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Abstract 

Many neurological conditions present in today’s society require expert analysis 

from imaging and electrophysiological studies with a significant portion of effort 

dedicated to understanding the processes that underpin the physiological and 

pathological activity identified. This rapidly expanding field of neuroscience has 

provided insight into potentially the most complex and enigmatic system, the 

brain, which is under constant dynamical change in both time and frequency. 

However, this field has only begun to scratch the surface of neurological 

oscillations and the clinical manifestations that it produces. 

 

The purpose of this research directly relates to these oscillations within the brain 

that produce the physiological and psychological requirements of man, and also 

pathological conditions. The thesis is broken into five sections, the first of which 

explores the limitations, modalities, methodological approaches and standard 

frequency ranges that are used in modern neuroscience.  

 

The wide spectrum of frequencies from all regions of the brain, are then explored, 

in pursuit of understanding voluntary movement. Historically, this task was 

performed visually or semi-automated with visual confirmation. These cortical 

oscillations are addressed with a multi-frequency framework for identification 

and quantification of defining characteristics, such as onset, duration, frequency 

and amplitude. This provides an objective and automatic methodology to better 

understand the distribution of these oscillations for several movement tasks. 

 

Extending the previous work, a sample of cortical oscillations is isolated from key 

motoric regions to identify the plausibility of different architecture for a brain 

computer interface. Although brain computer interfaces have existed for a few 

decades, a hierarchical structure is proposed that is informed by the previously 

identified distribution of movement related cortical potentials. This work also 

expands on a significant impediment for future utility by incorporating ‘non-
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movement’ into the classification procedure and hence paves the way for out-of-

the-lab brain computer interfaces. 

 

The remaining two chapters then investigate pathological activities within the 

cerebral cortex to understand their relevance within a significant neurological 

population suffering from refractory epilepsy. 

 

A significant debate in the literature stems from the whether movements during 

nocturnal hours are pathological or physiological in nature. Previous reports have 

strong arguments for both possibilities, however the results are primarily from 

visual reports. To provide new insight into this field, a high frequency band is 

explored in relation to nocturnal activity, seizure semiology and ictal activity. The 

novel exploration and signal processing methods used substantially indicate in 

favour of a physiological response. However this also harmonises with 

pathological hypotheses as the network that is responsible for the movements is 

identified revealing how its instability can be provoked by epileptic discharges. 

 

Lastly, a highly accurate and clinically relevant tool for the localisation of epilepsy 

for patients undergoing stereo-electroencephalographic monitoring is produced. 

The method used builds upon a previous method however, significant 

modification is applied to the extraction and quantification of two features used in 

their work. These features, a multi-band, high frequency descending chirp and 

significant loss of lower frequencies are extracted using robust image processing 

techniques and quantified for classification. Exponential weights are added to the 

features after a leave-one-out analyses to identify the ratio of the features which 

best predict channels that are within the epileptogenic zone. This zone represents 

the minimum required volume to be resected for patients to achieve seizure 

freedom. This method provides a second, objective opinion about the presentation 

of refractory epilepsy, assisting clinicians with the difficult task of surgical 

evaluation. The method is also fully autonomous, non-parametric and provides a 

rank value, all of which are novel with respect to most previous localisation 

programs.  
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Chapter 1 

1 Introduction 

Electrical activity of the brain is the focus of this work, with an importance in the 

temporal and spatial domains and importantly the physiological outcome of 

oscillatory systems in the brain. In this introduction the relevant physiological and 

pathological oscillations inherent in the brain will be outlined to establish what is 

currently known of their function, along with methods to extract and quantify 

them. 

 

1.1 Frequencies of the brain 

The brain is a complex system, with constant dynamical change on a temporal and 

spatial scale. Connections are formed through synchronisation of neural 

populations during a temporal window [1]. The connections formed between 

these scales, in both time and space, facilitates the psychological and physiological 

requirements in humans. These connections are formed when a neural population 

synchronises its frequency with another population, or populations, in order to 

communicate across spatial scales [2, 3]. Connections can be established with 

multiple cortical regions and with parallel frequency communication. The 

amplitude of oscillations in the brain has been shown to follow an inverse 

frequency to power relationship [4]. From this, it has been suggested that there 

exists a hierarchy of frequency, where the higher the frequency the more spatially 

contained the activity [2]. It has also been shown that lower frequencies are 

prevalent in the modulation of high frequencies, gating the activity of localised 

events [5, 6]. The sensitivity of recording modalities to capture these spatial and 

temporal relationships, measured in frequency bands, imposes a limitation on 

both of these domains. A trade must be made with the spatial and temporal 

information available, by placing a preference on the lower-frequency spatially 

separated oscillations, or high frequency spatially contained activity, or a mix by 



Chapter 1. Introduction 2 

using different recording modalities. Here common frequency bands, their neural 

recording modalities along with their limitations are outlined. 

 

1.1.1 Frequency bands 

Although possible to record almost any frequency at each spatial scale, certain 

bands have been found to have strong clinical relevance, especially to the 

electroencephalogram (EEG), the most common technique for neural monitoring. 

These bands feature frequently in literature. In saying this, the localisation of the 

source is necessary as certain anatomy of the brain have frequency profiles that 

would appear pathological in other anatomy. Furthermore, numerous other 

frequency bands coexist or have variations to the standard frequency definitions. 

They often have special physical or psychological manifestations, but here only 

the commonly referenced ranges are mentioned.  

 

Delta 
The Alpha frequency range was the first frequency band identified [7], hence its 

name, but William Grey Walter first established that all frequencies below Alpha 

were in the Delta range [8]. He later went on to subdivide this range into two 

bands, Delta and Theta, where the Delta band now is commonly understood to be 

all frequencies below 3.5 Hertz (Hz), or occasionally 4Hz depending on some 

groups preferences. Delta activity is prominent during infancy, reducing 

significantly after adolescence, but is ever present during stage 4 sleep [9]. 

Abnormal Delta activity has been identified in multiple neurological conditions 

such as schizophrenia [10, 11], and also certain ADHD groups [12]. 

 

Theta 
The upper half of the Delta subdivision by William Grey Walter is the Theta band, 

which extends from 4 Hz to 8 Hz and was named due to a belief in a thalamic origin 

[8]. The Theta band has been implicated in memory function [13] especially under 

hypnosis [14], and  has also been shown to have relevance in multiple neurological 

conditions such as ADHD subgroups different to the Delta subgroups [12] and 

auditory schizophrenic hallucinations [15] to name a few. 
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Alpha 
The Alpha frequency was the first identified by electroencephalographer Hans 

Berger, as approximately 10Hz, which was best identified in the occipital region 

[7]. He documented that the rhythm would be suppressed when a persons eyes 

were opened, or they gave mental attention to a task, returning to normal levels 

afterwards. With the improvement of recording technology, this band was 

widened and several constraints were applied. The Alpha band is now from 8 – 

13Hz, and is maximal in the posterior quarter, with suppression of the band due 

to mental attention and eyes opening [16]. The band shares the frequency range 

with other specific bands, such as the movement centric ‘Mu’ band, which is found 

in a spatially different region called the motor cortex [16]. The spatial differences 

of the overlapping bands and their reactivity to stimuli have justified the separate 

names to avoid confusion. It has been shown that Alpha frequencies have a strong 

correlation to the age-related changes of the brain; a lower Alpha frequency is 

exhibited in children, around 8Hz, increasing to just above 10Hz during adulthood 

[17]. This rhythm then slows through aging, and potentially is a good marker of 

cognitive function and neurodegeneration [18]. 

 

Beta 
The Beta band succeeds the Alpha band and is capped by the Gamma band, 

extending from 13Hz to 30Hz. Beta activity is most prevalent in wakeful 

consciousness but is typically considered a band of variable, but ‘normal’ cognitive 

activity. The strongest finding of Beta activity comes from movement, where the 

band is suppressed during voluntary movement similar to Mu [19]. Furthermore, 

it has been shown movement difficulties in Parkinson’s patients potentially are 

due to reduced Beta activity which is thought to cause akinesia, rigidity [20], 

movement inhibition and reduced reaction times [21]. Another source of Beta 

activity comes from certain medications such as benzodiazepines and 

barbiturates [22]. 

 

Gamma 
The previous frequency bands, Delta, Theta, Alpha and Beta are all regularly 

recorded on the scalp, the Gamma band on the other hand, ranging from 30 to 

80Hz is less common extracranially, due to filtering from skin, skull and meninges 
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[23] or potentially erroneously identified from contaminants such as muscle 

activity and power line noise [24]. However, in intracranial studies, Gamma band 

has been recorded consistently during memory encoding and mental arithmetic 

[25-27]. In these cases though, other, slower frequencies were strong modulatory 

factors of the Gamma activity. 

 

HFO 
High frequency oscillations (HFO’s) are even further spatially constrained 

frequencies, typically recorded using dense needle like arrays called micro arrays. 

HFO’s are frequencies greater than Gamma band, but with the improvements in 

spatial resolution and higher sampling rates, two subdivisions have been made. 

The ripple band is between 80 – 250Hz and fast ripples (FR) extend from 250 – 

500Hz. Although neural frequencies are not constrained only to 500Hz, research 

is limited by the spatial resolution in recording higher than FR range. HFO’s 

primary interest comes from epilepsy groups as they have demonstrated a strong 

correlation between HFO activity and the seizure onset zones [28]. 

 

Mu 
Although not a traditional frequency band, the Mu band has had significant 

interest for its movement potentials. The Mu band, and its suppression throughout 

physical movement, was first described as the attenuation of a band of frequencies 

identified after averaging its power of several trials on the EEG electrodes atop of 

the sensorimotor region of the skull [29]. Over the years this phenomena was re-

described with others suggesting different names for the rhythm, and also 

adjusting the frequency range. Gastuat [29] in 1952 called it the rolandic Mu 

rhythm, denoting it as 7.5 – 12.5 Hz, which was roughly the same as Berger’s Alpha 

band, which he described as the idle frequency of the sensorimotor region in-

differential to the occipital resting frequency [30]. In 1993, Ernst Niedermeyer 

named the band the wicket rhythm with frequency band 9-13 Hz [31]. Sterman 

[32] found the band to be 12-15Hz and called this band the sensory motor rhythm. 

Most groups documented a lower frequency range for extra-cranially measured 

Mu band, than the intracranial Mu band. Sochurkova, et al. [33] found statistically 

significant event related synchronisation in the 16-24 Hz band during their SEEG 

research. Extending even higher, William Szurhaj and colleagues in 2003 and 2006 
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using SEEG found the low Gamma band (40 – 60Hz) synchronised during ongoing 

movement. Pfurtscheller, et al. [34] found that the Mu rhythm was between 10 – 

20Hz and also identified that the SMA has its own intrinsic Mu band, different to 

the motor cortex. This has led researchers to believe there are different idle 

frequencies per anatomical structure justifying the relatively distributed finds by 

each group. 

 

Along with the selection of mu band in movement research, researchers have 

constrained their search of movement related cortical potentials to the motor 

cortex, SMA or sensory cortex has been commonplace. Although this selection is 

logical, it blinds researchers to the potential of other informative structures and 

frequencies for movement articulation and control. Additionally, as suggested in 

Pfurtscheller, et al. [34] certain regions and frequency activations are suggestive 

of specific limb use. This conclusion led us to hypothesise that there could exist a 

series of anatomical-frequency pairs be used to distinguish individual manual 

movements. So that we wouldn’t be blinded like previous researchers we also 

aimed to introduce to the field a ‘selection’ process to movement research. This 

selection phase would help unveil any anatomical-frequency pairs that could 

assist in the classification of a series of manual tasks, this hypothesis is explored 

chapter 2. 

 

1.2 Recording Modalities 

Although the finite, albeit loosely constrained, frequency bands are used 

throughout the literature, it is clear that rather than bands, a full continuum of 

frequencies exists in the brain. This continuum, and representation, is however 

dependent on the modality used to identify it, especially in a spatial domain.  As 

mentioned, the dominant frequencies that are measured are dependent on the 

sampling range of the probe. Too wide a spatial range causes a larger summation 

of neural populations, and hence lower frequency dominance in recordings. More 

spatially restricted recordings allow for a higher frequency ceiling at the cost of 

low spatial coverage however. Here the common neural monitoring technologies, 

invasive and non-invasive, are introduced with a discussion on their frequency 

limitations and spatial range. 
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Figure 1.  The temporal, spatial and invasive scales of recording modalities. Figure from [35] with 
permission. 

 

1.2.1 Scalp Electroencephalogram 

The first technology to identify the oscillations of the brain in humans was 

designed by Hans Berger in 1924 using a string galvanometer as an single channel 

scalp electroencephalogram (EEG) [36]. After much iteration, he had designed a 

galvanometer sensitive enough to identify and document two significant 

frequencies, the Alpha and Beta. The Alpha frequency, also called the ‘Berger 

rhythm’ by Adrian and Matthews in 1934 who confirmed its existence, oscillated 

at approximately 10Hz [37]. It was first documented by Berger to reflect cortical 

idling, measured strongest in the occipital region when a patients eyes were 

closed when no mental or physical task was instructed [37]. Beta waves that 

Berger identified had a period of approximately 35 milliseconds (28Hz) and were 

attributed to the metabolic activity of the cortical tissue during grand-mal (Tonic-

Clonic) seizures [38]. For both of these frequencies though, Berger’s 

characterisation has since been abandoned in place of more reliable electro-

clinical findings outlined above [38].  

 

The EEG still remains the gold standard for non-invasive neurological monitoring 

[39]. In the early years though placement of the contacts were of personal 

preference, until an international scheme was developed which standardised 

positions. The scheme is called the 10-20 electrode system, which relates to the 
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degrees of separation in the horizontal and vertical divisions with respect to 

cranial landmarks [40]. This system has also been extended to 10-10, 10-5 and 

others, which increases the density of electrodes as the degree of separation is 

reduced. It has been estimated that EEG is sensing a summation of several square 

centimeters of cortex [41, 42], with a minimum of 6 cubic centimeters of cortex 

required to synchronise, for epileptic spikes to be identified on the EEG [43].  

 

The EEG perhaps has the most limited range in frequency due to the transmission 

losses through the skin, skull and dura mater [44]. This is further compounded 

through summation of several centimeters of cortex lowering the frequency 

ceiling prior to transmission [3, 24]. Furthermore, strong correlation in EEG has 

been show to exist without a causal reason, rather than the electrode spacing with 

cortical summation in distributed areas generating such relations [45-47]. 

Furthermore, artifacts are commonplace in EEG recordings due to muscle activity 

in close proximity to sensing electrodes and also autonomic functions such as 

blinking.  

 

1.2.2 Magnetoelectroencephalography  

EEG suffers from transmission losses as electricity requires a physical conductor 

for it to be recorded at the scalp level. Magnetoelectroencephalography (MEG) on 

the other hand can identify the electromagnetic differences that are a result of the 

cortical potentials, and it does not suffer from attenuation from the 

inhomogeneous composition of the brain [48]. From this, MEG has greater three 

dimensional coverage of the brain compared to EEG, and also has a lower spatial 

summation from only a few square centimeters (>= 4cm) of cortex [49, 50]. A 

further advantage of MEG is it is non-invasive and has shown an appreciable 

capacity to predict epileptic foci similar to invasive techniques [49, 51]. However, 

it is only possible for MEG to estimate the electric fields of neural abnormalities if 

they occur during the recording window, limiting its population to high activity 

patients, as chronic MEG is not currently available, or practical. 

 

1.2.3 Electrocortiography  
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Electrocorticography (ECoG) is an invasive neurological monitoring technique 

that has superior signal quality when compared to EEG [52]. This is primarily due 

to direct contact between the electrode and cortical surface that reduces the 

introduced distortion (skull, skin dura mater) and artifacts (muscular) [52, 53]. 

The procedure requires a portion of the skull to be removed in order for the 

placement the electrodes, usually in the form of a strip or square array directly 

atop the brain. For obvious reasons, ECoG is not suitable for recording deep 

structures or widely distributed conditions, due to the required removal of the 

skull covering all sampling points. ECoG has a relatively low spatial resolution of 

approximately 1cm, and has the capacity to examine frequencies in the hundreds 

of Hertz but, as mentioned, is limited in spatial coverage [54, 55]. However, ECoG 

remains the ‘gold standard’ for mapping of eloquent cortex and lateral surgical 

margins for some neurological conditions [56].  

 

1.2.4 Stereo electroencephalography 

Stereo-Electroencephalography (SEEG) is an invasive monitoring technique 

primarily used for refractory epilepsy localisation using electro-anatomico-

clinical correlations [57]. The process of SEEG requires thin, flexible electrodes to 

be implanted within the cortex. These electrodes have multiple contacts along the 

length, and are inserted to sample the hypothesised epileptogenic source and 

possible pathways of a patient specific epilepsy presentation. Compared to ECoG, 

SEEG has many advantages, it has the capacity to sample both mesial and lateral 

regions. It can also sample distant, non-contiguous and bilateral regions and 

allows for different sampling densities depending on the target [58, 59]. 

Furthermore, the complication rates for SEEG are lower then those of ECoG or 

other methodologies, especially infection and haemorrhage, potentially due to the 

lack of extensive craniotomies [59, 60]. SEEG being intracranial has relatively low 

signal distortion, minimal introduced artefacts from muscles and power sources, 

and has the capacity to record frequencies into the hundreds of hertz [59, 61]. 

These advantages, and significantly higher safety [60, 62] for intracranial 

monitoring compared to ECoG are potentially the reason why SEEG has become 

popular for invasive epilepsy monitoring in many countries around the world 

[59]. However, similar to ECoG, SEEG is constrained by the relatively limited 
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spatial coverage of its electrodes. Each contact has a sampling range of 

approximately a 1cm cylindrically, but even with up to 256 contacts in an 

implantation, there exist large portions of the full cortex volume that is 

unexplored [58, 63]. Careful consideration of the pre-implantation hypothesis is 

therefore critical to identify the source and pathways of the condition and hence 

produce useful information from this modality [64]. 

 

1.2.5 Microwire Array 

The Microwire array has the smallest sampling space of all the modalities above, 

measured usually as an estimated population of neurons rather then volumetric 

space [65]. The microwire array is a set of thin wires 20 – 150 microns in diameter 

in a rectangular or square layout which can have varying depths from 0.5mm to 

1.5mm [66]. The number of electrodes can extend from several to a few hundred 

and the inter-electrode spacing, along with the probes footprint can also be 

customised. The microwire array is similar to ECoG where a portion of the skull is 

removed for the probe to be placed within the opening, however unlike ECoG, 

microarrays are implanted directly into the cortical surface [67]. The excellent 

spatial resolution comes at the cost of extremely limited coverage of the cortical 

surface and therefore is ineffective for distributed neurological conditons. The 

microwire array has one for the highest frequency ceilings of the modalities, in the 

several hundreds of Hertz. As it than measuring the population level frequencies, 

it is used to calculate the spike rates of neurons [68, 69]. The amplifiers and 

recording technology also must have sufficient bandwidth to accommodate for the 

highly impulsive and stochastic firing of the neurons that are then sampled. Due 

to the microwire arrays characteristics they are predominantly used in highly 

localised applications. These include sensory, and motor areas due to the cortex’s 

tightly arranged and discrete representation of the human body in those areas, 

rather than diagnostic procedures [70, 71].  

 

1.2.6 Summary of recording techniques 

In summary, the aforementioned frequency limits and spatial domain of each 

modality must be considered when used for research, or clinical capacity. Extra-
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cranial recordings are primarily limited by summation of vast regions before 

sampling and have muscle artifacts introduced. Most imagining modalities suffer 

from a similar sized, 3D summation with machine interference capping the 

frequency ceiling and essentially smoothing correlation between anatomies. 

Intracranial recording’s however, sample in higher resolution, with respect to 

extracranial, but have lower coverage of the full volume. Careful consideration to 

the application of each modality to a research topic must be considered to identify 

true neurological relationships. For the purposes of refractory epilepsy, SEEG has 

appreciable characteristics for its clinical analysis and also research into the 

frequencies of the brain. 

 

1.3 Referencing 

Underpinning the waveform polarity, activity and even frequency profile of 

recorded neural oscillations, is the referencing of each modality [72]. For 

neurological monitoring there are several standard re-referencing methods 

commonly used to identify activity of interest to researchers and clinicians. They 

are monopolar, common average reference (CAR), white matter reference (WMR), 

electrode shaft reference (ESR), bipolar and laplacian [73]. Each reference method 

can detrimentally introduce noise and artifact but they also increase the signal to 

noise ratio and also bias frequency aspects of the data [73]. The simplest 

reference, monopolar, re-references the active channels to a single other recorded 

channel. This could be an extracranial contact, or relatively inert intracranial 

channel. In this case the reference channel significantly increases the correlation 

between all channels, as activity in the reference will be identified in all other 

channels [74]. In addition to higher correlation, monopolar references can also 

introduce muscle artifact, powerline noise and although lower in amplitude 

spurious electrical activity from a dissimilar depth (extracranial for intracranial 

modality) reference [75]. ESR referencing reduces the correlation between 

electrodes by selecting different references for each electrode. However, ESR 

referencing still introduces electrical activity, similar to monopolar referencing, 

into the active channel from the reference. This reduces the sensitivity and spatial 

resolution of the recording modality, as introduced activity is in the same 

amplitude scale as the active [74]. With no guarantee that the references are inert 
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in monopolar or ESR, a mathematical reference, CAR was developed. The rationale 

of CAR expects that the average of all the stochastic activity within the brain at any 

time point should be approximately equal to zero. To generate this reference, all 

recorded channels available, except an active channel, are averaged then 

subtracted from the active. This process is iterated for each active channel. 

Although mathematically, this reference should generate an infinity reference 

with negligible activity, the rational only holds under true stochastic input. In 

some instances though it has been shown that a CAR can introduce a significant 

correlation to time locked events as the frequency profile and amplitude of each 

channel is not equal [76]. The CAR reference actually exhibits strong correlations 

across channels as the averages are easily contaminated through spiking, 

widespread activation or low-frequency-high-amplitude activity prevalent in 

different regions of the brain [76, 77]. Similar to CAR, WMR only uses the average 

of selected white matter channels to re-reference the active channels based on the 

idea that white matter should be electrically inert, at least compared to grey 

matter [75]. However, the physiological origin of white matter signals is still under 

debate and some white matter channels have been shown to produce signal 

characteristics indifferent to grey matter [72, 74]. 

 

The previous references have ‘far field’ potentials present in the re-referenced 

channel, as the reference points were intentionally distant from the active. Bipolar 

and Laplacian referencing however reduces the far field potentials in favor of local 

activity [63, 74]. Bipolar referencing is performed where an adjacent channel to 

the active is used as the reference. Laplacian furthers this technique by using the 

average of the two adjacent channels, one from each side of the active used as 

reference. Referencing adjacent channels, bipolar and laplacian, removes the 

common ‘far field’ activity present in the channels leaving only local activity 

between the active and reference [63, 74]. Although laplacian referencing has 

been shown to have the least inter-channel correlation, it is far more common for 

clinicians to use bipolar montage, as the polarity of the waveforms can indicate 

the origin of neurological activity, which is useful in diagnosis of certain conditions 

not as applicable to laplacian montages [74, 78]. 
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1.4 Epilepsy 

Epilepsy is characterised by recurrent seizures and is one of the most common 

neurological diseases, affecting approximately 50-70 million people worldwide 

[79, 80]. Epilepsy prevalence and incidence is almost universally 5-8 cases per 

1000, with only slight preference to adolescent age groups and the male gender 

[81, 82]. However, some reports have indicated elevated rates for lower income 

countries [81]. Epilepsy is a stigmatising condition, leading patients with the 

condition to suffer from psychological, psychiatric and social difficulties limiting 

their quality of life, employment and marriage rates [83-85]. In addition to these, 

they are at an increased risk of injury from unexpected falls and accidents during 

convulsions, but also a risk of mortality due to sudden unexplained death from 

epilepsy [86]. The condition also affects the quality of life for families, spouses and 

carers of epileptic patients, as they feel burdened by the condition manifesting 

with many negative consequences such as social isolation, emotional exhaustion 

and constant stress [87]. Two thirds of patients with epilepsy can obtain seizure 

freedom through anti-epileptic medication and live relatively normal lives [84, 

85]. For the remaining one third of patients their epilepsy is inadequately or 

uncontrolled by medication alone. These patients epilepsy is then called 

refractory epilepsy necessitating intervention or surgical alternatives to alleviate 

their seizure burden [88].  

 

1.4.1 Refractory epilepsy 

Patients that continue to have seizures after trialling two appropriately 

prescribed antiepileptic medications are classified as refractory [89]. Therapies to 

treat this population are limited; the first line treatment is usually resective 

surgery but candidacy for this is multifactorial. Localisation of the epileptogenic 

zone (EZ), the site of primary organisation of ictal discharge which is bound 

together through an excessive synchronization at seizure onset,  is without a 

doubt paramount for candidacy along with investigation and consideration into 

this regions proximity to eloquent cortex such as language, sensory and motor 

regions [64, 90]. Surgery also has the possibility for significant deficits, 

neurological and physiological, and it’s required that patients are informed of 
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likely losses prior to consent. The estimated probability for seizure freedom from 

a surgical resection and general health factors can also limit candidacy. 

 

To localise the EZ in pursuit of diagnosis of epilepsy, or surgical candidacy, 

patients are first non-invasively monitored through a video-EEG (VEEG). This 

procedure, attaching electrodes in the EEG 10-20 layout to a patients scalp, and 

recording video simultaneously, allows clinicians a comprehensive, albeit 

extracranial, view of what transpires during a seizure. The EEG records the 

electrical activity present at the scalp level, looking for biomarkers of epilepsy and 

the video provides the seizure behaviors (semiology), which can indicate 

malfunction in certain brain regions. EEG biomarkers, discussed at length further 

on, are predominantly spikes, abrupt frequency based changes or abnormal 

morphology of physiological activity [91-93]. In addition to VEEG, imaging studies 

such as magnetic resonance imaging (MRI) computed tomography (CT), 

fludeoxyglucose positron emission tomography (FDG-PET), single-photon 

emission computed tomography (SPECT) could be performed to identify 

abnormalities of the brain suggestive of epilepsy [94-96]. Even with all the non-

invasive monitoring techniques, it is still possible that a surgical resection is not 

possible due to multifocality of the epilepsy, a potential to suffer significant 

deficits from surgery or failure to localise the EZ. 

 

If localisation is the limiting factor for candidacy, intracranial monitoring can be 

pursued to further localise and demarcate the bounds of the EZ and surgical 

margins. This is facilitated through insertion of SEEG electrodes, or using ECoG to 

sample the cerebral surface. Intracranial monitoring then is a similar process to a 

VEEG, whereby patients are recorded electrically and through video 

simultaneously. The recording sites of the intracranial methods, unlike EEG, are 

not standard but rather customised specifically toward identification of a patients 

individual presentation and clinical hypothesis of their EZ and irritative network 

[97]. 

 

The second line treatment reserved primarily for those suffering debilitating 

seizures, or poor quality of life from refractory epilepsy is interventional devices, 
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or a therapeutic/palliative surgery [98, 99]. This may include resection of some of 

the more highly epileptogenic regions that would have low deficit chances from 

surgery. Or surgery of the wider network, sometimes necessitating a 

hemispherectomy, or corpus callosotomy to alleviate patients of a devastating 

seizure burden and restore, albeit with possible deficits, a better quality of life 

[100]. Electrical stimulators such as vagus nerve stimulators, responsive 

neurostimulation and deep brain stimulators can also be implanted in the brain in 

attempt to disrupt the seizure generation processes [98, 99, 101]. The stimulation 

is varied until a clinical benefit is achieved, with minimal side effects, in an attempt 

to reduce the severity and also reduce the number of seizures patients’ 

experience. Both stimulators and surgery however have varied results, some 

subpopulations are more amendable to either, but both are considered on a case-

by-case basis [99-103]. 

 

1.4.2 Epileptogenic Zone 

While the definition of the EZ, in theory, should be a universally accepted concept, 

in reality it is more complex and has undergone multiple revisions throughout the 

ages with advancement of technology and research. The first concept of the EZ 

came from Penfield and Wilder in 1956, where they defined the epileptic lesion as 

“the foreign tissue lesion itself [and] the structurally and functionally disturbed 

but still viable surrounding gray matter” [104]. Unsatisfied with the inadequacy of 

the epileptogenic lesion concepts, in 1965, the term “epileptogenic zone” was 

introduced by Bancaud and Talairach, the pioneers of Stereo-EEG. This term was 

used to reflect “the site of the beginning of the epileptic seizures and of their 

primary organization” [105]. They also emphasized the anatomo-electrico-clinical 

correlation to explain how ictal patterns give rise to seizure semiology. 

 

In 1983, Rasmussen attempted to slightly deviate from a definition of the EZ and 

instead proposed a number of “localization concepts” [106]. These represented 

early attempts to understand why the resection of ictal onset in the invasive EEG 

was not always sufficient to cure epilepsy and that cortical recruitment was 

important as well as the extent of resection required to provide seizure freedom. 

A decade later, with the rise in popularity of sub-dural grids in North America, Han 
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Luders and colleagues defined the EZ as “the area of cortex that is necessary and 

sufficient for initiating seizures and whose removal (or disconnection) is 

necessary for complete abolition of seizures” [107]. 

 

With the interest in the concepts of “epilepsy networks”, arising from the work in 

SEEG, the earliest and most formulated definition in the English language came 

from Spencer in 2002, who summarised: “A network is a functionally and 

anatomically connected, bilaterally represented, set of cortical and subcortical 

brain structures and regions in which activity in any one part affects activity in all 

the others” [108]. It was further refined to include the network hypothesis from 

the viewpoint of founding fathers of SEEG 50 years after their initial introduction 

as “the site of primary organization of ictal discharge, [which] refers to the areas 

bound together through an excessive synchronization at seizure onset” [64]. 

 

Given our work is based in the SEEG domain, the definition adopted throughout 

this thesis will adhere to the definition of the EZ as defined by the European school 

of epilepsy surgery and SEEG primarily based on Talairach and Bancaud [105] 

work. 

 

The primary shortcoming of the EZ arises from the not only its definitions but also 

its difficultly in recording the entire cortical matter which gives rise to the 

epileptic seizure. It is not possible to sample every neuron, or even every discrete 

anatomical structure, rather the task is balancing act about recording a sufficient 

amount of tissue, without overpopulating a patient with recording electrodes. This 

balance weights the complete coverage of sampling verses the risk of 

haemorrhage, cortical pressure and infection which increases for each additional 

electrode. With this, it is still difficult to plan for the implantation of recording 

electrodes as epilepsy is not a clear-cut illness. The implantation is based on 

experience of the medical team and diagnostic signs such as semiology and patient 

history which may be scarce, or even represented in multiple brain regions. This 

is why the EZ is a hypothesis tested concept which is subjective and, in some cases, 

impossible to delineate. 
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With the evolution in the definition to the EZ in addition to the variability between 

the two great schools of epilepsy surgery, namely SEEG and the definition 

pertaining to the electro-anatomo clinical correlation, in contrast to the sub-dural 

definition comprising the amount of surgical tissue required to be removed or 

disconnected to provide seizure freedom, a more objective assessment of epileptic 

activity is required. Furthermore, the grade at which the epileptic activity is 

present needs to be understood. This grade represents how well formed the 

epileptic activity is, but also how effectively it is being sampled in the brain and 

hence the proximity to the recording electrode can be estimated.  

 

1.4.3 Biomarkers of Epilepsy 

An objectively measured biomarker for the pathologic processes that 

differentiates the normal biology has long been sought after in epilepsy [109]. The 

utility of such measurements would have a significant impact on the procedures 

for epilepsy monitoring, treatment and even interventional or surgical pathways 

[110]. It is the purpose of neurological monitoring to establish the many ‘zones’ or 

on-going processes that have been established to describe epilepsy [90, 110]. 

 

A clear biomarker of epileptogenesis (the development of epilepsy) could assist in 

the diagnosis of the condition independently and provide insight into the severity 

of the condition and also its distribution throughout the cortex. Furthermore, the 

time to develop drugs effective in controlling epileptic activity would also be 

reduced if a clear measurement of the ictogenesis, the tendency to generate 

seizures, could be identified. Specifically, using surrogate indicators for the effects 

that drugs have on patients with epilepsy, rather than waiting for them to have 

spontaneous seizures over an extended period, would expedite drug research 

[109]. Along with drug development, the treatment approaches could be more 

focalised to target defined, or restricted regions based on the distribution and 

severity identified by these process driven biomarkers.  

 

Although the development, and tendency to produce seizures is an ongoing field 

of research, the majority of interest is focused on the independent identification 
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of the epilepsy zones. This is mainly due to patients presenting in the conditions’ 

late stage and needing intervention or resection. Of these zones, the EZ receives 

the majority of attention due to its implications and utility for disease 

management and potential eradication. However, the EZ is only a theoretical 

concept that is based on the findings from other zones identification, and 

concordance with other epileptogenic properties such as lesions, semiology and 

electrographic changes [90]. The EZ hypothesis is then confirmed through seizure 

freedom after surgery [64, 90].  

 

Complicating this concept, and the rationale for the other zones described in 

epilepsy literature (irritative zone, potential EZ and seizure onset zone), post-

operative seizures may occur, arising at such time from adjacent, or even distant 

cortical areas that were not within the original EZ hypothesis [90]. These other 

zones, and postoperative complications are outside the scope of this work, 

however, the notion remains that use of the term EZ must first be validated 

through seizure freedom, after its complete surgical removal before use. And the 

position is also taken that the EZ, in accordance with the literature, is 

‘indispensable for the generation of epileptic seizures’ and as such is the smallest 

target for automatic, or clinical evaluation required to proceed to surgery. This 

zone can also overlap with eloquent cortex, negating the possibility of full, or even 

partial resection.  

 

In each modality, groups have suggested methods of identification and 

quantification of potential biomarkers of the EZ, for example in MEG [111, 112], 

fMRI [113, 114], FDG-PET [115, 116], EEG [117, 118], ECoG [119, 120] and SEEG 

[121-126]. Generally they retrospectively quantify the concordance between 

surgical resection margins and pathological HFOs [127, 128], interictal spikes 

[120, 129], source modelled activity [118], fast (>60Hz) activity [130] and 

infraslow (<0.5Hz) activity [131, 132]. Each of these semi, and fully automatic 

methods of localisation undergo rigorous pre-processing stages, prior to analysis, 

to exclude artifactual channels, and compress the vast amounts of data that were 

collected into appropriate features representative of the underlying activity.  
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Most of these methods examine a single biomarker for the localisation of the EZ. 

Furthermore, it is commonplace for human intervention to assist in the selection 

of ideal data or tailored processing adding bias to the results. Some groups have 

progressed to multi-biomarker to improve classification rate, specificity and 

sensitivity [125, 126, 133]. The processes are complex and require a significant 

amount of computational effort and hence the specific timepoint for epileptic 

seizures are provided to the system. This requires an expert to identify the 

seizures and select properties which the individual seizures are presenting. We 

felt that this needed to be addressed, in which an automated system could 

potentially reach an expert level, but only when no expert is required to inform 

the system. In Chapter 5 we undertake this aim, an expert level automated system 

for the localisation of the EZ that can extract multiple established frequency-based 

biomarkers. We discuss how to construct a processing pipeline so that the system 

could no human input and reach expert level. Also, we felt that the system should 

be designed to learn from other epileptic analyses that it previously analysed and 

hence become intelligent. 

 

1.5 Preprocessing 

As mentioned in the previous section, pre-processing is a necessary process to 

exclude erroneous components from data. Artifacts are one such undesired 

component that are recorded in tandem with the desired neurological activity 

[134]. Although modern technology has mitigated most artifact sources, some 

remain persistent and require removal, or suppression so that analysis are not 

impacted by their remaining existence [134, 135]. Careful design to avoid the 

introduction of artifacts is best, however, some artifacts are not easily prevented, 

such as power-line harmonics, aliased frequencies, muscular, ocular and cardiac 

activity [136]. In addition, each recording modality has inherited frequency 

profiles, the more invasive and spatially confined, the higher the frequency profile 

extends potentially towards, or away from artifact frequency ranges depending on 

the source. This can be partially controlled, by making the frequency range lower 

or higher through the choice in referencing montage, as discussed above. When 

these artifacts are still present after subtractive referencing, their removal, or 

suppression is a necessary preprocessing procedure. Furthermore, clinicians and 
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researchers, use the morphological and frequency components of 

electrophysiological data to differentiate between physiologic and pathologic 

activity. This adds to the significance of preprocessing and to ‘cleaning’ the data 

effectively, whilst ensuring the preservation of the true signals recorded from the 

brain. 

 

1.5.1 Artifact Rejection 

Neurological data is a complex mixture of signals from different electrical sources. 

Estimation of the artifacts within this complex mixture, then subtraction of their 

contribution, is artifact rejection. The effectiveness however is dependent on 

successful estimation of the concurrent sources within a signal. Independent 

component analysis (ICA), potentially the most common estimator, was originally 

designed to separate the voices at a cocktail party. Its use is commonplace in 

artifact rejection and has been applied to intracranial [137] and extracranial 

recordings [138] and also imaging studies [139]. The results from these studies 

have shown considerable success in the estimation of multiple concurrent artifact 

sources. Even from the complex mixture of signals in neurological data, using ICA, 

or variations tailored for biological data, the muscular, ocular, cardiac and even 

electrical stimulation artifacts can be subtracted automatically [134]. However, 

there exists disagreement about the effectiveness of, and hence signal distortion 

through ICA artifact rejection [137, 140]. 

 

1.5.2 Artifact suppression 

Some artifacts and distortions in neurological data are well known and rather than 

estimate their contribution to the complex signal mix, they can be suppressed 

immediately and effectively through signal processing. Along with the artifacts 

mentioned above, body potentials usually described as DC offsets, aliased 

frequencies and also frequencies above, or below, that of interest can be 

attenuated through digital filtering. It is commonplace in neurological data to 

notch-filter power-line harmonics, anti-alias filter (low pass) to prevent 

frequencies higher than the nyquist frequency and high-pass filter to remove DC 

offsets.  
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Although there exists a body of knowledge for filtering techniques, and how to 

digitally filter, there is still disagreement on application, and whether it should 

even be used for electrophysiological data [141, 142]. The disagreement arises 

from constant incorrect use of digital filtering which can introduce spurious 

activity [143, 144], or analysis of data, filtered correctly, but impacted from the 

operation, such as temporal smoothing [142]. Careful selection of the parameters 

in filtering, along with comprehension of the technique, can achieve effective 

attenuation of selected frequency components. However, users should be aware 

that when used incorrectly, digital filtering can actually introduce significant 

artifact [141].  

 

1.6 Data analysis 

After preprocessing, the datasets are artifact free, but still in a format not suitable 

for analysis. To identify trends in the data or markers of specific function, the data 

must be segmented and converted into formats that enable analysis or enhance 

the features of interest. Discussed below are some of the common formats that 

data is segmented into and then used for further processing. 

 

1.6.1 Amplitude 

Event related potentials (ERPs) are neurological responses to certain stimuli. The 

majority of studies analyse ERPs based solely on the amplitude of elicited 

responses. The grouping of these amplitude responses is performed by collecting 

data from around a stimuli marker in either pre-processed or in some cases raw 

format. Analysis of these sections then consists of the identification of the time and 

amplitude when an ERP is at its maximum. Or alternatively, the morphology of the 

segments, in their mean format, or as single trials may be evaluated to 

differentiate between the different stimuli that elicited them [145, 146]. 

 

Amplitude based ERPs are commonly seen in cortico-cortical evoked potentials 

(CCEPs) where it is thought that the N1 and N2 responses indicate effective 

connectivity between the local and distant regions respectively [147, 148]. Other 
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amplitude ERPs include perception spikes such as the P300 elicited during oddball 

tasks which can indicate novelty in the stimuli, where the spikes originate from 

the frontal lobe [146] or categorisation when from the parietal lobe [149]. In 

addition, amplitude ERPs can be elicited as a preparatory response such as the 

contingent negative variation, or the bereitschaft potential, predominantly 

synchronising vast cortical regions for impending muscular activity [150, 151]. 

 

1.6.2 Frequency 

Other ERPs are identified by the frequency components that they are composed 

of and are extracted through signal processing, to preserve the frequency bands 

of interest. Potentially the most common method is performed through signal 

processing which involves filtering to remove external frequencies, then 

converting the oscillations into instantaneous amplitude using a Hilbert transform 

[152]. The frequency based ERPs are then analysed similarly to amplitude based 

ERPs, or further processed into event-related synchronisation (ERS) values. ERS 

is a method of re-representation of the data by comparing an event segment’s 

power to a baseline segment, or segments (bootstrapping), to measure the change 

with respect to normal power level further discussed in 1.6.3 and is commonplace 

in neurological research [153]. 

 

The occipital Alpha frequency is a key frequency based ERP that expresses the 

attentiveness in man. While a person’s eyes are shut, and no mental task is being 

performed the Alpha rhythm, is active with high amplitude [16]. With visual input, 

or mental task this ERP is then suppressed, and other frequencies become present 

[7, 17]. Another similar example of frequency based ERPs are movement related 

cortical potential (MRCPs), which during voluntary movement are suppressed, 

returning to normal level immediately after movement cessation. MRCPs are 

found in the sensorimotor region and are somatotopically distributed depending 

on the limb use and side of movement [19, 33].  

 

1.6.3 Event related synchronization-desynchronisation 

https://www.google.com/search?client=firefox-b-d&q=somatotopically&spell=1&sa=X&ved=0ahUKEwigrtvf9MnjAhWQfCsKHecNBwUQkeECCCwoAA
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Event related synchronization-desynchronisation is a technique for re-

representation of frequency bounded data, stemming from the previous section. 

ERDS is now more commonly referred to as ERS as the desynchronisation portion 

is represented through negative signage of the synchronisation value. 

 

Its introduction into the neuroscience field originated from the analysis of higher 

frequency evoked response of motor actions [154]. At the time, rhythmic activity 

within the Alpha band (RAAB) was of great interest for visual, motoric and even 

some sound based experiments [155]. The researcher’s methods primarily 

consisted of Fourier transformation of EEG trials with the alpha band power 

retained for short, overlapping segments. Use of primitive computers facilitated 

this analysis where the older, far more common magnetic tape-based methods 

could only be used for averaging. However, this new higher frequency amplitude 

followed the rough 1/f characteristic found in neurological data. This then 

required a method to better evaluate the small amplitude changes, which is where 

this bootstrapping method, ERDS was conceived [154].  

 

Initially, the calculation for ERS involved using a periodogram of short, 

overlapping segments from a recorded EEG channel chosen for interest during a 

stimulus. The EEG data would be recorded from just before the stimuli, at the time 

usually 2 seconds prior, until the ERP after the stimuli would return to baseline 

values which was usually empirically found. The periodogram method would 

calculate the Alpha frequency power in those sections returning the average 

power during each section. The power from the initial period before the stimuli 

was then used to modulate the post stimuli power values. Each post stimuli power 

value was divided by the average of the resting (before stimuli) sections power 

and the result was then multiplied by 100 to express it as a percentage [155]. 

 

Researchers would then average the ERS values for all trials, time locked to the 

stimuli, leaving a single ERS series to analyse. This method was extensively 

adopted at the time and critically analysed in relation to previous findings by the 

founders of the method and other groups [156]. The results of the analysis showed 

a great similarity to previous methods (predominantly averaging of ERPs, or FFT 
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correlation during tasks) and hence has become a standard method of conversion 

for frequency bounded analysis.  

 

With the improvement of technology, the method has been modified to improve 

the resolution of the results. Rather than extract the power of a section using the 

periodogram method, digital filtering can be applied to retain all datapoints within 

the recorded periods with the Hilbert transform used to calculate the power in the 

filtered signals [157]. The ERS values are then calculated similarly to the previous 

method, using the pre-stimuli section as a baseline with multiplication by 100 to 

convert each trial into a percentage. Furthermore, all ERS sections are still time-

locked and averaged into a single ERS section used for analysis.  

 

Although this method represents potentially the highest resolution, it is still 

common for some groups to perform the older FFT of sections method [158]. This 

FFT of sections method, other than being less resolved in time, adds a significant 

amount of edge effects from the windowing function for periodogram calculation 

of the power band.  

 

Some groups have employed a hybrid method which avoids the FFT function and 

its windowing issues but retains the segment format of the ERS values. They do 

this by filtering the recorded data and computing the power but averaging the 

power into sections to match with historical methods [159]. 

 

Another limitation of the ERS conversion is the baseline segment. This segment’s 

power is a critical value influencing the calculation of the ERS percentage. 

Historical approaches used all recorded data prior to the stimuli due to limitations 

in storage. More recently, the selection of baseline data is visually selected, or is 

significantly larger than the trial length, and hence provides a far more reliable 

‘baseline’ value for calculation. 

  

As mentioned, by using the periodogram method, or by averaging into segments 

after filtering the resolution of the ERS values is reduced when compared to the 

straightforward filtering then Hilbert transform method. Due to these our 
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implementation of ERS calculation employs the later method for highest precision 

in the following chapters.  

 

1.6.4 Time-frequency 

Static frequency or amplitude based ERPs are uncommon in neuroscience, rather 

ERPs are constantly in motion, changing in frequency and amplitude throughout 

stimuli response. This perhaps justified the broadly defined frequency bands in 

section 1.1. A more detailed analysis of these transient frequencies and 

amplitudes is better performed through time-frequency decomposition. The 

culmination of many sinusoidal components together forms a signal, using a 

wavelet with known frequency centre and unit amplitude; the individual 

components can be effectively extracted. Convolution of the wavelet with the 

signal identifies similarity between the frequency and amplitude of a given 

wavelet. Compressing or stretching the wavelet, hence increasing or decreasing 

the frequency, and also shifting them in time, then allows a comprehensive time-

frequency representation of the signal [160]. 

 

Time-frequency information is two-dimensional and analysis of this data can 

occur in several ways. Firstly, the information can be visualised manually as single 

trials, or secondly, using the mean through a set of decompositions. This can 

identify trends, in frequency and time that exist, such as spikes [161] and epileptic 

spike-and-wave complexes [162]. The morphology of activity, such as 

epileptogenic biomarkers is also attainable [125]. And as a tertiary application, 

wavelets can be used as an exploratory tool to provide insight to the neurological 

activity, which may identify the frequency bands, or times of interest that then 

allow the tailoring of previous amplitude or frequency based methods to 

successfully capture the required information.  

 

1.6.5 Cross frequency coupling 

Exploration of neurological oscillations has extended further to identify 

modulatory relationships between attributes of frequency-banded signals [163]. 

To identify a modulatory relation an indication must first be present in the 
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frequency domain of both input signals. The indication of a relationship is a peak 

in the Fourier domain of similar frequencies from different recording sites or 

different frequencies in the same site [164]. Each signal is then filtered to extract 

the attributes that will then be correlated to unveil any modulatory relationships.  

 

The attributes commonly used in cross frequency coupling (CFC) are amplitude, 

phase and instantaneous frequency [165]. To calculate the attributes, most groups 

use the Hilbert transform to generate an analytical signal with real and complex 

components. The amplitude is then extracted as the real component and the phase 

is the complex. Taking the derivative of the phase is then considered the 

instantaneous frequency of the input [166-168]. For each of these attributes their 

exists a considerable number of signal constraints that can render the analysis and 

results spurious or potentially incorrect [164, 167, 168]. An example of such is the 

necessity to have a strong peak in the Fourier spectrum of each input signal. 

Bandpass filtering to extract the peak then ensures that the Hilbert transform, and 

corresponding attributes have a single prominent frequency. Conversely, if the 

frequency spectrum has a 1/f characteristic, any extracted band would then 

contain a multitude of near equal amplitude sinusoidal components. The Hilbert 

transform of these would capture the highest amplitude component at each 

sample point which for biological signals could be translational in frequency on a 

per sample basis [167].  

 

Many groups have put forward techniques that quantify the relationship of the 

signal attributes between phase-amplitude [168-170], phase-phase [171, 172] 

and amplitude-amplitude [173, 174]. However, these methods are inherently 

biased to different properties of the signals under investigation that include 

modulation width, modulation height, noise saturation, phase offset and the 

number of modulatory distributions that exist between inputs [168, 172]. For 

example, amplitude based correlations will suffer a loss of modulation when noise 

is introduced but examining the phase relationship would maintain the initial 

correlation value. Although many techniques exist, some of which are resilient to 

biasing features, there is no consensus on application or which is the gold 

standard of cross frequency coupling evaluation.  
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1.6.6 Machine learning 

The data analysis from the previous section discusses methods to transform pre-

processed data into a format that facilitates better understanding. It is possible to 

further identify a combination of features that describes that data in a reduced 

dimensionality or as generalised models. The following sections outlines several 

machine learning techniques and the processes that construct these linear and 

non-linear models. 

 

Machine learning represents an effective method for classification of data into 

different groups. In the situation that a data set has no clear feature which can 

divide the data clearly machine learning offers several methods to self-organise 

and optimise the classification task. From this machine learning is ideal for 

applications in which the data has an unknown response to stimuli or hidden 

patterns. However, this self-organisation can also encourage the users of machine 

learning to ignore the obvious trends in the data. Following on from Chapter 2, in 

which we explore the anatomical-frequency pairs that are useful as features in 

classifying a series of movements, in Chapter 3 we extend by exploiting what is 

commonly known in movement research which is the cross-brain representation 

in the motor and somatosensory cortices and the respective homunculus. We 

perform this as many BCI’s that utilise machine learning simply enter the 

classification process without first realising the obvious features in their data. We 

examine the architecture of a classifier when constructing it through multiple 

cascading simple classifiers, taking advantage of known motoric representation, 

or as the more commonly found single multiclass classifier. 

 

1.6.7 Linear discriminant analysis 

Linear discriminant analysis (LDA), which is a generalisation of Fishers 

discriminant analysis, is a method for finding an optimal linear transformation 

that maximises the separation between multiple known classes from a mixed 

dataset [175].  It does this by projecting data onto new axes that reduces the 

variance in each class while increasing the distance of the class means.  LDA is 

similar to principle component analysis (PCA) which is commonly used for 
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dimension reduction, but with the optimisation function including the class 

variance it also effectively separates the classes whilst grouping the class 

members.  

 

 
Figure 2. Example twin distribution probability (left), Optimal linear transform from LDA operation 
and resulting probability function (right). 

 
The probability density functions of two populations has been provided in Figure 

2. With the given axes in part A, it is clear to see that although the means are well 

separated, the large variance in each distribution causes the probability functions 

to overlap. In part B, using the optimal transformation the means of the 

distributions are still well separated but the variances are significantly reduced 

and the dimensionality is also reduced. These characteristics, separated means 

and low variance, which are due to LDA are ideal for use in classification models 

such as discriminating Alzheimer’s disease, vascular dementia and healthy 

controls based on clinical EEGs [176] and also a brain computer interface using 

P300 classification for severely disabled patients [177]. Although LDA is an 

effective method for reorientating data for classification, is has two main 

weaknesses. Firstly, LDA requires the distributions are approximately centred 

around their distribution mean. This is because the means of each distribution is 

considered when calculating the optimal transformations. Secondly, as for all 

classification models, LDA is susceptible to low sample numbers. 

 
 

1.6.8 Artificial neural networks 
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Artificial neural networks are a form of machine learning that is loosely based on 

biological learning systems such the brain [178]. Following the biological basis, 

ANN’s are built up from smaller building blocks called neurons with inputs, 

weights, transfer functions and output. These are synonymous with dendrites, 

synapses, cell bodies, and axons of human nerve cells [179]. An example neuron is 

given in Figure 3, where Wx are the weights of each input, B is a bias term which is 

a special input, Sigma (Σ) is the summation operation and f is a squash function 

and the output is calculated with Equation 1.  

 

 
Figure 3. Example of an ANN neuron. 

 
The squash function is implemented so that the output is limited to a range useful 

as the input to additional neurons, common functions include the sigmoid and the 

hyperbolic tangent functions which asymptotic, bounding the output.  

Equation 1 

𝑂𝑢𝑡𝑝𝑢𝑡 =  𝑆𝑞𝑢𝑎𝑠ℎ (  ∑ 𝐵𝑖𝑎𝑠 +  𝐼𝑛𝑝𝑢𝑡
0

× 𝑊𝑒𝑖𝑔ℎ𝑡
0

+  𝐼𝑛𝑝𝑢𝑡
1

× 𝑊𝑒𝑖𝑔ℎ𝑡
1

+ ⋯ +  𝐼𝑛𝑝𝑢𝑡
𝑛

× 𝑊𝑒𝑖𝑔ℎ𝑡
𝑛

   ) 

 
Although a single neuron can solve some basic classification problems, for more 

complex problems multiple layered neurons are required to effectively classify 

data. An example of a multilayer neural network is given in Figure 4, where the 

summation, Bias term and squash function are joined into a single pictorial 

element.  Additionally, when multiple outputs are available a squashing function 

is applied at the outputs, usually this is the softmax function. The softmax function 

effectively changes the output values into a probability value so that they are 

positive values between 0-1 and together add to 1.  
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Figure 4. Example multiplayer neural network with three inputs and two outputs. 

ANN’s are trained using supervised learning, this is an approach where known 

input-output combinations are presented to the ANN and the generated output is 

then compared to the expected output. The difference between the generated 

output and the expected output is then used the back-propagate an error term that 

adjusts the weights of the ANN. There exist several other mathematical elements 

which assists the ANN’s learning that have been omitted, such as a learning rate 

and momentum term. These additional elements speed up learning and also help 

prevent getting stuck in local learning minima’s, ANN’s and these additional 

elements are further discussed in [179, 180]. 

 

1.7 Structure of this thesis 

Chapter 2 explores the frequency based changes that occur prior to and during 

voluntary movements from within the human cortex. Indicative features of the 

movements and oscillatory patterns are empirically devised and tested for 

predictive power. The distribution amongst the cortex, onset and offset of the 

identified waveforms are then quantified and compared to previous works. The 

application of these techniques can better help to select features to be used in 

neural communication devices or implanted prostheses. 

 

Chapter 3 expands on the identification of consistent frequency changes for the 

use in invasive brain machine interfaces. Machine learning is introduced, and it is 

shown how the distribution, and individual oscillatory patterns for several 

movements can be utilised and improve future prostheses. 
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Chapter 4 shifts from voluntary movements to aberrant, and potentially 

pathological activity. Patients were closely monitored during nocturnal periods 

for subtle movements and correlate their activity to their neural oscillations. This 

bridges a field of research which is in open debate surrounding the epileptic 

nature of nocturnal movement and provides insight from a signal processing point 

of view. 

 

Chapter 5 further examines epilepsy, however, in this chapter in the pursuit of 

localisation of the generators of pathological activity. A new method is explored 

for automatic identification of the epileptogenic zone through signal analysis of 

multiple high frequency bands and a relative loss of power in others at ictal onset. 

This provides an automated, clinically useful and non-parametric test for 

identification and qualification of the EZ in a mixed population.  

 

1.8 Significance of Thesis 

This thesis aims to address several gaps in neurological literature through signal 

analysis of the frequencies within the brain. Chapters 2, 3 and 4 each addresses a 

separate literary question using distributed intracranial electrodes with a high 

sampling rate and advanced signal processing techniques. 

 

Chapter 2 details a potential automatic method for the selection of neural 

frequencies that are the most differential during a series of manual tasks for use 

in machine learning or neural prosthesis. Our novel method is a significant 

difference from historical approaches where selection of the frequencies was 

group specific and relatively empirical. Furthermore, the recording electrodes or 

anatomies analysed by other groups has predominantly focused on convenient 

placement or obvious motoric selection adding bias as groups have failed to 

consider other anatomical structures. Our method addresses these issues by 

considering all possible recorded signals, broken down into a large array of 

different frequency bands. This comprehensive analysis automatically profiles the 

anatomical and frequency specific parameters which would result in the most 

differential features for use in machine learning or a neural prosthesis application. 

Other than provide justification for the selection of anatomies and frequencies, 
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our method also refines the results for different tasks. Significantly, the frequency 

bands used historically are kept the same between all tasks, where we find a 

significant difference between simple and complex movements in terms of 

frequency bands.  In sum, chapter 2 aims to adjusts the current methodology used 

by researchers to include a selection phase during machine learning processes. 

This selection phase would be a computer assisted phase that as our research has 

highlighted, should select the most differential information from the available 

recording sites and hence advance feature selection and the improve the 

subsequent machine learning efficiency.  

 

Chapter 3 is a natural extension from chapter 2. The automatic selection processes 

developed were utilised in the selection phase of a preliminary neural prothesis. 

The selection processes of neural frequencies though are only one part explored 

during this chapter, with two other key elements of machine learning trialled to 

further the success of a neural BCI.  

 

The type of classifier used in neural prosthesis has a significant effect on the 

efficacy of features and accuracy of the system, this is the first question that was 

addressed in this chapter. We implemented a pair of classifiers to evaluate these 

parameters, one of which was linear and the other non-linear. The first classifier 

was an LDA based classifier, and the second was a traditional non-linear ANN 

based classifier. Each system was then trained with identical data to provide 

equivalent results for comparison.  

 

Along with the comparison of two classifier types, we also explored different 

strategies to build a classifier system. We permutated classifier building blocks 

that were designed to take simple classification results and cascade their 

outcomes to classify movements into four separate tasks along with a ‘non-

movement’ category. This comparison of several classifier systems resulted in the 

novel finding that higher accuracy classification was achieved when a series of 

simple classifier blocks are cascaded rather than a single multi-class classifier. 
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Together, the selection phase established in chapter 2, trial of two classifiers and 

a multiple permutations of classifier building blocks has advanced the 

classification of four movement tasks and a non-movement phase. 

 

Chapter 4 continues examining the neural frequencies in the brain, but rather then 

investigate neural prothesis and voluntary movement, it examines aberrant 

movement during nocturnal periods. For decades the potential of nocturnal 

movements having an epileptic origin has been debated. We explored this notion 

with the hypothesis that epilepsy had a role in nocturnal movements and the 

frequencies that occur during nocturnal movements were the direct result of 

epileptic activity similarly seen during seizures. We pursued a study of ten 

patients whom all moved frequently during sleep and analysed video footage to 

identify the onset time of their nocturnal movement. Analysis of ERS findings 

identified a heightened movement rate after seizures, then before them along with 

more significant ERS changes. We then focused the study to identify the regions 

that the ERS changes were most prevalent, which helped us identify a set of 

regions that were consistently activated with nocturnal movements. These 

regions would activate even when a patient’s epilepsy was not from one of the 

identified regions. Importantly though, for patients that had a complete overlap 

between the regions activated during nocturnal movements and their epileptic 

zone, their movements were far more frequent, higher in amplitude and had 

significantly higher ERS changes during movements. Following this, those patients 

with a partial overlap between our identified regions and epileptic zone had 

variable, and medium effects similar to those that completely overlapped their 

regions. Lastly, the group that had no overlap had minor changes to nocturnal 

movement activity post epileptic seizures. This all confirmed our hypothesis, with 

slight refinement. We concluded that the four regions we identified, the insula, 

anterior cingulate, premotor areas and orbitofrontal regions were responsible for 

nocturnal movements. When a patient’s epileptic zone overlaps with this region 

the frequency of movements, their amplitude and ERS is increased. Using this 

information clinicians can postulate epileptic influence, and hence localise the 

epileptic zone based on nocturnal movement findings. 
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With the interest in epileptic activity from chapter 3 our focus for chapter 4 moved 

onto the neural frequencies that occur during epileptic seizures. It has long been 

established that high frequency activity in the brain is associated with epileptic 

activity. Many groups have put forward methods, from extra-cranial, intracranial 

and imaging modalities which utilise other such biomarkers of epilepsy, but the 

delineation of the epileptic zone based on these biomarkers is still an open 

research question. Chapter 4 explores the forefront of intracranial epileptic zone 

delineation through classification of pair of epileptic biomarkers, previously 

established, with the hypothesis that signal processing of the neural frequencies 

during seizures can identify the epileptic zone with expert accuracy. This is 

undertaken through advanced signal processing of time-frequency decomposition 

of 20 patient’s 70 seizures. Using a novel signal processing method rather than the 

former image processing method, we extract both biomarkers and combine them 

to identify the maximum involvement of each recording point of a SEEG 

implantation. Following this a patients EZ can be automatically delineated using 

the corresponding ranks of each recording contact, with no human input to the 

system. The method is also calibrated, by learning from the previous patient’s 

classification so that its classification accuracy is maximised. In totality, this 

chapter describes a highly accurate, independent classification system which can 

assist in the delineation of the epileptic zone in patients undergoing SEEG. The 

system also is comparable to other classifiers presented by other groups in terms 

of accuracy, specificity and sensitivity applied to a large population. 

 

In summary this PhD has identified a novel method for automatic extraction of 

MRCPs for a series of tasks to optimise feature selection for neural prosthesis. 

Utilising information gathered in chapter 2, we also designed a classifier 

architecture, not previously seen in movement studies that significantly advanced 

the accuracy of classification for multiple movements. Furthermore, a non-

movement task was included which enables the classifier to move out of a lab 

scenario into the real world. Adding to the debate about the epileptogenic nature 

of nocturnal movements in chapter 4 we use signal processing to conclude their 

pathological nature. We also identified the interaction between our defined 
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network and each patients EZ with respect to nocturnal movement amplitude and 

frequency. We also put forward a potential diagnostic marker of epilepsy coming 

from our defined network depending on nocturnal movement habits. Lastly, in 

chapter 5 we document a novel, fully autonomous method for extracting a pair of 

biomarkers that when combined help predict the EZ in SEEG patients. The method 

also establishes a rank-based system not commonly found in EZ classification, it 

learns from previous patients results and is highly competitive in the landscape of 

EZ classifiers. 
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2 Chapter 2 

2.1 Background 

In 1951, Bates published his findings about cortical changes during voluntary 

movement [181]. He collected EEG segments of voluntary hand movements and 

eye blinks then used photographic superposition to identify an alignment in the 

Alpha wave phase at movement onset. He also identified some differences 

between voluntary and involuntary movement, and lateralising characteristics of 

the evoked responses. Over a decade later, Hans Kornhuber and Luder Deecke 

improved on his alignment technique, using reverse averaging of magnetic tape 

recordings and established a pre-movement potential that they called the 

Bereitschaft (readiness) potential (BP) [150].  

 

 

Figure 5. EEG recordings of the Bereitschaft potential for hand (upper) and foot (lower) movements. 
Traces are average of 256 movement. Reproduced from  [150] with permission. 
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The readiness potential was described as a slowly increasing negative wave with 

an onset 1-1.5 seconds before muscle activity and was maximal in amplitude over 

the contralateral pre-central region as seen in Figure 5. At the time, Walter Grey 

White and others were also working on a different preparatory response, which 

they called the contingent negative variation (CNV) [151]. The CNV though is 

completely elicited through the expectancy of operant response after external 

stimuli presentation. This response requirement is the main differentiation 

between the two cortical potentials investigated at the time. The BP is a 

voluntarily generated potential in preparation of motor activity, compared to the 

CNV that is an expectancy potential elicited because of the impending operant 

response facilitating a heightened state of readiness. Furthermore, the CNV 

response can be elicited without a movement response, and it has been shown to 

exist in the parietal cortex when using colour as the cue for elicitation [182, 183].  

 

2.1.1 Elements of the BP  

The BP has been extensively decomposed in scalp recordings into eight recognised 

phases, which have been described by several groups [182, 184-187]. The initial 

negative deflection, beginning from rest until movement onset, is called ‘the slow 

wave’, with a frequency within or below the Delta range. This slow wave is made 

up of two separate portions, the first of which is denoted as the BPProper, which is 

the slowly deflecting section that emerges from baseline between 1-1.5 seconds 

prior to movement, increasing in amplitude until approximately 500 milliseconds 

before movement [187]. The second portion is the following 500-millisecond 

segment has a larger negative gradient and is called the negative slope (NS’). The 

BPProper is symmetrical, widespread and most prominent over the vertex; the NS’ 

however is less diffuse, has a smaller frontal component and strong somatotopic 

distribution [188]. Depending on movement, the NS’ portion though can be 

identified maximal at CZ during foot-based movement as the representation of 

feet is located on the mesial wall of the inter-hemispheric space. Due to this 

recording limitation, the majority of groups design their paradigms around tasks 

using specific anatomy represented in the motor homunculus. Predominantly this 

is the fingers, hands and arms as they are on the lateral surface of the motor cortex 

and strongly suggest the localisation of the activity. It has also been shown that 
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the BPProper and NS’ sections can be impacted through many factors such as 

intention, force, and speed [188].  The remaining six sections are time sensitive, in 

milliseconds, in relation to the onset of movement and have a designated P or N 

depending on the polarity of the peak at each of the respective times. The P-50 and 

N-10 peaks are within the pre-movement phase and hence are denoted with a 

negative sign. In unilateral hand movements, the P-50 has shown predominance 

over the ipsilateral hemisphere, while in bimanual tasks, the P-50 was absent 

[189]. From this it has been suggested that the P-50 may actually be an inhibition 

of movement from the ipsilateral side. The N-10 however is well localisable at 10 

milliseconds prior to movement onset from the motor cortex contralateral to 

movement at the somatotopic position for the movement performed [188]. The 

post-movement peaks are more variable in time presentation then the pre-

movement peaks, and thought to be a form of kinesthetic feedback in the frontal 

(N+50) and parietal (P+90, N+160, P+300) regions [189]. 

 

MEG investigations have aimed to better localise these EEG peaks to individual 

anatomies. Source localisation of the BPProper dipole suggests that bilaterally the 

SMA and precentral part of the cingulate motor area (CMA) (upper bank of the 

cingulate sulcus) is its initial generator. The NS’ portion, however, was directly 

resolved from the homunculus of the motor cortex depending on which anatomy 

was used during movement [190, 191]. These results though have an underlying 

relationship surrounding the complexity of movement. Although simple 

movements, finger extension and alike, can engage the SMA, it has been identified 

that complex movements have a larger dipole source prior to movement [192, 

193].  

 

The majority of intracranial pre-movement research correlates with MEG and 

scalp hypotheses of SMA and M1 generation [188]. However other groups suggest 

a greater variability in the distribution throughout the cortex, amplitude and even 

presentation of both segments of the ‘the slow wave’ [194]. Some even identify 

that responses exhibit signs of local generation of the BPProper that can come from 

gyrii in each lobe of the brain [33, 194, 195].  
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As it has been suggested that the scalp recorded peaks do not immediately 

correlate with intracranial data, there is a lack of literature on the time and 

relationship of the reafferent potentials to the extracranial equivalents [196]. One 

would expect, given the relatively variable and highly distributed low frequency 

changes surrounding the generation of movement, an equivalent set of variable 

and distributed reafferent potentials would exist. However, with continual 

alteration throughout the course of movement, and the preceding changes from 

the initial movement, the localisation of sources and their specific timing would 

be arduous. 

 

2.1.2 Volition, free will and expectancy of movement 

The BP has been shown to be generated, at least during the pre-motor phase, from 

the pre-central region [188]. The BP manifests as a slowly increasing negative 

deflection, however, there exists literature surrounding free will, volition and 

expectancy that could potentially challenge this representation. Libet, et al. [197] 

examined volition in movement looking for evidence that conscious will was what 

initiates the preparatory response to movement. They found a 350-millisecond 

delay existed between BP onset and the participant’s urge to move. Their findings 

though are disputed in the literature with some group confirming the causal 

relationship [198] and other rejecting it [199]. These groups all found their results 

using motoric tasks, hence eliciting a BP, and reporting the time felt when the urge 

to move was present. This notion of volition has since been expanded, specifically 

to avoid motoric tasks and remove conscious will. Using a clock, similar to the 

initial study by Libet, et al. [197], participants recorded the time of their decisions 

that were then used to identify if the same causal relationship surrounding 

movements applied only to thought alone [200]. Controversially, the readiness 

potential for decisions (RPDecision) was statistically indifferent to the BP for 

movement [200]. Another study by the same group then used hypnosis in attempt 

to adjust conscious will and hence stereotype the onset of BP during free-will 

period to a cued inclusion suggested to the participants while under hypnosis. In 

this study, the experiment failed to stereotype the onset, and amplitude of the BP, 

suggesting that free will is potentially not a necessary cause of the actions under 

testing [201]. 
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The CNV rather than volitional is an operant potential from an impending positive 

or even negative response. Similar to the RPDecision, it has been shown that the CNV 

response is similar between motor or non-motoric tasks [183]. It has even been 

demonstrated to exist in expectancy tasks with a response of motor and 

perception timing, arithmetic calculation, sequence estimation and selectivity 

between different actions [183, 202].  

 

The overlapping distribution of the CNV, RPDecision and BP complicate the 

identification of each respective waveform. Most groups suggest, and analyse the 

evoked potentials from their experiments as either of these waveforms based 

solely on the paradigms used. If expectancy is implemented, the results are of a 

CNV-like response whereas volitional movement or decision is respectively the BP 

or RPDecision. Some groups have suggested a differentiation between the BP and 

CNV. However, the cortical changes recorded in scalp EEG make the internal 

generators hard to confirm; especially in the population of patients with 

parkinsonism examined [203]. Because of this uncertain result there has been a 

succession to the term movement related cortical potentials (MRCPs) to address 

the motoric processes alone. MRCPs now define the frequency-banded activations, 

inclusive of the BP, which are present during and, although less frequent, prior to 

movement. 

 

2.1.3 Rationale 

The majority of research for MRCPs examines their utility for brain computer 

interfaces (BCIs) in healthy and diseased patients [204, 205]. Most of these utilise 

extracranial monitoring techniques, due to general applicability and high patient 

volume, however there exists several intracerebral equivalents [206]. The 

distribution of MRCPs has also been investigated using MEG [207], ECoG [208, 

209], SEEG within the sensorimotor region [210] and also from a widespread 

exploration of the brain [33, 211]. A comparison between the distributions of 

MRCPs to slow waves, regarded as the intracerebral BP, was also made along with 

a distinction, if it was believed to be of local generation, to each anatomy [33]. 

However, only established ranges of frequencies were analysed, (8-12, 16-32 and 
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36-44 Hz) where others have suggested that a far wider MRCP spectrum exists 

[158, 206, 212]. It has also been identified that MRCPs have a strongly somatotopic 

distribution [34, 213] and are responsible for separate phases during [212] and 

prior to movement [214].  

 

From the literature however the methods to identify a MRCP’s are highly varied. 

Some operate in the time domain, others in the frequency domain, and others use 

visual analysis in combination with mixed signal processing techniques. Also, the 

characteristics that are then quantified, the time of activity, or the frequency range 

that is changing are also varied between studies. The majority of methods perform 

no form of validation, or consideration on their results, rather just perform a 

comparison between what was found in each of their different regions. Without 

some consistency in the methodological approaches for identification of MRCPs, 

or even some governing rules, the association of research articles remains 

empirical.  

 

This problem was considered, from a dependent format, whereby patients must 

perform a physical action to elicit a MRCP. The aim was then to identify the MRCP’s 

in a reliable and repeatable method. Several major hurdles arise from this task; 

where, when, how much and how is it known if it is a MRCP. The following article 

aims at addressing these problems, and then, as performed in the literature the 

findings are empirically evaluated against others in the same field to potentially 

provide a framework of objective MRCP identification. 

 

2.2 Automatic identification of movement-related 

cortical potentials during self-paced voluntary 

movements 

Woolfe M., Woolfe A., Prime D., Rowlands D., O’Keefe S. and Dionisio S. (Prepared 
for submission) Automatic identification of movement-related cortical potentials 
during self-paced voluntary movements. 

 

2.2.1 Abstract 
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Purpose: The identification of movement related cortical potentials are 

predominantly identified visual analysis, semi-automated with validation or 

extracted based on frequency domain changes. The distribution and qualities of 

these potentials is subjective and specific to the frequencies investigated. Motor 

articulation and control is distributed across multiple regions, objective 

identification and quantification of these cortical changes could assist in the field 

of brain computer interfaces. 

Methods: A non-parametric method involving multi-frequency analysis during a 

series of movements was performed. The results of the initial identification are 

then subjected to several generalised rules to ensure a valid selection of cortical 

regions that are responsible for motoric processes. The results were then 

empirically compared to previous literature. 

Key findings: Our study produced an autonomous method to identify movement-

related cortical potentials that has comparable quantified onsets, offset and 

distribution through the cortex. The results also indicate dominance for certain 

frequencies then previously reported for differentiating several movements. 

Significance: Our results highlight the regions that, reproducibly, undergo 

frequency based changes prior to and during movement. The localisation of these 

potentials can assist in future implementations of brain computer interfaces.  

 

2.2.2 Introduction 

Since the invention of the EEG the electrographic changes that occur during 

voluntary movements have been extensively studied [182]. Initially, the BP, also 

known as the readiness potential attracted the majority of interest, as it was easily 

recorded on the scalp [188]. Later on, with more advanced recording technology 

and signal processing, MRCPs were established, and the BP was adopted as a low 

frequency MRCP. MRCPs were favored because of their higher spatial selectivity, 

reactiveness to movement and were reliable for applications in brain computer 

interfaces (BCI) [213, 215]. For both intra- and extra-cranial methods MRCPs were 

identified through the deviations in frequency domain or band pass filtering the 

cortical activity, and extracting the amplitude through a Hilbert transform. 

Initially, the main frequency band of interest was Mu (8-12Hz). However this has 

expanded to encompass a wide spectrum of frequencies surrounding movement 
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activation and imagination with certain frequencies correlated to specific tasks, 

complexity, force and speed [34, 158, 206, 212, 216, 217]. 

 

The majority of works on MRCPs base their rationale for their utility in BCI’s. Their 

existence in recordings is usually identified through visual analysis or statistical 

deviance from baseline where quantification is then performed through template 

matching, calibrated models or machine learning algorithms [218-220]. The 

consequence of such personalised approaches causes the BCI’s to become patient 

dependent and also reliant on the accuracy of training data. Some groups have 

trialed models that are patient-independent however; this came at a cost of 

accuracy in movement prediction [221].  

 

Away from BCI’s, the occurrence of MRCPs has been extensively researched, 

however, the bulk of studies compare differences between healthy and diseased 

patients, without evaluation of the ‘healthy’ MRCP qualities. Those who do 

consider the qualities, have documented the distribution of MRCPs, their onset, 

offset and deviation from baseline as well [33, 209-211, 222]. The identification of 

MRCPs intracerebral distribution, and also the quantification measures, 

predominantly rely on visual selection, semi-automated with visual assistance or 

frequency domain differences [33, 207, 209]. From the varied methodological 

approaches, numerous differences exist for the attributes of MRCPs. Without some 

form of validation, or universal ‘rules’ for identification, MRCP work remains open 

to interpretation and empirically evaluated. It is the purpose of this work to 

automate this process in the time domain, including the identification and 

quantification of MRCPs throughout the brain based on a general morphology and 

to quantify the onsets and also offsets objectively. The aim is to execute this 

through multi-passband filtering to establish a range of frequencies during 

movement, and quantify the onset and offset on a trial-by-trial basis. The results 

are then subject to identification rules ensuring a positive identification. From this 

the MRCP distribution, their onsets and offset can be established for several 

movement types and compared to previous literature findings.  

 

2.2.3  Methods 
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Subjects 
Sixteen patients (12 males and 4 females, 14 Right handed, 1 Left handed and 1 

ambidextrous) ranging in age from 16 to 56 (Mean 32.5 +- 13.1 Years) participated 

in the study, their details are given in table 1. All participants were undergoing 

invasive (SEEG) monitoring as part of a surgical work up for their refractory focal 

epilepsies. The experimental procedure was explained to the participants, 

informed written consent was obtained and the local ethics committee approved 

the study (HREC/16/MHS/75 and HREC/16/MHS/76). 

 

Table 1. Details of the patients within the study 

 

Experimental procedure 
Participants were instructed to sit upright in bed and voluntarily attempt four 

tasks during each session. The tasks comprised bicep curls and book page turning 

exercises using the right and left upper limb. The participants were encouraged to 

Participant 
No. 

Age/
Sex 

Dominant 
hand 

Movement 
Sessions 

Epilepsy 
duration 
(years) 

Epileptogenic zone 

1  18/M R 1 13 Left Pars orbitalis 

2  32/M R 2 32 No seizure recorded 

3  16/F R 3 8 Right amygdala/uncus 

4  27/M R 4 17 Left anterior long gyrus of the 
insula 

5  22/F L+R 4 7 Focal left mesial temporal 
(hippocampus, amygdala, temporal 
pole) 

6  17/F R 3  Left entorhinal cortex 

7  21/M L 2 13 Right mesial orbitofrontal 

8  47/M R 1 14 Left temporal pole 

9  52/F R 1 49 Anterior temporal 

10  56/M R 2 39 Right orbitofrontal 

11 30/M R 1 26 Left anterior insula, left anterior 
cingulate, bilateral pre-SMA and 
SMA 

12  46/M R 2 16 Right entorhinal/perirhinal cortex, 
right amygdala and right temporal 
pole. 

13  45/M R 2 8 Left entorhinal cortex and amygdala 

14  33/M R 2 21 Focal left fusiform gyrus 

15 36/M R 1 36 Left hippocampus with amygdala 
and temporal pole. 

16  22/M R 1 11 Left mesial orbitofrontal and 
temporal pole 
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avoid additional movements where possible during each session. Practice tasks 

were undertaken prior to each session and feedback on performance was 

provided. The participants repeated the task 30 times and were instructed to 

internally cue each movement with more than five seconds between successive 

movements. Sessions were performed when participants were alert and had not 

had a seizure within the previous 4 hours. 

 

Bicep curl 
Beginning with the forearm resting on the thigh, the patients were instructed to 

raise their forearms towards their shoulders, while leaving the elbows close to the 

hip, and to maintain an open palm until their forearm was vertical. After the initial 

ascent, a delay greater than five seconds was instructed before the descent phase 

(the reverse of the ascent), finishing with the forearm resting on the thigh. The 

ascent phase only is kept for the bicep task.  

 

Book page turn 
Beginning with the palm facing downwards on a page of the book, from the same 

side as the performing arm, the patients were instructed to draw a page from the 

opposite side with their hand following the page until its rest, whereby the palm 

is placed again in the same position as the beginning. A delay greater than five 

seconds was expected before the task is repeated. 

 

Signal Acquisition 
The recordings were made on the Nihon Kohden EEG-1200 system, with a 1KHz-

sampling rate. The SEEG electrodes were implanted on an individual patient basis, 

based on his pre-surgical evaluation. Between ten and eighteen multicontact 

MicroDeep (DIXI medical, Besançon, France) semi-flexible platinum electrodes were 

implanted. Each electrode has a diameter of 0.8mm, a contact length of 2mm and an 

intercontact insulation length of 1.5mm. Depending on the electrode target and depth, 

each electrode has between 8 and 15 contacts. The exact positions of the electrodes 

were verified by visual analysis of a co-registered in situ CT with a pre-operative MRI, 

by the epileptologist, along with the cortical stimulation data. In addition, 

electromyogram (EMG) of the bilateral biceps brachii was simultaneously recorded 

synchronously with the intracerebral signals. 
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Marking of EMG 
Each session’s EMG was manually inspected to mark the onset and offset of each 

movement (bicep ascent and book page turn). 

 

Preprocessing 
Contacts external to the cortical surface were excluded prior to processing, with 

all remaining SEEG contacts digitally re-referenced into a bipolar montage of 

adjacent contacts, creating the channels discussed in this article. To prevent 

aliasing of higher frequencies, a forward-then-reverse low pass finite impulse 

response (FIR) filter (Hamming, 1001 Pole), with a cutoff frequency of 250Hz, was 

applied to each channel. In addition, a bandstop FIR (Hamming, 1001 Pole) filter 

with cutoff frequencies 48.5 and 51.5Hz was applied to remove power line noise. 

 

MRCP Processing 
Processing of each channel within the study had four steps, shown in Figure 6; (i) 

conversion into event-related synchronisation/desynchronisation (ERDS), (ii) 

extraction of thirty, ten second ERDS segments to generate a baseline histogram, 

(iii) extraction of a ten second section, around each movement marker, and (iv) 

identify the start time, finish time and mean value of a possible MRCP. 

 

 

Figure 6. Flowchart of automatic identification of MRCPs 

 

Conversion to Event-Related Synchronisation/Desynchronisation 
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ERDS is a measure of change compared to baseline, which is expressed in a near 

linear scale. This study examines multiple frequencies, and as such, each SEEG 

channel is first band pass filtered (FIR, Hamming, 1001 Pole) at each frequency 

band. The amplitude of each frequency-banded series is then computed using a 

Hilbert transform and finally is converted to ERDS using Equation 2. The baseline 

value used in the ERDS calculation is found by taking the mean of the amplitude 

from thirty, ten second long sections, extracted from random times at least 2 

minutes from any marked activity (epilepsy, movement or clinical event). 

Subtracting the baseline value from the entire frequency banded amplitude series, 

and then dividing the result converts it into ERDS. It is then multiplied by 100 to 

express it as a percentage, as seen in Equation 2. This conversion is performed for 

each frequency band and channel in the study. 

Equation 2 

𝐸𝑅𝐷𝑆(𝑇𝑖𝑚𝑒) = 100 ×  
𝐸𝑣𝑒𝑛𝑡(𝑇𝑖𝑚𝑒) − 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒
  

 

Extraction of the movement sections 
For each of the movements, a 10 second ERDS section, ± 5 seconds around the 

movement onset markers is extracted. This is repeated for each channel, 

frequency band and for the 4 different movement tasks (Right and left bicep curl 

and book turning task).  

 

Baseline histogram 
A histogram of the ERDS values from thirty ten-second long sections unique to the 

baseline sections is also calculated. This histogram is used to identify the median, 

33.3 and 66.6 percentile during no-movement. 

 

Identification of an MRCP 
MRCPs are frequency-banded activity which are correlative of performed 

movement. The automatic identification process is applied to each frequency 

banded ERDS segment that is calculated for each movement. The automatic 

algorithm for identification of a single frequency band has the following 

processes; (i) the mid-point (halfway between onset and offset) of the movement, 

defined by visual analysis of the EMG activity is calculated. (ii) The ERDS segment 
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is smoothed to limit spurious amplitude changes. The smooth operation is 

performed using a rectangular window with width twenty times the duration of 

the lowest frequency of the frequency band under consideration. (iii) The value of 

the smoothed ERDS series at the midpoint is identified, lower cross in Figure 7. 

(iv) Looking in both directions from the midpoint, the value of the smoothed ERDS 

is evaluated. The first instance of the smoothed ERDS to change polarity (positive 

to negative or vice versa) represents the onset (before the midpoint) and offset 

times (after the midpoint) seen in Figure 7 as left-most and right-most crosses 

respectively. 

 

 

Figure 7. Example extraction of the MRCP qualities. Shown is movement onset and offset (vertical 

bars), ERDS trace during the trial, and smoothed. Crosses represent the onset (leftmost), midpoint 

(middle) and offset (Rightmost) 

 

Validation of MRCP identification 
The identification process is autonomous and always provides an MCRP estimate, 

the application of several rules then ensures that the MRCPs identified follow an 

expected format for valid MRCPs. The rules for valid identification are (i) the 

duration of a MRCP trial must exceed 50% of the duration of the corresponding 

EMG activity. (ii) The mean value of the ERDS series between the estimated MRCP 
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trial’s onset and offset must be less than the 33.3rd percentile, or greater then the 

66.6th percentile of baseline data for that frequency band and channel. (iii) A 

positive MRCP identification must have consistency with at least 50% of MRCP 

trials accepted by the previous two rules for all trials within the same frequency 

band, channel and movement type to be accepted, otherwise all are denied. A 

single distinction is then recorded, if the third rule is accepted, or not, indicating 

that MRCPs can be automatically identified for that particular channel, frequency 

band and movement type. For these valid MRCP findings, the mean onset times 

and offset times are also extracted and kept with the identification data. 

 

Grouping of Positive MRCPs 
The MRCP results are grouped into four tables based on the movement type and 

laterality of the movement. Channels that are in the right hemisphere of the brain 

have their left-sided movements marked as contralateral events, and right-sided 

are marked as ipsilateral. For channels in the left hemisphere their right-sided 

movement are marked are contralateral events and left-sided movements as 

ipsilateral. This creates the four tables (S1 – S4) found in the supplementary items; 

(i) contralateral bicep curl, (ii) ipsilateral bicep curl, (iii) contralateral book turn, 

and (iv) ipsilateral book turn.  

 

The anatomies from each channel were collected, and grouped into anatomical 

regions by an epileptologist, which form the rows of the tables. The columns are 

the frequency band examined in this study. The data in the table is then the 

occurrence of valid MRCPs for each anatomical region and frequency band as a 

percentage of possible number of occurrences. The anatomies were also grouped 

in a similar manner where multiple adjacent anatomies were conjoined to form 

12 lobar groups. The groups and the respective number of recorded channels for 

each group are provided in the supplementary items (S5 and S6). 

 

2.2.4 Results 

The duration of EMG activity for the right bicep curl was 1992±713ms (mean ± 

SD), 1921±673ms for the left bicep curl, 3428±818ms for right book page turning 

and 3298±793ms for left book page turning.  
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Identification algorithm 
The identification stage of the automatic MRCP algorithm is the first process to 

begin grading all of the possible MRCPs trials. The results from the algorithm 

heavily rejected the low frequency MRCPs trials based on invalid onset and offset 

markers produced by the algorithm, either to close or too far from the midpoint 

given by the EMG data. Non-cumulatively with the following rules, this stage 

rejected over 70% of MRCP trials in the 0-2Hz band and 38% in the 2-4Hz band 

reducing to less than 10% rejection for trials in the frequency bands greater than 

12.3 Hz as seen in Figure 8.  

 

 

Figure 8. Rejection rates of MRCP trials per frequency band for invalid onset or offset identification 

(bottom), shorter then required MRCP duration (middle) and insignificant deviation from baseline 

during MRCP duration (top). Rejection percentages are divided by 4 to for readability 
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Minimum duration 
The duration of each valid MRCP trial must last for greater than 50% of the EMG 

burst associated with the physical movement. This rule excluded a large majority 

of MRCP trials with a mean of 76% rejection throughout all frequency bands. Its 

lowest rejection rate was 55% of MRCP trials within the 7.7-10.2Hz band rapidly 

increasing for higher frequency bands peaking at 97% rejection for the 192-212Hz 

band. Comparing the rejection rates for each of the four movements, the minimum 

duration rule rejected a higher proportion of MRCP trials in the book movements, 

both ipsilateral and contralateral, then the bicep movements. 

 

Deviation from baseline 
A sufficient deviation from the baseline, positively or negatively, was a necessary 

requirement for positive identification of MRCP trials. The rejection rates due to 

the deviation were fairly even across all frequency bands greater than 30Hz. 

However, there was a moderate preference towards rejection of the lower 

frequency MRCPs trials reaching 82% for the 0-2Hz band. When comparing the 

rejection rates as a mean of each movement type, the contralateral and ipsilateral 

bicep and book movements, the deviation rule was almost even per type.   

 

Cumulatively the first two rules (duration and deviation) along with the 

identification process rejected approximately 85% of possible MRCPs trials with 

a higher preference to reject both the ipsilateral and contralateral book movement 

MRCP trials. This was due to similar rejection preferences found in the 

identification process and minimum duration ruling of MRCPs trials as seen in 

Figure 8. 
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Figure 9. Rates of successful identification of MRCP trials per frequency band (left). Rates of 

positively identified MRCP producing sites (right). Rates are divided by 4 for readability 

 

Consistency throughout trials 
A positive identification of a MRCP in frequency, anatomy and movement type is 

recorded from the consistent identification throughout the majority (Greater then 

50%) of single movement type’s MRCP trials of the same frequency and anatomy. 

A combined total of 6.5% of MRCPs were identified from this extensive anatomy, 

frequency and movement type combinations as seen in Figure 9. The study now 

continues with the term MRCP meaning ‘positively identified’ through the 

algorithm and rules. 

 

MRCP incidence 
The rolandic region (M1 and S1) had the largest incidence of MRCP channels 

across all frequency bands compared to all other lobar regions as seen in Figure 

10. The rolandic and premotor region’s greatest incidence was found in the 14.9-

18.1Hz band, which was the highest frequency band where all other regions had 

their highest incidence at lower frequencies. The incidence in the rolandic region 

in the 14.9-18.1Hz band was almost 25% of all channels, which is more then than 

double the incidence of the any frequency band outside of the rolandic region. The 
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dorsolateral-prefrontal cortex and the superior parietal lobule had dominant 

frequency incidence in the 9.9-12.7Hz band. The operculum, mesial temporal 

structures, lateral neocortex, anterior and posterior insula, cingulate cortex and 

inferior parietal lobule all had the highest incidence of MRCPs in the 7.7-10.2Hz 

frequency band. The orbitofrontal region had the lowest dominant frequency 

band (3.7-5.9) however it was only marginally larger then the MRCP incidence in 

the frequency bands from 2Hz through to 12.7Hz. This finding was also found in 

the other regions where surrounding the maximum incidence the neighbouring 

frequencies bands had a similar incidence rates but reduced as the frequency 

range increased or decreased.  

 

 

Figure 10. Distribution of positively identified MRCPs per lobar group and frequency band.  

 

Movement differences 
The incidence of MRCPs per movement type favoured the bicep movements, with 

2.33% and 2.62% for contralateral and ipsilateral movements respectively 

compared to book MRCP incidence of 1.23% and 1.03% for contralateral and 

ipsilateral movements. However, subtle trends exist in the frequency bands 



Chapter 2. Automatic identification of movement-related cortical potentials 
during self-paced voluntary movements 

53 

depending on the movement type. In the rolandic region a clear preference to the 

higher frequency bands (20-51Hz) for contralateral bicep movements, where the 

ipsilateral movements favor the lower frequency range (3.7-21Hz). The incidence 

on MRCPs due to ipsilateral book movements in this region is almost non-existent 

where the contralateral book movements strongly favours 7.7-24Hz. In the 

inferior parietal lobule, operculum, mesial temporal structures, DLPFC, 

orbitofrontal region, cingulate and anterior insula there exists a frequency 

dominance separating biceps curls from the book turning movements. In these 

regions, the frequency distribution is higher for both the contralateral and 

ipsilateral bicep movements than the book movements. By normalising the 

incidence of MRCPs for each movement type and for each frequency band, a clear 

representation of the frequency dominance was established seen in Figure 11. 

Below 12Hz the book tasks account for more MRCP incidence than the bicep tasks 

with a mean of 65% of the normalised incidence. In contrast, between 19 and 45Hz 

the bicep tasks account for the majority of MRCPs with a mean of 73% incidence, 

also the bicep tasks account for 62% of the MRCPs identified between 45 and 

100Hz. Above this range (>100Hz) no dominance per movement type could be 

identified. The differences were examined between contralateral and ipsilateral 

MRCP findings after normalisation of both the events and frequency bands 

however, no significant dominance in frequency was found. 
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Figure 11. Normalised incidence of positively identified MRCPs per movement event and frequency 

 

2.2.5 Discussion 

The aim was to automate the identification of MRCPs in both frequency and 

anatomy and capture their onset and offset times. Using three simple rules, the 

objective identifications were then evaluated for duration, deviation and 

consistency that established a MRCP’s validity. This methodology was applied to 

a wide range of anatomy and frequency bands and for four movement types. A 

discussion follows on the similarity in quantification measures with other groups 

performing a similar task through visual, semi-automated methods and frequency 

domain differences. 

 

Incidence 
One the most comprehensive studies into the incidence was performed by 

Sochurkova, et al. [33], who statistically compared frequency domain differences 

of five non-continuous frequency bands (8–12, 16–24, 24–28, 28–32 and 36–
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44Hz). Their results, incidence, onset and offset times are grouped in table 2 

along with this study’s findings, after merging several anatomical regions and 

also frequency bands to match. Sochurkova, et al. [33] used a method of 

identification that divided each movement trial into 89 segments (-4.5 to 4.5 

seconds surrounding movement with 1 second sliding window overlap of 1/8 

second) and calculated the mean power estimates for each frequency band. They 

then statistically compared the estimates against a baseline equivalent to identify 

frequency-based changes due to the voluntary movements performed. 

Additionally, the Bereitschaft potential (BP) was visually identified. 

 

We expected the majority of our results to be similar, however there were several 

key differences potentially arising from the different referencing schemes and also 

domains (frequency and time) that the MRCP trials were evaluated from. 

Sochurkova, et al. [33] used a linked ear reference, where this work was in a 

bipolar montage. Although a linked ear reference was preferable for movement 

research as it is ‘distant’ to the motor cortex its implementation has been shown 

to artifactually introduce noise and correlation between recording channels [73]. 

In the same article, it was outlined that local references, bipolar and laplacian 

effectively increase the specificity of frequency-based changes to stimuli, 

justifying the reference used for analysis of a wide frequency spectrum. Local 

references are also insensitive to “far-field” potentials due to common-mode 

rejection and potentially why the method used could not identify the BP effectively 

as it was inherently removed. Also a possibility, this work established the BP 

automatically where it was visually identified in Sochurkova, et al. [33].  

 

Another difference from Sochurkova, et al. [33], was they used the frequency 

domain to establish the time of statistically significant segments. However, in their 

analysis they do not discuss how the statistical outcome of each segment supports 

the occurrence of MRCPs at each recording point. They also do not mention how 

many statistically significant segments are required to qualify a MRCP, or if they 

can be non-contiguous. Their results section only elaborates on the 8-12 and 16-

24Hz bands characteristics, with only a brief mention of the higher frequency 

MRCPs (35-45Hz) in the discussion. The method used in this study on the other 
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hand operates in the time domain quantifying the existence of MRCPs on a sample-

by-sample basis. The method used in this study, although sensitive to spurious 

events within the frequency spectrum is made more robust by using a smoothed 

version of the data to extract the MRCP characteristic and avoid erroneous events.  

 

Some potential bias might exist when comparing this work as the frequency range 

was subdivided into 31 overlapping bands, rather then the five used by 

Sochurkova, et al. [33] with the aim to better delineate frequency preferences per 

anatomy and event. The three frequency bands spanning 14.9-24.5Hz were 

averaged to establish an equivalent Beta band for comparison with the M1 and S1 

from Sochurkova, et al. [33]; the incidence of this new Beta band however had half 

the incidence of the original 14.9-18.1Hz band from the rolandic region. In general 

the incidence of this study’s results, combined in both anatomy and frequency 

follow similar trends to the incidence of [33] with exclusion of the BP, as 

mentioned above. 

 

Another study from SEEG focused on three frequency ranges, Mu (5-11Hz), Beta 

(13-30Hz) and Gamma (40-60Hz) for the identification of MRCP incidence, onset 

and maximum ERDS deflection in eight patients from the pre-central and post-

central gyrii along with the frontal lateral and medial cortex [210]. They identified 

the onset times, and hence incidence, through statistical deviation of ERDS 

samples from a baseline section extracted prior to each movement. They found 

that the Mu band MRCP’s would consistently deflect negatively during 

movements, while Beta and Gamma were both positive. Although their incident 

rates were not discussed specifically, their results contain quantitative metrics for 

29/32 possible Mu band MRCP values along with 17/32 for Beta and 15/32 for 

the Gamma range. Interestingly, they found incidence in the post-central gyrii for 

Mu band in all eight patients. Our results differed, of four possible patients only 

one for the bicep movements, and two for the book movements had this finding. 

Their incidence rates are also significantly higher than the findings from this study 

for the pre-central gyrii, and both lateral and medial frontal regions. 
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Table 2. Quantified incidence and onset of MRCPs in this study compared to Sochurkova, et al. [33] 

Test 
 

Region Number of 
patients/Unique 
contacts/All contacts 

BP contra, number of 
patients/contacts, 
onset to offset 

BP ipsi, number of 
patients/contacts, 
onset to offset 

Alpha contra, number 
of patients/contacts, 
onset to offset 

Alpha ipsi, number of 
patients/contacts, 
onset to offset 

Beta contra, number of 
patients/contacts, 
onset to offset 

Beta ipsi, number of 
patients/contacts, onset 
to offset 

Finger Extension [31] M1/S1 2/8/8 2/4, -1.5s  2/4, -0.5 s 2/8, -1.5 to 1.0s 2/8, -0.5 to 0s 2/8, 0.0s 2/8, 0.0s 
Bicep Curl 4/24/82 0/0 0/0 1/2 -1.5 to 3.8 1/8 -1.1 to 3.1 2/12 -1.0 to 2.2 1/18 -0.5 to 2.5 
Book Turning 4/24/82 0/0 0/0 1/8 -0.6 to 4.0 0/0 2/13 -0.6 to 3.5 2/6 -0.7 to 3.1 
Finger Extension [31] SMA 3/8/8 2/4, -3.0 to 0.5s  2/4, -1.5 to 0.5s 2/6 -1.0 to 0.5 1/6, -1.0 to 0.5s 2/4, 0.0 to 1.0s 2/4, 0.0+1.0s 
Bicep Curl 7/52/105 0/0 0/0 2/6 -1.4 to 3.0 4/7 -1.4 to 2.8 5/11 -0.5 to 2.3 6/18 -0.4 to 2.4 
Book Turning 7/52/105 0/0 0/0 1/1 -0.4 to 3.4 0/0 3/6 -0.7 to 3.1 3/5 -0.1 to 3.2 
Finger Extension [31] BA 6 5/51/51 2/4, -1.5 to 1.0s  2/4, -1.5 to 1.0s 3/18, -1.0 to 0.5s 2/7, -0.5 to 0s 3/18, -1.0 to 0.5s 2/7, -0.5 to 0.0s 
Bicep Curl 4/17/38 0/0 0/0 1/5 -1.4 to 2.8 1/5 -1.2 to 3.3 2/7 -0.4 to 2.4 2/5 -0.3 to 2.4 
Book Turning 4/17/38 0/0 0/0 1/1 -0.2 to 3.9 1/1 -0.1 to 3.7 0/0 0/0 
Finger Extension [31] DLPFC 5/83 5/20, -1.5 to1.0s  4/18, -1.5 to 1.0s 2/35, -0.5 to 0.0s 2/18, -0.5 to 0s 2/13, 0.0s 2/13, 0.0s  
Bicep Curl 11/136/228 1/1 -3.4 to 3.5 0/0 7/15 -1.4 to 2.8 4/11 -1.5 to 2.8 5/23 -0.6 to 2.1 7/23 -0.4 to 2.4 
Book Turning 11/136/228 0/0 0/0 7/19 -0.6 to 3.3 6/16 -0.4 to 3.7 3/6 -0.5 to 3.1 4/6 -0.8 to 3.2 
Finger Extension [31] CG 12/64 4/7, -2.0 to 0.5s  3/6, -2.0 to 0.5s 5/20, 0.0s 5/18, 0.0s 1/2, 0.0s 0/0 
Bicep Curl 15/102/208 0/0 0/0 6/16 -1.3 to 2.6 6/21 -1.3 to 2.7 7/11 -0.4 to 2.0 9/14 -0.4 to 1.9 
Book Turning 15/102/208 1/1 -4.3 to 4.3 0/0 3/9 -0.8 to 3.5 2/7 -0.8 to 3.5 1/2 0.7 to 3.9 2/5 -0.3 to 3.5 
Finger Extension [31] LTC 9/141 0/0 0/0 7/53, -1.0 to 0.5s 7/32, -1.0 to 0.5s 7/25, -1.0 to 0.5s 7/20, -1.0 to 0.5s 
Bicep Curl 13/264/586 2/2 -3.2 to 3.8 1/1 -2.9 to 3.9 11/76 -1.4 to 2.8 13/92 -1.4 to 3.0 13/59 -0.5 to 2.2 12/68 -0.6 to 2.2 
Book Turning 13/264/586 2/4 -2.8 to 3.9 2/4 -3.5 to 3.6 9/48 -1.0 to 3.3 11/59 -1.1 to 3.3 6/13-0.3 to 3.0 5/13 -0.4 to 3.4 
Finger Extension [31] MTC 11/80 0/0 0/0 7/26, -0.5 to 0.0s 7/20, -0.5 to 0.0s 7/19, -0.5 to 0.0s 7/14, -0.5 to 0.0s 
Bicep Curl 13/195/459 0/0 0/0 8/19 -1.4 to 3.0 9/32 -1.4 to 3.0 8/11 -0.5 to 2.1 6/20 -0.6 to 2.1 
Book Turning 13/195/459 0/0 1/1 -4.3 to 4.7 2/7 -0.9 to 3.5 5/9 -0.9 to 3.1 1/1 -0.5 to 2.8 1/2 -0.2 to 1.9 
Finger Extension [31] LPI  3/14  0/0 0/0 2/12, 1.0s 2/12, 0.5s 2/12, 1.0s 2/12, 0.5s  
Bicep Curl 11/63/140 2/3 -3.1 to 3.5 0/0 6/13 -1.3 to 2.7 4/14 -1.1 to 2.9 9/16 -0.4 to 2.1 6/12 -0.3 to 2.1 
Book Turning 11/63/140 0/0 0/0 7/19 -0.7 to 3.5 5/9 -0.7 to 3.5 2/5 -0.5 to 3.2 4/4 -0.2 to 3.0 
Finger Extension [31] OFC 5/46 0/0 0/0 2/7, 0.0s 2/3, 0.0s 0/0 0/0 
Bicep Curl 15/186/371 0/0 0/0 6/15 -1.2 to 2.8 5/14 -1.0 to 2.9 10/30 -0.5 to 2.1 11/30 -0.5 to 2.0 
Book Turning 15/186/371 1/1 -4.0 to 4.5 2/2 -3.1 to 3.5 9/26 -0.3 to 3.5 5/10 -0.4 to 3.4 4/8 -0.2 to 3.4 2/3 0.8 to 4.2 
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Furthermore in comparison to Sochurkova, et al. [33] their incident rates in the 

pre- and post-central gyrii are also significantly higher, however their Beta band 

frontal incidence more closely relates. Their Gamma band incidence in the frontal 

region is far lower then Beta, even more so then Mu band, in fact the incidence 

from this study from that region in the 40-60Hz range is larger then their results. 

The significantly higher incidence must be attributed to examination only from 

the positively identified MRCPs, without any interest for the absent MRCP 

electrodes. As the target of their study was not the widespread incidence, it would 

justify their exclusion and explain the significantly higher incidence within those 

regions. 

 

Duration 
Another noticeable difference between this study and previous literature is the 

onset and offset times of the MRCP data. The largest duration MRCP from 

Sochurkova, et al. [33] is 2.5 seconds, established in the M1/S1 Alpha band the 

same as this study’s results, however, the duration was twice as long at 5.3 

seconds. Similarly the average duration of the MRCPs from all regions and both 

Alpha and Beta frequencies was only 1.07 seconds. This was far lower than this 

study’s result with an average was 3.64 seconds that is believed to be mainly due 

to the minimum duration rule.  

 

Onset of MRCPs 
A study by Ohara, et al. [209] examined electrocortiographic (ECoG) data using 

ERDS and temporal spectral evolution of multiple frequency bands, and visually 

identified the BP to identify the onset and electrical deflection in the M1, S1 and 

SMA. In this study, after combining frequency bands together to match it was 

found that the SMA had the earliest onset time, 1.6 seconds before movement 

followed by the M1 both in the 9.9-15.3Hz band. Ohara, et al. [209] also found that 

the SMA and M1 had the earliest onset MRCP, however, the onset times were all at 

least 1 second earlier in each of their SMA findings than these results as seen in 

table 3. The method used here established an onset time for more frequency bands 

than by Ohara, et al. [209] however, the onset times found were consistently later 

(closer to movement onset) when compared to their findings. This is in contrast 

to the results by Sochurkova, et al. [33] where the onset times they established 
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were consistently later (closer to movement onset, or even after in some cases) 

than these results. 

 

Table 3. Average onset times per frequency band and anatomical region from this results compared 

to Ohara, et al. [209] 

 

Another study using ECoG established an onset time for their MRCPs of 1.8 

seconds prior to movement from within the SMA as a decrease in power from the 

frequencies below 50Hz, given in Table 4 [208]. Similarly, they found in the M1 

and S1 a decrease in power, which marked the onset times, at 1.3 and 1.2 seconds 

before movement onset respectively from all frequencies below 55Hz. The 

PreSMA however, had an onset 1.3 seconds before movement but the frequency 

range was more restricted to below 35Hz. The data from this study was examined 

but found variable onsets per frequency range. However, in the higher incident 

frequency ranges, approximately 7.7-15.2Hz, the onset times of the bicep curl 

MRCPs were consistent and strongly related to the same frequencies where the 

maximum decrease in power was established in [208]. In the SMA the data showed 

a mean onset prior to movement of 1.8 and 1.2 seconds for the contralateral and 

ipsilateral movements respectively. Similarly, for the contralateral movements in 

Onset times 
of MRCP 
(seconds) 

Bicep curl Book turn 

 Contra Ipsi Contra Ipsi Contra Ipsi Contra Ipsi Contra Ipsi Contra Ipsi 
Frequency 
bands SMA M1 S1 SMA M1 S1 
9.9-15.3 -1.6 -0.9 -1.1 -0.8 -0.9 -1.0 0.2  -0.7  -0.6  
17.7-24.5 -0.7 -0.4 -0.8 -0.6  -0.6 -0.5 0.1 -0.7 -0.5 -0.6 0.0 
27.6-36.3 -0.1 -0.3 -0.6 -0.2 -0.8 -1.4   -1.0 -0.8 -0.6  
35.7-45.8 -0.1 -0.2 -0.6 -0.1 -0.3 -0.6   -0.5  0.4  
50.4-57.0  -0.1 -0.2 -0.3       0.4  
62.4-70.1  -0.5 -0.6 -0.5  -0.1   0.5  0.3  
76.5-85.5   -0.3 -0.3     0.7    
84.4-94.1   0.0          

 Finger/Wrist results from [209]       
 Contra Ipsi Contra Ipsi Contra Ipsi       
Frequency 
bands SMA M1 S1       
10-14 -2.27 -1.77 -0.97 -1.85 -0.95 -0.77       
18-22 -3.20 -1.63 -1.33 -3.20 -1.53 -0.40       
30-34 -2.30 -1.67 -0.70 -2.63 -1.10 -0.33       
38-42 -2.30 -1.20 -0.60 -1.70 -0.93 -0.60       
50-54     -0.60        
66-70     -1.80        
78-82     -1.50        
90-94             
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the M1, S1 and PreSMA the onset times were 1.2, 0.9 and 1.3 seconds prior to 

movement.  The ipsilateral movements had slightly later onset times of 0.9, 1.2 

and 0.9 seconds prior to movement in the M1, S1 and PreSMA respectively. Each 

of the onset times found in this frequency range was within a standard deviation 

from the onsets documented by [208]. 

 

Table 4. Average onset times in selected motoric regions from study results compared to Ohara, et 

al. [208] 

Region Middle finger and wrist 
extension [208] 

Contralateral Bicep Ipsilateral Bicep 

M1 -1.3 sec -1.2 sec -0.9 sec 
S1 -1.2  sec -0.9 sec -1.2 sec 
SMA -1.8 sec -1.8 sec -1.2 sec 
PreSMA -1.3 sec -1.3 sec -0.9 sec  

 

Szurhaj, et al. [210] found the most varied results, with onset ranging from two 

seconds prior to onset of movement in Mu band to 500 milliseconds afterward in 

the Gamma band. Beta band onsets were all several hundred, to a thousand 

milliseconds after movement onset, which is significantly different to the results 

found here and other literature discussed for all frequency ranges. 

 

2.2.6 Limitations 

Validation 
Although several groups have documented the incidence, onset and duration of 

MRCPs using a variety of modalities, a clear and generalisable model to identify 

them has not, to the authors knowledge been established. Furthermore, MRCPs 

have been extracted from different domains such as visual analysis, frequency 

domain, TSE and this study’s frequency banded time series. The validation of each 

group’s success is only possible through expert opinion of the results. A solution 

to this is a public dataset marked by experts with several key characteristics such 

as onset, offset, anatomy that is recorded and even the movement performed 

would provide a platform to which researchers could validate their methods 

against. 
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In light of this, it has been attempted to relate the findings from this study to other 

group’s results to identify any key differences. Except for the low frequency BP 

that this method cannot establish consistently, the onset, offset and even incidence 

has similarity to previously published literature and was found objectively and 

autonomously. 

 

Sampling Distance 
This study investigates the frequency banded time series for power changes in 

certain anatomy regions. Grouping of the electrical contacts has been performed 

by an epileptologist, however, these contacts are limited by sampling distance. It 

has been estimated that each contact sums the cortical activity within a 1cm 

cylinder around each contact [63]. This can influence the electrical activity that is 

recorded especially due to the non-homogenous composition of the cortex, 

proximity to adjacent anatomical regions and also creates a frequency ceiling due 

to a population level summation.  

 

2.2.7 Conclusion 

The application of signal processing techniques and rules for identification of 

MRCPs has provided a population of highly consistent, long lasting and strongly 

deviating cortical rhythms surrounding voluntary movement. The variability of 

the quantified metrics namely incidence, distribution, frequency preferences, 

onset and offset in the literature motivates the objective identification of MRCPs. 

The results found have aligned with the previously found metrics and share 

similar ranges in terms of mean and standard deviation. This indicates that the 

method used, and governing rules, are applicable for the automatic and objective 

identification of MRCPs for future research. 

 

2.2.8 Future Work 

This study was fully dependent, whereby the population actively moved their 

limbs to fulfill the objective, elicitation of MRCPs. For the study to provide a 

greater insight into the incidence of MRCPs and provide significantly greater 

utility to the field of BCI’s the study should be repeated with imagined movements 

as well. If imagined movement MRCPs could be established in a similar fashion 
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then independent BCI’s, ones that require thought alone, would become more 

feasible given those results. Similar to this study’s current results, quantification 

of imagination based MRCPs would constitute an atlas of where in the brain to 

look and also at what frequency to consistently find MRCPs.  
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3 Chapter 3 

3.1 Background 

Brain computer interfaces (BCI’s) are a relatively new method of interaction, 

between the central nervous system and the external world, the earliest of which 

was performed in the late 60’s with the term BCI coined much later in 1976 [223, 

224]. Predating BCI’s, interaction with the physical world was performed on a 

muscular level, with articulation of movement performed in the cortex along with 

kinesthetic feedback to provide smooth continuous control. A BCI aims to bridge 

the cortical activity to physical environment, or electrical interface by 

comprehension of the electrophysiological signals, in the time and frequency 

domain that were intended to produce the muscular changes [225]. This describes 

a dependent BCI, one that requires the actual cortical activation and hence 

elicitation of corresponding movements to be interpreted and processed to form 

the decision of the system. The utility of current dependent BCI’s is limited to a 

population that can already perform the tasks that the BCI is intended to replace 

hence shifting the focus of research to independent versions.  

 

Several groups have established successful independent trials, where users either 

actively or passively controlled their electrophysiological signals. Initial passive 

studies analysed an evoked potential in the time domain called the P300 wave, 

which is generated from visual stimuli 300 milliseconds after the visualisation of 

something interesting to the viewer [149, 226, 227]. Using EEG, these groups 

designed systems to identify the existence of the P300 for use in a phone book 

search, and grid search programs. These studies were designed predominantly for 

the ‘locked-in’ population, as it requires no interaction, only visual gaze and intent 

to elicit the P300. The passive approached yielded high success and meant that 

patients could spell freely, and rapidly (one letter per 20.6 seconds) where they 

could not beforehand. Their success though was limited to binary choices between 

the absence and presence of the P300 and occupied their entire visual field, the 

only channel of communication. From these limitations, their work has since 



Chapter 3. Cascaded neural network based classification of movement in 
stereo-electroencephalography 

64 

depreciated in focus and although some groups remain interested in evoked 

potentials [228], most groups have moved to more advanced neurological signal 

analysis predominantly in the frequency domain. It is now commonplace for 

researchers to aim for a full dimension of output [229, 230], with some 

demonstrating control in two dimensions [231-234] and others have shown 

capability of control in three dimensions [235].  

 

The frequency domain has now become the predominant source of input from 

neurological monitoring for active independent BCI’s. BCIs from this category 

analyse the fluctuation in power from different frequency bands that are reactive 

to either physical movement, the sight of movement and also imagination of 

movement [236-240]. These systems are called active, as the input of the system 

is participant controlled, rather then as an immediate result of presented stimuli. 

Mu band was historically the most commonly utilised frequency band for BCI 

research, however, with advancements in signal acquisition technologies and also 

data processing speeds, this field has expanded its utilised frequency range from 

DC to the nyquist limit. Most groups now have designed BCIs with a multitude of 

frequency components, however some have limited their approaches to simple 

feature extraction and classification techniques. For example power deviation 

from a single [232, 235] or pair [231, 233] or set of fixed frequency bands are 

usually the only data captured for movement classification. One group who 

performed this relatively simple method, Pfurtscheller, et al. [231] examined this 

issue after analysis of their data. They then tailored their frequency bands to be 

patient specific, which was then noticeably different from the initially selected 

ranges. Furthermore, it has been shown that the required speed, force, attention 

and experience in tasks are significant factors in the amplitude and presence of 

neurological frequencies [216, 217, 241, 242], but more importantly, certain 

frequencies have been identified which are indicative of particular anatomy or 

actions [34, 158, 212, 213, 236] and the amplitude of the activity is strongly 

lateralising in most cases. 

 

With these significant findings, is it is apparent that the methods to establish BCI 

features are lacking a primitive selection process. Rather then implement 
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established frequency bands, researchers should be initially performing tasks 

with the intent to identify representative frequencies of the activity. Moreover, 

given that the contralateral side of the brain, in relation to movement, is 

established to fluctuate its power level greater than the ipsilateral side, BCI 

features should be selected to separately describe, in the most effective way, the 

different limbs used per task. From this suggestion, it is potentially inefficient to 

perform a multi-class classification of a bilateral task. The effective features that 

can distinguish movement from both the left and right sides of the body perhaps 

will not be effective when classifying a ‘no-movement’ segment. This 

generalisation of features, and the frequencies established even with proper 

selection phases would potentially be less effective then simpler targeted 

classifiers to solve the same problem. 

 

In addition to this, it is commonplace for the results to be only valid during 

controlled testing periods, free from additional muscular activity or visual and 

auditory distractions. For BCI’s to eventually leave a lab scenario, a ‘non-

movement’ classification is required [225]. 

 

The following chapter aims to address this generalisation and feature selection 

problem. This was done by examining the effectiveness of segmenting a bilateral 

movement task with two separate movements into several smaller classification 

stages. The features for each stage are iteratively selected from series of potential 

power bands to identify which frequencies in each anatomy best differentiate the 

set of pairwise tasks. A ‘no-movement’ task was also incorporated to ensure a 

future utility in BCI paradigms.   

 

3.2 Cascaded neural network based classification of 

movement in stereo-electroencephalography 

Woolfe M., Woolfe A., Prime D., Rowlands D., O’Keefe S. and Dionisio S. (Under 
review). Cascaded Neural Network Based Classification of Movement in Stereo-
Electroencephalography. Brain Computer Interfaces  

 

3.2.1 Abstract 
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Brain Computer Interface’s translate neurological activity into information 

through use of a computer to perform specific actions. The majority of BCI’s are 

designed to assist patients living with severe motor disabilities, but accuracy in 

detecting a users intention whilst still providing a wide range of commands has 

proven to be challenging. In this study we examine the neural activity of a patient 

who underwent Stereo-electroencephalography for epilepsy while performing 

four movement tasks. The data from the movement tasks, and non-movement 

sections was used to design predictive models of these tasks performed. The 

accuracy of the models, in several different configurations, was then evaluated. 

From our work we found that multi-class movement classification was most 

accurate when using a network of concatenated simple models, rather then a 

single multi-class classifier. Also, a distribution in frequencies, both low and high, 

for feature selection improved classification accuracy and lowered its variance. 

Our work highlights that feature extraction targeted for simple models produced 

much higher accuracy then multi-class classifiers. And, concatenation of these 

simple models to form an equivalent multi-class classifier then provided the 

highest level of accuracy with the same range of four possible movement states 

and not moving. 

 

3.2.2 Introduction 

A brain computer interface (BCI) is a direct communication pathway between a 

brain and an external device that translates neurological activity into information 

in order to send messages and commands to the external world. The purpose of 

most BCI’s is to improve the quality of life for many people living with severe 

motor disabilities [243]. BCI’s aim to achieve this by providing individuals with 

the ability to convey their needs and wishes to others or to control a neuro-

prosthesis. BCI’s can be divided into two main categories, dependent and 

independent. Dependent BCI’s interpret the neurological activity involved in 

various movements in order for the system to function. Independent BCI’s do not 

rely on the brain’s normal output pathways (peripheral nerves and muscles) to 

execute a specific command. These independent BCI’s use cortical potentials (such 

as the P300 visual evoked potential) to execute specific commands through 

thought alone.  
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BCI’s consists of three main components that include signal acquisition, feature 

extraction and finally, classification. The input to a BCI can come from many 

different modalities such as: electroencephalogram (EEG); invasive EEG; or 

magneto-encephalogram (MEG). In each of these techniques, neural activity is 

recorded and digitised, sampling many brain regions simultaneously. The second 

phase, feature extraction, is the process of identifying the key metrics within the 

data that represents the targeted activity in a condensed and decisive manner. 

That is, the signal features should encode the command sent by the user but 

should not contain noise and other types of artifact that can impede the 

classification process. There are several feature extraction methods used in 

current BCI’s such as independent component analysis (ICA), principle 

component analysis (PCA) or power spectrum estimations (PSE) [215, 220, 244-

246]. The BCI then classifies the features and provides an estimation of activity 

that was presented as input to the BCI using training examples or previous 

knowledge (ANN, SVM), variance algorithms (PCA, ICA), human calibration or 

thresholds. The use of different processing methods and classification techniques 

heavily depends on which physiological signals are selected for the BCI. 

 

BCIs have historically examined the pre-movement and movement phases for one 

of two common cortical responses. Early attempts used a cortical response called 

the Bereitschaft Potential (BP), which is consistently seen prior to movement 

[237, 247]. The BP was first discovered by Hans Kornhuber and Luders Deecke, it 

was described as a large negative deflection atop the central EEG electrodes, 

deflecting as early as 1.5 seconds prior to movement [237]. The second cortical 

response, more commonly available thanks to modern computers, is movement 

related cortical potentials (MRCP’s). The differences between the BP and MRCPs 

are blurry in the literature, with groups interchanging the terms [248, 249]. 

Despite this, there exists an understanding that the BP is essentially a low pass 

signal, or has no filtration applied, where traditional MRCP’s are banded in 

frequency. Possibly the most well known MRCP regarding movement is the Mu 

Band, described by many groups from different modalities with a common 

frequency range, including the Alpha and Beta bands [31, 33, 34, 250]. The Mu 
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frequency band’s power is consistently suppressed during movement and returns 

to a normal power level almost immediately after. Unlike the BP, sustained MRCPs, 

including Mu band are limited in the pre-movement phase and can also overlap 

with other physiological activity, such as the posterior Alpha rhythm [30, 236, 

251], making analysis difficult. It has also been shown that MRCPs could be 

intrinsic to certain anatomy and possibly even suggest specific limb use [34, 213]. 

 

In this study, an examination of a wide frequency range of potential MRCP’s during 

several movement tasks in a single patient who underwent Stereo-

electroencephalography (SEEG) for evaluation of his refractory epilepsy were 

undertaken. These MRCP’s are then evaluated for performance to classify different 

movement states performed by the patient. Using the most useful MRCP’s, a linear 

and non-linear classifier is trained to predict the movement states of unseen 

sessions. As suggested by the literature, some MRCP’s are more sensitive to 

certain movement aspects. Following this a design of a network of simpler, dual 

class, rather than multiclass classifiers is created in cascading order to perform 

the same task and report on its success. 

 

3.2.3 Methods 

Subject 
A 26-year-old male who had undergone a stereo-EEG evaluation as part of a 

surgical work up for his MRI-negative refractory focal epilepsy participated in the 

study. The epileptogenic zone was localised to a small portion of the posterior 

insula due to a cortical dysplasia. Hospital ethics approval and patient consent was 

obtained at the time of SEEG investigation (HREC/16/MHS/75 and 

HREC/16/MHS/76).  

 

Experimental procedure 
The patient was instructed to sit upright in bed and voluntarily attempt four tasks 

during each session. The tasks comprised bicep curls and book page turning 

exercises using the right and left upper limb. The patient was encouraged to avoid 

additional movements where possible during each session. Practice tasks were 

undertaken prior to each session and feedback on performance was provided. The 
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patient repeated the task 30 times and was instructed to internally cue each 

movement with more than five seconds between each movement. Sessions were 

performed when the patient was alert and had not had a seizure within the 

previous 4 hours. 

 

Bicep curl 
Beginning with the forearm resting on the thigh, the patient was instructed to 

raise his forearm towards his shoulder, while leaving the elbow close to the hip, 

and to maintain an open palm until his forearm was vertical. After the initial 

ascent, a delay greater than five seconds was instructed before the descent phase 

(the reverse of the ascent), finishing with the forearm resting on the thigh. The 

ascent phase only is kept for the bicep task.  

 

Book page turn 
Beginning with the palm facing downwards on a page of the book, from the same 

side as the performing arm, the patient was instructed to draw a page from the 

opposite side with the hand following the page until its rest, whereby the palm 

was placed again in the same position as the beginning. A delay greater than five 

seconds was expected before the task was repeated. 

 

Signal acquisition 
The recordings were made on the Nihon Kohden system, with a 1KHz-sampling 

rate. The SEEG electrodes were implanted on an individual patient basis see 

Figure 12, based on his pre-surgical evaluation. Between ten and eighteen 

multicontact MicroDeep (DIXI medical, Besançon, France) semi-flexible platinum 

electrodes were implanted. Each electrode has a diameter of 0.8mm, a contact length 

of 2mm and an intercontact insulation length of 1.5mm. Depending on the electrode 

target and depth, each electrode has between 8 and 15 contacts. The exact positions of 

the electrodes were verified by visual analysis of a co-registered in situ CT with a MRI, 

by the epileptologist, along with the cortical stimulation data. In addition, 

electromyogram (EMG) of the biceps brachii was simultaneously recorded with the 

intracerebral signals. 

 



Chapter 3. Cascaded neural network based classification of movement in 
stereo-electroencephalography 

70 

 

Figure 12. Implantation entry points for the BCI patient. Left sided electrodes, F’: SMA, M’: Mid-

cingulate, N’: Pre-SMA, O’: Orbitofrontal Region, P’: Precuneus, Q’: Posterior Insula, R’: Anterior 

Insula, X’: Posterior Cingulate, Y’: Anterior Cingulate. Right sided electrodes, F: SMA, M: Mid-

cingulate, N: Pre-SMA, O: Orbitofrontal Region, Q: Posterior Insula, R: Anterior Insula, X: Posterior 

Cingulate. 

 

Feature Extraction 
Marking 

Each session’s EMG was manually inspected using a custom graphical user 

interface to mark the onset and offset of each movement (bicep ascent and book 

page turn). 

 

Preprocessing 
 Contacts external to the cortical surface were excluded prior to processing, with 

all remaining SEEG contacts digitally re-referenced into a bipolar montage of 

adjacent contacts, creating the channels discussed in this article. To prevent 

aliasing of higher frequencies, a forward-then-reverse low pass finite impulse 

response (FIR) filter (Hamming, 1001 Pole), with a cutoff frequency of 250Hz, was 

applied to each channel. 

 

Filtration 
Each channel was filtered using a bandpass forward-then-reverse FIR filter 

(Hamming, 1000 Pole) in a single pass, with logarithmically spaced frequency 

bands. This creates 30 separate frequency banded time series per recorded 

channel. The absolute of the Hilbert transform applied to each of these frequency-

banded time series was then kept as the amplitude time series, Error! Reference s

ource not found. (b) in red. 
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Conversion to event-related synchronisation 
The log-linear amplitude scale found in neurological signals biases learning 

algorithms to low-frequency-high-amplitude potential changes [4]. ERS on the 

other hand is a measure of amplitude change compared to a baseline value 

expressed in a near linear scale, more appropriate for machine learning. To 

calculate the baseline for ERS, thirty random segments, at least ten seconds from 

any clinical event or experimental trial, was extracted from the raw bipolar time 

series during a rest period. The spectral power from each of these segments was 

then averaged to produce a single value representing the baseline. This was 

repeated for each amplitude time series created in the filtration process Error! R

eference source not found. (c). 

 

Table 5. Frequency bands used during filtration in Hertz 

Band LF HF Band LF HF Band LF HF 

1 2 4 11 27.6 32.1 21 84.4 94.1 

2 3.7 5.9 12 31.5 36.3 22 92.9 103.5 

3 5.6 8 13 35.7 40.9 23 102.2 113.6 

4 7.7 10.2 14 40.2 45.8 24 112.2 124.6 

5 9.9 12.7 15 45.1 51.2 25 123 136.5 

6 12.3 15.3 16 50.4 57 26 134.8 149.4 

7 14.9 18.1 17 56.2 63.3 27 147.5 163.3 

8 17.7 21.2 18 62.4 70.1 28 161.3 178.4 

9 20.8 24.5 19 69.2 77.5 29 176.2 194.7 

10 24.1 28.2 20 76.5 85.5 30 192.3 212.3 
  

Subtracting the baseline value from the corresponding amplitude series, then 

dividing the result by the same baseline, converts it into ERS, as given by Equation 

3, ERS values are then multiplied by 100 to express them as a percentage. ERS 

values below zero are called event-related desynchronisation (ERD) to highlight 

the sign of the value. ERD is simply a loss of amplitude in comparison to the 

baseline measurement, and can be expressed as a negative ERS value. 

Equation 3 

𝑷𝒆𝒓𝒄𝒆𝒏𝒕𝒂𝒈𝒆 𝑪𝒉𝒂𝒏𝒈𝒆 =  
𝑨𝒎𝒑𝒍𝒊𝒕𝒖𝒅𝒆 − 𝑩𝒂𝒔𝒆𝒍𝒊𝒏𝒆

𝑩𝒂𝒔𝒆𝒍𝒊𝒏𝒆
 × 𝟏𝟎𝟎 
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Figure 13. Process of converting to event related synchronisation. (A) Two channels of raw SEEG, (B) 
Filtered SEEG at 25-250 Hz in black, amplitude of the filtered channels in red, (C) Randomly selected 
segments concatenated from each channel, then averaged to calculate the baseline value, (D) 
Extraction of segments surrounding movement markers. 

 

Task dependent feature analysis 
Previous studies have examined the neurological changes that differentiate 

movements in terms of lateralisation, complexity and also whether it was possible 

to identify if their subjects were moving or not [33]. These conditions have been 

targeted with seven differentiation tests to identify the anatomy and frequencies, 

together regarded as a feature, which would best facilitate prediction of these 

movement states.  

 

Testing 
The same method of testing was used for each of the differentiation tests. For each 

feature (anatomy banded in frequency) it is separated into two halves based on 

movement state in the time domain. A feature is regarded as contralateral if the 

movement is on the opposite side of the body with respect to the recording 
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electrode, ipsilateral if it is on the same side as the electrode and validation if no 

movement was performed.  

 

The two halves are then converted into a probability histogram with equal bin 

limits. The overlapping counts of the histograms, seen in Figure 14, are then kept 

as a threshold of that feature for the differentiation test performed, known as the 

equal error position. Accuracy of the classification threshold is computed by 

summing the number of correctly identified data points using the threshold, 

divided by the number of possible data points. The following sections describe the 

input features for each of the differentiation tests used to identify the best features 

for movement prediction; a summary is given in Figure 15. 

 

 

 

Figure 14. Probability function of two tasks. The threshold position is annotated and error region 

using the threshold is shaded 

 

Non-movement vs. movement 
This test compares the ERS changes during all movement events, unbiased on the 

position relative to the side of movement, to a validation set generated from 

random times with an equivalent size to the movement data.  

 

Non-movement and ipsilateral movements vs. contralateral 
movements 

This test compares the ERS changes during contralateral movements, to both a 

validation set combined with the ipsilateral movements. The inclusion of 
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ipsilateral movements was to potentially profile channels, which would change 

during both contralateral and ipsilateral movements. 

 

Ipsilateral vs. contralateral movements 
It is well established that contralateral movements elicit greater electrical changes 

in the brain than ipsilateral [33, 252]. This comparison targets this phenomenon 

under supervision whilst the patient is moving. The supervision provided is from 

EMG analysis ensuring a single sided movement occurs. 

 

Simple vs. Complex movement 
This test compares the ERS changes during bicep curls, which are considered as 

simple movement, as it is in one dimension and across only one joint, against page 

turning where it was considered to be a more complex movement, involving many 

joints and movement in three dimensions.  

 

Simple vs. complex (Contralateral tasks only) 
Similar to the previous test, this test compares ERS changes during bicep and page 

turning, but only from the contralateral movements. As mentioned above, 

contralateral tasks elicit stronger neurological changes [33, 252]. Comparing only 

these events potentially could provide more accurate thresholds than the 

combination of both sided movements. 

 

One movement vs. remaining movements  
This task compares the ERS changes during a single task to the cumulative changes 

in the remaining tasks. 

 

One movement vs. remaining movements and non-movement 
This task compares the ERS changes during a single movement task to the 

remaining movement tasks and a validation set. The validation set has been 

included to potentially improve the accuracy of the thresholds, and subsequently 

the accuracy when differentiating between movements and non-movement. Also 

it can account for ipsilateral movements whose ERS changes during movement are 

static or similar to non-movement periods. 
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Figure 15. The differentiation tests and their respective inputs 

 

In total, four sessions were performed with the patient. The task’s threshold and 

accuracy was evaluated using a leave one out method, where three sessions worth 

of data is used to generate the accuracy values that are then stored with the fourth 

session. The accuracy of the features for each task were then ranked in descending 

order, creating a table of representatives that, for each task, would describe the 

features that could best distinguish the movements presented in testing.  

 

Classification  
Two modeling techniques were used to classify events using the ERS data; linear 

discriminant analysis (LDA) and artificial neural networks (ANN). The training 

and validation process for the models was identical, first the representatives for 

each task were loaded, leaving one session out, it is then filtered at their 

designated frequencies and converted into ERS. The data is then partitioned into 

two pieces, 80% (randomly selected samples) was used to train the classifiers, 
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with the remainder used for validation of the models. Both models, ANN and LDA, 

received the supervised training data to calibrate the parameters of the model. 

After training, the validation data is presented, and the results are calculated. The 

original data is then shuffled and partitioned again repeating the process of 

training and validation ten times in total. This cross validation process is 

performed for each of the seven task differentiation tests. 

 

3.2.4 Results 

The number of representatives was limited, and therefore the complexity of the 

models created, to twelve with equal representation in each hemisphere. The 

highest accuracy representatives that were selected for each model were found to 

be highly concentrated to the primary motor cortex and its immediate 

surroundings. Additionally, the representative frequency bands were well 

grouped around the Mu frequency band, with approximately 60% of all selected 

features being between 12.3 and 21.2 Hz, as seen in Figure 16. Furthermore, the 

grouping from 7.7 to 24.5Hz contained 83% of all the features.  

 

 

Figure 16. Occurrences of representative feature frequency bands selected for each differentiation 

test 

 

The comparison between simple and complex movement were the only tests that 

incorporated information in higher frequency bands. This infers that high 

frequency activity may be related to task complexity. The simple versus complex 
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differentiation test using only contralateral movements implemented the most 

higher frequency range features, containing 60 % of its features, compared to only 

6% in the unbiased simple versus complex test. 

 

Each model’s classification accuracy was evaluated using the sequences that left 

out of the thresholding and training stages. The classification process was 

performed 10 times for each model with recalculation of the ERS series to ensure 

baseline differences were negligible. The results of classification accuracy are 

found in table 6. 

 

Table 6. Accuracy of the differentiation tests classification using nonlinear and linear models. 

Task Movement task for separation  ANN accuracy (% + SD) LDA accuracy (% + SD) 
A Non-movement vs. Movement 77.80 + 3.4 74.79+2.85 
B Non-movement, Ipsilateral vs. Contralateral Movements 75.91 + 3.0 73.19+1.66 
C Ipsilateral vs. Contralateral  92.72 + 1.26 91.4 + 2.48 
D Simple vs. Complex 77.86 + 3.51 76.77 + 2.94 
E Simple vs. Complex (Contralateral) 80.4 + 1.53 78.38 + 0.6 
F Left Bicep vs. Left Book vs. Right Bicep vs. Right Book  70.35 + 4.2 66.67 + 5.08 
G Validation vs. Left Bicep vs. Left Book vs. Right Bicep vs. 

Right Book 
59.38 + 3.75 49.09 + 3.64 

 

It was found that the classification rates of the models tested varied depending on 

the task. When considering contralateral movement vs. ipsilateral movement the 

accuracy of classification was very high, however accuracy when differentiating 

non-movement and the four possible movements was reasonably low. To evaluate 

the success of the models and the overall accuracy of movement prediction, the 

outcome states for each model needed be identical. The outcome states of task G, 

having the most output states, is to separate non-movement and the four 

movements performed independently. The differentiation tests were combined 

into a network of sequential decision blocks that could classify each of the 

movement states equivalent to task G. This resulted in seven unique networks, 

seen in Figure 17, where the decision from each block was sequentially found but 

did not informing latter blocks. 

 

The representatives from each of the differentiation tasks singularly and as a 

network performed better than the combined effort of selecting non-movement 

from the four attempted movements (differentiation task G). The linear 
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separation used by LDA was close in classification accuracy to the neural network 

but consistently lower in performance by a few percent. The neural network 

approach had the greatest accuracy in both the single trials and combined 

network classification.  

 

 

Figure 17. Block diagram of the seven network topologies for 5-class classification 

 

The features extracted during the processing stages, except for the contralateral 

simple vs. complex task, were an expected result with proximity to the motor 

cortex and similarity to the well know Mu band consistently identified. The higher 

frequency selection in the contralateral simple versus complex movement task 

though, was less expected. Importantly, the selections of these higher frequency 

features yielded better classifications outcomes for a BCI. These were, an 

improvement in classification accuracy as seen in both the separate and network 

classification rates and also the variance in accuracy reduced in all cases where 

model E was implemented rather then model D. 
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Table 7. Accuracy and standard deviation of the network classifiers to predict all five movement 

states 

Network Models ANN Accuracy LDA Accuracy 

1 A, C, D 75.04 + 4.42 71.85 + 3.91 

2 A, C, E 75.23 + 3.99 71.92 + 3.58 

3 B, C, D 73.18 + 3.32 70.67 + 2.09 

4 B, C, E 73.39 + 3.04 70.74 + 1.87 

5 A, F 74.83 + 4.38 71.65 + 3.87 

6 B, F 72.95 + 3.11 70.56 + 2.11 

7 G 59.38 + 3.75 49.09 + 3.64 

 

3.2.5 Discussion 

BCI’s have been the target of researchers for some time [149]. Over the years many 

different algorithms and techniques have been designed to isolate features 

representative of the activities their subjects have performed [215, 220, 244-246]. 

For most groups, the classifiers have focused their attention on utilising Mu band 

or similar MRCPs [253, 254]. In initial investigations, Mu band and other 

established frequency bands were examined for the purpose of selecting features 

of movement. During this, two main points were found that have underpinned this 

study’s results and course of action. Firstly, the frequency range that has potential 

for movement classification in general is most prominently Mu band or its 

immediately surrounding frequencies. Approximately 12 to 21Hz was examined 

in this study to represent Mu, broken into three separate bands, and has also been 

examined by other groups with various subdivisions [33, 254]. Implementing 

these frequency ranges for movement classification represents the differentiation 

tests found in A, B and C, where this study’s classification rates achieved 73 to 92 

percent accuracy. Task D could also be included in this group with the addition of 

several higher frequency features. This frequency range however fails to maintain 

accuracy when the number of classes increases as seen in tasks F and G, dropping 

to approximately 50% accuracy with the linear models and 60% with the neural 

network modeling.  

 

Although Mu band and it’s surrounding frequencies comprised the majority of 

feature frequencies, it was found that the distribution in feature frequencies 

provided task E greater accuracy than task D in both the linear and nonlinear 

models. Furthermore, networks when they employed task E, when compared to 
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the equivalent topology with task D, showed accuracy that was consistently 

higher, and also the variance of those networks was lower. It is presented that 

although the bulk of features selected should be extracted from the Mu and 

adjacent frequency bands, the redundancy in doing so can also lower classifier 

accuracy for multiple class classifiers. Rather, the feature frequencies should take 

a distribution from many frequency bands but center the majority around Mu to 

capture both gross and fine details. Other groups have investigated these higher 

frequencies and identified them to be more somatotopically organised and were 

better at discrimination of the onset of movement [158, 210, 255, 256]. This 

though, places a great importance on the targeting of recording sites, and their 

density around the anatomy of the motor cortex and its surrounding cortex. The 

patient’s implantation was optimal for upper limbs and the tasks presented were 

tailored as a result. Clearly, movements of legs or anatomy not represented within 

the sample space of the SEEG electrodes would not have been as successful. 

 

Results from table 7 showed a significant improvement in classification accuracy 

by implementing cascaded classifiers an improvement of approximately 15% 

using neural networks and 22% for LDA. Additionally, model’s A to E had higher 

classification accuracy than the multi-class classifiers of task F and G. These tasks 

were specifically designed to take advantage of the known lateralising and 

suppression characteristics of MRCP’s [33, 252] and assist in the discrimination of 

specific frequency bands inherit to certain physiology, without any explicit 

declaration [34]. The multiclass classifiers selected only frequency bands 

surrounding Mu, as it was superior in facilitating the gross separation of the many 

classes. Models, A-E yielded a superior result, due to their capacity to identify the 

more intrinsic features of the classes they were differentiating. Joining these tasks 

into cascading network of classifiers enables the development of a more selective 

multiclass classifier.  

 

A potential disadvantage of the study is that cortical activity related to movement 

may be present in non-movement segments, which unfortunately is inherited 

from the data source. Mu band, and other MRCPs have been documented to deflect 

with similar intensity during movement, thought and visualisation of movement 
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[218, 257, 258]. Given this, it was expected that in the non-movement section 

there should be much more true non-movement than imaginary or thought based 

cortical activity within it. This expectation though is near impossible to confirm. 

 

3.2.6 Conclusion 

In this study it has been found that simple models for non-movement vs. 

movement, lateralisation and complexity of movement in a cascaded network of 

simple classifiers were a significantly better technique for movement 

classification than a single multiple class classifier. In addition to this, the results 

suggest that using features with a more distributed frequency range could 

improve classifier accuracy and also reduce variance. 

 

3.2.7 Future work 

This study has highlighted the need for a primitive selection process prior to any 

form of machine learning rather then implementation of general movement-

centric frequency bands such as Mu or Beta. However, the selection of frequency 

edges could have also been subject to a similar selection process as the effect of 

logarithmically spaced frequency bands is unknown from this study. Adjustment 

of the bands to become highly specific to each patient, movement and possibly 

even mental attention or circadian phase would certainly improve the 

differentiation capacity of movement tasks per feature and also as a whole. 

Classification of several movement tasks is a challenging objective, especially with 

‘no-movement’ as one of the tasks. This inclusion provides evidence that the 

method proposed is suitable for future application outside of a laboratory setting. 

However, as this study’s work surrounds activity movement, the study should be 

repeated with the objective to identify the feasibility of this method on imagined 

movements and also periods of no-imagined movements. This would represent 

one of the major hurdles of BCIs, mainstream utilisation outside of a laboratory. 

In addition to this, it is necessary for the inclusion of additional participants to 

confirm the methods applicability and efficacy in multi-class BCI’s.  
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Chapter 4 

3.3 Background 

The Loomis laboratory is considered as a potential origin of the sleep research 

field using electroencephalography, which was conducted primarily by Alfred L. 

Loomis, the owner of the lab and two others, E. Newton Harvey a Princeton biology 

professor and Garret Hobart [259]. The group published a series of articles 

documenting initial sleep states of man [260], sleep architecture [261], and 

arousal responses [261]. However, one of the most significant articles described 

their exploration of what they called spindles and ‘k waves’, now known as k-

complexes [262]. Spindles were a 14-per second (14Hz) waves lasting for four to 

five seconds recorded predominantly from the top of the head occurring mainly 

in stage C (now called stage 2) sleep. A K complex however was described as 

disturbance response, or a ‘startle effect’ to an auditory, or electrical, stimulus that 

generates a diffuse wave from the cortex and regularly occurs in stages B and 

lesser in C sleep (Stages 2 and 3). The amplitude of k complexes was described as 

relatively high (200-300uV), with a variable period of approximately 1 second. 

Loomis’s group also identified the maximum positivity, which occurred at 

approximately 750milliseconds after stimuli, however with more sophisticated 

technology; the +N550 is now widely accepted as the peak of this wave [263]. 

Loomis’s work and others after him examined the relationship of K-complexes to 

autonomic processes such as snoring [264] or respiratory effort [265] and also 

the correlation between k-complexes and subtle motor adjustments [266] made 

during sleep. The initial reports on these nocturnal movements, leg, hand and face 

twitches, found a causal relationship which indicated K-complexes regularly 

preceded movement, and then the movement itself could elicit a further K complex 

[266]. The movements endogenous nature was then speculated, however, 

spontaneous movement were also seen in other sleep stages, predominantly E 

(known as rapid eye movement) where K-complexes are not found.  
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The infancy of sleep research at that time provided few insights about nocturnal 

movements and if k-complexes, or the other sleep architecture (spindles, Delta 

waves) were responsible for their presentation, or merely as a function for sleeper 

comfort. Recent literature now differentiates the numerous conditions that can 

elicit nocturnal movements, some stemming from aberrant architecture others 

have independent electrophysiological activity, but for some conditions their 

etiology is still unknown [267]. It is known that some variants of nocturnal 

movements are as a direct result of disorders that persist from diurnal to 

nocturnal times such as tremors and myoclonus. Others conditions such as hypnic 

jerks, and rhythmic movement disorders arise from a failure of motor control with 

a physiological or pathological cause and they are typically present during the 

relatively unstable transition phases of sleep. Further conditions are only 

prevalent during specific sleep stages such as sleep paralysis and sleepwalking.  

 

A large population whom have frequent paroxysmal arousals and nocturnal 

events, such as teeth grinding, and rhythmic foot movement suffer from epilepsy. 

In particular, a subpopulation has been identified with nocturnal frontal lobe 

epilepsy (NFLE), in which these attacks are most frequent [268]. These 

paroxysmal attacks were initially thought to be a physiological parasomnia due to 

the lack of epileptic spike activity [269, 270]. More recent research found a similar 

result, no correlation between motor activity and epileptiform activity, but also 

mentioned the difficulties in recording the frontal lobe using EEG [270-273]. 

These groups however still formed a series of hypothesis predominantly for a 

frontal lobe epileptic origin some even suggesting that perhaps the cyclic 

alternating pattern or the arousal system (K complexes in particular) could be a 

trigger for epileptic foci and as a result cause the parasomnias. Using SEEG in the 

frontal lobe Nobili, et al. [274] was able it identify a significant correlation 

between epileptiform activity, CAP and the patients nocturnal movements. These 

results were then partially confirmed by  Terzaghi, et al. [275] although they only 

found that two thirds of their cohort had a relationship between SEEG 

epileptiform discharges and their movements. They also failed to correlate the 

initial motor activity of seizures to each patient’s nocturnal movements, and went 

on to discuss to possibility that the epileptic origin of nocturnal movements may 
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be a misdiagnosis, hypothesising central pattern generators and the arousal 

system instead. The later point in more recent articles was widely accepted as a 

possible cause with the epileptic origin further disputed in favor of CAP disruption 

which in turn arouses patients resulting in brief movements and in some extreme 

cases may provoke major seizures [276]. 

 

With the current literature still in debate over the epileptogenic properties of 

nocturnal movements, and little research from a signal processing point of view, 

the aim was to better understand the epileptiform activity and its relationship to 

nocturnal movements. One clear question that remains, are all nocturnal 

movements the same and driven by the same processes, especially considering the 

cohorts that the literature is examining predominantly NFLE patients. And do the 

movements have a true correlation with epileptiform activity, or as suggested do 

they have a correlation to central pattern generators? Previous groups have 

explored this later point subjectively quantifying a broad range epileptiform 

activity and CAP recordings however signal processing has not been utilised to 

provide an objective opinion. It is the aim of this study to correlate the onset of 

movements to epileptiform activity using SEEG in a wide cohort of epilepsy 

patients to better understand, from a signal processing point of view, the cause of 

nocturnal movements.  

3.4 Nocturnal motor events in epilepsy: is there a 

defined physiological network? 

Woolfe M., Prime D., Tjoa L., O’Keefe S., Rowlands D. and Dionisio S. Nocturnal 

motor events in epilepsy: is there a defined physiological network? Clinical 

Neurophysiology 

 

3.4.1 Abstract 

Objective: Paroxysmal nocturnal movements in epilepsy are a recognised 

phenomena, however, the mechanisms that produce them and the effect of the 

underlying epilepsy still remains elusive. In this study, 10 patients were studied 

to define the cerebral networks corresponding to these movements and explore 

how epileptiform activity modulated them.  
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Methods: We compared the change in power of the 25-250Hz frequency band 

using event-related synchronization of all electrodes implanted, during a baseline 

segment, during nocturnal movements and seizures.  

Results: The underlying network activated during these paroxysmal movements 

comprised the insula, anterior cingulate, premotor areas and orbitofrontal 

regions. Three groups emerged, 1) complete overlap, 2) no overlap and 3) partial 

overlap of ERS changes of the epileptogenic zone within the proposed network 

and correlation of semiology between nocturnal movements and seizures.  

Conclusion: We conclude that nocturnal movements are due to a complex 

interplay within this physiological network of defined anatomical regions. 

Epileptic activity had significant impact on nocturnal movements but was not 

required for generation.  

Significance: Where the semiology of the first clinical sign of a seizure consistently 

matches a patient’s nocturnal movements, we suggest that the underlying 

epileptogenic zone is potentially located within this defined network. 

 

3.4.2 Introduction 

Motor phenomena during sleep/wake transitions are a common finding. They 

reflect a dramatic interplay between brainstem and forebrain modulatory 

systems, resulting in an alteration in muscle tone and autonomic responses [277]. 

Hypnic jerks (hypnagogic jerks, sleep starts), for example, are physiological, sleep 

related movements, resulting in brief, non-clonic contractions of the whole body 

or isolated segments [278]. It has long been observed in epilepsy patients, 

particularly in nocturnal frontal lobe epilepsy (NFLE), that sleep related 

movements might be far more prominent in their physical manifestation as well 

as the frequency of occurrence at night [269, 271, 279]. These sleep movements, 

seen in non REM sleep, have been classified into two main types, based upon their 

duration and semiology. They include:  paroxysmal arousals- comprising 

stereotyped head or trunk elevation, lasting 5-10 seconds and minor motor events 

(MMEs)- brief (<5 seconds) limb, trunk or face movements [272, 279-281]. 

 

Initially, MMEs were considered to be attributable to epileptic phenomena for a 

variety of reasons. These included intracranial correlation with an epileptic fast 
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discharge at onset [282] and similarities in semiology corresponding to the more 

pronounced/typical seizures [273] and a high frequency of stereotyped fast 

movements during sleep [275]. It was hypothesised that MMEs involved the 

minimal amount of epileptogenic tissue within a larger framework of the epilepsy 

[273].  However, due to the lack of EEG findings in both scalp recordings and in 

the majority of intracranial recordings [275], MMEs were not considered to be 

true epileptic phenomena. Rather, their motor manifestation was deemed to be 

the consequence of the epileptiform discharge causing a brief arousal from sleep, 

resulting in movement [275, 280, 282, 283]. 

 

Stereo electroencephalography (SEEG) recordings during MMEs have identified 

certain cerebral regions of involvement. These include the supplementary 

sensorimotor area (SMA), the frontal and cingulate gyrus and the anterior and 

middle frontal gyri [280, 282, 284]. Epileptiform activity was reported as fast 

spiking and superimposed low amplitude fast discharges. Only 2/3 of the 

epileptiform discharges though were found to have been associated with MMEs 

[275]. The major seizures were reported to involve the same anatomical regions 

as MMEs, along with the same underlying epileptiform discharges, but in a 

sustained and evolving discharge [282].  

 

In addition to MMEs and paroxysmal arousals, there also exist physiological non-

periodic myoclonic movements known as hypnic/hypnagogic jerks [285]. These 

are seen in sleep onset, and may also be associated with K-complexes [283], 

making them indistinguishable from MMEs and PAs on scalp EEG. 

 

Ten patients are presented with nocturnal movements who underwent stereo-

EEG for their refractory epilepsy. Signal processing was performed in order to 

provide more insight into the underlying generation of these movements.  

 

3.4.3 Methods 

Subjects 
Patients admitted to the Mater’s Advanced Epilepsy Unit for invasive monitoring 

using Stereo-electroencephalography (SEEG), as part of the surgical evaluation for 
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their refractory epilepsy between may 2017 to February 2018 were included in 

the study. Implantation of the SEEG electrodes was according to the Talairach 

stereotactic method and based on the pre-surgical evaluation. Implantation maps 

are provided in supplementary Items.  

 

Between ten and eighteen multicontact MicroDeep (DIXI medical, Besançon, 

France) semi-flexible platinum electrodes were implanted. Each electrode 

diameter is 0.8mm with a contact length of 2mm and an intercontact insulation 

length of 1.5mm. The exact positions of the electrodes were verified by visual 

analysis of a co-registered in situ CT with a MRI. SEEG recordings were made on a 

Nihon Kohden, EEG-1200 system, with a 1KHz-sampling rate.  

 

All patients provided informed consent and the study was approved by the local 

ethics committee (HREC/16/MHS/75 and HREC/16/MHS/76). 

 

Movement markers 
Prior to marking, appropriate files were first selected. These files were extracted 

from a patients record when 1) the time of recording was between 11pm and 3am, 

which was dependent on when files were segmented for storage and 2) the patient 

was asleep for the entire 90-minute file. 

 

These selected files were then manually annotated with what limb, and time the 

movements occurred, with no exclusion criteria, to be used in the signal 

processing stage. These markers provide the onset of movement, which were 

identified by analysis of high-resolution, with infrared, video and EMG of both 

Bicep brachii muscles. Each patient’s seizures were also marked with no exclusion 

criteria, except if the patient was already moving during the onset of the seizure. 

 

Signal processing 
Processing of each channel within the study had four steps; (i) Preprocessing, (ii) 

filtration, (iii) conversion into event-related synchronisation (ERS), and (iv) 

extraction of an ERS segment for each nocturnal movement. All processing was 

performed offline using custom MATLAB (MATLAB 8.5, The MathWorks Inc., 

Natick, MA, 2015) programs. 
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Preprocessing 
Contacts external to the cortical surface were excluded with all remaining SEEG 

contacts digitally re-referenced into a bipolar montage of adjacent contacts, 

creating the channels discussed in this article. Each channel was filtered to remove 

power line interference using a forward-then-reverse finite impulse response 

(FIR) filter (Hamming, 1001 Pole) with 2Hz bandwidth centered on 50Hz. 

 

Filtration 
Each channel was filtered using a bandpass, 25 – 250Hz, forward-then-reverse FIR 

filter (Hamming, 1001 Pole) to eliminate time shifts introduced by filtering 

(Figure 13b, black). Each channel was filtered in a single pass with a section 

removed at both ends to avoid edge effects. A series of filters were trialed, with 

the selected filter producing the greatest changes during the events captured, and 

also providing antialiasing of higher frequencies. A Hilbert transform was applied 

to each channel, with the absolute of it kept as the amplitude of the frequency band 

of interest (Figure 13b, red). 

 

Conversion to event-related synchronisation 
ERS is a measure of amplitude change compared to a baseline value, which is 

expressed in an approximately linear scale. ERS was used as it expresses both 

positive and negative power changes with equal magnitude rather than 

amplitude’s logarithmic scale. To calculate the baseline, thirty randomly spaced 

segments of ten seconds, at least ten seconds from any annotation (movement or 

artefact) were extracted from the amplitude time series. These segments were 

concatenated then averaged to produce a single value representing the baseline 

(Figure 13c). This was repeated for each channel’s amplitude time series.  

 

Subtracting the baseline value from the corresponding amplitude series, then 

dividing the result by the same baseline, converts it into ERS, as given by Equation 

4. ERS values are then multiplied by 100 to express them as a percentage.  

 

Extraction of ERS segments 
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A section  ±  10 seconds around each movement marker, for all channels was 

extracted from the ERS times series created (Figure 13d). This forms a matrix with 

dimension [number of markers, number of channels, 20 seconds]. Averaging 

across the movement markers generates the ERS of nocturnal movements. 

 

A section ±  10 seconds around the movement onset for all seizures is also 

extracted and are averaged to create the ERS of a seizure. 

Equation 4 

 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐶ℎ𝑎𝑛𝑔𝑒 =  
𝐴𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒 −𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒
 × 100   

𝑊ℎ𝑒𝑟𝑒, 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐶ℎ𝑎𝑛𝑔𝑒  =  {

𝐸𝑅𝑆, 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐶ℎ𝑎𝑛𝑔𝑒 > 0
𝐸𝑅𝐷, 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐶ℎ𝑎𝑛𝑔𝑒 < 0

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒, 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐶ℎ𝑎𝑛𝑔𝑒 = 0
} 

 

Anatomical grouping 
Each of the contacts, on every electrode, was reviewed for location using co-

registered CT to MRI and EEG signal analysis. In total, thirty anatomical regions 

were sampled. The number of contacts pertaining to each region is provided in 

Figure 18 and the co-registered implantations are provided in the supplementary 

items (S3.1). 

 

 

Figure 18. Number of contacts analysed in the study, grouped and shown anatomically 

 

Statistical testing 
The ERS segments for each channel were normalised per patient to account for 

differences in the ERS ranges. Twenty percent of channels, from each patient were 

then collected which had the greatest mean ERS value, either positive or negative, 
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during the nocturnal movements. Comparisons were then performed using a t-

test on the normalised ERS of this top response group with an Alpha value of 0.05 

considered statistically significant.  

 

Seizure and nocturnal movement ERS correlations 
Three groups were established, based on the correlation in ERS during seizures 

and nocturnal movements. The groups, strong, weak and no correlation, identify 

the level of similarity of all recorded channels during both events. This was 

identified by visual analysis of the ERS, where a strong correlation was regarded 

as near identical change in ERS surrounding the onset of movement in both 

seizure and nocturnal movements. A weak correlation was decided when some 

channels were clearly well correlated, but also some additional channels in either 

the seizure, or nocturnal movements, were fluctuating independently. No 

correlation was decided when there was no pattern in ERS that both seizures and 

nocturnal movements shared surrounding the onset of movement.  

 

3.4.4 Results 

In total 10 patients (mean age: 32 +- 13 years; range 16 to 53 years) were included 

in the analysis, their epilepsy details are outlined in table 8 along with the number 

of movements and period of recording. Data was recorded from 1594 SEEG 

contacts (mean 159.4; STD 30; range 120-211) which were implanted along 151 

electrodes (mean: 15.1; STD 2.02; range 11-18) with an additional 140 (mean 14; 

STD 4.83; range 5-22) contacts excluded from analysis as they were external to 

the cortical surface. An implantation map of the electrodes for each patient is 

provided in the supplementary items. All patients had frequent episodes during 

sleep, comprising abrupt limb, hand, head or face movements with no limb 

exclusion. The movements were phasic and usually lasted 1-2 seconds. Scalp 

recordings during this time, confirmed stage 2 sleep. While often associated with 

the end of a K-complex, movements were also associated with sleep spindles. No 

patient was identified as having NFLE. Common movements from the population 

included: finger or wrist extension or flexion, elevation of the head from the 

pillow, foot extension, flexion, inversion or eversion, unilateral face pull, mouth 

deviation and opening. Each patient had a stereotypical movement that would 
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account for approximately 60% of their nightly movements, with several less 

frequent movements accounting for the remaining.  

 

Table 8. Patient and nocturnal movements recording details 

Patient Age/ 

sex 

Epilepsy 

Duration 

(Years) 

Sleep 

Analysed 

(Minutes) 

Movements 

Recorded 

Before 

Seizure 

Rate 

(Per 90 

Minutes) 

After 

Seizure 

Rate 

(Per 90 

Minutes) 

Location of 

Epileptogenic zone on 

SEEG 

Surgery 

A 18/M 13 180 27 9 18 Left Pars Orbitalis Left Pars 

Orbitalis 

B 35/F 6 90 20 20 - Widespread onset; 

right insula and 

dorsomesial prefrontal 

network (Pre-SMA, 

anterior cingulate and 

orbitofrontal) 

Non-

surgical 

C 16/F 8 270 76 16 38 Right mesial temporal Right 

ATL 

D 27/M 17 270 89 14 61 Left anterior long 

gyrus of the insula 

Awaiting 

surgery 

E 22/F 7 180 18 - 10 Focal left mesial 

temporal 

Left ATL 

F 53/F 31 180 67 29 38 Bilateral parietal 

operculum 

Non-

surgical 

G 51/M 43 180 126 38 88 Right insula and 

anterior cingulate 

Awaiting 

surgery 

H 30/M 26 270 142 57 28 Left superior frontal 

gyrus 

Awaiting 

surgery 

I 46/M 16 90 24 - 24 Right mesial temporal  Right 

ATL 

J 26/M 19 180 44 - 22 Widespread onset; left 

insula, Pre-SMA, 

anterior cingulate, 

bilateral orbitofrontal 

Non-

surgical 

Total   1890 633     

 

An increase of 147% was identified in nocturnal movement frequency following a 

seizure in 5 out of 6 patients. These patients had both, a seizure free sleep period 

post implantation, then a prolonged sleep period after seizures, which were 

analysed. The 6th patient (H), from this group, though decreased their nocturnal 

movement frequency by 51%, explained by the administration of midazolam due 

to a prolonged seizure. 

 

It was also observed that the nocturnal movements became more exaggerated, 

and correlated with the increase in number of events following a seizure. For 

example, pre-seizure some patients only had a single finger extension, which later 
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involved multiple fingers in both hands post seizure. In another patient, subtle 

foot flexion became more sustained foot tapping post seizure. While there was a 

change in power at these times, it was not significant.  

 

Defining the physiological network 
During analysis four regions were visually identified that that had consistent ERS 

changes during nocturnal movements, which were considered to be part of a 

physiological network. These regions are the insulo-opercular, anterior cingulate, 

orbitofrontal region and together the dorsolateral prefrontal cortex (DLPFC 

comprising the middle frontal gyrus and superior frontal gyrus) primary motor 

and mesial premotor areas (SMA, PreSMA). The latter region is considerably 

larger, as implantation targets varied in that region on a case-by-case basis.  

 

The channels from the top normalised ERS groups were then examined to identify 

the concentration of channels that were experiencing high ERS changes and were 

from the network. It was found that channels recorded in the four regions made 

up a 78% of channels in the top normalised ERS responses during nocturnal 

movements. The top normalised ERS responses from the four regions were then 

compared against the other channels remaining within the top 20% of ERS change. 

It was found that each of the regions, the insulo-opercular, anterior cingulate, 

orbitofrontal region and together the DLPFC, motor and pre-motor regions were 

all statistically significant compared to the combined anatomies remaining in the 

top group as seen in Figure 19.  
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Figure 19 Normalised ERS changes during nocturnal movements and p values for comparing each 

region to the ‘Other regions’ using a two sample t test 

 

Seizure impact on the physiological network and resulting semiology 
Further analysis found that in 7 patients (A, B, D, F, G, I and J) the semiology of the 

motor manifestation of the nocturnal movement was also seen at the start of the 

clinical onset of seizures, shown in table 9. And in some cases, if a seizure occurred 

while awake, the same movement would occur as was seen during sleep. 

 

Table 9. Occurrence rates for nocturnal movements and in seizure semiology 

Patient Nocturnal movement semiology 
occurrence 

Seizure first clinical 
sign 

A Fingers 60%, Arms 20% Finger tapping 
B Arms 60%, Fingers 30% Fingers tapping 
C Feet 42%, Legs 32% NS 
D Jaw 55%, Legs 26% Jaw movement 
E Feet 28%, Legs 28% NS 
F Fingers 73%, Feet 16%  Finger movement 
G Feet 44%, Fingers 24% Finger movement 
H Fingers 41%, Head 25% NS 
I Hand 71%, Shoulders 13% Arm and shoulder jerk  
J Arms 55%, Fingers 21 % Finger movement 

NS - First clinical sign was not similar to nocturnal movements 
As the cohort of patients used all had epilepsy, and it was found that seizures had 

an immediate effect on the frequency, amplitude and semiology of their nocturnal 

movements. It was then considered whether the nocturnal movements were due 
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to epileptiform activity, or rather a disruption of a physiological processes caused 

by epileptic activity. 

 

The strongly correlated group had two patients (D and J) whose ERS changes 

during nocturnal movements was a clear subset, albeit with lower amplitude, of 

their seizures ERS changes as seen in Figure 20. This group had highly 

stereotypical nocturnal movements that exactly matched the semiology at the 

seizure onset. This group also had the most significant ERS changes during 

nocturnal movements, upwards of 100% increase.  In this group, the location of 

the EZ, clinically defined by SEEG and identified by ERS changes, was confined to 

the defined network. 

 

 

Figure 20. Average change of patient D’s 89 Nocturnal movements (Top) and 4 typical seizures 

(Bottom), a positive change, ERS, is coloured red, a negative change, ERD, is coloured Blue. Left sided 

electrode targets, F’: SMA, M’: Mid-cingulate, N’: Pre-SMA, O’: Orbitofrontal Region, P’: Precuneus, Q’: 
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Posterior Insula, R’: Anterior Insula, X’: Posterior Cingulate, Y’: Anterior Cingulate. (D) Right sided 

electrode targets, F: SMA, M: Mid-cingulate, N: Pre-SMA, O: Orbitofrontal Region, Q: Posterior Insula, 

R: Anterior Insula, X: Posterior Cingulate 

 

The second group, no correlation, had a complete separation in the ERS activity of 

nocturnal movements and seizures. This group also had the lowest ERS response 

during nocturnal movements, only noticeable when compared to baseline and 

seizure events as seen in Figure 21. This group’s movements were the smallest in 

magnitude compared to the other groups and the semiology of the nocturnal 

movements was less stereotyped. Furthermore, there was no correlation of the 

semiology of the nocturnal movements with seizure onset. In this group, the 

localisation of the epilepsy did not have a primary effect on these regions, rather 

they were involved through secondary propagation. 

 

The third group, weak correlation, was made up of 7 patients (A, B, E, F, G, H and 

I), had ERS changes during nocturnal movements that did not completely 

correspond to their seizures. Specifically, a network of channels would experience 

ERS changes during a seizure but not all those channels involved would be active 

during nocturnal movements, or vice versa. This group had more varied results 

when comparing the semiology of nocturnal movements and seizures, with some 

preceding seizures with typical nocturnal movements with other not performing 

them at all. The changes in ERS again were more variable then the other groups, 

ranging from around 15 to 60 percent, but were consistent individually over 

multiple nights and nocturnal movements.  
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Figure 21. Forest Plot of Patient C’s Mean ERS +- SD of all implanted channels during baseline (Left), 

Nocturnal Movements (Middle) and Seizures (Right). Left sided electrode targets, A’: Amygdala, R’: 

Mid insula. Right sided electrodes, A: Amygdala, B: Hippocampus, O: Orbitofrontal, Q: Anterior 

insula, R: Mid insula, S: Anterior cingulate (left and right targets), TP: Temporal pole, X: Precuneus, 

Y: Middle frontal gyrus 

 

As expected from a variety of epilepsies’ no common pattern of ERS changes 

emerged in terms of anatomical involvement or magnitude of the ERS changes 

during a seizure. Even where the ictal onset arose from a common area, such as 

the insula in patients D, F and G, the type of movements, the magnitude of ERS 

changes and the affect of seizures on the frequency and amplitude of the 

movements varied considerably.  

 

3.4.5 Discussion 

Pathological nocturnal movements such as nocturnal paroxysmal dyskinesias, 

paroxysmal arousals, sleep wandering and minor motor events have been 

associated with NFLE. However, due to the lack of associated epileptiform activity 

during such events, whether they represent seizures, has been disputed. Several 

groups using scalp EEG have concluded that nocturnal attacks have a deep frontal 

epileptic onset, but also mention the recording difficulties for this region [270-

273]. More recently, intracranial recordings have found associations of these 
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movements with seizures arising from the temporal [286, 287] or insula regions 

[288-291]. 

 

The quasi-periodic occurrence of nocturnal movements has been attributed to a 

lack of inhibition to motor areas during transition between sleep states and 

arousal patterns (termed cyclic alternating patterns) and K-complexes [273, 274, 

279, 292, 293]. These cyclic alternating patterns (CAP) may be periodically 

enhanced in NFLE resulting in an increase prevalence than in controls [294]. 

Interestingly, anti epileptic drugs, have been shown to reduce the frequency of 

nocturnal movement due to a lowered CAP rate [294, 295] lending further 

arguments in support of a potential epileptic cause. 

 

Alternate theories have proposed a disinhibition or, release mechanism, in the 

frontal cortex that can cause complex inborn motor behaviors such as biting, 

grasping and rhythmic leg movements [296-298]. Furthermore, disinhibition of 

prefrontal regions in frontal hyperkinetic epilepsies have resulted in both 

behavioural changes and increased manual motor activity, an observation seen in 

this study, where manual movements were the most common [296, 297].  

 

It is believed that the nocturnal movements captured, minimal and minor by 

quantification according to Sforza, et al. [273] and Oldani, et al. [271] fall under a 

spectrum of nocturnal activities of a physiological nature, involving a defined 

cortical network, that is susceptible to epileptic influence.  

 

Support for this comes from the consistent ERS changes through this cohort and 

other arousal literature [299]. While the epileptogenic zone [300] was variable in 

anatomical location amongst individual patients, activation of specific cortical 

areas were a requisite for movement. Four regions were identified with similar 

changes across all patients: The DLPFC and primary motor cortex, the insula, 

anterior cingulate and orbitofrontal regions.  These regions contributed the 

largest ERS changes during nocturnal movements and were all statistically 

significant when compared to other channels experiencing ERS changes. 
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However, when the epileptogenic zone directly arose from one of these regions, 

the subsequent movements were more exaggerated in semiology and also 

matched the semiology of the prolonged seizure. Other groups share a similar 

opinion from different techniques, Picard, et al. [301] analysed several families 

using imaging software and Terzaghi and Manni [302] through case study 

identified the same network adding several anterior temporal structures 

(amygdala and hippocampus). In consideration of more pronounced nocturnal 

activity (eg sleepwalking), there is reported activation of the anterior cingulate 

region with persisting inhibition of other thalamocortical arousal systems [303]. 

 

The insula-cingulate network may be a key player in these movements. 

Connectivity between these regions is well established [304-306]. The Cingulate 

Motor Area (CMA), located in the lining of the dorsal anterior cingulate sulcus, is 

a major motor system, receiving input from the thalamus [307, 308] and directly 

projecting to both the primary motor cortex and spinal cord [308]. Both these 

areas were key components activated in the nocturnal movements in this cohort 

of patients. 

 

Modification in the orbitofrontal region may be a necessary mechanism to 

terminate the nocturnal movements. The inferior frontal cortex has been 

associated with inhibitory control tasks [309] in particular when accompanied by 

activation of the anterior insula during saliency processing [310]. In this cohort, 

suppression during nocturnal movements was seen in a similar ratio as the 

seizures. 

 

Limitations 
Inherit to SEEG, there exists a maximum sampling distance estimated to be 

approximately 1cm around the electrical contacts [63]. This limits the extent to 

which this research can record and it is acknowledged that the electro-anatomical 

correlations (ERS of nocturnal movement) are subject to this constraint, of which 

is the basis of this study’s results. In saying this, the data is re-referenced, at the 

beginning of processing, into a bipolar montage, where it is expected that the 

channels derived are representative of the local activity between adjacent 
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contacts. In addition to sampling distance, the volumetric space of brain that is 

recorded by SEEG is relatively limited, and is selected to identify the hypothesised 

epileptogenic zone and the common pathways to and from it. This potentially 

biases the visibility of neurological activity in regions less commonly implanted or 

could gives higher weight to those commonly recorded as equal coverage is not 

possible. 

 

3.4.6 Conclusion 

Consistent power changes have been identified in the anterior cingulate, insula, 

DLPFC and motor cortices and the orbitofrontal region that are believed may be 

responsible for nocturnal movements. This network, and physiological process 

though can be impacted by epilepsy, which can increase the frequency of activity 

and the amplitude of movements.  
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4 Chapter 5 

4.1 Background 

Automated localisation of the EZ has been long sought after in the field of epilepsy, 

especially with the comprehensive documentation of several neurological 

patterns that can indicate this zone [311]. The cornerstone of most localisation 

programs examine the electrophysiological data for what is called low voltage fast 

activity (FA) and quantify its distribution during seizure onset. This is in 

accordance with reports that identify approximately 70-82% of patients have 

sustained FA in their recorded EZ [311, 312]. However, FA was the initial 

electrographic activity heralding the onset of seizures for only 45% of patients 

from Lagarde, et al. [311] or alone as the ictal onset pattern for only 26% of the 

review population in Singh, et al. [312]. In the remaining patients other patterns 

preceded FA such as pre-ictal spiking, slow waves and polyspikes before the FA 

onset or were reported to be in tandem with it. 

 

Early work on FA integrated the amplitude of several discrete frequency bands 

extending from two through to 100 Hertz [313]. They then examined the 

amplitude of consecutive epochs from their band passed signals to identify a 

significance greater than the chance level deviation from the baseline surrounding 

seizure onset. Their intracranial study was one of the first to identify that localised 

high frequency activity is related to the EZ. More recently, spectral analysis of the 

20-100Hz ranges was utilised by Wetjen, et al. [314] to ascertain the FA in 51 

patients whom underwent SEEG. They statistically compared the seizure onset 

pattern (FA) with seizure freedom after surgery in their population, with an Engel 

1 classification (seizure freedom for longer then 12 months). Their results 

indicated that FA at seizure onset was strongly associated with their Engel 1 

classification patients. Moreover, FA was the focus of work by Wendling, et al. 

[315] which counterintuitively identified a statistical decorrelation of the 24-

128Hz band amongst SEEG channels at seizure onset. However, the authors in 

agreement with previous literature by M. Steriade and colleagues through several 
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articles [316-319] also stated a strong hypothesis that FA may be the result of local 

sustained discharges that are spatially decorrelated as FA was abundant 

throughout their data during seizure onset. This would explain their findings and 

also place a great significance on FA within the EZ. 

 

Other groups have examined other electrophysiological signs of epilepsy in 

pursuit of localisation such as the incidence of HFOs. Jacobs, et al. [127] 

investigated the incidence of both ripples (80-250Hz) and fast ripples (250-

500Hz) along with spikes. Their results indicate that HFO activity graded through 

a simple threshold was more specific then spikes, and in 7 from 10 of their patients 

the clinically defined EZ could have been improved by HFO analysis. Similarly Liu, 

et al. [320] was able to distinguish their EZ effectively in their ECoG population of 

13 epileptic and 5 controls patients. Their method, using a gaussian mixture model 

was able to identify a significant difference in the occurrence of HFOs in the 

majority of their patients, especially from controls and with a fully autonomous 

method.  

 

Although far more abundant in the scalp-EEG field, spike detectors have also been 

utilised by some groups with intracranial equipment. Gaspard, et al. [321] denoted 

three parameters after bandpass filtering (10-70 Hz), up-slope, Teager Kaiser 

energy operator [322] and the down-slope of interictal spikes. A high value of all 

three parameters indicates a spike, with their detection subject to human 

calibration through a thresholding value. Their results identified a positive 

correlation between the EZ and spike detection, however, they also discuss the 

incidence of spikes surrounding the EZ were more frequent then the incidence 

within the EZ. The results of the mentioned study, or other spike detection studies, 

such as [323] may be hindered by differences in opinions of what constitutes an 

epileptic spike from visual analysis (ie divergence from the ‘background’) and the 

methods which are then designed to identify them. Furthermore, the inter-

reviewer concordance for spike detection was explored by Barkmeier, et al. [324] 

who found that from three reviewers an extremely low concordance of only 3.1% 

of 78743 marked spikes was achieved. They then created a program that 

automatically identified spikes with higher precision and sensitivity than a 
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commercially available program for the concordant spikes. Their method involved 

extraction of 1 minute blocks, followed by 20-50Hz band pass filtering and 

identification of samples 4 standard deviations from the mean. Samples greater 

then this threshold indicates potential spikes for further analysis. The raw block 

data is then bandpass filtered again, this time between 1-35Hz to establish a 

scaling factor that is then applied to each channel in the block. The potential spike 

points are then reevaluated with set criteria from the scaled data to confirm their 

existence. Although the classification metrics are greater then the commercial 

software, its applicability was designed for the 3.1% of concordant spikes, begging 

the question of utility rather then inter-reviewer concordance. 

 

Although not a traditional electrophysiological measure, connectivity based on 

intracranial data has also been explored as a potential avenue to elucidate the EZ. 

van Mierlo, et al. [122] calculated the effective connectivity in eight Engel I 

patients and compared their results to the surgical margins after SEEG. Not only 

did their analysis identify what they described as the ‘driver’ of ictal activity, 

which was highly congruent with the clinical assessment, they also estimated the 

propagation of activity amongst the recording electrodes. Functional directional 

connectivity was estimated using directed transfer function (which is based on 

granger causality) in three patients with favourable surgical outcome [325]. They 

identified a correlation between high out-flow, the degree in which activity is the 

current node is influencing other nodes, and the surgical margins of their patients. 

This has also been extended to include machine learning of the directed transfer 

function flow to localise the EZ [326]. 

 

Currently no single pattern or feature has proved selective and specific enough 

across a wide cohort of epilepsies to be suggested as a true biomarker of epilepsy. 

From this, there has been a shift onto multi-biomarker localisation of the EZ. 

Bartolomei, et al. [124] suggested an Epileptogenicity Index (EI) calculated from 

the ratio of power in high frequency (Beta and Gamma bands) compared to low 

frequency (Theta and Alpha bands), this measure is then moderated by 

subtracting a mean value of this ratio from the previous time points and a small 

bias. The construction of the EI creates a decreasing function through time, 



Chapter 5. Automatic detection of the epileptogenic zone: an application of 
the Fingerprint of Epilepsy 

103 

monotonically under a null hypothesis that no seizure is about to occur. At the 

beginning of a seizure which is called the transition phase it is expected that the 

low frequency component (background activity) subsides and a high frequency 

period begins causing a positive movement in the EI function. Using a simple 

threshold the initial transition for each recorded channel is captured. After this 

they performed an integration of the EI measurement from the initial 

identification time of the seizure to each channels specific transition onset to 

establish a set of normalised EI values to suggest the EZ. Other groups have 

examined the correlation between pre-ictal DC shifts (infraslow activity, <1Hz) 

and HFO activity [327]. They identified that together their features were useful in 

delineation of the EZ in 16 patients who underwent SEEG and subsequent 

resective surgery. Another group took a causal hypothesis of epileptic activity and 

applied both directed information and granger causality of ECoG recordings to 

graph theory [328]. Evaluation of the graph was performed by the PageRank 

algorithm [329] which established a high concordance between the EZ and the 

selected nodes of the graph. 

 

Moving to three independent biomarkers, Gnatkovsky, et al. [126] quantified, in 

equal parts the power in a high frequency band (80-120Hz), slow polarising shifts, 

the integral of each channel smoothed using a 1 second rectangular window, and 

SEEG ‘flattening’. The flattening measure is calculated as a ratio of the residuals 

from linear interpolation (1 second windows, 0.25 second overlap) at the onset of 

a seizure (manually marked) compared to the residuals from the entire seizure. 

Together, these measures are joined in equal parts with a threshold established to 

identify their target. Their method was able to localise the contacts within the EZ 

from a prospective cohort after initial calibration of a retrospective population. 

Another group identified what they described as the ‘fingerprint’ of epilepsy 

[125]. Using machine learning they quantified SEEG pre-ictal spikes, and the 

morphology of two other features called multi-band fast activity (MBFA) and low 

frequency suppression. The MBFA feature was found using normalised wavelets, 

and looks like a set of simultaneously fluctuating frequencies in a ‘slow 

downwards chirping’ pattern. The low frequency suppression is then quantified 

from as the relative loss in power underneath the MBFA’s lowest frequency band. 
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Both of these were found using image processing techniques on a per-channel 

basis. The features were then applied to a support vector machine (SVM) that 

classified each channel as being part of the necessary surgical margins, which was 

inclusive of the EZ. 

 

The majority of classification programs made to identify the EZ, or the margins for 

resection operate on a binary classification system. They grade a single recording 

position in relation to the disease, when it is known that epilepsy has non-fixed 

boundaries, potentially an unsampled onset (due to sampling distance) and 

multiple electrical pathways. However recording all possible cortical areas that 

may be the generator of ictal activity, at a fine enough level for definite diagnosis 

is also not feasible. Between these two extremes is the fine-coarse recording 

technologies currently utilised, however, clinicians analyse the entire sample 

space to diagnose the EZ, not a singular point from within it. From this any 

classification attempt should focus on the ‘visibility’ of the disease and hence the 

classification of the entire sample space rather then singular contacts. For this task 

it is suggested a ranking value should be normalised by the entire sample space of 

the recording technology. In doing this, the results of the method should form an 

orderly picture that is indicative of the onset, and also spread pattern visible to 

the technology. Singular points from the implantation could then be analysed, as 

their ranking value would remain representative of the portion of epiletogenicity 

measured compared to the full implantation. Given the previous multi-feature 

works, and their considerable accuracy in prediction of the EZ and surgical 

margins, it is the aim of this research to extend their feature analyses into a rank-

based measure that can objectively identify the EZ, but also from a clinical 

standpoint provide insight to the epilepsy from the ranks provided for the entire 

sample space. 

4.2 Automatic detection of the epileptogenic zone: an 

application of the Fingerprint of Epilepsy 

Woolfe M., Prime D., Gillinder L., Rowlands D., O’Keefe S. and Dionisio S. Automatic 

detection of the epileptogenic zone: an application of the Fingerprint of Epilepsy. 

Journal of Neuroscience Methods. 
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4.2.1 Abstract 

Background: The successful delineation of the epileptogenic zone in epilepsy 

monitoring is crucial for achieving seizure freedom after epilepsy surgery.  

New Method: We aim to improve epileptogenic zone localisation by utilising a 

computer-assisted tool for the automated grading of the seizure activity recorded 

in various locations for 20 patients undergoing stereo electroencephalography. 

Their epileptic seizures were processed to extract two potential biomarkers. The 

concentration of these biomarkers from within each patient’s implantation were 

then graded to identify their epileptogenic zone and were compared to the clinical 

assessment.  

Results: Our technique was capable of ranking the clinically defined epileptogenic 

zone with high accuracy, above 95%, with a true to false positive ratio of 1:1.52, 

and was effective with both temporal and extra-temporal onset epilepsies. 

Comparison with existing methods: We compared our method to two other 

groups performing localisation using similar biomarkers. Our classification 

metrics, sensitivity and precision together were comparable to both groups and 

our overall accuracy from a larger population was also higher then both.  

Conclusions: Our method is highly accurate, automated and non-parametric 

providing clinicians another tool that can be used to help identify the 

epileptogenic zone in patients undergoing the stereo electroencephalography 

procedure for epilepsy monitoring.  

 

4.2.2 Introduction 

Biomarkers of epilepsy have been extensively sought after to define the 

epileptogenic zone (EZ), to predict the outcome of surgery and study the effects of 

neurosurgical interventions [110]. The clinical utility of current ‘biomarkers’ is 

limited by issues with subjectivity, inter-observer variability and clinician 

experience and hence the term feature is used to denote the characteristics that in 

certain cases indicate epilepsy. The identification of the EZ, defined as the region 

of initial organisation at ictal onset has a direct impact on surgical outcome, but 

even with advancing technology and multiple surgical and interventional 

pathways for epilepsy, only half of these patients achieve long-term seizure 

freedom [330, 331]. The subjectivity has prompted the conception of autonomous 
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techniques for identifying seizures, and quantifying regional involvement in 

seizure generation or delineation of surgical margins to potentially improve 

surgical outcomes. Examples include using magneto-electroencephalography 

(MEG) dipole modelling and source localisation to define surgical targets [112], 

constructing functional brain networks based on subdural and intracranial 

recordings to predict surgical margins [332]. Others include spike detectors, 

which have shown non-inferiority compared to clinicians, in surface 

electroencephalography (EEG) [333, 334], some such systems even surpassing the 

expert level of identification when taught by a large number of reviewers [335, 

336]. 

 

With recent improvements in bandwidth analysis and signal processing, there has 

been an interest in high frequency oscillations (HFOs) to define the epileptogenic 

zone [337]. These studies, principally in intracranial EEG, have outlined efficient 

methods of HFO identification that correlated well with surgical outcomes [338, 

339]. However, HFO utility as a localiser of the EZ is itself incomplete due to 

discordant grading from clinicians, it’s occurrence in other regions outside of the 

EZ and the lack of a consensus on the significance of HFO’s. While no single feature 

has proven successful for all epilepsies, the use of multi-feature analysis remains 

a promising option. The simple but effective line-length measure of sub-banded 

EEG proved highly selective for five signal classes from a common database when 

using neural networks to distinguish between them [340]. Devices have also 

implemented line-length as a epileptic feature for therapeutic interventions such 

as neuro-stimulation as it represents a convenient measurement of high-

frequency amplitude [341]. The ratio of Beta and Gamma power was compared to 

Theta and Alpha to establish the epileptogenicity index [124]. In temporal lobe 

epilepsies, this measure with a time-based penalty highlighted the regions most 

strongly involved in seizure generation and propagation. Gnatkovsky, et al. [126] 

demonstrated three features, fast activity, very slow transients and flattening, 

which when combined could identify the onset of focal epilepsies with high 

accuracy when compared to clinical identification [126]. The same group went on 

to apply their method across a much larger cohort and define two distinct seizure 

patterns [133].  
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A more recent study by Grinenko, et al. [125] proposed three features, which they 

defined as the ‘fingerprint’ of epilepsy [125]. The three features were, multiband 

fast activity (MBFA), a set of non-harmonic concurrent frequency bands with 

sustained amplitude. Second was low frequency suppression (LFS), which is the 

loss of normal frequency amplitude, with respect to a baseline, that can precede 

and also occur in tandem with the MBFA. The last feature was pre-ictal spiking, 

which is rapidly alternating high amplitude peaks that precedes a seizure in trains 

or as a singularity. Extracted together and processed by a support vector machine, 

they proposed that the EZ could be identified with high accuracy in intracerebral 

EEG. 

 

While previous work has achieved success in automated identification of the EZ, 

there remain some limitations. Methodological approaches have required pre-

selecting patients with obvious fast activity at seizure onset and manually marking 

seizure onset to guide automated detection methods. This has potentially biased 

outcomes and limits general applicability of such systems. Also, multi-feature 

systems must consider the contribution from each feature when classifying the EZ, 

as some waveforms, such as high frequency activity, have better localisation value 

and should be weighted accordingly. Additionally prior work has implemented 

binary classification tools, whereby a single channel independent of the remaining 

implantation was graded as part of the EZ. Since the boundaries of epilepsy can be 

difficult to define and seizure spread can be complex and involve various regions 

within the network, it may be more appropriate to use a continuous scale when 

considering the involvement of each electrical contact compared to the EZ. 

 

The aim was to investigate two features examined by Grinenko, et al. [125] from 

the fingerprint of epilepsy using wavelets and kernel processing in cases of 

temporal and extra-temporal epilepsy undergoing SEEG. A method to produce a 

ranking value was also designed, rather than binary classification, by combining 

the features extracted non-linearly for each channel in the implantation to 

determine their involvement in the EZ. The method used is also fully automated, 

requiring only the onset time for each seizure for computational efficiency 
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4.2.3 Materials and methods  

Subjects 
Forty patients were reviewed between 2016-2018 that were admitted to the 

Mater’s Advanced Epilepsy Unit for invasive monitoring using Stereo-

electroencephalography (SEEG), as part of the surgical evaluation for their 

refractory epilepsy. Inclusion to the present study had three requirements; (i) at 

least two recorded typical seizures, (ii) a focal epilepsy and (iii) were seizure free 

for greater than 3 months post epilepsy surgery or radio frequency ablation. A 

flowchart for patient exclusion has been provided in the supplementary items 

(S4.1). All participants provided informed consent and ethical approval was 

granted by the institutional review board (HREC/16/MHS/75 and 

HREC/16/MHS/76). 

 

Processing flow 
The following steps, summarised in Figure 22, outline the process that has been 

performed to extract and rank the MBFA and LFS features from the population. 

The process begins with data collection then conversion into a bipolar montage, 

before being converted into time-frequency event-related synchronisation values. 

Using a custom kernel, the MBFA was identified to quantify the frequency scales 

below the MBFA into LFS. Following this, the clinically defined EZ was used to 

identify exponents that combine the features non-linearly which assist in ranking 

the EZ from the feature data alone. These steps are described in detail in the 

following paragraphs. 

 

 

Figure 22. Flow chart of the feature extraction and grading process 
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Recordings 
The SEEG data was acquired using a Nihon Khoden EEG-1200 system, with a 

1KHz-sampling rate and 16-bit ADC’s and a physical highpass filter of 0.08Hz 

applied. The SEEG electrodes were implanted based on the anatomo-electro-

clinical hypothesis. Between ten and eighteen multi-contact MicroDeep (DIXI 

medical, Besançon, France) semi-flexible platinum electrodes were implanted. 

Each electrode has a diameter of 0.8mm, a contact length of 2mm and an 

intercontact insulation length of 1.5mm. The exact positions of the electrodes 

were verified by visual analysis of a co-registered post implantation CT with a pre-

implantation structural MRI, by an epileptologist. Involvement of suspected EZ 

locations was confirmed by using cortical stimulation to replicate habitual 

seizures or evoke typical seizure behaviours. 

 

Contacts to bipolar channels 
Electrode contacts external to the cortical surface or experiencing continuous 

artefact were removed to ensure signal validity. The remaining contacts were re-

referenced into a bipolar montage of adjacent contacts to examine the local 

cortical activity that is commonly used in clinical evaluation, creating the channels 

discussed here after. The remaining processes are performed on each available 

channel for a single seizure. 

 

Conversion to wavelets 
Each channel was processed into a time-frequency representation with 13 

separate sections extracted. Ten sections were baseline, two sections were kept 

for validation and one section was extracted during a seizure. The sections are 

converted using a complex morlet wavelet with 200 logarithmically spaced 

frequency scales, ranging from 1 to 200Hz. Each section has the same duration, 40 

seconds (10 seconds pre and 30 seconds from onset for the seizure section), plus 

additional data to avoid the cone of influence of the wavelet that was removed 

after conversion. The baseline and validation sections were extracted from 

random times, identical for each channel, from the same recording file, at least two 

minutes from any clinical event or marked epileptic activity. 
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Conversion to event-related synchronisation 
Event-related Synchronisation (ERS) is a measure of change compared to a 

baseline value. This is expressed in an approximately linear scale rather than the 

inversely proportional scale that amplitude has with respect to ascending 

frequency in neurological signals [1]. Therefore, using ERS it is possible to express 

both positive and negative power changes across all frequencies with near equal 

magnitude. The baseline wavelets are concatenated, and averaged through time 

to generate a vector of frequency-by-frequency baseline values (in uV) as given by 

Equation 5. The wavelets are 2 dimensional matrices with dimensions of 

frequency and time. Subtracting the baseline vector from the wavelet, at each time 

point, and then dividing the result by the baseline vector converts the wavelet into 

an ERS format with the same dimensions. These values are then multiplied by 100 

to express them as a percentage, as seen in Equation 6.  

 

Equation 5 

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒(𝑓) =  𝑚𝑒𝑎𝑛𝑇ℎ𝑟𝑜𝑢𝑔ℎ 𝑡𝑖𝑚𝑒(𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑊𝑎𝑣𝑒𝑙𝑒𝑡 1, … 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑊𝑎𝑣𝑒𝑙𝑒𝑡 10) 

Equation 6 

ERS(%) = 100 × 
Wavelet − Baseline

Baseline
 

 

An ERS wavelet is calculated for each seizure as well as the two validation 

segments. The seizure ERS wavelet are then processed using image-processing 

techniques to identify the feature activity. 

 

Kernel processing 
Kernels are a matrix of values used to identify specific objects or shapes, 

depending on the kernel applied. A kernel with an expanding topology was 

designed that could be used to identify the MBFA, which is defined as two or more 

fast frequency bands with high amplitude in tandem during a seizure [125]. The 

proposed design, inside a horizontal rectangle, has ten key points, the corners, and 

three points on each vertical side equidistant from the corners. On the left side in 

descending order, the key points have the values; [-1, 1, 0, 1, -1] and on the right; 

[0, 1, 0, 0.5, 0], seen in Figure 23 (a). The values between each of the key points 

were linearly interpolated vertically then horizontally. This creates two bands, a 
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lower fading band and an upper constant band in order to favour higher rather 

than lower frequency bands during cross correlation. The topology was used to 

create four kernels, each with a different height. The height of the kernels when 

considering wavelets represents a different frequency spread that the kernels are 

targeting for identification of the MBFA. The width of the kernels was fixed to 

represent half a second of data within the kernel.  

 

Each kernel is cross-correlated with the ERS wavelet to produce a similarity value 

for each point, time and frequency, of the wavelet. The correlation matrices are 

then normalised, based on the size of the kernel that produced them. 

 

 

Figure 23. Kernel topology with key points overlaid (a) and example fingerprint with overlaid 

trough, bounding box and suppression (b) 

 

Bounding box extraction 
The bounding box of the MBFA is composed of two components. The first 

component is the maximum value for all time points in the average of the 

correlation matrices. This represents where the kernels have found the greatest 

similarity in the wavelet and also it represents the trough position between the 

MBFA bands seen in Figure 23 (b) in red. The second component is the separation 

in scales between the frequency bands in the kernel which best correlates at each 

time point seen in Figure 23 (a). This is found by comparing the individual kernel 

correlations, and at each time point along the trough extracting the value of 

separation between its peaks. From the trough frequency to one separation away 

represents the expected peaks of the fast activity bands, where two separations 
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away should encompass the entire MBFA. This is what has been defined as the 

bounding box, seen in Figure 19 (b) in yellow.  

 

Distance Measure 
The MBFA is quantified into a dissimilarity measure by comparing the difference 

in the seizure ERS wavelet to the first validation ERS wavelet. The bounding box 

found by the seizure wavelet is used to masks all three wavelets where values 

outside the bounds are set to zero as seen in Equation 7. A rolling window with 

length equal to half a second is used to perform a Euclidean distance function 

between the seizure to validation one, and also, validation one to validation two. 

The later comparison is averaged and used to normalise the seizure to validation 

one values as given in Equation 8 for each channel. The distance metric is 

calculated for all time points within the seizure ERS wavelet. 

Equation 7 

𝑆𝑒𝑖𝑧𝑢𝑟𝑒 = [
𝑊𝑖𝑡ℎ𝑖𝑛 𝑀𝐵𝐹𝐴 𝑏𝑜𝑢𝑛𝑑𝑠,   𝑆𝑒𝑖𝑧𝑢𝑟𝑒
𝑒𝑙𝑠𝑒,                                      0            

] 

𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛1 = [
𝑊𝑖𝑡ℎ𝑖𝑛 𝑀𝐵𝐹𝐴 𝑏𝑜𝑢𝑛𝑑𝑠,   𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛1
𝑒𝑙𝑠𝑒,                                      0                     

] 

𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛2 = [
𝑊𝑖𝑡ℎ𝑖𝑛 𝑀𝐵𝐹𝐴 𝑏𝑜𝑢𝑛𝑑𝑠,   𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛2
𝑒𝑙𝑠𝑒,                                      0                      

] 

Equation 8 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑡𝑖𝑚𝑒) =
√∑ ∑ (𝑆𝑒𝑖𝑧𝑢𝑟𝑒(𝑓, 𝑡𝑖𝑚𝑒 + 𝑡) − 𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛1(𝑓, 𝑡𝑖𝑚𝑒 + 𝑡))2200

𝑓=1
250
𝑡=−250

𝑚𝑒𝑎𝑛 (√∑ ∑ (𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛1(𝑓, 𝑡𝑖𝑚𝑒 + 𝑡) − 𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛2(𝑓, 𝑡𝑖𝑚𝑒 + 𝑡))2200
𝑓=1

250
𝑡=−250 )

 

 

Low frequency Suppression 
Prior to computation of the suppression, the ERS wavelets for both validation ERS 

wavelets are first restored with the original data outside of the MBFA bounds. The 

seizure ERS wavelet however, is emptied, removing all data and replacing it with 

infinity, then the original data underneath the MBFA lower bound is restored as 

seen in Equation 9. The mean, through time, of the second validation ERS wavelet 

is then calculated to provide another frequency-by-frequency baseline similar to 

Equation 5, this time however as a percentage of change for use in the suppression 

calculation. All points within the seizure wavelet below the frequency baseline by 

at least 10% are then considered as ‘in suppression’. To quantify the LFS, only the 

frequencies below the lower bound of the MBFA bounding box and ‘in 
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suppression’ are summed and kept as the LFS for each channel as given by 

Equation 10 and seen in Figure 23 (b) shaded in white. The suppression 

calculation is repeated for all time points in the seizure ERS wavelet. 

Equation 9 

𝑆𝑒𝑖𝑧𝑢𝑟𝑒 = [
𝐵𝑒𝑙𝑜𝑤 𝑀𝐵𝐹𝐴 𝑏𝑜𝑢𝑛𝑑𝑠,   𝑆𝑒𝑖𝑧𝑢𝑟𝑒
𝑒𝑙𝑠𝑒,                                      ∞            

] 

Equation 10 

𝑆𝑢𝑝𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛(𝑡𝑖𝑚𝑒) =  ∑ 𝑆𝑒𝑖𝑧𝑢𝑟𝑒(𝑓, 𝑡𝑖𝑚𝑒) < 0.9 ×  𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒(𝑓)

200

𝑓=1

 

Feature synthesis 
The effect of both features to the ranking of each seizure was evaluated to identify 

the contribution that would best detect the epileptogenic channels. The features 

are first combined into matrices for each seizure, normalised to account for inter-

seizure and inter-patient differences and then are non-linearly combined using a 

set of exponents to produce a single value for ranking. The following stages 5.3.12 

– 5.3.15 outline the normalisation, ranking and evaluation processes that are 

performed in a leave-one-out (All seizures from a single patient) format but 

operated on a per seizure basis.  

Equation 11 

𝑀𝐵𝐹𝐴(𝐶ℎ𝑎𝑛𝑛𝑒𝑙, 𝑇𝑖𝑚𝑒) = [
𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝐶ℎ𝑎𝑛𝑛𝑒𝑙 1

⋮
𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝐶ℎ𝑎𝑛𝑛𝑒𝑙 𝑁

]      𝐿𝐹𝑆(𝐶ℎ𝑎𝑛𝑛𝑒𝑙, 𝑇𝑖𝑚𝑒) = [
𝑆𝑢𝑝𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝐶ℎ𝑎𝑛𝑛𝑒𝑙 1

⋮
𝑆𝑢𝑝𝑝𝑟𝑒𝑠𝑖𝑜𝑛𝐶ℎ𝑎𝑛𝑛𝑒𝑙 𝑁

] 

 

Feature normalisation 
The MBFA was normalised by dividing each channel within a seizure by the 

maximum value of the MBFA of that seizure as performed by Equation 12. The LFS 

was recalculated to represent the percentage of frequency scales suppressed, by 

the number of scales below the MBFA lower bound using Equations 13 and 14. 

This expresses both series in a fixed range between 0 and 1. 

Equation 12 

𝑀𝐵𝐹𝐴𝑁𝑜𝑟𝑚 =
𝑀𝐵𝐹𝐴

max (𝑀𝐵𝐹𝐴)
 

Equation 13 

𝐿𝑜𝑤𝑒𝑟𝐵𝑜𝑢𝑛𝑑(𝐶ℎ𝑎𝑛𝑛𝑒𝑙, 𝑡𝑖𝑚𝑒) = [
𝑀𝐵𝐹𝐴 𝐿𝑜𝑤𝑒𝑟𝑏𝑜𝑢𝑛𝑑𝐶ℎ𝑎𝑛𝑛𝑒𝑙 1

⋮
𝑀𝐵𝐹𝐴 𝐿𝑜𝑤𝑒𝑟𝑏𝑜𝑢𝑛𝑑𝐶ℎ𝑎𝑛𝑛𝑒𝑙 𝑁

] 
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Equation 14 

𝐿𝐹𝑆𝑁𝑜𝑟𝑚 =  
𝐿𝐹𝑆

𝐿𝑜𝑤𝑒𝑟𝐵𝑜𝑢𝑛𝑑
 

Exponent values  
The normalised feature values were then raised to a pair of exponent values, and 

multiplied together to better separate the expected MBFA and LFS response of EZ 

channels from the remaining implantation as performed by Equation 15. The 

maximum for each channel’s blended features are then extracted, and used to rank 

each channels involvement in the epileptic process through Equations 16 and 17 

before iteration to the next exponent value pair. 

Equation 15 

𝑆𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠(𝐶ℎ𝑎𝑛𝑛𝑒𝑙, 𝑇𝑖𝑚𝑒) =  MBFA𝑁𝑜𝑟𝑚
𝑀𝐵𝐹𝐴 𝐸𝑥𝑝𝑜𝑛𝑒𝑛𝑡 ∗ LFS𝑁𝑜𝑟𝑚

𝐿𝐹𝑆 𝐸𝑥𝑝𝑜𝑛𝑒𝑛𝑡 

Equation 16 

𝑅𝑎𝑛𝑘 𝑀𝑒𝑡𝑟𝑖𝑐(𝐶ℎ𝑎𝑛𝑛𝑒𝑙) = 𝑀𝑎𝑥𝑃𝑒𝑟 𝑐ℎ𝑎𝑛𝑛𝑒𝑙(𝑆𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠) 

Equation 17 

𝑅𝑎𝑛𝑘(𝐶ℎ𝑎𝑛𝑛𝑒𝑙) =  𝑂𝑟𝑑𝑒𝑟𝐷𝑒𝑠𝑐𝑒𝑛𝑑𝑖𝑛𝑔(𝑅𝑎𝑛𝑘 𝑀𝑒𝑡𝑟𝑖𝑐) 

 

The ranks established where then graded using the following procedure. 

 

Ranking outcomes 
The ground truth of each patient was established to determine exponent values 

for ranking the features. This was defined as the EZ based on the clinical 

evaluation of the SEEG recording, including cortical stimulation results, which was 

validated through successful surgical intervention [90, 331]. 

 

The ranks for each different pair of exponents established in the previous stages 

are then compared to the ground truth. From the ground truth the ranks are 

graded with one of the three possible outcomes of the method. True positives; 

these are all channels marked as EZ as they must be given a rank. False positives, 

which are the channels not defined as EZ that have a higher rank, on a per seizure 

basis, then the lowest ranked EZ channel. Finally, true negatives, which are the 

channels correctly ranked below the lowest ranked EZ channel. Concatenation of 

each patient’s seizures was performed to determine the mean ranks of each 

channel and accounted for per-seizure fluctuations. 
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Accuracy of the method for each patient’s concatenated seizure ranks was then 

established through the use of Equation 18. 

Equation 18 

𝐴𝑐𝑐(%) =  100 ×
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑠 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑
 

 

Exponent selection 
The leave-one-out procedure generates a matrix of accuracies, per patient, for the 

exponent pairs used. The mean through the accuracy matrices was then computed 

creating a 2D matrix that indicates the average accuracy of the exponents to 

classify each patient’s EZ. The largest accuracy value in this matrix was then 

retained and is what was used to produce the results. 

 

4.2.4 Results 

A total of 20 patients (7 females) were included in the analysis and their details 

are outlined in table 10. Mean age was 36 ± 12.5 years; range 16-59 and a total of 

70 seizures were processed (Mean of 3.5 seizures per patient). All participants had 

undergone epilepsy surgery or Radio Frequency (RF) ablation and are seizure 

free. Median follow up time 16 months. 

 

Table 10. Details of the patients in the study 

Subject 
ID 

Age/ 
Sex 

Epilepsy 
Duration 
(Years) 

MRI lesion Seizures 
analysed 

Location of the 
epileptogenic zone 

Resection Seizure 
Free 
period 
to date 

1  16/F 8 Normal 3 Right amygdala/uncus Right ATL >2 Year 
2  22/F 7 Normal 4 Focal left mesial 

temporal 
(hippocampus, 
amygdala, temporal 
pole) 

Left ATL >2 Year 

3  46/M 16 Normal 4 Right 
entorhinal/perirhinal 
cortex, right amygdala 
and right temporal 
pole. 

Right ATL >1 Year 

4  45/M 8 Left MTS 4 Left entorhinal cortex 
and amygdala 

Thermo 
Coagulation left 
entorhinal cortex 
and amygdala 

>1Year 

5  21/M 13 Normal 3 Right mesial 
orbitofrontal  

Right dorso-mesial 
orbitofrontal 

>1 Year 

6  18/M 13 Normal 4 Left Pars orbitalis Left Pars orbitalis >1 Year 
7  47/M 14 Previous 

resection left 
4 Left temporal pole Left ATL (sparing 

hippocampus) 
>1 Year 
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orbitofrontal 
region and 
gliosis mesial 
left temporal 
pole (post 
radiation 
therapy change) 

8  40/M 12 Normal 4 Focal left mesial 
temporal 
(hippocampus, 
amygdala, temporal 
pole) 

Left ATL >2 Year 

9  28/F 28 Normal 3 Left Precuneus Left Precuneus 9 
Months 

10  16/F 1 Left low grade 
glioma mesial 
temporal, 
posterior 
cingulate and 
insula 

4 Left Peri-rhinal Thermo-
coagulation left 
peri-rhinal area 

>1 Year 

11  59/M 4 Normal 5 Left Hippocampus and 
amygdala  

Left ATL >2 
Years 

12  39/F 4 Normal 5 Left hippocampus, left 
amygdala and left 
temporal pole 

Left selective 
amygdalo-
hippocampectomy 

11 
Months 

13  56/M 39 Right MTG 
gliosis 

3 Right orbitofrontal  Right Orbitofrontal >2 Year 

14  46/M 17 Normal 3 left temporal pole, 
amygdala, entorhinal, 
hippocampus 

Left ATL 9 
Months 

15  36/M 36 Normal 4 Left hippocampus with 
amygdala and 
temporal pole. 

Left ATL >2 Year 

16  34/M 2 Right cuneus 
cavernoma 

3 Right cuneus Right cuneus 10 
Months 

17  41/F 13 Left amygdala 
FCD 

4 Left Amygdala and 
entorhinal region 

Thermo 
Coagulation Left 
amygdala and 
Entorhinal region 

6 
Months 

18  36/F 21 Left fusiform 
vascular 
malformation 

3 Left lateral 
parahippocampal 
gyrus/mesial fusiform 

Left lateral 
parahippocampal 
gyrus/mesial 
fusiform gyrus 

11 
Months 

19  38/M 3 Normal 3 Right posterior insula Thermo 
Coagulation right 
posterior insula 

7 
Months 

20  36/M 18 Previous 
resection Left 
temporal pole 
and amygdala 

2 Left Hippocampus Left 
Hippocampectomy 

6 
Months 

ATL – Anterior temporal lobectomy, FCD – Focal cortical dysplasia. 

 

Results were combined from all seizures analysed and were identified as follows: 

337 EZ channels, 1152 falsely identified as EZ and 8741 correctly identified as 

outside of EZ. A confusion matrix, Figure 24 (a), determined the accuracy was 

88.74% (sum of the diagonal divided by the number of total channels examined). 

False positives compared to true positives occurred at a ratio of 1:3.42. However 

after concatenation and mean rankings this improved the true to false positive 

ratio to 1:1.52, with an accuracy of 95.1%, Figure 24 (b). 
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Figure 24. Confusion matrices. Combined results for all seizures (a) and mean through each patient’s 

seizures (b) 

 

Calculating separate accuracy for temporal (14 cases) and extra temporal (6 

cases) onsets found the ranking accuracy of the temporal lobe epilepsies was only 

slightly higher than the extra-temporal cases. However, the false positive rate of 

the extra-temporal patients was almost double that of the temporal patients, from 

1:1.28 to 1:2.38 seen in Figure 25. 

 

 

Figure 25. Confusion matrices for temporal (a) and extra temporal (b) patients 

 

Using unity exponents and the mean exponent pair the features were examined 

individually and it was found that the MBFA was more effective than LFS when 
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used separately to grade each channel, but unity exponents were far better than 

both. Although the unity exponents had lower true to false positive rates for the 

combined seizures, the mean exponents had the lowest true to false positive rates 

of all the combinations. 

 

When examining the incidence of first and subsequent ranked channels in the 

mean, through seizures grading, it was found 13 from 20 (65%) patients had an 

EZ marked channel in the first rank. And, within the first five ranks, 18 (90%) 

patients had an EZ channel established, as seen in Figure 26 in blue. 

 

 

Figure 26. Ranking success for the first 50 ranks across the cohort as a stacked bar chart. Highest possible 

ranks for each patient are identified in blue; the remaining ranks assigned to the EZ definitions are in red. 

Purple denotes the number of channels that are falsely identified and yellow represents the number of 

channels successfully identified as outside the EZ 

 

Surgery outcomes 
Figure 27 details the SEEG conclusions, surgical margins, and which electrodes 

were indicated by clinical evaluation of the proposed method, to represent the EZ. 

The remaining electrodes are not shown, and in the results are true negatives. 
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Patients underwent lobar resection, targeted resection or radiofrequency 

ablation. The method marked a total of 242 channels, post surgical analysis from 

resected margins revealed a total of 146 channels were removed (bolded 

margins), 96 true positives (marked in red) and 41 false positives (marked in 

green), leaving only 105 false positives (green out of bold margins). In seven 

patients, surgery removed all marked channels, true and false positives, and in 

another seven patients fewer than five channels remained. 
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Figure 27. The surgical resections or RF ablations and also the electrodes of interest. Red squares represent true positives, where the clinical evaluation and this study’s 

method agree on the involvement in a seizure. Green squares are false positives; those which this method ranked higher than the lowest clinically defined EZ channel by 

this method. Bold edged boxes were removed through surgery or RF ablation
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4.2.5 Discussion 

The present methodology allows a nonparametric extraction and ranking of 

potential features of the EZ from intracerebral recordings with a low false positive 

rate.  

 

It was chosen to only include cases that are seizure free after surgery in order to 

correlate the findings with a successful outcome. Epileptologists determined the 

surgical margins from the same intracranial recordings that were analysed in the 

current work. The automated approach to the identification of a patient’s EZ, has 

examined two potential features of epilepsy, LFS and MBFA. Pre-ictal spikes, the 

third feature from the fingerprint of epilepsy was not employed due to the 

differential findings in the literature and also their potential effect on seizure 

inhibition along with conflicting reports on spike rates immediately before 

seizures [342-345]. Exclusion of this feature has an unknown effect on the 

methods performance when comparing to the original fingerprint method used by 

Grinenko, et al. [125]. Future work is required to identify its generalisability and 

efficacy when used in tandem with MBFA and LFS. In contrast to pre-ictal spiking, 

fast activity has been consistently associated with the epileptogenic process and 

is often relied upon by clinicians using visual analysis [346, 347]. However recent 

work has demonstrated the inclusion of this in conjunction with other features 

has proven more successful [125, 126]. Certainly it was found that LFS alone was 

not capable of ranking the EZ effectively as seen in Table 11. Rather, it had 

approximately half of all channels classified as false positives (Combined seizures 

58%, Mean through seizures 56%). The MBFA metric however had the capacity to 

rank seizures for automatic identification of the EZ, with a false positive rate of 

1:5.62 for combined seizures, 1:4.79 for mean through all seizures, and an 

appreciable rate of 1:3.27 for just temporal epilepsies. MBFA alone was not 

effective for extra temporal epilepsies with a high false positive rate of 1:10.24. 

With equally proportioned exponents, the false positive rates for the mean 

through seizures were reduced and further improved when employing correctly 

proportioned exponents achieving rates of 1:1.79 and 1:1.59 respectively. 
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Table 11. True to false positive rates for different exponent values 

Exponents Combine
d 
seizures 

Mean 
through 
seizures 

Temporal 
only 

Extra-
temporal 

MBFA = 0 
LFS = mean exponent 

1:17.61 1:16.0 1:15.68 1:17.14 

MBFA = mean 
exponent 
LFS = 0 

1:5.62 1:4.79 1:3.27 1:10.24 

MBFA = 1 
LFS = 1 

1:3.21 1:1.79 1:1.59 1:2.52 

MBFA = mean 
exponent 
LFS = mean exponent 

1:3.42 1:1.52 1:1.28 1:2.38 

 

The methodology used has attempted to advance the detection and subsequent 

grading of SEEG channels during epileptic seizures to assist in the identification of 

the EZ. The utility of this method is clinically appreciable when deciphering the 

true EZ from an implantation that potentially has widespread epileptic features 

such as fast activity or interictal spiking. It provides another objective opinion 

from a signal processing modality that together with other modalities (imaging, 

electrographic analysis etc.) can help clinicians understand the true EZ. 

 

It was chosen to analyse MBFA and LFS as previously defined in other work 

including in the ‘fingerprint’ of epilepsy [125]. Prior methodological approaches 

from Gnatkovsky, et al. [126] included summing the power within a single high 

frequency band rather than considering the morphology of the high frequency 

activity as done by Grinenko, et al. [125] Both achieved a similar quantification 

and both achieved high classification rates. Gnatkovsky, et al. [126] established a 

concordance of visual and automated detection of 74%, but had a relatively high 

false negative rate misclassifying 33.5% of EZ channels as healthy, however their 

sensitivity and precision were both high at 66.5% and 83% respectively. Their 

work involved the classification of specific channels as apposed to the surgical 

margins performed in [125]. Importantly, this difference changes the objective 

and utility of the automated localisation of the EZ.  
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The ground truth used in Grinenko, et al. [125] has a significant portion of ‘non-

EZ’ channels within it. When considering the surgical margins of patients with 

successful resection and hence seizure freedom, false negatives (those inside the 

surgical margin but not truly epileptic) are then permissible errors as the classifier 

was taught to identify them and as such reflects their low sensitivity (15%). False 

positives however represent the worst error term in this type of classification, as 

they are channels outside the surgical margins and thought to be epileptic, when 

it is known that surgery was curative. Hence the objective in surgical margin 

approaches is to establish high precision, which they did with 90.6%. 

 

The approach and utility of channel-based classifiers (this study and Gnatkovsky, 

et al. [126]) however has different objectives. In agreement with the 

aforementioned false positive term, it still represents an over classification, 

however given the nature of epilepsy it is far more unavoidable as adjacent 

regions surrounding EZ channels would exhibit a significant portion of EZ-like 

features. In addition to this, the surgical margins utilised in channel-based 

classifiers only occurs for the validation of the epileptic foci was within the margin 

and comparative analysis performed after all classifications. Without the precise 

knowledge of the surgical margins the classifier was taught with explicit EZ 

channels and hence its objective is high sensitivity. This concludes that if a channel 

is part of the EZ, these types of classifiers are far more likely to identify them 

potentially at the cost of over classification known as low precision.  

 

The significant difference stands out when objectively considering sensitivity. A 

highly sensitive test is reliable and definitely ‘rules out’ the existence of the 

condition successfully (ie. low misdiagnosis of sickness), low sensitivity however 

does not indicate strength in ‘ruling in’. Precision essentially is the inverse of 

sensitivity; high precision indicates a test when ‘ruling in’ will be successful. 

Similarly, low precision does not indicate strength in ‘ruling out’. For a surgical 

margin classifier, one would expect high precision in a classifier, as the surgeries 

were completed, the patients are now seizure free and the results should have as 

few as possible external channels from those margins. In a channel-based 

classifier sensitivity is the objective as it was explicitly taught to identify EZ 
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channels, even at the cost of over classification (low misdiagnosis). Following this, 

a majority of false positives would likely be resected as surgery often extends 

beyond the immediate sampling points of the EZ [348-350].  

 

The proposed method used a channel-based classifier and then quantified the 

results with a rank metric, consequently there is no capacity for false negatives. 

However, false negatives, channels that are classified as healthy when they are 

truly epileptic are accounted for in the ranking procedure. All channels ranked 

above the lowest ranked EZ channel are marked as false positives, this guarantees 

no false negatives at the cost of an inflated false positive incidence. This has 

resulted in a ratio of true-to-false positives of 1:1.52; compared with standard 

measures this represents a precision of 40% and sensitivity of 100% that is 

comparable to previous methods. 

 
Factors influencing the rankings 
The method has three key features that could significantly affect the ranking 

outcome and the subsequent accuracy; they are the time at which the features are 

extracted, the value of the exponents and how they were evaluated and also how 

the ground truth was defined. 

 

Timing 
The SEEG methodology employs anatomo-electro-clinical-correlation to define 

the seizure onset. An in depth analysis of the timing between these relationships 

is paramount in defining the onset location and is also determined by the 

proximity of implanted electrodes. It was chosen not to constrain the time domain 

in the method as relaxation of this constraint could potentially lead to 

misclassification of propagation sites (those which are activated after ictal onset) 

as part of the EZ. Rather the time at which each individual channel was maximal 

in the synthesis signal it extracted was analysed, to grade its involvement in the 

epileptic process. For autonomous identification of the EZ, timing is widely 

relaxed as a constraint by itemisation before processing. Typically a fixed window 

around each seizure is extracted [126], or the feature activity is manually marked 

at onset and offset [125]. However, some groups have proposed methods that 

have the capacity to identify the epileptogenicity of temporal structures that 
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maintain strict timing information [124]. Furthermore, without governing the 

extraction time, the features may be collected past ictal onset, or even pre-ictally 

in the form of spikes. This was demonstrated by Gnatkovsky, et al. [126] where 

although successful automatic extraction of the features was seen, some EZ 

channels were identified up to ten seconds later than the identification by 

clinicians. They propose the difference may indicate that automated systems can 

identify low amplitude high frequency activity, more reliably than human 

observation.  

 

A temporal penalty was considered for the process, but three scenarios were 

identified that would arise as consequence. In the instance the temporal penalty 

is high, pre-ictal or ictal spikes near onset would be highly favoured where the 

potentially better indicator of epilepsy, sustained ictal fast activity, would be 

graded lower. A low temporal penalty would be effective only when ictal 

progression is slow, which is uncommon, and in those cases potentially 

redundant. Medium progression, whereby the penalty over time roughly matches 

the rate of ictal progression would help differentiate the onset site to areas 

affected by the epilepsy. This scenario though, would require a consistent 

propagation rate of seizures to be an effective measure, which when extended to 

a mixed cohort of epilepsies, is an unrealistic expectation. Therefore, temporal 

penalties were removed, and it is acknowledge that the false positive rates are 

potentially influenced by the time of extraction of the MBFA and LFS, as it is hard 

to distinguish EZ from propagation sites without strict timing information. 

 

In light of this limitation, an extended window was processed for several seizures 

to identify if the onset selection biased feature extraction. The features used in this 

study were highly sensitive to the ictal period indicating no selection bias. A short 

report on the extended results is provided in the supplementary items (S4.2).  

 

Evaluating exponent contributions 
It was apparent during the ranking processes that although most patients were 

consistent across several seizures; they were more sensitive to either the MBFA 

or LFS feature. In saying this, a statistical difference between temporal and extra 
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temporal epilepsies, in terms of their feature exponent preferences, could not be 

established. As the sensitivity to the features were distributed, and no clear 

pattern had emerged, over 1000 different combinations of the feature exponents 

for each seizure were trialed. The highest accuracy value from all of the exponent 

pairs performed on the left out patients was established as the global exponents. 

If a grouping, based on preference could be established, potentially the accuracy 

of prediction in those groups could be improved. 

 

Ground truth selection 
Essential to the research’s validity and results is the definition of the ground truth, 

in this case, the EZ. Two possible ground truths could have been selected, the first 

of these encapsulates the surgical resection margins and thermo-coagulations 

points. The second definition of the EZ uses the anatomical-clinical-electrical 

correlations of areas sampled using SEEG [331]. 

 

As surgery may at times extend beyond the sites of electrode sampling to provide 

better outcomes, the use of surgical margins to define the EZ would include tissue 

potentially not involved at seizure onset [348-350]. However, the EZ is a complex 

term used to denote both a theoretical concept with a clinical application that can 

only validated following surgery with a seizure free outcome [90, 331].  

 

Therefore, the decision, given seizure freedom in the population, was to define the 

ground truth based on the second definition, avoiding dilution of the training 

material, and as a result, increasing the accuracy of the method. However, it is 

acknowledged that both ground truths present a potential source of bias as they 

are only as effective as the traditional interpretation made by an epileptologist. 

Without established biomarkers for epilepsy, the inherited bias of the 

traditionally found EZ is unavoidable. However, if the method for identification 

approaches the traditional identification it will have achieved its goal of an 

additional objective opinion of the EZ from a different modality. 

 

Binary classification vs. ranking methods 
Although distinction of the EZ has been performed in the past with a binary 

outcome, it is believed a ranking procedure is more appropriate for several 
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reasons. Firstly, epilepsy is not a finite disease process, but rather a reaction to an 

uncontrolled activation or inhibition of part of the cortex that can affect multiple 

other brain regions simultaneously and with varying degrees [125, 351]. 

Secondly, the pre-implantation hypothesis, and subsequent implantation of 

certain areas that are believed to be involved with the epileptic process only 

allows understanding at those sites. This limitation affects both rank and binary 

classifications; however, a rank based outcome allows imperfect situations to have 

meaning by grading the EZ with respect to the implantations visibility of the 

illness. And, although these results are presented in a binary format for the 

reader’s clarity, on a clinical level the ranks of each recorded channel has a value 

unattainable through binary methods. The ranks can still inform clinicians even 

when recording points are imperfectly placed, or if the EZ is outside the sampling 

distance of the electrodes. Binary methods would potentially reject these ‘true-EZ’ 

channels based on poor qualities, due to distant or absent features in the recorded 

data. Binary classification tools for this reason cannot make well-informed 

classifications, as it is impossible to understand the epileptogenic process with 

only one point of reference even in ideal situations. This is overcome by ranking 

methods by considering the entire implantation, and even in un-ideal situations, 

the rankings retain information that can suggest the epileptogenic process for 

clinicians. 

 

Suitability 
The proposed method examines the relationship between two features during an 

epileptic seizure when they are at their maximum. Multiband fast was found to be 

more selective of EZ channels than LFS, but together their efficacy in 

discrimination of the EZ was superior. In saying this, LFS is more wide spread 

spatially, at ictal onset potentially due to an inhibition of overly synchronised 

principal cells [351]. This inhibition, higher in frequency than principal cell 

activation, then explains the reduction in the lower frequency amplitude at least 

with respect to a prior-to-inhibition period. Fast activity, Gamma band and higher, 

on the other hand has long been considered the defining feature of the EZ and has 

been extensively analysed for its localisation ability [124, 126], explaining its 

dominance in the method when ranking without LFS inclusion. Without effective 
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identification and quantification of these features together the method cannot 

predict the EZ effectively and potentially may be unsuitable. 

 

Temporal lobe bias 
A potential source of bias arises from the population due to the predominance of 

temporal lobe epilepsy patients. Fourteen of the 20 patients had temporal 

lobectomies or RF ablation compared to 6 surgeries outside of the temporal lobe. 

With a larger population, or with additional patients with extra-temporal 

epilepsies this bias can be determined. 

 

Limitations 
Inherent to the recording modality and other intracranial monitoring, is a limited 

spatial sampling distance that for SEEG has been estimated to be approximately 

1cm around the electrical contacts [63]. This is confounded by cortical boundaries 

within that proximity and further abstracted when considering bipolar montages, 

where contacts may be within different anatomical structures or cortical tissues. 

The primary problem though is physical distance to the generator of epileptiform 

activity briefly mentioned above. Clearly, the pre-implantation hypothesis and 

electrode placement is crucial for accurate determination of the EZ. Precise 

sampling of the EZ is paramount to the successful application of the SEEG 

methodology and correspondingly the method’s capacity for ranking what is then 

recorded. 

 

4.2.6 Conclusion 

Examining the MBFA and LFS with expanding kernels is an effective way to extract 

features indicative of epileptic seizures. Ranking the features after exponential 

weighting and synthesis has the potential to identify the EZ with high accuracy, 

above 95% and also produces low false positive rates. The rank-based method has 

no false negatives, with a comparable accuracy to previous reports. The method 

has better performance on temporal lobe epilepsies, however, extra temporal 

performance was still inline with other studies, and such both can be examined 

with the method. 
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4.2.7 Future work 

The study’s aim was to provide an objective opinion of the EZ from a signal 

processing point of view. Although accuracy is reached in line with current 

literature and succeeded in the objective, a clinically significant data point was 

underutilised and could further improve this work. The timing of extracted 

features was entirely decided on the synthesis signal, and independently 

identified per channel. Future work should address this by extracting of the 

features separately per channel and also utilise the time at which the features 

were extracted to improve the EZ estimation. Its stands to reason that the 

extraction time is suggestive of the ictal onset markers, and as such would 

significantly improve the localisation of the EZ under a causal hypothesis, which 

many groups have established.  

 

In addition to this, with recent literature indicating several ictal onset markers 

exist and with an established format for EZ localisation the pursuit of EZ 

localisation should extended to harness all seven markers. This extended multi-

feature analysis would, by published literature suggestion predominantly by 

Lagarde, et al. [311], Singh, et al. [312], account for larger portion of ictal signs and 

potentially improve the performance of an EZ localiser. Furthermore, with the 

identification of the specific onset markers, perhaps the timing of the markers 

could be facilitated addressing the previous point 
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5 Review and new insights 

5.1 Chapter 2 

In movement research a few commonplace decisions are regularly made. These 

are the regions to examine within the brain and at what frequencies that should 

be investigated for classification of voluntary movements. Although these 

decisions are somewhat logical, the frequency choices are predominantly 

empirical or just based on previous applications. The regions which are utilised 

are predominantly the primary motor and sensory cortices and to a lesser degree 

the SMA and preSMA. From this, patient inclusion is based on convenience with 

clearly motoric implantations rather than exploration of other potential regions 

for movement classification.  

 

In contrast, Pfurtscheller, et al. [34] identified that different movements, feet 

compared to hands, elicited different frequency activations in certain brain 

structures. This significant finding formed the basis for our hypothesis for chapter 

2, that there exists a series of anatomical-frequency pairs that could be used to 

distinguish individual manual movements. Also, we aimed to address the 

empirical selection of frequency bands and brain regions by examining a wide 

range of frequencies and not just convenient motoric patients, but rather a 

consecutive series of 10 patients. 

 

As outlined in chapter 2 we designed a method to convert the neural frequencies 

during a series of manual movements into ERS. Following this the ERS of four 

manual movements were extracted along with a baseline segment. We then 

identified ERS deflections that occurred during the motor tasks and autonomously 

marked their onset, midpoint and offset. We then confirmed these marking using 

several rules that ensured only true deflections from the baseline were marked as 

movement-related cortical potential. Our results were like other literature on the 

same topic with a few differences due to the methodology and the greater 

coverage and frequency range used. We confirmed the logical choices that have 
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previously been put forward, namely the use of the primary motor and sensory 

cortex and the Mu frequency range. However, our study also identified that other 

regions, although with lower incidence, offer consistent and useful information for 

the purposes of classifying manual motor tasks. Specifically, some regions showed 

significantly higher incidence to some motor tasks, but not others. The incidence 

of MRCP frequencies was highly distributed dependant on the anatomical area 

with some frequency’s specific to side of the task but also, most significantly the 

complexity of the task. These findings confirm the hypothesis put forward that 

certain anatomical-frequency pairs do indeed, specifically suggest different 

motoric tasks.  In our case the tasks were relatively similar, turning a page in a 

book compared to a bicep curl. It would be expected that more diverse tasks would 

elicit an even greater difference in frequency and anatomical distribution. These 

findings should adjust the field of movement research to explore a greater depth 

of frequency in their analyses, which could allow groups to distinguish a greater 

series of movement tasks. Furthermore, patients without significant motoric 

implantations were shown to be potential candidates for future motor 

classification studies as frequency changes were not strictly confined to the 

obvious motoric structures.   

 

5.2 Chapter 3 

As discussed in Chapter 2, it has been identified that certain frequencies are 

indicative of particular anatomy or movements and the amplitude of the activity 

is strongly lateralising in most cases [34, 158, 212, 213, 236]. Even with this 

information, many groups investigating movement for use in neural prosthesis 

still implement empirical or historically used frequency bands without examining 

others. Furthermore, it is well known that the activity for movement, especially 

for the key motoric structures is contralateral with respect to the side of 

movement. This is a clearly advantageous parameter that should be captured 

prior to machine learning application; however, it is usually expected that the 

generalisability of machine learning will automatically obtain this information 

and operate accordingly. Findings from Chapter 2 also highlighted the potential of 

higher frequency activation for complex tasks when compared to simpler 

activities.  
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Another major hurdle for neural prosthesis exists when taking experiments from 

a lab scenario into a real-world environment. Most BCI’s are performed during 

fully attentive periods with any non-movement removed from training examples. 

This category, non-movement, is by far one of the most significant and the most 

underutilised, without its inclusion a BCI is strictly confined to a lab scenario only.  

 

Based on these findings and inadequate application of machine learning 

techniques we aimed to introduce a ‘selection’ phase prior to machine learning. 

Along with this phase, we hypothesised that the integration of commonly known 

contralateral effects during movement and some of the insights collected in 

chapter 2 into the architecture of a machine learning could greatly improve 

machine learning outcomes. Furthermore, to extend BCI’s from lab scenarios to 

real-world environments we included non-movement as a task within our 

experiment in an aim to adjust the field to this necessity. 

 

We investigated these aims and hypothesis in a single patient whom performed 

multiple movement trials while implanted with SEEG electrodes. The subject 

performed four sets of 30 movements for four separate manual tasks. We then 

marked the onsets and offsets of the muscular activity and converted his neural 

activity into ERDS for a wide range of frequencies. This movement ERDS was then 

binned to compare the relative difference between each frequency and anatomy 

during the movements, and non-movement periods, prior to selecting the most 

differential representatives for classification of the movements. After 

identification of representatives the architecture of a BCI was permutated to 

answer the hypothesis. Firstly, a multiclass classifier, one which took in the 

representative features and returned a classification from all possible movements 

was constructed, this represented the commonplace architecture used. Then we 

constructed several smaller classifiers, with binary output, between left and right, 

simple and complex, movement and non-movement and cascaded their 

classifications to form equivalent multiclass classifiers. Our point of view was that 

each building block could much more easily decide between opposite properties, 
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and that cascading this accurate decision making that the overall performance 

would be greatly increased.  

 

Our hypothesis was confirmed by a relative improvement in classification 

accuracy of over 10% for a linear classifier and 15% for a non-linear classifier, 

with a reduction in variance, when using a series of simpler classifiers rather than 

a single multiclass classifier. We also addressed an aim of the chapter, facilitating 

a real-world neural prosthesis capable of distinguishing four manual tasks from 

non-movement sections.  

 

The selection phase which the chapter also aimed to introduce was a significant 

factor in the improvement of the simple cascading classifier. It was identified that 

higher frequency features were far more suggestive of complex tasks which were 

adopted in the multiclass classifier. This was because the high frequency features 

were poor features for the gross classification performed by the multiclass. By 

splitting the tasks into simple classifiers, the features were far more selective for 

the task which was only effective due to the selection processes. Choosing the 

commonplace Mu or standard frequency bands would have not assisted the 

classification efforts by the cascading classifier blocks and potentially invalidated 

the hypothesis. 

 

The selection process, non-movement section and cascading machine learning 

architecture added to the success of the project. They are also all significant 

changes from the commonplace architecture and processes that can easily be 

adopted by the community which improve the performance of BCI’s and make 

them real-world technology. 

 

5.3 Chapter 4 

For decades the epileptic properties of nocturnal movements have been debated, 

with some groups finding evidence for a correlation between epileptogenic 

activity and motor manifestations and others suggesting central pattern 

generators. The literature is still in debate potentially due to the difficulty in 

recording some of the mesial anatomies that are responsible for sleep 
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architecture. With more recent technology the sampling of mesial structures, and 

high definition video recordings has facilitated a capacity to explore the potential 

epileptogenic nature of nocturnal movements. Another key element missing from 

previous studies has been objective analysis from signal processing.  

 

Due to the unknown nature of nocturnal movements and with the lack of objective 

signal analysis, our aim of chapter 4 is to analyse the neural activity present during 

nocturnal movements to identify if they have an epileptic origin. 

 

We performed this study by manually marking the nocturnal movements of 10 

patients based on high definition video and electromyographic recordings. Their 

neural data during these events were then filtered for high frequency power 

before being converted into ERDS. Hundreds of movements were extracted and 

compared to the activity present during each patients’ epileptic seizures to 

confirm whether the nocturnal movements were small epileptic events, or 

uncorrelated and identified only due to monitoring of an epileptic population. 

 

What we found was quite significant, there existed a network that was 

consistently activated during nocturnal movements. This network, the Insula, 

anterior cingulate, DLPFC and orbitofrontal region in some cases did not overlap 

with the patients epileptogenic zone and hence proved that the network was a 

physiological network for nocturnal movements. Even more significantly, when 

the epileptogenic zone overlapped with the network the average number of 

movements increased and the amplitude of movements was greater. When the 

epileptogenic zone was contained to the network then the movements were far 

more common, and movements were very large in amplitude and the first ictal 

movement during seizures was often equivalent movements as seen during the 

night. Furthermore, the patients with overlapping and contained epileptogenic 

zones to the network had a significant increase of nocturnal movements post 

seizures. From all these findings we put forward that the network we identified is 

physiological but easy influenced by epileptic activity. This explains the heavily 

debated findings of previous groups, and significantly adds to the diagnosis of 

epilepsy. If patients present with a high number of nocturnal movements, and 
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show signs of additional movements after epileptic seizures, then clinicians have 

a potential localisation to include our defined network. 

 

5.4 Chapter 5 

The goal of epilepsy monitoring is to identify the epileptogenic zone, the site of 

primary organisation of ictal activity so that a surgical pathway is feasible along 

with consideration into deficits and likely outcomes of such procedure. The 

analysis of intracranial monitoring is a subjective process based on the experience 

of clinicians and the attempted implantation of the patient. The objective analysis 

of neural activity during seizures offers another opinion on the localisation of 

epileptic activity. However, most of such programs that attempt to localise the EZ 

or even the surgical margins required operate in binary method. Grading sampling 

points as ‘within the EZ’ or required for surgical removal rather than considering 

each recording point in relation to the disease and its processes.   

 

Clinicians examine a vast array of recorded points to comprehend the processes 

that occur during a seizure and attempt to estimate the proximity of each 

recording point to the ictal generators. This view of the many is what is commonly 

under equated in a binary classifier where each recording point is considered 

equal to the epileptic process which is clearly an erroneous assumption. 

Furthermore, the visibility of the disease through intracranial monitoring is not 

taken into account by computer programs. If a recording electrode is simply 

distant from a true epileptic generator then the amplitude of biomarkers, the 

identifiable features of the disease, would be diminished and lead to false 

classifications.  

 

With some of the leading research into the localisation of the EZ still achieving 

high accuracy, we aimed to improve on the limitations of these studies. We 

hypothesised that with a ranking system the visibility of the disease could be 

accounted for while also improving the objective opinion of the EZ localisation as 

each recording point would be considered as part of the whole implantation not 

just as a standalone point. 
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We undertook this study in chapter 5 by attempting to localise the EZ in 20 

patients whom all were seizure free after surgical intervention. We utilised 

advanced signal processing to extract two biomarkers identified in Grinenko, et al. 

[125] and processed them in a novel method that removed the requirement for 

human marking of the features. The extracted features where then raised to set of 

exponential values to optimise the ranking performance based on the accuracy of 

other patient classifications. Combining the maximum involvement of each feature 

all sample points were ranked in terms of participation during each epileptic 

seizure. Through multiple seizures, the ranks were then averaged to produce the 

final rankings for localisation of the EZ. We then compared the ranks of each 

patient to their clinical assessments and surgical resections to form the accuracy, 

specificity and precision of the system.  

 

Our results placed our system in similar position in the landscape of EZ 

localisation to what our features were based on given the accuracy, precision and 

sensitivity. However, our objective was to remove human interference with the 

system and also improve the objective opinion of the system to match the clinical 

goal of EZ localisation. We certainly achieved this, by the use of a rank based 

outcome, where the each recording point could be understood with respect to its 

neighbours and the implantation as a whole. For an objective opinion this is far 

superior as individual points no-longer have a binary result due to a simple 

threshold but rather inform the clinical staff about the visibility of the disease. 

With this, implantations which do not directly sample, or are distant to the true 

EZ now have the potential to provide detailed information about the disease. 
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7 Supplementary Items 

Supplementary Item 1. Contralateral bicep curl MRCP incidence table 

  Frequency (Hz) 

Anatomy 
Patients/Unique 
Contacts/Contacts 0-2 2-4 

3.75-
5.91 

5.64-
7.98 

7.69-
10.2 

9.91-
12.7 

12.3-
15.3 

14.9-
18.1 

17.7-
21.2 

20.8-
24.5 

24.1-
28.2 

27.6-
32.1 

31.5-
36.3 

35.7-
40.9 

40.2-
45.8 

45.1-
51.2 

50.4-
57 

56.2-
63.3 

62.4-
70.1 

69.2-
77.5 

76.5-
85.5 

84.4-
94.1 

92.9-
104 

102-
114 

112-
125 

123-
136 

135-
149 

148-
163 

161-
178 

176-
195 

192-
212 

Orbitofrontal (Lateral) 16/200/385  0.8 1 1 2.3 2.6 1 2.1 1 5.5 6.5 4.2 2.1 1 0.8 1.3 0.3 0.3 0.3 0.3  0.3  0.3 0.5 0.8 0.3 0.3    
Planum Polare 12/151/256  3.5 5.9 5.9 14.8 11.3 6.6 2.3 3.1 2.7 2.3 2.7 0.8 1.6 0.8 1.6 1.6 1.6 1.6 0.8 1.2 0.8 1.2  0.4 0.8 0.4 0.4 0.4 0.4 0.8 

MTG 14/146/276 0.4 4.3 9.8 10.9 8.3 5.1 4.7 4.3 1.8 2.5 2.9 1.8 4 1.4 2.2 4.7 1.8 2.5 2.9 1.8 1.1 1.4 1.8 1.4 1.1 1.4 1.8 1.1 1.1 1.1 1.1 
IFG 16/98/189 1.1 2.6 2.6 5.8 5.8 6.3 8.5 5.8 4.2 3.7 3.2 2.6 1.1 1.1 0.5 1.1 0.5  0.5  1.1  0.5 0.5 0.5  0.5 0.5 1.1 1.1 1.1 

MFG 11/96/136 0.7 2.9 2.9 4.4 7.4 11.8 10.3 7.4 10.3 8.1 2.2 3.7 0.7 0.7 0.7 2.2 1.5 0.7          0.7    
Frontal Operculum 15/84/185  1.1 1.6 4.9 5.4 5.4 8.6 4.9 2.7 3.2 2.7 3.2 1.6  1.1 2.7    0.5            
Anterior Cingulate 12/78/142   1.4 2.8 4.9 4.2 2.8 0.7 0.7 1.4  2.1 0.7 1.4                  
ASG 16/71/139  0.7 1.4 0.7 5 4.3 3.6 6.5 5 3.6 2.9 1.4 2.9 0.7  1.4 0.7 0.7              
Amygdala 13/69/141  0.7 5 7.8 10.6 3.5 5.7 2.8 2.1 2.1 1.4 0.7  1.4 0.7    0.7             
Gyrus Rectus 16/65/131  1.5 5.3 7.6 6.9 6.9 6.9 1.5 4.6 4.6 5.3 4.6 5.3  0.8 0.8 1.5 1.5              
SFG 11/64/116  0.9 2.6 0.9 3.4 1.7 4.3 5.2 3.4 1.7  5.2 3.4 4.3 1.7 0.9 1.7 0.9 0.9             
SMG 10/58/120 2.5 8.3 5.8 4.2 15.8 9.2 5.8 6.7 2.5 9.2 1.7 1.7    1.7 0.8           0.8  0.8 0.8 
Hippocampus 9/42/85  2.4 4.7 5.9 3.5 3.5   1.2  1.2                     
Fusiform 5/41/106 0.9 11.3 10.4 6.6 11.3 17.9 12.3 12.3 11.3 1.9 1.9 2.8  1.9   0.9               
STG 9/40/84  10.7 16.7 15.5 21.4 9.5 8.3 14.3 9.5 2.4 3.6 4.8 2.4 2.4 3.6 4.8 2.4 2.4 4.8 3.6 3.6 3.6 2.4 2.4 1.2 2.4 3.6 2.4 2.4 2.4 2.4 
ITG 6/39/94  5.3 11.7 6.4 2.1 2.1 3.2 7.4 4.3 3.2 1.1  3.2                   
Area 8 8/36/68  2.9 1.5 2.9 11.8 1.5 2.9 5.9 4.4       1.5  5.9             1.5 

Fronto 5/34/68    2.9 1.5 1.5 5.9 5.9  1.5 5.9 4.4 2.9 4.4 7.4  5.9 4.4 2.9 1.5 1.5 2.9 1.5 1.5  1.5 1.5 2.9 1.5 1.5  
ALG 11/33/72   2.8 1.4 1.4  1.4  1.4 1.4 2.8 5.6 1.4 4.2 1.4    1.4             
Posterior Cingulate 10/33/75   5.3 9.3 10.7 12 5.3 5.3 4 4 2.7  4 1.3      1.3            
Precuneus 7/32/63  1.6 9.5 15.9 23.8 20.6 14.3 9.5 11.1 3.2 1.6 4.8     1.6               
Frontal Pole (Dorsal) 3/30/48     2.1  4.2 2.1 2.1 2.1 2.1      2.1               
PHG 5/27/66  1.5 1.5 1.5  7.6 4.5 1.5 1.5 1.5 1.5  1.5                   
SMA 7/23/44     4.5  2.3 6.8 4.5 6.8 9.1 2.3 4.5 6.8                  
Parietal Operculum (SS2) 3/21/77  3.9 1.3 5.2 7.8  2.6 9.1 6.5 2.6 6.5 5.2 5.2 6.5 3.9 5.2 3.9 3.9 5.2 1.3 1.3 1.3 3.9 6.5 2.6 1.3 2.6 1.3  2.6  
PreSMA 5/21/42  2.4  2.4 11.9 11.9 4.8 14.3 14.3 2.4 7.1 2.4 2.4 2.4   2.4               
M1 2/19/66  3  1.5 1.5  15.2 19.7 10.6 6.1 16.7 31.8 31.8 25.8 18.2 15.2 1.5 6.1 4.5 4.5 1.5 1.5 1.5         
SPL 3/18/29     6.9 10.3 3.4 3.4     3.4                   
Entorhinal 3/15/25  4  4 4 4 8  4  4                     
Heschl (Lateral) 4/15/33  3 3 27.3 15.2 6.1 9.1 12.1 3  6.1 9.1 3 12.1 18.2 3  3 3 3 6.1  9.1 6.1 6.1  3 3    
Planum Temporale 3/13/41  7.3 12.2 7.3 24.4 29.3 2.4 4.9 19.5 9.8  4.9  2.4   2.4    2.4  2.4 7.3 2.4       
IPS 5/12/28 3.6 7.1 3.6  17.9 14.3 10.7 7.1 3.6                       
Lingula Infracalcarine 1/11/22  22.7 18.2 27.3 59.1 36.4 18.2 31.8 13.6 13.6 13.6 9.1 9.1 18.2 4.5                 
Collateral Sulcus 6/10/18   11.1  22.2 16.7 16.7 5.6 5.6 5.6  5.6                    
S1 4/8/19  5.3 5.3   5.3 5.3 10.5   21.1 26.3 26.3 26.3 15.8 10.5                
Plie de Passage 1/7/7                                
Angular Gyrus 1/5/20     10 5  5   5 5     5 5 5 5 5 5 5 5 5       
Claustrum 4/5/10   10         10   10                 
Precentral Sulcus 2/5/11          9.1 27.3 9.1                    
Cuneus 1/4/16                                
Corpus Callosum 2/4/6     16.7 16.7 33.3                         
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Supplementary Item 2. Ipsilateral bicep curl MRCP incidence 

  Frequency (Hz) 

Anatomy 

Patients/ 
Unique 
Contacts/ 
Contacts 0-2 2-4 

3.75-
5.91 

5.64-
7.98 

7.69-
10.2 

9.91-
12.7 

12.3-
15.3 

14.9-
18.1 

17.7-
21.2 

20.8-
24.5 

24.1-
28.2 

27.6-
32.1 

31.5-
36.3 

35.7-
40.9 

40.2-
45.8 

45.1-
51.2 

50.4-
57 

56.2-
63.3 

62.4-
70.1 

69.2-
77.5 

76.5-
85.5 

84.4-
94.1 

92.9-
104 

102-
114 

112-
125 

123-
136 

135-
149 

148-
163 

161-
178 

176-
195 

192-
212 

Orbitofrontal (Lateral) 16/200/385  2.1 2.3 1.6 1.8 3.1 2.3 2.3 3.6 4.7 4.9 4.2 2.3 1.6 1.3 1 0.5  0.3 0.3 0.5 0.3 0.3 0.3 0.3 0.5 0.5 0.3 0.3 0.3  
Planum Polare 12/151/256  3.1 7 11.3 18.8 15.2 9 6.6 7.4 3.1 4.7 2.3 1.2 0.4 0.4 2.3 2 1.2 1.6 1.2 1.2 0.8 1.2 1.2 0.8 0.8 0.8 0.8 0.8 0.8 0.8 

MTG 14/146/276  7.6 8 12.3 11.2 10.1 7.6 3.6 4.7 3.6 3.6 2.9 2.5 3.6 2.2 1.8 2.5 2.2 2.9 3.3 1.4 1.8 1.8 1.8 1.1 1.8 1.8 1.8 2.2 2.2 1.8 
IFG 16/98/189  2.1 3.7 10.6 8.5 9.5 11.1 7.9 1.6 4.8 7.4 3.2 2.6 2.6 2.6 1.6 0.5 0.5 0.5 0.5 1.1 1.6  0.5 1.6 1.1 1.1 0.5 0.5 0.5 0.5 

MFG 11/96/136  5.1 6.6 7.4 11 11 11.8 9.6 5.1 4.4 2.9 3.7 2.2 1.5 0.7 2.2 2.2 1.5 0.7 0.7 0.7           
Frontal Operculum 15/84/185  1.1 3.2 4.3 6.5 6.5 8.6 11.4 3.8 4.9 2.2 3.2 3.2  0.5 1.1  1.1             0.5 
Anterior Cingulate 12/78/142   1.4 1.4 4.9 7 1.4 2.8 3.5 2.1 2.8 1.4 1.4    0.7               
ASG 16/71/139   1.4 2.2 2.2 2.9 3.6 3.6 2.2 5 4.3  2.2 0.7                  
Amygdala 13/69/141  1.4 3.5 8.5 11.3 7.8 7.1 5 5 2.1 3.5 0.7 0.7 1.4                  
Gyrus Rectus 16/65/131  6.1 6.1 10.7 6.1 12.2 4.6 5.3 6.9 3.8 5.3 3.1 4.6 2.3 2.3 1.5  0.8 0.8             
SFG 11/64/116  2.6 3.4 2.6 2.6 0.9 5.2 9.5 6 2.6  2.6 1.7 0.9  0.9 1.7 0.9 3.4 0.9            
SMG 10/58/120  5 9.2 15 13.3 8.3 3.3 4.2 6.7 2.5 5 0.8 0.8 1.7  0.8 0.8 0.8 0.8         0.8  0.8 0.8 
Hippocampus 9/42/85  3.5 12.9 10.6 12.9 10.6 9.4 10.6 7.1 4.7 2.4 2.4   2.4 2.4                
Fusiform 5/41/106  11.3 9.4 14.2 11.3 12.3 5.7 5.7 7.5 0.9 1.9 2.8 2.8   0.9                
STG 9/40/84  9.5 9.5 11.9 21.4 14.3 10.7 13.1 3.6 1.2 3.6 1.2 4.8 9.5 4.8 6 6 3.6 4.8 4.8 6 6 1.2 2.4 1.2 3.6 1.2 2.4 1.2 1.2  
ITG 6/39/94 1.1 4.3 6.4 10.6 5.3 6.4 5.3 5.3 9.6 4.3 7.4     1.1   1.1 1.1 1.1           
Area 8 8/36/68  1.5 5.9 8.8 10.3 4.4 8.8 14.7 4.4 8.8 4.4 2.9 2.9 4.4 2.9 2.9 8.8 5.9 4.4 2.9 1.5    1.5       
Fronto 5/34/68   1.5 10.3 16.2 2.9 7.4 11.8 2.9 2.9 1.5 4.4 1.5 4.4 8.8 7.4 4.4 5.9 4.4 4.4 4.4 4.4 4.4 4.4 2.9 2.9 2.9 1.5 2.9 2.9 2.9 
ALG 11/33/72   4.2 2.8 5.6 2.8  1.4  1.4 4.2 4.2 1.4 1.4 4.2 2.8 1.4 4.2 2.8 2.8  1.4          
Posterior Cingulate 10/33/75   5.3 13.3 9.3 10.7 6.7 1.3 1.3 2.7 4  2.7 1.3 2.7  1.3 2.7              
Precuneus 7/32/63  1.6 11.1 14.3 15.9 23.8 17.5 4.8 4.8 1.6 7.9 6.3 3.2 3.2 1.6 1.6 1.6  1.6   1.6          
Frontal Pole (Dorsal) 3/30/48     4.2 2.1 2.1   4.2 2.1 2.1 2.1 2.1 2.1 2.1                
PHG 5/27/66   3 4.5  13.6 1.5 7.6 3 1.5 3 4.5  1.5 3  1.5               
SMA 7/23/44     2.3 2.3 4.5 6.8 9.1 4.5 9.1 4.5 2.3 4.5 2.3 6.8 2.3 4.5 2.3 2.3            
Parietal Operculum (SS2) 3/21/77  6.5 7.8 2.6 9.1 2.6 7.8 10.4 3.9 1.3 1.3 5.2 5.2 2.6 6.5 5.2 2.6 6.5 3.9 2.6 2.6 2.6 9.1 5.2 3.9 2.6 1.3 1.3  1.3  
PreSMA 5/21/42    2.4 9.5 9.5 14.3 11.9 14.3 7.1 4.8     2.4                
M1 2/19/66  1.5 4.5 10.6 15.2 7.6 16.7 40.9 25.8 3 3 4.5 4.5 4.5 1.5 1.5 4.5 6.1 12.1 4.5 1.5           
SPL 3/18/29       3.4  6.9 3.4                      
Entorhinal 3/15/25   4  12 4 16 8 12 8 4 4 4  4                 
Heschl (Lateral) 4/15/33  6.1 21.2 12.1 12.1 9.1 6.1 9.1 6.1  6.1  9.1 15.2 9.1 3 3 3 3  3  3 12.1 6.1 3      
Planum Temporale 3/13/41  22 9.8 12.2 34.1 29.3 9.8 14.6 12.2 2.4 4.9  2.4  2.4 2.4      2.4 12.2 7.3 4.9       
IPS 5/12/28  3.6 10.7  17.9 17.9 7.1 7.1 7.1 7.1 3.6 7.1 3.6                   
Lingula Infracalcarine 1/11/22  31.8 22.7 18.2 36.4 4.5 13.6 13.6 4.5      4.5 4.5   4.5             
Collateral Sulcus 6/10/18   11.1 27.8 33.3 16.7 16.7  5.6  5.6 5.6   5.6                 
S1 4/8/19  15.8 15.8 5.3 10.5 31.6 26.3 21.1  5.3 5.3 5.3 10.5  5.3 10.5   5.3             
Plie de Passage 1/7/7                                
Angular Gyrus 1/5/20  10 20     5 5  5    5  5 5 5 5 5 5 5         
Claustrum 4/5/10  10   10 10  10                        
Precentral Sulcus 2/5/11          9.1                      
Cuneus 1/4/16      6.3     6.3                     
Corpus Callosum 2/4/6   33.3 33.3 33.3 33.3 16.7                         
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Supplementary Item 3. Contralateral book turn MRCP incidence 

  Frequency (Hz) 

Anatomy 

Patients/ 
Unique 
Contacts/ 
Contacts 0-2 2-4 

3.75-
5.91 

5.64-
7.98 

7.69-
10.2 

9.91-
12.7 

12.3-
15.3 

14.9-
18.1 

17.7-
21.2 

20.8-
24.5 

24.1-
28.2 

27.6-
32.1 

31.5-
36.3 

35.7-
40.9 

40.2-
45.8 

45.1-
51.2 

50.4-
57 

56.2-
63.3 

62.4-
70.1 

69.2-
77.5 

76.5-
85.5 

84.4-
94.1 

92.9-
104 

102-
114 

112-
125 

123-
136 

135-
149 

148-
163 

161-
178 

176-
195 

192-
212 

Orbitofrontal (Lateral) 16/200/385 0.3 5.2 4.2 3.1 5.7 2.1 2.1 0.5 1.6 0.3 1.6 1    0.3 0.3               
Planum Polare 12/151/256 0.4 0.8 3.1 4.3 6.3 3.9 2 2.7  1.6 0.8 0.4  0.8 0.8 0.4 0.4 0.8 0.4 0.4 0.4   0.4 0.8 0.4 0.4 0.4  0.4  
MTG 14/146/276 1.4 4 6.9 8 8 5.4 2.9 1.1 0.4 0.4 0.7 0.7 0.4 0.4 0.4 0.4 1.1 1.1 1.1 0.4 0.4 0.4 0.4 0.7 1.4 0.7 1.4 1.1 1.4 0.7 0.7 

IFG 16/98/189  2.6 4.2 9 8.5 4.8 1.1 1.1 1.1 0.5 0.5 1.1     0.5  0.5       0.5 0.5  0.5 0.5 0.5 
MFG 11/96/136  5.9 6.6 8.1 8.1 11 5.9 2.9 0.7  1.5  0.7                   
Frontal Operculum 15/84/185 0.5  2.7 7 7 3.8 2.7 0.5 0.5  1.6     0.5 0.5               
Anterior Cingulate 12/78/142 0.7 0.7 3.5 2.1 2.1 2.1 1.4  1.4   2.1        0.7            
ASG 16/71/139  1.4 2.9 5.8 2.9 0.7 1.4 0.7 2.2 2.9      0.7                
Amygdala 13/69/141  2.8 3.5 5 2.8 2.1 1.4 0.7                        
Gyrus Rectus 16/65/131  13 12.2 9.9 6.1 2.3 1.5   0.8         0.8             
SFG 11/64/116  1.7 1.7 2.6 4.3 5.2 6.9 3.4 3.4 2.6    1.7 0.9    0.9             
SMG 10/58/120  5.8 8.3 13.3 11.7 5.8  4.2          0.8  0.8          0.8  
Hippocampus 9/42/85  3.5 7.1 4.7 1.2                           
Fusiform 5/41/106  7.5 4.7 3.8 3.8 2.8 1.9 0.9 0.9 1.9 0.9                     
STG 9/40/84  2.4 14.3 14.3 16.7 7.1 6 3.6 1.2   1.2    2.4    2.4   1.2 1.2       1.2 

ITG 6/39/94  5.3 4.3 1.1 2.1 2.1 4.3              1.1    1.1 1.1 1.1   1.1  
Area 8 8/36/68   1.5 1.5 2.9  2.9 1.5 2.9 1.5                   1.5   
Fronto 5/34/68    1.5 8.8 1.5  2.9 4.4 1.5 1.5 1.5         1.5  1.5 2.9 1.5 1.5 1.5 2.9 1.5 2.9 1.5 

ALG 11/33/72   1.4 2.8 1.4  1.4                         
Posterior Cingulate 10/33/75   6.7 5.3 8 5.3 2.7                         
Precuneus 7/32/63   3.2 3.2 6.3 7.9 4.8 1.6                        
Frontal Pole (Dorsal) 3/30/48   2.1 2.1 6.3 2.1 2.1                         
PHG 5/27/66  3 9.1 9.1 7.6 1.5  1.5                        
SMA 7/23/44  4.5     2.3 6.8 4.5                       
Parietal Operculum (SS2) 3/21/77   1.3 2.6 1.3    1.3  1.3 2.6 1.3     1.3 1.3  1.3 1.3 2.6 2.6        
PreSMA 5/21/42   7.1 2.4  2.4 4.8                         
M1 2/19/66  4.5 6.1 1.5 7.6 13.6 39.4 36.4 24.2 18.2 4.5 3 1.5 3 1.5 1.5  1.5 16.7 10.6 4.5   3 1.5 3 1.5 1.5    
SPL 3/18/29  6.9                              
Entorhinal 3/15/25  8 4  4 4 8                         
Heschl (Lateral) 4/15/33 3 3 9.1 24.2 21.2 3  3     3 3 3  3    3   3 3 3      
Planum Temporale 3/13/41  2.4 4.9 4.9 2.4 14.6 7.3  4.9       9.8                
IPS 5/12/28   3.6  3.6                           
Lingula Infracalcarine 1/11/22              4.5                  
Collateral Sulcus 6/10/18   16.7 11.1 11.1 22.2 11.1                         
S1 4/8/19  10.5 5.3 10.5 21.1 26.3 31.6 42.1 10.5 5.3 10.5 5.3   5.3 21.1 15.8 10.5 10.5             
Plie de Passage 1/7/7                                
Angular Gyrus 1/5/20  20 5                   5   5       
Claustrum 4/5/10    10 10 10       10                   
Precentral Sulcus 2/5/11           18.2                     
Cuneus 1/4/16                                
Corpus Callosum 2/4/6   16.7 16.7   16.7                         
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Supplementary Item 4. Ipsilateral book turn MRCP incidence 

  Frequency (Hz) 

Anatomy 

Patients/ 
Unique 
Contacts/ 
Contacts 0-2 2-4 

3.75-
5.91 

5.64-
7.98 

7.69-
10.2 

9.91-
12.7 

12.3-
15.3 

14.9-
18.1 

17.7-
21.2 

20.8-
24.5 

24.1-
28.2 

27.6-
32.1 

31.5-
36.3 

35.7-
40.9 

40.2-
45.8 

45.1-
51.2 

50.4-
57 

56.2-
63.3 

62.4-
70.1 

69.2-
77.5 

76.5-
85.5 

84.4-
94.1 

92.9-
104 

102-
114 

112-
125 

123-
136 

135-
149 

148-
163 

161-
178 

176-
195 

192-
212 

Orbitofrontal (Lateral) 16/200/385 0.5 2.9 2.3 2.9 1.8 1 0.3 0.5  0.5 0.8 0.3 1 0.3 0.5                 
Planum Polare 12/151/256  0.8 3.1 5.1 8.6 9.4 3.1 3.1 0.8 0.8 1.6 0.4 1.2 0.4 0.8  0.8 0.8 0.8 0.4 0.8 0.4 0.8  0.4 0.8  0.4 0.8 0.4 0.8 

MTG 14/146/276 0.4 3.3 9.1 3.6 5.4 5.1 1.8 1.4 0.7  0.4 0.4  0.4 0.7 0.7 1.1 1.1 0.7 0.7 0.7 0.7 1.1 0.7 0.7 0.7 1.1 1.1 1.1 0.7 1.1 

IFG 16/98/189  3.7 4.2 4.2 6.3 6.3 3.2 1.1 1.1 0.5  0.5 0.5   1.1                
MFG 11/96/136  5.9 5.1 7.4 8.1 9.6 9.6 1.5 0.7  0.7   0.7                  
Frontal Operculum 15/84/185  0.5 1.1 4.3 7 2.7 5.4  1.1 1.1  1.1     0.5           0.5   0.5 

Anterior Cingulate 12/78/142   4.2 3.5 2.8 2.8 1.4 1.4 0.7 1.4                      
ASG 16/71/139  3.6 3.6 5 4.3 3.6 1.4 0.7 3.6 2.2 1.4                     
Amygdala 13/69/141 0.7 2.8 4.3 4.3 2.8 2.1 0.7   0.7 0.7                     
Gyrus Rectus 16/65/131 0.8 8.4 11.5 6.9 4.6 4.6  0.8  0.8 1.5 0.8                    
SFG 11/64/116  2.6 2.6 1.7 2.6   0.9 1.7 0.9                      
SMG 10/58/120  8.3 7.5 6.7 6.7 2.5 0.8 2.5 0.8         0.8          0.8 0.8   
Hippocampus 9/42/85  2.4 4.7 3.5 4.7     1.2                      
Fusiform 5/41/106  3.8 1.9 3.8 3.8 1.9                          
STG 9/40/84 1.2 6 6 9.5 17.9 17.9 13.1 3.6   1.2 2.4  1.2 2.4 6  1.2 1.2  1.2 1.2 1.2 1.2  1.2      
ITG 6/39/94 2.1 4.3 8.5 11.7 6.4 5.3 3.2 6.4  1.1                      
Area 8 8/36/68    1.5      1.5     1.5 1.5               1.5 

Fronto 5/34/68   2.9  5.9 1.5 1.5 2.9         1.5  1.5  1.5   1.5       1.5 

ALG 11/33/72    2.8 1.4  6.9  1.4 1.4   1.4                   
Posterior Cingulate 10/33/75  1.3 1.3 1.3 4 1.3      1.3                    
Precuneus 7/32/63  3.2   4.8 11.1 3.2 3.2 1.6  1.6     1.6                
Frontal Pole (Dorsal) 3/30/48  6.3 2.1 2.1 4.2 4.2                          
PHG 5/27/66  7.6 9.1 9.1 13.6 7.6 3 1.5 1.5  1.5 1.5 1.5 1.5  1.5                
SMA 7/23/44  2.3      4.5 13.6 4.5 2.3            2.3        2.3 

Parietal Operculum (SS2) 3/21/77     9.1 3.9 1.3  1.3  1.3    1.3 1.3 1.3 2.6  2.6  2.6 2.6 3.9 2.6   1.3    
PreSMA 5/21/42   4.8 2.4 2.4  2.4                         
M1 2/19/66        4.5 3 4.5  4.5 3                   
SPL 3/18/29     3.4  3.4                         
Entorhinal 3/15/25  20 16  8                           
Heschl (Lateral) 4/15/33  6.1 15.2 12.1 24.2 9.1 6.1      3  3                 
Planum Temporale 3/13/41  2.4 12.2 17.1 7.3 14.6                          
IPS 5/12/28    3.6   3.6                         
Lingula Infracalcarine 1/11/22                                
Collateral Sulcus 6/10/18  11.1 5.6 16.7 16.7 11.1 27.8 11.1                        
S1 4/8/19   5.3 5.3      5.3              5.3        
Plie de Passage 1/7/7     14.3 14.3                          
Angular Gyrus 1/5/20                      5  5        
Claustrum 4/5/10    10                            
Precentral Sulcus 2/5/11          9.1 18.2                     
Cuneus 1/4/16  12.5  12.5                            
Corpus Callosum 2/4/6    33.3 16.7                           
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Supplementary Item 5. Anatomical grouping and number of recording channels for automatic 
quantification of MRCP identification 

 

 

Supplementary Item 6. Lobar grouping and number of recording channels for automatic 
quantification of MRCP identification 
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Supplementary Item 7. Electrode implantation points for nocturnal movement patients (1 to 5) 
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Supplementary Item 8. Electrode implantation points for nocturnal movement patients (6 to 10) 
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Supplementary Item 9. Flowchart for patient exclusion for automatic detection of the epileptogenic 
zone 
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Supplementary Item 10. Report on sensitivity for the features used in the automatic detection of the 
epileptogenic zone 

Due to the computational demand on the processors only the first 10 seconds 
before each seizure and 30 seconds after were analysed. Although this itemisation 
is commonplace in most localisation methods examined, an extended pre-seizure 
time and some inter-ictal only periods in several patients, were examined to see if 
the results resembled the extraction and ranks found during their seizures.  
 
The example extraction given in Chapter 5, Figure 23b has the standard time 
period beginning 10 before and ending 30 seconds after seizure onset with 
overlaid MBFA and LFS features, duplicated below. 
 

 
 
The same channel is presented and a seizure with an extended pre-seizure time 
of 5 minutes with overlaid MBFA and LFS features. Interictal discharges prior to 
the seizure are clearly seen. 
 

 
This example clearly demonstrates the MBFA’s presentation is highly linked to 
seizure onset. Although the LFS has periods of strong suppression in the preceding 
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five minutes before the seizure it is clearly maximum immediately after the 
seizure onset. 
 
To examine the underlying metrics that the method extracts, namely the MBFA 
and LFS their normalised values are presented along with there synthesis. 

 
 
Similar to the bounding box in the previous image, the normalised MBFA metric 
(top plot) clearly distinguishes the onset time of the seizure. The LFS measure 
(middle plot) is far more variable prior to seizure onset compared to the MBFA 
feature, however the LFS measure performs as intended identifying periods 
immediately after onset as ‘in suppression’ and reduces rapidly as the seizure 
progresses. 
 
Raising both the features to the mean exponential values identified in the study 
and multiplying them together establishes the synthesis values (bottom plot). 
The synthesis values clearly identify the maximum value 3.5seconds after the 
marked clinical onset, with a value of 0.78, which is used to rank this channel as 
part of the EZ.  
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8 Statements of contribution 
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