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Abstract

This thesis proposemethodsemploying anevolving Spiking Neural Network (SNN
architecture for the analysis gpatictemporalneuroimaging dataMultivariate Spatie
Temporal Brain Data (STBD}xiintrinsically complex as it contains batime and space
dimensions that represent the patterns of cognitive processes in theSoraimising the
spatictemporalinteractionsdetween variables suchcomplexdata demands incorporating

the spatl ard temporal aspects intotheo d el 6 s comput ati ons

To this end first an SNN architecture was usefbr modelling, learning, mapping and
classifying of STBD, including Electroencephalogram (EEG) and Functional Magnetic
Resonance Imaging (fMRIyata | designed SNN mode$ that allowed for a better
understanding ofognitive processdsy capturing the spatitemporal interactions between
variableswhen comparedwith extant reservoir computing systenifie modelsenhanced
the classificatiorperformancéy achie/ing up to 92% accuracy which repeess an average

improvement of Q% when comparedith differentmachine learning methods.

Further | proposedind developed newdynamicspatictemporaklustering approacivhich
allowed for theassessmermtdf the evolving learning patterngn SNN models This studyled
to knowledge discovery in SNN evolutionary learning patterns and resultéglaiore

selectionthat improved the classificationaccuracyby up to 10%. It also revead the



trajectory of brain areas involgein response to a cognitive tadke proposedclustering
configurationwas evaluatedusing a validity measurement method based on cohesion and

separatiorthatrepresented high goodnessf theclustering structure

Finally, | proposeda new personaliseanodelling approach for integrated staandspatio
temporaldatausing SNN modelsTo build a personalised SNN model (PSNN), | developed
a new clustering method named Dynamic Weighted/Neighted Distance Hearest
Neighbours(DWWKNN). The developedPSNN improved the classification accuracy by
12%whencomparedvith theglobal SNN models. This also resulted in creasrgofile for

anindividual.

Overall, this research has scrutinised the hidden evolutionary learning patterns in SNN
architecturewhich resulted inanidentification of neural areas acttea by different input
neuronsFurthemore, it has demonstrated amiginal personalised modelling that resulted

in animprovement in classification accuracy.
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Chapter 1 Introduction

1.1 Rationale and Motivation

Large amounts ddpatictemporal Brain Dat§STBD) are being recorded in different areas
of study including neuroscience, neurolpgysychology, and so forthSTBD record
cognitive brain functions, which are involved in the processing of afferent information
produced by internal and/or external siim Scrutinising such multivariate data by
computationaapproachebas led to the pposal of neuroinformaticsvhere thenodelsare

inspired by neural sysins

The worldwide demand for modelling and understanding the underpinning of functional
processesn STBD has propelled the development of various analytical methdus. T
majority of current statistical and Artificial Neural éwork (ANN) machine learning
techniquesoften create modelsby separately processing thgpatial and temporal
componentsThis usuallyresults in losing some informatigpatiotemporal correlations in
reatlife applications of STBDHence, theaccuracy of theutput prediction/classification

might not be quitesubstantial

Besidesthe model accuragythe model mterpretability is alscof crucial importancen
machine learningThis refers to understanding theat@nshis betweerthe model features

and the predicted outputsvhich has not been investigated in depilhe higher the
interpretability of a model, the easier it is for someone to comprehend why certain decisions
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(output predictions) were madé&his albws for knowledge discovery in the models and
contributes tdhe understanohg of interactions in the mod¢hat have controlled an output
to occur. Nevertheless, e extantanalytical methodsdevelop modelson datawithout
investigating the model learningatterns itselfHence they act ablack-box information
processing systesrthat solve a problem withowtiscovering thecausalrelationshipsthat

have triggeredhe output

The rain is a highly interaove and deep learning networldnderstandingf the STBDis a
complex task as the temporal features maniestplicated causal relatiomsetweenthe
spatially distributed neural sources in the brain. To model such interaSjpiks)g Neural
Networks (SNNs)an be considered as suitable models iatrporateboth spatialand
temporal components inm operationThereforetheir compact representation of space and

time allows for learningof fhidderd spatiotemporalcorrelationsan STBD.

This thesisis based orrain-inspired! SNN architecturdor modelling and analysingf
STBD towardsimproving theclassification accuracyrhis researchalso contributesto an
improvedlevel of interpretabilityof learning patterngm SNN modes whencomparedwith
conventional> methods The STBD case stuigs hereare reallife Electroencephalogram
(EEG) and Functional Magnetic Resonance Imaging (fMRI) settswhich were measured

prior tothis study by other institutioswho are acknowledged this thesis.

! Brain-inspired refers to the mathematical implementation of a megletsl inspiration from neuroscience
research on brain activity.

2 Conventional methods refer toethods that have been proposed for data analysis, besides neural network
techniques.



1.2 Aims of this Thesis and Resaa&h Questions

Theprimary ams of this thesisire summarised as follows:
1) Feasibility analysis of SNN architecture on case studies ofife&TBD.

1 To design optimaSNN modelsthat can learn from STBD with respect to
both space and time components

1 To achieve a improved classfication accuracy when comparedith
conventional Aland machine learningethods.

1 To interpretthe spatictemporal interactionscaptured during the leaing

process in SNN models.

2) Development of new methods for knowledge discouei§NN evolutionary learing

patterns.

1 To dewelop a new methofibr dynamicspatiotemporalklusteringof patterns
generated during unsupervised learnm@NN modelsThis isto study the
evolving patterns in SNN models, which has not b@grrpretedin depth
(presented iChapter %.

1 Knowledge discoveryhrough assessment dynamic clustering patterns in
SNN models which results in detecting set ofdiscriminative features
(feature selection). This contributiesimprove thanodd interpretability and

accuracy(presentedn Chapter .

3) Proposal of gpersonalise&NN model



1 To develop a personalisednodelling system based on integrated
compuational methods and SNN modelghenboth staéic data ad spatie
temporal data from an individuate available

T To improve the classification accur :

personalisation of the SNN model.

During the progression of this thesighe following research questions (RQ)llvbe

addessed:

RQ 1.How to optimally design SNN architectures to model, learn and ardifjseent types

of STBD andto precisely capturbothspatial and temporabmponent?

RQ 2. How doesspatietemporal clustering of the evolving patterns in SNiNdelslead to
knowledged i scovery about the Ahiddeno dynamic

models during unsupervised learning from sp&imporal streams over time?

RQ 3. When both stati@and dynamic datasets are available for an individual, 6N
models can be personalised towards the best possible diagnosis/prognosis outcomes of an

individual?

1.3 Thesis Structure

This thesionsistof eightchapters whiclare outlined as follows:

Chapter 1 statesthe research motivations, goals, andesaesh questionsand outlines

methodgo address these questions.



Chapter 2 reviewsthe research abobbw a biological neurofunctionsand introduces two
neuroimaging teatiques for measuring the neural activities in the brain. This section is then

followed byareview on somenalytical methodfor classification analustering

Chapter 3 discusses how th&nown mechanism®f neurons can be computationally
modelledby artificial spiking neurons in machine learning. Next, thiapter introduces a
braininspiredSNN architecture, called NeuCube for modellitearning, and understanding

of STBD.

Chapter 4 demonstratea feasibility analysis aheNeuCube SNN architecture two case
studies of cognitive data: fMRI arEG. In this study, | designed SNN models $TBD
that resulted in an impwvement of the classification accuracyhen compared with

conventional machine techniques.

Chapter 5representanoriginal contribution tolie Neu@be SNN architecture by proposing
a new methodfor dynamicspatictemporalclustering of learning patternea ENN models

whilst training with STBDstreamsver time

Chapter 6 investigateshe proposed clustering approach throagkmpiricalstudy onEEG
data. This chapter represents knowledge discover$NN evoldionary patterns wilst
incrementally learimg from streaming EEGI'he assessment a@fiese evolutionarpatterns
allows us toidentify the informative features (STBD variablesh SNN that lead to an

improveament inclassification accuracy.

Chapter 7 proposs a new personalised modelling system based on SNN architecture and a

new clustering method for integrated static and dynamic STBD.



Chapter 8 summaries the thesshievementskey findings and contributios, in particular

to SNN research. Future directions are also suggested.

Figurel-1i | | u st r adyeview af the thesisl and its different components towards
addresing the research questions. As illustrated here, my contrilsudi@n two steps (1)
feasibility study of SNNon STBDand(2) new SNN-based method development. Tirst

stepis an optimal desigrof SNN models to better study the complex sptgimporad
interactions among tH8TBD variables. fiedesignednodels were tested using two types of
STBD: EEG ad fMRI. The secondtep refers tany originalcontributionsto the NeuCube
architecture by proposing twaew approaches for scruiging the SNN learnig patterns.
These approaches g a new dynamicspatb e mpor al c¢cl ustering of
patterns ang2) a new personalised modelling framewarkenboth static and dynamic data

are available for an individual



Reviews

Contributions

2: STBD and computational modelling

Neuroimaging
modelling

Neuro-
computation
| h 4
Deep Structured Learning
3: Review on SNN
oD B S
A AL
@ @

Val

Neuroimaging
brain data

.

f/./ - i
a : { Classification
4
J 4: fMRI and EEG .

data modelling _ e
~ SNNpattem
. . )
9 analysing 4

Figurel-1A b i-ayedview of the thesis structure.

; PR

. 5: Spatio-temporal 7: Personalised
clustering in SNN modelling of static and
spatio-temporal data

learning patterns

clustering using
EEG streams

6 Spatio-temporal )

Knowledge discovery
in SNN learning
patterns

Feature selection
Improved accuracy

« Improved accuracy

« Individual profiling
by a personalised
SNN model




Chapter 2 Spatio-temporal Brain Data and
Analytical Methods

2.1 Introduction

This chapter will firstreviewin Section2.2 what is knownin neurosence researcabout
the brain, which performs a@ complex information processing system. THaegtiors 2.3
and 2.4 will review the two important types of STBD measg techniques,
Electroencephalogram (EEG) and functional Magnetic Resonance Imaging dstRIjhat
are used as case study problems in this th&astion2.5 reviews some classification
techniques and referto their limitations when dealing with STBOhen clustering is

discusseds one of the maitechniquedor understandingf the STBD.

2.2 Information Processingin the Human Brain

The brain $ the most complex organ in the human body that contains apptekn86

billion nerve cells, known as neuroiidzevedo, Carvalho, Grinberg, & Farfel, 2009)
Neurons are the fundamental information processing units that are interconnected to
construct a complex neural network. Neurons ugehamical reactions to receive, process,
store and transmit input information. A typical neuommsistsof three majomparts: the cell

body, the dendrites and the axoh neuroris cell body (also called soma) contains the
nucleusand most of the main orgalle. Somaaccompliskesthe continuous maintenance of

the neurod s f u n c¢ This cetaiasl ai certain ion concenioat in the membrane to
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actively transfer sodiun 0 w ions from intracellular fluid to the extraellular fluid.
Potassium 0 ions flow in the opposite direction from the outside to the inside of the
soma. For ion transportation across the somalmane severalion channels that contain
specialised proteins are embedded in the membrane. These channels provide arilowtward
of potassium to the extreellular fluid, while sodium moves inwards into the soma; thus, the
opposing directions of ianwith different strength levels produce an electrical potential
across the soma membraiégure 2-1 illustrates the information flow in a neuronhile
Figure 2-2 shows a slice of the soma membrambich has severathannels for ion
transportation. As shown idrigure 2-1, at the beginning of the soma, braniike
extensiongcalled dendrites) argoositionedto receive chemicals from other neurovia
synapsesThese chemicals are transformed into electrical impulses and then transmitted to

the soma.

The firing state of each neuron is controlled by the axon, which is located at the end of the
soma. If the total force of the signakntered intaa neuron surpass the limit of the axon,

the neuron fires and triggers an action potemt@dn to the axon termifa Synapses are
embedded to store theurotransmitter chemicai the end of the axon terminalkhese
synapses are attached be tdendrites of the ndigourneurons and allow the transmission

of informaton from one sending neuroprésynaptic® neuran) to other receiving neurons
(possynaptic* neurons). The sending information containtiam potential &pproximately

one millisecond in duratign which is created in the presynaptic nedraaxon by

regenerative alterations in membrane potential, atd as an energy that induces neural

SPresynaptic neuron is del i ver ipostgyndptlt reurinmes sageo ac
“The postsynaptic neuron is theeofrfercoem vtehredo porfe styhnea p
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activity (Hodgkin, Huxley, & Katz, 19524all, 2015) The axon can accelerate propagation
of electrical signa if it is covered by myelin sheaths, which perform as insulators and
prevent the dissipation of the depolarisation wave caused by an electrical spike triggered in

the soma.

When a euron sads a spike to the pasthaptic neuron through the axon, neurotransmitter
chemicals are diffused into the synaptic cleft (a narrow gapden two neurons) amchich
reactedwith receptor proteins of the peghaptic neurons. The receptor activation allows the
transfer of ions from the exteellular fluid of thepresynaptic neuron to the psghaptic
cell. Differentcategorie®f transmision synapses, hamed excitatory and inhilgjtoortrol

the likelihood & the possynaptic neuronto emit an action potential.Excitatory
neurotransmittemncreaseshe potential of the posgnaptic neuron® fire, while inhibitory
neurotransmittersugress the posynaptic neuron from firing. Thefore, the efficacy of the
possynaptic response is nied butadjusted with respect to the released neurotransmitters.
This principle is secalledsynaptic plasticityywhich enables learning and memorisinghe
brain. Comprehensive information about neurons can be found statheéard text book on
the matter by Kand€¢Kandel, Schwartz, Jessell, Siegelbaum, & Hudspeth, 20@{{}-uchs,

et al., 2012)

Hitherto, this chapter presentsow the construction of a neur@mables it to exchange
electrical signals among a series of interconnected neurons; pihogagating the
information Afterwards, two main neuroimaging techniques for recording such neural

activities will be discussed.

10



Post-synaptic cell \ Pre-synaptic cell

Figure2-1 Information flows between neurons through the axon, which receives information fresyaaptic
neuron and generates an action potential that is sent tb thesynapses of the pashapticneuron This
figure ismodified from(Marcella, 2011)

Extracellular fluid
Potassium ions (K*) o ®

| ‘ \Q(’mj ‘Wﬁ&x} 1\ - ‘Lm}m”mﬁ“ |
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Sodium ions
(Na*)

Figure2-2 Sodiurhl'j @ and potassium ions move across the soma membrane through ion charhisls, t
accomplishes electrochemical powers as a result of the ion exdtaoggh specific channels located along
the neural membran@rady, Segel, Albers, & Price, 2011Yhis figure is modified from(Khanacademy,
2017)

A variety of techniqguesiasbeen devised for recording brain dynamics, such as EEG and
fMRI. An EEG is based on the magnetic and electrical agtofithe brain that possessa

high temporal resolution.é. brain signals are recorded in a sequence of milliseconds) but

unclear localisation, as the measurement is perfonieged limited number of electrodes

attached to the scalp. In contrast, fM&dta represents brain activitvith a high spatial
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localisation even though it uses a much lower temsaadpling rateThe principle of the

EEG and fMRI data will be explained in the followiBgction2.3andSection2.4.

2.3 EEG Data

EEG is a method for measuring STBD from cortical activigy a number of electrodes
attached to the scalp that are connected to a computer interface @ysi@sy2003) The
history of EEG measuring goes back to the moment Righard Catoriscovered the
electrical nature of neural activitygCaton, 1875) Caton reported that he had used
agalvanometefor detecting and measgngthe electric impulses from the surface of
mammal i ans® brains (a rabbit EBGwhsracordedbyk e y)
Hans Berge(Niedermeyek da Silva, 2005)By 1938, EEG had expanded as a widespread
recagnition technique by eminent scientists, leading to practical applications in diagnosis
among many countrie$Wiedemann, 1994)Figure 2-3 illustrates an EEG recording
procedure, which collects brain cortical signala a number of eldcodes (also called
channels)The EEG signal oscillatioms rhythmig thus, it is typically described in terms of

bandsof different frequencies as follows:

91 Delta bandn 0.53.5Hz at sleep and rest stages.

1 Theta band in 3:5.5Hz, at learning, menmy and sensory motor processing.
1 Alpha band in 7.8.2.5 Hz, atmeditation.

1 Beta band in 12:530 Hz, at mental calculation, anticipationt@nsion

1 Gamma band in 360 Hz, at attention of sensory perception.
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Figure2-3 EEG recording that showise electricalcharge resultingrom the activityof thebrain cells

Figure 2-4 shows the frequency and amplitude of an example of-ehddnel EEGThe
signal amplitudes in three different frequencies (6 Hz, 10 Hz and 22 Hz) are shown in colour

maps, where red represer high power while blue is a low powe

6.0 10.0 220 Hz

Frequency (Hz)

Figure2-4 EEG band frequency corresponding to signals recorded from 14 electrodes and scalp maps generated
by EEGLAB toolbox(Neuroscience, 2016)
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2.4 FMRI Data

The spatietempaal fMRI datais a susceptible indicator of blood flow chang#fienced

by neural activities. This lies on the statement that naliactivity and the cerebral blood
flows are highly correlated. Thus, evoked neurons deradungh level of oxygen carriedy

blood to start processing and firifgogothetis, Pauls, Augath, Trinath, & Oeltermann,
2001) FMRI uses the Blood Oxygenation Level Dependence (BOLD) contrast method for
observing the level of oxygenation in the blood. B@LD context was first described by
Ogawa(Ogawa, et al., 1992}t is a type of specialised brain scan that maps neural activity
through imaging the blood flow changedso called hemodynamic respomaee(HDR), in
relationto the energy/oxygen consumption within brain c@fisettel, Song, & McCarthy,
2004) BOLD represents local increases in blood oxygenation as a direct effect of

neurotransmitter chemicatisat perform locaheuralsignalling.

In the presence of a magnetic field, BOLD contrast is influenced by the paramagnetic nature
of deoxyhemoglobin which affects the main magnetic field, leading to a local reduction in
main field homogeneity. Paramagnedieoxyhemoglobin in the blood possessa stronger
magnetic moment whilst oxyhemoglobin is diamagnetic and has little effect. This
inhomogeneity of the magnetic field can be measured over time as different illuminations in
fMRI data. Therefore, a high levef deoxyhaemoglobin decreases thii intensity, while

little deoxyhaemoglobin increases the image intensity.

In the context of neurobiology, HDR refers to the fast distribution of blood to actieatal

tissues. If the brain neurons are constantlyvaawith a high level of processingerebral
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blood flow is vital to retain the neurons, astrocytes, and other cells of the brain. FMRI

temporal resolution is limited by the slow rate of HDR time.

FMRI recordingoccurs aer time at many small, threimersional areasallediiv o x e | s 0 .
Eachvoxel is a numeric cube which represeiis BOLD intensity of thousands of neurons

over time.FMRI techniques are neinvasive and have been widely used in cognitive science
and neuroscience, providing insight into brain structures and processes foch@seand
clinicians(Lindquist, 2008Liu, et al., 2014Rodriguez, nderson, Calhoun, & Adali, 2015;

Siegelmann, 201%Jorman, Polyn, Detre, , & Haxby, 200Behroozi & Daliri, 2014)

There are numerous common objectives pursued in fMRI data analysis, inclodaltsithg

the activated brain regions during a mental task, detecting the brain information pathways
corresponding to functional activities, diagnosis or prognosis of slisea psychological
states, and so forth. The next section will discuss some magdytiaal methods and their

limitations when dealing with STBD.

2.5 Analytical Methods for STBD

Currently theres a huge amount of STBD collected from either healthy subpeeishealthy
subjects during and after treatment. EEG and fMRI have been extensseslyfor brain

study through applying different computational methods. Some familiar tools to process EEG
data include: EEGLABSCCN, 2017)LORETA((Loreta, 2017)PYyEEG(PYEEG Reference
Guide, 2010)and so forthA review (Lotte, Ongedo, Lecuyer, Lamarche, & Arnaldi, 2007)

on classification algorithms for STBin Brain Computer nterface (BCI) has explored

different categories where the most importantmethodsare linear classifiers, notinear
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Bayesan classifiers, neural networks and hybrid mod#isthe following, | present an

overview oncurrentclassifiation methods for STBD.

2.5.1 Overview on ClassificationMethods

A. Linear Classifiers

Linear classifiersare based on assignitigear decision boundaries betwetie samples
(feature vectonsof different classesA variety of algorithms has been proposedar, such
as Support Vector Bthines (SVMsJCortes & Vapnik, 1995Raghavendra & Deka, 2014)
LinearDiscriminant Aalysis (LDA)(Manly, McDonald, Thomas, McDonald, & Erickson,
2002) and reguarised LDA (Guo, Hastie, & Tibshirani, 2007hat is adapted for high
dimensionaldata spaceBoth SVM andLDA have beermwidely usedfor classification of
EEG (Costantini, et al., 200Bubas & Gursoy, 2010)and fMRI (Peltier, Lisinski, Noll, &
LaConte, 2009)However,when dealing with complex STBD streams, samplesatioe
linearly discrimindle. This problem is called ndmear classification which cannot be

handled by drawing straigldiscriminative lines in the data space.

The original SVM constructa hyperplane for linear classification, however, a-tinear
classification can bperformedby applyinga kernel(Cristianini & Shave-Taylor, 2000)to
the hyperplane thatllows to transform the feature spacditdhe hyperplaneExamplesof

kernels argolynomialand Gaussian function.

General Linear Method (GLMJFriston, et al., 199Beckmann Jenkinson, & Smith, 2003)
is another type ostatistical linear modelling ahultivariatedatathat was used in several
neuroimaging analytical tools such &satistical Parametric Mappin@PM (Friston K. ,

Statistical Panaetric Mapping, 1994)
16



B. Non-linear Classifiers

Nonlinear Bayesian classifieemergedor modellingthe probability distributions of each

class Bayesian classifiers are based on probabilities of associated events (dependent)
according taconditiond probability principle An example of such classifielis the Hidden

Markov Model (HMM) (Eddy S. R., 1996Chakraborty & Talukdar, 2016Wwhich is a
probabilistic model fotemporal data by assigning proliay distributions over sequences

of observationsUsing HMMs, input data can be classifibg passinghem througlseveral

statedogether withtheir transition probabilities as statistical measurements.

Several successful applications of HdMWave beerdeveloped n the field of speech
recognition and classificatiofiKatagiri & Lee, 1993Rabiner, 1989)In the field ofSTBD
analysis,research on EEG data classificat{@bermaier, Guger, Neuper, & Pfacheller,
2001) has shown that the accuracy of Béased HMM outperformed the B®hsed LDA.

In (Ou, et al., 2015¥MRI datawereused for classification of different groups of patients by
applying HMM, whch generated diffent sequences of observations (states), based on
which the specific test subject was classifiedsearclfArgunsah & Cetin, 201Qresented

that HMMs for EEG classification were improvég usingPrinciple Canponent Analysis
(PCA) (Friston, Frith, Liddle, & Frackowiak, 1993yhich is a dimensionality reduction
approach that transfers data samples into a new space with a smaller dimension, where
different orthogonal principle compents preform asriearsubspace representations of the

data.

When dealing with samples thare not linearly distributedPCA transformgesult inlosing

some of the information. Independent Component Analys{dicKeown, et al., 1998)
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(Franchin, Tana, Cannata, Cerutti, & Bianchi, 20b8% been proposed to overcome the

limitations of the nonlinear subspaces in PCA.

HMMs performed well in variouSTBD classificatios, however,when both spatial adh
temporal informationare critical to be preservednd learnt HMMs do not model the
integratedspatiattemporalcorrelations in datdn addition, HMM is a parametric technique
with a fixed number of states and a fixed topolegth respect to the obsetions The
HMM model gperates using discrete states and twsideronly thepreviousknown state,
so deepgearning patterns cannot be capturétiey are alsdacking from braininspired
learning to adjust the interconnection&ome limitatios of HMMs are reviewed in

(Chakraborty & Talukdar, 2016)

C. Artificial Neural N etworks (ANNS)

ANNSs have been proposémt solving classification or regression tasks in computational data
processingANNSs areconstituted o set obasic cell{called neuras)performing a defined
mathematical operatiotonnectedcandorganisedn layers,which process input information
andassigndecision boundaries betwesampleghat belong to different classe&ccording

to their computational units, theyerecategorisal into three generations.

Rosenblatt proposed the first generationAMNNs (Rosenblatt, 1957)called perceptron
which was based omcCulloch-Pitts neuronsand was inspired by the concept of
thresholdhg in biologicalneuronsA perceptron neuron is a computational wvith several
inputs, each is associated with a weight tiesemblessynaptic efficiency A perceptron

integrates the inputs and fires if the synaptic wieiglsum of inputs reaches a thresh@his
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iIscomputedsingast ep function t o Dpaorl).fToigfunctitniistiraer y

independent, meaning that the time in which the threshelicseledis not considered.

A single layer perceptron consists of one layer of neurons that are fully connected poithe in
data by weighted connections. An extended versiothefperceptronis the Multilayer
Perceptron (MLP)Kruse, et al., 2013)hich usuallyconsists ofininput layer, one or more
hidden layers andnoutput layer The stepfunction can be replaced by a linear function,

which produces a range of activations, so it islinoted to abinaryoutput

The second generation ANNs is related to improving the computational unitsibgiuding
an activation functionln contrast ta fixed threshold value to determine the outpatean
activation function (such asonlinear sigmoid) produces outputs wehiare proportional to
the inputs; thugperforming norinear classificationg-igure2-5illustrates a block diagram
of an artificial neurorfright) and a simple small netwo(left) with two input neurons, two

hidden layers, and one output neuron.

Q N O N O
N AN| W1Xy output
N /N N — —»
R N Inputs WX,

Weights

Activation function

Input Layer Hidden Layers Output Layer

A multilayer NN An artificial neuron with action potential

Figure2-5 A block diagram showing compents of an artificial neuron.

Feedforward ANNs with a backpropagation (BRpased algorithm can learn time varying

inputs(Shinde, Samant, Naik, Ghorpade, & Kale, 201, Efe, & Kaynak, 2002)Several
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BP learning aorithms have been proposed, such as ahfnenneuralnetwork learning
algorithm for dealing with time varying inpu{hao Y. , 1996,Cilimkovic, 2015)and
learning algorithms based on gradientaded(Zhou & Si, 1998Ranganathan & Natarajan,

2018)

MLPs with nontlinear activation functionsiave beenapplied for classification of STBD,
such as EEG classificatioelated to eotion perceptior(Yaacob, Abdul,& amaruddin,
2016)andamotor imageryEEG classification(Chatterjee & Bandyopadhyay, 2016pme
other relevantANN modelsare Recurrent Neural Networks (RNN$eddintj Povey, &
Khudanpur, 2015Waibel, Hanazawa, inton, Shikano, & Lang, 1988zer, 1993;Che,
Purushotham, Cho, Sontag, & Liu, 201Bat are suitable for sequential data classifications,
suchas time series. This network is based on hardpagation, mening that the output of
one layer can return back as input to the previous layer for tuning the conneChiens.
problem with this complex network @&svanishing gradienthathappens when thectivation
function cannot make significant charigehe outpt, therefore,lie retwork refuses to learn

further.

Although theseANNSs are inspired bygomepropertiesobserved in brainesearcl{Hodgkin,
Huxley, & Katz, 1952Hall, 2015)t h e n etatedeper@snly on thecumrenttime of
inputs, employing an activation functiomo enhance thjsthe third generation 0ANNS,
called Spiking Neural Networks (SNNs®mergedin which accumulated inputs over time

control anaction potentiafunctiors thus, it @codesthen e u r faimgéime information

Like thefirst-generatiolANN, a spiking neuron integrates the inputs and fires whefiring

threshold is exceedeth addition to this, a spiking neuron has aneirent dynamic nature
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that defines a postsynaptic potentialstate which changes with timeThe possynaptic
potential of a spiking neuron changes with time while streaming inputs. A spiking neuron
fires at the timet in which itsinternal state exceeds the neuron threshbiegrefore SNNs
areconsidered abraininspired computational modelhatencoek properties such as action
potentia) excitatory postsynaptic potential amthibitory postsynaptic potentiélizhikevich,

2003)

D. Deep Strwctured Learning (DSL)

In machine learning, DSimethods refer to learning the data representations in a hierarchical
manner, where each layer in the model extradifferent informative level of representation
that corresporgito a particular concept in dat&he karningprocedure can be supervised,
unsupervised or sersupervisedSo far, different DSLarchitecturediave beenntroduced
and examples are as followBeep NeuralNetwork (DNN)(Liu, et al., 2017)Deep Bekf
Neural Network (DBNN (Goodfellow, Bengio, & Courville, 2016 RNNand Convolutional
Neural Network (CNN)DNN refers to a network with multiple hidden layers between the
input and output layersin DNNs every layer of neurons extracts informative abstractions
and transfershem to the next layelo model complex notinear relationshipsDNNs are
usually feedforward networks, while the data flow can be in any direction in RMilking
them suitablefor a wide rangeof applications(Gers & Schmidhuber, 200Butskever,

Vinyals, & Le, 2014T o ma v s , Karafiat, Burget. Lernock

CNNs (Schmidhuber, 2015re inspired byhe visual cortex, wheréhe firing rate of every
sensory neurors affected by a specific region in the retina, calledtheren 6 s r ecep

field. Neurons have different specific receptive fields, and they are overlapgphiys
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consist of three main layers: input layer, feature learning layer and classifier laglerofEa
these has several stdyers.In contrast to MLB, in CNNs the hdden layers are not fully
connectedThrougha convolution procedure,\very region of neurons (receptive field) from
layer“(s connectedo one neuron in layé® p, which resultan extractng abstractionsife.
someinformative features) frontayer ‘and transfes them to the next layeConvolution
uses a filter (with a specific size) which is sliding over the ivalitesto merge them and
generats a feature mapSeveralconvolutionsare applied on the input data to develop
different feature mapslraining a CNN is similar to MLRraining that can be based on
backpropagation or gradient desc&nNs use activation futions, thereforthey can solve

non-linear chssification tasks.

CNNs supportediremendous achievements in computer vision systems, including image
classification(Krizhevsky, Sutskever, & Hinton, 2012)jnage segmentatiafiiang-Chieh,
George, lasonas, Kevin, & Alan L, 2018/achinger, Reuter, & Klein, 201&nd object
detectionHe, Hang, Ren, & Sun, 2018)ne of the common issues WENNSs is overfitting
thatmay happen due tilne presege of layers which model irrelevant dependendiz¥dNs
werealsoused in several applications of STBD, for instance, emotion classification using
EEG datgTripathi, Acharya, Sharma, Sudhanshi, & Bhaharya, 2017and the raslt has
shown that CNN outperformed MLP. In reseaf&tezaei Tabar & Halici, 2016 motor
imageryEEG classificationaskwasperformedand the results suggested that deep learning
CNN improvedclassification performance bt least9% compared to other conventional
approachesln this section, Ireviewed methodshat have beerappliedso farfor STBD
classificationsThe next section réews data clustering/hich isan important approach for

undersandingrelationshig in STBD.
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2.5.2 0verview on ClusteringMethods

Clustering aimst objectively organisg data samples into homogenous groups where data
samples within a group are similarsome sense&o far, many clustering methods have been
developed tadentify structures in diffeent data types, such as static and temporal Daita
arestatic when théature values do not change otmare, andthey ardime series (temporal)

if the features comprise values that change over a continuous time inteitvatespect to
different data types, clustering methods differ significantly in the notion of
similarity/distance measures$n the following | presenta review on clustering methods
applied to different data domain@) static data clustering,B) time series clustering and

(C) dynamic evolving clustering.

A. Clustering Approachesfor Static Data

Clusteing methods for various static data are classified into five major categories:
hierarchical methodglohnson, 1967 )partitioning methods, densityased method&ster,

Kriegel, Sander, & Xu, 1996yrid-based methods, and modelsed methods.

Partitioning clustering divides datasets irKalistinct partitions, where saples in each
partition sharesimilar characteristic®f this cluster. Most of the partitioning clustering
algorithms are based ominimising an objective function, which usually refers to the

distance between sampl@sd thecluster centre. A typical objective function is as follows:

g 8
0'Qicd Q¢ i 1)
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whered sdenotes the number of samples belonging to cliistedfunction’O "Qicamputes

the distance between sampb to the centref clusteri. A partition is hard if each sample
belongs to only one clusteor fuzzy if one sample is allowed to be in more than one cluster
upto adifferent membership degremg. fuzzy emeangBezdek, Ehrlich, & Full, 198Rai,

Bajaj, & Kumar, 2015)Numerous hargbartitional clusteng methods have been proposed,

in which one of the most popular ones is thenKans algorithniHartigan & Wong, , 1979;
Prabhakar & Rajaguru, 2015Yhe Kmeans algorithm classifies a given data istd K
centroids, which ar@re-defined a priori. The procedure is to assign each sample to the
nearest centre and fofclusters. Afterwards, nesentroidswill be computed with respect

to the mean value of each cluster. Over a number of iterations ialgorithm, theK
centroids change until they converge to certain locations (which means that no more changes
are done) through minimising an objective function, which follthhese as a square error

function:

® Q& NI (2-2)

With respect to diffeent clustering algorithms, theimilarity/distance can be measured

through different equations as reported able2-1.

Table2-1 Different techniques for measuring the distance

Method Formula

Euclidean distance

Squarectuclidean distance & Oy o 6
Manhattan distance & O o (I)S
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Maximum distance A E dO@ s
Mahalanobis distance D ®Y O »
S is acovariance matrix

Hierarchical clutering represents groups of da@mples using a tree of clusters, in which
the similarity is measured according to a pairwise distance matrix of samples. Every two
similar samples can be merged to represent a cluster and then the most similar pagrsf clus
can merge their members tepresent a higher level of clustdknown also as a parent
cluster). This procedure will be repeated until all the data samples fall into one cluster, which
is the root of the tree. Hierarchical clustg algorithms aresither bottomup (also called

agglomerative clustering) or tegown (also called divisive clustering).

Figure 2-6 represents an example of bottam hierarchical clustering for 11 &lgbetic
samples, illustratingdw it organiseshe data space through merging similar paif letters.
A deficiency of the hierarchical clustering is that the computational complexitye )

subject to the number efsamples

I m—
O —
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Figure2-6 A tree diagram ofidata space with 11 samples of letters (right) and the corresponding nested clusters
(left).

In densitybased clusteringjnlike the kmeans, the number of clusters is not predefined.
Clustering is initiated from a set of pointgntinuously growing as long as the density in the

neighbourhood surpasses a threshold.

In grid-based clustémng, the sample space is quaatisnto a ihite number of cells, where
the operations for clustering are performed. A common example of thbag@tl approach

is Statistical Information GridBased methodSTING) (Wang, Yang, & Muntz, 1997)

Modetbased cluring undetakes a model for each cluster and aims at creating the best fit
of the data to the model. One major method of mddskd clustering is the neural network
approach.Prominent clustering methods of the neural netwdigdd are defined by
compettive learring, including SeHorganizing Maps (SOM{(Carpenter & Grossberg, 1987;

Baig, Ayaz, Gillani, Jamil, & Naveed, 2018phonen, 1998)

B. Clustering Approachesfor Time Series

A massive amount of teropal data fime-series data) has been recorded so far in various
fields, such as electronic, video/audio, biology, neurolagyg,so forthin cases of clustering

such data, given a set of time series, the objective is to group similar temporal patterns in
the samecluster. This task demands a specific notion of distance measured to estimate the
level of similarity between time series distributions. However, the Euclidean distance and
other typical measures (used for i@mporal data) are unsuitabteeasiresto evduate the
similarity between time serietn the literature of time series clustering, various methods

have been introduced of which some are briefly discussed as follows:
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Biclustering (Mirkin, 1998) is a pattersbased clustergn technique which simultaneously
clusters both rows and columns of a dataset representéddaynples ana-dimensional
features as a matrixy ¢ . Every sample vector can represent a pattern with multi features,
andbiclustering can find a relationship between patterns in such datasets. Biclustering has
been used for clustering time seriesg@expression da{@anay, Sharan, & Shamir, 2002)
Since the biclustering can detect the direction of gbarin data variables among samples, it
has been considered as a promising technique for clustering time series. Hovevrer,
dealing with spatig@gemporal data, where both space and time need to be integrated and
involved in the clustering algorithm, bicdtering approaches cannot perform sufficiently as

the spatial relationship between features is not incorporated amalhesis

SOM is a clustering approach, utilising the ANN underpinning unsupervised learning. SOM
is performedn two phases: (1) traing, which creates a map using input training samples
through a competitive procedure af®) mapping, which clasés anew input sample
vector.During the training phase, for every input sample vector, the distance between sample
variables and all theades in the map will be computed (usually by means of Euclidean
distance). Then, with respect to the principle of conipetilearning, the node with the
smallest distance will win as the best matching unit. The winning neuron and its
neighbourhood (withia radius) will be pulled towards the current input sample. The learning
procedure will be iteratively performed for @fle training samples, and the final network
performs a similar responge certain input patterns. Thus, SOM shapes a semantic map

where similar sample vectors are mapped close together and dissimilar ones apart.
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SOM has been widely used for clustering BEG data(Hamdoun & Usman, 2016;
Joutsiniemi, Kaski, & Larsen, 1998rjuelaCaon, et al., 2017where eactEEG spatio
temporalsamplewasfirst transformed intane feature vector and then passedo SOM

for learning.

C. Dynamic Evolving Clustering Approaches

The concept of dynamic or evolving clustering diffesm the wide spectrum otlustering
approacheshat atempt to measure the distargetilarity within the whole data spacd. |
rather refes to clustering ofa data stream environment which continugustolves with
time. As a result, wlving clustering methods represent the incremental growth of clusters
and the creation of new clusters from a streawecforbaseddata.Sofar, several methad

for dynamic evolving clustering have been propod#tiile SOMin an entire data space
assigns similar input vectors into topologically close neurons, Evolvingo&glhizing
Maps (ESOM)(Deng & Kasabov, 2000and the DENFISevolving clustering method
(Kasabov & Song, 2002)ere introduced for online dynamatustering ofdatastreams
When deahg with STBD, both ESOM and DENFISuccessfully detecthe temporal
changes in datareamsandincrementally assign them into the already generated clusters or
develop newclusters for themHowever,the temporal components of each data sample are
transposed into one feature vector (static vector), where the timadsn,and no tempota
interaction ca be extracted anymorAlso, the spatial relationships between the features are

not consideredh these models

Aggarwal (Aggarwal, 2003has proposed a framework fdynamicevolving clustering of

spatiotemporl streams. Theclustering method considerboth spatial and temporal
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relationships in data space, howeviecreates separately two spatial and temporal models
Therefore, the integrated spatiaimporal similarityin the datas not properly measured @&n

this isacruaal lack for clusteringof STBD streara

It can be concluded fromme literature that classification and clustering of STBD have often
been done usingonventionamachine learning methods such as the S@drtes & Vapnik,
1995) MLP, Multiple Linear Regression (MLR), linear regressiam, deep learning
architecturesNow the question is: hat is missing irthe current technologies for SHD

analysis?

Currently, many types of STBD hateencollected that capture complex tempgratterns,

which need to be modelled and analysed. Various techniques have been developed to analyse
the brainds act i v a t(TanapBiandhiuStloctoi Fsanchih, & Cesuttin e c t
2012;Aggioni, Tana, Arrgoni, Ucca, & Bianchi, 2014)r effective connectivityBuchel &

Friston, 1997)Learning dynamic patterns spatictemporal data is a challenging task, as
temporal features may manifest complex interactions that may alsgecdgnamically over

time. Therefore the relationship between the spatial and temporal components needs to be
considerechnd learntin addtion, the spatial information of the temporal sources needs to

be learntboth tgologically and computationallylo address theseeeds developing new
analytical methods that can capture interactions among multivariate data is of crucial

importance.

Compared toconventionaANNSs (first and second generations as explainé&kition2.5.1)

SNNs have emerged to integrate space and time componeatdtaofto the computation
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SNN models and theireuromorphic highly parallel implementations are advancing quickly
(Furber, Galluppi, Teple, & Plana, 2014indiveri, et al., 2011)The challenge now for
information science and Al is to develop new SNN algorithms and methods for the efficient

learning of STBD and for their efficient neuromorphic implementat{@@sabov, 2014)

2.6 Chapter Summary

This chaptereviewstwo maintechniques for recording STBibathave been widely studied
in cognitive sae@nce and neuroscience reseaiten, a historical review on classifi@n
and clustering approachesspresnted In the next bapter,SNN principles, models and

applicationsare discussed.

5Neuromorphicreferstoakindafidynami cal 6 machine with processors
the algorithmsimulatecomplex spatigemporal dynamics on the computing hardware.
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Chapter 3 Spiking Neural Networks

3.1 Introduction

As discussed in the previous chapter, the first and second gendxhifitssweredeveloped

based oractivation functions, which deteimn e t h e n estateazcordisg tofther i n g
current inputsat timet. However, neuroscience research indicated thabéaviour of a
biological neuron is influenced by tldgnamics of the membrane potentakr a period of

time. This meansthat the membrane potentialluctuatesdynamically while the neuron
receives streaming inputg/hen the membrane potentglippressea certaincapacity it
generates amction potential(signal) and sends it outTherefore,the action potential

corresponds tthe intensity ofcommunication between neurons

In the third generatioMNNs (Maass, 1997)the inherent nature dhe spikingneuron is
inspired by the principle of action potentialincorporate the previowcumulatednputs
This is much similar to how a biologicakuron functionglzhikevich, 2006 Brette, et al.,

2007;Scott, Kasabov, & Indiveri, 2013The action potentigherecan be computationally
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encoded by binary Waes ¢1 or 1) with a precise timing, callepikes’. A sequence of spikes

represents the times in which a neuron emitted action potentials.

SNNs are computational models that consist of spiking neurons as processing elements,
connetions between thenand algorithms for learning from dafBhorpe & Gautrais, 1998;
Verstraeten, Schr auwe n, Mafhoeties, Suyenneauk& Thorpeo o b a
2009) They transpired as potential meato learn time, sg& and frequency of complex
STBD.In addition to considering theeural synaptic stat&NNsinclude theiming of spikes

in the computationThis meanshatthe current activation level of a spiking neuron depends

on the incoming spike pushing this vaki higher and then either firing (if exceeg a

threshold) or decaying over time.

So far numerous methods of SNNave been schemed such as spaiporal pattern
recognition(Humble, Denham, & Wennekers, 2X) Kasabov, 2012b)ncoding timeseries
datasuch as speech data into spike seque¢as Schaik & Liu, 2005;Delbruck &
Lichtsteiner, 2007Lichtsteiner, Posch, & Delbruck0@8; Lichtsteiner & Delbruck, 2005;
Indiveri, et al., 2011) computational neurgenetic modelling(Benuskova & Kasabov,
2007) spatiostemporal data learningMaass, Thomas, &lenry, 2002;Song, Miller, &
Abbott, 2000.Dhoble, Nuntalid, Indiveri, & Kasabov, 201ZNN reservoir computing and

liquid state machinfs Ver st raet en, Schr auwe n,clasfifidatome n e ,

systems(Kasabov, 2007) neuromorphic design and implementatidnhikevich, 2006;

6 A Spike is a binary valueX or 1) at time t, which represents a certain upward or downward change in the
signal.
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Furber, Galluppi, Temple, & Plana, 2014adiveri, et al., 2011pnd neurecomputational

perspective of brain pathologyReggia, Ruppin, & Glanzman, 1999)

Many applications of SN&lhave been developed, including: multimodal auwdgual
information processing(Wysoski, Benuskova, & Kasabowy010) STBD modelling
(Kasabov, 2014 Brain-Computer Interfaces (BC{Anderson, Stolz, & Shamsunder, 1998)
moving object recognitiofKasabov, Dhoble, Nuntalid, &diveri, 2013) cognitive data
modelling (Kasabov & Capecci, 2015j)inite automaa modelling(Natschlager & Maass,
2002) predictive systeméTu, et al., 2014)These applications are sttured based on the
SNN models, whiclprocess input stimuli across different evoked cogaistates, acting as

an ultimate spatiwsemporal data processing mach({i@sabov, 2014Kasabw, 2010)

3.2 Computational Model of a Spiking Neuron

In a biological neuron structure (as explaine€iapter 2, when the overall power of input
signals reaches a certain threshold, an output sigrgneragd and sent to other neurons
connected tat. Therefore, neurons receiand transmit information by means of signals

exchangedia synapses.

This procedure can be computationally simulated atificial spiking neurons as
informationprocessingunits thataccomplish notlinear processindAnderson, Stolz, &
Shamsunder, 1998jaass, Thomas, & Henry, 2004 collection of interconnected spiking

neurons create&NN, where neighbouneurons are influencday their piking activities

Figure 3-1 illustrates a biological neuron and artificial spiking neuron which resembles

the behaviour of altdan be beergthabeanpus ane outpa in & s
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spiking neiron are in the form of spikesequencesvith a precise timing.With respect to
different mathematical neuron models introduced in the literature, a spikumgncan
dynamically pocesghe imput spikes over time to compute membrane potentidihcomirgy

spikes make change mneurorpotential and when this exceeds a threshold value, the neuron
emits an output spikeSimilar to the axos artificial neurons are interconnected through
simulated paths, which are initially establisheith random weightsThenthe connection
weights between neurons are modified by transferring spikes across symyrsesous
computational models of SNi\have been developed so far, some Wketbwn models are

listed in the following and discussed afterwards.

==

Lapicque

1 IntegratedandFire

1 Leaky IntegrateeandFire

1 Izhikevich

T Thorpeds Model

1 Probabilistic Spiking Neural Model
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Figure3-1 (a) Structure of a biological neuron, figure was modified f¢Rearson , 2005]b) Artificial spiking
neuron which receives input spike trains, processes them and modtmet spikes

Lapicque Model. One of the earliest models thie neuron washe Lapicque mode{Brunel,

van, & Mark, 207), which was constructed accordingtb@ mechanism of an electric circuit

with aparallel resistarThis model captures the leakage resise and capacitance of the cell

membrane, but the concept of action potentials was not known. In this model, the action

potential was set as a constant with diffétéme of occurrence.

Integrated-and-Fire Model. In (Abbott, 199)the Lapicque has been further developed to

incorporate the principle of action potential, in which once the membrane capacitor reaches
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to a certain thresholdnaaction potential is produced and thée imembrane potential is
reset This model is céd the integrateeandfire model of a neurorthe integrateandfire

model of a neuron can be defined by its membrane poterdiad capacitance C as follows.

6~ - wo U ‘00 (31

0 o — 0ME U O 1" (3-2)

where resistor is denoted By input current iSO0 ando is the time at whicka neuron
fires when its membrane fntial0 0  exceeds the firing thresholdhwhile 0 o is

its derivative.

Leaky Integrated-and-Fire Model (LIFM) .1 n t hi s mode/l a (Ksght, c al |
1972) the membrane potential 0 increases with every input spike at a tihgemultiplied

by the synaptic efficacy (strength), until it reaches a certain thredhalter that, an output

spike isemitted,and the membrane potential is reset to an initial stake. a biological
neuronperfoms, when the simulated neuron emits a spike, it does not produce a new spike
within a refractory period and its membrane poteniial leaks. The membrane potential

can have certain leakage between spikes,fwhic s def i ned Absghendgic par a
representation of thelFM is illustrated inFigure 3-2 and theneuron action potential is

defined as follow:
T Qo 0 DO YO (3-3)
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Thet isthe membrane time constant, is the resting potential,is theinput currentand

R is the resistance

Splke tramns [nere wowmn s venn O N T T T T B T B O AN FTAY]
| ! !
Integration. @ === 00z @00 @ qopELBRsLUHUGRRL I IUH L L B U G Ul
+ leakage e )
W || T Spike O
XV < Refractory period 5
] [ ___;: S ' } £
_» () 4l Binary events |
N ——— A [
'
x4 —— U~ t
(a) The structure of LIFM (b) Functionality of a LIFM

Figure3-2 TheLIFM of a spiking neuron(a) Schematiaepresentation; (b)i®wing an input train of spikes
(top row), the emitted output spikes (second row) and the memp@tential changes over time. Figénam
(Kasabov, 2014)

Izhikevich Model. The model was introduced Byugene M. Izhikeviclfizhikevich, 2003)
combines the computational efficiencytbéintegrateandfire neurons and the biologically
plausible principle othe Hodgkiri Huxley model.Thelzhikevich model is implemented by

means of a twalimensional system of ordinary differential equations as follows:

Qo T8t v 0 VWO pTTOO OO (3-4)

Qo ., . .. .
—, WWULO OO0 (3-5)
Qo

Once the neuron membrane potentiaxceeds dixed threshold— o 1t 6, a spike will

be emitted and A T #will be reset according to the following rule:
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whered denotesa membrane recovery variable thadvdelsfeedback ta)y and cfoftoandQ
are dimensionless parameters. The lIzhikevich model has been extended and developed in

(Izhikevich, 2006) and(Izhikevich & Edelman, 2008)

Th or p e 0 sAwWratbredfLIFM has been proposed by Thoi@dorpe S. J., 1990

which a neuron membrane potentiab is only influence by the order of incoming spikes,

when the earlier spikes have higher effects than the next upcoming ones. In this model, when
neuroni receives input spikeisom thepresynaptic neurojy "Q pltf8 i) the postsynaptic
potential of neurom, 0 "YO his increased according to the order of incoming spikes Kom
synapses. The earlier the spilae receivedfrom the presynaptic neuron, the greates th

impression on the neurdrnpossynaptic potatial. In this model, connection weighte h

QO plt )  are established as follow:

=B &0 &7

wherew denotes to the connection weight between neur@mslii, modis a modulation

factor within 0, 1] andorder()) is thetime order of thefollowing spikes to the psynapticj

from all the connected neuronsjto

Probabilistic Spiking Neural Model (pSNM). In 2010, Kasabov proposed the pSNM
(Kasabov, 2010 which information is stored in the form of connection weights calculated

with respect to Thor phrednrw probabibstic pgrdmeters to thec | u ¢
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synapic connection weight 0. A pSNM is schematically shown iRigure 3-3. The

probabilistic parameters afie; 0 hrjy  © AT B YD , described as follows:

- 1N j O is a probability paramet that neuromreceives a spike from neurgmt timet
via connection0 betweenj andi. Herethe connections are not created and pruned as
in other ANN modelgKasabov, 2007)but a probability parametés assigned to each
connection to represent its structural and functional uncertdinjy,; 6 T then this
means that there iso connection and no spike propagation betweand i, while
N ro0 prepresergal00% probability of pike propagation.

- N { O represents a probability for the synapsgeto be involved in the computation of

0 "YU after receivingaspike from neuroi

- A probability parametef) 0 that neuron emits an output spike aime t when its

0 "YOO has surpassed a certain threshold.

pj(t) Py (D)

pcj‘j (E)r Wj,j('t)
n; H on;
/ ' 0]

Figure3-3 Representation of @nsynaptic connection in a pSNM

The0 "Y0 is calculated using the followirfgrmula:

4 Lt €4 «

Cm =i =

IF

(3-8)

where’Q equals to 1, if neuropemitted a spike, and 0 otherwis€n 0 is 1 with a
probability f} j 0, and O otherwis€éQr] 0 equals to ith a probabilityry ; 6, and
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0 otherwisep is the time of the last spike emitted by neuron 0 0 expresses decain
the PSP. The pSNM is simplified as the LIFM, when all the probability parameters are fixed

tobel.

1

The parameters) 0 hn 5 6 AT R"Y00 were optimised using guanturainspired
evolutionary algorithnto maximisethem et wor ké6s accur acy forthehi s a
bestparametervaluest o cal cul ate the neurondés respor
Further information about how to modify these probability parameters is mi\{&asabov,

2010)

3.3 Information Encoding in a Spiking Neuron

As explained in chapter 2, biological neurons send informaticeudden and short increases

in their electrical energy which genera@msaction potential ospike as encodd spatie
temporal informabn. When SNNs are used for learning the sp&timporal patterns

Ahi ddeno in STBD, s uch tadguencdsiofrsgikeshicheared t o
then transferred into the SNWWa input neuronsNow the question igvhat kind of codes can

be consiéred for transmitting information in SNNs?

Rate codes and pulse codes are two main techniques in neural encodingdfirbt the
generations of artificial neur al net wor ks,
output signals based on onhetfrequency transmission. However, coding in Sié\based
on precise timing of spikes as computed in pasding(Maass & Bishop, 2001Gerstner &

istler, 2002)
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A simple SNN is composed of an input layer, a buldayer, and an output laydrke a
biological neuronds dendrites, orimagion iamd p u t
encodes it into a new number of features
neurons. The input encoding proceeluransfers the real value of input information to

discrete sequences of spikes as new format of inputs to SNNanode

Different spike encoding algorithms have been proposed so far, some popular ones are:
Temporal ContrastThresiold-based Representatid®nlBR) (Delbruck T. , 2007Dhoble,
Nuntalid, Indiveri, & Kasabov, 2012B e n (ikes &gorithm (BSAYSchrauwen & Van
Campenhout, 2003PopulatiorRank CodingBohte S. M., 2004)and Rank Order Coding

(Thorpe & Gautrais, 1998Ywo important encoding algorithms are explained here:

Temporal Contrast (TBR). This method was originally proposed in 2007 for information
encoding in artificialsilicon retina(Delbruck & Lichtsteiner, 2007)The methodencodes
substantial changes in signal amplitude over a given threshold, where the OFRand O
command of the hardware were dependent to the sign of the changes. Hofeedsamatic
changes in the signal amplitude, it is almost impossible to recongteusignal from spike

trains generated by TBR. Therefore, TBR has been improved as follows:

For a given signalYo ix E A & Aplt8 E, the signalamplitudevariationover timet is
denoted by 0 hwith abaselineB(1) = S1). At the next time poinb, if the upcoming signal
amplitude™Yo is greater thad 0 p plus a threshold, then a positive spike is generated
at timedand6 o will be replaced by 0 p . The encoding of positive and negative spikes

is defined as follow
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Rank Order Coding (RO). With respect to the order of neuron firing times, a higher rank
will be given to the earlier fd neurorfThorpe & Gautrais, 1998)R0O has been successfully
applied in modelhg audio visual systems in visual pattern recognitidiysoski,
Benuskova, & Kasabov, 200&hd speech recogniti¢hoiselle, Rouat, Pressnitzer, & horpe,

2005)applications.

3.4 Learning in SNN Modéls

Different types of learning rules in SNNhave beerexploredin the literature. The most

popular ones are supervised and unsupervised learnexpksned in the following:

Supervised learning.In this learning, the input data and the anticipategbuts are known.

For instancein the classification problem the class labels of samples are known and in a
regression problem the real values for esgion are given. SNN learns the input data petter

to produce an exact output when a new unknown input is presented. RO learning rule and
errorbackpropagatiofBohte, Kok, & La Poutre, 2002e two popular supervised leargin

examples.

Unsupervised learning.In this learnig approachthe desired outputs are rqmbvided,and

a training process is performed with unlabelled input data pattétitkerto, several
unsupervised learning algorithms have been developed in SNNsntddemajority of them
are constructed to adapetsynaptic weights accordingtteetemporakelation between pre

and postynaptic action potentials as similarly implemented in Hebbian lear($ngg,
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Miller, & Abbott, 2000;Hebb, 1949) One example oHebbian learning is Spike Time
Dependent Plasticity (STDP) learning rule which degema the relative timing of prand
possynaptic action potentialSong, Miller, & Abbott, 200Q)The STDP learning rule is

defined usinghe following relation:

o 6 A @ Bort QW n

OYo 5 A @ DYort Q¥ T (3-10

where "OY0 defines the synaptic modification elicited from a single paip and
postsynaptic spikes separated hiynee intervalYo 0 0 . The parameterA. and

A. define the maximum quantities of synaptic modification, which transpire Wbén 0 .
The parameters andt determine the ranges of pr@ postsynaptic inter spike intervals

over which the synaptic strgthening and weakening ocsur

3.5 SNN Reservoir Computing Systems

Reservoir computing systems are constituted of a group of recurrent connected neurons that
form a computational famework, where the input signals are mapped into a higher
dimensia, called dynamical reservoihe r eser v oi r direar mfermationn s a |
processing units which are typically connected randomly. The neural activities are triggered
by the input dynamics anare also influenakby the past. Therefore, for onlifearning of

continues input streamsgservoir computing allows for reime computationn parallel.

Oneexampleof the reservoir methods is Liquid State Machines (sgMroposed by Mass
(Maass, 2010Maass, Thomas, & Henry, 200&jat employ LIFM of spiking neuron¥he

general architecture of LSM includes the following main layers:
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- Aninput layer is randomly connected to the neuroribemeservoir.

- Areservoir of randomly interconnected neurons, eachhidiwfires over time when its
action potentialvalue exceeds a certain threshold. Therefgratterns of spikesre
capturedafter“Ytime-steps

- An output layer is a simple deterministic readoyetahatreceives the spike patterns for

classification.

The readout for LSMss typicdly a multilayer feedforward NN orlinear regression that
reads the states of the reservoir and m#peminto the desired outpuin several application
domains,LSMs have shown better performanesbencomparedwith conventionalANN
models Forinstancejn pattern recognitiofVerstraeten, Schrauwen, & Stroobandt, 2005)
LSM was applied to recognise an isolated wand the resultsiere compared wittHMM
models In contrast to the HMM, the LSM has shown to be robust to nrisg?ape, De
Gruijl, & Wiering, 2008;Ju, JianXin, & Antonius, 2010) sound data were transferred into
64 staic vectors ¢ frequencies using thBast Fourier Transformation (FFT) which were
further processedhrough normalisation. Then thpreprocesseddata were used to
demonstrate redaime applicability ofthe LSM for music recognitionkor the classification
tasksreadaut functionssuchasRecurrent NN, Knearest Neighbour@NN) and perceptron
were often used. It can be concluded frotimesestudies that LSMs perform welibr the
classification okpatiatemporal dataNow the fundamental question vghat was missing in

the current LSMs?

- The LSMsdo not preservand learnthe correlationbetween the spatial and tparal

componentsn one model
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- LSMs arenot developedbased on an entirely spi#ine constructedcomputtional
approach. Theeadout functions are usually ingphented according toonventional
machine learning algorithmgiowever,neurons in LS\ are spiking neuronand they
produce patterns of spike$hereforethe performance ofSMs can be improved by
employing SNNbased classifigr which resuls in directly processing the e ser voi r
spikes in an onlineonepass modeThis suggest a better applicability of SNN models
for reallife information processing.

- LSMs benefit fromLIFM of neurons which try to model real neurons, howelreaijn
inspired learnings lacking to capture the spatiemporal interactions in the form of
adaptiveconnectionsn the reservoir

- As aresult of random connectionglereservoir, LSMs cannot be spatially interpreted
The spatial information of the temporal variables aret topologically and

computationally considered.

In view of both characterists and limitationsof LSMs, SNN features were employed for
developinga special type of ma LSM, a Spatietemporal Data MachineSTDM), called
NeuCube that is aevolving spikingneural network (eSNN) fobetter modelling and
understanding of STBKasabov, 2007Kasabov, Dhoble, Nuntalid, & Indiveri, 2013;
Kasabov, 2012b)rhe following Sectior3.6introduces the NeuCube architecture, which will

be used in this thesfer development ohew methods for STBD analysis

3.6 NeuCube for STBD Modelling

NeuCubeis a generic evolving STDM basedh dhe SNN for modelling, learning,

classification/regression, clustering, visualisation and interpretation of 4patmoral data,
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it was first introduced for STBPKasabov, 2012b)The NeuCube development system is
illustrated as an integted confjuration for spatigemporal data pattern recognition and it

includes the following temodules

1 Module M1: Generic prototype and testing.

1 Module M2: A pySNN simulator fosmall and largescaleapplications.
1 Module M3: A reuromorphic hardware foeattime execution.

1 Module M4: A3-D visualisation and mining.

1 Module M5: Exchanging of input/output information.

1 Module M6: A neuregenetic and prototyping testing.

1 Module M7: Personalised modelling.

1 Module M8: A multimodel bramn modelling.

1 Module M9: Data encoihg and event detection.

1 Module M10:Online learning.

In this thesis, Modulé is explained in the current gitar, while the development of Module
7 is proposed by me as presentedChapter 7 Figure 3-4 illustrates a diagram of the
NeuCube multinodular development architecture for modelih@TBD. The NeuCube
Module 1 was initially proposed ifKasabov, 2012bjor STBD modellingand then further
developed i{Kasabov, 2014)Module 1 consists of the following five suiodules andt is

depicted inFigure3-4 andFigure 3-5:

1 Input data mapping and encoding.
1 Unsupervised learning in&dimensional 8-D) SNN reservoir, called SNN model.

9 Supervised learning and classificatioraimevolving SNN.

46



1 Parameter optimaion.

1 Model visualisation and interpretation.

BASIC CONFIGURATION STANDARD CONFIGURATION

Module M1: Module M2: Module M3: Module M4:
Generic PyNN Simulator Neuromorphic 3D Visualisation
Prototyping for Small and P— Hardware for and Mining
and Testing Large Scale Real Time
Applications Execution

Module M6: Module M7: Module M8: Module M9: Module M10:
Neuro-genetic Personalised Multimodal Data Encoding Online System
Prototyping Modelling Brain Data and Event Prototyping

and Testing Modelling Detection

FULL CONFIGURATION

Figure3-4 The multinodular development architecture of the NeuCube. Figure(Kasabov, et al., 2016)

3-D SNN model + time
Spatio/Spectro Temporal
Input Data Stream

EEG signals in milliseconds
low spatial resolution

fMRI in seconds
High spatial resolution ...,

_______ — Brain-like SNN Model
Gene Regulatory Network internal connectivity

.
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Figure3-5 A functional diagren of the NeuCube N architecture, consisting ofaput spatietemporal data
encoding module,-B® SNN model and the STDP learning, output module for classification/regression, and
generegulatory network (GRN) modul€igure ismodified from (Kasabov, 2012b)

3.6.1Input Data Mapping

The NeuCube mapping subodule is created as alBSNN structure of a suitable size that
maps spatially a brain template, suchtl@sTalairach(Talairach & Tournoux,1988) the
Montreal Neurological InstituteMNI) template(Brett, Christoff, Cusack, & Lancaster,

2001)or coordinates of individual brain data.

If the spatial information of STBD variables is given, | can spatially map ttaegdbles into

the predesigned SNN modethe Talairachbased mapping) with respect to the coordinates

of thesevariables as positioned ime Talairach. For instance, the location of each EEG
channel (input variable) can be used for localising the inputon in the SNN modeThe

size of the SNN model is scalable and controlled by three parametirste representing

the numbers of neursmlong x, y and z directions. This model is used to mapxhg, @
coordinates of m STBD; so that the spatial information of the data is preserved. The
prominent attitude of spatially mapping the input variabtes @) construction of accurate
spatial models for STBD collected from these variables and (b) better understanding and
interpretaton of the STBD models, as models are labelled by different functional atbas in

Talairach or other templates.

If such spatial information isot available for some datasetemporal variables can be
efficiently mapped to the SNN models with respecttheir temporal correlation. The
temporal patterns aj variables are first encoded intospike trains, and timecorrelation

between these spike trains is meaadu Variables are then mapped;that highly correlated
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variables (highly timelependent) W be mapped to nearby input neurons in an SNN model.
Every neuron in an SNN model is a computational unit thatbe simulated according to
different models of a spiking neuron as described in Se8tmAs beingimplemented, the
LIFM is used here in Nétube SNN modelLIFM is commonly used byeuroscientist in
the literaturEugene, 20045terratt, Bruce, Andrew, & David, 2014nd has been also used

in this thesis aa brairinspired and efficient model for a preof-concept.

3.6.2Input Data Encoding

The continuous time series of STBD variables that measure functional activity in the brain
were encoded into spike trainBhe timing of the spikes corresponds to the timehef
changes in the STBD. gpike trainpbtained after thencoding process, represamw input
information to the SNN model, where the time unit might be different from the real time of
the data acquisition (machine computation timegsusdata acquision time). The spike
trains were transfeed into the SNN modelia input neurons which are spatially allocated

using the samex(y,2 coordinates as positioned in a brain template.

The existing implementation of the NeuCube is sustained by four diffepée encoding

algorithms including:

T Bebs Spiker Algorithm (BSA).
1 Temporal Contrast (Thrbeld-based representatidnTBR).
1 StepForward Sjke Encoding Algorithm (SF).

1 Moving-Window Spike Encoding Algorithm (MW).

The above spike encoding methods have wffefeatures when demonstrating input data.
For encoding high frequency signals, it is more suitable to use BSA as it is basefimtethe

49



Impulseresponse technique and the original signal reconstructiorsosealsy.The BSA
method produces only posi (excitatory) spikes, whereas using the other methods
mentioned above, negative (inhibitory) spikes can be prodaload with the positive spikes.
As an example, the TBR encoding method was applied to a ¢ines ©f one EEG channel

data to transfett into a sequence of spikes as showRigure3-6.

Channel Gz

100 150 200 280 300 380 400 450 500
Encoded Spikes

50
1 T T
0sH
0

0 50 100 150 200 250 300 350 400 450 500

Figure3-6 An example of encoding EEG data into sequence of positive (black) and negative spikes (red) using
the TBR algorithm that is théormat of the input data into the NeuCube SNN architecture. The image shows
the first 500 data points of one EEG channel (the Cz channel(@apecci, et al., 2016)

NeuCube learning is a twohaseprocess: (1) amnsupervised learning stage in NN

mode| where spatigemporal relations frorthe input datarelearntandconnection weights

are evolvedand (2) asupervised learning stagehere the class information is associated

with each trainig spatietemporé samples. These learning processes are explained in

Section3.6.3andSection3.6.4respectively.

3.6.3Unsupervised learning in SNN Moded

After mapping he spatial components of STBD to the SNN model, the neuron connectivity
is initialised using thesmallworld connectivityas shown in(Tu, et al., 2014)which is a

phenomenon observed in biological systefBslimore & Sporns, 2009Braitenberg &
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Schuz, 1998)In this rule, each neuron in the SNN model is connected neady neurons
which are within a radiu® These connections are later modified based on the learning of
new incoming spikes in time during unsupervised learning which is performed batex! on

STDP learning rul¢Song, Miller, & Abbott, 200Q)

STDP learning igperformed through transferring spikes (in time) across spatially located
synapses and modifying the synapses over timé.Ini s | ear ni ngynaptie neu
potential(PSPH increases by every input spike at éifnto reach the firing threshold. Once

the PSP exceeds this threshold, the neuron fires and sends a spike to the other neurons that
are connected to it. In STDP learning, if neur@ires before neuroj) the connection weight

fromi to j will increase otherwise it will decrease. As a res 8 DP adjusts the connection
weights between neurons based on the rela
input spikes. In this study, the unsupervised learning allows for the SNN model to evolve its
conrections so that they capture spatitemporal associations between STBD variables

representingonsecutive brain activities.

3.6.4 Supervised Learning and Classification in Evolving SNN

After the unsupervised learning is completed, for data classificatioegsign, dynamic
evolving SNN (deSNN)Kasabov, Dhoble, Nuntalid, & Indiveri, 2018) used to train an
output classifier based @massociation between class labels and training samples. For each
training sample, an output neuris created and connected to eachaeur the trained SNN
model. The initial connection weight between a neurfoom the SNN model and an output
neuron;j is defined by using the RO learning rule. After establishing the initial connection

weights, the same data that have beerdusr unsuprvised learningvill be propagated
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again through the trained SNN modshmple by sample. The spatemporal patterrof
activation in the trained SNN modeloked by each particular sample, will be used as input
data to train an output neurdor recogmsing this patternThe PSPof neuronj at timet is

calculated as follow:

0 "YU aeQ W (3-13)

wheremod is a modulation factofa parameter between 0 andal)d order(i) is thetime
order of thdollowing spikes to the connection betweenneisi andj. Through this learning
rule, the first spike that arrives at the output neurenll have the highest valudhen, the

connection weightw will be further modified according to the spike driven synaptic
plasticity learning rule using drift parameter, which is used to modidy to take into
account the occurrence tife following spikesat neuronj at timet, denoted by 1 "Q®Q

i.e. if there is a spike arriving from neuromt timet after the first one was emittethe
connection weight increases by a small drift vahtberwiseg it decreases by drift as shown

in the following:

Qi QQIQHQQA p

e A S T 312
Q1 QQ0QNQN QRQ 1 (3-12)

. w o0 p
w = . .
w 0 p

The NeuCube classification accuracy is evaluated through-eadidsition for different sets
of parameter values and the best aacy model is saved for recall purposes, for further
analyss and adaptation on new data. The use of deSNN allows for a further adaptation of the
NeuCube model on new data in an incremental way withotramgng the model on old
data.
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3.6.5NeuCube Parameter (ptimisation

The output classification accuracy dependshendombination oparametesdvalues. This
combination can be optimised using diffnt algorithms, such as: giséarch (exhaustive
search), genetic algorithm, and quantum inspie@lutionary algorithm(Schliebs &

Kasabov, 2013)important parameters of a NeuCube model are:

- "Y0 'Y : A selfadaptive bidirectional threshold for STBD encoding to spike trains.

- d: Radius threshold for thénitialisation d the SNN connectivity in smalorld
connectivity rle.

- STDP | e ar niApagametax tised tol mddlify tlkennection weightaccording
to repetitively arrivingspikes to the synapses. If a neurdines before a neurojy then
its cannection weight increases, otherwise it decreases with respectSo@itelearning
rate ().

- "YQ : Threshold of firing for the neurons in the SNN model.

deSNN classifier parameterEhese parameters arapdanddrift.

The trained NeuCube model 8TBD can balynamically visualised in &D virtual reality
space fo the analysis of brain activities and farbetter understandir@f spatictemporal

relationshipsn the datgKasabov, et al., 2016)

3.7 Chapter Summary
This chapter exposes an overview on computational models of @NdN intraluced the
NeuCube SNN hitecture for modelling STBDA NeuCube model supporésmeaningful

mapping of spatial variablespodelling, learningand model visualisingln the NeuCube
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architecture, the random connectiangheLSM are replaced by meaningfotaininspired
connections and the learning procedure is based on STDP which captures thespatial
interactions. These features make a NeuCube model meaningful in termatefisetation
for a better understanding of spat@mporal characteriss of data.The next chapter will

demonstratea feasibility analysi®f the SNN for modellingf reallife STBD.
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Chapter 4 SNN Feasibility Study on STBD

4.1 Introduction

In this chapterl present thdeasibility studyof the NeuCube SNN architecture usingp
types of STBD, which are here rdd¢ fMRI and EEGdatasetsFor each of these studids,
designed mempiricalscenario which includes Bopattern analysis and classificatiasks

| constructeaptimal SNN models and traadthemwith STBD samplesThe trainednodels
demonstratethe spatiotemporal interactions between the input data variablesa
computationalSNN model, rather than aaxact structure of the brdinphysical neural
connectivity. The SNN models are then used for clagsifion ofSTBD sampleswvith respect
to different predefinedmental activitiesThe models are also visualiseda 3D spaceand
statistically analysed tevaluatethe level of significanceln addition, |1 performed a
comparative analysis to illustratevathe designe@NN models resulted in an improvement

of classification accuracyhencompared witlconventionalmethods.

4.2 NeuCube Architecture for STBD Analysis

NeuCube has been used to analyse several STBD such as EEG and fMRI to expose
meaningful spatiemporal patterns while different mental activities are performed. For
examples, classifying EEG data for music versus nogseeption(Kasabov, Hu, Chen,

Scott, & Turkova, 2013)classifyingEEG data with respect to diffemt arithmetic tasks
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(Kasabov & Capecci, 2015¢lassifying EEG data in relation to differdavels of dementia

(Capecci, et al., 2016Capecci, et al., 2015pnd fMRI data mappingna classifying to

investigate how a reading task is processed in the @viirli, Kasabov, & Handaga, 2014)

Now in this chapter, raploying the NeuCube framework, | desigreedew empirical study

for pattern analysis and elsification & STBD. The designed framework allows for

measuring the level of confidence in (BN modek and this imccomplishedccording to

the following steps (graphically illustratedfigure4-1):

A) Patern analysis

1.

2.

Design theexperimentations.

Preparation and samplired the STBD according to the designed experiments.
Encodingof the STBD into spikes.

Spatial mapping a8 TBD into a 3D SNN model.

Unsupervised learning in SNN models, visualisationiatetpretation of spiking

activity and connectivity in the trained SNN models.

B) Classification

1.

2.

3.

Supervised learning and classification.
Parameteoptimisation.

Statistical analysis of the SNN models.
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Figure4-1 A schematic representation of the NeuCube framework for STBD mapping, learning, visualising,
and classifying.

The above steps aperformedor two feasibility studies on STBD: (1) a new study on fMRI
data using SNN models; and (2) @NN applicaton on EEG dataln bothstudies, m order

to evaluate the level significancein the trained SNN model$ performed the following:

| created one SNN model per class of data (each class contsamsples) and trained it

through an iterative prodere of leaveoneout as followgshown inFigure4-2):

1. The SNN model is initialised.

2. The initialised SNN model is trained with ( p) samples (one sample is excluded from

the training).

3. The average of the spatiemporal connection weights in the trained SNN model is

computed.

4. The holdout sample is replaced by another sample, then go to step 1 until all the samples
are excluded from the training sehe by one (it mearthat a set o5NN models are

initialised aml trained with different folds of samples).
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Figure4-2 Unsupervised training iterations in SNN modaystheleaveoneout method. FoE samples, the
SNN model is initialise@ times,and trained by a fold of different p samples.
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4.3 A New SNN Study on fMRI

In this section, demonstrat@ new study on fMRI data modelling using SNN architecture
by designing twoexperimentsrelated to cognitive processes akading sentences with
different polarities and seeing picturd@heseexperiments include both classification and

pattern analysis.

The case study problem used here belongs to the STAR/PLUS fMRI dataigetally
collecied by Macel J u s t and his coll eagues at Carne
Cognitive Brain Imaging (CCBIjJust & Wang, 2001 STAR/PLUS fMRI data sets consist

of sequences of images from the whole brain volume cagtevey 500 milliseconds (two

brain images per second) whilst healthy subjects were undertaking a cognitive task. The task
consisted of a collection of trials, each started with presenting a stimulus (picture or sentence)
that remains on the screen fasebondsThen, a blank screen appeared for another 4 seconds.
After that, a second stimulus (picture or sentence) was presented for the next 4 seconds.
Subjects were required to press the butto
described theicturecorrectly or not. Finally, each trial was followed by asEsond resting

period before the beginning of the next tridvery trial was 27 seconds in length
corresponding to 54 fMRI data pointurther information related to the experiment sgitti

and simuli, which are not explicitly discussed here, can be found fgetitchell, et al.,

2004) More information about the fMRI scanner, and the datgpreessing is presented in

Appendix B In thefollowing, | presenexperimets A and B

- Experiment Ad fMRI data analysis related to reading affirmativersus negative

sentence It relates tothe modelling of fMRI data to study how different areas of the
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brain were involvedn the processing of different senterpaarities Consdering that

the hemodynamic response is slow, for each sentence stimulus that displayed on screen
for 4 seconds, | used 8 seconds of continuous fMRI data corresponding to 16 images,
which involve a 4second resting gaplrhere were 20 sarfgs for class lreading
affirmative sentences and 20 samples for class 2: reading negative sentences. | employed
a feature selection method to seleatormative voxels associated with theghly
activated brain regions in response to a read#afed tak. With respecto the selected
features, | designed here three sessions of classification psyldanh was based on

using different fMRI voxel features.

Experiment B fMRI data analysis related to seepigturesversugeading a sentense

It relatesto modelling fMR data to study the voxel activity patterns generated by
different stimuli types (picture or sentence). The fMRI data were divided into two
partitions (class 1: a subject was seeing pisfutass 2: a subject was reading sentences

| prepared 40 fMRI saples for each class, so in total 80 samples were used in this

experiment.

For experimerg A and B, the fMRI data of one subject (id: 05680) has been randomly

selected from the STAR/PLUS websifdust & Wang, 2001)In this fMRI data, 25

anatomical regions of interest (ROI) were defined as explainagpendix B.

The fMRI data dimension was defined by the X, y, and z voxel coordinates eamygose a

volume of51x56x8 as mapped Kigure4-4. In this dimension, 5062 voxels were recorded

from the entire brain volume. Experimental results were illustrated here rf@ithevisud

exploration of the SNN models, but | also perforragdiantitative analysis, where numerical

information of connection weights can be obtained from the model and statistically analysed.
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4.3.1FMRI Feature Selection

The brain is a complex information processaygtem When fMRI dataarerecorded from

the whole brain volume, considering the fact that various amagvolved for processing
theinput stimuli, this is essential for machine learning to identify the involved and activated
voxels for the purpose difias reduction. Therefore, as | designed my experiments with
regards to the analysis of certain stimgsts (picturs and senten}, | suggested that a
feature selection needs to be employed to extracinipertantvoxels (relevant to the

cognitive tak). In suchaway | couldignore the involvement of irrelevant areas

To thisend | appliedthe signatto-noise ratio(SNR) method to select theorevital fMRI
voxels with a high power of discriminatior
toonoi se r at i o6 i-knoven statigtiaal ngethod dhat evaluateshowisnpoitant

a variable is @ discriminate samples belonging to differetdsses, one clasgamed as
0signal 6 amao (beia@nwarded tatapoisthe case of the twelass problem,

an SNR ranking for variablevis calculated as an absolute difference between the vakan

Apwof the variable for class 1 andet meamAcwof the variable for class 2, dividdxy the

sum of the respective standard deviations as follows.

ODOA® AQ

Y Nosh Yo

(4-1)

Figure4-3illustrates the selected voxels from the fMRI data for each of the two experiments
A and B, whileTable4-1 shows how many of these voxels belongvtochregion of interest
(ROI). It can be concluded frofirable4-1 (left column) thatvhen the subject was faced with

different sentence polarities, tleelectedfMRI voxels (6 voxels) were located at Left
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Dorsolaeral Prefrontal Cortex (LDLPFC)vhich belongs tohe middle frontal gyru@ateral
part of Brodmann areas 9 and 46able4-1 (right column)reports about the cagséhen the
subject was dealing with pictug/senences stimul, and it shows thathe more activated

fMRI voxels belongdto Calcarine (CALC) in Brodmann area 17.

4.3.2FMRI Data Mapping into SNN Models

| defined two mapping structures: relates to personalised mapping of an individual fMRI
coordinate andd relates to transferring an individual fMRI coordinate into the Talairach
atlas Figure4-4 relates tamappingd , which illustrates the spatial mapping of 5062 voxels
into an SNN modellnput neurons are allocated and labelled to represent theetgeted
input voxe$ as per the selection ifiable 4-1. Figure 4-5 illustrates thatmappingd was
used to transfer the coordinates of thegelected voxels and map them into an SNN model

of 1471 spiking neurons according to the Talairach brain template.

4.3.3Unsupervised Learning and Pattern Visualisation in SNN Models

In Experiment AFigure 4-6 (a) shows the initial connections in the SNN model igaire

4-6(b) shows the modified connections after the STDP unsupervised learning process using
the fMRI sampleselated to both affirmative and negative sentenEegire 4-6 (b) shows
thatmore and stronger connections were generated in the left hemisphere than in other areas.
These connections were established because r&f spikes transferred between the nesro

located in these areas, reflecting the changes in the corresponding voxels

These findings suggested that language comprehension, including a reading task, is

processed in several areas, and mostly observed leeth®orsolateral Prefrontal Cortex,
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Broca, and Wernicke as confirmed(Fuasa, Saito, & Mukawa, 201Tigure4-7 (a) shows
the SNN model connectivityelated tofMRI samples of the &fmative sentences, while

Figure4-7 (b) relates to the negative sentences.

The observed connectivity froffigure4-7 confirms that the subject performed differently
whenreading an affirmative (average connection weights=0v&t3usnegative sentence
(average connection weights=1.Table 4-2 represents the quantitative information about
the averag connection weights around eapit neuron (input fMRI voxel) that shows the

differences between the trained SNN models of affirmative and negative sentences.

It can be seen froMable4-2 andFigure4-7 that the connectivity was especially enhanced
between the input neurons located in the left hemisphere of the SNN wiceielreading
negative sentence®istribution of the SNN connection vggits around the input voxels

located in the left and right hespiheres are illustrated in Appendix B, Figure$ Bnd B2.
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Table4-1 Informativevoxels are selected sing &NR feature selection from twiIRI data sets. The voxels
were selected due to their BNalues wee higher than a threshold= 0.4
Activated ROIs in Affirmative vs Negative Activated ROIs in PicturgsSentence task (number |
sentence task (number of voxels selectdéigure voxels selected ifigure4-3 (b) that belong to each ¢
4-3 (a) that belong toaeh of these regions). these regions).
LT (3), LOPER (3), LIPL (1), LDLPFQ®6), RT (2), CALC (5), ROPER (3), LT (4), LOPER (3), LSPL (1), RIF
CALC (1), LSGA (1), RDLPFC (1), RSGA (1), RIT (1 (3), LPPREC (1), RT (4), LFEF (1), LDLPFC (3), RDLPF
(1), LIPS (2), RPPREC (1), LIT (1)

The SNN connections iRigure4-7 were captured when the models were trained witbfall
the 20 fMRI samples from affirmative sentendégure4-7 (a), and 20 fMRI samples from

the negative sentencdsgure4-7 (b). Now, to evaluate the confidence of the designedNSN

models and to investigate how the models of affirmative and negative sentences are

statistically significant, | designed an iterative procedure of unsupervised learning tarough

leaveoneout method As shown inFigure 4-2, & each iteationthe SNN model is first

initialised and then trained with a fold of samples in which one sample is holdout from the

training while the rest of samples are involv&tien theaverage of the connection weights

in the trained SNN model is measured. In the next iteration, the SNN model is again

initialised and the holdout sample is replaced by another sample to form the training set. This

procedure is terminated when #ile samfies were replaced by the holdout samplee by

one.
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(a) (b)
Figure4-4 The fMRI data dimension of one person is defined by the maximum valueyoémg z coordinates of voxels tatms a volumesize 0f51x56x8. In this
dimension, 5062 voxels are captured. These voxel coordinates are mapped into an SNN model. The selémtethtive voxels inrable4-1 for eachexperiment are
used as input variablesmd their ROIs are shown in the text boxes. (djifnative versusegativesentencegb) Pictures versussentence
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Figure 4-6 (a) The initial connections in the SNN model; {ih)e learnt connections (absolute connection weights>0.08) after STDP unsupervised learning using fMRI
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Average connectioweights 0.61 Average connection weights 1.7

(a) (b)
Figure4-7 (a) The learnt connections (absolute connection weights>0.08) in an SNN model when only the fMRI samples of affirneaites segre used (20 fMRI
samples); (b) The learnt connections in an SNN model when only the fMRI samples of neg&tiveesenez used (20 fMRI samples).
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of the SNN model fronfigure 4-8 (a); (d) 2D coronal projectiorof the SNN model frontigure 4-8 (b).
Connection weights>0.08.

Table 4-3 reports the average of the connection weights in SNN models over 40 training
iterations (20 samples of affirmative and 20 samples of negelgses). | applied ddst to

the connection weights of these iterations as reportéppendix B, Table BL. The n}-
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value=1.3E07 representecthat the trained SNN models of affirmative and negative

sentences are statistically significant.

In experiment B, which relates to the fMRI data analysis of the pistergsussentence
observation taskgigure4-8 (a) shows the learnt connectiansan SNN model using samples
of seeing pictureandFigure4-8 (b) relates to reading sentescEigure4-8 (c) andFigure
4-8 (d) showthe 2-D visualisationsof the connectivity fronFigure4-8 (a) andFigure4-8
(b) correspondingly. Aftetraining the SNN model ith the fMRI samples of seeirgictures,
Figure 4-8 (a) andFigure 4-8 (c) represent stronger spatemporal connections between
neurons locateth the parts of the brain dedicatexlvision, such as the Calcarine (CALC)

region, which is located in the primary visual cortex in the Occipital Lobe (BA 17).

On the other hand, as showrFigure4-8 (b) andFigure4-8 (d), when theSNN model was
trained with spike trains that represent fMRI data related to sentence stimuli, the connections
were mostly enhanced in the left hemisphere, particularly, in the Broca and kKéeareas.

This corresponds to the studies about brain areat/gwin language comprehensidigure

4-9 shows the SNN model connectivity after STDP unsupervised training with the use of two
different data setselated to affirmative sentere@nd negative senterseFigure 4-10
illustrates the SNN models trained on fMRI data of seeing petmd reading senterse
Figure4-9 illustratesthat stronger connections were generated between the neurons located
in the left hemisphere, significantly in the LDLPFC region, when reading negative sentences

instead of affirmtve sentences.
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Table4-2 Average connection weights around each input neurdmeitnainedSNN modeldrom Figure4-7 related to affirmative (A) and negative (N) sentences. The
sum oftheaverage connection weights across all the input neurons in each SNN model is reported in the last column.

LT LOPER LIPL LOPER LDLPFC LOPER LT LDLPFC | RT CALC | LSGA | LDLPFC | LT LDLPFC | RT LDLPFC | LDLPFC | RDLPFC | RSGA | RIT | Avg

N| 1.4 | 0.92 187 | 1.03 2.08 112 148 | 0.44 0.2 | 0.89 1.84 1.03 1.9 | 045 11 | 1.26 0.56 0.19 0.43 14 | 17
A| 0.9 | 0.56 1.01 | 0.87 1.03 0.65 0.89 | 0.23 0.1 | 043 1.04 | 0.68 11 | 017 0.8 | 0.24 0.22 0.11 0.32 09 | 0.6

Table4-3 Average connection weights of the trained SNN models for each iteration. Two SNN models were trained over 40 iteradat@0for Affimative (A)
and 20 for negative (N) sentences) using different folds of sample=ach iterationone sample was taken out from the training and the model was ttajrted
remaining samples. This procedure was repeated for all the 20 sdonfdeth afirmative and negative sentences. Thealue represents that the trained SNNdele
of affirmative and negative sentences are statistically significant

Number of iterations for training the SNN models of fMRI samples related to affirmative and negative classes

N| 1 2 3 4 5 6 I 8 9 10 11 12 13 14 15 16 17 18 19 20

1.3 098 1.3 1.07 089 123 1.09 152 121 105 1.23 101 098 106 16 14 1.7 1.8 132 1.3

Al 1l 2 3 4 5 6 I 8 9 10 11 12 13 14 15 16 17 18 19 20
071 06 101 12 0.71 0.78 0.67 098 0.78 1.01 0.98 0.56 0.62 0.49 0.81 0.71 099 0.7 0.74 0.83

Negative sentence class mean: 1.16 Affirmative sentence class mean: 0.73 Negative sentence SD: 0.25 AffiemetivEBeft18 r-value=1.3E07

Table4-4 Average connection weights of the trained SNN model for each iteration. Two SNN models were trained over 80 iteratiaisiiétbitictures and 40for
sentencs using dfferent folds of samples. At each iteratiame sample was taken out frahetraining setand the model was traindxy the remaining samples. This
procedure was repeated for all the samples in both classe§-VEfge represents that the trained SNNJais of picture and senteneare statistically significant.

Number of iteratins for training the SNN models with fMRI samples from picture and sentence classes

Picture 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1.02 198 12 18 17 11 1 093 09 13 11 099 105 16 16 15 18 13 1.8 0.9
21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40
14 16 18 15 11 098 19 13 13 18 159 08 07 092 19 11 12 08 09 17
Sentence 1 2 3 4 5 6 7 8 9 10 112 12 13 14 15 16 17 18 19 20

08 098 11 11 19 13 14 13 11 098 099 11 1 14 12 11 13 11 1.2 0.89
21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40

0.78 098 0.7 12 16 17 13 09 09 11 13 09 1 1 0.89 079 1.1 11 1.2 1.3
Picture classnean: 1.32 Sentence class mean: 1.1 Picture SD: 0.3 Sentence SD:f)-2alue:0.006




On the other handgigure4-10 shows that visual areas were more activated than other areas
when seeing pictures. TI®NN models were trained several times using different folds of
the data (leaveneout method as shown fRigure4-2). To evaluate how the trained SNN
models were statistically significant, | applied-gest as reported imable4-2 , Table4-3

andTable4-4.

4.3.4 Classificationin SNN Models

The classification task was performed usand.eaveoneout Cross ValidationL(OOCV)
method. In this method, only one sample is pickedshe test set and a model is built using

all the remaining samples (training set). Then the trained model is tested using the single
holdout sample. The final classification accuracy is obtainedpgsateng this procedure for

each of the samples andesaging the result$:or optimisation, | performed an exhaustive
grid-search on combinatigf parameters for every sample mqael explained il\ppendix

B, Table B2. The performance of the classifieas measured using th®@  to evaluate

the testds accuracy, as .fexplained in Appen

Table4-5 summarises the fMRI data classification accuracy of the affirmative sentence class
versusnegative sentence class ohtd through three sessions (different voxel features were
selected as representedTiable4-1). The results were also compared with results obtained
usingconventionamachine learning methods. The methods thaed for comparisowere

SVM, MLR, MLP andEvolving Clustering Method6CM). | also compared them with the
results obtained by Behroozi {Behroozi & Daliri, 2014)that employed SVM method for
classification of the fMRI sampdelt can be seen frormiable 4-5 that the designed SNN
models achieved better classificataccuracywhencompared with conventional methods.
Table4-6 represents the classifition accuracy of pictureersussentence classes obtained
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using the designed SNN models and conventional machine learning methods. In both
experiments A and B, tHeNN models leant the fMRI patterns from sets of streasagio
temporaldata over timeln contrast, the same fMRI dateere learnt in the conventional
machine learning methods as veebased data, where vectors were formed through the

concatenating of temporal frames.

Table4-5 Classificationaccuracy of the affirmative sentesdelass Cl)ersusnegative sentenséclass C2)
via an SNN model usinthe LOOCV method. The results abnventionaimachine learning methods along
with the SVM classification resultfom (Behroozi & Daliri, 2014)are also reported.he experiment is done
on a total number of 40 samples (20 samples per class)

Method Sessions and selected voxels for classification C1 c2 Average Y &o
(Affirm) (Negd) r
Session 1 20 voxek selected fronTable4-1 85.00 95.00 90.00 88.00
NeuCube (left column)
Session It 20 preselected voxels from RDLPF( 85.00 80.00 82.50 84.00
region
Session Il 20 preselected voxels from LDLPFC 90.00 85.00 87.50 84.00
region
SVM results Session 1 classification based on tHeDL P F  64.00 68.00 66.00 o)
obtained in  voxels
(Behroozi & Session ll: classification based ontfe DL P F  65.00 69.00 67.00 o)
Daliri, 2014) voxels
SVM SVM Kernal: Polynomial, Degree, Gamma, N/A : 70.00 75.00 73.00 71.00
MLP Number of Hidden Units=180, Number of Trainit
Cycles=600, 75.00 65.00 70.00 71.00
Output Activation Functionlinear.
ECM Maximum Field Radius=2; Minimum Fielt 65.00 70.00 70.00 67.00
Radius=0.01, M oN=3,
MLR Class Performance Variance=0.26 65.00 60.00 63.00 65.00

Table4-6 Classification accuracy of pictuséclass Clyersussentencg(class C2) obtainedaan SNN model
usingthe LOOCV method. The results tffie conventionalmachine learning methods are also reported. The
experiment is done on a total number of 80 samples (40 samples per class).

Classification accuracy results from NeuCubebased model Accuracy
Method Session ad selected voxels for classification C1 Cc2 Average O
(Pic) (Sen)

NeuCube = Session 133 voxels selected fromable4-1 (right 95.00 = 90.00 | 92.00 90.00
column)

Classification resultsfrom conventional machine learning methods

SVM SVM Kernal:Polynomial, Degree, Gama, N/A:1 85.00 85.00 85.00 85.00

MLP Number of Hidden Units: 304, Number of Trainii 75.00 77.00 76.00 75.00
Cycles: 300
Output Activation Function: linear

ECM Maximum Field R.=1; Minimum Field R.=0.01; M of N 82.00 72.00 77.00 79.00
3

MLR Class Pedrmance Variance: 0.13 75.00 62.00 @ 68.00 71.00
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4.4 SNN Application on EEG

Employing the NeuCube framewoidr EEG | designed three sessions of experiments, each
includes both classification and patte@malysisas explainedn Section4.2 The EEG data
wererecordedvia 26 EEG channels: Fpl, Fp2, Fz, F3, F4, F7, F8, Cz, C3, C4, CP3, CPz,
CP4, FC3, FCz, FC4, T3, T4, T5, T6, Pz, P3, P4, O1, O2, and Oz electrode si#€s (10
International System) whilst participanterfprmed a cognitive GO/ NOGO taskhe EEG

data were recorded from 70 participamghreegroupsas follows:

(a) The Methadone Maintenance Treatm@iMT) group containing31 subjectq17 male,

14 female)with a mean age of 39.36, standard deviatiBD)€5.14 was recruited by
recommendations from the case managers of Auckland Community Alcohol Drug Services
(CADS), New Zealand. Theurrent methadone doseas7 0. 86 ( SD=40. 61; r
mg/day.

(b) The (piate users (ORYroup containing 18 subjedisl male,7 female)with a mean age

of 37.38 (SD=7.44), waecruited from the Auckland Drug Information Outreach (ADIO)
Trust Needle Exchange Services.

(c) The Healthy contro(H) group containing 21 subject$1 male, 10 femaleyith a mean

ageof 36.12(SD=6.61),was recruited by advertisements (notices posted on notice boards)
distributed in a range of local communities, such as the public library, shopping mall, cafes,

or by word of mouthThe designedognitive taskwvas as follows:

During the GO/NOGQa s k participants were repeatedl
which appeared randomly either in red or green. They were instructed to press a button in

response to the gr eesponddtPiR&E SIS&d ( CGPOREuag@ NN ¢
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information about theGO/NOGO taskEEG data recording, participants and demographic
and clinical measures are presentedAppendix C In order to analyse the EEG data,
designedthree experimental sessions the recorded dataach of whichinvestigated

different EEGepochsasfollows:

- Session Il prepared six EEG sample filesach containing EE€pochameasuredrom
one group (MMT/ OP/ H subjects) per cognitive task (G2susNOGO). Then each
sample file was entered separately into tN&$nodel to capture thaifferences between
the brain activity patterns of different groups of participants perforn®@ versus
NOGO responses

- Session 1 only studiedthe EEGepochgelated to the GO trials to compare the brain
activity patterns of dierent groups when pfarming the same cognitive task.

- Session Il only studiedthe EEGepochgelated to the NOGO trials as these trials are

of common interest in studies on response inhibition.

The organisation of tHEEGsamplesasused for each of these sessiaspresented iTable

4-7.

4.4.1Pattern Analysis in SNN Models

To evaluatehow the SNN models can capture differeraitferns when they are trained by
different classes of data, | visualisttemand statistically analgsl ther spatiotemporal
connectivity Figure4-11 illustrates theconnectivityin SNN models, each was trained by
onefold EEG data (20 samples as the trainingveie¢énone sample was holdout) from H
group in bothGO and NOGO. It can be seen frénigure4-11 that the averageonnection

weights in the trained SNN mold&f H subjects was smaller in NOGO trials (0.06) when the
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response had to be withheld in comparison with @&s (0.1) when the response was
required.Figure4-12 andFigure4-13illustrate the SNN models trained with eftdd EEG

data respectively from MMT and OP groups redaie GO and NOGQrials. For both MMT

and OP subjects, the average connection weights induced by the NOGO trials (0.21 and 0.17

respectively) were greater than those induced by the GO trialar{0.0.08 respectively).

As can be seen froffigure4-11to Figure4-13, the SNN models were trained by only ene

fold EEG data as the trairgrset. Nowin order to evaluate the level of confidence for the
models,Table4-8 to Table4-10 report the averageonnection weights of the SNN models
that were trained over a number of iterations using different folds of the EEG samples (leave
oneout method)Table4-8 showsthatthe SNN models of H subjects were trained over 42
iterations (21 iterations per class: GO and NOGO) using different folds of sawpéssch

iteration one sample was holdout, then the modas$wained using the remaining samples.
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Table4-7 EEG data sets for the thregperimental sessiorte compare the brain activity patterns of the
MMT, and OPsubjects in a GO/NOGO tadBue to the qualityithed at a, some partici pant

from the expeimental sessions.

Session 1 EEG data sample files for GOversusNOGO classification

classifications Samples per class

21 Healthysubjects
GOtrials clasg68 participants) 18 OP subjects

29 MMT subjects
NOGOrtrials clasg70 participants) 21 Healthysubjects

18 OP subjects

31 MMT subjects
Session II:EEG data sample files captured during GO trials
MMT class vs H class (50 29 MMT sukects(class 1)
participants) 21 Healthysubjectqclass 2)
OP clasw¥s H class 89 participants) 18 Opiatesubjectqclass 1)

21 Healthysubjectgclass?2)
MMT class vs OP class (47 29 MMT subjectgclass 1)
participants) 18 Opiatesubjectqclass?2)
Session Ill: EEG data sample files captured during NOGO trials
MMT class vs H class (52 31 MMT subjectgclass 1)
participants) 21 Healthysubjectqclass 2)
OP clasw¥s H clasy(39 participants) 18 OPsubjectgclass 1)

21 Healthysubjectqclass?2)
MMT class vs OP class (49 31 MMT subjets(class 1)
participants) 18 OPsubjectgclass2)

This procedure was repeated for all the 21 samples in both GO and NOGO (42 training
iterations in total)Table4-9 is related to MMT group anthatshowsthe SNN models were
trained over 60 iteration29 iterations for class GO and 31 iterations for class NOGO) using
different folds of sample§.able4-10is related to OP group atlatshowsthe SNN models

were trained over 36 iterations (18 iterations for each class GO and NOGO) using different

folds of samples.

To evaluatehowthe SNN models of GO and NOG&ere statistically significant applied
at-testto the averageonnection weights at eaof thetraining iterations. The corresponding
n-values are reported the Bables Then-value in all the experimental sessions is less than
0.05 which shows that the results are statistically significant with a high confidence, greater

than 99% Further quantitative information about tinéeractons between the EEG variables

EEG sample file size

75 EEG time points * 26hannels * 21 samples
75 EEG time points * 26 channels * 18 sampl
75 EEG time points * 26 channels * 29 sampl
75 EEG time points * 26 channels * 21 sampli
75 EEG time points * 26 channels * 18 sample
75 EEG time points * 26 channels * 31 sampli
75 EEGtime points *26 channels *50 samples
75 EEG time points *26 channels *39 sample:

75 EEG time points *26 channels *47 sample:

75 EEG timepoints *26 channels *52 samples
75 EEG time points *26 channels *39 sample:

75 EEG time points *26 channels *49 sample:

in the SNN models during STDP learning is presentedppendixC, Sectbn C6.
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4.4 .2 Classification in SNN Models

The classification task was performed usihg LOOCV method.The performance of the
classifier (reported iable4-11) was measured usinge™O  (explained in Appendix C,
Section C.7)For optimisation, | performed an exhaustive gg&hrch model as explained

Appendix C, Section C.8.

Table 4-12 presents the classification accuracy obtaimsthg other machine learning
methods,which are still being actively used in literature for classification of STBD. The
methodsused for comparison were: SVM and MLPhe classification accuracy results of
these methods are reportedTiable4-12. The parameter optimisation procedure and EEG

data preparation fahe conventional classifiers are presentedppendix C, Section C.9.
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Healthy group (GO) Healthy group (NOGO)
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Connection average=.1 Connection avera@e6

Figure4-11 Visualisation of the SNN model connectivib§ theH group @bsoluteconnection weights>0.08)

after the STDP learning with EEG data of 26 features (channels) for GO and NOGO trials. The average of the
connection weights in each trained SNN model is alesgmted The blue lines are positive (excitatory)
connections, while the red lines are negative (inhibitory) connections. The thickness of the lines identifies the
weight of the connection. The 1471 neurons of the SNN model are spatially mapped atodhdinglairach
atlas(Koessler, et al., 2009The SNN models are visualisied3-D (top) and 2D coronal projectior{bottom)
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