidden and output layers will help design binary filters to build a deep feed-forward
SNN model.

Studies suggest that most of the information about the stimulus is encoded in the
spatiotemporal pattern of neurons, which may not be associated with the rate-code
(mean firing rate) encoding mechanism (Gerstner et al., 1993) (Grossberg, 1987) (Crick
et al., 1989). However, most traditional SNN architectures employ a firing rate for
classification purposes. In this thesis, with one aim to achieve better classification
performance, metrics derived from temporal patterns of firing of neurons and neuronal
membrane potential have been utilised in the model. Thus, temporal coding is used
for classification decisions in the proposed architecture. Classification is carried out
by considering the root mean square error between the predicted and the actual signal
of the membrane potential of the output neuron and the gamma distance between the

predicted and the actual spike train (firing times) of the output neuron.

1.3.3 Depression as a Case Study

In our modern society, depression has become a huge challenge amongst various age
groups (S. Z. Williams, Chung & Muennig, 2017). By 2030, depression may affect
around 300 million people worldwide as reported by the World Health Organization,
and approximately 800,000 people among them may lose their lives (Mathers & Loncar,
2006; Whiteford et al., 2013). A study of meta-analysis of 50,371 patients from 118
studies found that the correct recognition rate for depression was only 47.3% (Mitchell,
Vaze & Rao, 2009). So, with the high incidence and low recognition rate of depression,
exploring simple, objective, accurate evaluation methods or biomarkers for depression

detection is a major public health challenge (Sartorius, 2001).
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Depression is usually diagnosed subjectively based on a standardised set of questions
using frameworks like the Diagnostic and Statistical Manual of Mental Disorders (Fourth
Edition) (DSM-1V) (DSM-1V., 1993), Beck depression inventory (BDI) (Ghassemzadeh,
Mojtabai, Karamghadiri & Ebrahimkhani, 2005) and Hamilton Depression Rating Scale
(HDRS) (J. B. Williams, 1988). These screening tools determine how many symptoms
the subject is experiencing and the time duration, analyse the responses to specific
questions, and, more specifically, seek to understand a person’s emotional state. The
physicians decide the course of treatment after examining their responses. These
screening surveys are utilised to give emotional evaluations of a patient’s conduct, either
from a self-report viewpoint or from the point of view of the clinician or parental figure.
For instance, a patient may vary in how they talk about or depict their manifestations
or distress level depending on their social foundation. Choosing the alternative 'much
of the time’ to describe how frequently one experiences sadness may have different
meanings for different people. Although this concern is addressed to some extent in the
most recent DSM-5 guide (Cooper, 2018), it features one hindrance of depending on
absolutely subjective measures (Newson, 2018). Therefore, there is a need for a new
computational model that can be used as an additional tool to aid clinicians in their

decision-making process.

1.3.4 Depression from a Musical Perspective

The rhythmic patterns in the brain waves caused by the activity of neurons can be cap-
tured as oscillations in membrane potential or as rhythmic patterns of action potentials.
On the other hand, EEG records voltage fluctuations due to the electrical activity in
the brain’s neurons, indicating rhythmic behaviour. EEG signals that capture the brain
dynamics over periods of time being a complex time-series data; a comparable approach

was wanted to understand the behaviour better and firing patterns of spiking neurons.
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Hence, music signals were considered for this preliminary analysis.

Music represents various sequences of sounds playing at different frequencies over
time. Music signals are periodic in nature, whereas EEG signals are chaotic or non-
periodic (Chemin, Huang, Mulders & Mouraux, 2018), but both signals have waveforms
and the time dimension in common. Apart from this, music therapy is found to be
an effective treatment for reducing anxiety and depression (Maratos, Gold, Wang &
Crawford, 2008). It uplifts the mood and emotions of people, improves sleep quality,
and has many other psychological benefits. The right brain hemisphere is preferentially
activated when listening to music in relation to the emotional experience (Trimble &
Hesdorffer, 2017). Thus, considering the rhythmic natures of these signals and the
benefits of music therapy for depression treatment, this research study proposes a deep
SNN-based architecture for the study of depression incorporating a musical perspective.
The proposed SNN framework is applied to two spatiotemporal datasets — music and

EEG signals.

1.3.5 Application of SNNs — Clinical Management

Mental illness could be detected by the effectiveness of different brain regions in
communicating with each other (J. Wang et al., 2020; Al Zoubi et al., 2019; Kragel,
Hariri & LaBar, 2022; Shim, Im, Kim & Lee, 2018; M. L. Elliott, Romer, Knodt
& Hariri, 2018), or through brain activity patterns (Stevens et al., 2021) captured
in non-invasive neuroimaging tools like EEG. Structural connectivity refers to the
anatomical organisation of different brain regions, and functional connectivity is defined
as the relationships developed between brain regions over time. The configuration of
structural connections formulates the functional connectivity within the brain (Stevens
et al., 2021).

The magnitude and direction of information flow between two or more connected
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brain regions (Ewald, Avarvand & Nolte, 2013; Nolte et al., 2008) lead to pattern devel-
opment over time which is the basis for understanding functional behaviours in the brain.
These patterns and alterations are visible in structural and/or functional connectivities
within and between the brain regions of affected individuals (de Kwaasteniet et al., 2013;
Du et al., 2018). Irregularities in information processing disrupt cognitive functioning
(Warren, Pringle & Harmer, 2015; Roiser & Sahakian, 2017; R. Elliott, Zahn, Deakin &
Anderson, 2011) and alterations in the functional connectivity (Thibodeau, Jorgensen &
Kim, 2006; Ahmadlou, Adeli & Adeli, 2012) are reported as prominent symptoms of
any brain disorder. Analysis of information flow through inter- and intra-hemispheric
connections and long- and short-range communications in significant brain regions are
of great significance in psychology for the clinical diagnosis and treatments (Thibodeau
et al., 2006; Giintiirkiin, Strockens & Ocklenburg, 2020).

SNNs to produce temporal-based feature extraction are still under exploration for
the classification of EEG signals (Khosla, Khandnor & Chand, 2021). There is no
efficient design of an SNN framework that has explored these traditional approaches of
information flow through inter- and intra-hemispheric connections and long- and short-
range communications from raw EEG signals. This integration of Al, neuroscience,
and psychology can provide a way to identify biomarkers that can be used in clinical
settings for the purposes of screening, diagnosis, treatment selection, and monitoring.

In this thesis, a novel deep SNN architecture for the classification of spatiotemporal
data is proposed. This research evolved through various phases of testing and validating
the architectures. First, the capability of spiking neurons and STDP with supervised
learning for depression detection was explored. Next, a 2-layered temporal-based
architecture applied to music EEG signals was proposed. After the successful validation
of the model, the focus was to apply this novel architecture to design an efficient SNN
framework for EEG classification. So, the best way of enabling the flow of input from

EEG signals into the SNN model was identified, and potential brain regions indicative
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of depression were detected. Finally, a deep SNN framework with hierarchical feature

extraction using hand-crafted spike-based binary filters is proposed.

1.4 Research Questions

We hypothesise that the input patterns in the spatiotemporal data will be learned effect-
ively if analysed using an SNN framework that is capable of capturing spatiotemporal
relationships through spiking neurons. Taking this hypothesis as a frame of reference,

the following research questions are formulated to support the hypothesis.

RQ 1. How can brain-based sequential EEG signals be classified using a brain-inspired

computational model?

(i) How can unsupervised learning in SNNs be combined with supervised

learning to classify spatiotemporal brain data?

(i1)) How capable are spiking neurons of identifying unique patterns to distin-

guish healthy and depressed people?

To answer this research question, brain-inspired SNN Neucube architecture was
utilised to discriminate between healthy and depressed people. This computa-
tional model was trained using unsupervised and supervised learning algorithms.
The study was further extended to visualise the functional connectivity between
different brain regions to identify depression biomarkers, i.e., the unique patterns.
SNN outperformed MLP (Multilayer Perceptron Model) and LSTM networks;
hence, the results obtained from answering this research question became this
research study’s foundation (benchmark). In the following research questions,

this thesis aimed at improving SNNs’ performance for depression detection.
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RQ 2. Will spiking neurons encode enough rhythmical features in the spike train from

RQ 3.

EEG signals to categorise different groups of subjects?

(i) How to recognise spike patterns in the spike train from music signals to

categorise different groups?

(i1)) How can the rate and temporal coding techniques be leveraged to build
a computationally efficient SNN 1in classifying and recognising musical

instruments?

A novel 2-layered deep spiking neural network was proposed and trained using an
unsupervised learning algorithm to answer this research question. Two temporal
metrics were derived from the spiking information and used as classification
criteria. Further, the spiking information obtained from the neurons was analysed
to observe the temporal patterns hidden in the rhythmical nature of spiking
neurons. This research question was answered in two parts: first, the architecture

was applied and tested on music signals, and later on, EEG signals.

How to design an SNN framework to produce temporal-based feature extraction

for classifying spatiotemporal data such as EEG signals?

(1) Can the temporal neural coding techniques applied in SNN architecture

classify complex EEG datasets?

(11)) How effectively can the temporal-based SNN architecture classify EEG

signals when combined with the traditional methods of psychology?

To answer this research question, the proposed SNN architecture was applied to
different datasets for EEG classification — Figshare and PREDICT. The traditional
methods for depression detection in psychology were studied. The best strategy

of information flow from EEG signals into SNN was examined by studying the
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RQ 4.

various functional connectivity patterns between brain regions. This best strategy
is chosen by comparing the classification results from four input configurations
— brain asymmetry, grouped clusters of EEG channels, and short- and long-
distant communications. After identifying the input strategy, different brain
regions were investigated to recognise potential brain areas of depression. The
main objective here is to see if SNNs can be combined with the traditional
methods of psychology by understanding which EEG channels (or brain regions)
are more indicative of depression. Concluding about the feature engineering
process involving transformation, combination, or compression is not the primary

objective.

How far can we go in building deep SNN so that sufficient information is trans-

mitted to make the neurons fire in the next layer?

(i) What filters can be applied on the spike train to build another layer of spiking

neurons by extracting spike-based features?

Our objective was to build a deep SNN using filters for extracting spike-based
features from the spike trains. So, for this question, we were looking for a
methodology/concept to build this deep architecture, and hence we have used
the word “How”. To answer this research question, spike-based filters have
been proposed using the hybrid mechanisms of neural coding schemes — rate
and temporal coding. A novel deep SNN framework with hierarchical feature
representation has been presented. The convolution and pooling operations at each
layer resulted in unique patterns which might aid the classification performance.
Also, all the processes designed in this architecture aimed to exploit the capability

of spiking neurons.
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1.5 Hypotheses

H1.

H?2.

H 3.

Depression is a system-level disease related to the dysfunction of neuronal net-
work activity across multiple brain areas. Having seen the spatiotemporal prop-
erties of both — EEG and SNN, it was decided to employ SNN to perform
EEG-based classification tasks for distinguishing depression. It is hypothesised
that EEG data being spatial-temporal in nature, if analysed considering both spa-
tial and temporal aspects using an SNN, healthy and depressed individuals could
be separated and provide better interpretability of EEG signals (brain activity).
This hypothesis relates to the first research question. This hypothesis is tested,

and the results are presented in Chapter 3.

Spiking neurons containing valuable temporal data can encode the rhythmic
behaviour of EEG signals. To test this hypothesis, it was decided to conduct pre-
liminary experiments with a simple dataset — music signals, i.e., violin and piano
instrument recognition. The neuronal firing in the hidden layer was analysed to
detect rhythmic patterns in response to different stimuli — musical instruments.
The firing times and the membrane potential leading to an action potential in a
spiking neuron contain a hidden temporal pattern which may boost the classi-
fication performance. This study has implemented similarity metrics based on
the properties of the output neuron for making classification decisions. If the
proposed SNN architecture can encode the rhythmic nature of music signals, it
will perform well for EEG classification as well. The second research question is
related to this hypothesis. The experiments and results to support this hypothesis

are described in Chapters 4 and 5.

Changes in the brain are expected to be reflected in bioelectrical activity. Mining

the EEG signals would extract the variations in the physiology of the brain. To
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H 4.

this end, the functional abnormalities in the frontal-limbic network, the inter-
hemispheric difference of EEG channels, and short- and long-distance commu-
nications between brain regions could, it is believed, display different states and
behaviours. Utilising the EEG signals in an efficient way could produce distin-
guishing temporal patterns separating both groups. This hypothesis was explored

to answer the third research in Chapter 5.

Neural networks learn features from the input data. Applying filters at differ-
ent layers in SNN will produce better feature representations of the input data.
With this end in mind, we have proposed spike-based binary filters convolved
with spike trains have been proposed. This hypothesis is related to the fourth
research question. A novel deep, pure SNN-based architectural framework with

convolution and pooling operations is proposed in Chapter 6.

1.6 Design of the Research

Since the focus is on developing a novel SNN architecture, this research incorporated

the ‘Design Science’ research methodology (Carstensen & Bernhard, 2019).

This research was designed in the following phases as summarised below and further

distributed across different chapters described in detail in Section 1.7:

1. Phase 1: The NeuCube (N. K. Kasabov, 2014) architecture was compared with

MLP and LSTM for classifying the EEG signals. Further, this architecture was
employed to extract patterns from SNN for depression detection as described
in Chapter 3. The extracted patterns helped develop a deeper understanding of

depression using EEG signals.

2. Phase 2: Based on the results and patterns in the first phase, a two-layer SNN
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feedforward architecture was further developed to analyse the effect and import-
ance of using temporal information of spiking neurons in classification decisions.
A novel temporal-based SNN architecture for music instrument recognition is

proposed in Chapter 4.

3. Phase 3: After the successful implementation and better classification perform-
ance of the proposed architecture in phase 2, the next phase was to test its
effectiveness on complex EEG signals. In this phase, two different public datasets
for depression detection were used. An end-to-end Al framework that can be

applied in clinical management is also proposed in Chapter 5.

4. Phase 4: Based on the findings of these earlier phases, a methodology to design
filters to build a deep SNN by extracting spike-based features from the spiking

information is finally proposed in Chapter 6.

1.7 Thesis Outline

NeuCube, a brain-inspired framework, is the main foundation for the developed methods
in this thesis. This section provides the entire thesis structure.

Chapter 1 discusses some fundamental background, motivation, research questions,
hypothesis, and contributions of this Ph.D. study.

Chapter 2 briefly reviews various machine and deep learning techniques employed
for depression detection, different learning techniques and neuron models for SNN, the
significance of rate- and temporal-based metrics, and the design of the binary spike-
based filters. This chapter discusses the background of various fundamental elements
of this research.

Chapter 3 introduces the NeuCube (N. K. Kasabov, 2014) computational archi-

tecture and introduces the methodology of integrating it with EEG data for depression
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detection. The NeuCube framework enabled a better understanding of depression
than existing DL techniques through the temporal patterns developed by unsupervised
and supervised learning techniques. This chapter covers hypothesis H1 and research
question RQI.

Chapter 4 investigates the rate- and temporal-based coding techniques for informa-
tion representation in SNN. A novel temporal-based SNN architecture is proposed here
for recognising event-based data: musical instrument recognition. This chapter covers
hypothesis H2 and research question RQ2.

Chapter 5 validates the effectiveness of the proposed architecture on EEG data-
sets for depression detection. An end-to-end SNN design is proposed for depression
detection by exploring different information flow strategies from EEG signals into
the proposed SNN architecture and identifying prominent brain regions. This chapter
covers hypotheses H2 and H3 and research question RQ3.

Chapter 6 gives an overview of CNNs and existing spiking-based convolutional
NNs. This chapter presents a new architectural model to build a deep spiking neural-
based architecture inspired by CNN-SNN architecture. Hand-crafted filters are proposed
for spike-based feature extraction. This chapter covers hypothesis H4 and research
question RQ4.

Chapter 7 summarises the thesis achievements, key findings, and contributions.

Future directions are also suggested.



Chapter 2

Literature Review

This chapter presents a review of the existing literature in the following order:

1. The first section discusses the different architectures and methods applied to build
a deep SNN along with their applications, particularly deep spiking convolutional

neural networks.

2. The second section discusses the various ML and DL architectures and the
prominent brain regions and features identified for depression detection using

EEG signals.

2.1 Introduction

The brain processes information at various layers, i.e., it has a layered organisation.
This can be explained through the following concept of visual recognition. The visual
image processing steps conducted by the brain explain this layered functionality of the
brain (Hubel & Wiesel, 1959, 1962). The receptive field of each vision cell gets turned
on when light hits the retina. Through the cornea and the lens, the vision becomes

clearer as the light passes by, and this information is passed to the primary visual cortex.

46
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The interpretation of the stimuli (the image we see through our eyes) begins when we
understand the shape, colour, structure, orientation, etc. of the object. In other words,
visual signals are the inputs to three fundamental information processing systems. The
first system recognises the shape, the second system identifies the colour, and the third
one processes movement, location, and structural organisation. The brain processes
these pieces of information at different layers at high speed in a unified manner to
enable human perception and object recognition.

Based on this understanding, artificial neural networks profoundly inspired by the
organisation of the human brain’s networks have various layers to extract features
from the input (stimuli), process them, and finally use them to recognise the input
(K. Fukushima & Miyake, 1982; GI, 1989; LeCun et al., 1989; Riesenhuber & Poggio,
1999; Cao, Grossberg & Markowitz, 2011; Grossberg, Markowitz & Cao, 2011). In
other words, a huge network of rate-coded neurons is stacked with full connectivity to
create very deep structures called deep neural networks (DNNs). A neural network is
said to be a DNN if it consists of atleast two hidden layers. One variant of DNNSs is
the convolutional neural network. Their architectural design is inspired by the object
recognition principles in the human brain. Leveraging the convolutional and pooling
layers into their architectures, CNNs have proved their potential largely in vision-based
models.

Although DNNs have achieved great success in various domains in the past decade,
they are resource intensive in terms of immense computational cost, huge data require-
ments, and high energy consumption. Additionally, they still lag behind the biological
neural networks in terms of information processing capability and energy efficiency.

One promising solution to these challenges is the use of SNNs. SNNs were de-
veloped with the aim of integrating the principles of neuroscience and machine learning.
They are computationally efficient and biologically modeled as compared to deep neural

network architectures. The information processing is faster because the spiking neurons
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perform event-driven (spike-based) computations, i.e., they can adopt the sparsity found
in biological neural networks as well as being compatible with temporal information.

This makes them more like the real neurons in the human brain (Maass, 1997b).

2.2 Deep Spiking Neural Networks

The neural computations, learning rules, and the capability to embrace sparsity and
process temporal information make SNNs an effective solution to overcome the bot-
tlenecks of ANNs and also process spatiotemporal data. However, training SNNs is
difficult because of the complex dynamics of spiking neuron models and as the neuronal
activation function is non-differentiable. For these reasons, SNNs are behind ANNSs in
terms of performance. A comparison of the properties of biological neural networks,

ANNSs, and SNNss is presented in Table 2.1 (Yamazaki et al., 2022).

Table 2.1: Comparison between biological neural networks, ANNs, and
SNNs (Yamazaki et al., 2022)

Properties Biological NNs ANNSs SNNs

Information Representa- Spikes Scalars Spikes
tion and Processing

Learning Mechanism Synaptic Plasticity Backpropagation Synaptic Plasticity and
Backpropagation

ANNSs have witnessed great success in classification performance as they can use
stochastic gradient descent and backpropagation techniques to train the neural nets.
Since the information processed in SNNs is discrete in nature, SNNs do not have
efficient training methods to achieve high classification performance. The prominent
learning mechanisms in SNN could be categorised into three categories, as discussed

below.
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2.2.1 Spike-based Backpropagation

Supervised learning using gradient descent and backpropagation (Bohte, Kok & La Poutré,
2000; J. H. Lee et al., 2016, 2016; Stromatias, Soto, Serrano-Gotarredona & Linares-
Barranco, 2017; Neftci, Augustine, Paul & Detorakis, 2017; Wu, Deng, Li, Zhu & Shi,
2018; Jin, Zhang & Li, 2018) have been used to increase the performance of SNNs.
These methods usually work around the firing times (Bohte et al., 2000; Sporea &
Griining, 2013) and membrane potential (Zenke & Ganguli, 2018; O’Connor, Neil, Liu,

Delbruck & Pfeiffer, 2013) to derive the derivatives for computing error functions.

2.2.2 STDP-based Learning

STDP and variants of STDP like reward-based STDP, STDP with backpropagation,
and anti-Hebbian STDP are widely used to train SNNs based on the temporal order of
pre-and post-synaptic neurons (Tavanaei & Maida, 2017; Tavanaei, Kirby & Maida,
2018; Tavanaei & Maida, 2019; Kheradpisheh, Ganjtabesh, Thorpe & Masquelier, 2018;
Thiele, Bichler & Dupret, 2018; Howard, Gale, Bull, de Lacy Costello & Adamatzky,
2012).

2.2.3 ANN-SNN Conversion

CNN-SNN conversion or ANN-SNN conversion (Cao & Grossberg, 2012) techniques
have attracted much research. The real-valued activities from ANNs are transmitted to
SNNs as binary-valued spikes through various approximation and conversion techniques.
Alternatively, transferring the learned weights and biases from ANNs to SNNs produces
comparable performance in SNNs.

A detailed review of the different architectures employing one or more of the above
methods to increase the classification performance of SNNs performance is presented

below.
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2.2.4 Review of Deep SNN architectures

Pérez-Carrasco et al. (2013) in (Pérez-Carrasco et al., 2013) came up with early work
of conversion from a trained neural network to an event-based characterisation. This
paper describes the mathematical process of converting an analog calculation to an
event-driven neuron. Taking inspiration from this study, Cao, Chen, and Khosla (2015)
in (Cao, Chen & Khosla, 2015) proposed the unique approach of using the learned
weights from the CNN model in the SNN network. The SNN and CNN structure (10
layers deep) were organised in a similar fashion. Rectified linear unit (ReLu) activation
function was used to train the CNN, whereas the LIF neuron was used in the SNN. This
architecture achieved high accuracy on CIFAR-10 and Defense Advanced Research
Projects Agency (DARPA) Neovision Tower datasets. One of the key findings of this
research was to remove all the negative values in the inputs and between layers and
also remove the biases from all layers of the CNN. Although there has been success
with advances in the CNN-SNN conversion, CNNSs are still unbeatable due to the error
approximation step in the conversion process. This approximation is introduced as
spiking neurons process discrete values, whereas the analog neurons process continuous
values. The main motivation behind all the studies related to ANN-SNN conversion is
to develop techniques for the reduction of approximation error.

Sparse firing in SNN can lead to performance loss as there is less information in the
network to distinguish inputs. Hence, (Diehl et al., 2015) presented optimisation tech-
niques to maximise the performance in the conversion process. This study thoroughly
analyzed the network for different settings of the firing rate and threshold during the
conversion. They proposed a weight normalisation technique where the weights are
normalised based on the maximum possible activation and the maximum input to pro-
duce a single spike. This architecture could stabilise the behaviour of spiking neurons,

reducing the approximation error on the Modified National Institute of Standards and



Chapter 2. Literature Review 51

Technology (MNIST) dataset (Deng, 2012).

(Rueckauer, Lungu, Hu, Pfeiffer & Liu, 2017) proposed a deep CNN equivalent
deep SNN by extending deep SNN to incorporate the implementation of max-pooling
layers, softmax optimisation, neuron biases, and batch normalisation. The equation of
the spiking neuron model was modified to develop a direct relationship between the
artificial neuron’s activation function and the spiking neuron’s firing rate. They have
described a methodology for converting the Inception-V3 network to a precise SNN
implementation, improvised the weight normalisation technique, and finally built an
open-source ANN-SNN conversion tool.

In the previous studies, the threshold of spiking neurons was adapted based on
the maximum activation of CNN. However, (Sengupta, Ye, Wang, Liu & Roy, 2019)
proposed a novel algorithm, SPIKE-NORM, in which the threshold is related to the max-
imum input of each layer in the converted SNN. This architecture was thoroughly tested
on ImageNet and CIFAR-10 datasets and was successful in reducing the classification
accuracy loss.

With an objective of utilising rich temporal information classifying a visual scene,
(Sironi, Brambilla, Bourdis, Lagorce & Benosman, 2018; Lagorce, Orchard, Galluppi,
Shi & Benosman, 2016) proposed a unique event-driven hierarchical architecture.
Spatiotemporal features are extracted from the event-based data to build an event-based
context, and then exponential kernels are applied to them. This creates time surfaces,
1.e., the first layer is derived from the group of pixels and then constitutes the input to
the next layer. The central theme of this study was to utilise temporal information to
understand the temporal activity within the local spatial region.

Utilising the learned synaptic weights from ANN to SNN conversion has proven
to be a good approach to achieving better classification accuracy for deep SNN archi-
tectures. However, all the state-of-the-art architectures use a rate coding scheme, i.e.,

Poisson distributed rate, to produce the spikes within a certain limit. With the aim
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of producing more information, the classification latency of the network increases as
the architecture goes deeper. Thus, (Kim, Kim, Huh, Lee & Choi, 2018) proposed a
novel algorithm with weighted spikes (SNN-WS) for image classification. The weights
here do not represent the synaptic weights. Instead of rate coding, the authors have
employed a phase coding scheme in which spikes are attached to different weights
based on the phases. The inclusion of the weight factor on the spikes added more
information to the network, which overall increased neuronal activity. However, phase
coding produced more noise in the network, and also the conventional spiking neuron
model was modified to incorporate this design.

Most of the CNN-SNN conversion techniques have used rate coding to develop
an approximate relation between the activations of CNN and the spike rate of SNN.
However, to reduce the approximation error, either the firing rate of the neuron or the
stimulation duration of SNN should be increased to a level enough to excite the neurons
of all the layers. Hence, the computational cost of SNN increases. To overcome this
issue and the issue of noise caused by phase coding, (Rueckauer & Liu, 2018) exploited
the concept of temporal coding in the brain. They devised the architecture in such a
way that each neuron fires only once by developing a time inverse relation with the
activation of the CNN. Here, the output time spikes were computed as the inverse
of the activations of the CNN. This implementation was successful in increasing the
computational efficiency with decreased classification accuracy on the MNIST dataset.

The time-to-first spike coding decreased the computational cost as well as the
overall accuracy of the SNN. (R. Chen et al., 2018) introduced the concept of pruning to
maintain high computational efficiency with increased spatial information. The output
of the spiking neuron model was not just restricted to O or 1, but the LIF neuron was
formulated to output 1.5 or 2. Neurons with less membrane potential were pruned
in the first two phases as they could not produce sufficient spikes. Weak synaptic

connections were removed in the third phase as they cannot stimulate the neurons. This
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SNN implementation effectively reduced the computational cost and achieved high
classification accuracy.

This (S. Park, Kim, Choe & Yoon, 2019) is the first study to embed phase and
burst coding in the input and hidden layer. Motivated by the impact of burst spikes
on information transmission, the authors have analysed different spike patterns in the
spike trains and proposed a hybrid neural coding scheme. The threshold of spiking
neurons was dynamically adapted to produce sufficient firing in the higher layers of
the SNN. This architecture presented a successful proof-of-concept for incorporating
hybrid neural coding mechanisms to maintain accuracy, speed, and energy efficiency on
image classification tasks.

The information transfer in SNN occurs through the spikes. Over time, neurons
accumulate the membrane potential, and a spike is generated when the membrane
potential crosses the threshold. Neurons are stimulated by the input, which either
increases or decreases the membrane potential. In other words, membrane potential
and threshold evoke a neuron’s impulse. Membrane potential largely depends on the
weights of the network. Hence, when the input stimulation stops or when the weights
are very small, the accumulation of membrane potentials will stop or may tend to
decrease. As a result, there will no spikes, as the membrane potential will not cross the
threshold. This entire process will result in reduced neuron activities, leading to the loss
of information. To overcome this issue, (Y. Chen, Mai, Feng & Xiao, 2022) proposed
an adaptive threshold mechanism with 19 layers (CNN and CNN-SNN) to maintain a
balance between the network weights and the neurons’ threshold. The output (spike
rate) from the RELU activation function in CNN is provided as input to the LIF neuron
in SNN. The threshold of spiking neurons is dynamically adapted to the input data, and
the reason is to produce sufficient firing in the network. And this threshold adjustment
strategy generated enormous firing to excite the higher layers, achieving an accuracy of

93.93% on the CIFAR-10 dataset.
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The studies described so far imported the weights from CNN to SNN, or they
developed a relation between the analog signal of CNN and the firing rate of spiking
neurons. The architecture described in (Turkson, Qu, Mawuli & Eghan, 2021) performs
a classification of Alzheimer’s disease (AD) using a deep convolutional SNN. The MRI
scans are provided as input to an unsupervised SNN, and the output is then fed into
a supervised CNN model for predictions. Time-to-first coding is implemented in the
SNN to encode the MRI pixels into spike times. The synapses connecting the neurons
of SNN with excitatory and inhibitory neurons are adapted using STDP. Competitive
inhibition is enabled between the second and fourth layer allowing the network to learn
AD features from the scans. The output (spike trains) from the fourth layer is fed into
deep CNN for supervised classification.

Deep SNN with multiple convolutional and pooling layers, along with a temporal
coding scheme for object recognition, was proposed in this study (Kheradpisheh et
al., 2018). A Difference-of-Gaussians (DoGQG) filter was used to extract features from
the images in the MNIST database in the initial layers, the convolutional layers were
trained by STDP, and finally, only information related to time-to-first spike was fed
to a support vector machine (SVM) classifier securing 98.4% accuracy on MNIST.
To investigate how deep SNN can go for better performance, (Illing et al., 2019)
implemented SNN with one single hidden layer and a readout layer achieving 98.6%
test accuracy. Localized Gabor filters were used to assign weights (fixed) between the
input layer and the hidden layer. They used STDP and then applied the delta learning
rule to update the output layer weights.

This study (C. Lee, Srinivasan, Panda & Roy, 2018) proposed a hierarchical deep
convolution NN with unsupervised learning. The input layer was followed by a stack
of convolutional and spatial-pooling layers for feature extraction. The convolutional
kernels were trained layer-by-layer using STDP, which led the network to learn features

from the input. Thus, different patterns were developed for the samples of different
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groups. Furthermore, the feature maps produced after the pooling technique were fully
connected to the output layer. Competitive inhibition was incorporated at the output
layer to predict the pattern. A positive STDP rule is implemented at the final layer for
supervised learning. The output neuron rendered for a particular category is made to fire
by keeping its threshold at zero. The threshold is increased by a small amount every time
the neuron fires; this is how a pattern is produced for each input class. This architecture
was capable of achieving a classification accuracy of 91.1% on the MNIST dataset with
25488 trainable parameters. Also, on the CALTECH dataset, an accuracy of 97.6% was
attained with the same number of training parameters. This study successfully proved
the capability of STDP learning and competitive inhibition for classification tasks on
static datasets.

The study (Ke, Xing, Di Caterina, Petropoulakis & Soraghan, 2020) performed
hand gesture recognition using convolutional spiking neural networks. However, here
the convolutional kernels were applied on spike trains. The first layer consists of
LIF neurons which encode the input, followed by convolutional and pooling layers.
Finally, the output layer again consists of fully connected LIF neurons. Two datasets
(Strathclyde and CapgMyo) are used for experimentation, achieving a classification
accuracy of 98.76% and 98.21%, respectively. Additionally, this approach reduced data
processing time and training time.

Another application that exploited the capabilities of SNN is the field of video
analytics (Berlin & John, 2020). Spatial and temporal features are captured from pre-
trained models MobileNet (Ullah, Muhammad, Del Ser, Baik & de Albuquerque, 2018)
and PWC-NET (Sun, Yang, Liu & Kautz, 2018), respectively. The features are then
fed to SNN for classification purposes. Threshold adaption and lateral inhibition are
employed in SNN for the generation of unique patterns belonging to each input class.
The SNN classifier is trained using BP-based stochastic gradient descent (J. H. Lee et

al., 2016) on MDB51 and UCF101 datasets.
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Most of the studies described above used an average or cumulative number of spikes
as the output of the max-pooling method. Nevertheless, this particular research (D.-
A. Nguyen, Tran, Dang & Iacopi, 2020) proposed a novel max-pooling mechanism using
the neuronal membrane potential. The neurons with maximum membrane potential in
the pooling layer are allowed to propagate spikes to the next convolutional layer. The
threshold value determines the maximum membrane potential. The trained weights from
VGG16 nets were normalised using the approach mentioned earlier (Rueckauer & Liu,
2018). These weights were later incorporated into SNN with the same implementation
as described in (Rueckauer & Liu, 2018). This architecture was tested and validated
on MNIST and CIFARI10 datasets, reaching a classification accuracy of 99.38% and
92.1%, respectively.

The following limitations have been identified in deep SNN architectures:

1. Spike-based supervised learning and rate-based learning with gradient descent
and BP methods either ignore the temporal effect of the spike sequences or train

the model without taking the occurrences of spikes into account.

2. Gradient descent and BP methods are suitable for processing real-valued numbers

and are not biologically plausible.

3. ANN-SNN conversion techniques involve high computational costs by converting
and transmitting real-valued data in the form of spikes. Also, information is lost

using this conversion which results in sparse firing.

In summary, most deep SNNs have been implemented on static data, i.e., images.
Previous work has implemented the backpropagation technique by computing spike-
based or membrane potential based derivatives to build a deep SNN aiming for better
classification accuracy. STDP and the unsupervised learning rule have shown promising

results in early spatiotemporal pattern recognition and classification problems. The last
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three years have witnessed a huge growth in combining CNN with SNN and STDP
for classification tasks. The potential of spiking neurons, dynamic threshold adaption,
temporal coding, filters, STDP, and layered architecture have been the key components

in these existing studies and in driving the foundation and innovation of this thesis.

2.3 Depression Detection

This section provides a detailed overview of existing ML and DL architectures using
EEG datasets for depression recognition.

Firstly, there is a review of the clinical-based depression diagnosis followed by ML-
based techniques, which involve the application of different pre-processing techniques
to remove artifacts from the EEG signals before performing the classification task.
Next, the focus turns to the advantages of applying DL architectures for automatic
feature extraction. The main reason behind reviewing these articles was to develop
an understanding of the prominent brain regions and EEG channels for depression
recognition. Finally, the reasons for applying SNN to EEG-based classification tasks

are described.

2.3.1 Depression Detection using ML techniques

The diagnosis of depression is based mainly on an evaluation of the intensity of subject-
ive symptoms using clinical interviewing and psychiatric questionnaires. Detection of a
decline in brain physiology before the subjective symptoms appear is crucial for the
early detection of depression, enabling treatment that is more effective and improving
the quality of mental health. Any decline in the brain’s neuronal activity and in the men-
tal state is expected to be reflected in the brain’s bio-electrical activity. EEG is an easily
available, cost-effective technique, providing high temporal resolution for the evaluation

of the dynamics of the bio-electrical activity of the brain. It is a medical test used to
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measure the brain’s electrical activities and evaluate brain disorders. EEG features have
been successfully applied to the investigation of brain behaviour in various mental dis-
eases (Abdasolo, Escudero, Hornero, Gémez & Espino, 2008; Fingelkurts & Fingelkurts,
2015; Hinrikus et al., 2010; Knott, Mahoney, Kennedy & Evans, 2001; Leuchter, Cook,
Hunter, Cai & Horvath, 2012; Henriques & Davidson, 1991; Omel’Chenko & Zaika,
2002).

In (Mohammadi et al., 2015), electroencephalogram (EEG) signals are analysed at
the group and individual levels to differentiate patients with major depressive disorder
(MDD) and non-depressive healthy volunteers (HVs). The data was collected during
the eyes-open (EO) and eyes-closed (EC) states, and potential features were obtained.
Linear discriminant analysis (LDA) was used for feature reduction, a genetic algorithm
(GA) was applied for feature selection, a decision tree was implemented for classification
rules, and hidden patterns were derived. The authors extracted the various frequency
bands from the raw signals. The classification accuracy was examined when all the
frequency bands were used collectively with an ML classifier and also when individual
bands were fed into the classifier. With all frequency bands analysed together, the
model showed average classification accuracy (MDD vs. HV) of 80%. A sample of 53
adults with a primary diagnosis of MDD and 43 age-matched HV adults participated in
this study. MDD diagnoses were psychiatrist-confirmed using the Structured Clinical
Interview for DSM. The Montgomery-Asberg Depression Rating Scale (MADRS) was
used to assess symptom severity, and patients with scores greater or equal to 22 were
considered as moderately depressed.

EEG recordings were obtained during three min vigilance-controlled EC and 3
min EO resting conditions (counter-balanced). EEG was recorded (sampling rate 500
Hz) with reference to the activity from electronically linked mastoids and using a cap
system with 28 Ag/AgCl scalp electrodes (EasyCap, Herrsching-Breitbrunn, Germany)

positioned on the scalp according to the 10-10 system. EEG data were processed
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offline using BrainVision Analyzer Software (BrainVision, Richardson, TX, USA).
Signals were referenced with electronically linked mastoid electrodes (TP9/10) or a
scalp vertex (Cz) electrode to yield two data sets for each of the EC and EO recordings
(Mohammadi et al., 2015). For both referenced recordings, signals were filtered (0.1-30
Hz), ocular corrected, and segmented into 2s epochs (50% overlap). A fast Fourier
transform (FFT) algorithm (Hanning window with 5% cosine taper) for computation
(uV2) of both absolute and log-transformed power in delta (1-4 Hz), theta (4-8 Hz),
alpha-lower (8—10.5 Hz), alpha-band (10.5-13 Hz), alpha total (8—13 Hz) and beta
(13-30 Hz) frequency bands were applied to the raw EEG signals. Frequency bands
for each of the 28 electrodes were obtained — Fpl, Fp2, F3, F4, C3, C4, P3, P4, O1,
02, F7, F8, T7, T8, P7, P8, Fz, Cz, Pz, Oz, Fcl, Fc2, Cpl, Cp2, Fc5, Fc6, Cps,
Cp6. Accuracy was between 40-66%, and specificity ranged between 0-54% for all
individual frequency bands except the delta band. The accuracies were increased when
LDA and GA were used for feature reduction and selection, respectively. Accuracy
was as high as 88% for the delta band when used with GA and LDA. Delta was the
exceptional individual band classifier when analysed during EO. Modest accuracy and
sensitivity rates (64 %) were observed with EC and EO alpha band analysis using all
candidate features. However, GA and LDA feature extraction processes increased the
EC alpha classifier’s sensitivity, positive predictive values (PPV), negative predictive
values (NPV), and accuracy rates to 94, 83, 90, and 86%, respectively. For the test set,
the accuracy of the model fluctuated between 70% and 80%. Individual bands resulted
in relatively high classification errors, regardless of whether or not the complexity and
redundancy of signal features were reduced by the genetic algorithm. Group-level
comparison studies showed activity of alpha and, to a lesser extent, delta oscillations to
distinguish depressed and HV samples. Given the questionable reliability of diagnoses
based on clinical symptoms, this quantitative methodology may be a useful adjunctive

clinical decision support for identifying depression, and it supports independent studies
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confirming the potential clinical utility of the computer-aided diagnosis of depression
using EEG signals.

Studies showed that patients with depression have hemispheric asymmetry in their
brain signals compared to non-depressed subjects (Davidson, 1998; Gotlib, 1998;
Henriques & Davidson, 1991). A preliminary study by Nandrino and team (Nandrino
et al., 1994) shows that the decrease in complexity of brain functioning in patients
with depression is a sign of a lower level of interaction with the environment. Pezard
and team (Pezard et al., 1996) confirmed and extended the conclusion presented in
(Nandrino et al., 1994). Their study showed that patients differ significantly in their
dynamic response to therapeutic interventions during first and recurrent episodes.

In (Deslandes et al., 2008), the authors assessed the differences in EEG signal
asymmetry of depressed and normal elderly subjects and observed the connections
between depressive symptom measures and quality of life. They reported that the EEG
signal asymmetry at the alpha band in clinically depressed elderly adults is similar to
that of younger depressed subjects compared to normal subjects.

The resting frontal EEG alpha asymmetry is reliably assessed in clinically depressed
patients; thus, it serves as a trait marker of risk for depression and other emotion-related
psychopathologies (Allen, Urry, Hitt & Coan, 2004). This study (Debener et al., 2000)
explained the relationship between alpha EEG asymmetry and depression in patients on
two separate occasions between two and four weeks apart. Their results show that the
increased variability of anterior EEG asymmetry can be used as a characteristic feature
or marker for depression detection from EEG signals. Authors (Stewart, Bismark,
Towers, Coan & Allen, 2010) used resting frontal EEG asymmetry as a marker of
depression and showed that it is predominant in women.

A study (Davidson, 1992) suggested that pronounced corresponding right anterior
EEG activity acted as an indicator for the evolution of depression and anxiety problems.

It was investigated and proved by experimental results that anterior and posterior EEG
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asymmetry patterns predicted the future occurrence of depression symptoms (Blackhart,
Minnix & Kline, 2006). The study predicted that those with comparatively lower right
posterior EEG activity might complain about higher depressive symptoms after a year
(Blackhart et al., 2006). In contrast, particularly the frontal asymmetry of EEG alpha
power indicated the risk for depression (Smit, Posthuma, Boomsma & De Geus, 2007).
The complex, nonlinear, and non-stationary EEG signals are very tedious to interpret
visually, and it is difficult to extract their significant features. The linear and nonlinear
methods effectively identify the changes in EEG signals to detect depression.

A number of EEG studies based on linear methods found frontal asymmetry
(Fingelkurts et al., 2006; losifescu et al., 2009; Salustri et al., 2007; Stewart, Towers,
Coan & Allen, 2011) but reported different results in depressed patients. A bilateral
increase in the frontal lobe alpha band activity (Grin-Yatsenko, Baas, Ponomarev &
Kropotov, 2010), an increase in the frontal beta band activity, and a reduction in the slow
wave activity during sleep (Nissen et al., 2001, 2006) are results observed by different
researchers. Knott et al. (Knott et al., 2001) suggested the EEG power as a useful
tool for investigating brain regional mechanisms in depressed patients. They reported
that EEG measurements (amplitude, frequency, and power) obtained using linear meth-
ods in depressed patients appeared to describe a pattern of aberrant inter-hemispheric
asymmetry and a profile of frontal activation.

Linear methods do not exhibit complex dynamical variations in the EEG signals.
Hence, chaos theory and nonlinear dynamic methods are widely used in extracting
the EEG signal features for computer-aided diagnosis (CAD) of depression. The
section below presents the recent efforts on the computer-aided diagnosis of depression
using EEG signals, focusing on nonlinear methods. In other words, during past years,
theoretical and experimental studies of the brain have shown that nonlinear dynamical
processes best characterise this system. The brain’s nonlinearity limits linear analysis’s

ability to fully describe the underlying brain dynamics for studying mental disorders
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(Stam, 2005).

In (Faust, Ang, Puthankattil & Joseph, 2014), the authors examined EEG indicating
discriminant features that represent the mental state of patients with depression by
combining a feature extraction process, i.e., wavelet packet decomposition (WPD)
and non-linear algorithms. WPD (linear method) was used to select appropriate EEG
frequency bands. The resulting signals were processed with the non-linear measures
of approximate entropy (ApEn), sample entropy (SampEn), renyi entropy (REN), and
bispectral phase entropy (Ph). The features were selected using the t-test, and only
discriminative features were fed to various classifiers, namely a probabilistic neural
network (PNN), support vector machine (SVM), decision tree (DT), k-nearest neighbor
algorithm (KNN), naive bayes classification (NBC), Gaussian mixture model (GMM)
and Fuzzy Sugeno Classifier (FSC). Their classification results show that, with a
classification accuracy of 99.5%, the PNN classifier performed better than the rest of
the classifiers in discriminating between normal and depressed EEG signals. Bipolar
EEG recordings were done from locations FP1-T3 (left half) and FP2-T4 (right half)
of the brain in a resting state. Each recording lasted five minutes with a sampling rate
of 256 Hz. The resulting signals were notch filtered at 50 Hz to remove the power
line interference. An expert removed eye and muscle movement artifacts during visual
inspection. First, WPD was carried out to extract an appropriate sub-band from the
EEG signal. In the second step, the resulting sub-band signals were used as input for
non-linear feature extraction algorithms (various entropies).

It was found that right-side EEG signals give a low p-value for the AA2 band.
Similarly, low p-values were achieved with ApEn on both AA2 and DD2 bands. The
DD2 band was also used to extract a feature value with the REN method. For the left
side, it was found that SampEn on AA2, REN on DA2 and DD2, and ApEn on DD2 give
low p-values. This result supports the hypothesis that EEG signals from the right and

left sides of the brain are not the same. Further analysis of the measurements revealed
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that the information content, as measured by Ph, ApEn, and SampEn, in the EEG signals
from clinically depressed patients, is significantly lower compared to the normal control
group. Signals from the right part of the human brain discriminate the depressed from
the normal subjects much more efficiently. The fact that the information in the EEG
signals is reduced for depressed subjects aligns with general diagnostic practices. The
ability of a depressed subject to master tasks that require a high information content of
the EEG signals is reduced. This shows diminished cognitive functioning.

Authors (Hosseinifard, Moradi & Rostami, 2013) have studied nonlinear analysis of
EEG signals for discriminating depression patients and normal controls. For diagnosing
depression symptoms and illness severity, two criteria were considered: a DSM-IV
interview resulting in a diagnosis of depression and a Beck Depression Inventory (BDI)
score greater than or equal to 10. Forty-five unmedicated depressed patients and 45
normal subjects participated in this study. The power of four EEG bands — delta,
theta, alpha, and beta (frequency and linear features) — and four nonlinear features,
namely detrended fluctuation analysis (DFA), Higuchi fractal, correlation dimension,
and Lyapunov exponent, were extracted from the EEG signal (13 channels). KNN, linear
discriminant analysis, and logistic regression as the classifiers were used to discriminate
the two groups. A classification accuracy of 90% was achieved by all nonlinear features
and a logistic regression (LR) classifier. A genetic algorithm was employed in all
experiments to select the most important features. This study shows that a nonlinear
analysis of EEG can be a useful method for discriminating between depressed patients
and normal subjects. It is suggested that this analysis may be a complementary tool to
help psychiatrists diagnose depressed patients. The data cleaning process is followed
by a feature extraction step using linear/non-linear methods, a feature selection using
a genetic method, and the classification step using LDA, LR, KNN, SVM with the
non-linear kernel, and naive Bayes. LDA, LR, and KNN performed better. The highest

accuracy, 73.3%, was achieved when alpha power was applied to the classifiers as the
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input. The alpha power band of five electrodes in the left hemisphere (C3, P3, O1,
F7, T3) and one electrode in the right hemisphere (O2) differ significantly between
depressed patients and normal controls. Individual non-linear features show that the
correlation dimension has achieved the highest accuracy among all features, 83.3%
when used as the input for the LR classifier. Finally, about nine features are selected
by GA in each classifier when 19 features are used as input. Accuracy has the lowest
value when the Lyapunov exponent is used as the input to the classifiers. LDA and
LR classifiers have better accuracy in all features than the KNN classifier. The best
accuracy, 90%, is achieved when all nonlinear features are used as input to the LR
classifier. The best accuracy is obtained by LR and LDA classifiers and all power bands
as the input of classifiers. The highest accuracy of all power bands is 76.6% in LR and
LDA classifiers. The accuracy of the three classifiers is higher for all nonlinear features
as the input compared to power band features.

In this study (Henriques & Davidson, 1991), Henriques and Davidson reported
that the left hemisphere of depressed patients had higher alpha power than the left
hemisphere of normal subjects. Also, this study showed alpha power was higher in the
left hemisphere of depressed patients than in the right hemisphere of this group. Knott
et al. (Knott et al., 2001) reported an accuracy of 91.3% in classifying 70 depressed
patients and 23 normal subjects using linear features such as relative power and absolute
power.

Spyrou, Frantzidis, Bratsas, Antoniou, and Bamidis (2016) used Random Forest
(RF), random tree, multilayer perceptron (MPL Network), and SVM (Spyrou, Frantzidis,
Bratsas, Antoniou & Bamidis, 2016) to identify 34 participants suffering from both
cognitive impairment and geriatric depression (mean age 69.81) and 32 control subjects
(mean age 70.33) using synchronisation and oscillatory features. Results indicated
that RF gained the highest accuracy (95.5%). X. Li, Hu, Sun, and Cai (2016) (X. Li,

Hu, Sun & Cai, 2016) sought the prominent frequency band and brain regions that are
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most related to mild depression, as well as an optimal combination of classification
algorithms and feature selection methods that can be used in future mild depression
detection.

An experiment based on a facial expression viewing task (Emo_block and Neu_block)
was conducted, and EEG data of 37 university students were collected using a 128-
channel HydroCel Geodesic Sensor Net (HCGSN). Emo_block is a process where
brain data is recorded when subjects are presented with pictures with facial expressions
such as sadness, fear, anger, and happiness, while Neu_block process presents pic-
tures with neural face images. For discriminating mild depressive patients and normal
controls, BayesNet (BN), SVM, LR, KNN, and RF classifiers were used. BestFirst
(BF), GreedyStepwise (GSW), GeneticSearch (GS), LinearForwordSelection (LFS),
and RankSearch (RS) based on Correlation Features Selection (CFS) were applied for
linear and non-linear EEG features selection. Independent samples t-test with Bonfer-
roni correction was used to find the significantly discriminant electrodes and features.
Accuracies were 92% and 98%, and AUC achieved 0.957 and 0.997 for the Emo_block
and Neu_block beta band data, respectively, using GSW based on CFS and KNN for
the beta frequency band. A simplified EEG system with only FP1, FP2, F3, O2, and T3
electrodes was also explored with linear features, which yielded accuracies of 91.70%
and 96.00%, AUC of 0.952 and 0.972, for Emo_block and Neu_block respectively. In
the spatial distribution of features, it was found that the left parietal-temporal lobe in the
beta EEG frequency band has a greater effect on mild depression detection. Also, fewer
EEG channels (FP1, FP2, F3, 02, and T3) combined with linear features may be good
candidates for using portable systems for mild depression detection. The BDI scores ran-
ging from 0 to 13 and 14 to 28 corresponded to healthy and mildly depressed individuals.
The total number of subjects was 20 (balanced classes). The stimuli consisted of 60

facial expression images selected from the Chinese Facial Affective Picture System
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(CFAPS), which in total has 870 representative facial expression pictures of seven emo-
tion types, including 74 anger faces, 47 disgust faces, 64 fear faces, 95 sadness faces,
120 surprise faces, 248 happiness faces, and 222 neutral facial expressions. So, the 15
negative pictures used were randomly selected from anger, disgust, fear, and sadness.
16 electrodes (Fpl, Fp2, F3, F4, F7, F8, C3, C4, T3, T4, P3, P4, T5, T6, O1, O2) were
chosen in reference to Cz, according to the standard international 10/20 system. Linear
features and non-linear features were extracted from the raw EEG signals. In all, there
were 17 EEG features for 16 electrodes for three frequency bands (alpha, theta, beta).
SVM with linear kernel outperformed SVM with RBF kernel and polynomial kernel.
Statistical tests showed the linear features had a greater effect in discriminating between
mild depressive and normal groups than the non-linear features. This has also been
confirmed in previous studies. On statistical analysis, it was observed that Emo_block
showed the left frontal lobe (FP1, F3), left temporal lobe (T3), right frontal lobe (FP2),
and right occipital lobe (02) as the prominent brain regions. For Neu_block, significant
brain regions are the left frontal lobe (FP1, F3), left parietal-temporal lobe (P3, T3),
right frontal lobe (FP2), right occipital lobe (02), and right temporal lobe (T4). Li et
al. (X. Li, Hu, Xu, Shen & Ratcliffe, 2015) have demonstrated that a mildly depressed
group exhibited higher activation in the temporal lobe of the beta band. Koo et al.
(Koo, Berger, Bartz, Wybitul & Hoppner, 2015) indicated that, compared to the healthy
controls, depressive patients had increased beta band power mainly in frontal, central,
and centroparietal regions, often found to have symptoms like trouble falling asleep
and inner restlessness in MDD patients. To have fewer electrodes to ease the process
of data collection from large populations, in the next experiment, these authors chose
five common electrodes from Emo_block and Neu_block — FP1, FP2, FP3, O2, and T3.
Extracting linear features and using the KNN classifier, they achieved an accuracy of
91.70% and 96.00%, respectively.

Authors (Bachmann et al., 2018) compared various single-channel EEG signals
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against each other for the detection of depression using linear and non-linear analysis
— spectral asymmetry index, alpha power variability, and relative gamma power and
nonlinear methods such as Higuchi’s fractal dimension, detrended fluctuation analysis
and Lempel-Ziv complexity and LR with leave-one-out cross-validation (LOOCYV).
Maximal testing accuracy using a single measure was 81% for linear and 77% for
nonlinear measures. A combination of two linear measures provided the accuracy
of 88% and two nonlinear measures of 85%. Maximal classification accuracy of
92% was indicated using a mixed combination of three linear and three nonlinear
measures. The results of the preliminary study confirmed that single-channel EEG
analysis, employing the combination of measures, can provide the accuracy for the
discrimination of depression not lower than reported in other studies where multichannel
EEG signals were analysed. The study showed that there is no single superior measure
for the detection of depression. The experimental results presented above show that the
features related to depression are evident in all EEG channels. Higher discrimination
ability between control and depressive subjects occurs in central, temporal, and parietal
regions for linear measures and in frontal, central, and temporal brain areas for nonlinear
measures. Beta, gamma, and alpha power showed a discriminating ability between
control and depressive subjects. The study’s results demonstrated that linear EEG
methods provided comparable or even better classification accuracies compared to
non-linear EEG measures for the discrimination of depression.

The authors (Puthankattil & Joseph, 2012) used signal processing techniques in-
volving relative wavelet energy (RWE) to analyse the EEG signals and an artificial
feed-forward neural network to classify them for the detection of depression. The per-
formance of the artificial neural network was evaluated using the classification accuracy,
and its value of 98.11% indicates a great potential for classifying normal and depression
signals. In (M. Sharma, Achuth, Deb, Puthankattil & Acharya, 2018), authors applied

signal processing methods to derive features from the EEG signals and classified the
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control and depressed subjects using SVM. They designed a bandwidth-duration local-
ised (BDL) three-channel orthogonal wavelet filter bank (TCOWFB) to decompose the
signals into seven wavelet sub-bands. Using ten-fold cross-validation, they achieved a
classification accuracy of 99.58%.

The authors (Kaur, Bisht, Singh & Joshi, 2021) focused on noise-reducing tech-
niques to increase the EEG classification accuracy of identifying depressed and healthy
individuals. They have implemented signal processing techniques like discrete wavelet
transform (DWT) and wavelet packet transform (WPT) combined with variational mode
decomposition (VMD) and detrended fluctuation analysis (DFA) for signal denoising
and analysing EEG signals. After artifact removal, features like Mean, Hjorth parameter,
and Shannon entropy were extracted. Further, ML models like RF and SVM were used
to make classification decisions and achieved an accuracy of 98.51% and 98.07%.

This study by (Shen et al., 2020) illustrated a strategy for EEG channel selection
to detect depression. The authors used kernel-based methods for channel selection
and particle swarm optimisation (PSO) to find an optimal EEG channel. Classification
accuracy of 80%, 74.29%, 71.43% was achieved using SVM, KNN, and DT, respectively.
The bilateral and left temporal regions played a significant role in depression detection.

Akbari et al. (2021) proposed a (Akbari et al., 2021) proposed strategy for depression
detection by extracting 26 geometrical features (time, frequency, and time-frequency
domain) from EEG signals (left and right hemisphere separately) using the second-order
differential plot (SODP) method. Later, they used PSO to select the features and fed
them to SVM and KNN for classification purposes. The average classification accuracy
of SVM and k-NN was 97.625% and 98.315%, respectively.

Various signal processing methods were applied to the EEG signals for feature
extraction, which required domain-specific knowledge and manual feature extraction
steps. With the advancement of deep learning techniques, the focus has shifted to

automatic feature extraction from the manual process.
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2.3.2 Depression Detection using Deep Neural Networks

Jirayucharoensak, Pan-Ngum, and Israsena (Jirayucharoensak, Pan-Ngum & Israsena,
2014) introduced a deep learning approach that performed better than SVM and naive
Bayes classifiers. CNN-based models have been exploited extensively in recent years
for depression detection, described in detail in this section.

To the best of my knowledge, the first application was proposed by Acharya et al.
for depression classification using CNN (Acharya et al., 2018). Later, hybrid CNNs
(Ay et al., 2019) with long short-term memory (CNN-LSTM) developed for depression
detection achieved a classification accuracy of 97.66% (EEG electrodes positioned on
left hemisphere) and 99.12% (EEG electrodes position on the right hemisphere).

A CNN-based hybrid was proposed by Wan et al. (Wan et al., 2020) to study the
synchronous and regional attributes of EEG signals. This architecture was evaluated
to classify three categories of subjects (medicated depressive, unmedicated depressive,
and healthy), achieving a classification accuracy of 79.08%. Decreased alpha power
or impaired alpha oscillations were found to be one of the bio-markers for depression
detection.

Advanced architecture comprising multi-kernel CNN and LSTM2D was proposed
by Fan, Yu, Li, Zhu, and Li (Fan, Yu, Li, Zhu & Li, 2020). Unlike previous studies,
the internal state of LSTM was modified to capture spatiotemporal features instead of
temporal features alone. Also, three different convolution kernels were used for EEG
signals with alpha, delta, and theta bands. This architecture attained an accuracy of
83.47% with eight-fold cross-validation.

The authors (X. Zhang et al., 2020) extracted features from EEG data using CNN
and combined these features with demographic factors like gender and age via attention
mechanism. The feature matrix and demographic vector were integrated through

mathematical addition and provided to the tanh function. This research showed the
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importance of demographic information in detecting depression.

The authors in this study (D. Li, Tang, Deng & Yang, 2021) combined CNN via a
statistical trough number method for depression detection on EEG data (resting state,
14 subjects). The fusion of these methods yielded 86.66% accuracy.

The study (Seal et al., 2021) introduced a CNN-based model achieving an average
accuracy and AUC of 95.385% and 0.944, respectively. This architecture consisted
of five convolutional, five pooling layers, two fully connected layers, and one dense
output layer. The trainable parameters summed up to 343,082. Further, analysis of the
convolutional layers revealed that right electrodes played a major role in the depressed
subjects, whereas it was different for the healthy subjects.

Authors (G. Sharma, Parashar & Joshi, 2021) demonstrated the success of applying
deep learning techniques, i.e., hybrid integration of CNN for temporal learning and
LSTM for sequential learning. This model achieved a classification accuracy of 99.01%.
The model consisted of one convolutional layer, one LSTM layer, two fully connected
dense layers, and one output layer with 46,658 trainable parameters.

It is clear from the literature that manual and automatic feature extraction techniques
have been explored for depression detection using EEG signals. However, in most
previous studies, the sequential temporal information is lost as the EEG signals are
compressed for feature extraction. DL architectures using CNN and CNN-LSTM mod-
els involve extensive hyperparameter tuning. ANNs have been successful in detecting
depression with high classification accuracies. They have been modeled and inspired by
the principles of the human brain but only from the topology of a neural network. The
neuron model implemented in ANNSs is not biologically plausible; hence, the informa-
tion processing differs from the one in a biological neural network. Additionally, there
is an ongoing controversy regarding the learning rules in the brain, stating that they
are quite different from the gradient-based backpropagation algorithms (Marblestone,

Wayne & Kording, 2016; Whittington & Bogacz, 2019). In summary, ANNs suffer
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from the following limitations:

1. With a small amount of data, ANNs have poor generalisation ability and low

accuracy (A. Nguyen, Yosinski & Clune, 2015)

2. ANNS are less energy efficient and require a high amount of computational time

when dealing with a large amount of data

2.3.3 SNNs for Spatial and Temporal Datasets

SNNs introduced in section 1.1.3 implement neuron models generating spike trains.
Spike trains represent sequences of spiking signals depending on the firing of neur-
ons. These spike trains represent the temporal component; hence, SNNs can process
information having spatial and temporal associations. Also, the information trans-
mission between the neurons is biologically plausible and only active neurons are
considered in the training process. This asynchronous processing capability of SNN's
makes them energy efficient, unlike ANNs, where all the neurons are involved in the
information transmission process. Also, like the biological neural network, SNNs can
incorporate both excitatory and inhibitory neurons. The SNN stands out as a potential
approach in processing EEG signals as EEG signals represent electric activity in the
brain comprising both spatial and temporal components.

The understanding, limitations, and inspirations arising from this existing research
are summarised studies below:

The conversion of deep ANNs into SNNs, spiking variants of BP, biological variants
of STDP, and hybrid CNN-SNN models are some of the recent methods implemented
with the aim of building a deep SNN architecture. The conversion methods still suffer
from poor performance due to issues related to the sparse coding of spiking neurons.
Most of the approaches based on mathematical analysis are inspired by the concept of

gradient descent and BP. Whether the human brain utilises the theory of backpropagation
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employed in the ANN to learn something new is still an ongoing debate (Bengio, Lee,
Bornschein, Mesnard & Lin, 2015; Crick et al., 1989; Grossberg, 1987; Illing et al.,
2019). A lot of complexity is introduced in implementing different methods to match the
performance of the SNN with the ANN. Also, most deep SNNs have been implemented
on static data, i.e., images. Deploying a deep SNN model is still an open research area.

Recent breakthroughs have explored the potential of unsupervised learning for clas-
sification tasks (Illing et al., 2019). Also, STDP has successfully learned spatiotemporal
structure even from small training sets and achieved better performance in classifying
unseen patterns (Tavanaei & Maida, 2016; Rekabdar, Nicolescu, Nicolescu & Louis,
2017; Rekabdar, Fraser, Nicolescu & Nicolescu, 2018).

Inspired by these studies, the main focus of this research is to build an SNN
architecture using unsupervised learning. The spatiotemporal information of spiking
neurons has been leveraged to make classification decisions, i.e., spike times and
membrane potential, to build a robust pure SNN-based architecture. Instead of applying
filters from CNN to the raw EEG signals, handcrafted binary filters have been applied
on the spike trains. Binary filters for use in CNN have previously been proposed and
implemented in (Yang et al., 2020; Tseng et al., 2018). Using the design principles
of CNN, the firing dynamics of spiking neurons have been leveraged for spike-based
feature extraction to build the next layer of neurons.

This approach can deal with sequential temporal information and spatial information
in EEG signals. Also, to build a deep SNN with high classification performance, the
complexity of the ANN-SNN conversion would be reduced as the aim is to utilise all

the available neuronal information.
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2.4 Chapter Summary

This chapter has provided an overview of existing literature in two broad research areas
related to this thesis: depression detection using ML and DL techniques and deep SNNs
for spatiotemporal classification. The manual feature extraction process applied in ML
techniques was replaced with automatic feature generation with the advent of DL archi-
tectures and powerful computing resources. However, with increased time complexity
to handle spatiotemporal inputs, this chapter described the feasibility of using SNNs to
classify spatiotemporal datasets. The following chapters test the hypotheses and answer
the research questions presented in sections 1.5 and 1.4, respectively. Further, each of
the following chapters discusses the literature review specific to the research questions

and contributions under consideration in each chapter.
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Deep learning of EEG data in the
NeuCube brain-inspired Spiking
Neural Network architecture for a

better understanding of depression

This chapter introduces the building blocks of brain-inspired SNN-based NeuCube
architecture and its components for encoding, structural connectivity, and unsupervised
and supervised learning algorithms. Later in the chapter, we explore spiking neurons and
STDP’s capability to distinguish between healthy and depressed groups and interpret
brain activities using the NeuCube model. Further, a comparative analysis of SNN with
MLP and LSTM models is performed. This is the first study where SNN is applied for

depression detection.
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3.1 Abstract

In recent years, machine learning and deep learning techniques have been applied to
brain data to study mental health. The activation of neurons in these models is static
and continuous-valued. However, a biological neuron processes the information in
the form of discrete spikes based on the spike time and the firing rate. Understanding
brain activities is vital to understand the mechanisms underlying mental health. Spiking
Neural Networks offers a computational modelling solution to understand complex
dynamic brain processes related to mental disorders, including depression. This research
aims to model and visualise the brain activity of people experiencing symptoms of
depression using the SNN NeuCube architecture. Resting EEG data were collected
from 22 participants and further divided into groups as healthy and mild-depressed.
NeuCube models have been developed along with the connections across different brain
regions using the Synaptic Time Dependent Plasticity (STDP) learning rule for healthy
and depressed individuals. This unsupervised learning revealed some distinguishable
patterns in the models related to the frontal, central, and parietal areas of the depressed
versus the control subjects that suggest potential markers for early depression prediction.
Traditional machine learning techniques, including MLP and LSTM networks, have
also been employed for classification and prediction tasks on the same data, but with
lower accuracy and less new information gained.

This chapter addresses the following research questions:

1. How to classify brain-based sequential EEG signals using a brain-inspired com-

putational model?

(1) How can unsupervised learning in SNN be combined with supervised learn-

ing to classify spatiotemporal brain data?
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(i1) How capable are spiking neurons in identifying unique patterns to distin-

guish healthy and depressed people?

These research questions are explored based on hypothesis H1: EEG data being spatial-
temporal in nature if analysed considering both the aspects — spatial and temporal using
SNN could be able to separate healthy and depressed individuals and provide better

interpretability of brain activity.

3.2 Introduction

3.2.1 Computational Models for EEG classification

In recent years, deep learning models have been successful in achieving high accuracy
in various applications like speech recognition (Hinton et al., 2012), image recognition
(Krizhevsky, Sutskever & Hinton, 2012), biomedicine and bioinformatics (Mamoshina,
Vieira, Putin & Zhavoronkov, 2016), (Min, Lee & Yoon, 2017), temporal data pro-
cessing, etc. (Venna et al., 2018), assisting humans and challenging the other traditional
machine learning models. In all the standard deep neural architectures (supervised
learning), the input data in the form of vectors are passed into multiple hidden layers
with numerous neurons in each layer (depending on the input data size), and activation
functions are applied to produce an outcome. The actual aim is to minimize the error by
hyperparameter optimisation methods. All these methods used a scalar, vector-based
information representation.

In the human brain, spikes (represented by the spiking neurons — spiking neural
network (SNN) models as binary units) are generated when a neuron’s activation crosses
a threshold value during changes in the membrane potential based on the stimulation.
Here, the time of spiking, the neuron’s location, the firing rate of neurons, and the

temporal patterns carry information about external stimuli and the various internal
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calculations. Extracting knowledge and learning patterns from them helps understand
the various brain states and processes modeled using brain data. SNNs are more
biologically inspired (Maass, 1997b) as compared to deep neural networks (DNNs).
Spiking neurons work with spatial-temporal data using pulse coding strategies to send
information to many other neurons and receive the same from others. Based on the
membrane potentials, these neurons can be excitatory or inhibitory. In this research,
the NeuCube SNN architecture (N. K. Kasabov, 2014) is employed on depression
case study data for extracting knowledge from the EEG signals to understand the brain
processes in healthy and depressed individuals. By 2030, the World Health Organization
reported that around 322 million people worldwide would be affected by depression,
leading to other physiological issues in the near future (K. Smith, 2014). Depression is
a major contributor to the overall global burden of disease, wherein it is more prevalent
in females than males. Depression affects a person’s physical and mental well-being in
various aspects, such as lack of memory power, heart attacks, suicidal thoughts, lack
of motivation and interest, high fatigue, erratic sleep patterns, etc. It is very important
to identify and treat depression before depression is manifested for a better treatment
outcome. There are many techniques to detect depression, like laboratory methods,
non-laboratory methods, genomics, etc. (K. M. Smith, Renshaw & Bilello, 2013).
One of them is using EEG data recordings. After capturing EEG data, processes like
Pearson correlation coefficient (PCC), phase locking value (PLV) and phase lag index
(Moon, Jang & Lee, 2018), detrended fluctuation analysis and power spectral analysis
(Abasolo, Hornero, Escudero & Espino, 2008), (Hinrikus et al., 2009), etc. can be
applied to the EEG data for identifying the detectors of the underlying brain condition.
Deep learning architectures (Yildirim et al., 2018), (Bairy et al., 2017), (Acharya et
al., 2018), (Martinez-Murcia, Goérriz, Ramirez & Ortiz, 2018), (Yildirim et al., 2018),
(Antoniades et al., 2018), (Ksiazek et al., 2019) have been recently applied in addition
to the classical machine learning models (Abdar et al., 2020), (Abdar, 2015), (Bairy et
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al., 2017), (Bachmann et al., 2018), (Puthankattil & Joseph, 2012). Some researchers
first acquire features from the raw data and then feed them into machine learning (ML)
and artificial neural networks (ANN) for classifying the depressed individuals from the
healthy ones using various algorithms, such as logistic regression (Puthankattil & Joseph,
2012); artificial feedforward network (Hosseinifard et al., 2013); support vector machine
(SVM) (Acharya et al., 2015). CNNs have been used extensively for classifying raw
EEG signals (Schirrmeister et al., 2017). In (Jirayucharoensak et al., 2014), the authors
implemented a deep learning approach varying the number of hidden units (100 and
50), outperforming SVM and naive Bayes classifiers. In (Oh, Ng, San Tan & Acharya,
2018) and (Yildirim, 2018), the authors used a hybrid model of CNN and LSTM for
categorizing EEG signals. In recent studies of depression detection, Acharya and team
(Acharya et al., 2018) developed a 13-layer CNN achieving an accuracy of 93.54 % and
95.96 % from EEG signals of the left and right hemisphere, respectively. To overcome
the drawback of CNN (poor sequential learning) in (Ay et al., 2019), authors employed a
hybrid CNN-LSTM model for depression detection, reaching classification accuracy of
97.66 % (L.H.) and 99.12 % (R.H.). Despite the high accuracy of classification results
of EEG data, none of the papers reviewed above reported the actual brain patterns
that can be used to distinguish the groups. There are gaps related to the application of
brain features underlying depression detection into ML. Brain-inspired SNN has been
used in various applications like forecasting (Mohanty, Priyadarshini, Desai & Sirisha,
2018), modelling the effect of mindfulness on depressed individuals (Z. Doborjeh et
al., 2019), real-world data classification, image recognition, odour recognition, motor
control, and trajectory tracking, etc. SNN aid in providing unique brain patterns and
also models brain functions and brain connectivity computationally. An SNN NeuCube
model (M. G. Doborjeh, Wang, Kasabov, Kydd & Russell, 2015) reached 90.91 %
accuracy, whereas traditional methods achieved just 50.55 % accuracy in classifying

opiate addicts from the healthy controls. This results from a deeper modeling insight



Chapter 3. Deep learning of EEG data in the NeuCube brain-inspired Spiking
Neural Network architecture for a better understanding of depression 79

into neural circuitry, information processing, and plasticity in the brain areas to build a
relation between the depressive symptoms at the neural level and the resulting mental
disorders of a subject. Following the successful usage of the NeuCube SNN architecture
for EEG data modelling and understanding, here we apply this architecture to EEG data
related to depressed and controlled individuals in an attempt to understand better and

predict depression.

3.3 Methods

3.3.1 Dataset Description

Ethics: Auckland University of Technology (AUT) Ethics Committee (AUTEC), New
Zealand granted ethics approval (15/45).

The EEG data were collected under strict monitoring with 2 min eyes opening and
2-minute eyes closing states. Recordings were carried out using a SynAmps amplifier
and 61-channels (FP1, FPZ, FP2, AF3, AF4, F7, F5, F3, F1, FZ, F2, F4, F6, F8, FT7,
FC5, FC3, FC1, FCZ, FC2, FC4, FC6, FT8, T7, C5, C3, C1, CZ, C2, C4, C6, T8, TP7,
CPs5, CP3, CP1, CPZ, CP2, CP4, CP6, TPS, P7, P5, P3, P1, PZ, P2, P4, P6, P8, PO7,
PO3, POZ, PO4, POS, O1, 0OZ, 02, PO1, PO2, OI1) with electrode placements based on
standard 10-20 international system. The data were recorded at a sampling rate of 1000
Hz. After EEG recording, a 2 seconds epoch was extracted. Off-line ICA computerised
artifact correction was used to remove detectable eye movement or muscle potentials.
The dataset consists of participants with BDI scores ranging from 0 to 30. Participants
having BDI scores 0-10 are considered healthy subjects (12), and those having BDI
scores> 10 are considered mild-depressed subjects (10) for this experiment. After data
pre-processing techniques, each data sample (subject) consists of 16,383 time points

(number of rows).
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Figure 3.1: NeuCube Computational Model (N. K. Kasabov, 2014)

3.3.2 Proposed NeuCube Model for classifying and analyzing the
brain regions using EEG data of healthy and depressed indi-
viduals

The NeuCube is a unified computational model based on spiking neural networks to
model, analyse, learn, and visualise spatiotemporal data. This model was designed
by Professor Nikola Kasabov in 2014. As shown in Figure 3.1, it consists of various
algorithms for encoding input data into spike trains, for unsupervised and supervised
learning, and optimisation (N. K. Kasabov, 2014). Since this research is built upon the
principles of NeuCube, a brief overview of this methodology is provided below.

The following procedures are applied in the modelling part:

Data Encoding

SNNs process binary temporal events, i.e., they have the capability to learn from the spa-
tiotemporal data represented in the form of spike trains. The input spatiotemporal data
generally comprises continuous real values. Hence, it is important to convert them into

sequences of spike trains. NeuCube consists of a range of encoding algorithms such as
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Ben’s Spiker Algorithm, Threshold-based Representation (TBR) or Temporal Contrast
Algorithm, Step-Forward (SF) Spike Encoding Algorithm, and Moving-Window Spike
Encoding Algorithm (MV) (Chan, Liu & van Schaik, 2007; Petro, Kasabov & Kiss,
2019; N. K. Kasabov, 2014). For our first experiment, we selected TBR as the encoding
algorithm because of its simplicity. Also, it is capable of capturing the changes in the
data based on the threshold value. We have optimised the threshold parameter using the
Grid search algorithm.

From a high-level view, spikes are generated based on the threshold from the EEG
spatiotemporal data (continuous real values) using the Threshold-based Representation
algorithm described below. If the signal changes above the spike threshold, then a
positive spike is generated; if the signal changes below the threshold value, a negative
spike is generated, or else no spikes are generated.

Threshold-based Representation encoding algorithm encodes a signal into a spike
train given a threshold value. The absolute difference between the consecutive signal
values is calculated. The mean and standard deviation of the differences are calculated.
A threshold is computed using these two measures. Now, the difference and the
threshold are compared. If the difference is greater than the threshold, a positive spike
(1) is emitted; else if the difference is smaller than the threshold, then a negative spike
(-1) is emitted, and no difference is represented as 0.

The encoding process is explained below using the following steps:

Algorithm 1 TBR Encoding Algorithm
1: procedure TBR ENCODING ALGORITHM(ssignal, f factor)

2: startpoint = s(1)

3: diff = zeros(length(s))

4: for t = 1: (Iength(s)-1) do
5: diff(t) = s(t+1) - s(t)

Calculates the derivative of the signal, i.e., the differences between each
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10:

11:

12:

13:

14:

15:

consecutive pair of temporal points.
end for
threshold = mean(diff) + f * std(diff)
Calculates the mean of the differences.Calculates the standard deviation of the
differences. Calculates the real threshold value.
out = zeros(length(s))
for t = 1: (Iength(s)-1) do
if diff(t) > threshold
out(t) =1
elseif diff(t) < -threshold
out(t) =-1
end for

end procedure

To select the optimal threshold, the reconstruction error i.e. the root mean square

error between the spike trains and original signals, should be minimum. The TBR

decoding algorithm to generate the original signal values from the spike trains is

described below:

Algorithm 2 TBR Decoding Algorithm

1:

2:

3:

procedure TBR DECODING ALGORITHM(spikes, threshold, startpoint)
recon = zeros(length (spikes))
recon(1) = startpoint
for t = 2: (Iength(s)-1) do
if spikes(t) == 1:
recon(t) = recon(t-1) + threshold
elseif spikes(t) == -1:
recon(t) = recon(t-1) - threshold

else:
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10: recon(t) = recon(t-1)
11: end for

12: end procedure

3D SNN Reservoir (SNNr) Module

The connectivity between the neurons in the SNN network is inspired by the connections
between the different brain areas. The SNNr is a 3D structure consisting of clusters
of neurons that are organised using the standard brain atlas coordinate system such as
the Talairach Atlas (Dervin, 1990). Hence, SNNr can provide an approximate map of
spatially located brain regions through the Talairach brain template. After this, the input
EEG channels are mapped to the SNNr module using the mapping rules mentioned in
Appendix (Koessler et al., 2009) This physical organisation of neurons and mapping of
EEG channels into the network of neurons make NeuCube effective in interpreting the
patterns developed between the neurons during the learning phase.

The connectivity in the SNN reservoir, the spiking neuron model, and the unsuper-

vised learning algorithm governing the synaptic changes are explained below.

Small World Connectivity Algorithm

The initial structural connections between the neurons in the network and the initial
weights to the synapses (neuronal connections) play an important role during the
learning phase in NN architecture. Small-world connectivity model developed by Watts
and Strogatz (Watts & Strogatz, 1998) is inspired by the structural connections among
the neurons in the human brain.

Important small-world properties are described below. A network is said to have
small property if it has a high clustering coefficient and a small characteristic path length.
Hence, a graph G = (V, E) with small-world property is termed as a small-world graph

or small-world network (Mehlhorn & Schreiber, 2013). A high clustering coefficient
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denotes that almost all nodes in the subnetwork (cluster) are connected to each other.
This means that the network comprises dense local connections (high local connectivity).
The average number of edges in the shortest paths between all the network node pairs is
termed characteristic path length. So, a small characteristic path length makes it possible
to reach all nodes in the network efficiently (global reachability). The human brain is
believed to exhibit these properties and show small-world organisation (Bullmore &
Sporns, 2009).

Based on the principle of small-world model, in the SNNr model, the probability
of connecting two neurons in this graph is proportional to the distance between these
neurons. The closer the brain regions, the higher the probability of connections between
the neurons located in these brain areas. After establishing the connection matrix, the
neuronal connections are instantiated with initial weights following a random uniform

distribution between (0,1).

Spiking Neuron Models

The SNNr module consists of 1471 spiking neurons having coordinates mapped from
the Talairach template. In this thesis, the current implementation of SNNTr is comprised
of LIF-spiking neurons with recurrent connections. The inner working principle of LIF
neurons has been explained in Section 1.1.4. This network of LIF neurons is stimulated

with the input data producing sequences of spike trains.

Unsupervised Learning in the NeuCube SNNr module

Once the structural connections between the input and the SNNr, and among the neurons
in the SNNr are established, the initial synaptic weights are set up; the LIF neurons are
configured, then these synaptic weights are modified to learn the input representations

using a learning rule.
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The STDP (Song et al., 2000) learning method, as explained in Section 1.1.5, is
used for adapting the neuronal connections i.e., synaptic weights. SNNr employs STDP
to learn spike sequences from the input data. During the learning phase, the SNNr
accumulates temporal information from these spike sequences and produces responses
for different classes of inputs. Thus, unique patterns are generated in the SNNr reservoir
over time, representing spatiotemporal interactions between the input variables that can

be classified further.

Evolving Output Classification Module

The NeuCube architecture implements the Dynamic Evolving Spiking Neural Network
method (deSNN) (N. Kasabov, Dhoble, Nuntalid & Indiveri, 2013) as one of its classi-
fication modules. DeSNN learns from the association of the input samples and their
labels during the training phase and trains the output neurons to classify spatiotemporal
data. Once the SNNTr is trained using the unsupervised STDP learning rule, the input
data is propagated to the output layer. The output neurons then learn the behaviour
of the input using the deSNN algorithm along with unsupervised learning and assign
it to an output class neuron. All the neurons in the SNNr are connected to the output
neurons.

The deSNN supervised learning algorithm in NeuCube and unsupervised learning

are described below in more detail.

DeSNN supervised learning algorithm

The deSNN algorithm (N. Kasabov et al., 2013) uses the rank-order (RO) (S. Thorpe
& Gautrais, 1998) learning and Spike Driven Synaptic Plasticity (SDSP) learning rule
(Fusi, Annunziato, Badoni, Salamon & Amit, 2000) for training the output neurons to
recognise the Spatio-temporal pattern. In the RO coding principle, importance is given

to the spikes arriving early on the synapses from the input neurons. The firing of LIF
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depends on the strength of the input, and thus, LIF neurons are capable of capturing the
input patterns. The spikes from the input LIF neurons from the SNNr to the synapses
connected to the output neuron are given a rank, and initial weights are set up according
to the RO rule. The output that received the first spike becomes the winning neuron and
is assigned a class label of the input sample. Later, these initial weights are modified
using SDSP (or STDP) learning. According to the SDSP learning rule, the weight of
a synapse is increased at the arrival of a spike else; it is decreased. The mathematical
equations based on principles are explained below in the training phase.

In the deSNN training phase, for each M-dimensional training input pattern P;,
a new output neuron i is created and connected to each neuron in the trained SNNr
module. The synaptic weights w;;(j = 1,2, ..., M) between the input neuron j in the
reservoir and the newly created output neuron i are calculated based on the order of the

incoming spikes on the corresponding synapses using the RO learning rule:

wj; = .mod ©rder (i) (3.1)

where « is a learning parameter that ranges between 0 and 1, the mod a modulation
factor which indicates the importance of the order of the first spike that lies between 0
and 1, w;; is the synaptic weight between a pre-synaptic neuron j and the postsynaptic
neuron i and order(j, 1) the order of the first spike arriving through synapse ji among
all spikes arriving from all other synapses to the neuron i. For the first spike to neuron i,
the order(j, 1) is 0 and increases according to the input spike order at other synapses.

After initializing the synaptic weight w; ; according to the first spike at the synapse j,
this synaptic weight is adjusted using the SDSP (or STDP) learning rule. According to
the SDSP rule, if there is a spike at synapse j at time t, the synaptic weight w; ; increases
with a small positive value called the positive drift parameter. On the other hand, if

there is no spike at synapse j at time t the synaptic weight w;; creases with a small
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negative value called the negative drift parameter.

A Wi = €j(t)D (32)

In Eq.3.2 while presenting the learnt input pattern P; to the output neuron i if at
time t there is a successive spike at synapse j, e;(t) = 1 and if at time t there is no
spike at synapse j, ¢j(t) = —1. Under the influence of synaptic dynamism denoted
by e;(t) parameter, the parameter D can have positive or negative values for up and
down synaptic drifts. This behaviour helps the output neurons capture the temporal
relationship of spike timing across the learned pattern P; at time t.

While presenting the input training pattern to the output neurons, a spiking threshold
Th; is assigned to the output neuron Th;. The firing threshold Th; is calculated as a frac-
tion (C) of the total (called PSP;y,.,) of neuron i accumulated during the presentation
of the input pattern in a time-window T. During the recall phase, this firing threshold
makes the output neuron release a spike in the presence of patterns similar to the learned

ones during training.

T M
PSPiae = Z Z fj (t)w],l(t) (3.3)
t=0 j=1

In Eq. 3.3, T represents the time units in which the input pattern is presented to the
output neuron, M is the number of the input synapses to the neuron i, f;(t) shows the
firing dynamics of synapse j at time t (i.e. f;(t) = 1 if there is a spike at synapse jfor
this learnt input pattern at time t and f;(t) = 0 if otherwise), and w;;(t) the efficacy of
the synapse ji calculated at time t using of Eq. 3.2. The parameter C that is used for

calculating the threshold Th; (Eq. 3.4) enables neuron i to emit a spike (recognise the
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input pattern) before the whole learned pattern is presented.

During the recall phase, for each input pattern, a new output neuron is created in
the way that is created in the training phase, then the synaptic weight vector of the
newly created output neuron is compared to the existing output neurons using Euclidean
distance. The closest output neuron in terms of synaptic connection weights to the new
neuron is the ‘winner’ output class. Inspired by transductive reasoning principles, this
method uses nearest neighbour classification in the synaptic weight space to capture or
match a new pattern to an existing one. The pseudo-code described below is adapted

from (N. Kasabov et al., 2013).

Algorithm 3 deSNN Algorithm
1: procedure DESNN ALGORITHM

2: Initialise deSNN parameters: mod, D, C, a, sim(similaritythreshold)

3: for each input pattern P; do

4: create a new output neuron i

5: initialise synaptic weights w;(0) using RO learning rule denoted in Eq. 3.1
6: modify the synaptic weights w; for successive spikes on the corresponding

synapses using SDSP rule denoted in 3.2

7: calculate PSPy, using Eq. 3.3
8: calculate the firing threshold Th; of each neuron i using 3.4.
9: if the new weight vector w; is similar to an existing output neuron using

Euclidean distance similarity measure and sim threshold

10: merge the two neurons by averaging their threshold and synaptic
weights

11: else:

12: add new output neuron to the network

13: end if

14: end for
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15: end procedure

This implementation uses deSNN and STDP unsupervised learning in the output

classification module.

Visualisation of learned patterns

The visualisation module shows distinct patterns formed between the neurons in the
SNNr during the learning phase. The patterns represent the associations between

neuronal connections developed due to the adaption of weights using STDP learning.

3.3.3 Recurrent Neural Networks for Depression Detection

In traditional ML (first-generation) methods and also in MLP, we provide data and
labels, define a model architecture, and the model learns the rules that fit the data to
the labels. The model generates rules which are then utilised for future data prediction.
However, there are no efforts to understand the sequence in which data occurs (LeCun
et al., 2015). The human brain learns from previous contexts and applies them to
understand future events. For example, imagine if we want to classify what kind of
event is happening at every point in a movie. It is unambiguous how a traditional neural
network like MLP could use its reasoning about past events in the movie to characterise
later ones. Recurrent Neural Networks (RNN) are designed to address this issue.

In RNNSs, the information persists as they incorporate the concept of recurrence,
1.e., these networks have loops in them, as shown in Figure 3.2. From a high-level
overview, an input value is labeled as x;, which is fed at a time step ¢ into a function /'
and produces an output value y; at that time step. The arrow from F' indicates a value
that is fed forward to the next step. In Figure 3.2, A function F' is applied to an input
xo to produce ¥, at time step ¢y and a value that’s passed forward. At the next step
receives that value and x; and produces y; and a value that’s passed forward and so on

down the line. In other words, the loop allows the information to be passed from one
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|

Figure 3.2: Recurrent neurons in time from (Moroney, 2020)

step to the next step of the network. This is how RNNs maintain the contexts across a
sequence over several time steps. However, the effect of the output of the first neuron
is huge at step 2, small at step 3, and smaller at step 4, and it gets diminished further
over time. Thus, there was a need to remember these contexts over a longer distance,
as in the human brain. To address the issue of short-term memory in RNNs, LSTM
(long short-term memory) networks were developed (Hochreiter & Schmidhuber, 1997).
The LSTM architecture includes a cell state that enables context to persist across the
entire long sequences of steps. The important information in the context is learned and

maintained over extended time intervals.

Long Short-Term Memory Networks

LSTMs were designed to overcome the problem of short-term memory in RNNs. They
remember information for long periods due to adding a "cell state" module in their
architecture. LSTMS have a chain-like structure where four neural networks within a
single block interact with each other in a unique way, as shown in Figure 3.3. Each
of these neural networks consists of input and output layers. In each of these neural

networks, input neurons are connected to all output neurons. As a result, the LSTM unit
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has four fully connected layers.
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Figure 3.3: LSTM module with its four interacting layers from (Olah, 2015)

In this figure, the yellow block represents neural nets with sigmoid and tanh
activation functions; the pink circles represent pointwise operations, merging lines
denote concatenation and branching lines show that the content is being copied and the
copies stay at different locations. The top horizontal line is the cell state. LSTM adds
or removes information to the cell, carefully controlled by four feedforward networks

called gates, as depicted in Figure 3.4.
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Figure 3.4: Architecture of a LSTM unit from (A. Zhang et al., 2021)

Three of the four feedforward networks are responsible for selecting the information,
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i.e., composed of a sigmoid neural net layer; and a pointwise multiplication operation;
they perform memory management tasks: the deletion of information from memory
(the forget gate), the insertion of new information in memory (the input gate), and the
use of information present in memory (the output gate). The fourth neural network, the
candidate memory, is used to create new candidate information to be inserted into the
memory. The cell and hidden states are represented as C' and H, respectively. LSTM
uses the recent past information, i.e., the short-term memory (/), the new information,
1.e., the current input (X), and then updates the long-term memory, i.e., the cell state
(C). Finally, the short-term memory (H) is updated using the long-term memory (C).
Let us now describe the computation of each gate.

The forget gate decides the amount of information to be discarded from the previous
state. At any time, ¢, it takes information from the previous state, H; i, the current
input X, producing a value between 0 and 1 (using the sigmoid activation function) for
each number in the cell state, C';_;. A 1 means "completely keep this,"” while 0 means

"completely discard this." Forget gate is computed using Equation 3.5:

Fy = o(X W,y + H Wy + By) (3.5)

The next step is to decide what new information will be stored in the cell state.
This step is performed by two neural networks: the input gate (X;) and the candidate
memory (C}). The input gate layer, called the sigmoid layer, decides which values are
to be updated as shown in Equation 3.6, and the candidate memory, called the tanh
layer, creates a new vector that is added to the cell vector as shown in Equation 3.7.

This ensures that all the values are within the range (-1,1).

It = O'(Xth‘ + Ht_lwhi + Bz) (36)
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C, = tanh( X, We + Hy, 1 Wi + By) (3.7)

Now, we have to update the previous cell state to a new state, C;, as shown in
Equation 3.8. During the element-wise multiplication of the forget gate (sigmoid layer)
and the previous cell state, C';_1, it is decided which parts of the cell state are eliminated
(multiplication with O gives 0). Then, the new candidate values are added (/; ® C, )

which scales up each cell state value.

Ct = F’tGCt—l +[t®ét (38)

Finally, we decide what we are going to output. First, we run a sigmoid layer which
decides what parts of the cell state we’re going to output, as shown in Equation 3.9.
Later, the cell state is pushed through the tanh layer (Cy) and multiplied by the output
of the sigmoid gate (I;) so that it output only the required parts as shown in Equation

3.10.

Ot = O(Xtho + Ht—lwho + Bo) (39)

Ht = Ot * tanh(ct) (310)

The variables used in the above equations are described as follows:
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X, e R4 = input vector to the LSTM unit
F, € (0,1)~ = forget gate’s activation vector
I; € (0,1)" = input/update gate’s activation vector
O, € (0,1)" = output gate’s activation vector
Hie(-1,1)» = hidden state vector also known as output vector of the
LSTM unit
O; € (0,1)" = output gate’s activation vector
Cy e (-1,1)k = cell input activation vector
C, e Rh = cell state vector

Wy Waiy Wae, Wy € R4 = weight matrices
Wit Whi, Whe, W € R = weight matrices

B, e R = bias vector parameters

The initial values are Cyy = 0 and H, = 0, and the operator ® denotes the element-
wise product. The subscript ¢ denotes the time step. The superscripts d and h refer to
the number of input features and hidden units. The weight and bias vectors must be
learned during training using an optimisation algorithm like gradient descent combined
with Backpropagation Through Time (BPTT).

The output Y of a neural network depends on the flow of information that passes
through multiple LSTM units placed in a chain. A small increase in the output of any
of these units affects the output (decrease or increase) value of all the subsequent units
until the output layer. The error minimisation is done by calculating the ratio between
the increase in the output value of a particular unit and the increase in the network error.
In LSTM, the flow of information does not occur only through elements of the neural
network. It also happens over time. The error committed by the network at the time t
also depends on the information received from previous times and processed in these

instants of time. In any RRN, therefore, backpropagation also considers the chain of
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dependencies between instants of time. For this reason, it is called BPTT.

3.4 Experiments and Results

The NeuCube architecture utilised for depression detection in the first phase of this

research study is structured in a two-step analysis as follows:

1. NeuCube SNN model learning and visualization of the EEG data to investigate
brain connectivity of depressed and healthy individuals for both the Eyes Closed

and the Eyes Opened states.

2. Using MLP and LSTM techniques for comparative analysis.

3.4.1 Experiment Design

The original dataset consists of 16,383 rows (temporal features) with 61 columns
(spatial features) for each participant (10 depressed, 12 healthy). But for experiment-
ation purposes, we formulated the dataset to suit our requirements according to the

architecture:

1. NeuCube: Each participant is a ‘sample’ with a spatiotemporal dataset (‘.csv’).
Each sample is a matrix consisting of 16,383 rows and 61 columns. In machine
and deep learning, the model learns to build relationships between the inputs and
the output. This means that should be enough data to capture these relationships
between the input features and the output. DL architectures require massive
amounts of training samples for classification tasks (Alzubaidi et al., 2021).
For depression detection using MLP and LSTM, it was necessary to have more
training samples and hence each subject was divided into three subsets of data

(randomly chosen). Thus, we constructed three subsets of samples from each
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sample, i.e., generating 66 samples altogether (30 depressed, 36 healthy) from
22 samples. In this dataset, each sample has 5,461 time points (rows), and the
number of columns is 61. At this point, care is taken that if the subject belongs
to the training set, its subsets are also placed in it. Hence, there was no overlap

between the train and test samples.

2. MLP and machine learning algorithms: MLP cannot process temporal inputs.
Hence, while using MLP, we performed temporal averaging on each sample (5,461
rows) to obtain one input representation (row) for each participant, keeping the

columns consistent (61).

3. LSTM and NeuCube: We compared the NeuCube-based SNN architecture with
LSTM architecture on the EC state of EEG signals in this experimental setting.
This comparison is conducted in two categories: the first experiment considers
EEG inputs with 5,461 time points (66 samples), and the second one takes EEG

signals with 16,383 time points (22 samples) as inputs.

3.4.2 Results

NeuCube, being a stochastic model, classification accuracy depends on the parameters’

settings (Petro et al., 2019; Goulden et al., 2012) as described below:

1. Spike threshold was set to 0.5 for converting the input data to sequences of spikes.

The spike rate depends on this threshold value.

2. The threshold of firing, the refractory time, and the potential leak rate were set to

0.5, 6ms, and 0.002, respectively, after optimisation.

3. The STPD learning rate parameter was set to 0.01, which causes changes in the
connection weights (increase or decrease) of two connected neurons depending

on the firing order.
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4. For unsupervised learning, the training iteration was set to one which is considered

optimal for incremental, online adaptive learning.

5. For supervised learning, the parameters ‘mod’ and ‘drift’ of the deSNN classifier
were set to 0.4 and 0.25, respectively. Also, we set k=3 in the K-NN classifier for

mapping the input data to the labeled outcome in the training procedure.

Comparative Analysis - SNN and MLP

For a comparative analysis, we implemented a 2-layer MLP network after using grid
search optimization with 100 - neurons in each layer. ‘Relu’” was used as an activation
function for hidden layers, ‘softmax’ was used for output layer activation, ‘adam’ was
used for weight optimization, the learning rate was set to 0.001, and alpha was set to
0.001 (L2 regularization parameter).

After applying five fold cross-validating technique (Schaffer, 1993) during the
optimisation process, the accuracy of the NeuCube model for classifying depressed
versus healthy subjects EEG data was 68.18% (eyes closed (EC) state) and 72.13%
(eyes open (EO) state). The MLP NN models for both eyes opened and eyes closed EEG
data achieved slightly higher than 50% accuracy, which was inferior to the NeuCube
model classification.

The reason for reporting only the MLP results and parameters is that all other
traditional machine learning algorithms, such as SVM, decision tree, and logistic
regression, obtained worse results than MLP. The NeuCube models obtained much
higher classification accuracy and have been used here to reveal brain activity patterns
related to each of the two subjects, facilitating a better interpretation and understanding

of the depression phenomenon, as explained in the following section.



Chapter 3. Deep learning of EEG data in the NeuCube brain-inspired Spiking
Neural Network architecture for a better understanding of depression 98

Comparative Analysis - SNN and LSTM

A comparison between LSTM and NeuCube-based SNN models with 66 and 22 samples
for depression detection is described in this section. Keras Tuner, a TensorFlow library
(O’Malley et al., 2019), is used for hyper tuning the LSTM network. Adam as the
optimiser (Kingma & Ba, 2014) and the "SparseCategoricalCrossentropy" as the loss
function (Pang, Nijkamp & Wu, 2020) are used for training these LSTM models.
Hyperparameters include the number of LSTM units, the number of neurons in each
LSTM unit and the denser layer, the dropout percentage, and the learning rate of the
Adam optimiser. Tables 3.1 and 3.3 represent the search space of hyper-parameters
to optimize and the values they can take for 66 and 22 samples, respectively. The
number of epochs is set to 100, and early stopping is used to interrupt training if there
is no performance gained after 30 epochs. The Hyperband technique (L. Li, Jamieson,
DeSalvo, Rostamizadeh & Talwalkar, 2017) within the TensorFlow implementation of
the Keras tuner is used as the search algorithm. The validation split is set to 20% of the

train samples.

Table 3.1: Search space for tuning LSTM with 66 samples

Layer Min Max
Input layer 32 512
Number of LSTM units 1 4
Neurons in LSTM units 32 312
Dropout 0 0.5
Dense 10 100
Learning Rate [0.01, 0.001, or 0.0001]

The hyperparameter search for 66 samples is as follows 3.1: the optimal learning
rate for the optimizer is 0.01, the number of LSTM layers is five, the dropout rate (no
node activation and weight updates) is 0.2, the LSTM input layer has 288 neurons,
LSTM layer one has 160 hidden units; LSTM layer two has 160 hidden units; LSTM

layer three has 224 hidden units; LSTM layer four has 128 layer hidden units; and
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LSTM layer five have 96 hidden units. The optimal number of neurons in the densely-
connected layer is 69. The output layer consists of two neurons since this is a binary

classification problem. "5460" represents the number of time points.

Table 3.2: Model Summary with 66 samples

Layer Output Shape Number of Parameters
Input layer  (None, 5460, 288) 403200
LSTM unit 1  (None, 5460, 160) 287360
LSTM unit 2 (None, 5460, 160) 205440
LSTM unit 3 (None, 5460, 224) 344960
LSTM unit4 (None, 5460, 128) 180736
LSTM unit 5 (None, 96) 86400
Dropout (None, 96) 0
Flatten (None, 96) 0
Dense (None, 69) 6693
Output Layer (None, 2) 140

Total params: 1,514,929
Trainable params: 1,514,929

Table 3.3: Search space for tuning LSTM with 22 samples

Layer Min Max
Input layer 100 850
Number of LSTM units 1 4
Neurons in LSTM units 32 512
Dropout 0 0.5
Dense 10 200
Learning Rate [0.01, 0.001, or 0.0001]

The hyperparameter search for 22 samples is as follows - the optimal learning rate
for the optimizer is 0.0001, the number of LSTM units is two; the LSTM input layer has
400 neurons; Layer 1 has 416 hidden units; and Layer 2 LSTM has 192. The optimal
number of units in the densely connected layer is 101. The dropout rate is 0.1.

The number of training parameters in LSTM is calculated as 4 * ((z + h) * h + h).
x represents the number of features (columns) in the previous layer, h represents the

number of hidden units in the LSTM layer, and since each LSTM block has four gates,
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the output is multiplied by four. For example, Table 3.2 has 403, 200 parameters as the
output from the input layer. This is achieved by computing 4 * ((61 + 288) * 288 + 288).
Here, the previous layer is the input data which has 61 features. The number of trainable
parameters for the next layer is 4 * ((288 + 160) * 160 + 160), where the number of
features in the previous layer is 288, and the number of hidden units in the current
layer is 160. This is how the number of training parameters is calculated in the LSTM
TensorFlow implementation.

Table 3.4: Model Summary with 22 samples

Layer Output Shape Number of Parameters
Input layer  (None, 5460, 400) 739200
LSTM unit 1  (None, 5460, 416) 1359488
LSTM unit 2 (None, 5460, 192) 467712
Dropout (None, 192) 0
Flatten (None, 192) 0
Dense (None, 101) 6693
Output Layer (None, 2) 19493

Total params: 2,586,097
Trainable params: 2,586,097

Table 3.5: Classification Accuracy of LSTM and SNN with 66 samples

Classifier 66 samples 20 samples
LSTM 53.33% 50%
SNN 68.18% 54.36%

The LSTM models were built using hyperparameters for better model performance.
The comparative analysis between the SNN and the LSTM modes is shown in Table
3.5. As shown in this table in Table 3.5, the NeuCube SNN framework achieved a clas-
sification accuracy of 68.18% and 54.36% with 66 and 22 samples, respectively. LSTM
produced a classification accuracy of 53.33% and 50% with 66 and 22 samples, re-
spectively. The difference between the performance of SNN(54.36%) and LSTM(50%)
on 20 samples shows that both architectures performed poorly on the provided data.

However, with 66 samples, the performance of SNN (68.18%) is better than LSTM
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(54.36%), which shows that SNNs are capable of better learning with a lower number
of samples than LSTM in this case.

In summary, through these experiments, we can conclude that the LSTM networks
can process temporal data, but they couldn’t perform well with fewer training samples
when compared to SNN. This demonstrates the advantage of using the SNN approach

of time-space brain data modeling for spatiotemporal data classification.

Visualisation - Pattern discovery of dynamic brain activities of depressed versus

healthy individuals

This section discusses the functional connectivity inside the brain by analyzing the
learned NeuCube models using visualization of the feature interaction network (FIN)
(N. K. Kasabov, 2014; N. Kasabov, 2018) graphs and the SNN connectivity graphs.
This section explains the similarities and differences in the eyes closed state by
looking at FIN and SNNr connectivity models, as presented in Figure (3.5) and Figure

(3.6) across 61 EEG channels (features).

1. Eyes Closed State In terms of similarity between groups, there are feature input
interactions in the frontal, parietal, and temporal regions, suggested by a great
number of lines observed in these areas. Also, the interactions are stronger in
the frontal and lower part of the brain as these areas have thick black lines like
channels F8, F6, FC6, FT8, T8, TP8, PO3, and PO7. Interaction between PO7

and FT8 is evident in both groups.

Some noticeable differences between groups include interaction between channels
F5, FT8, and CP5. In contrast to the healthy group, the depressed group failed
to exhibit any interaction between F5 and FT8 channels. The lack of connec-
tion between frontal and frontotemporal regions may reflect dysfunction within

corticolimbic connections in individuals vulnerable to depression (Goulden et
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Figure 3.5: Visualization for eyes closed state of an individual

al., 2012). Continuous long-range communication between F4 and T8 indicates
cross-hemispheric communication in the depressed group. By analyzing the SNN
connectivity network (Figure 3.5 (3.5b and 3.5d), there is a complete absence of
interaction in the parietal region in the depressed group. By observing the FIN
of the depressed group, it is seen that P4 plays no role in the network change.
It may be speculated that the relative reduction in right parietal activity may
reflect a reduction in arousal in those at risk of depression. Previous research has

demonstrated the decreased right parietal activity in resting state EEG data in
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those with major depressive disorder in females (Stewart et al., 2011) and within
males (Flor-Henry, Lind & Koles, 2004). More positive connections (blue color)
are seen in the healthy group. In contrast, there is a lot of saturation of positive
(excitatory) and negative (inhibitory) connections in the depressed group across
the scalp. Both groups have a combination of positive and negative connections

in the lower occipital region.

2. Eyes Open State

Both groups have strong connections in the frontal, parietal-occipital, and parietal
brain regions of the Functional Interaction Networks (FIN) models (PO3, PO7,
POS, PO4, F4, FP2, T8). Still, the interaction in the parietal region of the
depressed group is greater than those in the healthy group, as shown in Figure

3.5.

The evident difference is the strong triangular connection between F4-T8-PO8
across the right hemisphere in the healthy group, which is completely absent in
the depressed group (less interaction between POS8 and T8). There are greater
connections in the right frontal regions, including the F4, F6, F8, FC4, FC6, and
FC8, compared to the healthy group. FC4 is totally inactive in the healthy group.
Long-range interaction between FT8-PO7 and F8-P1 in the depressed group is
another noticeable difference. In the depressed group, there is more information
exchange and communication between the frontal-parietal and parietal-occipital

regions.

A meta-analysis (Kaiser, Andrews-Hanna, Wager & Pizzagalli, 2015) suggests
that depressive disorders can be characterized by hypoconnectivity within fronto-
parietal networks, which are often reported to be involved with attention, emotion
regulation, and cognitive control systems. This abnormal connectivity across

these resting states may also suggest atypical internal and self-referential thought.
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Figure 3.6: Visualization for eyes-open state of an individual

This dysfunctional processing of internal and external attention could reflect the
depressive thought patterns and biases experienced by those with depression or

those that may be at risk.



Chapter 3. Deep learning of EEG data in the NeuCube brain-inspired Spiking
Neural Network architecture for a better understanding of depression 105

3.5 Conclusion and Discussion

The experiments in this chapter showed that the NeuCube SNN framework achieved a
classification accuracy of 68.18% (EC) and 72.13% (EO) for classifying spatiotemporal
data such as EEG signals for depression detection. Also, significant patterns were
discovered in frontal, parietal, and temporal brain areas that can potentially be used as
markers for an early prediction and possible prevention of depression. In addition, this
experimental study also performed a comparative analysis using other machine and DL
learning techniques, such as MLP and LSTM. Though LSTM networks can process
temporal data, they couldn’t perform well with fewer training samples. This demon-
strates the advantage of using the SNN approach of time-space brain data modeling for
spatiotemporal data classification. The results that we achieved in this chapter proved
the small-sample learning capability of SNNs.

This chapter proved the feasibility of SNNs in classifying depressed and healthy
subjects and revealed informative patterns of neuronal activities that can be further
interpreted to understand depression better. Thus, the results from this chapter proved
that SNNs are effective in analysing, processing, learning, and understanding spatiotem-
poral data, and hence, our first hypothesis that EEG data is spatial-temporal in nature
if analysed considering both the aspects — spatial and temporal using SNN could be
separate healthy and depressed individuals and provide better interpretability of brain
activity is validated and accepted.

However, the classification accuracy achieved by the NeuCube SNN architecture
was less, i.e., between 65% and 75% because the difference between depression scores
of healthy and mildly depressed people was less. This research further improves the
classification accuracy of SNN models and studies the biomarkers of depression in

Chapter 5.
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NeuCube is a complex SNN-based architecture for knowledge extraction and pat-
tern recognition from spatiotemporal brain data. The deSNN algorithm of NeuCube
considers the arrival of the first spikes on the input synapses (the neuron is allowed
only to fire once) to learn the input pattern and assigns a class label to it. However, it
neglects the rest of the firing pattern of the output neuron. Thus, to further increase
the performance of the SNN model, we propose a novel SNN architecture that utilises

complete temporal patterns.

3.6 Chapter Summary

A 3D reservoir-based Neucube architecture (the first phase of our research study) was
presented in detail, forming the baseline and inspiration for developing novel SNN
frameworks in this study. This chapter showed the capability of spiking neurons and
the feasibility of employing SNNs for depression detection. Comparative analysis of
SNN with MLP and LSTM models and better interpretation of brain activities through
SNN and unsupervised learning demonstrated that SNNss effectively analyse, process,
learn and understand spatiotemporal data. Further, the unsupervised STDP learning
algorithm with the supervised deSNN algorithm led to the creation of unique patterns.
These unique, distinguishable patterns in healthy and depressed groups projected over
the 3D brain-like structure of SNNr provided a better interpretation of the results.
These patterns described in the visualisation module developed over time inspired
us to investigate the temporal patterns hidden in spiking neurons. Thus, to increase the
performance of the SNN model, we started working on the second phase of our research

to propose a novel temporal-based SNN architecture, as described in the next chapter.



Chapter 4

Utilizing the Neuronal Behaviour of
Spiking Neurons to Recognise Music

Signals based on Time Coding Features

In the first phase of this research study, we used SNN-based NeuCube architecture to
classify spatiotemporal data such as EEG signals. To simplify the understanding of
hidden temporal patterns in spiking neurons, we have utilised music signals similar to
EEG (temporal nature).

In this chapter, the physical organisation of neurons and the classification module
from the existing 3D NeuCube architecture are modified to enhance the performance
of SNN. The supervised deSNN algorithm from the NeuCube framework considers
only the order of the first spike of the output neurons. On the other hand, the proposed
2-layered novel SNN architecture utilises the complete temporal pattern of the output
neurons for the classification of music signals. Furthermore, this chapter presents a
comparative analysis of rate and temporal coding techniques to understand the neural
mechanisms of information processing in spiking neurons.

This chapter addresses the following research questions:

107
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1. Will spiking neurons encode enough rhythmical features in the spike train from

EEG signals to categorize different groups of subjects?

(1) How to recognise spike patterns in the spike train from music and EEG

signals to categorise different groups?

(1)) How can the rate and temporal coding techniques be leveraged to build
a computationally efficient SNN in classifying and recognising musical

instruments and depression?

These research questions are explored based on hypothesis H2: Spiking neurons
containing valuable temporal data can encode the rhythmic behaviour of EEG signals.
If the proposed SNN architecture can encode the rhythmic nature of music signals, it
will perform well for EEG classification as well.

We wanted to test the proposed architecture and the capability of spiking neurons to
learn the input representation for classification purposes. Hence, we initiated the second
phase of this research from a musical perspective which has been the most exciting part
of this research. This chapter provides details of our proposed SNN architecture, and
the architecture is applied to music signals. Further, the proposed architecture is applied

to EEG signals for depression detection, described in the next chapter.

4.1 Introduction

4.1.1 EEG and Music Signals

The rhythmic nature of EEG and music signals are illustrated in Figures 4.1 and 4.2,
respectively.
The x-axis is time, and the y-axis is the voltage potential measured by an electrode

placed on the scalp. The dynamical nature of EEG signals with temporal fluctuations
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Figure 4.1: Distinctive Rhythms in EEG signals from (Abhang et al., 2016)
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at different frequencies is observed during sleep, rest, analytical mind, and busy mind
states. EEG signals contain bands like gamma, beta, alpha, theta, and delta, with

frequencies ranging from 0.1 Hz to more than 100 Hz.

b b - - - g - v

Figure 4.2: Rhythmic Nature of Music Signals: (a) raw signal (b) Smooth waveform from (Heo
etal, 2013)

Figure 4.2 shows the dynamical aspects and temporal changes in music signals. The
x-axis in the music signals represents time, and the y-axis represents different frequen-
cies. In other words, music signals have frequency and time domain characteristics that
make them two-dimensional data, i.e., spatiotemporal in nature.

The music and EEG signals are temporal in nature; however, EEG signals are more
chaotic and complex. On the other hand, music plays a vital role in our lives. Music can
inspire us, make us feel our emotions, heal us, and make us sleep. Psychologists and
Neuroscientists use music therapy for patients suffering from Parkinson, depression,
and other mental disorders (Z. Doborjeh et al., 2019).

Thus, considering their similarities in terms of temporal nature, we validated and
evaluated our proposed dataset on simple music signals. Additionally, the fact that
music therapy is used to treat depression further motivated us to approach our research

problem of depression detection through a novel SNN-based architecture from a musical
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perspective.

4.1.2 Neural Coding

The deSNN architecture in the NeuCube framework used the time-to-first spike coding
scheme of the output neurons to infer the class of the samples. To improvise the SNN
performance, we wanted to use the metrics derived from the properties of spiking
neurons by exploiting all the neuronal information.

Understanding how a neuron perceives and processes information that it receives
is referred to as neural coding (Gollisch & Meister, 2008). Interpreting the nature of
neural code will help to exploit the neuronal information extensively. In the presence of
a stimulus, the internal state of a neuron is affected, and spikes are released. Based on
the effect of stimulus or pre-synaptic inputs on neurons, neural codes can be broadly
divided into rate-code and temporal code (Hubel & Wiesel, 1959, 1962; Brette, 2015).

When the number of spikes is directly proportional to the intensity of the stimulus,
it is termed a rate-coding scheme. Poisson’s model is the mathematical framework used
to generate spikes where the intensity (real value) of the stimulus is considered as the
firing rate or frequency of spikes. When the information about the stimulus is identified
in the timing of spikes, the nature of neural coding is termed temporal code. The time
of the first spike, the time interval between two spikes (inter-spike interval), the time
difference between a pre-synaptic spike and post-synaptic spike, and spike bursting are
different types of temporal coding schemes (Guo, Fouda, Eltawil & Salama, 2021).

Rate coding is the average of spikes over time, whereas temporal code is the timing
of spikes. The major difference between them is the timescale. The primary visual
cells need to operate within ten milliseconds (ms) of resolution (S. J. Thorpe & Imbert,
1989). Additionally, the bits of information transferred using the rate coding scheme

within ten (ms) is logs(n + 1) whereas using the temporal coding schemes, neurons can
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transmit logo(n!) bits of information (S. Thorpe & Gautrais, 1998). Thus, rate coding
schemes or the firing rate of spiking neurons are considered inefficient for information
processing. On the other hand, there is an ongoing debate over rate coding versus
temporal coding. In other words, is the information encoded in the rate of firing or in
the timing of spikes? (Brette, 2015).

Thus, with our proposed architecture and by analysing the neuronal behaviour
using different temporal coding schemes, a comparative analysis between these coding

schemes is conducted in our research.

4.1.3 Spike Train Analysis

Spike trains represent the sequences of firing times of neurons. Spike trains are analysed
to understand the temporal characteristics of neural information processing. Measuring
the discrepancy between pairs of spike trains (called spike train distance) has been the
prominent approach to analyse spike trains. This dissimilarity measure between spike
trains can be useful in classification and recognition problems. The nature of neural
information processing, i.e., rate coding, temporal coding, or both, can be indicated by
the measurement of spike train distances, and several methods have been developed
to measure this metric (Sihn & Kim, 2019; Satuvuori & Kreuz, 2018; Satuvuori et al.,
2017; Victor & Purpura, 1996; van Rossum, 2001).

Spike train distance metric designed to represent a rate-coding scheme considers
the number of spikes over a timescale divided by the time length. On the other hand,
the temporal coding inspired spike train distance metric considers the distribution of
spike times between pairs of spike trains. In other words, the former approach is
rate-sensitive, and the latter is time-sensitive and focuses on temporal patterns. Studies
have stated the importance of information encoded in temporal patterns and that they

explain various brain functions (Tabuchi et al., 2018; Logiaco, Quilodran, Procyk &
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Arleo, 2015; M. Fukushima, Rauske & Margoliash, 2015; Mechler, Victor, Purpura &
Shapley, 1998; Narayan, Grana & Sen, 2006; Machens, Prinz, Stemmler, Ronacher
& Herz, 2001). It has been suggested that precise spike timing plays a crucial role in
neural information processing (Gollisch & Meister, 2008; Butts et al., 2007; Johansson
& Flanagan, 2009).

For example, a spike train with spike timings at (1, 4, 10, 50) has a temporal pattern
similar to another train (1, 4.1, 10, 50.1, 0.9, 10, 50, 50.1) while their overall firing rates
are different. Temporal coding spike train distance can assess the divergence of temporal
patterns of neural spike trains, which may not be described by rate coding alone. Firing
rates over a temporal scale may vary. Hence, there lies ambiguity in whether the spike
train reflects temporal changes or firing rate changes, or a combination of both (Sihn &
Kim, 2019).

Precise spike timings in neural information processing play an important role, as
most studies mentioned above. Inspired by these findings, this research has implemented

a temporal coding spike distance metric for classification purposes.

4.1.4 Neuronal Membrane Potential

Most studies use spike timings or spike trains to analyse neuronal behaviour. Spikes
are generated when the membrane potential of a neuron crosses the threshold. Spikes
have constant magnitude, whereas the membrane potential keeps fluctuating until it
reaches the threshold, as shown in Figure 1.3. Approaches driven by spike timings
consider the magnitude of action potentials constant over time, and the variance is
ignored (Sarangdhar & Kambhampati, 2008). Very few studies (Xu, Zeng & Zhong,
2013; M. Zhang, Qu, Belatreche, Chen & Yi, 2018) have incorporated membrane

potential in training the spiking neural networks using a supervised learning algorithm.
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This research has incorporated membrane potential for making classification de-
cisions with an assumption that important information (information helps distinguish
two groups better) is hidden not only in the spike trains but also in the fluctuating
membrane potentials.

Thus, our proposed architecture presented in this chapter aims to achieve the follow-

ing objectives:

1. To explore the capability of a two-layer feedforward SNN in recognising the

music samples

2. To compare the rate-coding and temporal coding mechanisms using traditional

ML classifiers to make classification decisions
3. To analyse the behaviour of spike train to detect the spiking patterns
4. To identify the potential of neuronal membrane potential

5. To evaluate our proposed time coding features for spatiotemporal classification

4.2 Methods

This section details each step of our proposed 2-layer temporal-based SNN architecture.

4.2.1 Dataset Description

The piano and violin music files were downloaded from an online website (Home,
2016). Each group consists of 5 samples, and the time duration is 61 seconds. The
music signals were loaded using the Librosa python library at the sampling frequency

of 22050 H z as illustrated in Fig. 4.3. and Fig. 4.4.
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Figure 4.3: Piano Signal.
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Figure 4.4: Violin Signal.

4.2.2 Proposed 2-layered SNN architecture

This section introduces the proposed SNN architecture and explains the various methods
used. First, the data is prepared in a format that can be readily used by SNN, i.e., music
signals are encoded into 2D binary spike trains. Spike trains are propagated into the
network of spiking neurons. STDP learning is applied between the inputs and spiking
neurons in the hidden layer, from the hidden layer to the output layer, which consists
of one LIF neuron. MP and spike timings are recorded for classification and further
analysis.

Fig.4.5 describes the SNN aspects of the proposed architecture.

* Encoding

For encoding, we used spike encoding algorithms: Ben’s Spiker algorithm (BSA)



Chapter 4. Utilizing the Neuronal Behaviour of Spiking Neurons to Recognise
Music Signals based on Time Coding Features 116

MUSsIC
SIGNALS

A rnrt

Encoding erp

Figure 4.5: Novel 2-layer temporal-based SNN.

(Schrauwen & Van Campenhout, 2003a). Each music sample (frequency com-
ponents) is a 2D matrix representing the frequency value at an instant of time.
The output from the encoding algorithm is also a 2D matrix of spike trains for

each sample.

BSA is less adaptable to any alterations in the filter and threshold. Due to the
use of optimal threshold value, which smoothens the amplitude and frequency
characteristics of the signals, we have selected for encoding the analog signals of
the music dataset into sequences of binary events. In BSA encoding, the input
signals are convolved with the filter coefficients. The process of creating filter

weights (LLC, 2010) is described in Algorithms 4 and 5.

Algorithm 4 Create Filters for BSA Encoding
1: procedure CREATEFILTER(M, f., f5)

2: Compute normalized transition frequency, f; = }c—
3: Compute length_of_filter, fir =M +1

4: half =M/2

5: for x=0to : fir do

6: if (x # half):

. sin (2%7* fe *(x—hal
7 f”a[x] = ( ﬂ*(gjcc—h(alf) £)
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8: else:
9: fir[x] =2 % f;
10: end for
11: return fir

12: end procedure

In Algorithm 4, f, is the sampling frequency, f. is the cut-off frequency, and f; is
the normalised transition frequency. We have created low-pass FIR filters. The
length of the filter is equal to the number of features in the input dataset. x is
the input signal. If the number of filters is equal to 1, then all the features of the
sample will be encoded using the same filter; otherwise, if the number of filters
is greater than 1, then the number of filters must be the same as the number of
features of the data. The filter length equals the number of rows (input samples)
in the input dataset. M is the number of taps minus 1, where the number of taps
is the same as the filter length, fir. Now, for each input signal, at every time
instant, the FIR filters allow us to generate the responses using the sinc function

as described by the variable fir[x].

This process generates the sinc function weights, and a windowing technique
is applied that provides extra control over the characteristics of the filters (LLC,
2010). The window weights are calculated, in this case, a Hamming Window has
been used, and the equation is described by the variable fir(x). The two sets of
weights are multiplied together to create the final set of filter weights which are
then utilised in the BSA encoding. The FIR design is a standard implementation

described in (LLC, 2010).

The pseudocode for the BSA algorithm is explained in Algorithm 6. BSA uses the
aforementioned filter weights for converting analog waveforms to spike trains. To

convert the continuous-valued data to spike train using BSA, two error measures
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are calculated for each input analog signal s at every timestamp 7 as shown in

equations 4.1 and 4.2.

M-1
er= . abs(s(k+7) - h(k)) 4.1)
k=0
M-1
es =y abs(s(k+1)) 4.2)
k=0

where M, s, and h(k) represents the number of filter taps, input analog signal,
and impulse response of a filter at tap k, respectively, error e; is yielded by
subtracting the filter coefficients from the subsequent signal values at each time
point, and error e, is the signal value without changing at each time point. A spike
is released if e; is smaller than e; minus threshold and (k) (filter coefficients) is
deducted from the input. The optimal value for the threshold is 0.9550 according

to (Schrauwen & Van Campenhout, 2003b).

The construction of spikes from analog signals and reconstruction of signals
from spikes is carried out using a finite impulse response (FIR) filter. Using
the Differential Evolution (DE) algorithm, this encoding and decoding process
yields more accurate spike trains. The number of filters, size, and threshold value
are optimized using the DE algorithm. The optimisation is performed for each
channel in every sample. Since we have 20 channels in the input, every sample
will have 20 * 3 = 60 parameters to be optimised. The range of values for these

parameter are: th = [0.0,2.0], FIRsize = [3,50], FIRcut — of f =[0.0,0.5].

Algorithm 5 Window Hamming Technique for BSA Encoding

1: procedure WINDOWHAMMING( fir)

2: m = fir_length —1:
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3: for x = 0 to fir_length do:
4: fir(x)*=0.54-0.46 yrcos(277;—“’)
5: return fir
6: end for

7: end procedure

Algorithm 6 BSA Encoding Technique

1: procedure BSAENCODING(input, filter)

2:

3:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

for i = 1 to size(input) do:
errorl =0:
error2 =0:
for j = 1 to size(fir) do:
if (i +j -1 < size(input) :
errorl+ = |input(i + j — 1) — filter(j)|
error2+ = |(input(i +j - 1))|
end if
end for
if errorl < (error2 — threshold):
output(i) =1
for j = 1 <=size(filter) do:
if (i + 7 - 1 < size(input) :

input(i +j—1)- = filter(y)

end if
end for
else:
output(i) =0
end if

end for
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22: end procedure

* Connectivity and Unsupervised learning in proposed SNN architecture
The number of nodes in the input layer equals the number of columns in the
sample. The hidden layer consists of spiking neurons, and all the input nodes are

connected to all the spiking neurons.

The music recognition system implements the LIF neuron model as described in
Section 1.7. Standard or simple IF represents membrane potential as a function
for integrating temporally stochastic synaptic inputs or currents until a threshold
is exceeded. At this point, a spike is produced, and the membrane potential
returns to its resting potential for the next cycle. The membrane potential in IF
is, therefore, a ‘passive’ integrative component and may fire continuously in the
presence of signals. LIF, or *forgetful’ IF, allows for membrane potential to rise
in response to input but also to reduce (leak). The amount of membrane potential
leakage over time, in conjunction with refractory effects during which the neuron

is inactive, allows for the emergence of spiking rates and interspike intervals.

The sum of weighted inputs to each spiking neuron is calculated using Eq.1.4.
The membrane potential difference of spiking neurons is measured using Eq.1.1.
The dynamics of LIF neurons are modelled using Eq.1.3. The spikes of neurons

from this layer are propagated to the succeeding layer in the next timestamp, ¢ + 1.

Detection of a spike in the hidden layer instantiates the STDP learning rule.
Synaptic weights are initialized randomly, including positive (80%) and negative
connections (20%). Based on the timings of spikes of the input nodes (pre-
synaptic neurons) and the spike timings of spiking neurons in the hidden layer
(post-synaptic neurons), synaptic potentiation (Eq.1.5.) or depression (Eq.1.6.)
takes place, and the synaptic weights are updated accordingly as explained in

Section 1.1.5.
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* Novel Classification Module
This layer consists of only one spiking neuron that performs the classification
task. All the spiking neurons in the hidden layer are connected to this neuron.
The synaptic connections are adapted using the STDP rule as discussed in Section
1.1.5. For each sample, the membrane potential (voltage at each time point) and
the spike train (spike/no spike event at each time point) of the output neuron are
extracted. From this information, five metrics are computed for the next stage of

classification:

1. Firing Rate: It is calculated by dividing the total number of spikes of the

output neuron by the total stimulation time.

2. Total Membrane Potential: This is the sum of the membrane potential of the

output neuron.

3. Signal-to-Noise ratio (SNR): SNR is calculated from the membrane potential

signal as the mean of the signal divided by its standard deviation.

4. Gamma Factor: This metric which is also called the coincidence factor
(Jolivet, Rauch, Liischer & Gerstner, 2006) considers the number of coin-
cidences of spikes with a given time window, further sliding the window for
the length of the spike train i.e. the temporal information is given preference
over the overall firing rate of the neuron.

At the end of each training step, the firing times and membrane potential
of the output neuron are extracted for classification. Using the spike time,
firing rate and Gamma factor are calculated.

The coincidence factor (Jolivet et al., 2006; Kistler, Gerstner & Hemmen,

1997) defined between two spike trains is described as:

Ncoinc_ < Ncoinc )
F —

"~ 2%(Ndata+Nsry)*N
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where Ny, 1s the number of spikes in the actual (training sample) spike
train, Nggas 1s the number of spikes in the predicted (test/validation sample)
spike train, N.;,. is the number of coincidences between the two spike trains
with precision A (time window), and <N60m> = 20A N4y, 18 the number
of expected coincidences generated with same rate v as the predicted spike
train. The coincidence factor can range between 0 and 1 (both inclusive),
where 0 means the least coincident between the two spike trains and 1
denotes the maximum value when both spike trains are identical to each
other.

This factor is calculated between the spike train of the output neuron of
the test sample with all the spike trains of the output neuron of the training
samples. In other words, the gamma factor is calculated between each pair
of the test sample and all the training samples. The label of the training
sample, which has the highest gamma factor among all the pairs is assigned

as the label to the test sample and denotes the prediction.

5. Root Mean Square Error (RMSE): The RMSE value is calculated between
the membrane potential signal of the output neuron of the test sample and
all the membrane potential of the output neuron of the training samples. The
label of the training sample, which has the least RMSE value among all the

pairs, is assigned as the label to the test label.

Out of these classification metrics, firing rate, total membrane potential, and SNR
fall under the category of rate-coded metrics, whereas gamma factor and RMSE

are classified as temporal metrics.

» Evaluation and Optimisation

The metrics from the output layer are used for the classification of music signals.
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A feedback cycle checks the accuracy of test results, with optimization then used
to fine-tune the SNN parameters using differential evolution. The DE algorithm
is employed for optimizing various parameters in the encoding algorithm, LIF
neuron model, STDP learning rule, number of neurons in the hidden layer, and
range of synaptic weights. This approach analyses various parameters in the given
search space and provides the best possible solution (the best set of parameters)
through the processes of recombination, mutation, and selection to maximise the

overall classification accuracy.

In analogy with natural selection, DE generates a child population by recombin-
ing the randomly chosen parent vectors from the initial population. After the
recombination of parents, each of their children is mutated by adding a random
deviation, i.e., Gaussian white noise. All the children are evaluated on the fitness
function, and DE selects the best children to be the parents of the next generation.
These recombination, mutation, and selection steps continue iteratively until

convergence is met [terminating condition].

We have implemented Differential Evolution (DE) (Storn & Price, 1997) from
the various existing nature-inspired optimization techniques under evolutionary
computation. DE is a stochastic, population-based optimization technique based
on finding differences between candidate solutions in a population of solutions
to guide the direction and length of search steps. Each solution is called an
agent. Each agent undergoes mutation followed by the recombination operation.
The target vector is the solution undergoing evolution [initial parameters], and
the target vector is used in mutation to generate the donor vector. Finally, the
donor vector undergoes recombination to obtain the trial vector. The selection
operation chooses the best solutions only after generating all the trial Vectors.

The target and trial vectors choose the best solutions for the next generation. DE
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strategies for optimizing SNN parameters have been previously shown to improve
accuracy on classification and prediction problems (Schliebs & Kasabov, 2013).

The pseudo-code for the DE algorithm is explained in the Algorithm 7.

Algorithm 7 DE algorithm

1: procedure DE(Fitness function, lower bound (I, and upper bound (uy) of

each parameter (decision variables), the population size (/V,, termination
criteria (T), the scaling factor (0 < F' < 2) to be used in mutation and cross-
over probability (p. = 0.1))

2: Initialize a random population (P)

3: Evaluate fitness (f) of (P)

4: fori=1toT

5: fori=1to NV,

6: Generate the donor vector (V) using mutation
7: Perform crossover to generate offspring (U;)
8: end for

9: fori=1to N,

10: Bound (U;)

11: Evaluate the fitness (fy,) of (U;)

12: Perform selection using (fy,) and (f;) to update (P)
13: end for

14: end for

15: end procedure

4.3 Experiments and Results

This section details the experiment design as illustrated in Figure 4.6, starting from the
dataset to the classification decision and results to validate and evaluate our proposed

architecture.
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4.3.1 Experiment Design

Z-Score Normalisation is used as part of the pre-processing method. No other pre-
filtering techniques such as representing recording intervals and window size, or apply-
ing noise reduction techniques, were used. The aim is to test the capability of spiking
neurons to distinguish musical instruments without such data cleansing steps, as would
be usual with other techniques.

The following pseudo-code enclosed in frame boxes represents the dataset configur-
ation, the algorithmic step for calculating the neuron’s membrane potential, propagation
of spikes, and the computation of synaptic weights. These steps can be defined into the

following implementation phases, as described below.

Input to Network of Spiking Neurons

* Initialization: This step initialises the number of spiking neurons in the hidden
layer, connects the input layer to the hidden layer with full connectivity, and
randomly assigns weights to these synaptic connections. The input nodes act
are pre-synaptic inputs to the post-synaptic neurons in the hidden layer. Also,
all the spiking neurons in the hidden layer are connected to the output neuron.
The encoded data is divided into a training set (80%) and a testing set (20%). k

defines the number of splits based on the cross-validation technique selected.

Initialization:

1: data = read(data)

2: initializeNetwork()
3: train, test= split(data)

4:k=1,2..n

* Propagation: After the network initialisation, the training set is divided into the
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Figure 4.6: Experimental Setup.

train and validation sets. To avoid overfitting, the test set is not introduced during
the cross-validation step of the training process. We have implemented the Leave-
One-Out cross-validation (LOOCYV) technique (Hastie, Tibshirani, Friedman &
Friedman, 2009) is used as we have used only ten samples in all. Pre-synaptic
spikes, i.e., the encoded data using the BSA process, are then propagated into the
network of spiking neurons. The active neurons, i.e., neurons in the hidden layer
that released spikes, are considered for propagating these spikes to the output
layer. This further makes our architecture energy efficient. The efficacy of the
synaptic connections from the input layer to the hidden layer and from the hidden
layer to the output layer is updated when the neuron’s membrane potential crosses

the threshold using the STDP rule.
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Propagate:

1: for each neuron
computeMembranePotential()
detectFiredNeurons()

end for

2: for each firedNeuron:
propagateSpike()

end for

3: for each timestep:
update_status_inputnodes()
call Propagate
update_Weights()

end for

 Train and Test Processes: 80% of the training samples are divided into trainData
and validationData.During the SNN training, spikes are propagated throughout,
the membrane potential is computed and synaptic weights are updated using the
STDP rule. For each validation sample, the accuracy of the model is evaluated,
and the trained weights are stored. During the testing process, the unseen 20% of
the dataset, i.e., the test set, is propagated throughout the network. For each test
sample, the accuracy of the model is evaluated. Finally, the performance of the
model is evaluated by averaging the accuracies of the cross-validation and testing

processes.
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Train and Test Processes:

5: validation_accuracy = list()

6: foriink:
trainData, validationData = cv_spilt(l, k, train)
model = fit(trainData)
accuracy_train = evaluate(model, validationData)
validation_accuracy.append(accuracy_train)

end for

7: model = fit(train)

8: accuracy_test = evaluate(model, test)

Output layer and Classifier: Evaluation Module

The music instrument recognition is a binary classification problem; hence, the output
layer consists of only one LIF neuron model. The firing activity and the membrane
potential of the output neuron are recorded during the training and testing phase. As
mentioned earlier, five different temporal metrics are used for the classification decisions.
For rate coding metrics, traditional ML classifiers using the Weka library (Garner et
al., 1995) are implemented, and temporal metrics are derived using Gamma and RMSE
factors. The labels to the validation and test samples are decided on the basis of similar
temporal patterns observed among them and training samples, as discussed in the
proposed architecture above. The label of the training sample, which is the closest of
all pairs, is assigned as the label of the current sample.

To summarise, the dataset is split into train (80%) and test (20%) sets. The network
is initialized with input nodes equal to the number of columns, i.e., 40 in the encoded
data, and the simulation time 1000 is equal to the number of rows. The hidden layer
and the output layer are implemented using LIF neurons. Within the 80% training

set, we have applied the leave-one-out cross-validation technique (Hastie et al., 2009)
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for evaluating the performance of the network. BSA encoded data is then propagated
throughout the network of spiking neurons. As the neuronal membrane potential crosses
the threshold, a spike is emitted, and spike time is recorded. For each fired post-synaptic
neuron, the synapses are strengthened if the pre-synaptic neuron is fired before the
post-synaptic neuron and vice versa. Thus, the spiking neurons, along with STDP,

produce spatiotemporal patterns.

Accuracy: Optimisation Process

We used DE optimization during the cross-validation process to best optimize the SNN
parameters. For the music recognition problem, the total number of evaluations is

shown below in the frame box:
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The number of evaluations for optimising various SNN
parameters in our proposed 2-layer temporal-based SNN

architecture:

* 7 SNN parameters: Threshold and refractory
time of LIF neuron model, maximum potentiation
(A,) and depression (A_) in STDP learning rule,
the number of spiking neurons in the hidden layer,
the range of synaptic weights (minimum and max-

imum value)

e Differential evolution: 70 candidate solutions

(number of parameters x10), 100 iterations
* Every candidate solution: 30 models

e Total number of evaluations = 70 = 100 * 30 =

210,000

4.3.2 Results
Dataset

Short-time Fourier transforms (STFT)(McFee et al., 2015) was applied to extract fre-
quency components from the music signals. Fig. 4.7 and Fig. 4.8 show the frequency
spectrum of the respective signals. In a spectrum representation plot, the x-axis rep-
resents time; the y-axis represents frequencies, and colours represent the magnitude
(amplitude) of the observed frequency at a particular time. STFT converts signals in a
manner that the amplitude of a given frequency at a given time is known, and, in this

case, the STFT function returns data in the time-frequency domain with dimensions of



Chapter 4. Utilizing the Neuronal Behaviour of Spiking Neurons to Recognise
Music Signals based on Time Coding Features 131

1025 rows and 2628 columns. For the experimental demonstration, only 20 columns
(center) have been selected to explore the capability of SNN with less computational
cost. For the proper brain circuity to be developed, the neurons produce negative and
positive feedback signals during the generation and flow of neurotransmitters. (Takano,
Funahashi & Kaibuchi, 2019). To incorporate this concept, we have 20 positive and 20
negative connections from the input to the hidden layer in the proposed SNN architec-

ture.
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Figure 4.7: Spectrum for Piano Signal.
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Figure 4.8: Spectrum for Violin Signal.

Data Encoding

For music instrument recognition, the BSA encoding (Schrauwen & Van Campenhout,
2003b), which is a part of NeuCube’s framework, is used to convert the music signals

(real number) into spike train (binary data).
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Figures 4.9a and 4.9b represent a violin signal and its corresponding spike encoding.
The x-axis shows the time duration, and the y-axis represents the amplitude in Fig. 4.9a.
The blue color in Fig.4.9b indicates the occurrence of the spike at that time instant on

crossing the threshold value.

20
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(a) Input Analog Violin Signal (b) Spike representation for violin sample

Figure 4.9: Data Encoding: (a) x-axis represents time, and the y-axis represents the amp-
litude.(b): x-axis represents time, and the y-axis indicates a spike where 0.5 is the spike
threshold. The absence of blue lines indicates no spike.

Performance Evaluation

Our main focus at every point in this research was the maximum utilisation of all
information obtained from the spiking neurons. Averaging the number of spikes over
the entire time length, i.e., FR, calculating the sum and SNR from the membrane
potential resulted in the loss of temporal data. Fig. 4.14., Fig. 4.15., Fig. 4.16. and
Fig. 4.17. clearly illustrate the rhythmic behaviour hidden in the spike train. Thus, we
realized the need to incorporate a metric that processes the temporal information and can
aid in classification performance. Hence, we decided to incorporate a coincidence factor
called Gamma (I") factor (Jolivet et al., 2006) as the criteria to classify the samples.
The gamma factor considers the temporal information (spike times), which produced
a classification accuracy of 92.38% with optimal parameter setting as shown below in

Table 4.2. Further, the membrane potential signal contains the value of the voltage at
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Table 4.1: Performance Evaluation of ML Classifiers

Sr No. Classifier Metric Threshold | No. of neurons | Weights(min,max) | Mean Acc. (%)
1 SVM FR 0.542374 74 0.01,0.366542 75.5
SNR 0.031405 49 0.01,0.109176 59.34
MP_SUM | 0.32567 67 0.03,0.565800 72.87
2 Decision Tree FR 0.089848 43 -0.26654,1.15908 79.50
SNR 0.282274 75 -0.17485,0.638234 78.55
MP_SUM | 0.276826 77 -0.62101,0.880077 78.87

Table 4.2: Performance Evaluation of temporal metrics: Gamma and RMSE

Sr No. | Metric | Threshold | No. of neurons | Weights(min, max) | Mean Acc. (%)

1 Gamma | 0.311189 o4 -0.508710, 0.880842 92.38

2 RMSE 0.3964 67 —-0.288482,0.9027 93.19

each time step. Hence, the root mean square error was calculated at each time step from
the signal.

As in previous experiments, in the above-mentioned Gamma and RMSE experiment
setting, the network was trained using STDP, and the firing times (spike train) and

membrane potential was extracted from the output neuron. The coincidence factor and

RMSE were calculated between the test/validation sample and all the training samples.

The label of the closest training sample was assigned as the label to the test/validation
sample, and classification accuracy was recorded as shown in Table 4.2.
We also performed classification using rate coding mechanisms by computing the

following properties from the output neurons: firing rate (FR), the sum of voltages

(MP_SUM), and signal-to-noise ratio computed using membrane potential (SNR).

These features were used in different combinations to support vector machine and
decision tree classifiers. Top accuracies have been recorded as shown in Table 4.1

To compare the performances of all models, we performed the paired t-test statistical
analysis. The significance value, p, was set to 0.05, and the null hypothesis (HO) was,
“There is statistically no significant difference between the accuracy of each paired

model.”
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We have implemented the SNN model with nine different classification criteria;
hence, we have 36 pairs of models (considering only the top left of the symmetric t-test
matrix). For all the combinations, the significance value was far less than 0.05 except
for SNR_Weights-MP_SUM, where the p-value was 0.013. Thus, we rejected the null
hypothesis except for this pair and concluded that the performances of the other models
were significantly different.

Further, we performed the Friedman test (Friedman, 1937) as shown in Table 4.3
to test and rank all the implemented models. After analysing the mean rankings, the
model with RMSE as a classification criterion achieved a mean rank value of 8.69, the
highest amongst all models, followed by the model implemented with the gamma factor.
We could thereby infer that the temporal coding mechanisms carry more information

relatively.

Table 4.3: Friedman Test

Sr No. | Classification Criteria | Mean Rank
1 RMSE 8.69
2 Gamma 8.26
3 FR 7.01
4 MP_SUM 4.64
5 SNR 4.43

For the posthoc analysis, we used the Wilcoxon signed-rank (Wilcoxon, 1992) test,
a non-parametric statistical hypothesis test used to compare two related samples. Here,
we compared the accuracies of gamma and RMSE factors with all the other criteria.
We discovered that in all 70 runs, the score of the gamma factor was higher than FR,
MP_SUM, and SNR. The performance of gamma and RMSE factors had 32 ties, six
negative rankings (RMSE<gamma), and 32 positive rankings (RMSE>gamma). When
analysing the performance of RMSE with other models, it was a win situation for
RMSE. The conclusion after this analysis proves that temporal coding outperforms

rate-coding mechanisms. Comparative analysis with traditional ML implies that SNN
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can process spatiotemporal data with acceptable performance.

Thus, the overall accuracy experimentally recorded in Table 4.1 and Table 4.2
along with the statistical results, Table 4.3 concludes that the temporal dynamics of
the neurons captured in its firing activity and membrane potential signal producing
rhythmic patterns play an essential role in the classification task.

The spike trains and the membrane potential thus carry useful information for
discriminating samples from different groups. As we observed in the spike train
analysis, gamma, and RMSE criteria, this initial SNN architecture performs accurately
when the classification criterion includes the temporal dimension of the spiking neuron

for distinguishing violin and piano signals.

Visualisation: Neuronal Behaviour

This section discusses results and different spike train analysis techniques showing the
rhythmic behaviour of spiking neurons, thus distinguishing the piano and violin signals.
This nature of spiking neurons is evident because of their capability to process spati-
otemporal information. The spike train analysis reflects aspects of neural functioning
that affect learning.

Fig. 4.10. and Fig. 4.11. shows the firing rate of all the neurons in the network.
We have 40 input nodes, 60 hidden neurons, and 1 output neuron. The firing rate of
the hidden and output neuron in the piano class lies within the range of 0.02 and 0.03,
whereas for the violin class, it lies between 0.06 and 0.07. The initial exploration of the
rate coding scheme led to further analysis considering the temporal dimension.

In Fig. 4.12. and Fig. 4.13., the x-axis represents the time component, and the
y-axis represents the neurons. The blue dot symbolizes a spiking event i.e.; the neuron
has emitted a spike at the given time. Violin samples excite the network much greater
than the piano class. This firing activity reveals the temporal pattern hidden in the

spiking behaviour of neurons and proves to encode more rich information than the
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Figure 4.10: Firing rate for piano class.
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Figure 4.11: Firing rate for the violin class.

Inter Spike Interval (IS]) is the time difference between each two successive spike
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Figure 4.14: Inter Spike Interval of the output neuron in the piano class.
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Figure 4.17: Number of spikes in the violin class.

arrival times at the output neuron as illustrated in Fig. 4.14 and Fig. 4.15. The x-axis
shows the number of times the neuron is fired, and the y-axis shows the difference
between the spike arriving at time ¢,¢+ 1,¢+ 2 and so on. There is a noticeable
difference in the pattern of ISI for both classes. Extracting information from temporal

encoding shows the power to be useful for classification purposes.

4.4 Conclusion and Discussion

The proposed 2-layered temporal-based SNN with Gamma and RMSE as the classifica-
tion criteria successfully distinguished two musical instruments with a classification
accuracy of 92.38% and 93.19%, respectively.

The findings of this chapter are a) highlight the importance of temporal-based
spiking features for time-series classification, b) the strength of SNN with less number

of neurons (less than 70) and few training samples (10 samples in total) achieving
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higher accuracy, c¢) the application and relevance of coincidence factor and RMSE
computed from spike timings and neuronal membrane potential respectively to estimate
the category of the input d) demonstrate structurally optimised networks for producing
distinguishable spiking activity using DE, a derivative-free optimisation strategy, and e)
demonstrate the crucial role of analysing neural firing patterns which can potentially
contribute in feature binding process.

Understanding the rhythmic nature of these neurons through analysing neural activ-
ity gave insights into the behaviour of two different musical instruments. The attributes
derived from voltage and spiking timings of the output neuron proved our second
hypothesis that temporal patterns in neuronal information could boost classification
performance.

The future work of this research includes a) the SNN model is yet to be tested
on a benchmark dataset, b) hybrid computation of weighted Gamma and RMSE as
classification criteria as shown in Equation 4.3. RMSE is weighted more than Gamma
as it produced better results, c) evaluates the proposed deep SNN on polyphonic music
signals and d) this research opened a research avenue in the music domain as well by
implementing a layered SNN, which can be further extended to study the impact of

music on the brains of these patients (Z. Doborjeh et al., 2019) (Shah et al., 2019).

GammaRMSE = [0.6(RMSE) * 0.4(Gamma)]/2 (4.3)

4.5 Chapter Summary

This chapter discussed the importance of a layered organisation in ANNs, the com-
mon nature of EEG and music signals, the significance of rate and temporal coding

techniques, the introduction to spike-train distance, and the relevance of under-utlilised
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neuronal membrane potential. We presented our 2-layered temporal-based SNN archi-
tecture, outperforming ML models with rate coding techniques for recognizing piano
and violin signals. The results showed that the temporal coding techniques outperform
the rate coding techniques, thus, demonstrating the significance of temporal information
encoded by spiking neurons from the input representations.

This architecture validated our hypothesis and proved a breakthrough in Automatic
musical instrument recognition (AMIR) using SNNs. This research contributes to the
music domain and has been published as a journal (Shah et al., 2022).

The second phase of this research is completed with Chapter 4. In the next chapter,
the performance and effectiveness of our proposed architecture are demonstrated on

another spatiotemporal dataset - EEG signals.



Chapter 5

SNN Opportunities for EEG
Classification: Strategic Information

Flow and Identification of Biomarkers

This chapter provides a methodology for applying SNNs to produce temporal-based
feature extraction and classification of EEG signals.

Chapter 3 explored the capability of spiking neurons and STDP in distinguishing
healthy and depressed groups using the NeuCube model. The overall accuracy of the
NeuCube model for classifying depressed versus healthy subjects was 68.18% (EC) and
72.13% (EO). In Chapter 4, the proposed temporal architecture with the RMSE metric
as the classification criterion performed well amongst the other rate coding and Gamma
metrics for musical instrument recognition.

In this chapter, we apply the earlier proposed architecture of chapter 4 to EEG
signals for depression detection. To test the robustness of this architecture, it is applied
to two different public datasets - Figshare and PREDICT. After EEG classification,
the traditional methods of psychology using EEG are studied to design and optimise

the SNN framework for clinical management. The efficient way for information to
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flow from EEG signals to the SNN model and prominent brain regions for depression
detection is identified using these methods.
This chapter addresses the third research question, RQ3 as mentioned in Section

1.7:

1. How to design an SNN framework to produce temporal-based feature extraction

for classifying spatiotemporal data such as EEG signals?

(1) Can the temporal neural coding techniques applied in SNN architecture

classify complex EEG datasets?

(i1)) How effectively can the temporal-based SNN architecture classify EEG

signals when combined with the traditional methods of psychology?

The first research question is answered by applying the proposed 2-layered archi-
tecture to the Figshare public dataset. The second research question is answered by
studying the role of functional connectivity between different brain regions of healthy
and depressed subjects using the PREDICT dataset.

The research questions addressed in this chapter are related to hypothesis H2:
Spiking neurons containing valuable temporal data can encode the rhythmic behaviour

of EEG signals and perform well for EEG classification.

5.1 Introduction

Classification using EEG signals faces many challenges that may be detrimental to
the classification tasks: (a) EEG signals have low signal-to-noise (SNR) ratio because
of the environmental and physiological conditions under which they are recorded,
containing many artifacts. Artifact reduction may remove useful information and is

also time-consuming. (b) Generalisation across various subjects is challenging due to
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the physiological differences between individuals. To resolve these challenges, several
researchers have developed an EEG processing pipeline for cleaning, extracting relevant
features, and applying classification/regression models to transform the low-level (raw
data) features into high-level features (after feature extraction processes like the use
of a filter, signal magnitude, correlation score, etc.). However, Al techniques have
revolutionised the handling of EEG data because of their ability to learn raw data
features automatically.

Studies from a review of 154 papers about the application of DL to EEG signals
showed that using raw EEG signals directly as input to the network yields better clas-
sification performance (Roy et al., 2019) as compared to the models with a feature
extraction module (using traditional ML techniques). CNN achieved a classification
accuracy of 87% with raw EEG signals, whereas it reached only 84% accuracy when
calculated features were used as inputs (A. Craik, He & Contreras-Vidal, 2019) for
emotion recognition. Authors in (Antelis, Falcon et al., 2020) carried out experiments
for the recognition of motor imagery tasks from EEG signals using SNN in two different
settings: in Stage 1, the authors performed the classification task after the feature extrac-
tion methods of PSD and Wavelet Decomposition (static features) with a classification
accuracy of 90%; in Stage 2, implementation with raw EEG signals (time-space prop-
erty of EEG signals) achieved a classification accuracy of 97.22%. The classification
performance was increased in stage 2 due to the capability of spiking neurons for
analysing data sequences. This strength of spiking neurons for automatic temporal
feature extraction from EEG signals was the major caveat of this study.

Such promising results allow us to apply raw EEG signals in classification tasks.
Thus, this chapter uses raw EEG signals (after removing artifacts) as input to our
proposed SNN model for depression detection.

Depression detection includes either interview based-assessment or automatic detec-

tion using computational tools. Using these computational frameworks and non-invasive
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neuroimaging tools like EEG signals or fMRI, mental illness could be detected by the
effectiveness of different brain regions’ communication with each other (J. Wang et al.,
2020; Al Zoubi et al., 2019; Kragel et al., 2022; Shim et al., 2018; M. L. Elliott et al.,
2018), or through brain activity patterns (Stevens et al., 2021) for early intervention and
better treatment outcomes. Structural connectivity refers to the anatomical organisation
of different brain regions, and functional connectivity is defined as the relationships
developed between brain regions over time. The configuration of structural connections
formulates the functional connectivity within the brain (Stevens et al., 2021).

The magnitude and direction of the information flow between two or more connected
brain regions (Ewald et al., 2013; Nolte et al., 2008) lead to pattern development over
time which is the basis for understanding functional behaviours in the brain. These
patterns and alterations are visible in structural and/or functional connectivities within
and between brain regions of affected individuals (de Kwaasteniet et al., 2013; Du et
al., 2018). Researchers have found extensive alterations in the functional connectivity
of frontal-limbic network in depressed groups (Thibodeau et al., 2006; Ahmadlou et al.,
2012). Irregularities in information processing that disrupt cognitive functioning are
also reported as one of the symptoms (Warren et al., 2015; Roiser & Sahakian, 2017;
R. Elliott et al., 2011). Analysis of information flow through inter- and intra-hemispheric
connections and long- and short-range communications are of great significance for the
clinical diagnosis and treatments (Thibodeau et al., 2006; Giintiirkiin et al., 2020).

EEG signals recorded from brain regions at timescales represent the spiking beha-
viour of neurons. On the other hand, SNNs model spiking neurons capable of analysing
temporal information efficiently. However, applying SNNs to produce temporal-based
feature extraction and classification is still poorly understood or under-explored (Khosla
et al., 2021). There is no optimal design of the SNN framework that explored these tradi-
tional approaches of information flow through inter- and intra-hemispheric connections

and long- and short-range communications from raw EEG signals.
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This integration of Al, neuroscience, and psychology can provide a way to identify
biomarkers that could possibly supplement clinical decision-making. Various EEG bio-
markers have been recognised during the study of depression. Depression is linked with
aberrant structural and functional connectivity observed in the orbitofrontal, the anterior
cingulate, the hippocampus, the basal ganglia, and the amygdala areas of the brain
(Disabato, Bauer, Soares & Sheline, 2016). Considering the Power Spectral Density
(PSD) of EEG signals, different findings have been reported in the literature: Frontal al-
pha symmetry (FAA) (Fingelkurts & Fingelkurts, 2015; Gollan et al., 2014); functional
abnormality in centro-parietal-occipital sites, and prefrontal cortex (decreased alpha
oscillations) (Wan et al., 2020); inter-hemispheric asymmetry in frontal, central and
occipital brain regions (Duan et al., 2020); lower power values (alpha and theta bands)
in central, temporal, occipital, parietal, and frontal areas of the brain for depressed
individuals as compared to a control group (Bachmann et al., 2018), differences in the
left hemisphere (C3, O1, P3, T3, F7) and right hemisphere (O2) (Hosseinifard et al.,
2013).

A good biomarker is simple, workable, validated thoroughly, and easily understand-
able by clinicians (Hahn, Nierenberg & Whitfield-Gabrieli, 2017; Gabrieli, Ghosh &
Whitfield-Gabrieli, 2015; Dubois & Adolphs, 2016). In Chapter 3, we have identified a
few potential biomarkers through FIN visualisation, and, in this chapter, we perform
extensive analysis on identifying and validating these biomarkers by evaluating the
classification performance of the SNN model using six different brain regions.

This chapter aims to achieve the following research objectives:

1. To evaluate the effectiveness of the proposed temporal-based SNN architecture

for EEG classification.

2. To design an efficient SNN framework to produce temporal-based feature extrac-

tion for EEG classification.
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(i) to optimise the information flow into the SNN, and

(i1) to identify prominent brain regions in depression

This chapter provides an opportunity to effectively integrate Al, neuroscience, and
psychology by designing an end-to-end SNN framework that can be applied in clinical

settings.

5.2 Literature Review

This section briefly overviews the existing studies using the Figshare dataset for depres-
sion detection.

The authors in this study (Mumtaz, Xia, Mohd Yasin, Azhar Ali & Malik, 2017)
proposed an ML approach using an LR model for the classification task. Feature
extraction methods involved wavelet techniques and a combination of wavelet, STFT,
and EMD approaches. The best features were selected based on the rank-based method
according to ROC criteria. One hundred iterations of the 10-fold cross-validation
technique were used for training. The model trained with features extracted from
the wavelet techniques achieved accuracy, sensitivity, specificity, and F-measure of
89.6% (+/-5.1), 81.7% (+/-11.3), 96.7% (+/-3.1), 0.77% (+/-2.9) respectively. On the
other hand, the model trained with combined features obtained accuracy, sensitivity,
specificity, and F-measure of 90.5% (+/-8.3), 91.6% (+/-5.7), 88.7% (+/-1.5), 84%
(+/-3.6) respectively.

The authors (Saeedi, Saeedi & Maghsoudi, 2020) analyzed 2,000 samples (7.8 s)
of 64 subjects (30 normal and 34 depressed) by frequency power of EEG signals and
wavelet packet decomposition entropies. They used Welch’s periodogram on every
channel to extract power bands: delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz),

beta (13-30 Hz), and gamma (30-50 Hz) allowing 50% overlap between segments
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with a Hamming window (frequency-based features). They also used the wavelet
packet decomposition technique to separate breakdown signals into certain low and
high frequencies (time-frequency based features). Approximate entropy and sample
entropy were applied to the wavelet packet co-efficients as non-linear features. The
genetic algorithm identified the best features amongst these attributes using linear SVM,
enhanced KNN, and MLP classifiers trained using a 10-fold cross-validation technique.

The statistical Student’s t-test was used to test the usefulness of the features. Gamma
power showed a significant difference between patients with depressive symptoms and
control subjects. A significant difference was observed in the non-linear features drawn
out from the signals with wavelet packet decomposition and entropies. Some of the
key discoveries of this study are: gamma power is higher in depressed individuals than
the control subjects, non-linear features indicate better performance than the linear
features, and the genetic algorithm expressed O1, O2, Pz, T6, and Fp2 EEG channels
as the highest weighted features. The authors concluded that future research should
investigate the gamma band for depression-oriented studies.

Table 5.1 shows the classification accuracy of various ML models with different

feature extraction methods.
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Table 5.1: Results of classification accuracy
(Saeedi et al., 2020)

Methods Results
1. Frequency-based features The highest accuracy
was achieved from
gamma oscillations in
all the classifiers.

SVM 87.93% (+/-4.5)

E-KNN 91.38%
(+/-3.8)

KNN 86.27% (+/- 5.2)
MLP 82.67% (5.8)

E-KNN was successful
in achieving the highest
accuracy of 92% when
trained together with all
the band powers.

SVM 89.96%(+ 5.3)

E-KNN 92.00%(+
6.1)

KNN 82.47%(+ 6.8)
MLP 88.33%(+7.2)

Continued over page
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Table 5.1: Results of classification accuracy. .. (continued)

Methods Results
2. Time-Frequency based features Best accuracy was
achieved using both
the non-linear features
as input to the E-KNN
classification algorithm.

SVM 91.38%(+ 4.5)

E-KNN 94.28%(+
3.0)

KNN 82.47%(+ 5.3)
MLP 90.00% (+ 6.8)

3. Linear and non-linear based features  Linear SVM performed
well when trained
together with linear
(power bands) and
non-linear (entropies)
features.

SVM 93.75%(+ 4.8)

E-KNN 93.10%(+
4.4)

KNN 87.93%(+ 5.3)
MLP 92.18%(6.6)

Continued over page
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Table 5.1: Results of classification accuracy. .. (continued)

Methods Results
4. Selected features by genetic algorithm Proposed weighted
E-KNN consisting of
14 features showed
the highest accur-
acy, sensitivity, and
specificity.

SVM 95.31%(+ 5.2)

E-KNN 98.44%(+
3.4)

KNN 92.18%(* 6.9)
MLP 93.75%(* 6.8)

All of the studies mentioned above include extensive feature extraction steps that
remove important information, especially sequential temporal information. Despite the
high accuracy of the classification results of EEG data, none of the papers reviewed
above reported the actual brain patterns that can be used to distinguish the groups. There
are gaps related to applying brain features underlying depression in ML.

Next, existing studies that identified biomarkers using SNN and EEG signals for
emotion recognition have been reviewed.

The authors in (Alzhrani, Doborjeh, Doborjeh & Kasabov, 2021) employed NeuC-
ube framework (a brain-inspired SNN architecture) (N. K. Kasabov, 2014) used
DREAMER’s dataset (Katsigiannis & Ramzan, 2017) for emotion recognition us-
ing EEG signals. The EEG signals were recorded by presenting stimuli in the form of
different pictures to the subjects — excitement, amusement, sadness, fear, anger, disgust,
happiness, calmness, and surprise. EEG data consisted of 128 timepoints, 14 EEG
channels (AF3, F7, F3, FCS5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, AF4), and 23 samples

of each. The average classification accuracy of this model was 94.83%, whereas MLP
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produced an accuracy of 79.69% using grid search optimisation. Further, this research
concluded that positive emotions are linked with increased neuronal activation in frontal
areas (F7, F3, AF4). In contrast, negative emotions caused an increase in synaptic
strengths in the frontal ((F4, AF3, F7, F8)) and parietal (P7, P8) regions of the brain.

Another study (He, Li & Ju, 2021) was conducted on a public dataset, i.e., DEAP
dataset (Koelstra et al., 2011) using the NeuCube (N. K. Kasabov, 2014) framework for
an emotional binary valence classification task. The EEG signals were downsampled to
128 Hz from 512 Hz. The authors chose only four EEG signals with the last 30 seconds
recording to achieve computational efficiency, so the dataset finally consisted of 32
subjects with 40 samples per subject. After using grid optimisation, the model achieved
a classification accuracy of 68.91% with 10-fold cross-validation. Further, they found
that channels F3 and F4 were more informative than Fp1 and Fp2 for this classification
problem.

Both of these used the same architecture with different input characteristics. The
second study’s performance was relatively low compared to the first one due to the
downsampling of EEG signals and four EEG channels with 30 seconds of temporal
information. Also, the deSNN module used for supervised learning utilises the first
order of spikes neglecting the rest of the temporal pattern for making classification
decisions. These studies use 1471 spiking neurons in their architecture, increasing the
computational cost. On the other hand, these studies gave us an understanding of critical
brain areas involved with negative emotions (indicative of depressive symptoms) and
positive emotions and showed the successful integration of SNN and EEG signals for

classification purposes.
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5.3 Methods

5.3.1 Dataset Description

Each subject of the proprietary dataset used for depression detection in Chapter 3
consisted of 16,383 rows (timepoints) and 61 columns (features). To have more samples
for better learning and classification performance, we divided each sample into three
more samples generating 66 samples altogether (30 depressed, 36 healthy) with 5,461
time points (rows) in each sample, keeping the number of columns (i.e., 61) consistent.
We have used different public datasets in this chapter to test and validate the effectiveness

of our proposed temporal architecture for spatiotemporal data classification.

Figshare Dataset

Wajid Mumtaz collected this dataset (Mumtaz, 2016) in 2016 at Hospital Universiti
Sains Malaysia (HUSM), Kelantan, Malaysia. He recorded the EEG signals according
to the international 10£20 system from various brain regions: the frontal lobe included
seven electrodes: Fpl, F3, F7, Fz, Fp2, F4, and F8; the central brain region had C3, C4,
and Cz; the parietal lobe included P3, Pz, and P4; the occipital involved O1, O2; and
the electrodes T3, T4, TS5, T6 covered left and the right temporal region of the brain —
19 EEG channels.

MDD patients met the internationally recognised diagnostic criteria for depression
(DSM-IV). The participants were psychiatrically examined and then identified as de-
pressed or healthy with BDI-II scores greater than ten and less than 10, respectively.
The dataset comprised 28 healthy subjects and 28 MDD patients in eyes-closed (5

minutes) and eyes-open (5 minutes) states at a sampling frequency of 256 H z.
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PREDICT Dataset

This dataset comprises 46 patients and 75 healthy controls, 121 subjects in total
(Cavanagh, Napolitano, Wu & Mueen, 2017; Cavanagh, Bismark, Frank & Allen,
2019). The depression level of all the participants was measured using BDI and the
Spielberger Trait Anxiety Inventory (TAI) through the Structured Clinical Interview
for the Depression process. The dataset consists of 64 EEG channels recorded at a
sampling frequency of 500 Hz for 4,000 ms in resting eyes closed condition. The list of
EEG channels includes FP1, FPZ, FP2, AF3, AF4, F7, F5, F3, F1, FZ, F2, F4, F6, F8,
FT7, FCS, FC3, FC1, FCZ, FC2, FC4, FC6, FT8, T7, C5, C3, C1, CZ, C2, C4, C6, T8,
TP7, CP5, CP3, CP1, CPZ, CP2, CP4, CP6, TP8, P7, PS5, P3, P1, PZ, P2, P4, P6, P8,
PO7, POS, PO3, POZ, PO4, PO6, PO8, O1, OZ, O2. Subjects with a BDI score greater
or equal to 15 were considered as the depressed group, and subjects within the healthy
group had a BDI score less than 15.

The Figshare and PREDICT datasets were used for depression detection using raw
EEG signals. Further, the PREDICT dataset was used to optimise our proposed archi-
tecture’s end-to-end design by applying traditional psychology methods for depression
detection. Since SNN is known for its small-sample learning ability (Tavanaei & Maida,
2016; Rekabdar et al., 2017, 2018), we have reduced the dataset in terms of subjects.
The SNN model was trained using 22 samples (11 healthy and 11 depressed) and tested
on eight samples (four healthy and four depressed) on both datasets. To the best of our
knowledge, SNN frameworks have not yet been applied to these open datasets for EEG

classification.

5.3.2 2-layered SNN Architecture

The proposed 2-layered temporal-based SNN architecture with RMSE metric as de-

scribed in Section 4.2.2 was used to answer the research questions.
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The following provides a brief overview of this framework for EEG classification:

1. The public dataset initially available in .edf (Wikipedia contributors, 2020) format
is transformed to .csv format using the MNE Python library (Gramfort et al., 2013).
Due to the high variability in the range of EEG values, Z-score standardisation, is

used as a pre-processing step for the EEG signals.

2. The BSA algorithm encodes the EEG signals into spike trains. The parameters of
the BSA algorithm are optimised using the DE algorithm to get accurate spike

trains.

3. All the input nodes are connected to all the LIF neurons in the hidden layer and
all the LIF neurons from the hidden layer are connected to an output LIF neuron
in the output layer. The STDP learning rule is used to adapt the weights between

these layers.

4. The dataset is divided into an 80%-20% ratio for training and testing purposes.

Leave one out cross-validation method is applied to the 80% training data.

5. The RMSE metric calculated from the spiking neuron’s membrane potential in the
output layer is employed as the classification criterion. This metric is computed
between all the training and the test/validation samples. The label of the training
sample, which has the least RMSE value among all the pairs, is assigned as a

label to the test/validation label.

6. The optimisation algorithm aimed to find the best SNN parameters. Various para-
meters governing the dynamics of the Leaky-Integrate-Fire neuron (the threshold
and the refractory period) and STDP algorithm (the maximum and the minimum
synaptic change), along with the number of spiking neurons and the range (min-
imum and maximum value) of the synaptic weights were optimised using the DE

algorithm.
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5.4 Experiments and Results

5.4.1 Experiment design

The experimental design to achieve the first research objective of this chapter to evaluate
the effectiveness of our proposed temporal-based SNN architecture for EEG classific-
ation was quite straightforward. In the case of the Figshare dataset, the central 1000
time points from 76,800 time points with 19 EEG channels per sample were used for
depression detection. This experiment tested the effectiveness of the proposed 2-layered
SNN architecture with temporal coding techniques on complex raw EEG signals. Sens-
itivity was chosen as the fitness function for this experiment. It is defined as the ratio
between how many participants were identified as depressed to how many were actually
labelled as depressed. (Note: not having enough computing hardware to speed up the
computation process was the reason to use only 1000 time points for two generations of
DE. Optimisation with 76,800 time points would have been time-consuming.)

To achieve the second research objective of this chapter, to design an efficient
SNN framework to produce temporal-based feature extraction for EEG classification,
the PREDICT dataset was used. The input from EEG signals to the proposed was
designed with different traditional approaches inspired by psychology. The following
section explains in detail the different input configurations to (a) identify the best way
of information flow from EEG data to SNN by comparing four input configurations
and (b) identify the potential brain regions. The F1-Score (Flach & Kull, 2015) was
used as the fitness function. It is defined as the harmonic mean of precision and recall
measures. Recall ensures that the model is not overlooking the people with depression,
while precision ensures it is not misclassifying too many people as having depression
when they do not. A good model will have high true positives and negatives and fewer

false positives and false negatives (Flach & Kull, 2015). In other words, a good model
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is one that will not predict a person with depression as healthy and also will not predict
a healthy person as depressed. Thus, a metric, i.e., F1-Score, that considers precision

and recall were important to evaluate the model (Jordan, 2021).

Input Configurations: Traditional approaches Inspired by Psychology

The information flow into the brain and among different brain regions affects cognitive
functioning (Warren et al., 2015; Roiser & Sahakian, 2017; R. Elliott et al., 2011),
which might indicate a mental disorder. The PREDICT EEG dataset used here consists
of 64 channels. Different brain regions considered important for studying depression
are illustrated in Figure 5.1. The EEG electrode montage for 64 channels is shown in
Figure 5.2. The EEG channels with odd numbers represent electrical information from
the left hemisphere, whereas information from the right hemisphere is indicated with an
even number on the EEG electrode.

Based on the prominent brain regions identified in depression, as described earlier,
we have extracted a small subset of EEG channels from the original dataset. Additionally,
information redundancy and computational complexity are increased with multichannel

EEG signals (Shen et al., 2020).
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Figure 5.1: Graphical Representation of the Major Parts of the Brain Structures from (Falcone
& Villanueva, 2017)

Input Strategy: Flow of Information to SNN
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Figure 5.2: EEG electrodes montage with 64 channels for recording EEG signals from
(Behroozmand & Sangtian, 2018)

After selecting a subset of EEG channels, the input module, i.e., the information flow
of EEG signals to the proposed SNN architecture, was strategised. The most prominent
and traditional approaches in psychology for clinical diagnosis and treatments include
information flow through inter- and intra-hemispheric connections and long- and short-
range communications (Thibodeau et al., 2006; Giintiirkiin et al., 2020). Inspired by
these methods, four different SNN frameworks were designed to understand these
functional connectivities in healthy and depressed subjects, as described below. The

input strategies designed were aimed at achieving the second research objective.

1. Difference in EEG channels: Studies by (Coan & Allen, 2004; Hu et al., 2011;
Deslandes et al., 2008) have found asymmetries, i.e., anatomical and functional
differences in the left and right hemispheres of the human brain. Based on this,
an input strategy was devised by taking the differences between different EEG

pairs. EEG signal information from the left hemisphere and another EEG channel
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from the right hemisphere form one EEG pair. The n*" discrete difference (i.e.,
along the column axis) between each EEG pair was calculated and then fed as
input to our proposed SNN architecture. This meant that the temporal information
was retained. The difference between the following EEG pairs was calculated
as shown in Table 5.2. "diff" indicates the n'”* discrete difference between those

EEG pairs calculated using the Numpy library in Python (Harris et al., 2020).

Table 5.2: Brain Asymmetry: Input Strategy

EEG channel 1 EEG channel 2 Input
F1 F2 diff([F1, F2])
F3 F4 diff([F3, F4])
F7 F8 diff([F7, F8])
F5 F6 diff([F5, F6])
C1 C2 diff([C1, C2])
C3 C4 diff([C3, C4])
C5 C6 diff(Cs5, C6])
CP3 CP4 diff([CP3, CP4])
P1 P2 diff([P1, P2])
o1 02 diff([O1, 02])

2. Short- and Long-distant EEG channels: As defined earlier, functional connectiv-
ity studies the temporal correlations between different brain regions. Different
approaches were examined in this study to obtain the best way to examine this
connectivity. The development of normal brain functional networks is character-
ised by a “local to distant” organization (Fair et al., 2009). Brain regions with
short-range functional connections are often specialised for modular information
processing and operate with lower time- and energy-cost. By contrast, long-range
functional connections allow integrative information processing across distrib-
uted brain systems with higher time- and energy-cost (Sepulcre et al., 2010).

The balance of long- and short-range functional connections is critical for the
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efficiency of cortical information communication and energy cost. People with
mental health issues often show changes in functional connectivity with decreases
in short- and long-range communications (Garcia-Casares et al., 2014; Guo et al.,
2016, 2017).

Table 5.3: Short-distance Electrodes: Input Strategy

EEG channel 1 EEG channel 2 Input
F1 F5 mean([F1,F5])
F2 F6 mean(F2,F6])
F3 FC3 mean([F3,FC3])
F4 FC4 mean([ F4,FC4])
FT8 FC6 mean([ FT8,FC6])

C3 P3 mean([C3,P3])
C4 P4 mean(C4,P4])
T8 P8 mean([T8,P8])
T7 P7 mean([T7,P7])
01 02 mean([O1,02])

Electrodes with less than 10cm distance between them were considered for the
classification using short-distance EEG channels as shown in 5.3. Long-distance
electrode pairs have greater than 10cm between them as shown in 5.4. The
average of each electrode pair was calculated (temporal information retained)

which then was fed as an input to our proposed SNN architecture.

The "mean" in Tables 5.3 and 5.4 represents the computation of the mean across

the EEG electrode pairs using the Numpy library (Harris et al., 2020).

3. Grouped Features: 24 EEG channels were grouped into 8 clusters and averaged

over each cluster.

Out of these four input settings, using "Brain Asymmetry" as the input to the SNN
model showed better classification performance, and hence it is considered as the best
information flow from EEG signals into the SNN model (refer to Section 5.4.2). Brain

Asymmetry or differences between the left and right sides of the brain were further
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Table 5.4: Long-distance Electrodes: Input Strategy

EEG channel 1 EEG channel 2 Input
F7 F8 mean([F7,F8])
F3 01 mean([F3,01])
F4 02 mean([F4,02])
T7 T8 mean([ T7,T8])
P7 P8 mean([P7,P8])
FT7 FT8 mean([FT7,FT8])
FC5 FC6 mean(FC5,FC6])
F5 P5 mean([F5,P5])
C6 P6 mean([C6,P6])
TP7 TP8 mean([TP7,TP8])

Table 5.5: Grouped Channels Electrodes: Input Strategy

EEG channels Input
F1,F7,F3,F5 Left Frontal: mean([F1,F7,F3,F5])
F2,F4,F6,F8 Right Frontal: mean([F2,F4,F6,F8])
C5,C3,C1 Left Central: mean([C5,C3,C1])
C2,C4,C6 Right Central: mean([C2,C4,C6])
P7,P5,P3,P1 Left Parietal: mean([P7,P5,P3,P1])
P2,P4,P6,P8 Right Parietal: mean([P2,P4,P6,P8])

T7 Left Temporal
T8 Right Temporal
Ol Left Occipital
02 Right Occipital

explored to identify the potential EEG channels that can yield functional biomarkers of

depression.

Input Strategy: Identification of Biomarkers The key brain structures identified
in the existing literature and in Chapter 3 were selected to recognise the biomarkers of
depression. This section describes the input configuration for the design of the SNN

framework to achieve the third research objective.

1. Frontal Region Asymmetry: The difference between the right and left hemi-

spheres of the frontal area was considered as the input to the SNN.

2. Asymmetry in Central Region: EEG channels across the central region of the
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Table 5.6: Frontal Region: Input

EEG channes Input
F1,F2 diff([[F1,F2]])
F3,F4 diff([[F3,F4]])
F7, F8 diff([[F7, F8]])
F5,F6 diff([[F5,F6]])

brain were chosen as the input here.

Table 5.7: Central Region: Input

EEG channes Input
C1,C2 diff([[C1,C2]))
C3,C4 diff([[C3,C4]])
C5,C6 diff([[C5,C6]])

3. Asymmetry in Central-Parietal-Frontal Regions: Asymmetry within brain regions
"Central-Parietal-Frontal" collectively was propagated to SNN.

Table 5.8: Central Parietal Frontal Regions: Input

EEG channes Input
FC1,FC2 diff([[FC1,FC2]]
FC3,FC4 diff([[FC3,FC4]]
FC5,FC6 diff([[FC5,FC6]]
CP1,CP2 diff([[ CP1,CP2]])
CP3,CP4 diff([[CP3,CP4]])
CP5,CP6 diff([[ CP5,CP6]])

)
)
)

4. Asymmetry in Temporal-Frontal-Parietal Regions: The difference within the

"Temporal-Frontal-Parietal" across the brain hemisphere was propagated to SNN.

5. Asymmetry in Parietal Region: The difference in an individual brain region
(parietal) of the left and right sides of the brain was considered as an input here.
6. Asymmetry in Parietal-Occipital Regions:

Asymmetry in "Parietal-Occipital" was derived using the difference between the

EEG channels as shown below:
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Table 5.9: Temporal Frontal Parietal Regions: Input

EEG channes Input
TP7, TP8 diff([[TP7, TP8]])
T7,T8 diff([[T7,T8]])

FT7, FT8 diff([[FT7, FT8]])

Table 5.10: Parietal Region: Input

EEG channes Input
P1,P2 diff([[P1,P2]])
P3,P4 diff([[P3,P4]])
P5,P6 diff([[P5,P6]])
P7,P8 diff([[P7,P8]])

5.4.2 Results

The first section presents the results measuring the effectiveness of the proposed
temporal-based SNN architecture for spatiotemporal classification of raw EEG sig-
nals using the Figshare dataset. Next, the results obtained by applying the traditional
methodologies from psychology to design an efficient SNN framework using the PRE-

DICT dataset are described.

EEG Classification: Figshare Dataset

Table 5.13 shows the optimised parameters for training the SNN using 1000 timepoints
of EEG signals at a sampling frequency of 32 Hz. Table 5.12 shows the descriptive

statistics of different SNN parameters.

Table 5.14 shows the average classification results of 30 runs using the same SNN

parameters as described in Table 5.13.

Visualisation: Temporal Patterns

Spike train analysis gives the opportunity to interpret the brain activity of healthy

and depressed groups through the spiking behaviour of neurons. The visualisation in
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Table 5.11: Parietal Occipital Regions: Input

EEG channes Input
01,02 diff([[O1,02]])
PO3,PO4 diff([[PO3,PO4]])
PO5,PO6 diff([[PO5,PO6]])
PO7,PO8 diff([[PO7,POS8]])

Table 5.12: Descriptive Statistics on 2" generation

SNN Parameters Minimum Maximum Mean Standard Deviation
LIF threshold 0.234228688 0.557771778 0.428488858 0.061920702
Refractory time 2.165485362  10.24575179  5.690159235 2.009474988
Potentiation magnitude 0.035910446  0.050552847 0.042802421 0.003005262
Depression magnitude 0.009559305 0.03281875  0.019422209 0.005184928

Number of neurons 82 117 93 8

Minimum weight (lower limit) -0.758657954 0.111288935 -0.227255211 0.233414785
Max weight (upper limit) 0.891598267 7.986724728 3.399135364 1.990160628
Sensitivity 0.836252703  0.936252703 0.896252703 0.018440213

Chapter 3 explained the patterns that were developed in the 3D reservoir through the
interaction of neurons with each other. Based on the spike times, the connections were
strengthened and weakened using the STDP rule. This chapter discusses the spiking
behaviour of neurons organised in a layered structure. Interpreting the sequences of
spike trains that flows from input nodes to the output layer is useful in finding temporal

patterns in both groups.

1. Raster plot:

(a) Training Data:

Figures 5.3 and 5.4 represent the behaviour of spiking neurons before

the training process for healthy and depressed groups. The encoded data

was propagated through the network of spiking neurons, and their firing

activity was recorded. Figures 5.5 and 5.6 show the firing activity of the

spiking neurons of both the groups after training. In both figures, the x-axis

represents the time duration, and the y-axis represents the neurons. The blue
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Table 5.13: Optimised Parameters for Training using RMSE metric

SNN parameters Values
LIF threshold 0.395859
Refractory time 8.97133013

Potentiation magnitude 0.022398273
Depression magnitude 0.014139193
Number of neurons 112
Minimum weight (lower limit) ~ -0.066688
Max weight (upper limit) 0.537678967

Table 5.14: Average Classification Results on X_central 1000

Sensitivity Accuracy Specificity Precision
0.83 80 % 80 % 100 %

dot represents the spiking event, i.e., the neuron has emitted a spike at the

given time.
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Figure 5.3: Firing Activity of spiking neurons before training for Healthy subjects

It is seen that for both groups, spiking neurons experienced more inhibition
during the training process. The firing of spiking neurons has decreased
post-STDP training. Spiking neurons show more excitation when stimulated

with the MDD group samples than with those in the healthy group.

(b) Test Data:

Figures 5.7 and 5.8 were produced by propagating the test samples into the
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Figure 5.4: Firing Activity of spiking neurons before training for MDD subjects
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Figure 5.5: Firing Activity of spiking neurons after training for Healthy subjects
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Figure 5.6: Firing Activity of spiking neurons after training for MDD subjects

pool of spiking neurons (the weights were not updated).

The firing activity shows a significant difference between the groups. The spiking
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Figure 5.7: Firing Activity of spiking neurons after training for Healthy subjects (test phase)
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Figure 5.8: Firing Activity of spiking neurons after training for MDD subjects (test phase)

activity of neurons appears greater in the MDD group than in the healthy group.
Thus, training the SNN model using temporal coding features separated both

groups effectively.

2. Firing rate of spiking neurons: Firing rate defines the average of the number of
spikes over a temporal scale. The firing rate of neurons depends on the intensity

of the stimulating current and the time of stimulation.

(a) Training Data: Figures 5.9 and 5.10 demonstrate that neurons emit more
spikes (greater firing rate) within the time period of 1650 seconds when
stimulated with MDD subjects. However, healthy individuals produce less

fluctuation in spiking neurons’ firing rate within the same time window.
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Figure 5.9: Firing rate of spiking neurons after training for the healthy group - the x-axis
represents the neuron number, and the y-axis represents the firing rate of the neuron

(b) Test Data: Similar spiking neuron patterns were observed during test data
propagation. The healthy group shows a constant firing rate, whereas the
depressed group shows variability in the spiking behaviour of neurons as

shown in Figures 5.11 and 5.12 respectively.

The figures illustrated here show the firing rate of all the neurons in the network.
We have 38 input nodes, 116 hidden neurons, and one output neuron. In the
training process, the firing rate of the hidden and output neuron in the healthy
class lies within the range of 0.0006 and 0.0012. However, the firing rate for the
MDD class lies between 0 and 0.014. When stimulated with the MDD samples,
the neurons have fired multiple times and with higher firing frequency. The SNN
learns spatiotemporal patterns from the input dataset to distinguish two classes.

The learned pattern is reflected in the firing activities of the spiking neurons. In



Chapter 5. SNN Opportunities for EEG Classification: Strategic Information Flow
and Identification of Biomarkers 169

0.014 -
0.012 -
0.010 -
0.008 - |
0.006 -

0004 -

0002 -

0000 . .
20 40 0 Bo 100 120

=

Figure 5.10: Firing rate of spiking neurons after training for MDD group- the x-axis represents

the neuron number, and the y-axis represents the firing rate of neuron

this case, the SNN produced less firing activity (fewer spikes) when stimulated

with healthy subjects and more firing (more spikes) during the stimulation of

MDD subjects. Now, the trained SNN model recalls these relationships during

the prediction process to predict a label to the input.

Less fluctuation in the healthy group means that, for these samples, information

received by spiking neurons was separated by large time durations. Hence,

they could not produce enough spikes, or these samples did not have enough

information, i.e., spikes to excite spiking neurons.

3. Inter Spike Interval (ISI) distribution: ISI is the time difference between each pair

of successive spike arrival times. In the figures presented below, the x-axis shows

the ranges of difference in the spike arrival times (ISI) and the y-axis shows the

number of spiking neurons under a given ISI distribution.
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Figure 5.11: Firing rate of spiking neurons for the healthy group- the x-axis represents the
neuron number, and the y-axis represents the firing rate of neuron

(a) Training Data: The ISI distribution amongst the spiking neurons of both the

groups before and after the training process is illustrated in Figures 5.13,

5.14 and Figures 5.15, 5.16.

We can see that the time difference between the firing of few neurons is
greater than 400 seconds in the healthy group during the training process
and around 100 neurons have an ISI less than 100 as shown in Figure.5.15.
On the other hand, the ISI distribution in the MDD group varies as shown in

Figure 5.16 from 0 to 1400 seconds.

(b) Test Data: Spiking behaviour in terms of the ISI illustration shown in Figure
5.17 and Figure 5.18 clearly indicates MDD subjects have a broader range

of ISI than the healthy group.

The firing rate analysis and ISI distribution of MDD show irregular spiking patterns
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Figure 5.12: Firing rate of spiking neurons for the MDD group- the x-axis represents the neuron
number, and the y-axis represents the firing rate of the neuron

compared to the patterns revealed by spiking neurons when stimulated by the healthy
groups. This leads to the conclusion that there is increased spiking activity during the
MDD stimulus.

Further, comparing the ISI before and after the training process, it is evident that the
number of neurons with less than 100 seconds of ISI has reduced from 700 to 100 in
the healthy group. Similarly, for the MDD group, it has dropped from 1000 to almost
200. The time difference between the two spikes is more distinguishable in pre and

post-STDP training, which is one reason for the inhibition of SNN. Weight analysis can

further provide details about the overall learning of the SNN model.

Overall Learning of SNN Network: Analysis of Weights

Along with the firing threshold and refractory time of the spiking neuron, the connection

strength of the synapses (i.e., the synaptic current) greatly impacts the firing activity of
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Figure 5.13: Inter-spike intervals of spiking neurons in the hidden layer before training for the
healthy group

the spiking neurons. The polarity of the synaptic weights either causes excitation or
inhibition in the SNN. A strong connection exists between weights and the number of

spikes before and after the STDP training process.

Table 5.15: Spike Statistics

Groups Pre-Training spikes Post-Training spikes
Healthy group (training data) 785 121
MDD group (training data) 1163 279
Healthy group (test data) - 118
MDD group (test data) - 156

The number of spikes decreased tremendously, post-training, for both the groups, as
shown in Table 5.15. On the other hand, the number of spikes is higher in the MDD
group than in the healthy group. Table 5.16 shows that there were more negative weights
in the SNN after the training process, and hence the SNN model experienced inhibition.

Spike train analysis using 1000 timepoints indicates significant differences in both
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Figure 5.14: Inter-spike intervals of spiking neurons in the hidden layer before training for the
MDD group
groups. Thus, our proposed SNN model could successfully classify both groups through

temporal coding techniques.

Application of Methods from Psychology to SNN: PREDICT Dataset

To design an efficient SNN framework, four SNN models and six SNN models were
implemented to achieve the research objectives: identifying the best input strategy and
the biomarkers of depression. The results for each of these objectives are described in
the following order a) Performance evaluation using F1 score for two generations of
DE b) Comparative analysis using optimised SNN parameters using accuracy, recall,
precision, recall, and F1 score c¢) Statistical analysis results: Student-t, Friedman and
Wilcoxon tests.

All of these SNN models were evaluated using cross-validation techniques and

compared against each other using their mean F1 scores. However, it is difficult to
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Figure 5.15: Inter-spike intervals of spiking neurons in the hidden layer after training for the
healthy group

200 4

175 A

t
[0 I |

Freguency
B
=

S &

Pd
LA
i

b=
I

0 200 400 GO0 8OO 1000 1200 1400
Inter Spike Time

Figure 5.16: Inter-spike intervals of spiking neurons in the hidden layer after training for the
MDD group
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Figure 5.17: Inter-spike intervals of spiking neurons in the hidden layer for the Healthy group
(test phase)
conclude if the differences between these models are real or if the results are a statistical
fluke. Thus, these statistical tests are significant in comparing the performances of these
models. All the SNN parameters in these ten models were optimised using DE. Detailed
information on the statistics of optimisation and the optimised SNN parameters are
added in Appendix A.

Efficient Flow of Information: Classification Performance

As mentioned earlier, seven different SNN parameters were optimised using DE
with an F1 score as the fitness function. Table 5.17 presents the performance evaluation
of four models on F1 score in the 2"? generation of DE.

Table 5.18 shows the average classification results of 30 runs using the optimised
SNN parameters. "Class 1" represents healthy individuals, whereas "Class 2" represents

depressed individuals.
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Figure 5.18: Inter-spike intervals of spiking neurons in the hidden layer for the MDD group
(test phase)

Table 5.18: Comparative Analysis of Input Strategies

Classification Accuracy Precision Recall F-Score

Brain Asymmetry Class 1 86.66 0.84 0.72 0.83
Class 2 80 0.74 0.74 0.74

Short-distance Class 1 66 0.55 0.5 0.64
Class 2 66 0.64 0.45 0.56

Long-distance Class 1 80 0.76 0.62 0.78
Class 2 76 0.64 0.64 0.64

Grouped features Class 1 74 0.65 0.65 0.65
Class 2 70 0.6 0.58 0.62

Further, statistical tests were conducted using the SPSS software to rank the models.
The F1 score of 70 optimization process runs for four models was used here. First, the
paired t-test statistical analysis was performed. The significance value, p, was set to
0.05, with the null hypothesis (HO) being, “There is statistically no significant difference

between the accuracy of each paired model.”
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Table 5.16: Number of positive and negative weights

Process Total Count

Before the training process

Number of positive synaptic weights 1353

Number of negative synaptic weights 3210
Post-training process

Number of positive synaptic weights 1297

Number of negative synaptic weights 3266

Table 5.17: Performance Evaluation of Classifiers: Input Strategies

Threshold No. of neurons Weights(min,max) F1 Score

Brain Asymmetry 0.44 98 -0.96,4.94 0.86
Short-distance 0.18 104 -0.95,4.13 0.68
Long-distance 0.01 103 -0.03,0.26 0.80

Grouped features 0.20 100 -0.73,3.92 0.76

SNN models with four different input strategies were implemented; hence, there
were six pairs of models for comparison. For all the combinations, the significance
value was far less than 0.05 except for one pair, i.e., "Long-distance communication
and Grouped Features," where the p-value was 0.132. Thus, the null hypothesis was
rejected except for this pair and concluded that the other models’ performance was
significantly different.

Further, we performed the Friedman test as shown in Table 5.19 to test and rank all
the implemented models. After analysing the mean rankings, the model with "Brain
Asymmetry" as an input strategy was found to have a mean rank value of 3.27, the
highest among all the input strategies. Thus, we could infer that "Brain Asymmetry" is
the most effective and best strategy for inputting data from EEG signals to SNN.

Identification of Biomarkers: Classification Performance

Table 5.20 describes the performance of different SNN model with different EEG
channels. Again, the measures represent the output of the 27¢ generation of the DE

optimisation process.
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Table 5.19: Friedman Test: Input Strategies

Input Strategies Mean Rank

Brain Asymmetry 3.27
Long-Distance Communication 2.76
Short-Distance Communication 2.07

Grouped Features 1.90

Table 5.20: Performance Evaluation of Classifiers

Classifier Threshold No. of neurons Weights(min,max) F1 Score
Frontal Region 0.05 110 -0.61,2.45 0.85
Central 0.15 92 -0.4,3.55 0.85
Central-Parietal-Frontal Regions 0.19 95 -0.18,0.15 0.83
Temporal-Frontal-Parietal Regions 0.43 85 -0.14,0.3 0.75
Parietal-Occipital Regions 0.17 113 -0.02,4.02 0.75
Parietal 0.19 86 -0.05,4.187 0.69

Table ?? describes the average performance of 30 runs of each of six SNN models

using the optimised SNN parameters.

Table 5.21: Comparative Analysis of Asymmetry in Different Brain Regions

Classifier Classes Accuracy Precision Recall F1 Score
Frontal Region Class 1 84 0.84 0.72 0.80
Class 2 74 0.70 0.69 0.70
Central Region Class 1 84 0.81 0.79 0.80
Class 2 78 0.68 0.65 0.70
Central-Parietal-Frontal Regions  Class 1 74 0.65 0.62 0.70
Class 2 70 0.65 0.67 0.66
Temporal-Frontal-Parietal Regions Class 1 72 0.65 0.65 0.65
Class 2 68 0.57 0.50 0.52
Parietal-Occipital Regions Class 1 68 0.58 0.52 0.57
Class 2 63 0.64 0.45 0.56
Parietal Region Class 1 60 0.66 0.44 0.53
Class 2 55 0.20 0.28 0.22

Further, we conducted statistical tests using SPSS to rank the models. The F1-score

of 70 runs of the optimisation process for the four models was used here. First, we
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performed the paired t-test statistical analysis. The significance value, p, was set to 0.05,
with the null hypothesis (HO) being, “There is statistically no significant difference
between the accuracy of each paired model.”

SNN models with six different input strategies were implemented; hence, we have
12 pairs of models for comparison. For all the combinations, the significance value
was far less than 0.05 except for two pairs, i.e., "Frontal Region and Central Region,"
where the p-value was 0.974. And the other is "Central-Parietal-Frontal Regions and
Parietal-Occipital Regions," with a p-value of 0.065. Thus, the null hypothesis was
rejected except for these pairs, and it was concluded that the performance of the other
models was significantly different.

Further, the Friedman test was performed to test and rank all the implemented mod-
els, as shown in Table 5.22. After analysing the mean rankings, "Asymmetry in Frontal
Regions" was found to be the potential biomarker for depression. Following this was
the "Central Region" and finally, the "Central-Parietal-Frontal Regions". EEG channels

representing these brain regions are shown in Tables 5.6, 5.7, and 5.8, respectively.

Table 5.22: Friedman Test

Brain Regions Mean Rank
Frontal 4.74
Central 4.69
Frontal-Temporal-Parietal 3.96
Central-Parietal-Frontal 3.44
Parietal-Occipital 2.89
Parietal 1.29

The performance of models with an individual brain region, i.e., Frontal and Central,
are very close to each other. Next is the model with asymmetry within brain regions, i.e.,
"Central-Parietal-Frontal." To further rank these models with individual brain regions
and collective brain regions, a post hoc analysis using the Wilcoxon test was conducted

as shown in Table 5.23. Negative ranks define the number of runs out of 70, where the
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performance of the first brain region is less than the second one. Positive ranks define
the number of runs out of 70, where the performance of the first brain region is greater
than the second one. Finally, ties represent the number of instances where each brain
region produces the same F1 score. Thus, it can be inferred that brain asymmetry with
individual regions — frontal (first) and central (second) are effective in differentiating

healthy and depressed populations.

Table 5.23: Wilcoxon Test

Brain Regions Negative Ranks Positive Ranks Ties
Central and Frontal 34 35 1
Central-Parietal-Frontal and Frontal 54 15 1
Central-Parietal-Frontal and Central 51 19 0
Frontal-Temporal-Parietal and Frontal 47 23 0
Frontal-Temporal-Parietal and Central-Parietal-Frontal 28 42 0

5.5 Conclusion and Discussion

The proposed feed-forward SNN with RMSE as the classification criterion successfully
distinguished healthy and depressed individuals using raw EEG signals. The accuracy
of the NeuCube model described in Chapter 3 for classifying depressed versus healthy
subjects EEG data was 68.18% (EC) and 72.13% (EO). The proposed feed-forward
SNN with RMSE as the classification criterion achieved an overall accuracy of 80%
in the EC state. The results showed that the complete temporal pattern of spiking
neurons contains more useful information than just the order of first spikes as used in
the deSNN classification module of the NeuCube architecture. The attributes derived
from the voltage of the output neuron proved that timely neuronal membrane potential
is as important as event-based spike data. The proposed SNN framework leveraging
temporal features offers a new methodology that provides high efficiency with fewer

EEG channels, i.e., only 19, fewer timepoints, i.e., only 1,000, and fewer training
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samples, i.e., only 22. Therefore, the hypothesis that spiking neurons can encode the
rhythmic behaviour of EEG signals that will aid the classification of the depressive
group separately from the healthy one was tested and accepted.

One of the challenges for Al is the discovery and interpretation of the patterns
formed due to the connection between neurons. Understanding these patterns, i.e.,
the neural basis, is an important goal in understanding human behaviour, emotions,
learning, memory, etc. Spike train analysis using time coding features was explored
to gain insights into the inner workings of spiking neurons. The understanding of the
rhythmic nature of these neurons through analysing neural activity gave insights into the
brain activities of healthy and depressed individuals. Existing studies (Fitzgerald, Laird,
Maller & Daskalakis, 2008; Fitzgerald, Srithiran et al., 2008) found that depressed
individuals show increased brain activity compared to healthy individuals. Table 5.15
shows increased spiking activity in depressed individuals as compared to healthy groups.

This chapter further explored the aspects of the functional connectivities between
different brain regions of healthy and depressed subjects to design an end-to-end efficient
Al framework for EEG classification. Different approaches applied in psychology using
EEG data in clinical settings were discussed. This helped us to identify the effective
way to input data from EEG signals to SNN and to associate potential brain regions
for depression detection. Brain asymmetry (intra-hemispheric communication) and
long-distance communications indicated depression, which aligns with our previous
results described in Section 3.4. Our results showed that depressive disorders are most
efficiently characterised using the brain asymmetry in the frontal region (EEG channels:
F1-F2, F3-F4, F5-F6, F7-F8). This outcome aligns with the existing studies (Kaiser
et al., 2015; J. Wang et al., 2020) and with the results produced using the NeuCube
architecture in Section 3.4. Apart from the frontal region, asymmetry in the central
brain area and within the central-parietal-frontal brain areas also showed effective

classification performance. Thus, the frontal, central, frontocentral, and central-parietal
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asymmetries, i.e., F1-F2, F3-F4, F5-F6, F7-F8, C1-C2, C3-C4, C5-C6 and within FC1-
FC2, FC3-FC4, FC5-FC6, CP1-CP2, CP3-CP4, CP5-CP6 are identified as potential
biomarkers of depression.

Future research could allow the SNN parameters to evolve further from the 27¢
generation to the 100", In the proposed architecture, the threshold of all the spiking
neurons is the same. However, the real neurons in the brain have different properties.
The threshold of spiking neurons in the next layer could be calculated based on the
firing rate or ISI of spiking neurons in the previous layer. Additionally, based on the
complexity of the problem, more complex neuron models, i.e., biophysical models with
neurotransmitters and neuroreceptors with reinforcement learning-based STDP should
be implemented in the future.

The depression detection presented in this thesis consists of binary classification, i.e.,
healthy and depressed groups. The depressed group can be further classified into three
subgroups: mild, moderate, and severe depression. Thus, after binary classification,
future work is required to classify these sub-groups of the depressed group. There are
two possible solutions to approach this problem: a multilabel classification model or a
regression model predicting the depression score. SNN-based ensemble classification
and regression models could potentially be the technique to resolve such problems.

Since brain asymmetry proved to be potentially successful in separating depressed
and healthy individuals, synchrony among the neurons across different brain regions
would provide a better understanding of brain activities in healthy and depressed

individuals. This neuronal behaviour could be explored in the future.

5.6 Chapter Summary

The results from the experiments showed that the proposed architecture characterising

the temporal associations within EEG signals proved efficient and successful on two
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different open datasets. The importance of temporal-based spiking features for spa-
tiotemporal classification and the crucial role of analysing neural firing patterns for
interpreting brain activities is discussed. Different brain regions are investigated in this
chapter to identify the functional biomarkers of depression.

The difference in the electrical activities of the left and right hemispheres, i.e., brain
asymmetry, stood out as the best strategy of information flow, and the frontal lobe as
the most prominent brain region. The thorough experimentation with the proposed
architecture with two different public datasets proved the robustness of our architecture.
The results for identifying the best input strategy and biomarkers detection correlated
with the existing studies in psychology. These findings established an excellent construct
validity of the proposed SNN model, and our third hypothesis that changes in the brain
reflected in bioelectrical activities could produce distinguishing temporal patterns for
classification is accepted.

Thus, it can be concluded that the traditional approaches in the psychology of
analysing hemispheric differences across the brain regions (frontal, central, and central-
parietal-frontal) should be considered as an input to a temporal-based SNN architecture
for the classification of raw EEG signals. Along with music instrument recognition,
this thesis has laid the foundation for using SNN models to augment clinical decisions
through methods, classification performance, and insights using temporal patterns.

This chapter will be published as a journal paper.

The third phase of this research is completed with Chapter 5. The proposed 2-
layered architecture was tested and validated on three different spatiotemporal datasets —
music, Figshare, and PREDICT. From a 2-layered architecture, this research enters the

final phase of proposing a novel deep SNN framework in Chapter 6.



Chapter 6

Design of Binary filters for
Spatio-temporal Spike Feature
Extraction using Hybrid Coding

Techniques

Learning in the cerebral cortex involves information processing at multiple levels of
neurons (Yamins & DiCarlo, 2016) with adaptive synaptic strengths (Hebb, 1949a) and
is mainly responsible for high classification accuracies of DL architectures. To match
the performance of the SNN model with DL architectures such as CNNs, recent studies
have adopted a similar design approach to implement variations of deep SNNs. These
studies have combined the convolution and pooling operation of CNNs to extract the
features from the data and propagate them to the fully connected layer or recurrent
reservoir of spiking neurons, forming a deep SNN. The state-of-the-art architectures
use ANN-SNN conversion techniques to implement a deep SNN. The CNN to SNN
conversions are challenging as they use approximation techniques for producing spikes

in SNNs that may result in the loss of temporal feature information. In short, it is not

184



Chapter 6. Design of Binary filters for Spatio-temporal Spike Feature Extraction
using Hybrid Coding Techniques 185

currently known how to build SNN architectures that combine the advantages of both
CNNs and SNNs such that temporal features can be extracted layer by layer within a
spiking neural framework.

This chapter proposes a novel deep SNN-based classification architecture in which
higher layers use filters to learn spike-based features from spike trains. Inspired by the
filters designed to extract shapes from the hand-written digits in CNNs, hand-engineered
binary filters are proposed for spike-based feature extraction.

This chapter, presenting a new architectural model to build a deep SNN-based
architecture inspired by CNN-SNN architectures, addresses the following research

questions:

1. How far can we go in building deep SNN so that sufficient information is trans-

mitted to make the neurons fire in the next layer?

(i) What filters can be applied on the spike train to build another layer of spiking

neurons by extracting spike-based features?

The proposed deep SNN in this chapter is based on the following hypothesis: Neural
networks learn features from the input data. Applying filters at different layers in SNN

will produce better feature representations of the input data.

6.1 Introduction

Chapter 3 demonstrated the capability of spiking neurons in classifying healthy and
depressed individuals and revealed connection patterns in these individuals. The changes
in neuronal connections (synaptic weights) during the learning process formed these
patterns. Chapter 4 showed the capability of rich neuronal information being produced
by spiking neurons. The spiking neurons in the hidden layer reveal different rhythmic

patterns for music and EEG signals. The output neuron’s properties (spike times and
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membrane potential) successfully separated these two groups. The effectiveness of the
proposed architecture was tested on two public datasets in chapter 5. This architecture
consisted of one hidden layer followed by an output layer. A deep neural network is
said to have more than two hidden layers (LeCun et al., 2015). Such deep architectures
are mainly responsible for higher classification accuracies in deep neural networks such
as CNN and CNN-LSTM networks. Thus, this chapter discusses the design of deep
SNN frameworks using temporal feature extraction.

Moving from 2-layered SNN architecture, recent studies have implemented vari-
ations of deep SNNs comprising convolutional and pooling layers along with super-
vised/unsupervised learning algorithms as discussed in Section 2.2. Features are extrac-
ted by filters (convolution kernels) over the input, and subsequent layers combine the
previous layer’s filter output to learn increasingly complex and abstract features.

Understanding the behaviour of spiking neurons through spike train analysis re-
vealed the value of information hidden in temporal coding in the previous three phases
of this research. A relationship between the spike trains and neural code is required to
build the next layer of spiking neurons. Hence, hand-crafted binary filters are proposed
to develop these relationships using hybrid neural coding schemes. The central theme of
this chapter focuses primarily on exploring the SNN’s ability to classify spatiotemporal
data combined with the hierarchical feature representation capability of deep CNNss.

First, the building blocks of CNNs that have inspired this deep SNN-based architec-
ture are described. Recent ANN-SNN conversion techniques to build deep SNNs are
discussed. Following that, we propose our hand-crafted filters for spike-based feature

extraction with the algorithmic formalisation of our proposed deep SNN model.
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6.1.1 Convolution Neural Networks

CNNs (LeCun et al., 2010) are state-of-the-art NN architectures for complex analysis of
visual imagery. In multilayer perceptrons, each neuron is connected to all the neurons in
the next layer. CNNs are biologically inspired in the way that the connectivity between
the neurons is similar to the structure of the animal visual cortex. The visual cortex
consists of millions of neurons, each carrying different information. This is called
the sensory space. A receptive field is a portion of this sensory space that generates
neuronal responses when excited. In the deep learning context, the receptive field is the
restricted input region that produces features. In other words, CNNs can develop an
association between the output feature and its input region (a portion of an entire area).
Thus, CNN’s features local connectivity through two important operations: convolution
and pooling.

The hidden neurons are connected to the subset of input depending on the kernel size
provided in the convolutional layer. Features are extracted locally and later combined
to form higher-order features. Pixels become edglets, edglets become motifs, motifs
become parts, parts become objects, and objects become scenes in computer vision
applications. This suggests that vision recognition architectures (and those for other
modalities such as audio and natural language) should have many trainable stages piled
on top of each other, one for each level in the feature hierarchy. Thus, the main objective
of a CNN is to build hierarchical feature representations through multiple convolutional
and pooling layers, as shown in Figure 6.1.

In Figure 6.1, let us consider the input a coloured image. As a result, each feature
map would be a 2D matrix for each colour channel of the input. Each feature map
represents a particular feature extracted by convolving kernels at all locations of the
input. Each feature stage consists of three steps: the convolutional (filter bank layer),

the activation function that adds the non-linearity component, and finally, the pooling
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Figure 6.1: A Convolutional NN with two levels of feature extraction from (LeCun et al., 2010)

layer. The objective of the CNN is to reduce a high-dimensionality input object into its
corresponding feature representations with lower dimensions. Each layer involved in

achieving this has been described as follows:

Convolutional Layer

An input coloured image has three dimensions: height, width, and depth. The input
image is divided into local receptive fields or perceptrons with n, feature maps of
size ng * ng. This map contains information about a feature in the image. Each layer
consists of m; filters, and each filter detects a particular feature at every location on
the input image. Let each trainable filter (kernel) be denoted as K;;. The output Y;(l)
of layer [ comprises m; (1) feature maps of size ms(l) * ms(l). So, the i*" feature map
represented as Y;(/) is calculated as:

(1)

1
v =B+ Y K v (6.1)

J=1

where * represents a convolutional operation and B](.l) is a bias matrix. Kernel K l(]l )

connects the local receptive field, i.e., the j** feature map in layer (I — 1) with the *?
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feature map in layer (1).

This filter is shifted to the next position as determined by the stride size. The process
is repeated until the filter covers all the locations of the input image. As seen in Figure
6.1 over the convolutions operation, the area surrounded by the black box is the input
feature map. The size of this box is dependent on the kernel size. This box then moves
horizontally and vertically, performing the convolution operation which produces the
output feature map. Each filter extracts a particular feature in the input image. Also, the
filter is not connected to each pixel in the image. It is connected to the receptive field,
i.e., the input feature map where the filter is applied. This type of connectivity is called

local connectivity.

Non-linearity Layer

In this layer, the outputs produced by the convolutional layer, i.e., the feature maps, are
passed to an activation function. This layer creates activation maps as the outputs. The
output size is the same as the input since this layer performs element-wise operations.
In most CNNs, rectified linear units (ReLu) are used as activation functions.

In other words, the non-linearity layer [ takes the output feature maps from the

convolutional layer (I — 1) and produces activation maps or activation volumes Y;(l):

v = p(r) (62)
where f denotes an activation function. Considering ReLLU as the activation function,

the above equation can be written as:
Y " = maz(0,v,) 6.3)

This layer can be described as enforcing local competition between adjacent features

in a feature map and between features in the same spatial position.
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Pooling Layer

The pooling layer treats each activation map separately and applies an aggregation
function to the values of each activation map. Basically, this layer reduces the resolution
of the output feature map and is also known as the downsampling or dimensionality
reduction step.

A window region of size Fl(l) X Fg(l) is defined, and the pooling operation reduces
this window to a single value. The window is moved by an amount defined by the stride
number S(®). This process of reducing the spatial space is repeated until the window
sweeps all the locations of the activation maps. Max and average pooling are the two
popular reduction methods. In max pooling, the maximum value within the window
region is selected, whereas the mean of all the values within the window region is
calculated in average pooling. Studies have shown that max pooling and similar variants
demonstrate faster convergence.

Therefore, the pooling operation preserves the feature in a smaller representation

and discards less important data. This layer reduces the spatial size of activation maps,

and hence the computational cost is also decreased progressively through the network.

Fully Connected Layer

This layer is typically a multilayer perceptron network that maps the output of the
previous layers (activation volumes) into a class distribution probability. For each
category of inputs, the features are extracted using convolutional and pooling layers,
and the fully connected layer creates a stochastic likelihood representation of each
category. At this stage, an error is calculated as the difference between the expected
and actual values. The error is propagated back into the network to the neurons through
the gradient descent algorithm.

Thus, the main objective of CNNss is feature extraction and a reduction in the spatial
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region, preserving the significant features. This hierarchical feature learning in deep
CNNss has attracted recent interest in EEG-based classifications (Sandheep, Vineeth,
Poulose & Subha, 2019; Thanaraj et al., 2020; Acharya et al., 2018; Mao, Fathurrahman,
Lee & Chang, 2020). The success of CNN is dependent on many hyperparameters like
filter size, activation function, pooling size, learning rate, etc. In most of these studies,
EEG signals were considered images, where EEG data was divided into several frames.
This results in the loss of sequential spatial characteristics across multiple EEG channels
and temporal characteristics across multiple brain regions of EEG data. Understanding
the mental representations formed over time in the brain is the key to mental disorder
issues (Kadipasaoglu et al., 2015). Also, there remains a gap in understanding the
human brain’s functionality and DL architectures (Cox & Dean, 2014; Churchland &
Sejnowski, 1994).

Keeping in mind the governing principle of artificial neurons, research evolved in
the development of SNNs, which are capable of modelling spatial-temporal information
processing in the brain (Maass, 1997a) as the transfer function of neurons deals with
time and could be a potential solution to handle EEG data.

Learning in SNNs can be categorised into two groups: a) spike-based learning and b)
rate-based learning. STDP, as described in Section 1.1.5, plays an important role in the
memory and learning of the human brain (Dan & Poo, 2004; Masquelier, Guyonneau &
Thorpe, 2009). Thus, spike-based processing in combination with STDP can enable
SNNss to learn input patterns. These unsupervised SNN models succeeded in various
pattern recognition complex tasks with a full-connected hierarchical topology (Diehl &
Cook, 2015; N. Kasabov et al., 2013; Masquelier & Thorpe, 2007; Kheradpisheh et al.,
2018; Kheradpisheh, Ganjtabesh & Masquelier, 2016).

Rate-based learning techniques are indirect approaches to training that involve a
complex ANN-SNN conversion. First, backpropagation is used to train an ANN, which

is then converted to the equivalent SNN. This is achieved by mapping the activations of
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the ANN to the spiking rates of the SNN. As discussed in Chapter 2, SNNs are behind
ANN:Ss in terms of performance. To overcome this limitation, researchers (C. Lee et al.,
2018; Panda, Srinivasan & Roy, 2017; Tavanaei & Maida, 2016; Mozafari, Ganjtabesh,
Nowzari-Dalini, Thorpe & Masquelier, 2019) started moving to ANN-SNN conversion

techniques as described below (Rueckauer, Lungu, Hu & Pfeiffer, 2016).

6.1.2 ANN to SNN Conversions

ANN to SNN conversion techniques use a rate-based learning approach to increase
the SNN’s classification performance. The real continuous values obtained through
the non-linearity layer (activation functions) are converted into firing rates in the SNN.
Thus, the output from the activation function of a second-generation neuron acts an
input to a spiking neuron.

The spiking rate of a neuron is defined as the number of spikes in a given time
period. Another way to compute the spiking rate of a neuron model is by using the
input current and membrane potential. The firing rate of a LIF model from Equation
1.3 is computed as follows:

1

= 6.4
/ Tref+7m*log(% ©.4)

where T..¢ is the refractory period, 7,, is the membrane-time constant, R is the
membrane resistance, () is the sum of current supplied by the synapses and ¥ is the
threshold voltage.

When 7,¢, 7,,, and R are each set to a value of 1, the firing rate of the spiking neuron
of the corresponding input current functions in a manner similar to the ReLU activation
function in ANNSs. In the ReLU function, the output is the same as the input if the input
value is positive; otherwise, O (input value is negative or 0). This relation between the

transfer function is the basis of the ANN-SNN conversion (Hunsberger & Eliasmith,
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2016).
One of the implementations of the conversion of the output of an activation of an
ANN at each layer as an input to a spiking neuron at the same layer is described below.

The activation a! of neuron i in layer [ in ANN is described as follows:

1

N-
al := mazx | 0, Z

Wl bg) (65)
j=1
where L is the number of layers in ANN with weights VVZZJ connecting neurons from
layer [ - 1 to layer [, 1 € 1, ..., L with bias b. of neuron i in layer [. For the first layer in
ANN, the activation a" is equal to the normalised input x.

From Equations 1.3 and 1.4, the membrane potential of LIF neuron u(t)! is stimu-

lated with an input current z(¢)!

-1
Zl=7x Z Wilj@é-_l (6.6)
J
Ot =0 (u(t-1))) +2(t); -0 (6.7)

The spiking neuron accumulates the current, computes the membrane potential
u(t)} and when u(t)! crosses the voltage threshold 9, it emits a spike.

Let dt be the stimulating period of an input pattern to a spiking neuron. The firing
rate of a spiking neuron is defined as the number of spikes in a given time window 7.

For ANN-SNN conversion, an approximation is calculated by the following correlation:

al

l )
fi(T) = o (6.8)

A Poisson spike train to simulates a neuron that fires for time duration T at an

average rate of f!(7"). A random number is generated for time T and if it is less than
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JH(T), that event is considered as a spike; else no spike.
A detailed review on existing ANN-SNN conversions is provided in Chapter 2.

Training deep SNNs using an indirect rate-based approach has major drawbacks:

1. Gradient descent and BP methods are suitable for processing real-valued numbers

and are not biologically plausible (Bengio et al., 2015)
2. Longer processing times

3. Encoding the input to SNNs requires many spikes that may result in the loss of

temporal feature information.

4. Bias representation in SNNs is not simple and most of the existing architectures

neglect the equivalent component of bias

In summary, the following factors are the drivers for designing a novel deep SNN-
based architecture: the success achieved by CNNs, the capability of spiking neurons to
handle time, the efficiency of STDP in learning input patterns, and a more biological
implementation of convolutional spiking neural network architectures.

The next section presents kernels that are responsible for feature extraction from the

previous layer (low-level features) and pass on to the next layers (high-level features).

6.1.3 Binary Filters and Spike Train Kernels

Due to CNN’s capability to perform better generalisation and produce high accuracy,
it has been favoured for many computer vision tasks. However, this performance was
achievable only with deeper CNN architectures, leading to greater memory consumption.
Network compression techniques and new architectural styles were introduced with
the aim of reducing on-device memory utilisation while still maintaining performance.
With efforts to attain this, binary filters have been proposed for CNNs in (Tseng et al.,

2018). Orthogonal variable spreading factor (OSVF) codes (The MathWorks, 1999)
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popular in wireless networks were used to generate the deterministic binary filters for
convolutional layers. This architecture greatly reduced the number of parameters to
be learned in the convolutional layers as they incorporated binary weights instead of
floating point numbers. They employed a coefficient representing the strength of binary
basic vectors. Instead of updating entire filters, this architecture updated this coefficient
for the binary basic vectors responsible for filter generation. They had implemented
backpropagation to train the network.

We are not going into the details of the OSVF and training processes as we have not
incorporated them into our study. But the application of binary filters in CNN attracted
our attention. Designing filters for a spike train to extract information after one level
of spiking neurons is the central idea of this study. To this end, we examined a few
studies that applied filters (especially used in image recognition) on spike trains. The
spike trains are used to represent and process the neural information in spiking neurons,
which can integrate many aspects of neural information, such as time, space, frequency,
phase, etc. (Whalley, 2013; X. Wang, Lin, Zhao & Ma, 2016). Spike train analysis is
the characterisation of neuronal activity in a specified time window to convert discrete
values into continuous values.

Considering a spike train as a high dimensionality vector, experts (Haeusler & Maass,
2007; Jurjut et al., 2009, 2011; Nikolié, Haeusler, Singer & Maass, 2006) convolved the
spikes with exponential decaying kernels to produce a signal (real continuous values).
In (Jurjut, Gheorghiu, Singer, Nikoli¢ & Muregan, 2019) research, the authors applied
classical spike train analysis methods to quantify and study neurons’ collective and
individual behaviour. They inferred that the contribution of silent neurons is as vital as
that of active neurons in the expression of neuronal patterns. State vectors were produced
by convolving the spike train with an exponentially decaying kernel and then clustered
them using K-Means to identify the classes of state vectors. Later, analysis methods

such as smoothed peri-Stimulus time histograms (PSTH), direction and orientation
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tuning, and auto- and cross-correlograms were applied to the occurring patterns (binary
events, i.e., the spike train). Much work on the potential of applying kernel methods
on spike trains has been carried out here (I. M. Park, Seth, Paiva, Li & Principe, 2013).
Experts in this field describe various positive definite kernels to characterise the spike
train by mapping them into objects in reproducing kernel Hilbert space (RKHS) (Paiva,
Park & Principe, 2009), i.e., feature space. By applying a point-process kernel on the
spike train, which was extracted from audio signals and transformed them into RKHS,
K. Li and Principe (K. Li & Principe, 2018) achieved recognition accuracy of 95.23%
with fewer input channels and epochs.

Further, Ke et al. (Ke et al., 2020) performed hand gesture recognition using
convolutional spiking neural networks. However, here the convolutional kernels are
applied on spike trains. The first layers consist of LIF neurons which encode the
input, followed by convolutional and pooling layers. Finally, the output layer again
consists of fully connected LIF neurons. Two datasets (Strathclyde and CapgMyo) were
used for experimentation, achieving classification accuracies of 98.76% and 98.21%,
respectively. The kernels designed for computer vision applications were applied on the
spike trains.

A comparative study of coding schemes was conducted by Guo et al. (Guo et al.,
2021) to find the best neural coding scheme for information transmission between
neurons. The pixel information was encoded into spikes using these coding schemes.
Their performance was evaluated for the classification of Modified National Institute of
Standards and Technology (MNIST) and Fashion-MNIST datasets. Time-to-first spike
coding performed well as compared to other coding techniques, whereas burst coding
transferred information between neurons quickly.

All the above-listed studies demonstrated that the utilisation of spike train kernels
could allow various signal processing techniques and ML of spike trains by providing a

feature space for computation. Discrete spike trains are first converted to continuous
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functions through the convolution calculation of the specific kernel function, and then
the supervised learning algorithm is constructed for SNNs. ANN-SNN conversion
techniques are a popular design for deep SNNs, and, in this area, Kim et al.(Kim et al.,
2018) is the relevant study that proposed a deep SNN by incorporating the temporal
information of spike trains. Further, S. Park et al. (S. Park et al., 2019) used burst
spikes and hybrid coding schemes at different layers of deep SNNs. In both of these
studies, the weights of a trained DNN were transferred to SNNs. This conversion adds
complexity to the architecture and also underestimates the capability of spiking neurons
and STDP. The primary objective of this research has been to build a pure SNN-based
architecture.

Most of the works in the literature reviewed above suggested the concept of deep
learning in SNNs by combining convolutional layers with SNNs or converting the
output of the activation function from a CNN into the firing rate for spiking neurons.
There is no method that can demonstrate deep learning of input patterns in an SNN as
part of its internal learning mechanism instead of embedding convolutional layers or
borrowing the concept of spiking neurons in the CNN structure.

Taking inspiration from these studies and the spike train analysis in Section 4.3.2,
we started focusing on ways to utilise temporal information in the spike trains to
transmit information between different layers of an SNN. After observing the significant
information coded in firing spiking patterns for musical instrument recognition and
depression detection in chapters 4 and 5, respectively, and reviewing the existing articles,
we found that currently, it is not known on how to build SNN architectures that combine
the advantages of both CNNs and SNNs such that temporal features can be extracted
layer by layer within a spiking neural framework. Hence, we formulated our research
question: "What filters can be applied on the spike train to build another layer of spiking
neurons by extracting features?" and decided to build a deep SNN based on hybrid

neural coding schemes, as discussed in the next section.
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6.2 Proposed Hand Crafted Filters

One of the novelties of this research study lies in the evolved implementation of deep
SNN architecture — multiple levels of deep spiking neurons. This research presents
a new architectural model to build a deep spiking neural-based architecture inspired
by CNN-SNN architecture and kernel methods. In this section, first, we propose the
hand-crafted filters, and then we will describe how they can fit into our architecture for
classifying spatiotemporal data.

We have two options for spike feature extraction: a) using kernels, as mentioned
in section 6.1.3, and b) transforming the spike train into a different feature space or
designing hand-crafted filters. We designed simple hand-crafted 3D and 5D filters for
the initial investigations to extract features such as time-to-first-spike and time-to-last-
spike and frequency coding in a given time window and across the spiking neurons.
The proposed filters are convolved with the spike trains extracting spatial and temporal
features.

These filters count the spikes every 3 and 5 seconds of the time window. Thus, we
are utilising temporal information within a small spatial region. Considering the spike
train of all the neurons in a matrix structure, the row represents the time dimension
(t1,t2, .., t,), and the column represents the number of hidden neurons (11, ns, .., n,)
and the cell value indicates the status of the spike (1 : spike or 0 : nospike). The
following filters are convolved with the spike train to extract the spatiotemporal inform-
ation.

In SNNs, information is transmitted and processed only when the neuron emits
a spike, i.e., when the neuron’s membrane potential crosses the threshold. Spikes
are considered event-based data; they might contain little information themselves. At
the same time, the amount of information transmitted ahead should be enough to

make inferences and should not cause energy inefficiency. Maintaining this balance of
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exciting the neurons in the higher layers and implementing computationally efficient
deep SNNs is a great challenge. Spike-based strategies, i.e., different neural coding
schemes (Gerstner & Kistler, 2002) are key factors that allow the amount of information
to be transmitted.

As the stimulus information reaches the brain, the information is processed and
transmitted to the neurons of the next stage. Numerous types of neurons are located
at different human brain locations and perform different functions (Mochizuki et al.,
2016). Spike trains generated from external stimuli can be regular, irregular, or depict
some intricate temporal patterns dependent on the type of brain cell, brain area, and
stimulus. We have seen different temporal patterns in Chapter 4 for violin and piano
signals and in Chapter 5 for healthy and depressed individuals. Based on this theory
that neurons use different coding schemes at different locations and our experiments in
the previous chapters, we have proposed layer-wise neural coding schemes for building

deep SNNGs.

6.2.1 Neural Coding

Information representation in the brain by neurons is termed neural coding. The main
objective of neural coding is to describe the relationship between a stimulus and a
single neuron or a group of neurons. This research aims to study neural encoding, i.e.,
mapping from stimulus to neuronal responses. On a higher level, neural coding can
be divided into the rate and temporal coding. Rate coding is defined as the number of
spikes per unit of time. It is assumed that the information about stimulus lies in the
firing rate of neurons. When the information is encoded in spike timings or the time
difference between two spikes (inter-spike interval), the coding technique is defined as
temporal coding.

How information is processed at different levels will eventually affect the memory
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of the network. F. I. Craik and Lockhart (F. I. Craik & Lockhart, 1972) defined depth
as "the meaningfulness extracted from the stimulus rather than in terms of the number
of analyses performed upon it (p.48).” Shallow processing is when the information is
encoded based on its structure or physical qualities. In contrast, deep processing is
when we go deeper to understand the meaning of a context, word, etc. For example,
when starting this Ph.D. journey, I read everything related to SNNs, EEG signals, and
depression, but in the later stages of my research, I narrowed down this scope. I did not
read all the research papers but applied a layer of filtering and actually read very specific
papers deeply associated with my research objectives. Based on this approach, all the
information about spikes is transmitted through layer 1; for the later stages, specific

information about spikes is transmitted.

1. Layer 1: Frequency Coding — This filter calculates the number of spikes in 3s and
S5s window time.

Table 6.1: Layer 1: Frequency Coding

Ny | No | N3 | Ng | Ny

ny | Ng | N3 tl 1 1 1 1 1
t]1 |1 |1 o1 |1 |1 |1 |1
o1 |1 |1 ts1 |1 |1 |1 |1
ts |1 |1 |1 t«4 |1 |1 | 1T |1 |1
11 |1 |1 |1 |1

2. Layer 2: Time-to-First Spike and Time-to-Last Spike — Number of spikes during
the first and last seconds within the window time.

Table 6.2: Layer 2: Time-to-First Spike and Time-to-Last Spike

1|11 1|1
1/1]1 0/0[{0]0]0
0 0/0[{0]0]0
1|1]1 0/0(00]O0
I|{1]1]1]1
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3. Layer 3: Time-to-First Spike or Time-to-Last Spike — The number of spikes in
the first second of 3s and 5s time duration.

Table 6.3: Layer 3: Time-to-First or Time-to-Last spikes

1|1 ]1]1]1
1|1]1 0/0(00]O0
0 0/0(00]O0
0/0]0 0/0[{0]0]0

0/0[{0]0]0

With these filters, the flow of information is controlled at each stage, which controls
the firing of neurons in the subsequent layers. This phenomenon will ultimately lead to
feature extraction of input patterns encoded in the spatiotemporal spikes. Finally, these
patterns are fed to the output spiking neuron. Similar to the previous architectures, the
classification decision is made using the combination of RMSE and Gamma factors.

The primary objective of adding these binary filters for the convolutional operation
is to preserve the relationship between the input patterns and the spatiotemporal spike
trains. The sparsity of spikes at each layer leads to a unique temporal pattern for each

group for better classification.

6.3 Proposed Deep SNN Using Hybrid Neural Coding
Schemes

This research presents a new architectural model to build a deep spiking neural-based
architecture inspired by CNN-SNN architecture, as shown in Figure 6.2. In this architec-
ture, a spatiotemporal dataset is first converted into spike trains using a Spike Encoding
algorithm, where the input value is considered as a current to spiking neurons. Based
on the firing threshold, the network of spiking neurons will produce spatiotemporal

firing patterns (0: no spike and 1:spikes). From this step, we propose three layers of



Chapter 6. Design of Binary filters for Spatio-temporal Spike Feature Extraction
using Hybrid Coding Techniques 202

feature extraction using the three kernels mentioned in section 6.2.1. For each layer,
convolution and max pooling operations are performed. Spike coding features are
extracted and transmitted using these binary filters to the next layer of spiking neurons.
This process will produce unique spatiotemporal firing patterns for each input class.

Spike train analysis described in sections 4.3.2 and 5.4.2 reveals the spatiotem-
poral patterns produced by spiking neurons. Additionally, the classification accuracies
achieved by incorporating time dimension through the implementation of Gamma and
RMSE metrics demonstrated the capability of spiking neurons in separating two classes.
With these two caveats, a deep SNN framework is proposed to learn unique patterns
from the spatiotemporal inputs for classification purposes.

The proposed framework is as follows:

(i) Input layer consists of spatiotemporal signals.

(i1) Spike encoding: The input signals are encoded into spike trains using LIF neurons.
During the encoding process, the real values of the input signals acting as input
currents will be multiplied by the synaptic weights, and the neuronal membrane
potential is calculated. Spike is emitted if the voltage crosses the threshold value;
else, no spikes are emitted in the network. Algorithm 8 provides the pseudocode

for implementation purposes.

(i11) Spike trains are propagated to the hidden layer, producing the first layer of spike

trains.
(iv) Layer 1 kernel, i.e., frequency coding, is convolved with the spike trains.

(v) Max pooling operation is applied. This step reduces the dimensionality of spike

trains. Also, here the output consists of real values.

(vi) Spike encoding converts the output from the max pooling operation into spike

trains.
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(vii) These steps (convolution, pooling, encoding) are repeated for the next two layers.

(viii) The spike trains produced from the max pooling operation at layer three are

propagated to the output layer.

(ix) The output layer consists of the LIF spiking neuron. The classification criteria
used in this architecture are the same as those used in the previous two architec-

tures.

(x) Weights from the input layer to the hidden layer and the hidden layer to the output

layer are trained using STDP.

Algorithm 8 Spike Encoding Algorithm
1: procedure SPIKE ENCODING( features, threshold)

2: Set firing threshold, refractory period, random weights {-1,1} of size

(numo fchannels, numo ftimepoints)

3: for each input pattern do

4 for each signal in input pattern do

5: Initialise LIF neuron

6: for i <= signal duration (timepoints) do

7: Compute membrane potential according to LIF neuron where current

is calculated as the multiplication of each signal value (s;) and weight (w;)

8: end for
9: end for
10: end for
11: Spike train of size (numberofchannels, numbero ftimepoints) is produced

for each sample

12: end procedure

Thus, we have proposed a pure deep SNN architecture where encoding uses spiking

neurons, spatiotemporal features are extracted from spike trains using neural code
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schemes, and weights are trained using STDP. Classification is performed using the

spatiotemporal pattern produced by the output spiking neuron.

6.3.1 Algorithmic Design

Algorithm 9 Deep SNN for Spike-based Spatio-Temporal Feature Extraction using

Binary Filters

1:

2:

10:

11:

12:

13:

procedure SPIKE-BASED FEATURE EXTRACTION

Encode spatiotemporal data into spike trains using Spike Encoding Algorithm.
The number of spiking neurons is the same as the number of features in the dataset.
The number of time points in spike trains will be equal to the number of time points
in the data.

Create a set of positive and negative input neurons

Create network connectivity by establishing synaptic connections between input
neurons and hidden neurons (full connectivity). Negative input neurons have the
same weight value as the positive but multiplied by -1

Assign random weights between hidden layer neurons and output neuron
between {-1,1}

Create connections from the hidden layer to the output layer (full connectivity)

Assign random weights between hidden layer neurons and output neuron
between {-1,1}

Set neuron threshold, refractory time for all the LIF neurons

Set time_window = numbero f samplesindata and max_iterationvalue (for
e.g. 100)

Create training set 80% and test set 20%

while iteration <= max_iteration do

for each training input pattern do

for each input neuron do
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14: Propagate input spikes to hidden neurons using LIF neuron

15: end for

16: Adapt synaptic weights between input neurons and 1st layer of hidden

neurons according to STDP rule

17: Apply layer one kernel on spike trains

18: Perform max-pooling

19: Perform spike encoding

20: Propagate spikes to the next layer of spiking neurons

21: Apply layer two kernel on spike trains

22: Perform max-pooling

23: Perform Spike Encoding

24: Apply layer 3 kernel on spike trains

25: Perform max-pooling

26: Perform spike encoding

27: Adapt synaptic weights according to STDP rule

28: Propagate spikes to the output LIF neuron

29: Store the firing times and membrane potential of the output neuron
30: Adapt synaptic weights according to STDP rule

31: end for

32: for each test pattern do

33: for each input neuron do

34: Propagate input spikes to hidden neurons using LIF neuron

35: end for

36: Adapt synaptic weights between input neurons and 1st layer of hidden

neurons according to the STDP rule
37: Apply layer one kernel on spike trains

38: Perform max-pooling
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39: Perform spike encoding

40: Propagate spikes to the next layer of spiking neurons

41: Apply layer two kernels on spike trains

42: Perform max-pooling

43: Perform spike encoding

44: Apply layer three kernels on spike trains

45: Perform max-pooling

46: Perform spike encoding

47: Propagate spikes to the output LIF neuron

48: Store the firing times and membrane potential of the output neuron

49: Compute similarity metric, i.e., Gamma factor and RMSE using spike
times and voltage of output neuron of test and all train samples. Compute the
classification metric as (0.6RM SE * 0.4Gamma) [ 2.

50: Assign the label of the training sample which is closest to the test sample

51: Calculate the fitness function: F'1 — Score

52: Create the next population using the DE algorithm: neuron’s threshold,
refractory time, STDP parameters, number of neurons in all hidden layers, range of
weights

53: end for

54: end while

55: end procedure

A deep SNN architecture with three layers of convolution and pooling can be built

using the proposed architecture. Some spiking information is lost at each layer, but this

will restrict the firing of neurons in the next layer. In this way, the proposed architecture

is capable of extracting important input patterns in the shape of spiking information,

i.e.,

spike trains. As a result, the patterns of spike trains in the hidden layers and output

layer will vary according to different groups. The size of filters, the pooling operation,
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and the order of convolution and pooling layers can be fine-tuned based on the results
of optimisation using Differential Evolution. Thus, this research has evolved based
on the various hypotheses and experimentation discussed in previous chapters and has
finally been successful in proposing a framework for a deep SNN architecture with a
hierarchical feature extraction process. The proposed architecture is simple and a pure
SNN-based architecture without any conversions from deep learning models to SNN
and the application of signal processing techniques. Thus, the proposed architecture
could reduce the complexities involved in these conversions and is capable of extracting
information from spatiotemporal signals, encoding them to spatiotemporal spiking

patterns.

6.4 Conclusion and Discussion

In this chapter, we proposed binary filters to leverage information, i.e., spatiotemporal
features from spike trains. The proposed binary filters convolve with the spike trains,
and the pooling operation summarises the feature information in the features maps.
The output values from the max pooling operation are used as an input current to
the spike encoding algorithm. These features are employed to build the succeeding
layer of spiking neurons. The proposed deep SNN architecture best utilises all the
capabilities of spiking neurons and STDP to perform classification tasks and reduces
the complexity involved in ANN-SNN conversions. Using the DE algorithm to find the
optimal SNN parameters makes this architecture effective for analysing and classifying
spatiotemporal data.

To the best of our knowledge, hand-engineered spike-based filters have been applied
to build a deep SNN model for the first time. Thus, this research investigated and
proposed a novel feature learning and classification approach by processing spatiotem-

poral information amongst neural spikes using STDP. Thus, our fourth hypothesis is
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conceptually valid and accepted. Thorough experimentation is required in the future to
evaluate the performance of the proposed methodology.

In the current design, the threshold of spiking neurons at each layer is fixed. In the
future, a dynamic threshold could be adapted. The threshold of the spiking neurons
could be adjusted in multiple ways. First, calculate the maximum and minimum value of
membrane potential at each layer and compare it with the current fixed threshold. If the
current voltage value is more than the maximum weighted voltages at that timestep, the
threshold value can be scaled up by a certain factor. If the current membrane potential
is less than the minimum voltage of the previous layer, the threshold could be scaled
down. Repeating this dynamical adjustment of the neuron’s threshold at each layer
will enable information transfer from one layer to the next. This will produce a unique
temporal firing pattern at the output layer, increasing the classification performance.

A second way to implement dynamic threshold adaption is to use ISI. The time
difference between two spikes in the previous layer affects the membrane potential of
the next layer. A relationship could be built between the ISI of input spike trains and
the membrane potentials of neurons in the next layer. In the future, attempts can be
made to model this behaviour mathematically.

With these potential approaches to adapt the threshold at each layer and optimise
using DE, the decision-making process of the proposed deep SNN could be effective.
Future experimentation is required to evaluate this concept and the proposed SNN

architecture.

6.5 Chapter Summary

This chapter proposed a hybrid coding technique to build a deep feed-forward SNN-
based architecture. The proposed hand-crafted filters can theoretically extract spatial

and temporal features from spike trains. This is the first time that hand-engineered
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spike-based filters are applied to build a deep SNN model. Apart from this, introducing
a new spike encoding module in the proposed architecture makes this architecture a
pure SNN-based temporal framework.

Thus, this research investigated and proposed a novel feature learning and clas-
sification approach by processing spatiotemporal information amongst neural spikes
using STDP. The deep SNN architecture with hierarchical feature extraction using
rate-coding and time-coding neural schemes provides a basis for a different way of
analysing spatiotemporal data.

With this chapter, we complete the final phase of this research study.



Chapter 7

Conclusion and Future Directions

This chapter summarises the main contributions of this thesis along with the limitations

and possibilities for future research.

7.1 Main Contributions of this Thesis

This thesis explored the techniques of building deep SNNs for classifying spatiotemporal
data. Starting from a brain-inspired 3D SNN model in chapter 3 and progressing to a
deep feed-forward SNN-based architecture in chapter 6, the efficiency of the proposed
architectures have been successful in analysing music and EEG signals in chapters 4 and
5. An end-to-end SNN framework for improved psychiatric healthcare by incorporating
the traditional EEG approaches of psychology has been proposed. Further, a deep
SNN analytic framework has been designed by extracting spike-based features through
proposed hand-crafted binary filters.

The major contributions of this research are summarised below:

1. Neucube-based SNN architecture was applied for depression detection, which
revealed unique patterns in the brain activity of healthy and depressed subjects.

This contribution is related to RQ1.

211
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2. A novel 2-layered feed-forward architecture was proposed for classifying spati-

otemporal data. This contribution is related to RQ2.

3. An end-to-end SNN design was proposed for EEG classification. This contribu-

tion is related to RQ3.

4. Binary filters were proposed to leverage the patterns produced by spiking neurons.

This contribution is related to RQ4.

5. A novel deep SNN with a hierarchical feature extraction approach was presented.

This contribution is related to RQ4.

In summary, this research has contributed to the fields of Al and psychology. Using
EEG signals representing the aggregation of neuronal spiking information underneath
the scalp surface with a computational model accumulating the spiking information
provides a new way to identify brain disorders. DNNs require thousands of training
samples to perform classification tasks. The proposed temporal-based SNN architecture
with the LOOCYV technique and DE showed the capability of SNN with 10 and 22
training samples for music-instrument recognition and depression detection, respect-
ively. Thus, utilising temporal-based computational procedures for treating sequential
temporal data proved a viable potential approach. Along with spike timings, this re-
search showed the applicability of utilising neuron voltage information for increased
classification performance. This is significant as, in biological neurons, membrane
potentials inside and outside the cell direct the movement of ions allowing information
to flow between different neurons. This enables learning in the human brain. Thus, the
timely neuronal voltage information used as a classification criterion enables the SNN
model to learn from the input data better.

Further, Al techniques learn internal data representations during training by mapping

the input to the output. Analysis of these representations through spike train analysis



Chapter 7. Conclusion and Future Directions 213

provides better interpretability of brain activities. This explainability can assist clinicians
in their decision-making process. The classification performance of the SNN model
using brain asymmetry as the input proved more successful in depression detection and
more computationally efficient than the standard feature extraction processes. Instead
of using many EEG channels to improve classification performance, the proposed
architecture demonstrated that asymmetry in frontal brain regions with eight frontal
EEG channels could indicate depression disorders. In the future, the proposed SNN
architectures could be utilised to analyze and classify spatiotemporal data.

In the following, a brief overview of my Ph.D. study contributions, along with their

future prospects, is provided.

7.1.1 Chapter 3 Contributions and Future Directions

In this chapter, the capability of spiking neurons and STDP in distinguishing two groups,
healthy and depressed, were explored. A brain-inspired NeuCube architecture was
proposed for processing and classifying EEG signals. This framework had three core

modules.

1. Encoding layer — This module uses a threshold-based representation (TBR)

algorithm for encoding the EEG signals into spike trains.

2. 3D SNN reservoir — The SNNr module maps the EEG signals into a 3D space
using the Talairach brain template. The encoded spike trains called input neur-
ons are mapped to their corresponding physical location in the reservoir. LIF
neurons with recurrent connections are implemented here. The initial structural
connectivity between the neurons in the network and the initial weights of the
neuronal connections (synapses) are implemented using the small-world con-
nectivity property. The synaptic weights are then adapted using the unsupervised

learning algorithm, STDP.
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3. Output layer — The output layer implements deSNN and KNN models to classify

the input samples.

The NeuCube framework was compared with MLP and LSTM networks for de-
pression detection. It outperformed both MLP and LSTM networks demonstrating the
small-sample learning capability of SNNs. Applying SNNss to process and temporal data
is more effective as the computational model of spiking neurons incorporates temporal
dimension in their design. Along with the classification of healthy and depressed groups,
the research reported in this chapter investigated the brain connectivity of depressed
and healthy individuals in eyes-closed and eyes-open states. These methodologies
were tested on a real EEG recording dataset for healthy and depressed groups. The
unsupervised learning revealed distinguishable patterns in the models related to the
frontal, central, and parietal areas of the depressed versus the control subjects that
suggest potential markers for early depression prediction.

The encoding algorithm of the NeuCube framework is one that needs to be in-
vestigated further. Currently, the simplest model, i.e., threshold-based encoding, was
implemented. However, in the future, different encoding techniques must be established
according to the nature of the input data. One such encoding method is introduced in this
research — spike-based encoding, where spiking neurons produce the spike trains. The
raw values of EEG signals would then be considered as the input current or energy to
the spiking neurons. Experiments could be conducted in the future to test this particular
module.

Another aspect that should be explored further is the classifier module, i.e., deSNN,
algorithm. Currently, deSNN develops the spatiotemporal pattern for each input sample
using rank-order learning. The order of the first spikes of each output neuron is stored
along with its class sample during the training phase. This module considers only

the order of first spikes and ignores the patterns generated later during training. This
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algorithm is very powerful as it utilises both the information contained in the order of the
first input spikes and the information contained in the timing of the subsequent spikes,
which is used to adapt weights between SNNr and the output layer. There is a potential
possibility that more information would be encoded in the spatiotemporal pattern of
output neurons in the later simulation periods rather than only the first spikes. Hence,
this aspect could be further explored to investigate the whole spatiotemporal pattern
during the entire stimulation time of output neurons. The topology and classification
module in the NeuCube framework has been modified in our proposed architecture
introduced in Chapter 4.

Chapter 3 has been published as a conference paper (Shah et al., 2019).

7.1.2 Chapter 4 Contributions and Future Directions

In this chapter, the structural connectivity and the classification modules of the NeuCube
framework are modified to build a temporal-based SNN architecture. Next, the rhythmic
behaviour of music signals encoded in the spiking activities of computational spiking
neurons is investigated through spike train analysis. A novel classification criterion is
proposed using all the available information from the spiking neuron, i.e., the firing
times and the membrane potential characterised by the time domain. This chapter gave
a different and interesting perspective to our research by looking at depression detection
from a musical perspective. The approach from a musical perspective provided us
with a fundamental understanding of how SNNs could be utilised in the processing
of spatiotemporal data. The findings about the behaviour of the spiking neurons from
the musical perspective were utlised as the foundation for further research on EEG
signals for depression detection using SNN. Considering the above mentioned factors,
the contributions from a musical perspective may not have been major contributions;

however, they played a substantial role in concluding the applicability of SNNs for



Chapter 7. Conclusion and Future Directions 216

spatiotemporal data. Thus, this chapter offers a simple and effective 2-layered feed-
forward SNN architecture by fully utilising spike timings and membrane potential for
classifying music and violin signals. A comparative analysis between rate-coding and
temporal-coding techniques has been conducted in this chapter. The proposed classifier
is compared with traditional ML methods like DT, KNN, and SVM. The architecture
showed better classification accuracy with fewer samples and spiking neurons in the
hidden layer.

A feed-forward SNN architecture proposed for processing and classifying music

signals consisted of three core modules.

1. Encoding layer — This module uses the BSA algorithm for encoding the EEG

signals into spike trains.

2. Hidden layer — The single hidden layer consists of LIF neurons where all the
input neurons are connected to all the neurons in this layer. The synaptic weights

are then adapted using the unsupervised learning algorithm, STDP.

3. Output layer — The output layer implements Gamma and RMSE metrics to classify
the input samples. All the neurons in the hidden layer are connected to the single

output LIF neuron, and the synapses are modified using STDP.

The Gamma metric, i.e., the spike train similarity measure, should be further
explored and improvised to make classification decisions. Coincidence for an individual
spike is established if its firing time is within 2ms of the firing time of the corresponding
spike in the reference spike train. Also, there is a chance that varying currents can
produce similar spike trains. Hence, a metric with a fusion of coincidence factor, ISI,
and membrane potential should be further explored.

Chapter 4 has been published as a journal paper (Shah et al., 2022).
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7.1.3 Chapter S Contributions and Future Directions

This chapter applied the proposed 2-layered SNN-based architecture to EEG signals
for depression detection. The RMSE metric calculated with the temporal information
as the classification criterion proved successful. This SNN-based research is the first
study on the application of depression detection. Hence, to ensure the reliability and
effectiveness of the proposed temporal-based SNN architecture, it was applied to two
publicly available datasets — Figshare and PREDICT.

The proposed architecture showed the small-sample learning ability to spike neurons
and STDP in classifying these two groups. An interesting fact that depressed people
tend to have more spiking activities in their brains as compared to healthy groups was
observed. Further, this chapter explored the different strategies of information flow from
EEG signals to SNN — brain asymmetry, short- and long-distant communications, and
clusters of grouped EEG signals from similar brain regions. Additionally, this chapter
investigated the different brain regions to identify the functional biomarkers of depres-
sion. The difference in the electrical activities of the left and right hemispheres, i.e.,
brain asymmetry, stood out as the best strategy of information flow. More specifically,
the asymmetry within frontal and central individual brain regions, followed by asym-
metry within frontal, central, and parietal brain regions, were identified as the potential
biomarkers of depression. Developments in this chapter offered the potential to greatly
enhance our understanding of brain connectivity abnormalities through temporal-based
SNN architecture in depression detection.

In the current implementation, the threshold of all the spiking neurons is the same;
however, neurons demonstrate different properties in the brain. The threshold of spiking
neurons in the next layer could be calculated based on the firing rate or ISI of spiking
neurons in the previous layer. Additionally, based on the complexity of the problem,

more complex neuron models, i.e., biophysical models with neurotransmitters and
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neuroreceptors with reinforcement learning-based STDP, should be implemented in the
future.

Further, considering the nature of the problem in the real world, there would exist
individuals who are experiencing mild, moderate, or severe depression. In the future, a
voting or ensemble approach should be considered to distinguish these depressed groups.
Post-binary classification of healthy and depressed groups, an ensemble approach, could
be employed for further separating the three subgroups of depression: mild, moderate,
and severe depression. Two possible solutions to this problem exist; a multilabel
classification model or a regression model predicting the depression score. SNN-based
ensemble classification and regression models could potentially be the technique to
resolve such problems.

Chapter 5 will be published in a journal.

7.1.4 Chapter 6 Contributions and Future Directions

This chapter proposed a hybrid coding technique to build a deep feed-forward SNN-
based architecture. The architectural model proposed binary filters for feature extraction
from the spike trains of lower levels. The proposed hand-crafted filters can theoretically
extract spatial and temporal features from spike trains. This architectural design enabling
hierarchical feature extraction from spike trains is the first research work to build a deep
SNN using spike-based filters to the best of our knowledge. Apart from this, a new spike
encoding module consisting of LIF neurons is introduced in the proposed architecture,
which makes this architecture a pure SNN-based temporal framework. Conceptually,
the proposed deep SNN can extract temporal features at each layer. This will enable the
development of unique temporal patterns with distinguishable spiking activities at the
output layer. The hybrid classification criterion-based temporal coding features, i.e.,

the RMSE and Gamma metrics, will enhance the performance of the proposed deep
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temporal-SNN framework capable of classifying any spatiotemporal datasets.
However, this architecture can have a trade-off where the neuron’s membrane
potential may take longer to exceed the threshold if the distance between two spikes
is greater or if it receives fewer spikes from the previous layer. The reason is that the
threshold of spiking neurons at each layer is fixed in the current design. To overcome
this challenge, a dynamic threshold could be adapted. The threshold of the spiking
neurons could be adjusted in multiple ways. First, calculate each layer’s maximum and
minimum membrane potential value and compare it with the current fixed threshold. If
the current voltage value exceeds the maximum weighted voltages at that timestep, the
threshold value can be scaled up by a certain factor. If the current membrane potential
1s less than the minimum voltage of the previous layer, the threshold could be scaled
down. Repeating this dynamical adjustment of the neuron’s threshold at each layer
will enable information transfer from one layer to the next. This will produce a unique
temporal firing pattern at the output layer, increasing the classification performance.
A second way to implement dynamic threshold adaption is to use the ISI. The time
difference between two spikes in the previous layer affects the membrane potential
of the next layer. In other words, ISI is inversely proportional to the firing of spiking
neurons. Thus, to regulate the firing of spiking neurons, a relationship could be built
between the ISI of input spike trains and the membrane potentials of neurons in the next
layer. In the future, attempts can be made to model this behavior mathematically.
With these potential approaches to adapt the threshold at each layer along with the
optimisation of different SNN parameters, the decision-making process of the proposed
deep SNN could be effective. The proposed architecture needs to be tested and evaluated
on different spatiotemporal datasets. The configuration of filters, i.e., the size, needs to
be explored and optimised using the DE algorithm.
Furthermore, this research has implemented the simplest yet most efficient of all the

spiking neuron models, i.e., the LIF neuron model. Izhikevich neuron model (Izhikevich,
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2004) could be adapted in this research because of its capability to produce different
behaviours of cortical neurons.

To conclude, this thesis has employed the NeuCube-based SNN architecture for
depression detection with classification accuracy from 68% to 72% and 54% to 58%
with 66 and 22 samples, respectively. Further, the proposed temporal-based architecture
has been applied to three datasets: Music signals (10 samples), Figshare (22 samples),
and the PREDICT depression datasets (22 samples), producing classification accuracy
between 80% to 93%. Finally, a framework to build a deep SNN through hierarchical
feature extraction from spike trains is introduced. With these various contributions
achieved and improvements suggested as part of future work, the SNN architecture
shows the capability to be utilised for other spatiotemporal data classification. For
example, the SNNs could be utilised for natural language processing (NLP) applications
like text classification using social media for depression detection. The linguistic data
has a sequential structure that shows a unique advantage for the utilisation of SNNs.
The large language models (LLMs) like Generative Pre-trained Transformers (GPT-3)
(Brown et al., 2020) used in NLP applications are pre-trained models for generating
human-like text and other NLP tasks like sentiment classification, question-answering,
text summarisation, etc. They have achieved impressive performance but have come
with serious computation and energy consumption during the training and inference
stages. GPT-3 is trained on large text datasets with 175 billion parameters consisting of
recurrent, feedforward, embedding, and attention layers. These layers work together
to process the input text and generate output predictions. They provide pre-trained
embeddings that capture words’ semantic and syntactic meaning as they are trained
on large datasets. For SNNs to be in NLP applications, binary events could be created
from the pre-trained embeddings to convert continuous values into spikes. With 0’s and
I’s in the spiking data, lots of multiplicative operations would be replaced by additive

operations. After the embedding layer, bi-directional SNNs, attention, and learning
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mechanisms need to be implemented to allow SNNs to learn a sentence’s forward and
backward contexts. Further, massive hyperparameter tuning would be required to train
the model on large datasets. With powerful hardware available like TrueNorth chip
(Merolla et al., 2014), SNNs in the future will become effective for NLP tasks as well
(Xiao et al., 2022).

To summarise, this research, with its integration of biological principles, neuros-
cience, and psychology, has opened new research avenues in processing spatiotemporal

information with the layered organisation of spiking neurons.
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Appendix A

Additional information here

The additional information about the results of Chapters 5 is described here. The first
section shows the descriptive statistics of different SNN parameters during the DE
optimisation process. Further, it illustrates the optimised SNN parameters used to
identify optimal input strategy and biomarkers for depression detection as described in

Chapter 5.
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A.1 Input Strategy: Optimal Flow of Information

Brain Asymmetry :

Table A.1: Descriptive Statistics on 2"¢ generation

SNN Parameters Minimum Maximum Mean Standard Devi-
ation

LIF threshold 0.011297207 0.488162912 0.257159578 0.14377902

Refractory time 1.659897964 10.0236973 5.748894859 2.16525917

Potentiation mag- 0.001176168 0.051414163 0.024416052 0.013934081

nitude

Depression mag- 0.001426848 0.048710208 0.025069832 0.013201878

nitude

Number of neur- 47 122 100 13

ons

Minimum weight -0.983375165 -0.076994026 -0.554446725 0.286856151

(lower limit)

Max weight (up- 0.152487873 4.943841966 2.178376832 1.381505189

per limit)

F1-score 0.63769231 0.863333333 0.785769792 0.098945847

Table A.2: Optimised Parameters for Training using RMSE metric

SNN parameters Values
LIF threshold 0.449266884
Refractory time 2732306579
Potentiation magnitude 0.043628343
Depression magnitude 0.038595924
Number of neurons 98
Minimum weight (lower limit) -0.962375495
Max weight (upper limit) 4.943841966
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Short-distant Communication :

Table A.3: Descriptive Statistics on 2"¢ generation

SNN Parameters Minimum Maximum Mean Standard Devi-
ation

LIF threshold 0.017871714  0.48539972 0.279005296 0.130395591

Refractory time 2.460650281 9.996234897 5.868856109 2.272412518

Potentiation mag- -0.000252204  0.050960556 0.02454511 0.013017462

nitude

Depression mag- -0.000357819  0.049036247 0.028448498 0.014137481

nitude

Number of neur- 54 149 119 20

ons

Minimum weight -0.990052819  0.02180323 -0.488100957 0.300663529

(lower limit)

Max weight (up- 0.09554071 2.609619819 1.612771519

per limit) 5.109356223

F1-Score 0.507902242  0.682999623 0.591566544 0.038649724

Table A.4: Optimised Parameters for Training using RMSE metric

SNN parameters Values
LIF threshold 0.189995301
Refractory time 5.630197857
Potentiation magnitude 0.002007237
Depression magnitude 0.034523588
Number of neurons 104
Minimum weight (lower limit) -0.945612717

Max weight (upper limit)

4.131858731
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Long-distant Communication :

Table A.5: Descriptive Statistics on 2"¢ generation

SNN Parameters Minimum Maximum Mean Standard Devi-
ation

LIF threshold -0.01887696 0.521442779 0.240160104 0.154604663

Refractory time 1.884595232 9.888483857 6.095093682 2.519578591

Potentiation mag- 0.005 0.048968809 0.027752836 0.011463896

nitude

Depression mag- 0.002339196 0.049956055 0.026482852 0.012566925

nitude

Number of neur- 50 122 101 11

ons

Minimum weight -0.984367493  -0.007820374 -0.544799149 0.269404024

(lower limit)

Max weight (up- 0.1 4940319892 2.703738021 1.421569861

per limit)

F1-Score 0.459454206 0.803643791 0.607038157 0.068294151

Table A.6: Optimised Parameters for Training using RMSE metric

SNN parameters Values
LIF threshold -0.01887696
Refractory time 8.655213678
Potentiation magnitude 0.030907118
Depression magnitude 0.039100724
Number of neurons 103
Minimum weight (lower limit) -0.305681532
Max weight (upper limit) 2.685397476
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Grouped Features :

Table A.7: Descriptive Statistics on 2"¢ generation

SNN Parameters Minimum Maximum Mean Standard Devi-
ation

LIF threshold -0.010525729  0.568038541 0.232002501 0.158321532

Refractory time 1.998501742 10.56565126 6.288016255 2.409968236

Potentiation mag- -0.001908237  0.050331289 0.025215437 0.014045126

nitude

Depression mag- 0.001429001 0.049654914 0.027589727 0.012438958

nitude

Number of neur- 49 119 98 14

ons

Minimum weight -1.063754976  0.018759835 -0.512609875 0.261142993

(lower limit)

Max weight (up- 0.057370056 5.170692298 2.819511149 1.485312998

per limit)

F1-Score 0.518910256 0.764761905 0.640253103 0.055399834

Table A.8: Optimised Parameters for Training using RMSE metric

SNN parameters Values
LIF threshold 0.202643962
Refractory time 2.092227908
Potentiation magnitude 0.015323299
Depression magnitude 0.031334039
Number of neurons 100
Minimum weight (lower limit) -0.737232904
Max weight (upper limit) 3.916496139
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A.2 Identification of Depression Biomarkers

Frontal Region :

Table A.9: Descriptive Statistics on 2"¢ generation

SNN Parameters Minimum Maximum Mean Standard Devi-
ation

LIF threshold 0.022636481 0.470408204 0.140236554 0.099870102

Refractory time 2.47508711 10.1637724 5.750664195 1.989448108

Potentiation mag- -0.002590687  0.052242426 0.018417071 0.015576822

nitude

Depression mag- 0.00707333 0.049355051 0.030403408 0.012561417

nitude

Number of neur- 84 117 105 8

ons

Minimum weight -0.96709706 0.08579757 -0.490930045 0.275327179

(lower limit)

Max weight (up- 0.147646491  2.260177316 1.026355227

per limit) 4.036113113

F1-Score 0.575 0.857142857 0.701803408 0.05289173
Table A.10: Optimised Parameters for Training using RMSE metric

SNN parameters Values
LIF threshold 0.0593169829
Refractory time 4.901399028
Potentiation magnitude 0.003491231
Depression magnitude 0.012346415
Number of neurons 110
Minimum weight (lower limit) -0.60639291
Max weight (upper limit) 2.459480723
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Temporal-Frontal-Parietal Region :

Table A.11: Descriptive Statistics on 2"¢ generation

SNN Parameters Minimum Maximum Mean Standard Devi-
ation
LIF threshold 0.006049855  0.25384464 0.155656175
0.509290664
Refractory time 1.587300413  5.944682325 2.465047271
9.750577549
Potentiation mag- 0.003877074  0.030985007 0.014430506
nitude 0.050168807
Depression mag- -0.001669073 0.018403861 0.013086242
nitude 0.043959257
Number of neur- 50118 99 13
ons
Minimum weight -0.993315539  -0.553715277 0.269622736
(lower limit) 0.012220539
Max weight (up- -0.02604934 4942754622 2.447728689 1.276054021
per limit)
F1-Score 0.547619048 0.742296919 0.669410718 0.043700396
Table A.12: Optimised Parameters for Training using RMSE metric

SNN parameters Values
LIF threshold 0.432112137
Refractory time 7.479974449
Potentiation magnitude 0.046558587
Depression magnitude 0.027704171

Number of neurons 85

Minimum weight (lower limit) -0.14347762
Max weight (upper limit) 2.872988269
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Parietal Region :

Table A.13: Descriptive Statistics on 2"¢ generation

SNN Parameters Minimum Maximum Mean Standard Devi-
ation
LIF threshold 0.010084168 0.503700271 0.251505881 0.144483676
Refractory time 2.525332774  6.14986261 1.914780246
9.628594705
Potentiation mag- -0.000749987  0.053888844 0.024500325 0.015599007
nitude
Depression mag- 0.000688748 0.049749311 0.027245024 0.013408906
nitude
Number of neur- 80 120 99 12
ons
Minimum weight -1.003273008 -0.053446048 -0.548170154 0.257741503
(lower limit)
Max weight (up- 0.127965994  5.053889874 2.343521208 1.566332697
per limit)
F1-Score 0.083916084  0.692857143 0.449116164 0.141898327
Table A.14: Optimised Parameters for Training using RMSE metric

SNN parameters Values
LIF threshold 0.193758939
Refractory time 3.858512096
Potentiation magnitude 0.012088184
Depression magnitude 0.019132255
Number of neurons 86
Minimum weight (lower limit) -0.053446048

Max weight (upper limit)

4.187087817
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Central Region :

Table A.15: Descriptive Statistics on 2"¢ generation

SNN Parameters Minimum Maximum Mean Standard Devi-
ation

LIF threshold 0.04055374 0.541125634 0.243757945 0.114621523

Refractory time 2.354801269 10.03707681 5.586797227 2.016075609

Potentiation mag- -0.002859544  0.045859308 0.011742367 0.009032573

nitude

Depression mag- 0.016448691 0.047798306 0.034508442 0.008081906

nitude

Number of neur- 82.59656408 116 100 9

ons

Minimum weight -0.997966317 -0.221860298 -0.66017322 0.233584606

(lower limit)

Max weight (up- 0.439124721 5.266229326 2.088881884 1.355573388

per limit)

F1-Score 0.553846154  0.857142857 0.701516314 0.051554887
Table A.16: Optimised Parameters for Training using RMSE metric

SNN parameters Values

LIF threshold 0.156108403

Refractory time 3.259093533
Potentiation magnitude -0.001432446

Depression magnitude 0.029684723

Number of neurons 92
Minimum weight (lower limit) -0.499884062
Max weight (upper limit) 3.55172681
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Central-Parietal-Frontal Region :

Table A.17: Descriptive Statistics on 2"¢ generation

SNN Parameters Minimum Maximum Mean Standard Devi-
ation

LIF threshold 0.011037049 0.4970811 0.183018423 0.121543224

Refractory time 2419768841 9.926534941 6.367431815 2.11473659

Potentiation mag- 0.00158153 0.049899109 0.021425732 0.012062338

nitude

Depression mag- 0.001806133 0.04473561 0.026001191 0.011532283

nitude

Number of neur- 50 119 97 14

ons

Minimum weight -0.99821291 0.016994315 -0.483143494 0.273674847

(lower limit)

Max weight (up- 0.00966029 4.809755319 2.663796696 1.40128103

per limit)

F1-Score 0.401960784  0.833333333 0.632244091 0.087756701
Table A.18: Optimised Parameters for Training using RMSE metric

SNN parameters

Values

LIF threshold

0.195271999

Refractory time

8.586723002

Potentiation magnitude 0.023163212
Depression magnitude 0.03701195
Number of neurons 95
Minimum weight (lower limit) -0.179345201
Max weight (upper limit) 0.15932723
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Parietal-Occipital Regions :

Table A.19: Descriptive Statistics on 27¢ generation

SNN Parameters Minimum Maximum Mean Standard Devi-
ation

LIF threshold 0.014318115 0.510861227 0.293097776 0.145838098

Refractory time 2.07008111 9.844469016 5.488347347 2.268364562

Potentiation mag- 0.005256471 0.052733559 0.029592685 0.014827461

nitude

Depression mag- 0.002094776 0.049371076 0.024924802 0.013886318

nitude

Number of neur- 80 117 101 10

ons

Minimum weight -0.996411098 -0.00606013 -0.484844219 0.264070078

(lower limit)

Max weight (up- 0.092115089  2.664433927 1.532859575

per limit) 5.141700464

F1-Score 0.309134615 0.75952381 0.602039344 0.094088183
Table A.20: Optimised Parameters for Training using RMSE metric

SNN parameters Values
LIF threshold 0.17553567
Refractory time 9.421021372
Potentiation magnitude 0.006392921
Depression magnitude 0.011459683
Number of neurons 113
Minimum weight (lower limit) -0.02576943
Max weight (upper limit) 4.026641304
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