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Abstract  

This thesis proposes methods employing an evolving Spiking Neural Network (SNN) 

architecture for the analysis of spatio-temporal neuroimaging data. Multivariate Spatio-

Temporal Brain Data (STBD) is intrinsically complex as it contains both time and space 

dimensions that represent the patterns of cognitive processes in the brain. Scrutinising the 

spatio-temporal interactions between variables in such complex data demands incorporating 

the spatial and temporal aspects into the modelôs computations.  

To this end, first an SNN architecture was used for modelling, learning, mapping and 

classifying of STBD, including Electroencephalogram (EEG) and Functional Magnetic 

Resonance Imaging (fMRI) data. I designed SNN models that allowed for a better 

understanding of cognitive processes by capturing the spatio-temporal interactions between 

variables when compared with extant reservoir computing systems. The models enhanced 

the classification performance by achieving up to 92% accuracy which represents an average 

improvement of 20% when compared with different machine learning methods. 

Further, I proposed and developed a new dynamic spatio-temporal clustering approach which 

allowed for the assessment of the evolving learning patterns in SNN models. This study led 

to knowledge discovery in SNN evolutionary learning patterns and resulted in feature 

selection that improved the classification accuracy by up to 10%. It also revealed the 
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trajectory of brain areas involved in response to a cognitive task. The proposed clustering 

configuration was evaluated using a validity measurement method based on cohesion and 

separation that represented a high goodness of the clustering structure. 

Finally, I proposed a new personalised modelling approach for integrated static and spatio-

temporal data using SNN models. To build a personalised SNN model (PSNN), I developed 

a new clustering method, named Dynamic Weighted-Weighted Distance K-nearest 

Neighbours (DWWKNN). The developed PSNN improved the classification accuracy by 

12% when compared with the global SNN models. This also resulted in creating a profile for 

an individual.  

Overall, this research has scrutinised the hidden evolutionary learning patterns in SNN 

architecture, which resulted in an identification of neural areas activated by different input 

neurons. Furthermore, it has demonstrated an original personalised modelling that resulted 

in an improvement in classification accuracy.  
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LDA  Linear Discriminant Analysis  

LDLPFC  Left Dorsolateral Prefrontal Cortex 

LFEF Left Frontal Eye Fields 

LIFG  Left Inferior Frontal Gyrus 

LIFM  Integrate-and-fire Model 

LIPL  Left Inferior Parietal Lobule 

LIPS Left Intraparietal Sulcus 
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LIT  Left Inferior Temporal Lobule 

LOOCV  Leave-one-out Cross Validation 

LOPER Left Opercularis 

LPPREC Left Posterior Precentral Sulcus 

LSGA Left Supramarginal Gyrus 

LSM Liquid State Machines  

LSPL Left Superior Parietal Lobule 

LT  Left Temporal Lobe 

LTRIA  Left Triangularis  

MCI  Mild Cognitive Impairment 

MLP  Multilayer Perceptron 

MLR  Multiple Linear Regression  

MMT  Methadone Maintenance Treatment  

OP Opiate Users  

PCA Principle Component Analysis  

PSNM Probabilistic Spiking Neural Model 

PSNN Personalised Spiking Neural Networks  

RDLPFC Right Dorsolateral Prefrontal Cortex 

RELU Rectified Linear Units  

RFEF Right Frontal Eye Fields 

RIPL  Right Inferior Parietal Lobule 

RIPS Right Intraparietal Sulcus 

RIT  Right Inferior Temporal Lobule 

RNN Recurrent Neural Networks  

ROPER Right Opercularis 

RPPREC Right Posterior Precentral Sulcus 

RSGA Right Supramarginal Gyrus 

RSPL Right Superior Parietal Lobule 

RT Right Temporal Lobe 

RTRIA  Right Triangularis  
SMA Supplementary Motor Areas 

SNN Spiking Neural Networks 

SOM Self-organizing Maps 

STBD  Spatio-temporal Brain Data 

STDM Spatio-temporal Data Machine 

STDP Spike Time Dependent Plasticity 

STING Statistical Information Grid-based Method  

SVM Support Vector Machine  
TBR Threshold-based Representation 
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Chapter 1 Introduction  

1.1 Rationale and Motivation  

Large amounts of Spatio-temporal Brain Data (STBD) are being recorded in different areas 

of study including neuroscience, neurology, psychology, and so forth. STBD record 

cognitive brain functions, which are involved in the processing of afferent information 

produced by internal and/or external stimuli. Scrutinising such multivariate data by 

computational approaches has led to the proposal of neuroinformatics, where the models are 

inspired by neural systems. 

The worldwide demand for modelling and understanding the underpinning of functional 

processes in STBD has propelled the development of various analytical methods. The 

majority of current statistical and Artificial Neural Network (ANN) machine learning 

techniques often create models by separately processing the spatial and temporal 

components. This usually results in losing some informative spatio-temporal correlations in 

real-life applications of STBD. Hence, the accuracy of the output prediction/classification 

might not be quite substantial.  

Besides the model accuracy, the model interpretability is also of crucial importance in 

machine learning. This refers to understanding the relationships between the model features 

and the predicted outputs, which has not been investigated in depth. The higher the 

interpretability of a model, the easier it is for someone to comprehend why certain decisions 
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(output predictions) were made. This allows for knowledge discovery in the models and 

contributes to the understanding of interactions in the model that have controlled an output 

to occur. Nevertheless, the extant analytical methods develop models on data without 

investigating the model learning patterns itself. Hence, they act as black-box information 

processing systems that solve a problem without discovering the causal relationships that 

have triggered the output. 

The brain is a highly interactive and deep learning network. Understanding of the STBD is a 

complex task as the temporal features manifest complicated causal relations between the 

spatially distributed neural sources in the brain. To model such interactions, Spiking Neural 

Networks (SNNs) can be considered as suitable models that incorporate both spatial and 

temporal components into an operation. Therefore, their compact representation of space and 

time allows for learning of ñhiddenò spatio-temporal correlations in STBD.  

This thesis is based on brain-inspired 1 SNN architecture for modelling and analysing of 

STBD towards improving the classification accuracy. This research also contributes to an 

improved level of interpretability of learning patterns in SNN models when compared with 

conventional 2 methods. The STBD case studies here are real-life Electroencephalogram 

(EEG) and Functional Magnetic Resonance Imaging (fMRI) data sets which were measured 

prior to this study by other institutions who are acknowledged in this thesis.   

                                                
1 Brain-inspired refers to the mathematical implementation of a method gets inspiration from neuroscience 

research on brain activity.  
2 Conventional methods refer to methods that have been proposed for data analysis, besides neural network 

techniques. 
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1.2 Aims of this Thesis and Research Questions 

The primary aims of this thesis are summarised as follows: 

1) Feasibility analysis of SNN architecture on case studies of real-life STBD.  

¶ To design optimal SNN models that can learn from STBD with respect to 

both space and time components. 

¶ To achieve an improved classification accuracy when compared with 

conventional AI and machine learning methods. 

¶ To interpret the spatio-temporal interactions, captured during the learning 

process in SNN models. 

2) Development of new methods for knowledge discovery in SNN evolutionary learning 

patterns.  

¶ To develop a new method for dynamic spatio-temporal clustering of patterns 

generated during unsupervised learning in SNN models. This is to study the 

evolving patterns in SNN models, which has not been interpreted in depth 

(presented in Chapter 5).  

¶ Knowledge discovery through assessment of dynamic clustering patterns in 

SNN models, which results in detecting a set of discriminative features 

(feature selection). This contributes to improve the model interpretability and 

accuracy (presented in Chapter 6).  

3) Proposal of a personalised SNN model. 
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¶ To develop a personalised modelling system based on integrated 

computational methods and SNN models, when both static data and spatio-

temporal data from an individual are available.  

¶ To improve the classification accuracy for an individualôs outcome through 

personalisation of the SNN model. 

During the progression of this thesis, the following research questions (RQ) will be 

addressed: 

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

of STBD and to precisely capture both spatial and temporal components?  

RQ 2. How does spatio-temporal clustering of the evolving patterns in SNN models lead to 

knowledge discovery about the ñhiddenò dynamic behaviour (learning patterns) in SNN 

models during unsupervised learning from spatio-temporal streams over time? 

RQ 3. When both static and dynamic datasets are available for an individual, how SNN 

models can be personalised towards the best possible diagnosis/prognosis outcomes of an 

individual? 

1.3 Thesis Structure  

This thesis consists of eight chapters which are outlined as follows:  

Chapter 1 states the research motivations, goals, and research questions and outlines 

methods to address these questions. 
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Chapter 2 reviews the research about how a biological neuron functions and introduces two 

neuroimaging techniques for measuring the neural activities in the brain. This section is then 

followed by a review on some analytical methods for classification and clustering. 

Chapter 3 discusses how the known mechanisms of neurons can be computationally 

modelled by artificial spiking neurons in machine learning. Next, this chapter introduces a 

brain-inspired SNN architecture, called NeuCube for modelling, learning, and understanding 

of STBD.  

Chapter 4 demonstrates a feasibility analysis of the NeuCube SNN architecture on two case 

studies of cognitive data: fMRI and EEG. In this study, I designed SNN models of STBD 

that resulted in an improvement of the classification accuracy when compared with 

conventional machine techniques. 

Chapter 5 represents an original contribution to the NeuCube SNN architecture by proposing 

a new method for dynamic spatio-temporal clustering of learning patterns in SNN models 

whilst training with STBD streams over time.  

Chapter 6 investigates the proposed clustering approach through an empirical study on EEG 

data. This chapter represents knowledge discovery in SNN evolutionary patterns whilst 

incrementally learning from streaming EEG. The assessment of these evolutionary patterns 

allows us to identify the informative features (STBD variables) in SNN that lead to an 

improvement in classification accuracy. 

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

new clustering method for integrated static and dynamic STBD.   
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Chapter 8 summaries the thesis achievements, key findings and contributions, in particular, 

to SNN research. Future directions are also suggested. 

Figure 1-1 illustrates a birdôs-eye view of the thesis and its different components towards 

addressing the research questions. As illustrated here, my contributions are in two steps: (1) 

feasibility study of SNN on STBD and (2) new SNN-based method development. The first 

step is an optimal design of SNN models to better study the complex spatio-temporal 

interactions among the STBD variables. The designed models were tested using two types of 

STBD: EEG and fMRI. The second step refers to my original contributions to the NeuCube 

architecture by proposing two new approaches for scrutinising the SNN learning patterns. 

These approaches are (1) a new dynamic spatio-temporal clustering of the ñhiddenò learning 

patterns and (2) a new personalised modelling framework when both static and dynamic data 

are available for an individual.
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Figure 1-1 A birdôs-eye view of the thesis structure. 
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Chapter 2 Spatio-temporal Brain Data and 

Analytical Methods  

2.1 Introduction  

This chapter will first review in Section 2.2 what is known in neuroscience research about 

the brain, which performs as a complex information processing system. Then, Sections 2.3 

and 2.4 will review the two important types of STBD measuring techniques, 

Electroencephalogram (EEG) and functional Magnetic Resonance Imaging (fMRI) data that 

are used as case study problems in this thesis. Section 2.5 reviews some classification 

techniques and refers to their limitations when dealing with STBD. Then, clustering is 

discussed as one of the main techniques for understanding of the STBD. 

2.2 Information Processing in the Human Brain 

The brain is the most complex organ in the human body that contains approximately 86 

billion nerve cells, known as neurons (Azevedo, Carvalho, Grinberg, & Farfel, 2009). 

Neurons are the fundamental information processing units that are interconnected to 

construct a complex neural network. Neurons use biochemical reactions to receive, process, 

store and transmit input information. A typical neuron consists of three major parts: the cell 

body, the dendrites and the axon. A neuronôs cell body (also called soma) contains the 

nucleus and most of the main organelle. Soma accomplishes the continuous maintenance of 

the neuronôs functionality. This retains a certain ion concentration in the membrane to 
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actively transfer sodium  ὔὥ ions from intra-cellular fluid to the extra-cellular fluid. 

Potassium  ὑ  ions flow in the opposite direction from the outside to the inside of the 

soma.  For ion transportation across the soma membrane, several ion channels that contain 

specialised proteins are embedded in the membrane. These channels provide an outward flow 

of potassium to the extra-cellular fluid, while sodium moves inwards into the soma; thus, the 

opposing directions of ions with different strength levels produce an electrical potential 

across the soma membrane. Figure 2-1 illustrates the information flow in a neuron, while 

Figure 2-2 shows a slice of the soma membrane which has several channels for ion 

transportation. As shown in Figure 2-1, at the beginning of the soma, branch-like 

extensions (called dendrites) are positioned to receive chemicals from other neurons via 

synapses. These chemicals are transformed into electrical impulses and then transmitted to 

the soma.  

The firing state of each neuron is controlled by the axon, which is located at the end of the 

soma.  If the total force of the signals entered into a neuron surpasses the limit of the axon, 

the neuron fires and triggers an action potential down to the axon terminals. Synapses are 

embedded to store the neurotransmitter chemicals at the end of the axon terminals. These 

synapses are attached to the dendrites of the neighbour neurons and allow the transmission 

of information from one sending neuron (presynaptic 3 neuron) to other receiving neurons 

(postsynaptic 4 neurons). The sending information contains action potential (approximately 

one millisecond in duration), which is created in the presynaptic neuronôs axon by 

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

                                                
3 Presynaptic neuron is delivering the ñmessageò across the synapse to the postsynaptic neuron. 
4 The postsynaptic neuron is the ñreceiverò of the neurotransmitter ñmessageò from the presynaptic neuron. 
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activity (Hodgkin, Huxley, & Katz, 1952; Hall, 2015). The axon can accelerate propagation 

of electrical signals, if it is covered by myelin sheaths, which perform as insulators and 

prevent the dissipation of the depolarisation wave caused by an electrical spike triggered in 

the soma. 

When a neuron sends a spike to the postsynaptic neuron through the axon, neurotransmitter 

chemicals are diffused into the synaptic cleft (a narrow gap between two neurons) and which 

reacted with receptor proteins of the postsynaptic neurons. The receptor activation allows the 

transfer of ions from the extra-cellular fluid of the presynaptic neuron to the postsynaptic 

cell. Different categories of transmission synapses, named excitatory and inhibitory, control 

the likelihood of the postsynaptic neuron to emit an action potential. Excitatory 

neurotransmitter increases the potential of the postsynaptic neurons to fire, while inhibitory 

neurotransmitters suppress the postsynaptic neuron from firing. Therefore, the efficacy of the 

postsynaptic response is not fixed but adjusted with respect to the released neurotransmitters. 

This principle is so-called synaptic plasticity, which enables learning and memorising in the 

brain. Comprehensive information about neurons can be found in the standard text book on 

the matter by Kandel (Kandel, Schwartz, Jessell, Siegelbaum, & Hudspeth, 2000) and (Fuchs, 

et al., 2012). 

Hitherto, this chapter presents how the construction of a neuron enables it to exchange 

electrical signals among a series of interconnected neurons; thus, propagating the 

information. Afterwards, two main neuroimaging techniques for recording such neural 

activities will be discussed. 
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Figure 2-1 Information flows between neurons through the axon, which receives information from a presynaptic 
neuron and generates an action potential that is sent down to the synapses of the postsynaptic neuron. This 

figure is modified from (Marcella, 2011). 

 
Figure 2-2 Sodium ὔὥ  and potassium ὑ  ions move across the soma membrane through ion channels, this 

accomplishes electrochemical powers as a result of the ion exchange through specific channels located along 

the neural membrane (Brady, Siegel, Albers, & Price, 2011). This figure is modified from (Khanacademy, 

2017). 

A variety of techniques has been devised for recording brain dynamics, such as EEG and 

fMRI. An EEG is based on the magnetic and electrical activity of the brain that possesses a 

high temporal resolution (i.e. brain signals are recorded in a sequence of milliseconds) but 

unclear localisation, as the measurement is performed via a limited number of electrodes 

attached to the scalp. In contrast, fMRI data represents brain activity with a high spatial 
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localisation even though it uses a much lower temporal sampling rate. The principle of the 

EEG and fMRI data will be explained in the following Section 2.3 and Section 2.4. 

2.3 EEG Data 

EEG is a method for measuring STBD from cortical activity via a number of electrodes 

attached to the scalp that are connected to a computer interface system (Haas, 2003). The 

history of EEG measuring goes back to the moment that Richard Caton discovered the 

electrical nature of neural activity (Caton, 1875). Caton reported that he had used 

a galvanometer for detecting and measuring the electric impulses from the surface of 

mammaliansô brains (a rabbit and a monkey). In 1924, the first human EEG was recorded by 

Hans Berger (Niedermeyer & da Silva, 2005). By 1938, EEG had expanded as a widespread 

recognition technique by eminent scientists, leading to practical applications in diagnosis 

among many countries (Wiedemann, 1994). Figure 2-3 illustrates an EEG recording 

procedure, which collects brain cortical signals via a number of electrodes (also called 

channels). The EEG signal oscillation is rhythmic; thus, it is typically described in terms of 

bands of different frequencies as follows: 

¶ Delta band in 0.5-3.5 Hz, at sleep and rest stages. 

¶ Theta band in 3.5-7.5 Hz, at learning, memory and sensory motor processing. 

¶ Alpha band in 7.5-12.5 Hz, at meditation. 

¶ Beta band in 12.5- 30 Hz, at mental calculation, anticipation or tension. 

¶ Gamma band in 30-60 Hz, at attention of sensory perception. 

https://en.wikipedia.org/wiki/Galvanometer
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Figure 2-3 EEG recording that shows the electrical charges resulting from the activity of the brain cells. 

Figure 2-4 shows the frequency and amplitude of an example of a 14-channel EEG. The 

signal amplitudes in three different frequencies (6 Hz, 10 Hz and 22 Hz) are shown in colour 

maps, where red represents a high power while blue is a low power. 

 

Figure 2-4 EEG band frequency corresponding to signals recorded from 14 electrodes and scalp maps generated 

by EEGLAB toolbox (Neuroscience, 2016). 
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2.4 FMRI Data  

The spatio-temporal fMRI data is a susceptible indicator of blood flow changes influenced 

by neural activities. This relies on the statement that neural activity and the cerebral blood 

flows are highly correlated. Thus, evoked neurons demand a high level of oxygen carried by 

blood to start processing and firing (Logothetis, Pauls, Augath, Trinath, & Oeltermann, 

2001). FMRI uses the Blood Oxygenation Level Dependence (BOLD) contrast method for 

observing the level of oxygenation in the blood. The BOLD context was first described by 

Ogawa (Ogawa, et al., 1992). It is a type of specialised brain scan that maps neural activity 

through imaging the blood flow changes, also called hemodynamic response rate (HDR), in 

relation to the energy/oxygen consumption within brain cells (Huettel, Song, & McCarthy, 

2004). BOLD represents local increases in blood oxygenation as a direct effect of 

neurotransmitter chemicals that perform local neural signalling.  

In the presence of a magnetic field, BOLD contrast is influenced by the paramagnetic nature 

of deoxyhemoglobin which affects the main magnetic field, leading to a local reduction in 

main field homogeneity. Paramagnetic deoxyhemoglobin in the blood possesses a stronger 

magnetic moment whilst oxyhemoglobin is diamagnetic and has little effect. This 

inhomogeneity of the magnetic field can be measured over time as different illuminations in 

fMRI data. Therefore, a high level of deoxyhaemoglobin decreases the fMRI intensity, while 

little deoxyhaemoglobin increases the image intensity. 

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

tissues. If the brain neurons are constantly active with a high level of processing, cerebral 
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blood flow is vital to retain the neurons, astrocytes, and other cells of the brain. FMRI 

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

FMRI recording occurs over time at many small, three-dimensional areas called ñvoxelsò. 

Each voxel is a numeric cube which represents the BOLD intensity of thousands of neurons 

over time.  FMRI techniques are non-invasive and have been widely used in cognitive science 

and neuroscience, providing insight into brain structures and processes for researchers and 

clinicians (Lindquist, 2008; Liu, et al., 2014; Rodriguez, nderson, Calhoun, & Adali, 2015; 

Siegelmann, 2015; Norman, Polyn, Detre, , & Haxby, 2006; Behroozi & Daliri, 2014).  

There are numerous common objectives pursued in fMRI data analysis, including: localising 

the activated brain regions during a mental task, detecting the brain information pathways 

corresponding to functional activities, diagnosis or prognosis of disease or psychological 

states, and so forth. The next section will discuss some major analytical methods and their 

limitations when dealing with STBD. 

2.5 Analytical Methods for STBD 

Currently there is a huge amount of STBD collected from either healthy subjects or unhealthy 

subjects during and after treatment. EEG and fMRI have been extensively used for brain 

study through applying different computational methods. Some familiar tools to process EEG 

data include: EEGLAB (SCCN, 2017), LORETA (Loreta, 2017), PyEEG (PyEEG Reference 

Guide, 2010), and so forth. A review (Lotte, Ongedo, Lecuyer, Lamarche, & Arnaldi, 2007) 

on classification algorithms for STBD in Brain Computer Interface (BCI) has explored 

different categories, where the most important methods are linear classifiers, non-linear 
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Bayesian classifiers, neural networks and hybrid models. In the following, I present an 

overview on current classification methods for STBD. 

2.5.1 Overview on Classification Methods 

A. Linear Classifiers 

Linear classifiers are based on assigning linear decision boundaries between the samples 

(feature vectors) of different classes. A variety of algorithms has been proposed so far, such 

as Support Vector Machines (SVMs) (Cortes & Vapnik, 1995; Raghavendra & Deka, 2014), 

Linear Discriminant Analysis (LDA) (Manly, McDonald, Thomas, McDonald, & Erickson, 

2002) and regularised LDA (Guo, Hastie, & Tibshirani, 2007) that is adapted for high-

dimensional data space. Both SVM and LDA have been widely used for classification of 

EEG (Costantini, et al., 2009; Subasi & Gursoy, 2010) and fMRI (Peltier, Lisinski, Noll, & 

LaConte, 2009). However, when dealing with complex STBD streams, samples cannot be 

linearly discriminable. This problem is called non-linear classification which cannot be 

handled by drawing straight discriminative lines in the data space. 

The original SVM constructs a hyperplane for linear classification, however, a non-linear 

classification can be performed by applying a kernel (Cristianini & Shawe-Taylor, 2000) to 

the hyperplane that allows to transform the feature space to fit  the hyperplane. Examples of 

kernels are polynomial and Gaussian function. 

General Linear Method (GLM) (Friston, et al., 1994; Beckmann, Jenkinson, & Smith, 2003) 

is another type of statistical linear modelling of multivariate data that was used in several 

neuroimaging analytical tools such as Statistical Parametric Mapping (SPM) (Friston K. , 

Statistical Parametric Mapping, 1994). 
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B. Non-linear Classifiers 

Non-linear Bayesian classifiers emerged for modelling the probability distributions of each 

class. Bayesian classifiers are based on probabilities of associated events (dependent) 

according to a conditional probability principle. An example of such a classifier is the Hidden 

Markov Model (HMM) (Eddy S. R., 1996; Chakraborty & Talukdar, 2016), which is a 

probabilistic model for temporal data by assigning probability distributions over sequences 

of observations. Using HMMs, input data can be classified by passing them through several 

states together with their transition probabilities as statistical measurements. 

Several successful applications of HMMs have been developed in the field of speech 

recognition and classification (Katagiri & Lee, 1993; Rabiner, 1989). In the field of STBD 

analysis, research on EEG data classification (Obermaier, Guger, Neuper, & Pfurtscheller, 

2001) has shown that the accuracy of BCI-based HMM outperformed the BCI-based LDA. 

In (Ou, et al., 2015), fMRI data were used for classification of different groups of patients by 

applying HMM, which generated different sequences of observations (states), based on 

which the specific test subject was classified. Research (Argunsah & Cetin, 2010) presented 

that HMMs for EEG classification were improved by using Principle Component Analysis 

(PCA) (Friston, Frith, Liddle, & Frackowiak, 1993), which is a dimensionality reduction 

approach that transfers data samples into a new space with a smaller dimension, where 

different orthogonal principle components preform as linear-subspace representations of the 

data. 

When dealing with samples that are not linearly distributed, PCA transforms result in losing 

some of the information. Independent Component Analysis (McKeown, et al., 1998), 
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(Franchin, Tana, Cannata, Cerutti, & Bianchi, 2013) has been proposed to overcome the 

limitations of the non-linear subspaces in PCA. 

HMMs performed well in various STBD classifications, however, when both spatial and 

temporal information are critical to be preserved and learnt, HMMs do not model the 

integrated spatial-temporal correlations in data. In addition, HMM is a parametric technique 

with a fixed number of states and a fixed topology with respect to the observations. The 

HMM model operates using discrete states and they consider only the previous known state, 

so deep-learning patterns cannot be captured. They are also lacking from brain-inspired 

learning to adjust the interconnections. Some limitations of HMMs are reviewed in 

(Chakraborty & Talukdar, 2016).   

C. Artificial Neural N etworks (ANNs)  

ANNs have been proposed for solving classification or regression tasks in computational data 

processing. ANNs are constituted of a set of basic cells (called neurons) performing a defined 

mathematical operation connected and organised in layers, which process input information 

and assign decision boundaries between samples that belong to different classes. According 

to their computational units, they were categorised into three generations. 

Rosenblatt proposed the first generation of ANNs (Rosenblatt, 1957), called perceptron 

which was based on McCulloch-Pitts neurons and was inspired by the concept of 

thresholding in biological neurons. A perceptron neuron is a computational unit 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 
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is computed using a step function to perform binary outputs (ī1 or 1). This function is time-

independent, meaning that the time in which the threshold is exceeded is not considered.  

A single layer perceptron consists of one layer of neurons that are fully connected to the input 

data by weighted connections. An extended version of the perceptron is the Multi layer 

Perceptron (MLP) (Kruse, et al., 2013) which usually consists of an input layer, one or more 

hidden layers and an output layer. The step function can be replaced by a linear function, 

which produces a range of activations, so it is not limited to a binary output. 

The second generation of ANNs is related to improving the computational units by including 

an activation function. In contrast to a fixed threshold value to determine the output, here an 

activation function (such as non-linear sigmoid) produces outputs which are proportional to 

the inputs; thus, performing non-linear classifications. Figure 2-5 illustrates a block diagram 

of an artificial neuron (right) and a simple small network (left) with two input neurons, two 

hidden layers, and one output neuron.  

 

Figure 2-5 A block diagram showing components of an artificial neuron. 

Feed-forward ANNs with a back-propagation (BP)-based algorithm can learn time varying 

inputs (Shinde, Samant, Naik, Ghorpade, & Kale, 2017; Yu, Efe, & Kaynak, 2002). Several 
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BP learning algorithms have been proposed, such as an on-line neural-network learning 

algorithm for dealing with time varying inputs (Zhao Y. , 1996; Cilimkovic, 2015) and 

learning algorithms based on gradient descent (Zhou & Si, 1998; Ranganathan & Natarajan, 

2018). 

MLPs with non-linear activation functions have been applied for classification of STBD, 

such as EEG classification related to emotion perception (Yaacob, Abdul, & amaruddin, 

2016) and a motor imagery EEG classification (Chatterjee & Bandyopadhyay, 2016). Some 

other relevant ANN models are Recurrent Neural Networks (RNNs) (Peddinti, Povey, & 

Khudanpur, 2015; Waibel, Hanazawa, inton, Shikano, & Lang, 1989; Mozer, 1993; Che, 

Purushotham, Cho, Sontag, & Liu, 2018) that are suitable for sequential data classifications, 

such as time series. This network is based on back-propagation, meaning that the output of 

one layer can return back as input to the previous layer for tuning the connections. One 

problem with this complex network is a vanishing gradient that happens when the activation 

function cannot make significant change in the output, therefore, the network refuses to learn 

further. 

Although these ANNs are inspired by some properties observed in brain research (Hodgkin, 

Huxley, & Katz, 1952; Hall, 2015), the neuronôs state depends only on the current time of 

inputs, employing an activation function. To enhance this, the third generation of ANNs, 

called Spiking Neural Networks (SNNs) emerged in which accumulated inputs over time 

control an action potential function; thus, it encodes the neuronôs firing-time information.  

Like the first-generation ANN, a spiking neuron integrates the inputs and fires when the firing 

threshold is exceeded. In addition to this, a spiking neuron has an inherent dynamic nature 
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that defines a postsynaptic potential state which changes with time. The postsynaptic 

potential of a spiking neuron changes with time while streaming inputs. A spiking neuron 

fires at the time t in which its internal state exceeds the neuron threshold. Therefore, SNNs 

are considered as brain-inspired computational models that encode properties such as action 

potential, excitatory postsynaptic potential and inhibitory postsynaptic potential (Izhikevich, 

2003).   

D. Deep Structured Learning (DSL) 

In machine learning, DSL methods refer to learning the data representations in a hierarchical 

manner, where each layer in the model extracts a different informative level of representation 

that corresponds to a particular concept in data. The learning procedure can be supervised, 

unsupervised or semi-supervised. So far, different DSL architectures have been introduced 

and examples are as follows:  Deep Neural Network (DNN) (Liu, et al., 2017), Deep Belief 

Neural Network (DBNN) (Goodfellow, Bengio, & Courville, 2016), RNN and Convolutional 

Neural Network (CNN). DNN refers to a network with multiple hidden layers between the 

input and output layers.  In DNNs every layer of neurons extracts informative abstractions 

and transfers them to the next layer to model complex non-linear relationships. DNNs are 

usually feed-forward networks, while the data flow can be in any direction in RNNs making 

them suitable for a wide range of applications (Gers & Schmidhuber, 2001; Sutskever, 

Vinyals, & Le, 2014; Tomavs, Karafiat, Burget, ĻernockĨ , & Khudanpur, 2010). 

CNNs (Schmidhuber, 2015) are inspired by the visual cortex, where the firing rate of every 

sensory neuron is affected by a specific region in the retina, called the neuronôs receptive 

field. Neurons have different specific receptive fields, and they are overlapping. CNNs 
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consist of three main layers: input layer, feature learning layer and classifier layer. Each of 

these has several sub-layers. In contrast to MLPs, in CNNs the hidden layers are not fully 

connected. Through a convolution procedure, every region of neurons (receptive field) from 

layer Ὥ is connected to one neuron in layer Ὥ ρ, which results in extracting abstractions (i.e. 

some informative features) from layer Ὥ and transfers them to the next layer. Convolution 

uses a filter (with a specific size) which is sliding over the input values to merge them and 

generates a feature map. Several convolutions are applied on the input data to develop 

different feature maps. Training a CNN is similar to MLP training that can be based on 

backpropagation or gradient descent. CNNs use activation functions, therefor, they can solve 

non-linear classification tasks. 

CNNs supported tremendous achievements in computer vision systems, including image 

classification (Krizhevsky, Sutskever, & Hinton, 2012), image segmentation (Liang-Chieh, 

George, Iasonas, Kevin, & Alan L, 2018; Wachinger, Reuter, & Klein, 2018) and object 

detection (He, Hang, Ren, & Sun, 2016). One of the common issues with CNNs is overfitting 

that may happen due to the presence of layers which model irrelevant dependencies. CNNs 

were also used in several applications of STBD, for instance, emotion classification using 

EEG data (Tripathi, Acharya, Sharma, Sudhanshi, & Bhattacharya, 2017) and the result has 

shown that CNN outperformed MLP. In research (Rezaei Tabar & Halici, 2016) a motor 

imagery EEG classification task was performed, and the results suggested that deep learning 

CNN improved classification performance by at least 9% compared to other conventional 

approaches. In this section, I reviewed methods that have been applied so far for STBD 

classifications. The next section reviews data clustering which is an important approach for 

understanding relationships in STBD. 
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2.5.2 Overview on Clustering Methods 

Clustering aims at objectively organising data samples into homogenous groups where data 

samples within a group are similar in some sense. So far, many clustering methods have been 

developed to identify structures in different data types, such as static and temporal data. Data 

are static when the feature values do not change over time, and they are time series (temporal) 

if the features comprise values that change over a continuous time interval. With respect to 

different data types, clustering methods differ significantly in the notion of 

similarity/distance measures. In the following, I present a review on clustering methods 

applied to different data domains: (A) static data clustering, (B) time series clustering and 

(C) dynamic evolving clustering. 

A. Clustering Approaches for Static Data 

Clustering methods for various static data are classified into five major categories: 

hierarchical methods (Johnson, 1967), partitioning methods, density-based methods (Ester, 

Kriegel, Sander, & Xu, 1996), grid-based methods, and model-based methods.  

Partitioning clustering divides datasets into k distinct partitions, where samples in each 

partition share similar characteristics of this cluster. Most of the partitioning clustering 

algorithms are based on minimising an objective function, which usually refers to the 

distance between samples and the cluster centre. A typical objective function is as follows: 

 ὈὭίὸὼȟὧὩὲὸὩὶὭ          

ȿȿ

 (2-1) 
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where ȿὅȿ denotes the number of samples belonging to cluster i and function ὈὭίὸ computes 

the distance between sample ὼ to the centre of cluster i.  A partition is hard if each sample 

belongs to only one cluster, or fuzzy if one sample is allowed to be in more than one cluster 

up to a different membership degree, e.g. fuzzy c-means (Bezdek, Ehrlich, & Full, 1984; Rai, 

Bajaj, & Kumar, 2015). Numerous hard partitional clustering methods have been proposed, 

in which one of the most popular ones is the K-means algorithm (Hartigan & Wong, , 1979; 

Prabhakar & Rajaguru, 2015). The K-means algorithm classifies a given data set into K 

centroids, which are pre-defined a priori. The procedure is to assign each sample to the 

nearest centre and form K clusters. Afterwards, new centroids will be computed with respect 

to the mean value of each cluster. Over a number of iterations in the algorithm, the K 

centroids change until they converge to certain locations (which means that no more changes 

are done) through minimising an objective function, which follows here as a square error 

function: 

 

ὼ ὧὩὲὸὩὶὭ

ȿȿ

 (2-2) 

With respect to different clustering algorithms, the similarity/distance can be measured 

through different equations as reported in Table 2-1. 

Table 2-1 Different techniques for measuring the distance. 

Method Formula 

Euclidean distance  

ᴁὥ ὦᴁ ὥ ὦ  

Squared Euclidean distance ᴁὥ ὦᴁ ὥ ὦ  

Manhattan distance ᴁὥ ὦᴁ ȿὥ ὦȿ 
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Maximum distance ᴁὥ ὦᴁ άὥὼȿὥ ὦȿ 
Mahalanobis distance ὥ ὦ Ὓ ὥ ὦ 

S is a covariance matrix 

Hierarchical clustering represents groups of data samples using a tree of clusters, in which 

the similarity is measured according to a pairwise distance matrix of samples. Every two 

similar samples can be merged to represent a cluster and then the most similar pair of clusters 

can merge their members to represent a higher level of clusters (known also as a parent 

cluster). This procedure will be repeated until all the data samples fall into one cluster, which 

is the root of the tree. Hierarchical clustering algorithms are either bottom-up (also called 

agglomerative clustering) or top-down (also called divisive clustering).  

Figure 2-6 represents an example of bottom-up hierarchical clustering for 11 alphabetic 

samples, illustrating how it organises the data space through merging similar pairs of letters. 

A deficiency of the hierarchical clustering is that the computational complexity is ὕὲ) 

subject to the number of ὲ samples. 
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Figure 2-6 A tree diagram of a data space with 11 samples of letters (right) and the corresponding nested clusters 

(left). 

In density-based clustering, unlike the K-means, the number of clusters is not predefined. 

Clustering is initiated from a set of points, continuously growing as long as the density in the 

neighbourhood surpasses a threshold.  

In grid-based clustering, the sample space is quantised into a finite number of cells, where 

the operations for clustering are performed. A common example of the grid-based approach 

is Statistical Information Grid-Based method (STING) (Wang, Yang, & Muntz, 1997).  

Model-based clustering undertakes a model for each cluster and aims at creating the best fit 

of the data to the model. One major method of model-based clustering is the neural network 

approach. Prominent clustering methods of the neural network field are defined by 

competitive learning, including Self-organizing Maps (SOM) (Carpenter & Grossberg, 1987; 

Baig, Ayaz, Gillani, Jamil, & Naveed, 2015; Kohonen, 1998).  

B. Clustering Approaches for Time Series 

A massive amount of temporal data (time-series data) has been recorded so far in various 

fields, such as electronic, video/audio, biology, neurology, and so forth. In cases of clustering 

such data, given a set of time series, the objective is to group similar temporal patterns into 

the same cluster. This task demands a specific notion of distance measured to estimate the 

level of similarity between time series distributions. However, the Euclidean distance and 

other typical measures (used for non-temporal data) are unsuitable measures to evaluate the 

similarity between time series. In the literature of time series clustering, various methods 

have been introduced of which some are briefly discussed as follows: 
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Biclustering (Mirkin, 1998) is a pattern-based clustering technique which simultaneously 

clusters both rows and columns of a dataset represented by ά samples and n-dimensional 

features as a matrix άȟὲ. Every sample vector can represent a pattern with multi features, 

and biclustering can find a relationship between patterns in such datasets. Biclustering has 

been used for clustering time series gene expression data (Tanay, Sharan, & Shamir, 2002). 

Since the biclustering can detect the direction of changes in data variables among samples, it 

has been considered as a promising technique for clustering time series. However, when 

dealing with spatio-temporal data, where both space and time need to be integrated and 

involved in the clustering algorithm, biclustering approaches cannot perform sufficiently as 

the spatial relationship between features is not incorporated in the analysis.  

SOM is a clustering approach, utilising the ANN underpinning unsupervised learning. SOM 

is performed in two phases: (1) training, which creates a map using input training samples 

through a competitive procedure and (2) mapping, which classifies a new input sample 

vector. During the training phase, for every input sample vector, the distance between sample 

variables and all the nodes in the map will be computed (usually by means of Euclidean 

distance). Then, with respect to the principle of competitive learning, the node with the 

smallest distance will win as the best matching unit. The winning neuron and its 

neighbourhood (within a radius) will be pulled towards the current input sample. The learning 

procedure will be iteratively performed for all the training samples, and the final network 

performs a similar response to certain input patterns. Thus, SOM shapes a semantic map 

where similar sample vectors are mapped close together and dissimilar ones apart. 
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SOM has been widely used for clustering of EEG data (Hamdoun & Usman, 2016; 

Joutsiniemi, Kaski, & Larsen, 1995; Orjuela-Caon, et al., 2017), where each EEG spatio-

temporal sample was first transformed into one feature vector and then passed on to SOM 

for learning.   

C. Dynamic Evolving Clustering Approaches  

The concept of dynamic or evolving clustering differs from the wide spectrum of clustering 

approaches that attempt to measure the distance/similarity within the whole data space. It 

rather refers to clustering of a data stream environment which continuously evolves with 

time. As a result, evolving clustering methods represent the incremental growth of clusters 

and the creation of new clusters from a stream of vector-based data. So far, several methods 

for dynamic evolving clustering have been proposed. While SOM in an entire data space 

assigns similar input vectors into topologically close neurons, Evolving Self-organizing 

Maps (ESOM) (Deng & Kasabov, 2000) and the DENFIS evolving clustering method 

(Kasabov & Song, 2002) were introduced for online dynamic clustering of data streams. 

When dealing with STBD, both ESOM and DENFIS successfully detect the temporal 

changes in data streams and incrementally assign them into the already generated clusters or 

develop new clusters for them. However, the temporal components of each data sample are 

transposed into one feature vector (static vector), where the time is hidden, and no temporal 

interaction can be extracted anymore. Also, the spatial relationships between the features are 

not considered in these models. 

Aggarwal (Aggarwal, 2003) has proposed a framework for dynamic evolving clustering of 

spatio-temporal streams. The clustering method considers both spatial and temporal 
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relationships in data space, however, it creates separately two spatial and temporal models. 

Therefore, the integrated spatial-temporal similarity in the data is not properly measured and 

this is a crucial lack for clustering of STBD streams.  

It can be concluded from the literature that classification and clustering of STBD have often 

been done using conventional machine learning methods such as the SVM (Cortes & Vapnik, 

1995), MLP, Multiple Linear Regression (MLR), linear regression, or deep learning 

architectures. Now the question is: what is missing in the current technologies for STBD 

analysis?  

Currently, many types of STBD have been collected that capture complex temporal patterns, 

which need to be modelled and analysed. Various techniques have been developed to analyse 

the brainôs activation, functional connectivity (Tana, Bianchi, Sclocco, Franchin, & Cerutti, 

2012; Aggioni, Tana, Arrigoni, Ucca, & Bianchi, 2014) or effective connectivity (Buchel & 

Friston, 1997). Learning dynamic patterns of spatio-temporal data is a challenging task, as 

temporal features may manifest complex interactions that may also change dynamically over 

time. Therefore, the relationship between the spatial and temporal components needs to be 

considered and learnt. In addition, the spatial information of the temporal sources needs to 

be learnt both topologically and computationally. To address these needs, developing new 

analytical methods that can capture interactions among multivariate data is of crucial 

importance. 

Compared to conventional ANNs (first and second generations as explained in Section 2.5.1) 

SNNs have emerged to integrate space and time components of data into the computation. 
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SNN models and their neuromorphic 5 highly parallel implementations are advancing quickly 

(Furber, Galluppi, Temple, & Plana, 2014; Indiveri, et al., 2011). The challenge now for 

information science and AI is to develop new SNN algorithms and methods for the efficient 

learning of STBD and for their efficient neuromorphic implementations (Kasabov, 2014). 

2.6 Chapter Summary 

This chapter reviews two main techniques for recording STBD that have been widely studied 

in cognitive science and neuroscience research. Then, a historical review on classification 

and clustering approaches was presented. In the next chapter, SNN principles, models and 

applications are discussed. 

                                                
5 Neuromorphic refers to a kind of a ñdynamicalò machine with processors (e.g. neurons and synapses) in which 

the algorithms simulate complex spatio-temporal dynamics on the computing hardware.  
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Chapter 3 Spiking Neural Networks  

3.1 Introduction  

As discussed in the previous chapter, the first and second generation ANNs were developed 

based on activation functions, which determine the neuronôs firing state according to the 

current inputs at time t. However, neuroscience research indicated that the behaviour of a 

biological neuron is influenced by the dynamics of the membrane potential over a period of 

time. This means that the membrane potential fluctuates dynamically while the neuron 

receives streaming inputs. When the membrane potential suppresses a certain capacity, it 

generates an action potential (signal) and sends it out. Therefore, the action potential 

corresponds to the intensity of communication between neurons. 

In the third generation ANNs (Maass, 1997), the inherent nature of the spiking neuron is 

inspired by the principle of action potential to incorporate the previous accumulated inputs. 

This is much similar to how a biological neuron functions (Izhikevich, 2006; Brette, et al., 

2007; Scott, Kasabov, & Indiveri, 2013). The action potential here can be computationally 
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encoded by binary values (-1 or 1) with a precise timing, called spikes 6. A sequence of spikes 

represents the times in which a neuron emitted action potentials.   

SNNs are computational models that consist of spiking neurons as processing elements, 

connections between them, and algorithms for learning from data (Thorpe & Gautrais, 1998; 

Verstraeten, Schrauwen, DôHaene, & Stroobandt, 2007; Masquelier, Guyonneau, & Thorpe, 

2009). They transpired as potential means to learn time, space and frequency of complex 

STBD. In addition to considering the neural synaptic state, SNNs include the timing of spikes 

in the computation. This means that the current activation level of a spiking neuron depends 

on the incoming spikes, pushing this value higher and then either firing (if exceeding a 

threshold) or decaying over time.  

So far, numerous methods of SNNs have been schemed such as spatio-temporal pattern 

recognition (Humble, Denham, & Wennekers, 2012; Kasabov, 2012b), encoding time-series 

data such as speech data into spike sequences (Van Schaik & Liu, 2005; Delbruck & 

Lichtsteiner, 2007; Lichtsteiner, Posch, & Delbruck, 2008; Lichtsteiner & Delbruck, 2005; 

Indiveri, et al., 2011), computational neuro-genetic modelling (Benuskova & Kasabov, 

2007), spatio-temporal data learning (Maass, Thomas, & Henry, 2002; Song, Miller, & 

Abbott, 2000; Dhoble, Nuntalid, Indiveri, & Kasabov, 2012), SNN reservoir computing and 

liquid state machines (Verstraeten, Schrauwen, DôHaene, & Stroobandt, 2007), classification 

systems (Kasabov, 2007), neuromorphic design and implementation (Izhikevich, 2006; 

                                                
6 A Spike is a binary value (-1 or 1) at time t, which represents a certain upward or downward change in the 

signal.  
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Furber, Galluppi, Temple, & Plana, 2014; Indiveri, et al., 2011) and neuro-computational 

perspective of brain pathology (Reggia, Ruppin, & Glanzman, 1999). 

Many applications of SNNs have been developed, including: multimodal audio-visual 

information processing (Wysoski, Benuskova, & Kasabov, 2010), STBD modelling 

(Kasabov, 2014), Brain-Computer Interfaces (BCI) (Anderson, Stolz, & Shamsunder, 1998), 

moving object recognition (Kasabov, Dhoble, Nuntalid, & Indiveri, 2013), cognitive data 

modelling (Kasabov & Capecci, 2015), finite automata modelling (Natschlager & Maass, 

2002), predictive systems (Tu, et al., 2014). These applications are structured based on the 

SNN models, which process input stimuli across different evoked cognitive states, acting as 

an ultimate spatio-temporal data processing machine (Kasabov, 2014; Kasabov, 2010).  

3.2 Computational Model of a Spiking Neuron 

In a biological neuron structure (as explained in Chapter 2), when the overall power of input 

signals reaches a certain threshold, an output signal is generated and sent to other neurons 

connected to it. Therefore, neurons receive and transmit information by means of signals 

exchanged via synapses. 

This procedure can be computationally simulated by artificial spiking neurons as 

information-processing units that accomplish non-linear processing (Anderson, Stolz, & 

Shamsunder, 1998; Maass, Thomas, & Henry, 2002). A collection of interconnected spiking 

neurons creates an SNN, where neighbour neurons are influenced by their spiking activities. 

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

the behaviour of a biological neuronôs cell. It can be seen that the inputs and outputs in a 
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spiking neuron are in the form of spike sequences with a precise timing. With respect to 

different mathematical neuron models introduced in the literature, a spiking neuron can 

dynamically process the input spikes over time to compute its membrane potential. Incoming 

spikes make change in a neuron potential and when this exceeds a threshold value, the neuron 

emits an output spike. Similar to the axons, artificial neurons are interconnected through 

simulated paths, which are initially established with random weights. Then the connection 

weights between neurons are modified by transferring spikes across synapses. Numerous 

computational models of SNNs have been developed so far, some well-known models are 

listed in the following and discussed afterwards. 

¶ Lapicque  

¶ Integrated-and-Fire  

¶ Leaky Integrated-and-Fire 

¶ Izhikevich  

¶ Thorpeôs Model 

¶ Probabilistic Spiking Neural Model  
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Figure 3-1 (a) Structure of a biological neuron, figure was modified form (Pearson , 2005); (b) Artificial spiking 

neuron which receives input spike trains, processes them and produces output spikes. 

Lapicque Model. One of the earliest models of the neuron was the Lapicque model (Brunel, 

van, & Mark, 2007), which was constructed according to the mechanism of an electric circuit 

with a parallel resistor. This model captures the leakage resistance and capacitance of the cell 

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

potential was set as a constant with different time of occurrence.  

Integrated-and-Fire Model. In (Abbott, 1999) the Lapicque has been further developed to 

incorporate the principle of action potential, in which once the membrane capacitor reaches 

(a) 

 

 

 

 

 

 

(b) 
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to a certain threshold, an action potential is produced and then the membrane potential is 

reset. This model is called the integrated-and-fire model of a neuron. The integrate-and-fire 

model of a neuron can be defined by its membrane potential ὺ and capacitance C as follows. 

 
ὅ
Ὠὺ

Ὠὸ

ρ

Ὑ
ὠὸ ὺ Ὅὸ (3-1) 

 ὺὸ —      ύὬὩὲ        ὺ ὸ π 
(3-2) 

where resistor is denoted by R, input current is Ὅὸ and ὸ  is the time at which a neuron 

fires when its membrane potential ὺὸ  exceeds the firing threshold —ȟ while ὺ ὸ  is 

its derivative. 

Leaky Integrated-and-Fire Model (LIFM) . In this model also called ñforgetfulò (Knight, 

1972), the membrane potential ὺὸ increases with every input spike at a time t, multiplied 

by the synaptic efficacy (strength), until it reaches a certain threshold ɗ. After that, an output 

spike is emitted, and the membrane potential is reset to an initial state. Like a biological 

neuron performs, when the simulated neuron emits a spike, it does not produce a new spike 

within a refractory period and its membrane potential ὺὸ leaks. The membrane potential 

can have certain leakage between spikes, which is defined by a parameter Ű. A schematic 

representation of the LIFM is illustrated in Figure 3-2 and the neuron action potential is 

defined as follow: 

 
†
Ὠὺ

Ὠὸ
ὺ ὺὸ ὙὍὸ (3-3) 
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The † is the membrane time constant, ὺ  is the resting potential, I is the input current and 

R is the resistance.  

 

Figure 3-2 The LIFM of a spiking neuron. (a) Schematic representation; (b) Showing an input train of spikes 

(top row), the emitted output spikes (second row) and the membrane potential changes over time. Figure from 

(Kasabov, 2014). 

Izhikevich Model. The model was introduced by Eugene M. Izhikevich (Izhikevich, 2003), 

combines the computational efficiency of the integrate-and-fire neurons and the biologically 

plausible principle of the HodgkinïHuxley model. The Izhikevich model is implemented by 

means of a two-dimensional system of ordinary differential equations as follows: 

 

Ὠὺ

Ὠὸ
πȢπτὺὸ υὺὸ ρτπόὸ Ὅὸ (3-4) 

 

Ὠό

Ὠὸ
ὥὦὺὸ όὸ  (3-5) 

Once the neuron membrane potential ὺ exceeds a fixed threshold — σπ Í6 , a spike will 

be emitted and ό ÁÎÄ ὺ will be reset according to the following rule:   
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 ὭὪ ό — ὸὬὩὲ
ὺN ὧ         
ό N ό Ὠ

 (3-6) 

where ό denotes a membrane recovery variable that models feedback to ὺ and ὥȟὦȟὧ and Ὠ 

are dimensionless parameters. The Izhikevich model has been extended and developed in 

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

Thorpeôs Model. A variation of LIFM has been proposed by Thorpe (Thorpe S. J., 1990) in 

which a neuron membrane potential ὺὸ is only influenced by the order of incoming spikes, 

when the earlier spikes have higher effects than the next upcoming ones. In this model, when 

neuron i receives input spikes from the presynaptic neuron j, Ὦ ρȟςȟȣȟὔ the postsynaptic 

potential of neuron i, ὖὛὖὸȟ is increased according to the order of incoming spikes from N 

synapses. The earlier the spikes are received from the presynaptic neuron, the greater the 

impression on the neuronôs postsynaptic potential.  In this model, connection weights ὡ ȟ

Ὦ ρȟςȟȣȟὔ  are established as follow:   

 ὡ = В άέὨ  
(3-7) 

where ὡ  denotes to the connection weight between neurons j and i, mod is a modulation 

factor within [0, 1] and order(j) is the time order of the following spikes to the presynaptic j 

from all the connected neurons to j. 

Probabilistic Spiking Neural Model (pSNM). In 2010, Kasabov proposed the pSNM 

(Kasabov, 2010) in which information is stored in the form of connection weights calculated 

with respect to Thorpeôs model plus inclusion of three new probabilistic parameters to the 
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synaptic connection weight ύ ὸ. A pSNM is schematically shown in Figure 3-3. The 

probabilistic parameters are ὴ ȟὸȟ ὴ ȟὸ ÁÎÄ ὖὛὖὸ, described as follows: 

-  ὴ ȟὸ is a probability parameter that neuron i receives a spike from neuron j at time t 

via connection  ύ  between j and i. Here the connections are not created and pruned as 

in other ANN models (Kasabov, 2007), but a probability parameter is assigned to each 

connection to represent its structural and functional uncertainty. If ὴ ȟὸ π, then this 

means that there is no connection and no spike propagation between j and i, while 

 ὴ ȟὸ ρ represents a 100% probability of spike propagation. 

-  ὴ ȟὸ represents a probability for the synapse ίȟ to be involved in the computation of  

ὖὛὖὸ after receiving a spike from neuron j. 

- A probability parameter ὴὸ that neuron i emits an output spike at time t when its 

ὖὛὖὸ has surpassed a certain threshold.   

 

Figure 3-3 Representation of one synaptic connection in a pSNM. 

The ὖὛὖὸ is calculated using the following formula: 

╟╢╟░◄ ▄▒▌ ▬╬▒ȟ░◄ ▬ █▬▼▒ȟ░◄ ▬  ◌▒ȟ░◄ Ɫ◄ ◄

▒ ȟȣȟ╝▬ ◄ȟȣ◄ 

 

 

(3-8) 

where Ὡ equals to 1, if neuron j emitted a spike, and 0 otherwise; Ὣὴ ȟὸ  is 1 with  a 

probability  ὴ ȟὸ, and 0 otherwise; Ὢὴ ȟὸ  equals to 1 with a probability  ὴ ȟὸ, and 
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0 otherwise; ὸ is the time of the last spike emitted by neuron i; –ὸ ὸ  expresses decay in 

the PSP. The pSNM is simplified as the LIFM, when all the probability parameters are fixed 

to be 1. 

The parameters  ὴ ȟὸȟ ὴ ȟὸ ÁÎÄ ὖὛὖὸ were optimised using a quantum-inspired 

evolutionary algorithm to maximise the networkôs accuracy. This algorithm searches for the 

best parameter values to calculate the neuronôs response in the presence of the stimuli. 

Further information about how to modify these probability parameters is given in (Kasabov, 

2010). 

3.3 Information Encoding in a Spiking Neuron 

As explained in chapter 2, biological neurons send information by sudden and short increases 

in their electrical energy which generates an action potential or spike as encoded spatio-

temporal information. When SNNs are used for learning the spatio-temporal patterns 

ñhiddenò in STBD, such data first need to be encoded into sequences of spikes, which are 

then transferred into the SNN via input neurons. Now the question is what kind of codes can 

be considered for transmitting information in SNNs? 

Rate codes and pulse codes are two main techniques in neural encoding. In the first two 

generations of artificial neural networks, rate coding has been used to calculate the neuronsô 

output signals based on only the frequency transmission. However, coding in SNNs is based 

on precise timing of spikes as computed in pulse coding (Maass & Bishop, 2001; Gerstner & 

istler, 2002). 
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A simple SNN is composed of an input layer, a hidden layer, and an output layer. Like a 

biological neuronôs dendrites, the input layer receives the original input information and 

encodes it into a new number of features which are then transferred into the hidden layerôs 

neurons. The input encoding procedure transfers the real value of input information to 

discrete sequences of spikes as new format of inputs to SNN models. 

Different spike encoding algorithms have been proposed so far, some popular ones are: 

Temporal Contrast (Threshold-based RepresentationðTBR) (Delbruck T. , 2007; Dhoble, 

Nuntalid, Indiveri, & Kasabov, 2012), Benôs Spikes algorithm (BSA) (Schrauwen & Van 

Campenhout, 2003), Population Rank Coding (Bohte S. M., 2004), and Rank Order Coding 

(Thorpe & Gautrais, 1998). Two important encoding algorithms are explained here: 

Temporal Contrast (TBR). This method was originally proposed in 2007 for information 

encoding in artificial silicon retina (Delbruck & Lichtsteiner, 2007). The method encodes 

substantial changes in signal amplitude over a given threshold, where the OFF and ON 

commands of the hardware were dependent to the sign of the changes. However, for dramatic 

changes in the signal amplitude, it is almost impossible to reconstruct the signal from spike 

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

For a given signal Ὓὸȟ×ÈÅÒÅ ὸ ρȟςȟȣȟὲ, the signal amplitude variation over time t is 

denoted by ὄὸȟ with a baseline B(1) = S(1). At the next time point ὸ, if the upcoming signal 

amplitude Ὓὸ is greater than ὄὸ ρ plus a threshold ɗ, then a positive spike is generated 

at time ὸ and ὄὸ will be replaced by ὄὸ ρ. The encoding of positive and negative spikes 

is defined as follows: 
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ίὴὭὯὩὸ
ρ ὥὲὨ ὄὸ N  ὄὸ ρ  ὝὬ           ὭὪ Ὓὸ ὄὸ ρ —

ρ ὥὲὨ ὄὸᴺ ὄὸρ ρ  ὝὬ      ὭὪ Ὓὸ ὄὸ ρ —
π                                                                                           έὸὬὩὶύὭίὩ 

 (3-9) 

Rank Order Coding (RO). With respect to the order of neuron firing times, a higher rank 

will be given to the earlier fired neuron (Thorpe & Gautrais, 1998).  RO has been successfully 

applied in modelling audio visual systems in visual pattern recognition (Wysoski, 

Benuskova, & Kasabov, 2006) and speech recognition (Loiselle, Rouat, Pressnitzer, & horpe, 

2005) applications. 

3.4 Learning in SNN Models 

Different types of learning rules in SNNs have been explored in the literature. The most 

popular ones are supervised and unsupervised learning as explained in the following: 

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

For instance, in the classification problem the class labels of samples are known and in a 

regression problem the real values for regression are given. SNN learns the input data patterns 

to produce an exact output when a new unknown input is presented. RO learning rule and 

error-backpropagation (Bohte, Kok, & La Poutre, 2002) are two popular supervised learning 

examples. 

Unsupervised learning. In this learning approach, the desired outputs are not provided, and 

a training process is performed with unlabelled input data patterns. Hitherto, several 

unsupervised learning algorithms have been developed in SNN models, the majority of them 

are constructed to adapt the synaptic weights according to the temporal relation between pre- 

and postsynaptic action potentials as similarly implemented in Hebbian learning (Song, 
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Miller, & Abbott, 2000; Hebb, 1949). One example of Hebbian learning is Spike Time 

Dependent Plasticity (STDP) learning rule which depends on the relative timing of pre- and 

postsynaptic action potentials (Song, Miller, & Abbott, 2000). The STDP learning rule is 

defined using the following relation: 

 
ὊЎὸ

  ὃÅØÐ ЎὸȾ†                   ὭὪ Ўὸ π 
ὃÅØÐ ЎὸȾ†              ὭὪ Ўὸ π

 (3-10) 

where ὊЎὸ defines the synaptic modification elicited from a single pair of pre- and 

postsynaptic spikes separated by a time interval Ўὸ ὸ ὸ . The parameters A+ and 

A- define the maximum quantities of synaptic modification, which transpire when Ўὸ å 0. 

The parameters † and † determine the ranges of pre-to-post-synaptic inter spike intervals 

over which the synaptic strengthening and weakening occurs.  

3.5 SNN Reservoir Computing Systems 

Reservoir computing systems are constituted of a group of recurrent connected neurons that 

form a computational framework, where the input signals are mapped into a higher 

dimension, called dynamical reservoir. The reservoirôs neurons are non-linear information 

processing units which are typically connected randomly. The neural activities are triggered 

by the input dynamics and are also influenced by the past. Therefore, for online learning of 

continues input streams, reservoir computing allows for real-time computation in parallel. 

One example of the reservoir methods is Liquid State Machines (LSMs), proposed by Mass 

(Maass, 2010; Maass, Thomas, & Henry, 2002) that employ LIFM of spiking neurons. The 

general architecture of LSM includes the following main layers:  
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- An input layer is randomly connected to the neurons in the reservoir. 

- A reservoir of randomly interconnected neurons, each of which fires over time when its 

action potential value exceeds a certain threshold. Therefore, patterns of spikes are 

captured after Ὕ time-steps.  

- An output layer is a simple deterministic readout layer that receives the spike patterns for 

classification.   

The readout for LSMs is typically a multilayer feed-forward NN or linear regression that 

reads the states of the reservoir and maps them into the desired output. In several application 

domains, LSMs have shown better performance when compared with conventional ANN 

models. For instance, in pattern recognition (Verstraeten, Schrauwen, & Stroobandt, 2005), 

LSM was applied to recognise an isolated word and the results were compared with HMM 

models. In contrast to the HMM, the LSM has shown to be robust to noise. In (Pape, De 

Gruijl, & Wiering, 2008; Ju, Jian-Xin, & Antonius, 2010), sound data were transferred into 

64 static vectors of frequencies using the Fast Fourier Transformation (FFT) which were 

further processed through normalisation. Then the pre-processed data were used to 

demonstrate real-time applicability of the LSM for music recognition. For the classification 

tasks, readout functions such as Recurrent NN, K-nearest Neighbours (KNN) and perceptron 

were often used. It can be concluded from these studies that LSMs perform well for the 

classification of spatio-temporal data. Now the fundamental question is: what was missing in 

the current LSMs?  

- The LSMs do not preserve and learn the correlation between the spatial and temporal 

components in one model. 
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- LSMs are not developed based on an entirely spike-time constructed computational 

approach. The readout functions are usually implemented according to conventional 

machine learning algorithms. However, neurons in LSMs are spiking neurons and they 

produce patterns of spikes. Therefore, the performance of LSMs can be improved by 

employing SNN-based classifiers, which results in directly processing the reservoirôs 

spikes in an online- one-pass mode. This suggests a better applicability of SNN models 

for real-life information processing.   

- LSMs benefit from LIFM of neurons which try to model real neurons, however, brain-

inspired learning is lacking to capture the spatio-temporal interactions in the form of 

adaptive connections in the reservoir.    

- As a result of random connections in the reservoir, LSMs cannot be spatially interpreted. 

The spatial information of the temporal variables are not topologically and 

computationally considered. 

In view of both characteristics and limitations of LSMs, SNN features were employed for 

developing a special type of an LSM, a Spatio-temporal Data Machine (STDM), called 

NeuCube that is an evolving spiking neural network (eSNN) for better modelling and 

understanding of STBD (Kasabov, 2007; Kasabov, Dhoble, Nuntalid, & Indiveri, 2013; 

Kasabov, 2012b). The following Section 3.6 introduces the NeuCube architecture, which will 

be used in this thesis for development of new methods for STBD analysis. 

3.6 NeuCube for STBD Modelling  

NeuCube is a generic evolving STDM based on the SNN for modelling, learning, 

classification/regression, clustering, visualisation and interpretation of spatio-temporal data, 
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it was first introduced for STBD (Kasabov, 2012b). The NeuCube development system is 

illustrated as an integrated configuration for spatio-temporal data pattern recognition and it 

includes the following ten modules: 

¶ Module M1: Generic prototype and testing. 

¶ Module M2: A pySNN simulator for small- and large-scale applications. 

¶ Module M3: A neuromorphic hardware for real-time execution. 

¶ Module M4: A 3-D visualisation and mining. 

¶ Module M5: Exchanging of input/output information. 

¶ Module M6: A neuro-genetic and prototyping testing. 

¶ Module M7: Personalised modelling. 

¶ Module M8: A multi-model brain modelling. 

¶ Module M9: Data encoding and event detection. 

¶ Module M10: Online learning. 

In this thesis, Module 1 is explained in the current chapter, while the development of Module 

7 is proposed by me as presented in Chapter 7. Figure 3-4 illustrates a diagram of the 

NeuCube multinodular development architecture for modelling of STBD. The NeuCube 

Module 1 was initially proposed in (Kasabov, 2012b) for STBD modelling and then further 

developed in (Kasabov, 2014). Module 1 consists of the following five sub-modules and it is 

depicted in Figure 3-4 and Figure 3-5: 

¶ Input data mapping and encoding.  

¶ Unsupervised learning in a 3-dimensional (3-D) SNN reservoir, called SNN model. 

¶ Supervised learning and classification in an evolving SNN. 
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¶ Parameter optimisation. 

¶ Model visualisation and interpretation. 

 

Figure 3-4 The multinodular development architecture of the NeuCube. Figure from (Kasabov, et al., 2016). 
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Figure 3-5 A functional diagram of the NeuCube SNN architecture, consisting of: input spatio-temporal data 

encoding module, 3-D SNN model and the STDP learning, output module for classification/regression, and 

gene regulatory network (GRN) module. Figure is modified from (Kasabov, 2012b). 

3.6.1 Input Data Mapping  

The NeuCube mapping sub-module is created as a 3-D SNN structure of a suitable size that 

maps spatially a brain template, such as the Talairach (Talairach & Tournoux, 1988), the 

Montreal Neurological Institute (MNI) template (Brett, Christoff, Cusack, & Lancaster, 

2001) or coordinates of individual brain data. 

If the spatial information of STBD variables is given, I can spatially map these variables into 

the pre-designed SNN model (the Talairach-based mapping) with respect to the coordinates 

of these variables as positioned in the Talairach. For instance, the location of each EEG 

channel (input variable) can be used for localising the input neuron in the SNN model. The 

size of the SNN model is scalable and controlled by three parameters: ὲȟὲȟὲ representing 

the numbers of neurons along x, y and z directions. This model is used to map the (x, y, z) 

coordinates of an STBD; so that, the spatial information of the data is preserved. The 

prominent attitude of spatially mapping the input variables are: (a) construction of accurate 

spatial models for STBD collected from these variables and (b) better understanding and 

interpretation of the STBD models, as models are labelled by different functional areas in the 

Talairach or other templates. 

If such spatial information is not available for some datasets, temporal variables can be 

efficiently mapped to the SNN models with respect to their temporal correlation. The 

temporal patterns of ὺ variables are first encoded into ὺ spike trains, and then correlation 

between these spike trains is measured. Variables are then mapped; so that, highly correlated 
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variables (highly time-dependent) will be mapped to nearby input neurons in an SNN model.  

Every neuron in an SNN model is a computational unit that can be simulated according to 

different models of a spiking neuron as described in Section 3.2. As being implemented, the 

LIFM is used here in NeuCube SNN model. LIFM is commonly used by neuroscientist in 

the literature (Eugene, 2004; Sterratt, Bruce, Andrew, & David, 2011) and has been also used 

in this thesis as a brain-inspired and efficient model for a proof-of-concept.  

3.6.2 Input Data Encoding 

The continuous time series of STBD variables that measure functional activity in the brain 

were encoded into spike trains. The timing of the spikes corresponds to the time of the 

changes in the STBD. A spike train, obtained after the encoding process, represents new input 

information to the SNN model, where the time unit might be different from the real time of 

the data acquisition (machine computation time versus data acquisition time). The spike 

trains were transferred into the SNN model via input neurons which are spatially allocated 

using the same (x,y,z) coordinates as positioned in a brain template. 

The existing implementation of the NeuCube is sustained by four different spike encoding 

algorithms including: 

¶ Benôs Spiker Algorithm (BSA). 

¶ Temporal Contrast (Threshold-based representationðTBR). 

¶ Step-Forward Spike Encoding Algorithm (SF). 

¶ Moving-Window Spike Encoding Algorithm (MW). 

The above spike encoding methods have different features when demonstrating input data. 

For encoding high frequency signals, it is more suitable to use BSA as it is based on the finite 
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impulse response technique and the original signal reconstruction is also easy. The BSA 

method produces only positive (excitatory) spikes, whereas using the other methods 

mentioned above, negative (inhibitory) spikes can be produced along with the positive spikes. 

As an example, the TBR encoding method was applied to a time series of one EEG channel 

data to transfer it into a sequence of spikes as shown in Figure 3-6. 

 

Figure 3-6 An example of encoding EEG data into sequence of positive (black) and negative spikes (red) using 

the TBR algorithm that is the format of the input data into the NeuCube SNN architecture. The image shows 

the first 500 data points of one EEG channel (the Cz channel) from (Capecci, et al., 2016). 

NeuCube learning is a two-phase process: (1) an unsupervised learning stage in an SNN 

model, where spatio-temporal relations from the input data are learnt and connection weights 

are evolved, and (2) a supervised learning stage, where the class information is associated 

with each training spatio-temporal samples. These learning processes are explained in 

Section 3.6.3 and Section 3.6.4 respectively. 

3.6.3 Unsupervised learning in SNN Models 

After mapping the spatial components of STBD to the SNN model, the neuron connectivity 

is initialised using the small-world connectivity as shown in (Tu, et al., 2014), which is a 

phenomenon observed in biological systems (Bullmore & Sporns, 2009; Braitenberg & 



 

       

51 

 

Schuz, 1998). In this rule, each neuron in the SNN model is connected to its nearby neurons 

which are within a radius Ὠ. These connections are later modified based on the learning of 

new incoming spikes in time during unsupervised learning which is performed based on the 

STDP learning rule (Song, Miller, & Abbott, 2000).   

STDP learning is performed through transferring spikes (in time) across spatially located 

synapses and modifying the synapses over time. In this learning, a neuronôs postsynaptic 

potential (PSP) increases by every input spike at time t to reach the firing threshold. Once 

the PSP exceeds this threshold, the neuron fires and sends a spike to the other neurons that 

are connected to it. In STDP learning, if neuron i fires before neuron j, the connection weight 

from i to j will increase, otherwise it will decrease. As a result, STDP adjusts the connection 

weights between neurons based on the relative timing of a particular neuronôs output and 

input spikes. In this study, the unsupervised learning allows for the SNN model to evolve its 

connections; so that, they capture spatio-temporal associations between STBD variables 

representing consecutive brain activities.  

3.6.4 Supervised Learning and Classification in Evolving SNN 

After the unsupervised learning is completed, for data classification/regression, dynamic 

evolving SNN (deSNN) (Kasabov, Dhoble, Nuntalid, & Indiveri, 2013) is used to train an 

output classifier based on an association between class labels and training samples. For each 

training sample, an output neuron is created and connected to each neuron in the trained SNN 

model. The initial connection weight between a neuron i from the SNN model and an output 

neuron j is defined by using the RO learning rule. After establishing the initial connection 

weights, the same data that have been used for unsupervised learning will be propagated 
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again through the trained SNN model, sample by sample. The spatio-temporal pattern of 

activation in the trained SNN model, evoked by each particular sample, will be used as input 

data to train an output neuron for recognising this pattern. The PSP of neuron j at time t is 

calculated as follow: 

 ὖὛὖὮȟὸ άέὨ ὡ  (3-11) 

where mod is a modulation factor (a parameter between 0 and 1) and order(i) is the time 

order of the following spikes to the connection between neurons i and j. Through this learning 

rule, the first spike that arrives at the output neuron j will have the highest value. Then, the 

connection weight ὡ  will be further modified according to the spike driven synaptic 

plasticity learning rule using a drift parameter, which is used to modify ὡ  to take into 

account the occurrence of the following spikes at neuron j at time t, denoted by ίὴὭὯὩὸ, 

i.e. if there is a spike arriving from neuron i at time t after the first one was emitted, the 

connection weight increases by a small drift value; otherwise, it decreases by drift as shown 

in the following: 

 
ὡ (t)= 

ὡ ὸ ρ ὨὶὭὪὸ         ὭὪ ίὴὭὯὩὸ ρ

ὡ ὸ ρ ὨὶὭὪὸ          ὭὪ ίὴὭὯὩὸ π 
 (3-12) 

The NeuCube classification accuracy is evaluated through cross-validation for different sets 

of parameter values and the best accuracy model is saved for recall purposes, for further 

analysis and adaptation on new data. The use of deSNN allows for a further adaptation of the 

NeuCube model on new data in an incremental way without re-training the model on old 

data. 
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3.6.5 NeuCube Parameter Optimisation  

The output classification accuracy depends on the combination of parametersô values. This 

combination can be optimised using different algorithms, such as: grid-search (exhaustive 

search), genetic algorithm, and quantum inspired evolutionary algorithm (Schliebs & 

Kasabov, 2013). Important parameters of a NeuCube model are:  

- ὝὄὙ: A self-adaptive bi-directional threshold for STBD encoding to spike trains. 

- d: Radius threshold for the initialisation of the SNN connectivity in small-world 

connectivity rule. 

- STDP learning rate (Ŭ): A parameter used to modify the connection weights according 

to repetitively arriving spikes to the synapses. If a neuron i fires before a neuron j, then 

its connection weight increases, otherwise it decreases with respect to the STDP learning 

rate (Ŭ).  

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

- deSNN classifier parameters: These parameters are: mod and drift.  

The trained NeuCube model of STBD can be dynamically visualised in a 3-D virtual reality 

space for the analysis of brain activities and for a better understanding of spatio-temporal 

relationships in the data (Kasabov, et al., 2016).  

3.7 Chapter Summary 

This chapter exposes an overview on computational models of SNNs and introduced the 

NeuCube SNN architecture for modelling STBD. A NeuCube model supports a meaningful 

mapping of spatial variables, modelling, learning and model visualising. In the NeuCube 



 

       

54 

 

architecture, the random connections in the LSM are replaced by meaningful brain-inspired 

connections and the learning procedure is based on STDP which captures the spatio-temporal 

interactions. These features make a NeuCube model meaningful in terms of its interpretation 

for a better understanding of spatio-temporal characteristics of data. The next chapter will 

demonstrate a feasibility analysis of the SNN for modelling of real-life STBD.   
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Chapter 4 SNN Feasibility Study on STBD  

4.1 Introduction  

In this chapter, I present the feasibility study of the NeuCube SNN architecture using two 

types of STBD, which are here real-life fMRI and EEG datasets. For each of these studies, I 

designed an empirical scenario which includes both pattern analysis and classification tasks. 

I constructed optimal SNN models and trained them with STBD samples. The trained models 

demonstrate the spatio-temporal interactions between the input data variables in a 

computational SNN model, rather than an exact structure of the brainôs physical neural 

connectivity. The SNN models are then used for classification of STBD samples with respect 

to different pre-defined mental activities. The models are also visualised in a 3-D space and 

statistically analysed to evaluate the level of significance. In addition, I performed a 

comparative analysis to illustrate how the designed SNN models resulted in an improvement 

of classification accuracy when compared with conventional methods.   

4.2 NeuCube Architecture for STBD Analysis 

NeuCube has been used to analyse several STBD such as EEG and fMRI to expose 

meaningful spatiotemporal patterns while different mental activities are performed. For 

examples, classifying EEG data for music versus noise perception (Kasabov, Hu, Chen, 

Scott, & Turkova, 2013); classifying EEG data with respect to different arithmetic tasks 
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(Kasabov & Capecci, 2015); classifying EEG data in relation to different levels of dementia 

(Capecci, et al., 2016; Capecci, et al., 2015); and fMRI data mapping and classifying to 

investigate how a reading task is processed in the brain (Murli, Kasabov, & Handaga, 2014).   

Now in this chapter, employing the NeuCube framework, I designed a new empirical study 

for pattern analysis and classification of STBD. The designed framework allows for 

measuring the level of confidence in the SNN models and this is accomplished according to 

the following steps (graphically illustrated in Figure 4-1):  

A) Pattern analysis: 

1. Design the experimentations. 

2. Preparation and sampling of the STBD according to the designed experiments. 

3. Encoding of the STBD into spikes. 

4. Spatial mapping of STBD into a 3-D SNN model. 

5. Unsupervised learning in SNN models, visualisation and interpretation of spiking 

activity and connectivity in the trained SNN models. 

B) Classification: 

1. Supervised learning and classification. 

2. Parameter optimisation.  

3. Statistical analysis of the SNN models. 
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Figure 4-1 A schematic representation of the NeuCube framework for STBD mapping, learning, visualising, 

and classifying. 

The above steps are performed for two feasibility studies on STBD: (1) a new study on fMRI 

data using SNN models; and (2) an SNN application on EEG data. In both studies, in order 

to evaluate the level of significance in the trained SNN models, I performed the following: 

I created one SNN model per class of data (each class contains n samples) and trained it 

through an iterative procedure of leave-one-out as follows (shown in Figure 4-2): 

1. The SNN model is initialised. 

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

the training). 

3. The average of the spatio-temporal connection weights in the trained SNN model is 

computed. 

4. The hold-out sample is replaced by another sample, then go to step 1 until all the samples 

are excluded from the training set, one by one (it means that a set of SNN models are 

initialised and trained with different folds of samples). 
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Figure 4-2 Unsupervised training iterations in SNN models by the leave-one-out method. For ὲ samples, the 

SNN model is initialised ὲ times, and trained by a fold of different ὲ ρ samples.  
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4.3 A New SNN Study on fMRI 

In this section, I demonstrate a new study on fMRI data modelling using SNN architecture 

by designing two experiments related to cognitive processes of reading sentences with 

different polarities and seeing pictures. These experiments include both classification and 

pattern analysis. 

The case study problem used here belongs to the STAR/PLUS fMRI data set, originally 

collected by Marcel Just and his colleagues at Carnegie Mellon Universityôs Center for 

Cognitive Brain Imaging (CCBI) (Just & Wang, 2001). STAR/PLUS fMRI data sets consist 

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

brain images per second) whilst healthy subjects were undertaking a cognitive task. The task 

consisted of a collection of trials, each started with presenting a stimulus (picture or sentence) 

that remains on the screen for 4 seconds. Then, a blank screen appeared for another 4 seconds. 

After that, a second stimulus (picture or sentence) was presented for the next 4 seconds. 

Subjects were required to press the button óYesô or óNoô to identify whether the sentence 

described the picture correctly or not. Finally, each trial was followed by a 15-second resting 

period before the beginning of the next trial. Every trial was 27 seconds in length 

corresponding to 54 fMRI data points. Further information related to the experiment setting 

and stimuli, which are not explicitly discussed here, can be found from (Mitchell, et al., 

2004). More information about the fMRI scanner, and the data pre-processing is presented in 

Appendix B. In the following, I present experiments A and B:  

- Experiment AðfMRI data analysis related to reading affirmative versus negative 

sentences: It relates to the modelling of fMRI data to study how different areas of the 
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brain were involved in the processing of different sentence polarities. Considering that 

the hemodynamic response is slow, for each sentence stimulus that displayed on screen 

for 4 seconds, I used 8 seconds of continuous fMRI data corresponding to 16 images, 

which involve a 4-second resting gap. There were 20 samples for class 1: reading 

affirmative sentences and 20 samples for class 2: reading negative sentences. I employed 

a feature selection method to select informative voxels associated with the highly 

activated brain regions in response to a reading-related task. With respect to the selected 

features, I designed here three sessions of classification problems, each was based on 

using different fMRI voxel features. 

- Experiment BðfMRI data analysis related to seeing pictures versus reading a sentences: 

It relates to modelling fMRI data to study the voxel activity patterns generated by 

different stimuli types (picture or sentence). The fMRI data were divided into two 

partitions (class 1: a subject was seeing pictures, class 2: a subject was reading sentences). 

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

experiment. 

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

selected from the STAR/PLUS website (Just & Wang, 2001). In this fMRI data, 25 

anatomical regions of interest (ROI) were defined as explained in Appendix B. 

The fMRI data dimension was defined by the x, y, and z voxel coordinates which compose a 

volume of 51×56×8 as mapped in Figure 4-4. In this dimension, 5062 voxels were recorded 

from the entire brain volume. Experimental results were illustrated here mainly for the visual 

exploration of the SNN models, but I also performed a quantitative analysis, where numerical 

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

The brain is a complex information processing system. When fMRI data are recorded from 

the whole brain volume, considering the fact that various areas are involved for processing 

the input stimuli, this is essential for machine learning to identify the involved and activated 

voxels for the purpose of bias reduction. Therefore, as I designed my experiments with 

regards to the analysis of certain stimuli sets (pictures and sentences), I suggested that a 

feature selection needs to be employed to extract the important voxels (relevant to the 

cognitive task). In such a way I could ignore the involvement of irrelevant areas. 

To this end, I applied the signal-to-noise ratio (SNR) method to select the more vital fMRI 

voxels with a high power of discrimination between the defined classes. The name ósignal-

to-noise ratioô is a ójargonô for a well-known statistical method that evaluates how important 

a variable is to discriminate samples belonging to different classes, one class named as 

ósignalô and the rest as ónoiseô (being unwanted data). For the case of the two-class problem, 

an SNR ranking for variable ὼ is calculated as an absolute difference between the mean value 

Аρὼ of the variable for class 1 and the mean Аςὼ of the variable for class 2, divided by the 

sum of the respective standard deviations as follows.  

  
 

ὛὔὙ
ὥὦίАρὼ Аςὼ

ὛὸὨρὼ ὛὸὨςὼ
 (4-1) 

Figure 4-3 illustrates the selected voxels from the fMRI data for each of the two experiments 

A and B, while Table 4-1 shows how many of these voxels belong to which region of interest 

(ROI). It can be concluded from Table 4-1 (left column) that when the subject was faced with 

different sentence polarities, the selected fMRI voxels (6 voxels) were located at Left 
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Dorsolateral Prefrontal Cortex (LDLPFC), which belongs to the middle frontal gyrus (lateral 

part of Brodmann areas 9 and 46). Table 4-1 (right column) reports about the case when the 

subject was dealing with pictures/sentences stimuli, and it shows that the more activated 

fMRI voxels belonged to Calcarine (CALC) in Brodmann area 17.    

4.3.2 FMRI Data Mapping into SNN Models 

I defined two mapping structures:  ὓ  relates to personalised mapping of an individual fMRI 

coordinate and  ὓ  relates to transferring an individual fMRI coordinate into the Talairach 

atlas. Figure 4-4 relates to mapping ὓ , which illustrates the spatial mapping of 5062 voxels 

into an SNN model. Input neurons are allocated and labelled to represent the pre-selected 

input voxels as per the selection in Table 4-1. Figure 4-5 illustrates that mapping ὓ was 

used to transfer the coordinates of the pre-selected voxels and map them into an SNN model 

of 1471 spiking neurons according to the Talairach brain template.  

4.3.3 Unsupervised Learning and Pattern Visualisation in SNN Models 

In Experiment A, Figure 4-6 (a) shows the initial connections in the SNN model and Figure 

4-6(b) shows the modified connections after the STDP unsupervised learning process using 

the fMRI samples related to both affirmative and negative sentences. Figure 4-6 (b) shows 

that more and stronger connections were generated in the left hemisphere than in other areas. 

These connections were established because of more spikes transferred between the neurons 

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

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

processed in several areas, and mostly observed in the Left Dorsolateral Prefrontal Cortex, 
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Broca, and Wernicke as confirmed in (Yuasa, Saito, & Mukawa, 2011). Figure 4-7 (a) shows 

the SNN model connectivity related to fMRI samples of the affirmative sentences, while 

Figure 4-7 (b) relates to the negative sentences. 

The observed connectivity from Figure 4-7 confirms that the subject performed differently 

when reading an affirmative (average connection weights=0.61) versus negative sentence 

(average connection weights=1.7). Table 4-2 represents the quantitative information about 

the averag connection weights around each input neuron (input fMRI voxel) that shows the 

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

It can be seen from Table 4-2 and Figure 4-7 that the connectivity was especially enhanced 

between the input neurons located in the left hemisphere of the SNN model when reading 

negative sentences. Distribution of the SNN connection weights around the input voxels 

located in the left and right hemispheres are illustrated in Appendix B, Figures B-1 and B-2.



 

       

 

 

Figure 4-3 The SNR ranking (on the y-axis) of top voxels (on the x-axis) related to (a) the affirmative versus negative sentences and (b) the pictures versus sentences. The 

top voxels were selected according to their SNR values that were greater than a threshold= 0.4.
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Table 4-1 Informative voxels are selected sing an SNR feature selection from two fMRI data sets. The voxels 

were selected due to their SNR values were higher than a threshold= 0.4. 

Activated ROIs in Affirmative vs Negative 

sentence task (number of voxels selected in Figure 
4-3 (a) that belong to each of these regions).  

Activated ROIs in Picture vs Sentence task (number of 

voxels selected in Figure 4-3 (b) that belong to each of 
these regions).  

LT (3), LOPER (3), LIPL (1), LDLPFC (6), RT (2), 
CALC (1), LSGA (1), RDLPFC (1), RSGA (1), RIT (1) 

CALC (5), ROPER (3), LT (4), LOPER (3), LSPL (1), RIPS 
(3), LPPREC (1), RT (4), LFEF (1), LDLPFC (3), RDLPFC 
(1), LIPS (2), RPPREC (1), LIT (1) 

The SNN connections in Figure 4-7 were captured when the models were trained with all of 

the 20 fMRI samples from affirmative sentences, Figure 4-7 (a), and 20 fMRI samples from 

the negative sentences, Figure 4-7 (b). Now, to evaluate the confidence of the designed SNN 

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

statistically significant, I designed an iterative procedure of unsupervised learning through a 

leave-one-out method. As shown in Figure 4-2, at each iteration the SNN model is first 

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

training while the rest of samples are involved. Then the average of the connection weights 

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

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

procedure is terminated when all the samples were replaced by the holdout sample, one by 

one. 



 

       

 

 

 
 

Figure 4-4 The fMRI data dimension of one person is defined by the maximum value of x, y, and z coordinates of voxels that forms a volume size of 51×56×8. In this 
dimension, 5062 voxels are captured. These voxel coordinates are mapped into an SNN model. The selected top-informative voxels in Table 4-1 for each experiment are 

used as input variables and their ROIs are shown in the text boxes. (a) Affirmative versus negative sentences; (b) Pictures versus sentences. 
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(a)                                                                                                             (b) 



 

       

 

 

 

Figure 4-5 The coordinates of the top-informative voxels in Table 4-1 are transferred to the Talairach and used as input variables, shown as circles along with the ROIs (as 

text in the boxes) for (a) affirmative versus negative sentences and (b) pictures versus sentences. 
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Figure 4-6 (a) The initial connections in the SNN model; (b) The learnt connections (absolute connection weights>0.08) after STDP unsupervised learning using fMRI 

data of both affirmative and negative sentences (20 fMRI samples for affirmative sentence and 20 fMRI samples for negative sentences). The SNN models are mapped 

using the Talairach atlas with an allocation of 20 input voxels (Experiment A). 

 

 

7
0 

(a)                                                                                                                      (b)                                                  



 

       

 

 

 

Figure 4-7 (a) The learnt connections (absolute connection weights>0.08)  in an SNN model when only the fMRI samples of affirmative sentences were used (20 fMRI 

samples); (b) The learnt connections in an SNN model when only the fMRI samples of negative sentences were used (20 fMRI samples). 

 

Average connection weights 0.61 Average connection weights 1.7 

7
1 

(a)                                                                                                              (b)                                



 

       

72 

 

 
Figure 4-8 (a) Connectivity of an SNN model trained on fMRI data related to seeing pictures; (b) Connectivity 

of an SNN model trained on fMRI related to reading sentences; (c) 2-D coronal projection of the connectivity 

of the SNN model from Figure 4-8 (a); (d) 2-D coronal projection of the SNN model from Figure 4-8 (b). 

Connection weights>0.08. 

Table 4-3 reports the average of the connection weights in SNN models over 40 training 

iterations (20 samples of affirmative and 20 samples of negative classes). I applied a t-test to 

the connection weights of these iterations as reported in Appendix B, Table B-1. The ὴ-
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value=1.3E-07 represented that the trained SNN models of affirmative and negative 

sentences are statistically significant. 

In experiment B, which relates to the fMRI data analysis of the picture versus sentence 

observation task, Figure 4-8 (a) shows the learnt connections in an SNN model using samples 

of seeing pictures and Figure 4-8 (b) relates to reading sentences. Figure 4-8 (c) and Figure 

4-8 (d) show the 2-D visualisations of the connectivity from Figure 4-8 (a) and Figure 4-8 

(b) correspondingly. After training the SNN model with the fMRI samples of seeing pictures, 

Figure 4-8 (a) and Figure 4-8 (c) represent stronger spatio-temporal connections between 

neurons located in the parts of the brain dedicated to vision, such as the Calcarine (CALC) 

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

On the other hand, as shown in Figure 4-8 (b) and Figure 4-8 (d), when the SNN model was 

trained with spike trains that represent fMRI data related to sentence stimuli, the connections 

were mostly enhanced in the left hemisphere, particularly, in the Broca and Wernicke areas. 

This corresponds to the studies about brain areas involved in language comprehension. Figure 

4-9 shows the SNN model connectivity after STDP unsupervised training with the use of two 

different data sets related to affirmative sentences and negative sentences. Figure 4-10 

illustrates the SNN models trained on fMRI data of seeing pictures and reading sentences. 

Figure 4-9 illustrates that stronger connections were generated between the neurons located 

in the left hemisphere, significantly in the LDLPFC region, when reading negative sentences 

instead of affirmative sentences. 



 

       

 

 

 

Figure 4-9 2-D coronal projection of the adapted connections in the SNN models after unsupervised learning with two data sets related to affirmative sentences (a) and 

negative sentences (b). The positive connections are shown in blue and negative ones in red (absolute connection weights>0.08). 
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Figure 4-10 2-D coronal projection of the adapted connections in the SNN models after unsupervised learning with two data sets related to (a) seeing  pictures and (b) 

reading sentences. The positive connections are shown in blue and negative ones in red (absolute connection weights>0.08).
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Table 4-2 Average connection weights around each input neuron in the trained SNN models from Figure 4-7 related to affirmative (A) and negative (N) sentences. The 

sum of the average connection weights across all the input neurons in each SNN model is reported in the last column. 

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

N 1.4 0.92 1.87 1.03 2.08 1.12 1.48 0.44 0.2 0.89 1.84 1.03 1.9 0.45 1.1 1.26 0.56 0.19 0.43 1.4 1.7 

A 0.9 0.56 1.01 0.87 1.03 0.65 0.89 0.23 0.1 0.43 1.04 0.68 1.1 0.17 0.8 0.24 0.22 0.11 0.32 0.9 0.6 

 

Table 4-3 Average connection weights of the trained SNN models for each iteration. Two SNN models were trained over 40 iterations (20 iterations for Affirmative (A) 

and 20 for negative (N) sentences) using different folds of samples. At each iteration, one sample was taken out from the training and the model was trained by the 

remaining samples. This procedure was repeated for all the 20 samples for both affirmative and negative sentences. The ὴ-value represents that the trained SNN models 

of affirmative and negative sentences are statistically significant 

 

 

 

 
Table 4-4 Average connection weights of the trained SNN model for each iteration. Two SNN models were trained over 80 iterations (40 iterations for pictures and 40 for 

sentences) using different folds of samples. At each iteration, one sample was taken out from the training set and the model was trained by the remaining samples. This 

procedure was repeated for all the samples in both classes. The ὴ-value represents that the trained SNN models of pictures and sentences are statistically significant. 

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

Picture 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

1.02 1.98 1.2 1.8 1.7 1.1 1 0.93 0.96 1.3 1.1 0.99 1.05 1.6 1.6 1.5 1.8 1.3 1.8 0.9  

21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 

1.4 1.6 1.8 1.5 1.1 0.98 1.9 1.3 1.3 1.8 1.59 0.8 0.7 0.92 1.9 1.1 1.2 0.8 0.9 1.7 
 

Sentence 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

0.8 0.98 1.1 1.1 1.9 1.3 1.4 1.3 1.1 0.98 0.99 1.1 1 1.4 1.2 1.1 1.3 1.1 1.2 0.89 
 

21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 

0.78 0.98 0.7 1.2 1.6 1.7 1.3 0.9 0.9 1.1 1.3 0.9 1 1 0.89 0.79 1.1 1.1 1.2 1.3 
 

 Picture class mean: 1.32         Sentence class mean: 1.1     Picture SD: 0.3       Sentence SD:0.2          ὴ-value:0.006 

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

N 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

1.3 0.98 1.3 1.07 0.89 1.23 1.09 1.52 1.21 1.05 1.23 1.01 0.98 1.06 1.6 1.4 1.7 1.8 1.32 1.3 
 

A 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 

0.71 0.6 1.01 1.2 0.71 0.78 0.67 0.98 0.78 1.01 0.98 0.56 0.62 0.49 0.81 0.71 0.99 0.7 0.74 0.83 
 

 Negative sentence class mean: 1.16   Affirmative sentence class  mean: 0.73   Negative sentence SD: 0.25     Affirmative sentence  SD: 0.18    ὴ-value=1.3E-07 
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On the other hand, Figure 4-10 shows that visual areas were more activated than other areas 

when seeing pictures. The SNN models were trained several times using different folds of 

the data (leave-one-out method as shown in Figure 4-2). To evaluate how the trained SNN 

models were statistically significant, I applied a t-test as reported in Table 4-2 , Table 4-3 

and Table 4-4. 

4.3.4 Classification in SNN Models 

The classification task was performed using a Leave-one-out Cross Validation (LOOCV) 

method. In this method, only one sample is picked up as the test set and a model is built using 

all the remaining samples (training set). Then the trained model is tested using the single 

holdout sample. The final classification accuracy is obtained by repeating this procedure for 

each of the samples and averaging the results. For optimisation, I performed an exhaustive 

grid-search on combinations of parameters for every sample model, as explained in Appendix 

B, Table B-2. The performance of the classifier was measured using the Ὂ  to evaluate 

the testôs accuracy, as explained in Appendix C, Section C.7. 

Table 4-5 summarises the fMRI data classification accuracy of the affirmative sentence class 

versus negative sentence class obtained through three sessions (different voxel features were 

selected as represented in Table 4-1). The results were also compared with results obtained 

using conventional machine learning methods. The methods that I used for comparison were: 

SVM, MLR, MLP and Evolving Clustering Method (ECM). I also compared them with the 

results obtained by Behroozi in (Behroozi & Daliri, 2014) that employed SVM method for 

classification of the fMRI samples. It can be seen from Table 4-5  that the designed SNN 

models achieved better classification accuracy when compared with conventional methods. 

Table 4-6 represents the classification accuracy of picture versus sentence classes obtained 
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using the designed SNN models and conventional machine learning methods. In both 

experiments A and B, the SNN models leant the fMRI patterns from sets of streaming spatio-

temporal data over time. In contrast, the same fMRI data were learnt in the conventional 

machine learning methods as vector-based data, where vectors were formed through the 

concatenating of temporal frames. 

Table 4-5 Classification accuracy of the affirmative sentences (class C1) versus negative sentences (class C2) 

via an SNN model using the LOOCV method. The results of conventional machine learning methods along 

with the SVM classification results from (Behroozi & Daliri, 2014) are also reported. The experiment is done 

on a total number of 40 samples (20 samples per class).  

Method Sessions and selected voxels for classification C1 

(Affirm)  

C2 

(Negat) 

Average  ╕╢╬▫►▄ 

 

NeuCube 
Session I: 20 voxels selected from Table 4-1 

(left column) 

85.00 95.00 90.00 88.00 

Session II: 20 pre-selected voxels from RDLPFC 
region 

85.00 80.00 82.50 84.00 

Session III: 20 pre-selected voxels from LDLPFC 
region 

90.00 85.00 87.50 84.00 

SVM results  

obtained in 

(Behroozi & 

Daliri, 2014) 

Session I: classification based on the LDLPFCôs 
voxels 

64.00 68.00 66.00 ð 

Session II: classification based on the RDLPFCôs 
voxels 

65.00 69.00 67.00 ð  

SVM SVM Kernal: Polynomial, Degree, Gamma, N/A : 1 70.00 75.00 
 

73.00 71.00 

MLP  Number of Hidden Units=180, Number of Training 
Cycles=600, 
Output Activation Function- linear.  

 
75.00 

 
65.00 

 
70.00 

 
71.00 

ECM Maximum Field Radius=2; Minimum Field 
Radius=0.01, M of N=3,  

65.00 70.00 70.00 67.00 

MLR  Class Performance Variance=0.26 65.00 60.00 63.00 65.00 

Table 4-6 Classification accuracy of pictures (class C1) versus sentences (class C2) obtained via an SNN model 

using the LOOCV method. The results of the conventional machine learning methods are also reported. The 

experiment is done on a total number of 80 samples (40 samples per class). 

Classification accuracy results from NeuCube-based model Accuracy 

Method Session and selected voxels for classification C1 

(Pic) 

C2 

(Sen) 

Average Ὂ  

NeuCube Session I: 33 voxels selected from Table 4-1 (right 

column) 

95.00 90.00 92.00 90.00 

Classification results from conventional machine learning methods 

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

MLP Number of Hidden Units: 304, Number of Training 
Cycles: 300 
Output Activation Function: linear 

75.00 77.00 76.00 75.00 

ECM Maximum Field R.=1; Minimum Field R.=0.01; M of N= 
3 

82.00 72.00 77.00 79.00 

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

Employing the NeuCube framework for EEG, I designed three sessions of experiments, each 

includes both classification and pattern analysis as explained in Section 4.2. The EEG data 

were recorded via 26 EEG channels: Fp1, Fp2, Fz, F3, F4, F7, F8, Cz, C3, C4, CP3, CPz, 

CP4, FC3, FCz, FC4, T3, T4, T5, T6, Pz, P3, P4, O1, O2, and Oz electrode sites (10-20 

International System) whilst participants performed a cognitive GO/ NOGO task. The EEG 

data were recorded from 70 participants in three groups as follows: 

(a) The Methadone Maintenance Treatment (MMT) group containing 31 subjects (17 male, 

14 female) with a mean age of 39.36, standard deviation (SD)=5.14, was recruited by 

recommendations from the case managers of Auckland Community Alcohol Drug Services 

(CADS), New Zealand. The current methadone dose was 70.86 (SD=40.61; range 8ī180) 

mg/day.  

(b) The Opiate users (OP) group containing 18 subjects (11 male, 7 female) with a mean age 

of 37.38 (SD=7.44), was recruited from the Auckland Drug Information Outreach (ADIO) 

Trust Needle Exchange Services.  

(c) The Healthy control (H) group containing 21 subjects (11 male, 10 female) with a mean 

age of 36.12 (SD=6.61), was recruited by advertisements (notices posted on notice boards) 

distributed in a range of local communities, such as the public library, shopping mall, cafes, 

or by word of mouth. The designed cognitive task was as follows: 

During the GO/NOGO task, participants were repeatedly presented with the word óPRESSô, 

which appeared randomly either in red or green.  They were instructed to press a button in 

response to the green óPRESSô (GO) and not respond to the red óPRESSô (NOGO). Further 
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information about the GO/NOGO task, EEG data recording, participants and demographic 

and clinical measures are presented in Appendix C. In order to analyse the EEG data, I 

designed three experimental sessions on the recorded data, each of which investigated 

different EEG epochs as follows: 

- Session I:  I prepared six EEG sample files, each containing EEG epochs measured from 

one group (MMT/ OP/ H subjects) per cognitive task (GO versus NOGO). Then each 

sample file was entered separately into the SNN model to capture the differences between 

the brain activity patterns of different groups of participants performing GO versus 

NOGO responses. 

- Session II: I only studied the EEG epochs related to the GO trials to compare the brain 

activity patterns of different groups when performing the same cognitive task.  

- Session III: I only studied the EEG epochs related to the NOGO trials as these trials are 

of common interest in studies on response inhibition.   

The organisation of the EEG samples, as used for each of these sessions, is presented in Table 

4-7.   

4.4.1 Pattern Analysis in SNN Models  

To evaluate how the SNN models can capture different patterns when they are trained by 

different classes of data, I visualised them and statistically analysed their spatio-temporal 

connectivity. Figure 4-11 illustrates the connectivity in SNN models, each was trained by 

one-fold EEG data (20 samples as the training set when one sample was holdout) from H 

group in both GO and NOGO. It can be seen from Figure 4-11 that the average connection 

weights in the trained SNN model of H subjects was smaller in NOGO trials (0.06) when the 
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response had to be withheld in comparison with GO trials (0.1) when the response was 

required. Figure 4-12 and Figure 4-13 illustrate the SNN models trained with one-fold EEG 

data respectively from MMT and OP groups related to GO and NOGO trials. For both MMT 

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

respectively) were greater than those induced by the GO trials (0.1 and 0.08 respectively). 

As can be seen from Figure 4-11 to Figure 4-13, the SNN models were trained by only one-

fold EEG data as the training set. Now, in order to evaluate the level of confidence for the 

models, Table 4-8 to Table 4-10 report the average connection weights of the SNN models 

that were trained over a number of iterations using different folds of the EEG samples (leave-

one-out method). Table 4-8 shows that the SNN models of H subjects were trained over 42 

iterations (21 iterations per class: GO and NOGO) using different folds of samples. At each 

iteration, one sample was holdout, then the model was trained using the remaining samples. 
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Table 4-7 EEG data sets for the three experimental sessions to compare the brain activity patterns of the H, 

MMT, and OP subjects in a GO/NOGO task. Due to the quality of the data, some participantsô data were omitted 

from the experimental sessions. 

Session I:  EEG data sample files for GO versus NOGO classification 

classifications Samples per class EEG sample file size 

 
GO trials class (68 participants) 

21 Healthy subjects 
18 OP subjects 
29 MMT subjects 

75 EEG time points * 26 channels * 21 samples 
75 EEG time points * 26 channels * 18 samples 
75 EEG time points * 26 channels * 29 samples 

NOGO trials class (70 participants) 21 Healthy subjects  
18 OP subjects 
31 MMT subjects 

75 EEG time points * 26 channels * 21 samples 
75 EEG time points * 26 channels * 18 samples 
75 EEG time points * 26 channels * 31 samples 

Session II: EEG data sample files captured during GO trials 

MMT class vs H class (50 
participants) 

29 MMT subjects (class 1) 
21 Healthy subjects (class 2) 

75 EEG time points *26 channels *50 samples 

OP class vs  H class (39 participants) 18 Opiate subjects (class 1) 
21 Healthy subjects (class2) 

75 EEG time points *26 channels *39 samples 

MMT class vs OP class (47 
participants) 

29 MMT subjects (class 1) 
18 Opiate subjects (class 2) 

75 EEG time points *26 channels *47 samples 

Session III: EEG data sample files captured during NOGO trials 

MMT class vs H class (52 
participants) 

31 MMT subjects (class 1) 
21 Healthy subjects (class 2) 

75 EEG time points *26 channels *52 samples 

OP class vs  H class (39 participants) 18 OP subjects (class 1) 
21 Healthy subjects (class2) 

75 EEG time points *26 channels *39 samples 

MMT class vs OP class (49 
participants) 

31 MMT subjects (class 1) 
18 OP subjects (class 2) 

75 EEG time points *26 channels *49 samples 

This procedure was repeated for all the 21 samples in both GO and NOGO (42 training 

iterations in total). Table 4-9 is related to MMT group and that shows the SNN models were 

trained over 60 iterations (29 iterations for class GO and 31 iterations for class NOGO) using 

different folds of samples. Table 4-10 is related to OP group and that shows the SNN models 

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

folds of samples. 

To evaluate how the SNN models of GO and NOGO were statistically significant, I applied 

a t-test to the average connection weights at each of the training iterations. The corresponding 

ὴ-values are reported in the tables. The ὴ-value in all the experimental sessions is less than 

0.05, which shows that the results are statistically significant with a high confidence, greater 

than 99%. Further quantitative information about the interactions between the EEG variables 

in the SNN models during STDP learning is presented in Appendix C, Section C.6. 
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4.4.2 Classification in SNN Models 

The classification task was performed using the LOOCV method. The performance of the 

classifier (reported in Table 4-11) was measured using the Ὂ  (explained in Appendix C, 

Section C.7). For optimisation, I performed an exhaustive grid-search model as explained in 

Appendix C, Section C.8. 

Table 4-12 presents the classification accuracy obtained using other machine learning 

methods, which are still being actively used in literature for classification of STBD. The 

methods used for comparison were: SVM and MLP. The classification accuracy results of 

these methods are reported in Table 4-12. The parameter optimisation procedure and EEG 

data preparation for the conventional classifiers are presented in Appendix C, Section C.9.  
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Figure 4-11 Visualisation of the SNN model connectivity of the H group (absolute connection weights>0.08) 

after the STDP learning with EEG data of 26 features (channels) for GO and NOGO trials. The average of the 

connection weights in each trained SNN model is also presented. The blue lines are positive (excitatory) 

connections, while the red lines are negative (inhibitory) connections. The thickness of the lines identifies the 

weight of the connection. The 1471 neurons of the SNN model are spatially mapped according to the Talairach 

atlas (Koessler, et al., 2009). The SNN models are visualised in 3-D (top) and 2-D coronal projection (bottom).  
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