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Abstract

Interest in understanding neuropsychological mechanisms of human behaviour has
spurred an eruption @finovative methods to measure and interpret brain activities across
different fields and sector3his includes Spatiotemporal Brain Data (STBD), such as
Electroencephalogram (EEG), Evdlated Potential (ERP), Functional Magnetic
Resonance Imaging (fMR and Magnetic Resonance Imaging (MRI) as well as
sophisticated analytical methods involving statistical and experimental psychology
basedtechniquesDespite the rapid development of brain imaging techniques and state
of-the-art analytical tools, methadthat caraccurately explain dynamic patterfrom
spatiotemporal data in relation to brain activitee® limited Multivariate STBD is
intrinsically complex as it contains both time and space dimensions that represent the
patterns of cognitive processiesthe brain. Analysis of STB» a challenging task, as
temporal features may manifest complex interactions that may also change dynamically
over time. Mosthe extant analytical techniques create models by separately processing
the spatial andtemporalinformation They also laclkbiological plausibility as well as
model 6s i nToavemame thesdlimitaiiohsyhen dealing with spatiotemporal
data, this thesis aims to develop and apply byiaspired analytics for botkynamic
pattern recognitio and pattern prediction in two different types of neuroimaging data:
EEG and ERPusing Spiking Neural Network (SNNjethod EEG was recorded in a
study measuring the effect of mimdiiess on individual welbeing while ERP was
recorded when individualsere presented with marketinglated productsSNN isone

of the most promising recent trends in artificial intelligence researcich uses



algorithms loosely modelled on the behaviour of the human brain to recognise patterns
from sets of streaming dath.incorporats both spatial andtemporalcharacteristics of

data intoa computationainodel

In this thesis, the pattern recognition phase includes the desigm SNiE-based
methodology for mapping, modelling, visualising and classifying of human dctinty
patterns, measureas EEG and ERPpatiotemporal datalhe pattern prediction phase
involves investigation of the dynamic trajectories in the SNN models of the EEG and ERP

for early prediction of the brain respges at different mental states

In the case of neuromarketing,brairinspired SNN architecture is designttht
tracks brain responses to marketing familiar and unfamiliar logos omithsecond
timescale even before conscious thoughts are foriearesults shed light on the early
spikes in brain activity thatorrespondo stimuli awarenesslhis was supported by
capturing the activation time and spiking intensity of neural areas involved in perceiving
of familiar and unfamiliaTmarketing stimuli.The results suggested that familiagos
elicited more widespread brain responses than unfamiliar [dgedifferences between
SNN models of familiar and unfamiliar were most prominent aroundn@0i@econds
but variations in brain activity could be picked up as early as 100 millidecaiter a
familiar logo was showrilhis resulted in obtaining a high classification accuracy of 83%
which represents an average improvement of 40% when compared with conventional
machine learning methods such &sipport Vector Maching(SVM), Multilayer
Peceptron MLP) and Multilayer Regression MLR). The model might be further
developed to recognise patterns of choice behaviour, and as such could be used to direct

marketing strategies

In the case of mindfulness training braininspired SNN architecteris designed for

investigating neural activity as a function of depression and response to mindfulness in a



nonclinical population.Investigating both spatial and temporal patterns has led to
fidentifying improved brain functions as a result of interventiad n aheurdl activation
patterns that predict treatment response at the individuals. The SNN models
identified which areas of the brain contributed to an increase in EEG (after the
intervention) and also how did it happen over tiFiedings suppad the SNN approach

in distinguishing brain states associated with depression and responsiveness to
mindfulness trainingThis studyconductedn the hopeof furtheling our understanding

of typical and disordered brains, with the overall goal to facilgatsonalised approaches

to intervention.

Overall, this thesis expands the field of cognitive science and artificial intelligence
three main empirical contributionsas a generic framework fodynamic pattern
recognition and prediction in EEG and ERPs a model of consume
detecton and prediction of preference; agla mental wellbeing application for detection
and prediction obrain responses to an interventiaoture contributions are also directed

into two main marketing and hélarelated applications.
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samples.Classification accuracy is also obtained via traditional machine learning
methods. The parameters of th&®model are: number of hidden neurons 3; number of
training cycles 300; output value precision 0.0001; output function precision 0.0001;
output activation functionlinear. The SVM model uses polynomial kernel........108

Table 65. Repeatedneasures ANOVA..........iiiiiiii e eveeee 110
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Chapter 1  Introduction

1.1 Rational and Significance of the Study

Since the 19 century scientists have sought to understand the formidable
complexities of the highinterconnected system that underpins our thought and
behaviour(Abdullah, Khan, Basuhail, & Hussain, 2015; Bullmore & Sporns, 20083
human brain comprises billions of interconnected cells known as neurons. These
fundamental processing elements exchange information biochgnaaallvia electrical
pulses that create a spatiotemporal trajectory of sequential actjViiesford, Simpson,

Burdette, Hayasaka, & Laurienti, 201thpat culminates in our behavioural response.

Over the last few decades marked increase in interest in understanding
neuropsycholgical mechanisms of human behaviobas spurred an eruption of
innovative methods to measure and interpret brain activities across different fields and
sectors. This includes Spatiotemporal Brain Data (STBD), such as Electroencephalogram
(EEG), EventiRelakd Potential (ERP), Functional Magnetic Resonance Imaging (fMRI),
and Magnetic Resonance Imaging (MRI) as well as sophisticated analytical methods
involving statistical and experimental psychology basetiniques to make sense of data

emerging from thesmethods.

Some examples of the commonly used neuroimaging analytical tools are Statistical
Parametric Mapping (SPMJAshburner, 2012; Friston, Jezzard, & Turner, 1994)
Analysis of Functional Neurolmages (AFNJox, 19%), , EEGLAB (Delorme, 2004),
andNeuroguide (Thatcher, 2008) which contain a set of tools to perform calculate statists

and graphical mapping.



Multivariate STBD is intrinsically complex as it contains both time and space
dimensions that represent the tpats of cognitive processes in the brahkmalysing
dynamic patterns of STBD is a challenging task, as temporal features may manifest
complex interactions that may also change dynamically over time. When dealing with
such complex data, statistical anasytols often require heavy ppeocessing of data
such as averaging the temporal information which comes at the cost of time and

information lost.

In addition, the rajority of extant statistical techniques create models by separately
processing thespatid and temporal information. Scrutinising the spatiotemporal
interactions between variables in STBD data demands incorporating the spatial and

temporal aspects into one unifying computational model.

The other crucial factor that needs to be consideredhds tac k o f Abi ol
p | a u s iobstafisiical ynéthodg¢Holzinger, 2016; Ratsch, Sonrmng, & Schéafer,
2006) which refers to computational models that are inspired by the mechanisms in
neurological systems. The biologicalhspired systems can contribute to a better
understanding and interpretation of the STBD and the cognitive protkasgenerated

it.

Another issue with the current analytical tools for STBD analysis is the laek of
mo d eitedpeetability. This refers tanderstanding the relationships between the built
mo d e | and the predicted o ulows usttscomprieleed mo d
why certain outcomeblaveresulted from the modeHowever, he existing analytical
methodsare seen as bladsox information processing systems that solve a problem

without discovering the causal interactions that have resultde output.



In the last decade, Atrtificial Intelligence (Altas emergeds a fasgrowing field of
study for modelling the human data in eel applications such as BraBomputer
Interface (BCI) (Lotte, 2007). Al technologies have shown an eminent dgtts they
can learn from sets of data to extract meaningful patterns for the purpose of regression,
prediction and classification tasks (Costantini, 2009). Nevertheless, there is still a need
for the development of sufficient methods that can explairdyimamic patterns from
spatiotemporal data in relation to brain activiti&s. overcome thebovementioned
limitations, the current thesis seeks to develop and apply 4mapired analytics to
STBD toovercome the aboveentioned limitations related tratlitional STBD analysis,
and toimprove the modelling and understanding of the brain information underpinning
human behaviour. This multidisciplinaryesearch combines experiments across

disciplines from cognitive psychology, neuroscience, and computerces.

The computational models of the brain dataposed in this theserebased on one
of the most promising trends of Artificial Neural Networks (ANN), called Spiking Neural
Networks (SNN). SNN models have been developed as neurobiologtalisibe
computational architecture that incorpoedteth spatialandtemporalcharacteristics of
data into the computatiohey areconsidered auitabletool for the analysis of the
STBD, where both space and time components are crucial to be(lehikevich, 2006;

N. Kasabov, Dhoble, Nuntalid, & Indiveri, 2013)

In view of this thepresenthesis focuses on designing and applying SNN architecture

for both pattern recognitioA and pattern predictior® in two different types of

1 Brain-inspired refers tohe mathematical implementation of a methduch gets inspiration from neuroscience research on brain
activity.
2 pattern recognition in artificial intelligence is the process of recognising patterns by using a machine learning ahgaréim.
recogniton can be defined as the classification of data based on knowledge already gained or on statistical information extracted fro
patterns and/or their representation.
8 Identifying patterns in data and using them to automatically make predictions ormedisioa machine learning algorithm mostly
used for classification problems.
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neuroimaging data: EEG and ERI®.validate the feasibility analysis of the SNN models,

two reatlife empirical scenarios fromeuroinformatiovere designed as follows:

1) SNN mocls of ERP in neuromarketingcomputational modelling of
consumersbrain responses towards marketietated products.
2) SNN models of EEGn mindfulness Computational modelling of brain

responses followed by mindfulness training.

The pattern recognitiophase includes the design of @NN-based methodology for
mapping, modelling, visualising and classifying of human brain activity patterns,
measured by EEG and ERP. The pattern prediction phase involves investigation of the
dynamic trajectories in the SNiModels of the EEG and ERP for early prediction of the

brain responses at different mental states.

1.2 Aims of the Study and Research Questions

This thesis focuses dhemainobjectives:

1 Design of SNNbased methodologpr bothdynamicpattern recognition
andpatternpredictionfrom EEG and ERP STBD
1 Application of the developed methods in Psychology, and more

specifically in Neuromarketing and Mindfulness.

In order to perform pattern recognition and prediction in EEG and ERP dataset using
SNN architecturg in a reallife scenarig this thesis addresses the followisgecific
objectives:

1 Inthe context of neuromarketing study:

1 A consumer is the one who pays something to consume goods and services produnatketing environment.



o To design SNN models of brain activity patterns, measured by
ERP, while consumers perceive different marketing stimuli.

o To design SNNmodels of ERP for prediction of early brain
responses to marketing stimuli, when consumers are not consciously
attending.

1 Inthe context of mindfulness training study:

0 To elucidataliscriminative patterns in SNN models of EEG at two
stages: ffbaef ftoerred0 nmainndd f ul ness traini
adifferent mental health condition.

o To design SNN models of EE@atafor prediction of response to

mindfulness training.

Through the development of this thesis, the following researddtiqgns (RQ) wil be

addressed:

1 General Questions:

Research questidh How aSNN model can be optimally designed dynamic pattern

recognition related to different mental states?

Research question 2. How candesigned SNNdiscriminate neural patterns at

individuaklevels?

Research question 3. Can SNN models lead to knowledge discovemedtyng

predictive systemof brain mental statesccording to the dynamic/discriminate pattérns

1 Specific Questions:

In the context of Neuromarketing study:



Research questiotdow can brairinspired SNN architecture be used to investigate
the spatiotemporal information flow in ERP data related to viewing familiar vs unfamiliar
marketing logos? Are familiar and unfamiliar logos distinguished at appeceptudi

stage of processiffgThis is addressed in Chapter 5).

1 Specific Questions:

In the context of mindfulness training study:

Research questidh How SNN architecture can be applied to identify discriminative
patterns in EEG data related to before and after mindfulness traiciogs individuals

with different mental states? (This is addressed in Chépter

Research questidh How can SNN be used for modelling tih@ectories of dynamic
functional connectivity, measured by EEG, for predicting brain response to mindfulness

training?(This is addressed in Chap&r

1.3 Thesis Structure

Figurel-ldepictsasele x pl anat ory birdds eye view o0
different components of interest in this thesis. This thesis ismBzs@1sevenchapters

as follows:

Chapter 1 Signifies the research motivations, aims, research questions and outlines

the empirical studies to address these questions.

Chapter 2 Reviews the research on information processing in biological neurons. It

alsoexplainstwo relevant neuroimaging techniques for measuring STBD including EEG

1 Periperceptual is the subconscious accumulation of informétion the environment. All available information is fattentively
processed. Information that has the highest salience (a stimulus that stands out the most) or relevance to what himergpn is t
about is selected for further and more complete arsabystonscious (attentive) processing.
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and ERP. This section is then followed by a reviefisboth conventionaland Al

analyticalmethods for STBD analysis.

Chapter 3 Introduces a bratimspired SNN architecture as an appropriate framework
for modelling bothspaceand time components of STBD in a unifying model. This
framework is employeth the current thesis for modelling and analysing of EEG and ERP

data.

Chapter 4 Introducesa stepwise design of the SNidased methodology fatynamic

pattern recognition and pattern predictising EEG and ERRJlata

Chapter 5 Presents thdesignedn this studySNN architecture for ERP data analysis
to model thecomplexity of the brain subconscious processes during a neuromarketing
experiment while familiar and unfan@l marketing logos were presented. This
investigates how early brain processes are involved in the perception of marketing stimuli
at a subconscious level and elucidates the dynamics of information processes

underpinning perception.

Chapter 6 Introducegshe designed in this studNN architecture for modelling of
brain activities measured by EEG (reststgte) before and after mindfulness training
across participants with different mental health conditions (ineahd depression). The
SNN modelsare used to revehbw mindfulness rewires the brain and who is more likely

to benefit from this training.

Chapter 7 Summarsesthe thesis achievements, contributioasd keyfindings, as

well as the future direction of this research.

1 Conventional methods refer to methods that have been proposed for data analysis, besides neural network techniques.
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( Sub-conscious Pattern Recognition

L and Prediction in ERP Pattern Recognition
Conclusion and Study (1) Neuromarketing

(Discriminative and Predictive Patterns i Study (2) Mindfulness Training Pattern Prediction

EEG followed by Mindfulness Training
L.
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1.4 Scientific contribution

The sciatific contributions of the current thesis are as follows:

1 Adesigned SNAbased methodology, as a generic framework foecise
analysis of different types of STBD (EEG and ERP).

T A designed SNN architecture, as
detecton and prediction of preference.

1 A designed SNN architecture, as a mental wellbeing application for

detection and prediction of mindfulness effects on STBD.

During the progression of the thesis, my contribution to science also includes peer

reviewed pubkations ininternationajournals and conferences as follows:

Type Publication Year My personal contribution

Doborjeh, Z. G., Doborjeh, M., Taylor, T., EEG data collection, designing an
Journal Kasabov, N., Wang, G., Sigert, R.., & Sumich, 2019 performing the experiments, analysing a

(2019). Spiking Neural Network Modelling interpreting the data and writing thejority

Approach Reveals HovMindfulness Training of themanuscript

Rewires the Brain Nature Scientific reports

9(1), 6367.

Doborjeh, Z. G., Kasabov, N., Doborjeh, M. G. EEG data collectiordesigning the cognitéev

& Sumich, A. (2018). Modelling peperceptual task performing the experiments, analysir
Journal brain processes in a deep learning spiking ne 2018 and interpreting the data and writing of tt

network architecture. Nature Scientific repor majority of themanuscript

8(1), 8912.

Doborjeh, Z. G., Doborjeh, M. G., & Kasabov The EEG data collection, designing tt
Journal N. (2018). Attentional bias pattern recognition 2018 cognitive taskperforming the experiments

spiking neural networks frompatiotemporal analysing and interpreting the data a

EEG data. Cognitive Computation, 10(1);8% writing of themajority of themanuscript

Doborjeh,M. G., Kasabov, N., &oborjeh, Z.

G. (2018). Evolving, dynamic clustering ¢ EEG data analysis, interpretan and
Journal spatio/Spectrdemporal data in 3D spiking 2018 writing part ofthe manuscript

neural network models and a case study on E

data. Evolving systems, 9(3), 1231.

Doborjeh, M. G.Doborjeh, Z. G., Gollahalli, A.

R., Kumarasinghe, K., Breen, V., Sengupta,

... & Othman, M. (2018). From von Neumar Writing the section related to the brain de
Journal Architecture and A 2018 andits applications, contributed by me.

Neur omor phi c Comput a

NeuCube. Part Il: Applications. In Practic

Issues of Intelligent Innovations (pp. -B8).

Springer, Cham.

Sengupta, N., Ramos, J.I.E., Tu, E., Mar.,

Scott, N., Weclawski, J., Gollahalli, A.R
Journal Doborjeh, M.G., Doborijeh, .G, 2018 Writing the section related to the brain de

Kumarasinghe, K. and Breen, V., 2018. Frc
von Neumann Architecture and Atanasoffs AE
to NeuroMor phi ¢ Comput at
NeuCube: Principles and Implementations.
Learning Systems: From Theory to Practice (|
1-28). Springer, Cham.

andits applications, contributed by me.




Journal

Kasabov, N., Zhou, L., Doborjeh, M. G
Doborjeh, Z. G., & Yang, J. (2017).New
algorithms  for encoding, learning an
classification of fMRI data in a spiking neur:
network architecture: A case on modeling a
understanding of dynamic cognitive process
IEEE Transactions on Cognitive ar
Developmental Systems, 9(4), 2963.

2017

Participation in bain data analysis,
interpretaion of results andwriting part of
the manuscript.

Journal

Kasabov, N. K., Doborjeh, M. G., &oborjeh,

Z. G. (2017). Mapping, learning, visualizatiol
classification, and understanding of fMRitel in
the NeuCube evolving spatiotemporal de
machine of spiking neural networks. IEE
transactions on neural networks and learn
systems, 28(4), 88899.

2017

Participation in ain data analysis,
interpretationof resultsand writingpart of
themanuscrip.

Conference

Doborjeh, Z. G., Doborjeh, M., & Kasabov, N.
(2018, July). EEG Pattern Recognition usil
Brain-Inspired Spiking Neural Networks fo
Modelling Human Decision Processes. In 20
International Joint Conference on Neur
Networks (DCNN) (pp. 17). IEEE.

2018

Designingand the experiments, analysir
and interpreting the datand writingpart of
themanuscript

Conference

Omori, Y., Kawano, H., Seo, ADoborjeh, Z.
G., Kasabov, N., & Doborjeh, M. G. (2011
November). EEG Compizon Between Normal
and Developmental Disorder in Perception &
Imitation of Facial Expressions with th
NeuCube. In International Conference on Neu
Information Processing (pp. 58®1). Springer,
Cham.

2017

Brain data analysis, interpretatiaf results
andwriting part ofthe manuscript

Conference

Capecci, E.Doborjeh, Z. G., Mammone, N., La
Foresta, F., Morabito, F. C., & Kasabov, |
(2016, July). Longitudinal study of alzheimer
disease degeneration through EEG data anal
with a NeuwCube spiking neural network mode
In 2016 International Joint Conference on Neu
Networks (IJCNN) (pp. 136Q366). IEEE.

2016

Brain data analysis, interpretation ar
writing the manuscript, contributed by me

Conference

Doborjeh, Z. G., Doborjeh M. G., & Kasabov,
N. (2016). Efficient recognition of attentionz
bias using EEG data and the NeuCube evolv
spatietemporal data machine. In Internation
Conference on Neural Information Processi
(pp. 645653). Springer, Cham.

2016

EEG data coéiction, designinthe cognitive
task, performinghe experiments, analysin
and interpreting the datand writing of the
manuscript, contributed by me.

Conference

Kawano, H., Seo, ADoborjeh, Z. G., Kasabov,
N., & Doborjeh, M. G. (2016, October). Alyais

of similarity and differences in brain activitie
between perception and production of fac
expressions using EEG data and the NeuC
spiking neural network architecture. |
International conference on neural informati
processing (pp. 22227).Springer, Cham.

2016

Dataanalysis, interpreteon and writing the
manuscript, contributed by me.
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1.5 Chapter Summary

This introductory chapter outlined the following:

1 The problem and motivations of the research.

1 Research aims and research tjoes.
9  Thesis structure.

1 My scientific contribution through this study
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fiThe human brain keeps us primed to respond to the world around us. It is at the
hub of a vast and complex communications network that constantly seeks and
collects information from the rest of the body and the outside world. As the brain
interprets this information, it generates experiences, sightand sound, emotions and
thoughts. But its primary function is to produce changes in the body. These include
life-sustaining basics sch as the regular contractions of the heart through to the

complex actions that constitute behavious.

Rita Carter



Chapter 2 Review onEEG and ERP,and Analytical Methods

2.1 Introduction

The brain is one of the largest and most complex organs in the human bodysicmmpr
more than 100 billion nerves, with trillions of interconnections called syndpses
Bartheld, Bahney, &. Thiechapterprasents atHoveuvewhtd, 2 0 |
basic components of neuroasid functional brain cells (Section 2.2) that underpin
complex information processing of the brain. Sections 2.3 and 2.4 will thenvrthae
two techniquesised to measure naliinformation processing from the scafEGand
ERP. These methods are used as case studies for the resolution of problems posed by
STBD. Section 2.5 reviews some of the major data analysis techniques antbréfeirs
limitations when dealing with STBD. Section. 2.6 summaries the chapter and discusses
the SNN approach as one of the main techniques of this thesésbietter understanding

of STBD.

2.2 The Human Brain and the Information Processing System

The humarbrain withathreepound mass afjrey and white matter sits at the centre
of all human activity. The brain regulatd®b o d y 6 s b a senablinghumarstd i on s
interpret and respond to everything they experiena shapinghoughts, emotions, and
behaviour (Carter, 2014) The brain is made up of many patttgt are responsible for
coordinating and performing specific functions (Ackerman, 1992). The brain as a
communications centre consiggiof billions of neuronalso callecherve cells. Neurons

are the fundamental information processing units of the brd@rconnected to construct

12



a complex neural netwoildckerman, 1992)Theyuse biochemical reactions to receive,
process, store and transmit input informati@ckerman, 199; Sporns, Tononi, &
Kotter, 2005) A typical neuron as shown Figure2-1 consists othree major parts: the

cell body, the dendriteand the axon

Neurons can be categorised structurally according to thédonaaf the cell body in
relation to the axon and dendrites, and also the number of dendrites and axon branches
(Carter, 2014)In the cortex, one neuron may receive signals from many thousénds
other neurons via its multitudinous branching dendrites. Signals are conducted to the
soma, around this, and then away along the axon always by thmeereirangCarter,

2014)

The cell memtane of the axon and soma contain voltggeed ion channels that allow
the neuron to generate and propagate an electrical signal. These signals are generated and

propagated by charggrrying ions including sodiut 0 w , potassium 0 , chlorice
(C1), and calcium Ca2+) (Ackerman, 1992)Neurons communicate by chemical and

electrical synapses in a process known as neurotransmission, also called synaptic
trarsmission. The fundamental process that triggers the release of neurotransmitters is the
action potential, a propagating electrical signal that is generated by exploiting the
electrically excitable membrane of the neuron. This is also known as a wave of
depolarisation(Platkiewicz & Brette, 2010; von Biheld et al., 2016)Figure2-2 shows

a slice of the soma membrane embedded with several channels for ion transportation.

As shown in Figure 2-2, when neuron stimulatedy an electrical pulse,
neurotransmitters of various types are released, and they cross the cell membrane into the
synaptic gap between neuronBhe presynaptic membrangtores neurotransmitter
chemicals at the end of the axon termin@ledish et al., 200Q)which are used to

communi@te withthe dendrites of the neighbouring neurons and allow the transmission
13



of information from one sending neuron ({@gaptic neuron) to other receiving neurons
(postsynaptic neurong)Lodish et al., 2000; Platkiewicz & Brette, 201The speed of

the action potendi is accelerated by saccadgropagation from node to node separated
by myelin sheaths, which offer insolation and prevent the dissipation of the depolarisation
wave caused by an electrical spike triggered in the s@heierman, 1992; Platkiewicz

& Brette, 2010) The whole process takes less than oneliwedredth of a second. In

this way, a message within the brain is converted, as it moves fromunoa e another,

from an electrical signal to a chemical signal and back again, in an ongoing chain of
events which is the basis of all brain actii@arter, 2014; Kelly, 1993; Lauder, 1993;

Perry, Li, & Kennedy2009)

A variety of techniques has been devised for recording and scanning brain dynamics,
such as EEG, ERRVIRI, and fMRI. Different recording modalities have different
resolutions. While some approaches have a very high temporatlgéiseel) resolution
but a low spatial (spadeased) resolution, other modalities have an opposite relation. For
example, fMRI has a very good spatial specificity compared to EEG. Thus, fMRI is used
to localise brain functionsln contrast,EEG has excellent temporal resoduti and
relatively poor spatial precision (Jeannerod, 198BG provides a direct measure of
electraortical activity with millisecond precision and is sensitive to changes in arousal,
perception and cognitive function (Bell, 2012). More specifically, Bigasures changes
in extracellular potentials from large arrays of neurons, predominantly pyramidal cells.
The timelocked EEG response to the presentation of a stimulus or behavioural response
can be measured asBRP(Luck, 2014).The principle of the EG and ERP data will be

explained in the following Section 2.3 and Section 2.4.

1 A saccade is a quick, simultaneous movement of both eyes between two or more phases ohfikatgemie direction. In terms
of speed, saccades are one of the fastest movements produced by the human body (blinks may reach even higher peak velocities).
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Figure2-1. The neurod structure.
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Figure2-2. The flow of an action potemti across the axon of a neuron, including the action of Na+ and K+ gated ion
channelsThefigure is originally from Human Brain Book (Carter, 2014) and has been slightly modified here.
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2.3 Review of EEG DataUsedfor the Study of Cognitive Activity

The EEG masures the extreellular postsynaptic electrical potential from
predominantly surface pyramidal cells. The gross activity from many neurons diffuses
through biological tissue (e.g., skull, skin) and is reflected in alternating positive and
negative potemals signals across different scalp sites using electrodes. Electrodes are
distributedat specific locations, typically using smlled 1620 system(Jasper, 1958)
where 1020 electrodes are separated2l¥% the total distance around ttiecumstance

of the headNiedermeyer & da Silva, 2005; W. Tatum IV, Hausain, Banbadis, & Kaplan)

Figure2-3 shows the 1420 electrode distributiondft side and a monopolar remding
of a normal subject with eyes opeaiglt side. EEG can be used to measure a potential
difference between an active electrode and a reference electrode. The ground electrode is
used to reduce artefacts (electrical circuit, movement). Theerefe § the activity of a
pair of linked electrodes placed at the earlobesaf#d A). As shown inFigure2-3, the
capital letters denote the different electrode locations, F for frontal, C for central, P for
parietal, T for temporal, and O for occipital. Osdimbers correspond tbeleft sideand

even numbers ttheright side with z denoting centre.

EEG signal patterns vary in different cognitive states according to the voltage
fluctuations resulting from ion flow bween neurons. The frequency of the voltage

fluctuations is measured using EEG spe(fraeman & Quiroga, 2012)

2.3.1 EEG spectra

TheEEG signal oscillatioms rhythmic;thus, it is typically described in termsludnds
of different frequencies as follow®uffy, Burchfiel, & Lombroso, 1979; Gevins &

Rémond, 1987; Nuwer et al., 1999; Quiroga & Schirmann, 1999)
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1 Alpharhythms (7.5.2.5 Hz): they appear spontaneously in normal adults
during wakefulness, under relaxation and mentaltiviac conditions. They are
best seen with eyes closed, most pronounced in the occipital locations.

1 Betarhythms (1280 Hz): they are the best defined in central and frontal
locations, with less amplitude than alpha waves. They are enhanced upon mental
calculations, expectancy or tension over the entire surface of the scalp.

1 Theta rhythms (35.5 Hz): they are typical during deep sleep. They play
an important role in infancy and childhood. In the awake adult, high theta activity
is considered abnormal @melated to brain disorders, such as epilepsy.

1 Delta rhythms (0.8.5 Hz): they are also characteristic of deep sleep
stages. Depending on their morphology, localisatiamd rhythmicity, delta
oscillations can be normal as in slow wave sleep or patloalbgs in brain
tumours

1 Low Gamma rhythms (360 Hz in human EEG): of minor interest until
the 199@, gamma oscillations became very popular after they have been
proposed to play a major role in linking stimulus features into a single perception.
Severafollow up works have shown correlations of gamma activity with different
sensory and cognitive processes, notably during visual, auditory, somatic and
olfactory perception as well as with attention.

1 High Gamma rhythms (variously defined between 80 andoitZbove)
also called epsilon rhythms have been found in both human and animal

ElectrocorticographicECoQ) in association with chattering action potentials.

Figure2-4 shows the frequency and amplitude of an gxlamof an EEG channel. The
signal amplitudes in five different frequencies (2 Hz, 6 Hz, 10 Hz, 22mtz35 Hz) are

shownintheva v e f patterm8.s
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Figure2-3. EEG recordingthat showelectrical cheges resulted from the activity of brain cells.
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Raw EEG Signal
0.0 Q.2 0.4 0.6 0.8 1.0
Delta Band
0.0 0.2 0.4 0.6 0.8 1.0
Theta Band
0.0 0.2 0.4 0.6 0.8 1.0
Alpha band
0.0 0.2 0.4 0.6 0.8 1.0
Beta Band
0.0 0.2 0.4 0.6 0.8 1.0
Gamma Band
0.0 0.2 0.4 0.8 0.8 1.0

Figure 2-4. EEG band frequency corresponding to signals recorded from an electrode and filtered signals into five
bands including: delta, theta, alpha, batd gamma.
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Quantitative electroencephalogragl®QEEG)is primarily concered withthe spectral
analysis of the EEG frequency bands. In addition to absolute power within specified
bands, several parameters offer additional information about brain m&wisasuch as
the relative power between bands (being the most used the alpha/theta ratio), reactivity
(ratio between eyes closed/eyes open alpha activity), asymmetry index (the difference
between the left and right power). The information from the diftegattrodes can be
arranged in topographic mafuffy et al., 1979)as shown irFigure 2-5. With these
plots, it is easy to visualise asymmetraesd to localise the activity of the different
frequency band different mental state@Nuwer et al., 1999)However,the current
thesis extends ik work offering a novel approach to visualisitige propagation of

dynamic EEG patterns in both space and time.

Figure 2-5. An example of topographic mapping of brain activity under different mentaiiteivobtained using
Neuroguidesoftware(Thatcher, 208). (a) when subjects dealing with target stimuli; (b) when subjects dealing with
nontarget stimuli; and (¢) when subjects dealing with neutral stimuli.

2.4 Review of ERP Data for the Study of Cognitive Activity

Typically, the term evoked potentiaisferto EEG responses that are tihoeked to
sensory stimulation. Sequences of stimuli can be organised in paradigms and participants
can be asked to perform different tasks. ERPs constitute a broader category of responses
t hat are el i ci ttehde brye cfioegvnei nttisoon soufc ha afist ar g

stimulus in a sequenckuck, 2014; Luck & Kappenman, 2011)
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ERP waveforms consist of a series of positive and negative voltage deflections, which are
related to a set of underlying componefitack & Kappenman, 2011)Though some

ERP components are referred to with acronyms (e.g., contingent negative \wEidion
errorrelated negativityi ERN), most components are referred to by a letter (N/P)
indicating polarity (negative/positive), followed by a number indicating either the latency
in milliseconds or the component's ordinal position in the waveform. For instance, a
negativegoing peak that ishe first substantial peak in the waveform and often occurs
about 100 milliseconds after a stimulus is presergddbelled asN100 (indicating its
latency is 100ms after the stimulus and that it is negative). It is often followed by a
positive peak, usally called the P200 or P2. The stated latencies for ERP components are
often quite variable, particularly so for the later components that are related to the
cognitive processing of the stimul(lsuick & Kappenman, 2011Jor example, the P300
component may exhibit a peak anywhere between 250880ms(Polich, 2007) ERP

waveformsand substantial peaks are shown as

Figure2-7. ERPs comprise multipleariables that can be analysasd the following

1 Absolute latency which is the time interval between stimulus
presentation and the point of niaval value (peak) of a defined component. It is
expressed in milliseconds and represents the time taken by the stimulus
information to generate the component.

1 Relative latency (interpeak latency) which is the time interval between
two components and m&aes the conduction of the impulse between two
generators.

1 Amplitude, which is vertical distance measured from the trough to the
maximal peak (negative or positive). It expresses information about the size of the

neuron population and its activation siineny during the component generation.
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1 Duration, which is the time interval from the beginning of the voltage
change to its return to the baseline. It is also a measurement of the synchronous
activation of neurons involved in the component generation. érodgrations

indicate less synchronous neuronal activation.

To record the ERPs, two networked personal computers are used in the data measuring:
one for the EEG recording and the other for sequentially displaying the designed cognitive
task as shown iRigure2-6. An example of a common ERP task is the oddball paradigm
(GarcialLarrea, Lukaszewicz, & Mauguiére, 1992; Jongsma et al., 2018jis task, two
different stimuli are distributed pseudandomly in a sequence: one of them appearing
frequently (standard stimulus) and the other one being a tstigetlus appearing less
often and unexpectedly. Standard and target stimuli céonles of different frequencies,
figures of different olours ordifferent shapes. Participants are usually asked to respond
(e.g., by counting or pressing a button) to tbeusrence of target stimuli. Both target and
nontarget stimuli elicit earlier sensoperceptual components (e.g., P50, N100, and
P200), also known as exogenous given that they are more determined by the physical
properties of a stimulus than any task dedts. Later components (e.g., N200 and P300)

are endogenous and rely more on the cognitive demands of any task.

ERPs providean excellent temporal resolution as the speed of ERP recording is only
constrained by the sampling rate that the recording equipcean feasibly support,
whereas hemodynamimonitoring (such as fMRI) are inherently limited by the slow
speed of theBlood-OxygenlLevelDependent (BOLD) responsgim, Richter, &
UYur bi | The spalia resolution of an ERP, however, is much poorer than that of

hemodynamic method# fact, the location of ERP sources is an inverse problem that

L Hemodynamic monitoringneasures brain activity by detecting changes associated with bloodrfiatechnique relies on the
fact that cerebral blood flow and neuronal activation are coupled. When an area of the brain is in use, blood flowitnthbsore
increases.
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cannot be exactly solved, only estimated. Thus, ERPs are well snitesearch questions

about the speed of neurdtivity andare less well suited to research questions about the

location of such activity.

EEG Data Recording

Cognitive Task

Figure2-6 Experimental protocol of ERP data collection

Components of ERP

Early Components of ERP
P300

Late Components of ERP
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Figure2-7. Event Related Potential (ERRRiaveforms across 1100 millisecond epoch aftendtipresentationERP
waveforms consist of a series of positive and negative voltage defleeitbrespeak amplitudethat is corresponding

to a set of main underlying components as shown in different colours: Green colour: Early ERP component (including

N100, P100 P200and N200; Blue: P300 ( the most common component across studiad) Pink: Late ERP
Componen{related to the cognitive processing of the stimulus)
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Section 2.5 descrilsethe most widely used signal processing environséoit

processing of EEG data, with particular regard to Al and computational modelling

techniques.

2.5 Analytical Methods for EEG and ERP STBD

This section overviews some of the current common methods and how these methods
are interrelatedt refers to both statistical and Al mettsofor data mining procedura

summary of these methodspresentedn Figure2-8.

Analytical Methods

O —

| Statistical_ Tools | Artificial Intelligence Tools

Independent Component Analysis, Machine Learning

ANOVA = ;
Brain-Inspired Methods

‘ Neural Network

I Spiking Neural Network |

¥

Software Package

e R

EEGLAB SPSS

Software Package

I R

o h 4 ™

NeuCom Weka Neucube

Figure2-8. Analytical methods for STBBummarised in two aspects: statistical anébAsed methods.

2.5.1 Statistical tools
1 Classical statistics:Classical statistics provide poweltools, both basic
and advanced, for any type of analysis. Simple descriptive statistics such as mean
and s$andard deviation have been used almost in all kind of brain data

investigations. Hypothesis testing,-values, and confidence intervals are
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powerll instruments of statistical inference. Analysis of variance (ANOVA),
statistical independence tgdike chisquared test and correlations giae
opportunity to find relations in the datgield, 2013) For example, ANOVAis
used to compare the means of more than two sets of data, to identify if they are
statistically different from each other. Through &OVA analysisthe resulting
F-value and significance levelucidate thaat least one group is different from at
least one otheHowever, itdoes noshow exactly the number of groypswhich
groups, differ statisticallyThis can be done throudgbllow-up comparison#
lower ANOVA analysis such as Pdsbc test.

1 Independent Component Analysis (ICA):The EEG signal mixtures at
each sensor can be separated into several independent components. Some of these
will correspond to artefacts such as eye blinks, heartbeats and in some cases, the
experimental apparatyssomura & Toyoizumi, 2016)ICA is a mathematical
technique for extracting components, where the extracted components describe
temporally independent activities from spatially fixed overlapping so(&tese,
2004) What distinguishes ICA from other methods is that it looks for components
that are statistically independdhtyvarinen, Karhunen, & Oja, 2001; Isomura &
Toyoizumi, 2016; Stone, 2004)CA method is usedor EEG datato remove
sources corresponding to artefacts from the signal mixtures to facilitate further
analysis of the datdn this case, the important information can be obtained
considering only the relevant signals, obtained &aifglying the ICA method.
The fundamental principle of ICA is estimating theraixing matrix to estimate
the independent components from the mixtures. Thus, the estimated independent
components are the linear combination of the recorded data. If the noimbe
sources is more than the number of recordings, the estimated independent

components must contain some original sources. If some of the original sources
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are predominant, the estimated independent components will be quite similar to
the original sourcesThus, when the number of recordirigdess than the total
number of signal sources (including artefact sources), ICA is able to separate only
those components with relatively high magnitu@@juwari, Kumar, &

Palaniswami, 2006)

2.5.2 Artificial Intelligence (Al) Tools

Al involves machines that can perform tasks that are characteristic of human
intelligence. While this is rather general, it includes things like planning, uaddnsg
language, recognising objectdsspunds, learning, and problesalving. Al has a set of
tools through which it enables a machine to mimic human intelligence. One of the tools
of Al is Machine learning (ML) techniques that give the machines toleathout being
told explicitly what to do. Machine learning again hasois tools, one of them being

NeuralNetworks (NN).

1 Machine Learning (ML): Over the past few decades the use of machine
learning methods has increased dramatically. ML is a fiektuafy that applies
the principles of computer science and statistics to create statistical models, which
are used for future predictions (based on past data or big data) and identifying
patterns in datéMannila, 1996) ML is itself a type ofAl that allows software
applications to become more accurate in predicting outcomes witkeing b
explicitly programmedAlpaydin, 2009; Russell & Norvig, 2018)Vhile machine
learning emphases making predictions about the futurédl typically
concentrates on programming computers to make deciéidpaydin, 2009)
Methods of ML can be divided into two mainrgups: supervised and
unsupervisedCaruana & Niculescizil, 2006). Supervised methods involve

creating a predictive statisticalodelbased a mapping an input to an outpum
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unsupervised Brning thee is no model at allall data is unlabelled and the
algorithms learn t@n inherent structure from the only input dat@aruana &
NiculescuMizil, 2006). ML algorithms solve several tasks: -clustering,
classification, prediction. Clustering ke first task in exploratory data analysis
(Alpaydin, 2009) Classification an be used for categorical datad prediction

for nomnal datasets. The classification of STBD data has often been done using
traditional ML methods such as thes@ort Vector Machine (SVM{Giovanni
Costantini et al., 2009; Ratsaft al., 2006) Multilayer Perceptron(MLP)
(Gardner & Dorling, 1998; Murtagh, 1991and Multiple Linear Regression
(MLR) (Yao et al., 2004)For example, SVM iasupervised learning model with
associated learning algorithms that analyse data used for classification and
regression analysis. Given a set of training examples, each marked as belonging
to one or the other of two categories, an SVM training algorithm builds a model
that assigns new examples to one category or the other, making it-a non
probabilistic binary linear classifiefAlpaydin, 2009; Caruana & Niculescu
Mizil, 2006). Both SVM and MLR have been widely used for classification of
EEGdata(Giovanni Costantini et al., 2009; Subasi & Gursoy, 20H@wever,

when dealing wh complex STBD streams, samples cannot be linearly
discriminable. This problem is called nbnear classification which cannot be
handled by drawing straight discriminative lines in the data space.

1 Artificial neural networks (ANNs): ANNSs are statistical wdels directly
inspired by, and partially modelled on biological neural networks. They are
capable of modelling and processing nonlinear relationships between inputs and
outputs in parallel. The related algorithms are part of the broader fidld odnd
can be usedni many applications such as speech recognition, Brain Computer

Interface(van Gerven & Bohte, 2018ANNs are characterised by containing
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adaptive weights along paths between neurons that can be tuned by a learning
algorithm that learns from observed data in order to improve the model. In
addition to the learning algohitn itself, one must choose an appropriate cost
function. The cost function is what is used to learn the optimal solution to the
problem being solve(AgatonovicKustrin & Beresford, 2000)he loss funcbn

or error of the model minimes the squared differences between the estimated
and existing target values. As show equation beloww is the target value,

"Qw is predicted value anw denotes the feature set of a single sample.

This involves determining the best values for all ofttiiable model parameters,
with neuron path adaptive weights being the primary target, along with algorithm
tuning parameters such as the learning rate. It is usually done through opmisat
techniques such as gradiedéscent or stochastic gradient dsmng. These
optimisation techniques basically try to make the ANN solution be as close as
possible to the optimal solution, which when successful means that the ANN is
able to solve the intended problem with high performaffierada, 1992)
Architecturally, an ANN is modelled using layers of artificial neurons, or
computational units able to receive input and apply an activation function along
with a threshold to determine if messages are passed along. In a simple model of
ANN as shown irFigure 2-9, the first layer is the input layer, followed by one
hidden layer, and lastly by an output layer. Each layer cataicoone or more

neurons. Models can become increasingly complex, and witheased

1 Gradient descent is a firstder iterative optimisation algorithm for finditige minimum of a function.
2 Stochastic gradient descent is an iterative method for optimising a differentiable objective function
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abstraction and problesolving capabilities by increasing the number of hidden
layers, the number of neurons in any given layer, and/or the number of paths
between neuravan Gerven & Bohte, 2018; Zurad992) According to their
computational units, they were categorised into three generations. Rosenblatt
proposed the first generation of ANNRosenblatt, 1957)called perceptron
which was based on McCullogPitts neurons and was inspired by the concept of
thresholding in biological neurons. A perceptron neuron is a computatiomal u
with several inputs, each is associated with a weight that resembles synaptic
efficiency. A perceptron integrates the inputs and fires if the synaptic weighted
sum of inputs reaches a threshold. This is computed using a step function to
performbinarot put s (17 1 or 1)-indepetdens mdaningthdati o n
the time in which the threshold is exceeded is not considered. The second
generation of ANNs is related to improving the computational units by including
an activation function. In contrash & fixed threshold value to determine the
output, here an activation function (such as-heear sigmoid) produces outputs
which are proportional to the inputs; thpgrforming nodinear classifications.
Although these ANNSs are inspired by some prapsrbserved in brain research
(Hodgkin, Huxley, & Katz, 1952; Hall,
the current time of inputs, employing an activation function. To enhancéhthis,

third generation of ANNs, SNNmmerged in which accumulategirts over time
control an action potenti al f u-tmet i on;

information.
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Input Layer Hidden Layer Output Layer

Figure2-9. A diagram of a simple ANN with three input neurons, three hidden layers, and oner@umn.

1 Spiking Neural Network (SNN): SNNs are artificial neural network
models that more closely mimic natural neural networks. In addition to neuronal
and synaptic state, SNNs also incorporate the concept of time into their operating
model(lzhikevich, 2006) SNN aims to bridge the gap between neuroscience and
ML, using biologicallyrealistic models of neurons to carry dlé& computation
(Izhikevich, 2006) SNNs operate using spikes, which are discrete events that take
place at points in timeather than continuous valu@s. K. Kasabov, 2014)The
occurrence of a spike is determined by differential equations that represent various
biological processes, the most important of which is the memalpatential of
the neuron. Essentially, once a neuron reaches a certain potential, it spikes, and

the potential of that neuron is regktasquelier, Guyonnea & Thorpe, 2009)

2.5.3 Software PackageBased on gtistical and Al M ethods

A EEGLAB/ERPLAB: EEGlab and ERPlab have been extensively used for
brain studies. EEGlab is the most widely used signal processing environment for

processing of raw EEG datd.Has elaborated structure, powerful methods for
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time-series and independent component ana(i@etorme & Makeig, 2004)The
ERPIab toolbox is also used for analysing and processing of ERP components,
grandaveraging, visualising the waveforms in the MATLAB environment
(Delorme & Makeig, 2004)

A SPSS: Statistical Package for the Social Sciences (SPSS) is a
comprehensive and flexible statistical analysis and data management tool. It is
one of the most popular statistical packages which can perfgmygomplex
data manipulation and analysis with ease. It is designed for both interactive and
nortinteractive usergield, 2013)

A Weka: Weka is a stack of over 1ML algorithms for data mining. It is a
free opersource Java application developed at the University of Waikato, New
Zealand. It can solve typical foiL task: clustering, classification, regression,
attribute selection, finding association ru{eImes, Donkin, & Witten, 1994)

A NeuCom:NeuCom is a generic knowledge engineering environment for
data analysis, modelling and knowledge discoveeyeloped by the Knowledge
Engneering and Discovery Resehrmstitute KEDRI), Auckland University of
Technologylt includes various techniques féteature selectigrbignatto-Noise
Ratio (SNR) Correlation; Classificatiomnd Prediction model creation, model
testing and model optisation.

A NeuCube: A computational architecture for the creation of Brhike
Atrtificial Intelligence (BLAI) that includes applications across domain areas. It is
based onSNN (N. K. Kasabov, 2014)A NeuCube architecture for STBD

modelling is presented in the next chapter

STBD have often been analysed using statistical and convenktinahethods
such as th&VM, MLP, MLR, and neural network architectures. Now the question

is: what is missing in the awant technologies for STBD analysis?
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The brain is a highly interactive and deep learning network, but nearly all
multivariate models employed in cognitive neuroscience are linear and do not model
interactionsUnderstandinghe dynamic patterns of spagotporal brain data through
the traditional methods is limited because temporal features manifest complex
interactions that change dynamically over time. Therefore, it is crucial to develop new
computational models that are capable of learning spatiotempuexactions
between multivariate data streams. SNNs are the third generatiddéiN odnd
comparing to conventional neuronal networks which deal with static vieatad
data (temporal information needs to be converted into vectors of static features),
SNNs incorporatespatial and temporal componen of data into one operating.
Therefore, SNN is a way of using spitime dynamics to extract interactive structures
from the brain data, without owitting to a particular classification problem, and
which corstrains the immense space of possible interactions ibiologically
plausible wayA properly designed SNN model can be used to model brain data and

to detect deep spatiotemporal patterns for a better understanding of data.
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2.6 Chapter Summary

This chapter presented two main techniques for recording STBD which have been
widely studied in cognitive science and neuroscience research. Also, some introduction,

limitations of analytic methods for modelling complex STBD were briefly stated.

In summary, EEGnd ERP have been extensively used for brain dtydypplying
different statistical and topographical mapping methd@sious techniques have been
devel oped t o anal yse t he brainds acti v
connectivity in STBD, however, these methodscannot capture precisely the
spatiotempor al patterns Ohidden deepd in
cognitive processesSNNs framework is suggested to besuitable for learning
spatiotemporal braidata analysisasspatid and temporatomponent®f dataare both
essential to be preserve@hapter 3 will discuss the SNN principle, models and

applications.
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Chapter 3  Spiking Neural Networks

3.1 Introduction

This chapter discussSNN architectureand principles. Section 3.2 introdisceNN
as a computational framework that visualises the braia idaa 3D space of artificial
neurons and elucidates the connectivity and interaction between data variables. Then
sections 3.1.10 3.1.4 depict the main functional modules of the SNN framework, which
are: (1) input data encoding and mapping; (2) unsuge learning in a 3D SNN model;
(3) supervised learning and classification; and (4) knowledge extraktraily, section

3.3 summarises the chapter.

3.2 Brain-inspired Spiking Neural Networks

SNNsare computational mo d e | s ndutalastructuaer e i |
According to (Indiveri, Corradi, & Qiao, 2015; Maass, 199%he SNN follows a

biologically plausible structure, in that:

- A brain template (atlas) is used to constructdirBensional SNN model
that maps the lot@n of brain structures.

- Spatial mapping of input features (data variables) in the SNN model
preserves spatial information in the brain data.

- I nput data (brain signals) are enc
events whetthebrain signal reachesthreshold value) at a millisecond time scale.

- The nitialisation of the SNN model uses the braispired smalworld

connectivity rule.
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- Biologically plausible learning rules are applied to evolve the SNN
functional connectivity in a deep learning nepdesulting in long chains of

connections.

In a SNN, an artificial spiking neuron is an informatigmocessing unit that learns from
input temporal data over time to approach putative learniogegses of the brain. That

is, giking neurons are intercaected through their synapses, which memorise the
learning patterns. They incorporate the concepinoé into their operating modeésnd

thus are considered to be superior in biological plausibility in neural networks compared
to previous models that dahaccountfor temporal dynamicgAgatonovicKustrin &
Beresford, 2000; Schmidhuber, 201%5hus, SNNs are considered suitable models for
processing STBD(N. K. Kasabov, 2014)A SNN model can be implemented using
several models, such asaky IntegrateandFire (LIF) models (as shown iRrigure3-1).

In this mode(Knight, 1972) the membrane potential 0 increases with every input
spike at a time, multiplied by the synaptic efficacy (strength), until it reaches a certain
thresholdd. After that, an output spike is emitted and the membrane potential is reset to
an initial stateLike a biological reuron performs, when the simulated neuron emits a
spike, it does not produce a new spike within a refractory period and its membrane
potentialb 0 leaks. The membrane potential can have certain leakage between spikes,

which is defined by a parameter

wheret is the membrane time constant, is the resting potential,andR are the
input current and the resistanespectivelyAs shown in Figure-3, as soon as the PSP

reaches a threshold d, the neuron genera
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nei ghbours. The PSP can | eak by a certai

arrives within a givetime period(N. K. Kasabov, 2014)

| Spatisl componerts | | Temporalcomponens |
Integration , i LN UL AL LR L L
RV ,,emge e T T
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5 4 OJ—U—> Binary events | L N 3
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(a) (b) (©)

Figure3-1 a) Structure of a biological neuron which receives input information across axon terminals and processes it
(b) Picture of a simulated artificial spiking neuron with the model of LéategrateFire (LIF); (c) Functionality of

LIF model using an input spike sequence (upper spike train), the output emitted spikes (middle spike train) and the
changes of postynaptic potential.

The SNNbased methodology is based on the framework of evolving spiking neural
networks, designed to learn from both temporal and spatial informeimd NeuCube
(N. K. Kasabov, 2014)The SNN architecture includes several functional modules (as
shown inFigure 3-2): an inputencoding module; a 3D SNN module for unsupervised
training; an output classification/regression module for supervisedingai an
optimisation module; and a knowledge extraction and visualisation m(®lulenore &
Sporns, 2009; N. K. Kasabov, 2014These modules are described in the following

sections.
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Figure 3-2. The NeuCubeSNN architecture, which contains several modules: input gpiie data encoding; a 3D

SNN reservoir for unsupervised learning; a SNN classification/regression moduld&@siagd STDP for supervised
learning; gene regulatory network (GRN) as a system parameter optimisation model (optional and not used in the
current thesis).

3.1.1 Input Data Encoding and Mapping

The EEG signal from each electrode is translated intoke ¢rdin (as demonstrated
in Figure 3-3), and spikes from a given electrode will enter to the SNN model at a

particular location. Each electrode corresponds to a single unit (input neuron) in the SNN.

For a tempotasignal "Yo over timed phchB g, the signal amplitude variation
over time is denoted by 6 hwhere at baseling) p  "Yp . At the next time poind, if
the upcoming signal amplitud¥o is greaterthadd 0 p [ sum with a threshold
d ,)then a positive spike is generated, whereas for a decreased signal, a negative spike is

generated. The encoding of positive and negative spikes is defined as follows:
pdavoN wo p A M0 wo p —
i H0ONQ pIMmavo N ®o p - QWO wo p — (32
Tt € N1 0 Qi
As shown in Relatior8-2, the encoded spike sequences are in the formnaiyo

events, in which1l refers to a negative spike (the site of downward changes in signal
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values) and 1 is a positive spike (the site of upward changes). This method has been
successfully used in dynamic vision sensors (DY&)ng, Miller, & Abbott, 200Q)
Figure3-3 shows an example of encoding EEG data recorded from the Cz channel into a
sequence of positevand negativepikes using a threshelthsed representatiomg§R)
algorithm.l n t hi s met hod, if the signal 6s <cha
consecutive time moments, a positive spike is generated. On the other hand, if the signal
decreases tmwv a threshold, then a negative spike is generated; otherwise, there is no
spike generated.he generated spike trains represent changes in the STBD that exceeded
a threshold TBR:. Figure 33 shows that out of a total of 115 spikes generateds 58
postive (indicated as +1) and Biegativegindicated asl). The spike trains are used for

training the SNN model.

Channel Cz

a0 100 180 200 250 300 380 400 480 a0

=1

Encoded Spikes
T T T T

0 50 100 150 200 250 300 350 400 450 500

Figure 3-3. An example of encoding EEG data into sequence of positive (black) and negétes (spd) using the
TBR algorithm that is the format of the input data into the SNN architecture. The image shows 500 EEG data time
points of electrode CZ from one subject.

In the SNN model, after defining a biologdigaplausible 3D SNN, data will be
initialised with Small-World Connectivityrule (SWC) (Liao, Vasilakos, & He, 2017)
SmallWorld (SW)structure is an organising principtemany natural systems, including
networks of braimeurons as both anatomical connectidiaitenberg & Schiiz, 2013;
Sporns, Chialvo, Kaiser, & Hilgetag, 200dhd synchronisation networks of cortical

neurons( Y u , Huang, Si n gerhibit sm&liwaxld tépoldgy(Liiap et 8.0 0 8 )
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2017) The neurons in the SNN reside at coordinates defined withifallagach brain
atlas(Giacometti, Perdue, & Diamond, 2014; Talairach & Tournoux, 1%88) neurons

are connected probabilistically, such that neurons that are anatomically adjacent are very
likely to be connected and those that are anatomically distant from one another are very
unlikely to be connected. This constrains the space of potential interactions in a
biologically plausible way. For instanc®W networks are observed in several lasgak
networks of braimeurons such as the visual systdiratora & Marchiori, 2001) The

brain information processing is performed in both segregated and dispersed functional
areas, as presented(lumphries, Gurney, & Prescott, 2006; Liao et al., 2017; Sporns et
al., 2004; Yu et al., 2008)Similarly, the SW rule can include both shedistance
connectivity (local clusters) within nearlmeurons(similar to segregated information
processing) and longlistance connectivity by linking the local clusters (similar to spread

information processing).

UsingSWrules in computational modelling has several advantages, as it supports high
local and global efficiency in parallel processing, dyitamperation and rapid adaptation
in network reconfiguratiofSimard, Nadeau, & Kréger, 2009} also results in higher
rates of information processing and learning than other techniqguegstandom graphs
(Simard et al., 2005)These theoretical and empirical reasons led tafiS&V rules for
the initialisation in the SNN model. The SNN modelghis thesisare initialised using
the SW connectivity rule (Braitenberg & Schii 2013; Bullmore & Sporns, 200®)
which a probability of a neuronto be connected to another neuron j depends on the
distance between the two neurons, the larger the distaheesmaller the probability. In
some cases, a radius is defined whichaggnts the maximum distance of connections of

one neuron to another in the 3D space of the SNN. The initial connectiorssigmeed

1 Talairach coordinates, is addmensional coordinate system (known as an ‘atlas’) of the human brain, wtechni®nlyused in
functional brain imagingo map the location of brain structures independent from individual differences in the size and overall shape
of the brain.
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as small random weighto that for example 80% of them are weighted by positive
values while 20% of them are weightedriegative values. All the above parameters can

be selected based on the task in hand. These initial connection weights are then adjusted
by biologically plausible unsupervised learning rules which rely on the temporal

dynamics and spiking activity triggeat by input neurons as explained in the next section.

3.1.2 Unsupervised Learning in a 3D SNN Model

The known unsupervised SpiHeme-Dependent Rsticity (STDP) learning rule is
used for learning in the SNN modelppliedin this thesis Through STDP leaing, a
connectionw j betweenneuronsi and j are adapted according to the timing of their
output spikes. Iheuroni emits a spike earlier than j, them will increase; otherwise,
that would imply that neurgris driving neuronsow  will decreaseSTDP is described

as follows:

o o A ovort QYD T
o A @bpyort QW n

(3-3)

"OY0 describes the adjustment of synaptic plastiaiityr respect to the preynaptic
and posssynatic spiking time in the interval 6f6 0 0 . The parameters A+
and A are the maximum amounts for synaptic adjustment, which apphyisf close to
zero. The parameteits andt control the interval of prdo postsynaptc spikes during
which the weakening and the strengthening of the synaptic connection occur. During this
learning procedure, the input neuron will accumulate spikes to the SNN model and, if
neurons cross an activation threshold, they will also emit osfpk#s. That spike is sent
out to all the units it is connected with, and what reaches each distal neuron is the spike
scaled by the connection weight. That neuron will likewise accumulate activity as a

function of receiving spikes and, after crossing stimeshold, fire(Chan, Liu, & van
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Schaik, 2007)In suchaway, spikes are transferred between neurons and propagated to
the SNN model. Therefore, the STDP rul e
the STBD stream, in the form of neuronal connections between spatially |loeat®ths

in the SNN model

3.1.3 Supervised Learning and Classification using a SNN Classifier

At this step, a dynamic evolving SNN (deSN{N. Kasabov et al., 2013; N. K.
Kasabov, 2014; Tu, Kasabov, & Yang, 201ftijly connected to alheurors in the 3D
SNN, is used for classification/regression of the activated spiking patterns in the 3D SNN
when input data are propagated through it. Other classifiers can also be er(ipfhaypd
& Gautrais, 1998)The deSNN applies supervised learning in an output classifier layer
using the class labels of the training samples.damh sample in the training set, one
neuronis evolved in the output layer and linked to all tieuronsin the already trained
3D SNN. The connectioto betweemeuroni from the 3D SNN andeuronj from the
output layer is initialisedy using aRankOrder (RO) rule. The RO rule emphasises a
higher priority for earlier spikes to an outm@uron Data with class labels are propagated
through the trained 3D SNN and a supervised learning process is applied to train an output
classifier. The potentiad "YU of output neuronj at time t is defined using the

following relation:

0 Y06 A o (3-4)

where orderi} represents the order of tfiest spike transmitted through and mod is

amodulationfactor (a parameter between 0 andTl)erefore, the first spike that reached
to the outputneuronj from the 3D SNN model causes the highest increase in the

corresponding connection weight. After the first spike has arrived, for the next spikes
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coming at tine t fromneuroni, the connection weighib  will rise by parametebrift ; if
there is no spike at the time momenbt will decrease by a drift valugs shown in the

following formula

© 0 p Qi QQIQIQH QRQ p
® 0 p Qi QAN QRQ (3-5)

In thedeSNNa new output neurois createdor any new spatiwemporal input. flithe

distance between the newly created output neuron weight vector and that of@rthene
already trained output neurons is smaller than a similarity parameter, they are considered
to be close and they are merged. Closeness is decided based on the similarity between the
weight vectorsd Q6 every output neuron i to the weight vegbooduced by the newly

input sample. This distandmsed strategg basedn theclosest kNearesiNeighbours

(kNN), one of the moattilised algorithms in machine learning due to its simplicity and

effectiveness

During the recall phase, when the outptia new sample is not known in advance, the
majority of the output neurons among the$enlearest that belong to a given output class

define the class of the new input data.

3.1.4 Parameter Optimisation

For model parameter optimisation, an exhausing search method has been utilised
to minimise the crossalidation classification erroleach parameter will be searched
within a range, specified by the minimum and maximum, through a number of iterations
related to the number of steps for moving frammimum to maximum. For every model
created out ofN models, three main parameters (STDP learning rate, neuron firing
threshold andclassifier parametanod will be chosen to be optimised. The parameters

will be selected by assigning 10 steps betweemihenum and maximum values of each
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parameter. Therefore, for every model creation, 1000 iterations of training (Nsing
samples) and testing (using the single holdout sample) will be performed using a different
combination of these three parameters. Ttien parameters that resultedthe best
accuracy in most of the iterations, will be reported as the optimal parameters. When the
optimisation procedure was completed, the most selected values for the parameters across
all the N models will beselected aSTDP learning rate= 0.01; neuron firing threshold=

0.5; deSNN classifier parametaod= 0.4.

3.3 Chapter Summary

This chapter exposes an overviefwcomputational models of SNNs and introduced
the NeuCubeSNN-based architecture for modelling STBD. An SNNdebsupports a
meaningful mapping of spatial variablespdelling, learningand model visualising. In
the SNN architecture, the connections in the network are simulated by meaningful brain
inspired connections and the learning procedure is based on SHiDP eaptures the
spatiotemporal interactions. These features make an SNN model meaningful in terms of

its interpretation for a better understanding of spatiotemporal characteristics of data.

The rext chapter demonstrates a stepe design of the SNidasel methodology for
dynamic pattern recognition and pattern prediction in two -fdal case studies of

cognitive data in this thesis: EEG and ERP.
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Chapter 4 Methodological Design

4.1 Introduction

The SNN architecture is developed here to map different types of STBD into a 3D
space of spiking neurons, whettge topological information of the brain regions is
spatially preserved. As explained in the previous chapter, every spiking neuron is a
computational unit that resembles the brain information processing mechanism with the
use of the STDP learning algonith Therefore, the SNN models are capable of learning
from the temporal information of the STBD over time and capture the spatiotemporal
relationships in the data. In this thestse SNN connectivity captures the relationships
between the EEG and ERP véales in a computational model, not the precise
organi sation of the br aThisdaptenpresests tieeadsignn e u |
of the SNNbased methodology fatynamicpattern recognitiorand patternprediction
tasks in EEG and ERP data mode]liSectiors 4.2 and4.3 depict the stepvise design

of the SNN method foaddressing the three main research questions of this thesis:

1 AResearch question 1. How SNN model can be optimally designed for
dynamic pattern recognition related to different na¢istates?

1 Research question 2. How can the designed SNN discriminate the neural
patterns at an individudevels?

1 Research question 3. Can SNN models lead to knowledge discouezgtiyg
a predictive system of brain mental states according to the

dmami c/ di scriminate patterns?o

Section 44 explairs how SNN models can be evaluatE&thally, section 4.5 refers to

employing SNN in two case studies: neuromarketing and mindfulness.
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In this thesis, the SNN architecture is designed in accordance withlltheifig main

approaches:

1- Knowledge representation through dynamic pattern recognition (this is

addressed for research questions one and two).

2- Predictive modelling of streaming data (this is addressed for research

question three).

4.2 A Method for Dynamic Pattern Recognitionand Knowledge
Representation from EEG and ERP Data based on brain
inspired SNN

The following is a procedutbat represesthe design ofhestudyfor dynamic pattern

recognition in the SNN framework.

4.2 1Initialisation and Encodng of the EEG and ERP Data inthe SNN
Model

A model is prestructured to mathestructural and functional of the modelled process
presented by spatiotemporal data. The SNN struatarsistsof spatially allocated
spiking neurons, where the location afunonsmaps a spatial template of the problem
space(brain template)In this case, STBD data samples are mapped spatially into 3D
artificial neural space where the spatial information of brain aieaspologically
preservediccording to the Talairachlas Employing an appropriate encoding method,
the hput dataarethen encoded into spike sequenttedrefled the temporal changes in
the data.
4.2.2Unsupervised learningof EEG and ERP datain the SNN Model,

Visualisation and Interpretation of Dynamic Patterns

Unsupervised timelependent learning is applied in the SNN moutelearn the

spatiotemporal relationships in the input spik&be learning procesmodifies the
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connection weigtgtbetween neurons based on the timing of their spikatiyity. During

the learning process in SNN models, consecutive snapshots of the firing state of the
neurons are captured to represent a trajectory of dynamic;leseed patterns of
neuronso spiking activity with r esupesct t
emitted spikes. Thiallowscapuringthe sequential spiking activity patterns in the SNN
models for different mental statelSigure 41 represerdt an example of sequentially
activated areas as a trajectory of desgpyned patterns in the SNN mdgldt shows how

early the information was transferred to different parts of the brain at different times.
Figure 41b showsthe neuronal connections created during the learning in the SNN
modelsare visualised over time. This reflectee dynamic patternsf EEGERP data

corresponding to different epoch lengths.

4.2 3 Knowledge Representation in the SNN Model

A deepfunctional pattern ifrigure4-1is revealed as a sequence of spiking activity of
clusters of neurons the SNN model that repressrtheactive functional areas of the
modelled processlhe connectionsof the trained SNN models iRigure 41b can be
interpreted as deep knowledgfgowingsequentiatvens (activated neurons) at different
SNN areas ovefour timeintervals.A trajectory of SNN activities over time can be

displayed as an aggregated event, presentégjure 42.

4.24 Supervised Learning and Patterns Discrimination of Different
Brain Mental states

Experimental results in the SNHMre illustrated mainly to represerthe visual
exploration of the models, but numerical information (such as connection weights and
spiking intensity)s also facilitated and can be exported from the modegfteerent SNN
models can be compared in termd oh spikefintensity andficonnection weights i n

their activated neural areas
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In order to compare two different trained SNN models (denoteddnd"Y) where
each of them has number of neurons the cube SNNthe connection weightectors
(W) of Sland S2astwo differenttrained SNN mode|saresubtractecas shown in the
below formula.An example of the subtracted connectivitpm two different SNN

modelsis depicted irFigure4-3.

— (D —(S1) _—_(s2 (4_1)
T 7

wheresr Y is the connection weight vector of the cube of the SNN model S1 and

= ?is the connection weight vector of the cube of the SNN model S2.

4.3 A Method for Predictive Modelling of EEG and ERP Data to

Predict Future Brain States

The trained SNN models represent discriminative patterns between different mental
states. Now, e question isgould thedynamicpatternsbe discriminated at an earlier
stage to perform prediction of eusim streaming data?n SNNmodelis incrementally
learning the data patterns whilegeiencs of spikes are streaming to the model. During
an unsupervisekbarning processnternal spatiotemporalonnections are evolving over
time that forns discriminative patterns which differentiate the mental states. These
evolving patterns arstoredover time for retrospective analysi$Vhen the training
process is completed, an input pattern o& specified length is entered, with a known
output, a specified pattemill be activatedasa trajectory of spikes in the modelhis
pattern can be learnt in a supervised modearnnoutputmodule for classification
However, as the SNN model generates longitudinal spatiotemporal connections over
time; thus, retrospectivpattern classification can suggest a prediction of output at an

earlier time point.
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Figure4-1. (a) An example cdequentially activated aresmsa clusters of neurons (circles atrajectory of deelearned patterns in the SNN models showing changes of spiking activity
every 50 millisecond; (b) The connections of the trained SNN models
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Figure4-2. The trajectonof functionalpathway as deep knogdge representings sequence dbur eventsat times

t1é

cortical |l ocations

arge
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executed as
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that a

t 4

Figure 4-3. The connectivity of SNN models traideon two conditions (a and b) measured by EEG data. (c) the
differences in connectivity between the SNN mode)sagad (b) reflecting the spatemporal differences between

mental state condition.
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4.4 SNN Model Evaluationthrough Leave One Cross Validation

In order to evaluate the level of significance in the trained SNN modalsh
experimentis performed with respect to the following criteria: For a mental activity
(called class) okachindividual data one SNN model is created. Each clatdata
containsn samples that are used to train the SNN model through an iterative procedure

of leaveoneout as followgshown inFigure4-4):

1. The SNN model is initialised.
2. The initialised SNN model is trained with ( p) samples (one sample is
excluded left out,from the training).
3. The average of the quantitative information (spatiotemporal connectivity)
in the trained SNN model is calculated.
4. The model is recalled and tested on th#-out sample for correct
classfication or prediction.
The holdout sample is replaced by another sample, thexturns tostep 1 until all
the samples are excluded from the training set, one bylbimemeans that a set of SNN
models are initialised and trainedith different folds of samplesThe quantitative
information of the trained SNN models can be statistically analysed to evaluate the
model s6 significance. To t,lanastivatiantevelwasor e
measured through computing the average value obitsaction weightsThe ANOVA
statistical analysis was applied to the activation levels of several trained SNN moodels

evaluate the significance of the models.
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Figure4-4. Iterative SNN modelling thrah the leaveoneout method. For n samples, the SNN model is initialised n times, and trained by a fold of diffefesaifmples. Then the trained model is
crossvalidated by the holdut sample.
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4.5 Applying the DesignedSNN Methods for Real-Life Scenariosin
Psychology

Employing a designed SNN method, this thesis contributes to an improved modelling,
better understanding, interpretation, and analysis in the followingdifeealase studies

(A) neuromarketing and (B) neurobiological effects of mindfséneaining.

-Case study Ad this study is conducted to model the brain activity patterns,
measured by ERP, while participants are performing a markeglated task. The
objective here is to build an appropriate model of ERP that can capture thdivgerac
spatiotemporal patterns that are involved in the processing of different marketing
stimuli. In this study, the SNN models are also designed to distinguish different
features of marketing products based onabtivation of different brain networks,
reflected in the dynamic patterns of ERP data. To this end, the following empirical
studies are designed:

1. Dynamic pattern recognition:

Vv Building of SNN models to investigate the differences
between ERP patterns of perceiving familiar vs unfamiliar marketing
logos at sukconscious level (this is presented in chapter 5).

2. Pattern prediction:

V Building of SNN models to study whether the familiar and
unfamiliar logos are distinguishable at an earlier stage of information
processing. This comes to the fore wheneliaying a predictive

system of human choice behaviour (this is presented in chapter 5).

-Case study Bo this study is performed to investigate how the brain activity

patterns, measured by EEG, are modified by mindfulness training. The objective here
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istomodel the EEG data that are measure
mindfulness training to investigate the brain neural changes

To this end, the following empirical studies are designed:

1. Dynamic pattern recognition:

\% Building of SNN models to investige the effects of
mindfulness on the EEG of participants with a different level of
depression (this is presented in chapter 6).

2. Pattern prediction:

\% Building of SNN models to study whether the effects of

mindfulness training can be predicted at an eastage and for whom

it might be the most beneficial (this is presented in chapters 6).
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4.6 Chapter Summary

This chapter representhe designeth this studymethods for the creation of SNN
modelsin the framework ofa brainlike SNN architectureln the method fordynamic
pattern recognitionthe trained SNN models are used for determining the patterns in EEG
and ERP samples that belong to different mental activities. This is performed through an
empirical study that involves mapping, learniagy classifying of EEG/ERRamples
Also, the SNN models of different mental activities are visualised in a 3D space and then

statistically analysed to evaluate the level of significance.

In the method forpattern predictionthe SNN modelsare trained to eétect the
predictive patterns of mental activities in an earlier stage when the models are learning
from streaming EEG/ERBamplegver time. This leads to classifig the EEG and ERP

samples into prelefined mental activities.

The next chapter repregsthe application of the above two method for the creation
of a SNN model for pattern recognitiafprediction of ERP datato investigatethe
complexity of the brain subconscious processes during a neuromarketing experiment

while familiar and unfamiliar méeting logosarepresented.
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4.7 Contribution

In this chapter, | have made the following contributions:

o e e e e e e em e mm e e e mm e e e mm e e e e mm e e e e e e e e e e e e

1
1
1
1
1
analyss of different types of STBD (EEG and ERP). This gene i
methodologyincludes several steps: cognitive task preparation, !
collection, defining samples, data mapping, learning, visualis !
classifying, and validating the resuttsat can be efficiengl applied to
different reallife scenarios. :
2. An optimally designedramework forempiricalstudiesbased on SNN |
architecture for both dynamic pattern recognition and prediction ¢ds 1
different types of STBD (EEG and ERP). ’
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Chapter 5 Study 1in Psychology- Neuromarketing

5.1 Introduction

Understanding how human decisioraking and preferences manifest before
conscious thought has long challenged researchers focused on cognitive and information
science. Now, thdadld of neuromarketing a discipline that looks at the neurocognitive
underpinnings of consumbehaviouii is starting to uncover, in amazing detail, exactly
how the brain goes about recogngsa band. This chaptgresentan SNN method that
tracks bain responses to logos on thallisecondtimescale even before conscious
thoughts are formedection 5.20f this chapteoverviews the neuromarketing and the
role of brain sulconsciougprocess iraconsumeis preferenceSection 5.3epresents the
desig of the experiment for pattern recognitiamgrediction in realife ERP data that
measured the brain activity patterns of a number of consumers while perdamihgr
and unfamiliamarketing stimuli. Sectiob.4 explainedthe cognitive task anBRPdata
recording. FinallySection 5.5reports the analytical results thatlude both statistical

analysisand the SNN modelling of ERP.

5.2 Neuromarketing and the role of sub-consciousmarketing stimuli

processingg n Consumer sd6 Preferences

Neuromarketing 9§ a novel area that has been developed to understand the
neurobiological mechanisms underpinning preferences towards marketing stimuli, with
the view to predicting differences in consumer thought processes that might not
necessarily be observable in ovgghaviou(Brammer, 2004; Charron, Fuchs, & Oullier,
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2008; N. Lee, Broderick, & Chamberlain, 2007; Touhami et al., 2011; Zurawicki,.2010)
ABrandingod can be considered a majhosr f ac
Abrand familiarityo i s typi ctowardy praguctp r o x
(McClure et al., 2004; Shang, Pei, Dai, & Wang, 2017; Wang, Chang, & Chuang, 2016).
Recent theories of response to branding distinguishpeutesses such as bdan
attachment and attitude towards a brand (Whan Park, Maclnnis, Priester, Eisingerich, &
lacobucci, 2010) and propcsthat a preference towards familiar stimuli may occunat a

early gage in information processingnderstanding how these early staggsrotessing

are affected by familiarity, e.g. by logos, has important theoretical implications in the
models of memory in general and applications to neuromarketing in terms of objective
evaluation of product presentation and development. Consumers cusiywperate

with some degree of automaticity. Familiarity provokes automaticity, whilst perception
and integration of features in unfamiliar stimuli require greater cognitive éBargh,

2002; Bargh, Chen, & Bwows, 1996; Dijksterhuis & Nordgren, 2006; Martin & Morich,

2011) Most research on familiarity has been conducted in relation to faces, for which
distinct neural mechanisms have been proposed for various types of familiarity (e.g.
famous or personallamiliarfacef Nat u & O 0.Ruatamateityreldtéd stddjes
suggest consumers are unaware of the interior mechanisms that drive their decisions
(Bargh, 2002)such claims might be strengthened by expanding the currently limited

empirical evidence from neurocognitive measures.

Although the last three decades have withessed development in the mechanistic
undestanding of conscious behaviour in consumers (Dijksterhuis, 2004; Dijksterhuis &
Nordgren, 2006; N. Martin & Morich, 2011), models of unconscious decisions making

and choices in the context of neuromarketing have not been fully delineated.
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The recent yaa have been characterised by an increasing interest in the very early
visual ERP components, happening before 300ms after stimulus onset. These early
processes, and in particular, the early components (N100 and P200), were thought to be
only modulated byhe physical characteristics of the triggering stimulus, but immune to
endogenous modulations, and more specifically attention (Martinez et al. 1999; Noesselt

et al. 2002; Di Russo et al. 2003; Hillyard et al. 1998).

According to the large studies on thmplitude of the visual N1 component, the N1
has provided a wealth of evidence about attentional procélssek, 2014; Luck &
Kappenman, 2012)When attention is fased on areas of the visual field in which
relevant information is presented, tlaegestamplitude of the NXan be observed that
indicates a benefit of correctly allocating attentional resources and facilitates further
perceptual processing of stim(@@lofsson, Nordin, Sequeira, & Polich, 2008)so, the
N1 component is studieith conditions thatrequiredifferentiation between classes of

stimuli (Falkenstein, Hoormann, & Hohnsbein, 1999)

On the other hand, the P2 companbas also been identified in many different
cognitive tasks including selective attention (Johnson, 1989; Hackley, et al. 1990;
Hillyard, et al., 1973), stimulus change (Naatanen, 1990), feature detection processes
(Luck & Hillyard, 1994), and shotermmemory (Golob & Starr, 2000; Starr & Barrett,
1987). The earlier visual P2 component is strongly sensitive to the emotional valence of

a stimulus, regardless of whether evaluations are implicit or explicit.

While these results are extrem@isomising asthey suggest thahe brain processes
and modulates visual information more quickly than is generally thought, difficulties of
replication (e.g., Santesso et al., 2008; Fu et al., 2010b) make it hard to draw conclusions
on what underpinning mechanisms areat play. One possible reason for such

inconsistencies is that experimental paradigms and methods vary widely.
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In neuromarketing, few studies have investigated @aocensumers brain initially react
to stimuli in the very early stages (<300 ms) or modellthg related dynamic
spatiotemporal brain activity (Campus, Sandini, Morrone, & Gori, 2017; Wu, Zhou, Qian,
Gan, & Zhang, 2015). Prior studies have mostly focused on consumer buying behaviour
in terms of directly attending to various marketing materialghgr environment.
However, a fundamental question iow do marketing materials influence consumers

even when they are not consciously attending to them?

Observing and understanding the specific details of how these processes occur
dynamically over timgespecially at a subconscious level) are not investigated in depth
in current neuroscience research, and little work in computational neuroscience has been
performed on this topic (Poldrack, 2017). The current chapter applies SNN architecture
for modellingand analysingf earlyERPcomponentslata that reveals the complexity of
periperceptual processes of familiar{y. G. Doborjeh, Kasabov, Doborjeh, & Sumich,

2018) This case study includes the following objectives through two approaches:

a) Pattern recognition: To study and visualiseERPpatterngenerated by familiar
versus unfamiliar logos with respect to the spatiotemporal relationships between the

continuous€ERPdata streams.

b) Prediction: To investigate the early brain responses and activities of coegsumer

the face of the marketiriggos.

5.3 Experimental Design

The SNNbased methodology (that fully explained in Chapter 49r mapping,
modelling, learning, classifying and understanding of ERP fiait¢éhis case study is

depicted graphically ifrigure5-1. It is constituted of the following steps:
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1. Mapping: Spatially map theERP data into a 3D SNN model that
represents a brain template.

2. Learning: Train the SNN model with the ERP epochs extragtétin
50-200 milliseconds positimulus time window

3. Pattern visualisation: Visualise the learnt patterns of interactions
between the EEG channels over time as evolved chains of connectivity in the SNN
model.

4. Classification: Classify the learned patterns of spiking activity when

familiar and unfamiliar logoare presented.

The above experimental steps are elucidated using ERP data collected for the case

study as the following procedure:

Firstly, a cognitive task was designed according to the standard paradigm (explained
in Chapter 2 sectior2.4) and the ERP data was recorded when participawai®
performing the cognitive taskSecondly, theWinEEG' (Mitsar system) was used to

derive graneaveraged ERP waveforms across 19 channels.

To create the computational ogtelling, the ERP data was encoded into spike
sequences using a TBR method (TBR was explained in Chapter 3, section 3.1.1). If the
change of the intensity value exceeds a TBR threshold, a spike dazimgestigate the
consumer performance towards faamielated logos versus unfamilieglated logos,

ERP time series of different time intervals (50, 100, 150 and 200ms after stimuli
presentation) related to the pperpetual processes of the brain were uSkd.ERP data

were spatially mapped into 3D SNhbdels using standard mapping as follows:

1 http://www.mitsarmedical.com/eegoftware/qeegoftware/download.html.
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fMapping of the ERP data coordinates to standard brain template coordinates
(Talairach) and then mapping the template coordinates mnBiN& model. For every
input from ERP data, the nearest Talairaelsed coatinate in the relevaBrodmann
area are founah Appendix Table Al.

1The mapped SNN models are initialised using3téconnectivity rule (the SWC
was explained in Chapter$kction 3.1.1and then the model connectivity is modified
and adapted throughIBD of temporal data. The SNN model connectivity and spiking
activity are visualised to reveal a better understanding and interpretation of the
interaction between multivariate ERP data.

1 The average weight of all neural connections in each SNN modsobisxiracted

as a metric for comparison.

Subsequently, consecutive snapshots of the firing state of the neurons were captured
to represent a trajectory of dynamic, dédep ar ned patterns of neu

with respect to the temporal order inialinclusters of neurons emitted spikes.

Finally, the deSNN classifier (deSNN was explained in Chapter 3, Sec 3.1.3) is trained
using the training data and then is tested using new unknown data safwpeNN
supervised learning algorithm was applied tortra classifier to identify whether SNN
model activity was generated in response to the familiar or unfamiliar Dige.
classification accuracy is optimised and the best accuracy along with the best parameters

are reported.
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Figure 5-1. The SNN architecture performs as follows: encoding EEG data as spike sequences; mapping of these
sequences into a 3D SNN model created with the use of a brain template; unsupervised learning of the spike sequences
in the SNN model; supervised learning and classification of the learned patterns in a SNN classifier.

5.3.1ERP Data Acquisition and Cognitive Task Description

Twenty righthanded volunteers, who had no neurological abnormalities, participated
in the data acquisdn procedure (10 males with Mean age of 24.40 and Standard
Deviation= 1.33; 10 females with Mean age of 22.60 and Standard Deviation = 2.87). The
recording procedure was performed in the
commencing this researabthical approval was granted by the Ethics Committee of the
Hamrah Clinic, Tabriz, Iranand informed consemwere provided by all participants.
Identifying information of participants, including names and initials, is not reported in the

written descriptns.

Prior to completing the task, participants listened to a short story about choosing a
drink brand, in order to equtkelrattentiontothee par
paradigm. Participants completed a visual oddball parafi@gnciaLarrea et al., 1992;
Jongsma et al., 2018)0ddball Task was explained in Chapter 2, Sec 2.4) that consisted
of three blocks. Every block started with the target logo presentation (a logo for water)
that was presented 28 times in each block randomlysgirerder) dispersed among 8
nontarget logos (4 locally widely familiar logos and 4 rAamiliar logos), each
preseted 14 times. Thus, 140 stimuli (duration = 200ms;rgtbmulus interval = 1300

1500ms) were presented in each block. Participants were instructed to respond to the
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target logo as soon as they observed it on the screen (counterbalanced across participants
to press either the left or right mouse button with left or right hand). In this task, the same
target stimulus was used for all the participants. Prior to designing the cognitive task,
brand familiarity was measured using a survey that was done inusataral

supermarkets in the city where the EEG data were recorded

EEG was measured through nineteen channels: C3, CZ, C4, F7, F3, FZ, F4, F8, P3,
PZ, P4, T3, T4, T5, T6, FP1, FP2, O1, and O2 positioned in an adaptable cap with the
standard 1020 configuration. The EEG data sampling rate was 256 Hz. The channel Fpz
wasusedasg@r ound el ectrode, and all the -chanr
line artefact rejection was used to eliminate the effects of eye/muscle movements. To run
the cognitive task on a PC monitor, Psytask softtwasiess used as a stimulus presentation

sysem. During the task presentation, ERPs were also measured along with EEG data.

1 Dataset and sample files preparation:

The dataset used in this study corresponds to a tad&atihg with marketing stimuli
(familiar and unfamiliar stimuli). This task waerformed on twenty participants and

ERP data was samples from 19 channels at a sampling rate of 258 Hz. Forty samples were
created (20 for familiar and 20 for unfamiliar), each sample file ( saml.csv, sam2.csv,
sam3.csveé..sam20. c s arficipantoHathasampls coreaporals tod o
data matrix arranged in comma separated format. The rows correspond to ordered times

points, and the columns are the EEG channels.

11 Before designing the caijive task and selecting the brands, brand familiarity was measured using a survey which has been done
in different local supermarkets in the city, where the EEG data was recorded. Therefore, a comprehensive informatieatads coll
in terms of:

Well known/unknown local brands.
- The brands that were frequently requested by consumers in the supermarkets, etc.
Through this survey, the most local familiar and unfamiliar brands as the stimuli set was selected.
2PSYTASK is a software for visual/audijostimuli presentation and psychophysiology investigations.
PSYTASK works together with WinEEG software and provides a synchronous stimuli presentation with EEG recording. The recoded
data is used for event related potentials (ERP) and/or event relayedhtesization (ERD) calculation and analysis.
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5.4 Results

The experimental results are categorised as follows:

1 Statistical ERP compnts analysis.

1 Pattern recognitioand predictionn ERP using SNN models.
5.4.1Statistical ERP components analysis

As an initial analysis, WIinEEG (Mitsar system) was used to derive grasged

ERP waveforms across 19 channels. Analysis of ERPs wdmet to occipital and
parietal electrodes O1, O2, P3 and P# where the peak amplitudes for early ERP
components (P100, N1pand P200) were maximabmpared to othesitesas shown in
Figure5-2 andFigure5-3. In orderto study how different areas of the brain responded
towards marketing stimuli, EEG channelsre clusteredinto five sites with respect to
their topological information as depictedHigure5-4. The five sites are: frontal, parietal,

central, temporal, and occipital.

The mean amplitude for early ERP components (PA®Q80; N100, 10a.80ms; and
P200, 18e240ms) across all 19 electrodes are reportedlainle 5-1 and descriptive
statistic of mean values for five sites of the brain (frontal, parietal, central, temporal and
occipital), both hemisphere (left and right), both types of stimuli ( familiar and unfamiliar)

and forearly ERP components are reported in Appendix Tdbds B- 2 andB- 3.

As reported ifTable5-1, the mean amplitudes of P100 in parietal and occipital lobes;
N100 in occipital lobe were higher in the right hemisphere for familiar logos than
unfamiliar ones. The mean amplitudes of P200 were also higher in parietal and occipital

lobes compared withther sites of the brain.
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To determine if the variables of the study are statistically significant, Analysis of
variance (ANOVA) was used to test for difference between varighi©VA) (Field,

2013)andis reported infable5-2.

Repeatedneasures ANOVA was performed separately for each time window (P1, P2,
and N1), with r es p evariables, includihgdemepheregleftamndn s u b
right), Sites(frontal, parietal, central, temporal and occipit@&pnditions(familiar and
unfamiliar), andComponent$P1, P2 and N1)Figure5-5 shows the line graphs of mean

amplitude values as function ofSites, Conditionsandcomponents

As shown inTable5-2, for the PIERP componenthere was a significant main effect
of Hemisphere[F (1, 19)=9.15, p=0.007,? = 0.32 (LH<RH); Sites effect [(2.44,
46.46)=19.76, p=0.0012 = 0.51](Parietal>Occipital>Temporal>Frontal=Centragnd
conditionseffect [(142.07,1.41)=100.51, p=0.001,> = 0.84] (Familiar>Unfamiliar)
Through the lower ANOVA analysis, for tiep ar i e t amplbudeRheré ®as a
significant main effect of the fact®ites[F (1, 19) =4.54, p =0.04 and a significant
Hemisphere and conditionisteraction [F (1, 19) = 4.61, p =0.0Hor the P100, higher

amplitude values towards familiar stimali all sites of the brain can be observed.

For the N1 amplitude, there was a significant main effecHemisphere[F (1,
19)=8.98, p=0.007,2 = 0.32; Conditionseffect [(1,19)=138.48, p=0.0012 = 0.88] ;
Hemisphere and Sites interactif{.25, 42.83)=72.77, p=0.0012 = 0.79]; andSite and
Conditions interactior{(1.55, 29.46)=105.46, p=0.0012 = 0.85]. Through the lower
ANOVA analysis, for thefioccipitald N100 amplitude, there were significant main effects
of HemispherdF (1, 19) = 11.45, p = 0.01)] ar@bnditions[F (1, 19) = 3.51, p = 0.01].
A significant interaction betweeS8ites and Conditionas also observed [F (1, 19) =

466, p = 0.04)].For the N100, significant changes between familiar and unfamiliar
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stimuli canbe only seen at Occipital site, no changes between stimuli is observed at other

sites.

For the P2 amplitude, there was a significant main effesttef{F (4, 3.66)=229.49,
p=0.001, 2 = 0.92;Conditionseffect [(1,19)=31.14, p=0.001? = 0.62] ;Hemisphere
and Sites interactiofi(2.96, 56.17)=16.40, p=0.0012 = 0.46]; andHemisphere and
Conditions interactiori(1, 19)=19.04, p=0.001,2 = 0.50]. Througthe lower ANOVA
analysis, for the parietal P200 amplitude, there was a significant main effect of the factor
conditions[F (1, 18) =4.54, p =0.04 and a significademisphere and Conditions
interaction[F (1, 18) = 4.61, p =0.01For the P200, higher arijpde values towards
both familiar and unfamiliar stimuli at Occipital and Parietal sites than other sites

(Temporal, Cetral and Frontal) were observddetails are reported ihable5-2.
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Figure 5-2. Grand average ERP waveforms of all participants acrossn@lifeconds epoch after familiar versus
unfamiliar marketing stimuli presentation. Peak amplitudes correspond to the P100, N100 and P200 components of
ERPs aross the EEG channels located at posterior areas of the brain (01, 02, P3 and P4 channels). Black line =
familiar logos; red line = unfamiliar logos.
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Distribution of early ERP components across 5 sites of the brain
(Yellow Highlighted Bars are the most impostarnt Regions for Early ERP Components)
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Early ERP Components (P1, P2 and N1) across Brain Regions
Figure5-3. A pareto chart showindjistributionof early ERRP1, P2 and N1) componerasrosdive sitesof the brain(Frontal, Temporal, Central, Parietal and Occipifiai)both familiar and unfamiliar

early ERP components are mostly distributed with higher amplitudes across the posterior regions of the brain (Occapittidinidifighted in yellowcolor) in compared with other sites of the brain

stimuli thatrepresented in descending order by b@he left vertical axis is the mean alitypde values. The right vertical axis is the cumulative percentage of the total vathesvafiableslt shows
(highlighted in pink color)
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Figure 5-4. Clustering of EEG channels into five sites for both hemisphere (left and right) with respbetrto
topological information including: Left Frontal (Fpl and F3); Right Frontal (Fp2 and F2); Left Central (C3); Right
Central (C4); Left Temporal (F7, T3 and T5); Right Temporal (F8, T4 and T6); Left Parietal (P3); Right Parietal (P4);
Left Occipital (QL); and Right Occipital (02).
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Figure5-5. The mean amplitude values of early ERP components (P1, P2 and N1) towards familiar and unfamiliar stimuli ®a&feta#bCentral, Temporal and Occipit&reen line corresponding
to the unfamiliar stimuli and blue line representing the familiar stimuli.
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Table5-1. The mean amplitude of early ERP components (P100, P200 and N100) for familiar and unfiagaifiar
across 19 EEG electrodemsveraged for all participants shows higher mean amplitude across EEG channels located
in posterior brain regions (P3, P4, O1 and O2) towards familiar stimuli than unfamiliar one.

Mean amplitude of ERP Mean amplitude of ERP Mean amplitude of ERP

Electrodes companents (P100) components (P200) components (N100)
Familiar Unfamiliar ~ Familiar Unfamiliar ~ Familiar Unfamiliar
stimuli Stimuli stimuli Stimuli stimuli Stimuli

Fpl 3.11 16 21 14 -1.2 -0.3

Fp2 27 13 16 13 -0.7 -04

F7 17 04 12 03 -0.2 -0.3

F3 314 134 23 16 -05 -0.6

Fz 312 14 23 12 -0/3 -04

F4 245 211 147 123 -0.34 -043

F8 2.13 12 13 06 -0.3 -0.33

T3 161 0.58 12 03 -03 -0.23

C3 238 122 1.88 125 -0.76 -0.65

Cz 29 16 199 12 -054 -045

c4 2.66 152 1.65 13 -054 -042

T4 237 1/8 1/9 1/53 -0/32 -0.25

T5 270 248 311 232 -0.46 -0.53

P3 3.77 202 433 425 -1.88 -1.65

Pz 3.62 211 213 188 -0.87 -0.88

P4 402 1.89 438 420 -0.76 -0.87

T6 311 298 298 2.66 -1.76 -1.80

o1 327 2.70 6.21 541 -3.96 -248

02 3.66 199 6.09 5.96 -5.80 -2.56
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Table5-2. Repeatedneasures ANOVA for thearlyERP components P100, N100 and P200 at (P<0.05).

F Df p* eta Post Hoc Test
For P1 window
Hem* 9.15 1,19 .007 .32 RH>LH
Sites 19.76  2.44,46.46 <.001 51 Familiar stimuli:

Parietal>OccipitalFrontabTemporatCentral
Unfamiliar stimuli:
Occipital>Temporal>Parietal>Frontal>Centr

Conditions 100.51 142.071.41 <.001 .84 Faniliar>Unfamiliar
Hem*Sites 7.94 4,52.04 <.001 .29 Effect of Hem (RH>LH)

For N1 Window

Hem 8.98 1,19 .007 32 RH>LH

Conditions 13848 1,19 <.001 .88 Familiar>Unfamiliar

Hem*Sites 72.77 2.25,42.83 <.001 .79 Left Hem:
Occipital>Parietal=Central>Frortd emporal
Right Hem:
Occipital>Temporal>Parietal>Central=Front

Sites*Conditions 105.46 1.55, 29.46 <.001 .85 Familiar>unfamiliar

Occipital>Parietal>Central>Frontal=Tempor.

For P2 Window

Sites 229.49 4, 39.66 <.001 .92

Conditions 31.14 1,19 <.001 .62

Hem*Sites 16.40 2.96,56.17 <.001 .46 Left=Right at Occipital and Parietal
Right>Left at Frontal, Central and Temporal

Hem*Conditions 19.04 1,19 <.001 .50 Familiar>Unfamiliar

Occipital>Parietal>Central=Frontal>Tempor.

*H: Hemisphere
*P<0.05

54.2 ERP Pattern Recognition and Prediction using SNN-based
Methodology

To investigate the consumer brain responses towards faneléded logos versus
unfamiliarrelated logos, ERP time series of different time intervals (50, 100, 150 and
200ms after snuli presentation) related to the peerpetual processes of the brain were
used.Figure5-6 andFigure5-7 show a spatial mapping of EEG electrodes into the same
3D spacef spiking neurongpositioned according to the Talairach templ&eacometti
et al., 2014, Talairach & Tournoux, 1988he generated spike trains from EEG channels
are then entered into the specially mapped SNbddels via input neurons and the

spatiotemporal patterns of EEG data were captured in the form of neuronal connectivity.

Figure5-6 andFigure5-7 visualise the neuronabanections created during the STDP
learning in the SNN models, reflecting the dynamic patterns of EEG data corresponding
to different epoch lengths: 100ms, 150msd 200ms aftethe presentation of familiar

and unfamiliar marketing logos. The average Wweif all neuronal connections in each

72



SNN model is also reported Figure5-6 andFigure5-7 as a metric for comparison. In
Appendix TableB-4, the average weight of theearonal connections that were formed
around each EEG channel (between input neurons and its connected neurons) were
reported Appendix Figured3- 6, B- 7 andB- 8 alsoplot the connection strengths of all

EEG inputs in the SNN models of familiar and unfamiliar marketing stimuli at three times
(100, 150 and 200msJhe connections, generated during learning for an input neuron,
reflect on thechanges of the data in the corresponding EEG channel. As many input
neurons spike at different times, reflecting on the dynamics of brain activity, clusters of
neurons get connected in a chain, reflecting on the temporal dynamics in the multivariable
brain data. The SNN creates a functional connectivity model, where -toamgany
neurons become connected to capture functional dynamical patterns from the data, even

though the learning rule is applied to neutomeuron connections.
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Figure5-6. Neuronal connections created during learning in the SNN models, reflecting the dynamic patterns of EEG data correspiffiedémg époch lengths: (a) 100ms, (b) 150ms
and (c) 200ms after presentation of familmaarketing logos. Excitatory connections are represented by blue lines, while inhibitory ones are in red. The thickethtbeytzater the
enhancement of the connection captured after the learning process. Neurons in the SNN models are labeledhbyarigas from the Talairach template: Temporal (pink), Parietat (light
blue), Frontal (yellowgreen), Subobar (orange), Cerebellar (light yellow), Limbic (green), Pituitary (blue) and Occipital (red). The connection weightsagredaand repodefor each
SNN model. For a clear visualisation, we only visualised the connection weight greater than 0.08. The pictures shdiatistinfairesult in a higher connectivity and higher connection
weights at average.
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Figure5-7. Neuronal connections created during learning in the SNN models, reflecting the dynamic patterns of EEG data correspiffiedémg époch lengths: (a) 100ms, (b) 150ms
and (c) 200ms after presentation of unfamiliar rairlg logos. Excitatory connections are represented by blue lines, while inhibitory ones are in red. The thicker thelaatettthe
enhancement of the connection captured after the learning process. Neurons in the SNN models are labelledibyeeegis frtom the Talairach template: Temporal (pink), Parietal-(light
blue), Frontal (yellowgreen), Subobar (orange), Cerebellar (light yellow), Limbic (green), Pituitary (blue) and Occipital (red). The connection weightsagyedaand reportedrfeach
SNN model. For a clear visualisation, we only visualised the connection weight greater than 0.08. The pictures shdiatistinfairesult in a higher connectivity and higher connection

weights at average.
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During the STDP learning process NN models, consecutive snapshots of the firing
state of the neurons were captured to represent a trajectory of dynamileateep patterns
of neuronsé spiking activity with respect
emitted spikegrigure5-8a and hllustrate the sequential spiking activity patterns in the SNN
models for familiar and unfamiliar logos. The earlier a cluster of neurons (surrounding an
EEG channel) fires in time (shown as red nearavhich their possynaptic potential crosses
the firing threshold and emits an output spike), the earlier spiking activity is observed in a
chain of functional activity. It illustrates how early different areas of neurons in the SNN
models fired (sent #ir spikes out) at different tingoints(every 50ms) towards familiar and
unfamiliar logos. Although there was a similar pathway of spiking activity in both models,
the size of the activated clusters of neurons was significantly different between thiar fami
logos and the unfamiliar ones. Numerical information about the number of spikes in time and
space is also reported Figure5-8. A comparison between the activated neurons in SNN
models, shown ifrigure5-8, is presented ifable5-3. Appendix, Figure$- 9, B- 10, B-
11andB- 12 plot the activated areas every 50ms towards familiar and unfamiliar stimuli in

the SNN models.

76



200ms

150ms

100ms

S0ms

A
(o]
)

A

o et
3

+

o

3
¥

it
e R Tt

RO

3

TR
”
S

1+

+
et
th

12
R
s

M

A
0

AN
m mm%wwm
3 eS "won ««

s

Figure5-8 Clusters of active neurons (spiginin the 3D SNN models are illustrated for every 50ms while learning from the input EEG data streams of (a) familiad Ii@asdamiliar
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Table5-3. The total number of spikes emitted by neurons at eachpiimé for EEG epochs of 50ms, 100ms,
150ms, and 200ms.

50 100 150 200

Familiar 11 24 24 59

Unfamiliar 3 8 5 32

Fam/UnFam 3.7 3.00 4.6 1.84

Considering the temporal a@er in which clusters of neurons around the EEG channels
emitted spikes (red neurons) during 200ms (one frame every 50ms), a chain of sequentially
activated areas as a trajectory of désgyned patterns in the SNN models was captured. As
illustrated inFigure5-9, the trained SNN model forms a deep architecture as whole spiking
input sequences which are learned as chains of spiking activities. Unlikeradted layers
used in secondeneration neural network®mari, 2003; Bengio, 2009; Hinton, 2007;
Hinton & Salakhutdinov, 2006; Schmidhuber, 2Q1d&)randomly connected neurons in the
computing reservoir of a liquid state machifiezsikevich, 2006) the chains of dird¢mnal
connections established in this designed SNN model represent the spatiotemporal
relationships (adapted over time) between the sources of the spike sequences (the input
variables). Due to the scalable size nfSNN model, the chains of connected moes are
not restricted in length during learning, which can be considered as unrestricted deep

learning, in contrast to existing deep learning methods that use a fixed number of layers.
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(b)

Figure5-9. Spatioemporal patterns of activities in the trained SNN models shown as trajectories of 4 aggregated stages
(t1=50, t2=100, t3=150 and t4=200ms) during learning in the SNN models for (a) familiar logos versus (b) unfamiliar logos.
In fact, the time for a deelgarning step in the SNN model is a millisecond, and the actual activation trajectories (chains)
in the SNN are 200 neuronal clusters long, but here the activity of only 4 steps of learning are visualised.
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Figure5-10the levels of spike activation

During the STDP learning process, the intensity of the spikes in a cluster of neurons
around each EEG channel is measured. The intensity is measured as a percentage of the
number of neurons that fired among all treairons that are connected to an EEG channel.

The spike intensity is reported in Appen@x5. In Table5-4, the activated areas in the SNN
models are labelled as low, meghand strong levels of activation with respect to the number

of spiking neuronsinvolved at each time frame. As definedRigure 5-10, the activation
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level is categorised to low (from 0.1 to 0.4) medium (from 0.8.79 and high (from 0.7 to

1) representing the percentage of the fired neurons among all the connected neurons to an
input neuronThe spike intensity in a cluster of neurons around each EEG chanhdefined

as a percentage of the number of fired neardivided by the number of connected neurons

toi. The maximum level of activation at each time framsel which means all the connected
neurons ta fire, while O refers to the minimum level of activation which means no neuron
fires. This intervalwas partitioned to three levels as showrFigure5-10. This confirms the

clear discrimination between perceptions of familiar versus unfamiliar logos at the

subconscious level.

When the unsupervised training of ths models was completedn &NN supervised
learning algorithm was applied to train a classifier to identify whether SNN model activity
was generated in response to the familiar or unfamiliar logo. As described in the ERP data
acquisition section, twenty paipants each performed a thrblck cognitive task that
involved the presentation of both familiar and unfamiliar stimuli. Therefore, for each

participant, there are three EEG samples per class (6 samples per participant).
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In total, 120 EEG data sangsiwereused for the classification problem using@OCV
method. This method involves the creation of 120 models, one for each sample of data,
training the model using the remaining 119 samples, and testing the accuracy of each of these
models for the lefout sample (unseen sample). For optimisation, an exhaustive grid search
was performed on the combination of parameters for every model. Each parameter was
searched within a range, specified by the minimum and maximum, through several iterations
related © the number of steps for moving from minimum to maximum. For every model
created out of 120 models, three main parameters (STDP learning rate, neuron firing
threshold, and classifier parameteod were chosen to be optimised. The parameters were
selectedby assigning 10 steps between the minimum and maximum values of each
parameter. Therefore, for every model creation, 1000 iterations of training (using 119
samples) and testing (using the single holdout sample) were performed using a different
combinatiorof these three parameters. Then the parameters that resltedest accuracy
in most of the iterations, have been reported as the optimal parameters. When the
optimisation procedure was completed, the most selected values for the parameterd across al
the 120 models were selected as: STDP learning rate= 0.01; neuron firing threshold= 0.5;
deSNN classifier parameter mod= Ol4ble5-5 presents the overall classification accuracy
for the two classes of stimullo perform a comparative analysis, conventianathods of
MLP, MLR, and SVMwere used for classification of EEG data as reportd@ioie5-6. The

classification problem was performed uslt@OCV.
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Table5-4. The activated brain areas are reported according to the numbers of activated neurons in the SNN models
during learning, over time steps: 50, 100, 150 and 200ms. The level of activation is denoted as low, mestiomgand
Brain areas involved at different time frames

Classes Activity intensity  50ms 100ms 150ms 200ms
Low T4 P3 F7, Fpl O1,F7,Fpl
Familiar Medium 02 Pz, 02,76 Pz, P3,P4,Cz F8
Strong - - - 02,T4,Pz,P4, Fp:
Low 02 01, 02, P3,T4 02, T6
Unfamiliar T6
Medium - - - 01, P4
Strong - - - T4, Fp2

Table5-5. The classification accuracy of 120 EEG samples of familiar logos (class 1) and unfamiliar logos (class 2)
are obtained using leaaneout crss validation in a SNN model. In the confusion table, the rows are the real values
and the columns are the predicted values.

The SNN-based methodology
Real~Predicted Familiar ~ Unfamiliar Total F-Score Sensitivity ~ Specificity
Stimuli Stimuli accuracy% % % %

(C1) (C2)
Familiar Stimuli 52 8
(class C1) 83.00 84.00 84.00 86.00
Unfamiliar Stimuli 10 50
(class C2)

Table5-6. The classification accuracy of EEG data using Multilayer Perceptron (MLP)jpMultinear Regression
(MLR) and Support Vector Machine (SVM) through leareeout cross validation (computed using NeuCom at
www.theneucom.cojn The MLP configuration is: Number of Hidden Units: 9; Number of TirgrCycles: 1800;
Output Value Precision: 0.0001; Output Function Precision: 0.0001; Output Activation Function: linear. The SVM
configuration is: SVM kernel: Polynomial, Degree Gamma: 1.

Traditional Machine Learning Methods

Methods MLP MLR SVM
(Multi -Layer Perceptron) (Multiple Linear Regression) (Support Vector Machine)
Accuracy 47.50 37.50 37.50
in %
F-Score 40.00 39.50 41.00

5.5 Discussion

This chapter presented a designed SNN architecture for modelling and learning from
ERP data to capture differeaxin the dynamic brain activity patterns corresponding to
periperceptual processes in response to familiar and unfamiliar stimuli, exemplified here

as marketing logos.

As illustrated inFigure5-2, Table5-1, the ERP analysis indicates that familiar items
are associated with larger response amplitudes over the posterior regions. This might
mean that both kinds of stimuli drive activity over the same regions, but farteims i

drive more activity. Beyond the ERP results, the designed SNN models discovered the
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differences in the scalp areas involvement between familiar and unfarogjes kat
different time pointslt means that SNN models can learn and identify which afehs

brain contribute to an increase in ERP and alsow does it happen over timguch a
conclusioncould not be drawifrom the ERP analysis only. In the current chapter, the
SNN-based methodology is used in integrating the temporal and scalp tdmograp
information, such that a better understanding of the pathways of information processing
was obtained, in addition to have discrete measurements of neuronal response (e.g. ERP
component amplitudes’he SNN models trained on familiar logos suggest gegon
connectiongFigure 5-6) even at early processing stages (e.g., 200ms), and across the
EEG channels compared to the SNN models for unfamiliar logos. For unfamiliar logos
(Figure5-7), connections are generally uniform and cannot be differentiated between the

channels at any processing stage in the SNN model.

Given that perceptual speed increases as individuals adapt to features of the
environment, the current findings rhigreflect a more rapid spread of activation in
response to familiar stimul.i because th
environments. Alternatively, it could be that certain characteristic features of the familiar
stimuli lead to greater activati@tross brain regions through activation of schemas (those
cognitive frameworks or concepts thate used for organising and perceiving new
information) (DiMaggio, 1997) Consumers pay more attention to the stimuli that
assimilate into their schema whileirgerpreting conflicts to the schema as exceptions or
reshaping them to assimilai@adkarni & Narayanan, 2007) Indeed, cosumers
continuously operate with some degree of automaticity. The more familiar the stimuli,
the more routine thieehaviouOuellette & Wo00d1998) In contrast, the more novel the
stimuli or environment, the more the conscious mind attends to the circumgiAtoceks

& Neal, 2009) Whilst these two hypotheses are not mutually exclusive, their
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differentiation wouldequire further support experimentally in relation to the SNN output

as a function of familiarity schema activation.

Whilst differences in spatiotemporal activation patterns were most prominent when
data from the 200ms epoch were streamed for the traipingess, more subtle
differences were observed at earlier time points, supporting the SNN models as being able
to distinguish brands of varying familiarity in brain activation patterns at gopeceptual
stage. For example, as shownHigure 5-8 at the 50ms time point (T1), activation is
observed over occipital and temporal regions for familiar logos but is restricted to
occipital sites for unfamiliar stimuli. This may reflect tdpwn input tothe perception
of temporal regions, for example from those governing memory and or erf®tionch,

Kumari, & Sharma, 2003for familiar logos. Activation for familiar logos then takes
more widespead parallel dorsal and ventral routesattdivate frontal regions, with
possible feedback loops tine occipital cortex. Whether these routes relate to the
Awhere/ howo (dorsal) and Awhat oGopdale&u t r al
Milner, 1992)hould be investigated in future research. Such work would provide insight
into whetherthe greater restriction of the response to unfamiliar logos to the ventral
pathway is due to a primary goaifl the observer in object recognition (i.e., processing
Awhat o the object i s) . Il n compari son, I

response to the familiar logo.

Experimental results are illustrated here mainly to reprébenisual exploratiorof
the SNN models, but numerical information (such as connection weights and spiking
intensity) is also facilitated and can be exported from the models. For comparative
analysis the average value of connection weights was calculated in each trained SNN
model Figure5-6 andFigure 5-7 reported this number as activation level towards each

stimulus (familiar and unfamiliar). A higher activation level of 1.01 in the trained SNN
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model was obtained that corresponds to familiar stimuli at 200mssjposius. Findings

of this chapter suggest that stronger functional connectivity may indicate increased
interplay of activated brain areas underlying cognitive functions. More informedion

be obtained from Appendikable B4 in which the averaged connection weights for every
single EEG channel are reported for both familiar and unfamiliar stimuli. It shows a
higher average of connection weights towards familiar stimuli at every time f{@& 35,

0.70 and 1.01 at 100, 150 and 200ms respectively).

Figure 5-9 illustrates the sequential spikes in the SNN models for familiar and
unfamiliar logos from 50ms to 200ms. This figure is supported by numerioahation
which represents the number of spikes emitted at each time frame. It shows more neurons
fired and sent out spikes in the SNN model of familiar than unfamiliar in all time frames.
This information is also reported rable 5-3 that showsfor instance, the intensity of
spike activation for familiar is 3.7 times greater than unfamiliar. In order to interpret
which EEG channels were mostly involved in the spiking activity at each freaée
5-4 was presented with respect to the intensity of activation measured for each EEG
channel. This intensity was computed with respect to the percentage of the number of
spikes in a cluster of neurons around an input neuroméob&d neurons to input neuron).
It shows that the Pz, P4, T4, Fp2 and O2 channels at 200mstiposius hacdh greater
intensity of spikes emitted during the learning process for farsifi@uli than unfamiliar
ones.Table5-5 summarises the classification accuracy achieved from the SNN method

while Table5-6 represents the results of contienal learning techniques.

In Table5-5 a corfusion table is reported to show the madassified samples versus
the correctly classified ones. The conventional machine learning methods presented in
Table5-6 deal with vectoibased data and do not model thetigpg@mporal interactions

related to the processes that generated the data as it is in the SNN Traddets5 shows
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that applying SNN for classification of spatiotemporal data resulted in significantly
higher accuacy as compared with conventional methods such as MLP,, BihdRSVM.

This can be justified with respect to a vital aspect of SNN that can preserve time
information along with the spatial information of the sources of temporal data. In the SNN
model, each ata sample for training and for testing the model represents the intensity of
all EEG channels withinwaholetimeinterval, e.g. 200msec. During the traininggess,

the temporal information of all channels is entered as a data stream to the SNN model
through the spatially mapped input neurons and the spiking neurons were dynamically
processing these inputs. However, in the conventional machine learning methods, each
sample is a single input vector, where neither tempoi@l spatial information of the

data is adequately represented.
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5.6 Chapter Summary

Familiarity of marketing stimuli may affect consumer behaviour at agsdeptual
processing level. The current chapter designed a methatefeting patterns ofERP
data using an SNN approattiat reveals the complexity of pgrerceptual processes of
familiarity. The methodvasapplied to data from 20 participants viewing familiar and
unfamiliar logos. The results support the potential of SNN models as novel tools in the
exploration of perpeceptual mechanisms that respond differentially to familiar and
unfamiliar stimuli. Specifically, the activation pattern of the tilmeked response
identified by thedesignedSNN model at approximately 200rpsststimulus suggests
greater connectivity anchore widespread dynamic spatimporal patterns for familiar
than unfamiliar logos. ThdesignedSNN approach can be applied to study other-peri

perceptual or perceptual brain processes in cognitive and computational neuroscience.
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5.7 Contribution

In this chapter, | have made the following contributions:
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1. Design of the cognitive task. :
2. ERPdatarecording and conductj all the requirements including interactir ,
with human participants and ethical approval producers :
Design of the experiments. ;
A designed SNN architecture, asspecific framework for a model of |
consumer s behaviour forendetecti |
1
:
1
1
1
:
1
1
1
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Conductingthe statistcal analysis of the data.

Conductingghe SNN models and results.

Interpretation of the SNN models and results.

Publishing parbf the study ima journalpaper as the leading author

Doborjeh, Z. G., Kasabov, N., Doborjeh, M. & Sumich, A. (2018). Modelling
periperceptual brain processes in a deep learning spiking neural ne
architectureNature ScientificReports 8(1), 8912. ]
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fiWe are shaped by our thoughts; we become what we think. When the mind is

pure, joy follows like a shadow that never leaves

Buddha



Chapter 6 Study 2in Psychology- Mindfulness Training

6.1 Introduction

There has been substantial interest in Mindfulness Training (MT) to understand how
it can benefit healthy individuals as \as people with a broad range of health conditions.
Research has begun to delineate associated changes in brain function. However, whether
measures of brain function can be used to identify individuals who are more likely to
respond to MT remains uncledthis chaptereviews the mindfulness and brain neural
changes (section 6.2) and develops and applies aibsgmedSNN model for efficient
comparative analysis of brain activities before and after Mindfulness tragetgon6.3
represents the desigf the experiment fdooth pattern recognition and prediction in a
reatlife EEG data that measured as a function of depression and response to mindfulness
training in the general population. Sect®4 explained the EEG data recording. Finally,
section6.5 reports the analytical results that include both statistical analysis and the SNN

modelling of EEG.

6.2 Mindfulness Training and Brain Mental States

A substantial literature, including systematic reviews, supports mindfeirasesl
practices in the manament of emotions and improved cognit{@reswell, 2017; Keng,
Smoski, & Robins, 2011; Lomas, Ivtzan, & Fu, 2015; Long, Briggs, & Astin, 2017)
Mindfulness training (MT) has thus been adopted by many sectors acnode range of
contexts including education, workplace, health care practices, and rehabilitation centres
(Gouda, Luong, Schmidt, & Bauer, 2016; Weare, 20138lfreport measures of state
and trait mindfulnesare commonly used as outcome measures. However, there has been

a growing need to better understand associated neural mechanisms given the potential
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health benefit§Tang, Holzel, & Posner, 2015; Vignaud, Donde, Sadki, Poulet, &
Brunelin, 2018) It is widely acceptethat the human brain is capable of reorganisation
and the generation of functional connections to compensate for deficits causgoihy
diseaseand agingMarkus et al., 2005; Stein & Firl, 1976; Wall, Xu, & W@ 2002)and
advances in neuroimaging have contributed to understanding the underpinning
mechanisms of neuroplasticity and skill learn{i@hang, 2014; Keller & Just, 2016)
Accordingly, neuroimaging offers an opportunity to istigate the neural reorganisation

associated with mindfulness training.

A recent systematic review supported MindfulaBssed Interventions (MBIS) in
modulating several brain regions implicated in the pathophysiology of depression, (e.qg.,
prefrontal cortg, basal ganglia, cingulate and parietal cortices) and cognitive processes,
such as seliwareness, sustained attentiaisualspatial memory, working memory and
emotion regulatior{Creswell, 2017; Vignaud et al., 2018 euroimaging studies also
suggest that consistent mindfulness practice results in increased thickness of various
cortical regions linked with auditory, visual, and somatosensory piogefsictions
(Lazar et al., 2005; Luders, Toga, Lepore, & Gaser, 2009; VesterBaaltsen et al.,
2009) Subdomains of mindfulness may rely on distinct brain networks. For example,
reduced nodal strength in theftl posterior cingulate gyrus, bilateral paracentral lobule,
and middle cingulate gyrus following MT may reflect sedtachmen{Cotier, Zhang, &

Lee, 2017)Zhuang et al., (2017) found tHag¢scribing, Norudging, and Nofreactivity

facets of mindfulness were selectively associated with the cortical volume, thickness and
surface area of multiple prefront&gions and the inferior parietal lobiéhuang et al.,

2017) Changes in the hippocamgairtisol association following compassion and
mindfulnessbasedmeditation were dependent on changes in awareness of experience

subscoreqLau, Leung, Chn, Wong, & Lee, 2015)
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EEG offers high temporal resolution and provides a useful tool in investigating neural
oscillations and connectivityWw. O. Tatum IV, 2014) EEG studies have shown
alterations in several frequency bands that may be dependent on the type of meditation
practice: focused attention, operonitoring, transcendental meditation, and loving
kindness(D. J. Lee, Kulubya, Goldin, Goodarzi, & Girgis, 2018) the last several
decades, the power spectrum of EEG has been fturmtovide information ora
depressive state as well as recovery. Numerous studies have found significant differences
in depressive patient EEG sbands compared to healthy conffiitzgerald & Watson,

2018; Hinrkus et al., 2010; Kalev & Bachmann, 2015; Wu et al., 208&) example,
synchronisation of alpha and beta band frequencies from right inferior frontal and primary
sensory areas may reflect increases in controlled atte(ifimmg et al., 2015)also
associated with increased theta (anterior and pos{®ial. Lee et al., 2018; Lomas et

al., 2015).

Given the complexity of various interacting networks that underpin behaviour
(Reimann et al., 2017; Weber, 2013 challenge in understanding brain function,
measured by STBD, is the integratiof both spatial and temporal components. Hence, a
proper unifying computational model is required to effectively modelintegrated
spatidemporal relationship in such multivariate data. Employing an -8adéd
methodology, thighapteraims to investigte the effects of mindfulness training on EEG
data(Z. Doborgh et al., 2019)The methodology was applied to address the following

objectives:

(1) To recognise the patterns of changesElBG, measured at before and after

mindfulness training across participants vattiifferent level of depression.

(2) To investigte whethelEEG can identify if a person is likely to benefit from

mindfulness training.
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The population study contains three groups of participants who underwent
mindfulness training, characterised by (a) fu@pressed (denoted as ND); (b) high
depressioscores prior to training who showed a reduced level of depression scores post
mindfulness training (denoted as)Pand (c) high depression pneindfulness training
scores who declared no changes in depression scoremipo$tiiness training (denoted

as D).

For adeeper analysis of the effects of mindfulness training on EEG data, rhythms of
delta (uU), theta (d), alpha (U) and bet a
These EEG frequency sdilands were visualised by paying special attentmrihe
underpinning brain activity changes among the @oup Finally, the SNNbased
methodology was used for prediction of response to mindfulness training in depressed

individuals, when only the EEG data from the-prdfulness stage was used.

6.3 Method and Experimental design

The SNN architecture applied to this study includes several algorithms that allow for
aspects of EEG data to be comprehensively evaluated. For this case study, the SNN

architecturas designed athefollowing six steps and shown gphically inFigure6-1.

1) Data encoding: Spatidemporal EEG data were measured as temporal
sequences of continues real values, which in our study were converted (encoded)
into discrete spikes. In the example showifrigure6-1 a thresholebased method
was usedChan et al., 2007pr EEG encodindThis method is fully explained in
section 3.1.1).

2) Mapping: For the mapping of EEG data into a 3D SNN reservoir, the
Talairach brain templat@&iacometti et al., 204, Talairach & Tournoux, 1988)as

used. The input EEG data variables were positioned in the SNN model as input
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neurons with respect to theidftd) coordinates as located in the Talairach brain
atlas.

3) Learning: After an SNN model was spatially maggh the model was
trained in an unsupervised learning mode by using a-$jpikieg learning rule (in
this case, using th8 TDP learning rule{Masquelier et al., 2009)n this study,
different SNN models were trained with the EEG data related to different mental
states, e.g. before (Time T1) and after (Time T2) mindfulness training, across groups
of participants. The SNN models of T1 and T2 were subtracted to capture the
differences between the two states as a resiiTof

4) Pattern visualisation: To better undetand the modification of
spatidemporal interactions between brain areas (62 EEG channels) in relation to
mindfulness training, the SNN models were visualised int® a@ace Six SNN
modelswere visualisegdeach of them was trained separately by the EEG data of one
group (ND, D and D) at T1 and T2. The quantitative information of the visualised
modelswasstatistically analysed to investigate the effects of mind&dren EEG
data.

5) Pattern classification: To perform a classification task, an output layer
classifier was trained, at a supervised mode, to learn the association between the
trained SNN connectivity and the class label informatidms is performed here
usng the deSNN classifi€N. Kasabov et al., 2013Jhis procedure was performed
here for classification of EEG tia(frequency subands) into two classes T1 and
T2 to investigate how the EEG were changed afteMhe

6) Prediction: In order to predict whether an individual is likely to respond
to MT at T2 a classification task on the EEG data (from T1) into twoselsa®+

and D (assessed at T®as performed
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Figure6-1. A block diagram of the methodology, consisting of: encoding EEG data into spike sequences; a brain
inspired 3D SNN structure for data mapping; tég; visualisation in 3D SNN; and output classification of patterns.

6.3.1EEG Data Acquisition and Mindfulness Training

Ethical approval was obtained by the Auckland University of Technology (AUT)
Ethics Committee (AUTEC) New Zealarahd written informeatonsent was signed by

all participants.

Forty participants underwent clinical assessment, including-{(B{Beck & Alford,
2009) To model changes in brain function as a result ofMfe specific participants
were selected according to their scores on the depression subscales. A total of 18
participants (6 males with a mean age of 27.50 (SD=7.34) years anthd2dewith a

mean age of 28 (SD=10.43) years) were selected for the EEG data analysis.

In this dataset, three classes were defilmmh-depressed subjectblD), Depressed
subjects who responded to mindfulnd3$)( and Depressed subjects who did not radpo
to mindfulnesgD"), whichwere labelled according to the BlItest results reported in

Appendk TableC-1.

In class 1, seven participants who scored lower than 10 in BDI test were selected. In
class 2, six participants affected dynoderate levebf depression who have responded
to the training were selected. In class 3, five participants with the clinical and severe level

of depression who have not responded to the training were selected. Two stages of EEG
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data recording were conducted in thistlea. The first stage was related to EEG data
acquisition at baseline (denoted as T1) and the second one was recorded-aféska 6

webinarMT programme (denoted as T2) from all the participants.

Descriptive information of all participants including agender, mean age, range,
mean score and the standard deviation along with descriptive information of BDI test,
including mean and standard deviation are reported in the App€aligsC- 2 andC-

3. The mindfulness program was modified from an educational mindfulness program
called Pause, Breathe and SniDevcich, Rix, Bernay, & Graham, 2017fach session
lasted 90110 minutes and predominantly comprised afbguided meditation exercise
and a mindful tasting exercise. A detailed description of the progranthamdfect on

mood has been explained in previous rese@fciigeloh et al., 2018)

EEG wasrecorded in two sessions (1) before participants began trainiMd iand
(2) following 6 weeks ofMT. In each session, resting state data were recorded for 2

minutes with eyeslosed.

Recordings were carried out using a SynAmps amplifier arahé2nel QuikCap with
electrode placements basedastandard 1420 international system. The EEG channels
are: FP1, FPZ, FP2, AF3, AF4, F7, F5, F3, F1, FZ, F2, F4, F6, F8, FT7, FC5, FC3, FC1,
FCZ, FC2, FC4, FC6, FT8, T7, C5, C3, C1, CZ, C2, C4, C6, T8, TP3, CP3, CP1,
CPZ, CP2, CP4, CP6, TP8, P7, P5, P3, P1, PZ, P2, P4, P6, P8, PO7, PO5, PO3, POZ,
PO4, PO6, POS8, CB1, 01, 0Oz, 02, CB2. Data was recorded at a sampling rate of 1000
Hz. Off-line ICA computerised artefact correction was used to remove ddeetad

movement or muscles potentials.

The EEG data were divided into two conditions (T1 and T2) across all 18 participants

(11 depressed participants and 7 wepressed participants). The EEG dataewer
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processed bylown samplingo 500 Hz and using aO3econd sliding temporal data

window, creating 60 samples per each of the two conditions.

To investigate the effects of mindfulness on the EEG frequenchautis, the EEG
signals were divided into bandspasditeringpy pe
in MATLAB through Fast Fourier Transform (FFTYan Loan, 1992)AppendixTable
C-lreports the par andtbeair BRI scoresdrom thrde groupsa ¢itheo n
D" participantsor D" and ND group. For example, participant Id: S1 (frorfhgBbup)
scored 20, at T1, and 8, at T2 in the BDItest. This indicates a clinically significant
improvement in the depressioroses with changes frommoderate level of depression
to a normal healthy level. On the other hand, participant Id: S#2 (fraynoDp) scored
36 at T1, and 22 at T2 in the BDI subscale. This indicates the participant scores remained

at the depressed lewdspite it changing from severe to moderate.

6.4 Results

Theresultsareorganised in a twphase analysis as follows:

(1) Pattern recognition and prediction using SNN architecture to investigate the effects

of mindfulness training across participants wiitieslent mental health conditions.

(2) Statistical analysis of the results t@kate the model significance.

These steps are explained in the following sectiofd and6.4.2

6.4.1Pattern Recognition/ Prediction Using SNN Architecture

The 62 EEG chnnels were mapped into a 3D space of 1471 artificial spiking neurons,
where the spatial locations of the input neurons were the same as their (x, y, z) coordinates
in the Talairach brain templaf{&iacometti et al.2014; Talairach & Tournoux, 1988)

Figure 6-2 illustrates the SNN models were trained on EEG data related to before and
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after mindfulness training (T1 and T2) across three groups of participants. It shows
differences in the development of spagmporal connections in the SNN models as a

function of group (ND, D, and D).

To better scrutinise the differences between the SNN models of different mental states,

the connection weightsy ) of the difference between two correspondingly trained SNN
models (T1, T2) was calculated for each grouf2Q (@ "X @ “Y). The

total connection weight of each SNN model in three grasipegported inTable6-1.

The subtracted connectivity model is depicteBigure6-3 which shows the involved
brain areas, activated in response to the MT. The differences between the SNN models of
T1 and T2can be also studied by computing thenberof spatiotemporal interactions
between the EEG variables using a Feature Interaction Network (FINpure6-4 the
total temporal spike interaction among 62 input naat areas (corresponding to 62 EEG
channels) is shown in the FIN, where nodes represent the input neuronal areas (neuronal
clusters) and each line, that links two nodes, corresponds to the amount of spike

transmission between the clusters during the S&dxhing model.

6.4.1.1Analysis of Functional Changes across Power Bargrequency

For a deeper examination of the effect of mindfulness on the depressed participants,
the SNN models of different EEG frequency <#nds were developed, including delta
(U:-40H#Z), 8hetzg ,( dll 2phthz )(,U: a n8@8 Hx)eshawn ia b : 1
Figure6-5, Figure6-6, Figure6-7, Figure6-8. The visualisation of EEG stlands as a
function of time (T1, T2) in depressed participants, suggested that alpha and beta bands
were most affected by the mindfulness training as showviigiare 6-7 and Figure 6-8.

Table 6-2 reports the connection weight of four sdnds SNN modelsFurther
guantitative information of the differences between the SNN models of these four EEG

frequency sulbands are plotted idrigure 6-9. T hi s Il Tustrates t h
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histograms, defined by the number of connections as well as the connection weight in the

SNN models of different subands related to before and after the mindfulness training.

6.4.1.2. Pattern dassification of EEG Data Measuring Brain States
Before and After Mindfulness Training in the Designed SNN Model

Here, an output classifier was trained to investigate how well a-imgpired SNN
model can classify the EEG patterns of T1 and T2 stagese was a total number of
120 EEG samples (60 samples per class) for the classification task, which was here based
on the LOOCV method. The classification experiment was performed four times,
separately for each EEG frequency-fands as reported rable6-3. An essential step
in finding optimal results from the SNN model is the optimisation of its parameters.
Therefore, SNN training and validation procedures were repeated in a LOOCV mode with
different combinabns of parameter values in a ggdarch, with an objective function
being the highest classification accuracyable 6-3 indicates the total classification

accuracy of EEG frequency stilands as a function of tin{&€1, T2).

6.4.1.3 Prediction of Response to Mindfulness Training

To investigate whether the SNN architecture candeel dior prediction of response to
mindfulness training, an SNN model was trained (using only the EEG data collected at
T1) to predict the output classes at time T2. The predictive outcomes were here the two
groups of participants (D+ and-D For each paitipant, 10 samples in EEG dateere
extracted each of them had a length of 1000 time points (one second EEG recording at
resting state at T1). In total, the classification task was performed using 110 EEG samples,
which belonged to six Dparticipants aslass 1 and five DPparticipants as class 2. The

classification was based on the LOOCV method and the results are repdradicié-4.
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Figure6-3. Differences between the connectivity in the trained SNN models of T1 (prior to MT) and T-Z§puag) in (a) nordepressed (ND) group, (b) responsdepressed (D+) group, and (c)
unresponsivaepressed (B group. The connections in eacéural cluster represent the areas of main changes in the EEG dataMiT post
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