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Abstract

Parkinson’s Disease is characterized by the loss of dopaminergic neurons in the substantia

nigra pars compacta (SNc). The SNc supplies the basal ganglia (BG) via dopaminergic projec-

tions which innervate D1 and D2 receptors that mediate motor control. The BG also mediates

cognitive processes and eye movement, parallel to its involvement in motor control. Behavioural

correlates of PD have been established from previous countermanding tasks and population neu-

ral activity has been shown to correlate with PD disease state, but a reliable means to find

patient-specific biomarkers of disease remains unknown. Here, we propose using eye movements

and electroencephalography (EEG) to capture neural correlates of dysfunction in PD. We have

developed a novel saccade-based stop-signal task in VR that probes the subject’s ability to re-

cruit the neural processes involved in action selection and response inhibition. We have tested

this system on 7 healthy subjects and verified that we could identify key signature changes in the

EEG profile during left and right saccade, countermand, and antisaccades similar to those found

in similar reach tasks. The successful completion of a countermand (revoking a planned action)

stop trial requires large synchronization of frontal theta and motor beta activity, representing the

BG-thalamocortical loop recruiting the necessary processes to inhibit motor responses. The pat-

tern in the event-related potentials that illustrates this is a strong event-related synchronization

(ERS) peak followed by an event-related desynchronization (ERD) dip, and increased weights

in the scalp topology at the frontal-parietal region. Since tasks involving response inhibition

serve to probe the subject’s ability to revoke a planned action, it does not matter whether the

task was completed using hand movements or saccades. Our ERP isolated from Independent

Component Analysis (ICA) resembles the ERP from previous literature, and exhibits increased

weights on the sensorimotor region with a narrow band beta. This narrow band beta range

is subject-specific and can be better visualized by using a modelling approach called FOOOF

(fitting oscillations one over f). Lastly, the increased decoding performance in each subject’s suc-

cessive recording session suggests that using subject-specific features positively biases the model

towards enhanced generalizability. Our experimental platform provides a robust framework that

accounts for trial-by-trial variability, and can capture the presence of and evoke beta oscillations

in healthy subjects.
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1 Chapter 1: Neuroengineering Correlates of Parkinson’s

Disease

Planning and executing controlled movements involves the precise coordination of multiple

circuits of the brain. Initiating such movements and planning the next involve a complex interplay

within and between different areas of the brain, such as the cerebellum in the timing and the basal

ganglia (BG) in the generation of movement. The BG adjust the amount of force associated with

each movement, and damage to the BG typically results in too much (involuntary) or too little

(rigidity) activation of movement1–3. The BG comprise of multiple large subcortical structures

located in the forebrain, diencephalon, and midbrain, as well as parallel circuits that modulate

the associative, motor, and limbic systems4.

The basal ganglia include the striatum (caudate, putamen, nucleus accumbens), the subtha-

lamic nucleus (STN), the globus pallidus (internal and external segment), and the substantia

nigra (pars compacta and pars reticulata)5. These subcortical structures can be categorized into

three main groups: the input nuclei, output nuclei, and intrinsic nuclei6. The input nuclei are

composed of the caudate, putamen, and nucleus accumbens, and receive information from the

cortex, thalamus, and nigral sources. The output nuclei send BG information to the thalamus

and are composed of the globus pallidus interna (GPi) and the substantia nigra pars reticulata

(SNr). The intrinsic nuclei are involved in relaying information between the input and output

nuclei, include the globus pallidus externa (GPe), STN, and the substantia nigra pars compacta

(SNc). The striatum and STN receive the majority of inputs from the cerebral cortex and tha-

lamic nuclei5,7. The output structures of the BG project GABAergically to the internal globus

pallidus, ventral pallidum, and the SNr.

1.1 Dysfunctional Thalamo-Cortico BG Loop From Loss of DA in SNc

Parkinson’s disease (PD) is characterized by loss of dopaminergic input from substantia nigra

pars compacta (SNc) to the basal ganglia (BG). The motor dysfunction in PD is thought to be

due to an imbalance between the direct and indirect pathways through the BG-thalamocortical

network that is normally mediated by D1 and D2 receptors8, respectively. Both pathways
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facilitate smooth motor control, and the disruption of the indirect pathway caused by PD may

result in rigidity and bradykinesia9.

1.2 Neuroengineering Manifestation of Dysfunctional Network

The resting state dynamics of the BG-thalamocortical network are altered in the parkinsonian

state, resulting in excessive synchronization of neural ensembles in the beta frequency range (13-

30 Hz)10,11. Pathological beta-range oscillations are detectable on the scalp above the motor

cortex12, directly on the motor cortex13, or during deep brain stimulation surgery from the

basal ganglia14. Decreased beta oscillatory power is associated with effective pharmacological

and surgical therapy15,16. Beta oscillations may be an important biomarker for disease diagnosis

and progression, for closed-loop/adaptive deep brain stimulation (DBS)15, and as a target for

neurofeedback training to induce adaptive plasticity in the dysfunctional network17,18. To reach

these findings, it is common for researchers to selectively choose oscillatory activity with Fourier-

based methods that consequently alter the finer temporal features related to disease19. Patients

at rest do not always exhibit abnormal beta oscillations, and conventional signal processing of

resting state cortical beta has failed to reliably identify PD12,13. In light of these findings, beta

oscillations have not been used reliably for clinical decisions, such as accurate DBS placement

or as a trigger for a closed-loop system15,20,21. We hypothesize that this may be in part due

to subject specificity in the range and shape of activity within the overall beta envelope. In

preparation for experiments to be done on PD patients, I tested a processing pipeline aimed

at elucidating subject-specific beta changes during movement on healthy subjects as a proof-of-

concept for future experiments to be done on PD patients. These findings will be reported later

in this thesis.

1.3 Secondary Features More Strongly Associated with Symptoms

Resting state beta oscillations are not sufficiently robust for identifying patient-specific pa-

rameters (e.g., frequency, location) nor making clinical decisions. However, beta oscillations

are modulated robustly by overt movements. Beta suppression is associated with initiation of

planned movements22, and beta rebound occurs at the termination of a movement23, or with
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stopping a pre-planned movement24. Beta activity has therefore been conceptualized as an idling

rhythm or promotor processing during the status quo25–27. The net inhibition of the BG resulting

from increased beta oscillations may permit more accurate choices during difficult decisions10,28.

Neuroengineering correlates captured from movement may be essential in the characterization of

movement related disorders like PD.

2 Chapter 2: Gaze and Subcortical Circuitry in Health

and Disease

2.1 Saccadic System and Parkinson’s Disease

Eye movements are convenient indicators of basal ganglia (BG) function and eye movement

abnormalities are common in Parkinson’s Disease (PD)29–33. The cortical and subcortical struc-

tures involved in the saccadic system require tight regulation in the BG-thalamocortical loop,

and degenerates gradually in PD due to decreased dopaminergic innervation from the substantia

nigra pars compacta (SNc)30,31,34,35. The saccadic system can be evaluated through tasks com-

pleted with prosaccades (saccades toward a target), antisaccades (saccades opposite to a cued

target), and cognitive tasks involving response inhibition (stop-signal task)36–39. Multiple per-

formance metrics of saccades (vigor, latency, corrections) appear to correlate with disease states

and various genetic parkinsonisms (PARK1, PARK2, PARK6, PARK9)32,33,40–42. Furthermore,

electrophysiology metrics derived from cognitive tasks completed with saccades can disentangle

various saccade types from unique characteristics in disease states30,43,44. The experimental

platform reported here uses eye-movements as the model motor system, with simultaneous elec-

troencephalography (EEG). I propose an analysis pipeline and use machine-learning classification

to demonstrate that several eye movement features can be faithfully reconstructed from the EEG

recordings. The intention is to have a platform that could identify behavioural abnormalities

in the parkinsonian state (ie: a PD patient off medication, or with DBS off) and also have the

sensitivity to identify the associated EEG abnormalities.
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2.1.1 Pathophysiology of Oculomotor Control in PD

The caudate nucleus (CN), STN, substantia nigra pars reticulata (SNr), GPe, and GPi are

all major components of the basal ganglia involved in modulating saccadic activity2,30,34,45,46.

These structures in the basal ganglia receive input from the impaired SNc in PD patients, which

limits and dysregulates the SNr inhibition of the superior colliculus. This mechanism results in

a reliable correlation between the progression of the parkinsonian disease state and the integrity

of the saccadic system30. A common medication used to address the depletion of dopamine is a

combination therapy of levodopa/carbidopa47,48, which is adjusted to balance symptom control

with side effects. Dopaminergic therapy can affect the saccadic and motor systems in different

ways, since the two interrelated systems both rely on BG output. It is important to note,

however, that there is ample evidence that PD is a multi-system disorder with the involvement

of several brain regions and neurotransmitter pathways other than dopamine49–52.

Saccade recordings can provide strong clinical applications for probing oculomotor control of

the BG. The assertion is supported by a number of saccade studies clarifying the oculomotor

deficits in PD, such as hypometria of visually and memory guided saccades, saccadic intrusions,

fixation deficits, and impaired combined eye-head tracking52–56. Increased inhibition of the supe-

rior colliculus (SC) typically correlates with hypometric voluntary saccades, and the dysfunction

from frontal BG-SC circuits may cause reduced preoculomotor drive49,52,57. Reflexive saccade

latency should be unaffected in PD because reflexive saccades are typically generated by direct

projections from the parietal cortex onto the SC. However, impaired inhibition of reflexive sac-

cades in PD would provide insight into executive function via antisaccade or countermanding

tasks. The antisaccade task paradigm stresses the neural pathways responsible for volitional

control and selection, and the STN in the BG-thalamocortical network assures that the increase

in probability of one action is facilitated with the decrease in probability of other available op-

tions58. In addition, errors in antisaccades were shown to be related to freezing of gait (FOG),

and increased latency was associated with impaired postural control29,32,59,60. Thus, saccade-

based experiments could potentially be used to identify and research FOG, which is an important

clinical manifestation of PD that has eluded effective therapy61–64.
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2.1.2 Gait and Gaze Network Connectivity

The pathophysiology involved in the FOG has been correlated to frontoparietal and striatal

dysfunctions60,65,66. Although the behavioural capacities from the cortex and cerebellum could

be affected in PD, the mechanism of the BG’s dysregulation in fine motor control may be more rel-

evant to FOG in PD. During periods of rest, the GPi and SNr provide tonic GABAergic inhibitory

signals over the mesencephalic locomotor region (MLR), pedunculopontine nucleus (PPN), and

cuneiform nucleus brainstem structures that control and initiate gait65,67,68. The MLR, PPN,

and the cuneiform nucleus are also involved in saccade preparation and initiation56,69,70. There

is evidence suggesting the functional overlap of these nuclei in their involvement with saccade

and locomotion63,65,69,71,72, and the convergence of saccade and limbic signals on single PPN

neurons69.

PD patients with altered connectivity between PPN and frontal regions were likely to present

with FOG and antisaccade errors60,61,64. Assessing saccades is much simpler than FOG, because

of their rapid and ballistic nature, as well as the capability of invoking them in a controlled en-

vironment. Compared to prosaccades, antisaccades have stronger oscillatory beta characteristics

because antisaccades require driving signals to inhibit reflexive responses41. Further supporting

the connection between the neural pathways involved in antisaccade and FOG is the evidence

that the BG play important roles in effectively switching activity between competing yet compli-

mentary neural networks62,64. Saccade metrics require extensive population data to confidently

fit a patient’s score, but when coupled with electrophysiology, a clearer link between saccades

and pathological oscillations can be drawn. We discuss this in greater detail in our experimental

design to bring together oculomotor and neural oscillatory data.

2.2 Proposed Saccade-based Stop Signal Task

Modern non-invasive eye-tracking technology features high temporal resolution and addresses

its pitfalls (need for head immobilization and errors in pupil tracking) when compared to scleral

search coil systems by utilizing advanced algorithms for eye modeling and wearable technol-

ogy29,73. Robust gaze tracking not only expands the utility of PD behavioural tasks when hand-

motor movements are unreliable, but also provides accessibility to a wealth of pupillary candidate
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biomarkers. For example, pupil reactivity has been shown to be impaired in PD patients74–76,

with pupil modulation being a correlative indicator of task type (prosaccade vs. antisaccade)

and cognition32,41,76. As an alternative to overt arm movements, saccadic eye movements might

be able to modulate beta oscillations. Compared to arm movements, saccadic eye movements are

simple ballistic events that are easily quantified and similarly to arm movements, PD patients

demonstrate saccade deficits in a probabilistic Go/NoGo (Stop) task and an anti-movement (ie:

anti-saccade) task31,32,44.

The stop signal task is the gold standard for measuring motor response inhibition36,37,77–82.

Capturing the activation of motor BG pathways using the stop signal task was previously demon-

strated on various signal modalities: such as electroencephalography (EEG)37,78,79, and intra-

operatively from the STN39,80,81,83. Intraoperative signals from the STN was also capable of

capturing the activation of the hyperdirect pathway during BG activation78. The executive top-

down inhibitory control of action-stopping involved in this task was shown to activate neural

pathways analogous to ones in unexpected stopping, such as from unexpected sounds84, even

though the latter does not involve an explicit instruction to engage inhibitory control85. This as-

sertion is reflected by previous studies showing unexpected events lead to slowed motor responses

and elicit morphologically similar N2/P3 complexes as the ones elicited by stop signals86–88. The

N2/P3 complex pattern is a event-related potential (ERP) where there is a deflection 200 ms

after a stimulus (N2), and a subsequent deflection towards the opposite polarity immediately

after, within 300 ms from the stimulus onset (P3). Furthermore, ICA applied to EEG recordings

from subjects that performed both the stop signal task and tasks involving unexpected events

suggests that both ERP complexes share a common underlying neural generator80,88. In the

following chapters we outline in detail how ERP complexes measured in our novel saccade task

can capture these characteristics without the involvement of hand-motor responses.

A robust experimental paradigm to reliably investigate novel and existing neural correlates

of PD disease states is required. We propose a combined EEG-virtual reality (VR) based experi-

mental platform, validate its reliability for research through extensive timing tests, and reproduce

results of previous psychophysics tasks by using a custom analysis pipeline capable of real-time

feedback.
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3 Chapter 3: Description of Experiment

3.1 Sample Size

Seven healthy volunteers participated in the EEG study, and one PD patient participated in

the intracranial study during DBS surgery.

3.2 Task Platform Outcomes

Saccade-based tasks can modulate neural oscillations in the BG thalamocortical network, and

it is hypothesized that the recorded neural activity can be used for analysis with pathological

oscillations recorded during the resting state. EEG and eye-tracking were used to measure

parameters from currently known neural correlates of saccade in Parkinson’s Disease29–33.

Consistent failure to maintain fixation was an indicator of PD32. We have tested this system

in healthy participants and have established an analysis pipeline to identify neural correlates of

saccadic performance (see Chapter 3). Specifically, common spatial patterns (CSP) will iden-

tify neural signals that discriminate Go vs Stop trials and future applications in successful vs

unsuccessful stopping89.

3.3 Data Collection

At the beginning of the session, the participant’s head was measured to determine the correct

placement of the EEG cap based on standard guidelines (international 10-20 system)90. For

example, measuring the midpoint between the nasion and inion shows the position of CZ, which

marks the centre of the scalp. The reference electrode was placed on the patient’s mastoid

process and secured by medical tape. Electrode gel was carefully applied via the wells of each

electrode, and the application process continued until every electrode had a recorded impedance

of less than 5 kΩ.

Participants donned a head-mounted virtual reality display with built-in eye tracker. After

a brief eye-tracking calibration period, participants were asked to perform a stop signal task

with prosaccade or antisaccade cues (Figure 1). In each trial, participants were instructed to

maintain gaze on a central fixation point through cue and target presentations until cued to
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make a prosaccade towards or antisaccade away from a target.

3.3.1 Lab Streaming Layer

The lab streaming layer (LSL) is a system for the unified collection of measurement time series

in research experiments that handles both the networking, time-synchronization, and centralized

collection and recording of the data91. LSL has been used in EEG-BCI experiments for its

near-real-time data access for feedback92,93. This experimental platform uses tools built on top

of the LSL library: LabRecorder provides the list of available sources and records to disk, and

LSL software required for interfacing with the acquisition hardware described in the subsequent

sections (EEG, Pupil-Labs Eye-Tracking, Unity3D, OpenVR).

3.3.2 Virtual Reality for Research

Virtual Reality (VR) is a computer-simulated environment that provides an immersive envi-

ronment for the user. VR is capable of stimulating many senses that traditional user interfaces

cannot94,95, such as combinations of vision, hearing, touch and sometimes even smell94. Recently,

VR has been advantageous for many areas of medicine, such as medical training and therapy

for physicians and patients94, and brain-computer interface (BCI) research. This is because of

its flexibility in manipulating virtual environments (i.e.: placing the subject in inaccessible loca-

tions), low latency in processing events (switching states without breaking immersion), and high

fidelity in the presentation and processing of visual information. Due to the high computational

demands of VR and various signal or interfacing sources in neurophysiology (eye-tracking), it

is uncertain whether these tools are robust enough in temporal precision and in supporting a

neurophysiology experimental platform.

3.3.3 Platform Reliability Design

The suggested experimental platform requires low latency and jitter to capture important

details and to obtain high confidence for determining causation of meaningful events, such as

measuring electrophysiological responses to different sensory stimuli. Task designs like these

typically present a sequence of visual and auditory events. It is important to determine when

the events occur, when the subject responds, when the neurophysiological events occur, and
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Figure 1: Task schematic for the Stop Signal Task with cued prosaccade and antisaccade. The
typical trial would follow the phases: fixation, cue, retention, imperative, feedback. The impera-
tive phase was when the fixation disappeared (and simultaneously a target appearing), indicating
the subject to make a saccade based on the cue’s task condition (prosaccade or antisaccade).
In a small number of trials, a red stop cue would appear very shortly after the fixation point
disappeared, prompting the subject to withhold their planned saccade and maintain central fix-
ation. The cued target scenario was the same as the typical phase, but with the target displayed
throughout the entire trial. This scenario would be the easiest and was the control, because
the target location was revealed and the subject would have to wait until imperative to make a
saccade.

whether these occurrences are consistent. Although the goal is to minimize latency and jitter,

the minimum requirements are elucidated from previous evoked potential EEG studies: visual

evoked potentials are thought to occur at a mean latency of 100 ms96–98, and auditory evoked

potentials vary based on the propagation of related brain regions. These include the late cortical

auditory evoked potentials (range between 50-500 ms99), and the objective predictor N1-P2

complex (at approximately 100 ms100). More details are outlined in the appendix of this thesis.

3.4 Proposed Stop Signal Task with Prosaccade, Antisaccade, and Sus-

tained Cued Saccades

At the beginning of each trial, the gating phase prevents trial progression until the subject

maintains fixation on the fixation point for more than 400 ms. The subsequent cue state tran-

siently changes the colour of the fixation point to either green or blue for 800 ms, instructing
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the subject to prepare for either a prosaccade or antisaccade when the fixation point disappears.

After the cue phase ends, the fixation point was restored to a neutral colour and a variable delay

period followed, from 600 ms to 1400 ms. The imperative phase followed the variable delay

period, and the fixation point relocated to either the left or right to prompt the subject to make

a saccade toward or away from it. A Stop trial occurred on 20% of trials, where a red fixation

point would appear shortly after the imperative phase to instruct the subject to interrupt their

planned saccade and maintain central fixation. The stop signal delay (SSD) was the metric for

the delay until the red fixation point appears, and the SSD would adjust in a stepwise manner

± 22 ms depending on the subject’s performance. This dynamic adjustment was intended to

reinforce subject immersion throughout the experiment, increasing the difficulty of the stop trials

by providing less time for the subjects to cancel their planned movement. The difficulty of the

task was important to elicit a strong inhibitory response.

The participants were informed that cued trials could never result in a stop trial. During

this trial, a target appears during the cued phase and remains visible until the central fixation

point disappears. These cued trials were used to probe for motor planning, and could be used

to isolate positional and eye movement artifacts if necessary.

4 Chapter 4: Analysis Methods Literature

4.1 EEG Equipment

Continuous EEG was DC-recorded using the g-Tec USBamp DC amplifier LSL software. The

sampling rate was 500 Hz with 16-bit resolution, and the EEG was digitally bandpass filtered

0.1 Hz to 60 Hz.

All electrodes were online referenced at CZ and grounded at the subject’s mastoid process.

Electrode impedance was kept below 5 kΩ.

4.2 EEG Pre-processing and Filtering

Filtering signals helps to facilitate the extraction of relevant biophysical signals, and using

filters properly can prevent the occurrence of signal distortions. The first step of pre-processing
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usually involves applying a common average reference (CAR). CAR is computationally simple

and can eliminate uncorrelated random noise with zero mean, for example thermal noise. Previ-

ous EEG research had shown that CAR is beneficial at identifying small signal sources in very

noisy recordings101 and operates by computing the average of all recordings on every electrode

site and uses them as a reference. The result would yield the signal/noise that was common to

all sites (60 Hz noise). The subsequent filtering procedures are ubiquitous in electrophysiology

research, but choosing the correct filter design and parameters can prevent poor signal-to-noise

ratio and the introduction of artifacts that affect the interpretation of the results102. The fi-

nite impulse response (FIR) filter is a high fidelity and stable filter, and accepts an additional

parameter called the roll-off. The roll-off is the slope of the magnitude response between the

pass-band and stop-band (transition band)102. Steep roll-off parameters can separate signal and

noise components in adjacent frequency bands better than wider parameters, but can potentially

produce stronger signal distortions and worse smearing and artifacts102. Low frequency noise is

the most common source of noise in electrophysiological recordings, and steep roll-offs are often

required for high-pass filtering.

The NeuroPype pre-processing meta-node first imported the XDF file and checked the in-

tegrity of the time-stamps and data structure (EEG channels and their location). The data was

re-referenced using the CAR technique. An FIR filter was used as a high-pass filter to remove

low noise frequencies, with 0.1 Hz and 0.5 Hz specified as the roll-off curve. The high-pass

filtered data was placed into an artifact removal node, designed to remove various kinds of high-

amplitude artifacts identified based on a specified threshold. This filter aided in the removal

of movement artifacts, such as blinking and muscle activity, and was capable of handling high

amplitude sensor glitches or electromagnetic interference.

4.3 Signal Processing and Feature Extraction

The signal processing pipeline was executed on a per subject basis for extracting subject-

specific beta peaks (Figure 2). The task modulating component from independent component

analysis (ICA) was manually determined based on topography and event related potentials (ERP)

that most closely resemble previous literature.
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Figure 2: Overview of process for retrieving subject specific beta peaks. The task modulating
component was manually selected per subject, and its spatial filter was applied to the session
timeseries. The power spectral density was computed from the timeseries, and FOOOF modelling
was fitted. After subtraction of the aperiodic component, the periodic components could be
visualized through peaks, and automatically extracted via code.

4.3.1 Event Related Potentials

Event-related potentials are EEG changes to specific events or stimuli time-locked to sensory,

motor, or cognitive events, which represent the temporal signature of macroscopic electrical

activity103. ERPs reflect the summed activity of postsynaptic potentials produced when similarly

oriented cortical pyramidal neurons fire in synchrony104. ERPs generally provide information

about sensory and cognitive states in the brain, depending on the amplitude of the ERP and its

latency from stimulus onset.

The ERP was calculated for each subject to ensure that the novel experimental platform was

functioning as expected. Strong evoked potentials were expected to be identifiable during the

imperative phase if the event was processed with sufficient temporal precision. Each imperative

phase per trial always began with the disappearance of the fixation point, and a resulting ERP

would verify that biological signals were recorded in each session.

4.3.2 Independent Component Analysis

ICA is an established technique in EEG processing, primarily used in data decomposition

and identification of neural activity105. The main assumption is that the recording channels
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contain a mixture of independent source components. Thus, the overall goal of ICA is to infer

the independent factors (sources) using test observations (mixtures)106. It is important to note

that this algorithm, in the context of machine learning (discussed in subsequent sections), is

unsupervised (extracted components are unlabeled) and thus requires the researcher to manually

determine their neural component. The ICA paradigm of vector XεR:

X = AS (1)

where X can be expressed as a non-singular linear transformation of d mutually independent

latent factors S1, ..., Sd and A as the mixing matrix. Given that the sources are mutually inde-

pendent, ICA can be achieved from the source estimate matrix U by estimating the de-mixing

matrix W :

U = WX (2)

There are many ways to calculate the de-mixing matrix estimation, such as minimizing mutual

information or maximizing likelihood estimation107,108. One methodology that alleviates the

burden of tuning parameters (i.e.: violations of parametric statistics) and entropy is nonpara-

metric maximum likelihood:

log|detW |+ (
1

n
)

n∑
i=1

d∑
j=1

logfj(w
T
j xi) (3)

where W is estimated by maximizing the likelihood over all dxd matrices and univariate densities

f1, ..., fd of the latent factors. We used the python MNE toolbox which uses algorithms adapted

for neural signal processing applications109. The time complexity of this algorithm is O(n ∗m)

where n is the number of samples and m is the number of iterations. As the number of samples

collected increases, the amount of time required to complete this algorithm increases linearly.

4.3.3 Determination of Task Modulating Component using ICA

After ICA was computed for the source components on the continuous session recording, the

components were visualized in time-series time-locked to the imperative phase. The independent

component (IC) topologies that represent artifacts or non-neural features were excluded, and the
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component that contained the event-related synchronization or desynchronization (ERS/ERD)

features was kept (Figure 2). ERS or ERD were observations of increases or decreases in signal

amplitude in response to a particular stimulus, respectively. The N2/P3 complex introduced

previously was an example of two ERS and ERD events in quick succession of each other in

response to stimuli. If the IC contained ERS followed by ERD during the time-window of a

trial, then this IC may modulate with the task condition85,86. The continuous data session was

transformed with the IC of interest (as described above) for further analysis.

4.3.4 Fitting Oscillations and One Over F

Fitting Oscillations and One Over F (FOOOF) is a specialized modelling tool for parame-

terizing neural power spectra110. The power spectrum of a given segment of neural data can

be illustrated as a combination of two functional components: 1/f aperiodic component, and

oscillatory component. In PD the oscillations in the beta range (13-30Hz) have been shown

to be physiologically significant in representing the disease state3,10,12,14,19,20,27,37,111–116; how-

ever, due to the large range of the beta band, features identified in this manner may not always

accurately depict the pathological state.

FOOOF provides an automated approach for measuring the oscillatory contribution in the

provided power spectrum via identifying peaks characterized by their specific centre frequency,

power, and bandwidth. This involves the following successive reconstructions of the aperiodic

and periodic components. First, the initial aperiodic component was fitted on the given power

spectra, and then subtracted out to visualize peaks. Second, the periodic components were

determined by fitting gaussian functions to determine the locations of possible peaks. Lastly, the

peak functions were subtracted out of the initial power spectra to reconstruct the final aperiodic

curve. The variance and goodness-of-fit could be calculated by comparing the initial aperiodic

curve with the final aperiodic curve. Peaks identified in the beta range would show task-specific

narrow-band modulation. In addition, the aperiodic component may be utilized in across-session

comparisons, suggesting a subject-unique aperiodic component117. The time complexity of this

algorithm increases in a squared manner as the number of samples increases O(n2).

The FOOOF algorithm was applied to each subject’s task-related IC to compute a spectral

model for each subject as per the task conditions. The algorithm extracted probable peaks,
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represented by its centre frequency, broadband width, and power. After the subtraction of the

aperiodic component, the peaks could be better visualized and quantified (Figure 2).

4.4 Machine Learning and Classification

Machine learning uses predictive modeling to find unknown values, and identifies relationships

between the data that describe characteristics (features) and the values we want to predict

(labels). For example, consider

y = f([x1, x2, x3, ..., xn] (4)

where y represents the label we want to predict and x represents the features the model uses to

predict it. The overall goal is to train a model that performs some calculations to the x values

so that they produce result y. Machine learning has been used extensively in electrophysiology,

such as decoding the alphabet for typing118–120, decoding sleep disorders from sleep states121,

and so on.

In human neural data, two major problems for pattern recognition and machine learning are

the nonstationarity and inherent day-to-day variability of neural signals103, even when recorded

under seemingly identical experimental conditions. In addition, various thoughts, stresses, and

boredom may introduce task-unrelated neural activity that may contribute further to the vari-

ability of session recordings. Therefore, it is important to ensure that the trained model can

be generalized for adapting to future recordings while maintaining sensitivity for subject-specific

states. We propose that the above described FOOOF and ICA pipeline would yield powerful in-

dicators of subject-specific parameters, and the extracted subject-specific beta band would guide

the modeling process for prioritizing neural features related to response inhibition.

4.4.1 Common Spatial Patterns

Common Spatial Patterns (CSP) is a machine learning estimator comprising four progressive

stages of EEG processing: band-pass filtering, spatial filtering with the CSP algorithm, CSP

feature selection, and classification of the selected CSP features. The CSP algorithm was designed

to find spatial filters that maximize variance for one class and minimize variance for the other

class at the same time122–124. XH and XF denote the preprocessed EEG matrices under two
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different classes, with dimensions N x T, where N is the number of channels and T is the number

of samples per channel. Below is the normalized spatial covariance of the EEG:

RH =
XHX

T
H

trace(XHXT
H)

RF =
XFX

T
F

trace(XFXT
F )

(5)

XT is the transpose of X and trace(A) computes the sum of the diagonal elements of A.

The averaged normalized covariance RH and RF are calculated by averaging over all the trials

of each group. Below is the spatial covariance where U0 is the matrix of eigenvectors and Σ is

the diagonal matrix of eigenvalues:

R = RH +RF = U0ΣUT
0 (6)

Both conditions share common eigenvectors and the sum of the corresponding eigenvalues for

the two matrices will always be one:

ΣH + ΣF = I (7)

Transforming the EEG matrices onto the eigenvectors corresponding to the largest eigenvalues

in ΣH and ΣF is optimal for separating variance in the two signal matrices; the eigenvectors with

the largest eigenvalues for group H have the smallest eigenvalues for group F and vice versa.

Each trial was labeled as a Go or Stop trial, where Go includes trials containing the presence

of a saccade (prosaccade or antisaccade), and Stop for trials containing the stop signal. The

Go and Stop labels served as the two classes that CSP attempted to discriminate from the

trials. The output of CSP was a pair of spatial filters: one that maximizes the variance for

one class and minimizes variance for the other, and vice versa for the reverse condition. Spatial

patterns of the corresponding filters were visualized via topographical plots. These topologies

are visualizations of the constructed model and are important when analyzing the regions of the

scalp that contributed most to the model (source localization).

In this study, validating the placement of the weights was important to detect overfitting to

artefacts or noise. For example, the model could be fitted to the presence of a saccade, and

as a saccade detector this would have perfect classification accuracy for detecting Go vs Stop

trials. By having more weight towards the centre region of the scalp, and avoiding patterns most
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commonly associated with non-neural sources, the model can be influenced to detect features

coming from neural sources. Since the previous ICA and FOOOF pipeline revealed oscillatory

characteristics that contributed to the completion of this task, this narrow band was used to

guide the CSP to differentiate between the two task conditions properly.

4.4.2 Classification and Cross Validation

Classification is a form of machine learning in which a model is trained to predict the cat-

egory that an item belongs to. In supervised methods, the dataset can be partitioned into 3

sets (training, validation, testing) to ensure that the trained model can generalize and avoid

overfitting. The model is trained on a dataset with labeled features (training set), estimated by

tuning hyperparameters (validation set), and evaluated by whether the model can successfully

label new input signals (testing set). To determine a classification technique suitable for our

dataset, cross validation was conducted to maximize the amount of data considered in training.

Cross validation is a resampling procedure used to evaluate machine learning models and

access how the model will perform for an independent test dataset. Traditionally, a segment of

the dataset would be sectioned off for testing and the rest for training. This introduces theoretical

problems in time series data, such as temporal evolutionary effects and inability to make full use

of the data125. There are various methods in cross validation to address this, but for the scope of

this thesis each model trained was shuffled with a random seed126, and passed into scikit-learn’s

cross validation pipeline127. This step allowed the full sampling of the datasets and provided

the appropriate accuracy and error metrics required to make decisions on which model (and

modelling parameters) to choose for the classification pipeline.

Hyperparameter optimization was conducted during model consideration to search for the

best performing parameters to pass into each model. This was prototyped locally with scikit-

learn’s grid search, and automatically fulfilled with AutoML for systematically testing various

models per subject128,129. Below is an overview of some of the models considered and literature

surrounding the model’s classification techniques.

Support vector machine (SVM) provides a classification learning model, and assigns labels

to objects from learning by example130,131. In linear modelling two main steps are involved: the

mapping of the data domain into a response set and the dividing of the data domain. Consider the
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following straight line equation on the data domain that will divide the data into two subdomains

D1 and D2:

wx′ + γ = 0 (8)

where w, x′ and γ are parameterized values determined by optimizing how well D1 can be

distinguished from D2 (typically by optimizing the distance).

D1 = {x : wx′ + γ <= 0} (9)

D2 = {x : wx′ + γ > 0} (10)

The points that fall in the subdomains are labeled 1 for subdomain D1 and -1 for subdomain D2.

Two straight lines can define the parameterization objective for defining the boundaries between

the D1 and D2:

wx′ + γ = 1, xεD1 (11)

wx′ + γ = 1, xεD2 (12)

For higher dimensional spaces, the lines from the parameterization objectives will solve for hyper-

planes which will be used to define the boundaries between the classes of data. The optimization

of these parameters was handled by the algorithm toolbox and is primarily accomplished by

maximizing the distance to the closest data points from both classes130–132, as well as applying

the proper cost functions133. In addition, features used to infer the hyperplane are not typically

raw data, and are often derivative data resulting from interpolation132. This is a common theme

in the engineering of machine learning algorithms and pipelines: to provide outputs guided by

statistically relevant methodologies for researchers to draw conclusions from.

1 from mne.decoding import CSP

2 from sklearn.model_selection import train_test_split

3 from sklearn.svm import SVC

4

5 cv = ShuffleSplit (10, test_size =0.3, random_state =42) # 30% for testing

6 csp = CSP(n_components =2, reg=None , log=True , norm_trace=False)

7 model = SVC()
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8 clf = Pipeline ([(’CSP’, csp), (’SVC’, model)])

9 scores = cross_val_score(clf , epochs_data_train , labels , cv=cv, n_jobs =1)

10

11

Listing 1: Sample early stages of pipeline design for CSP estimation and SVM classification. The

epochs data train variable contains Go and Stop trials and labels contain an array indexed for

identifying Go or Stop trials. For more details refer to the appendix and code repository.

One of the main advantages of constructing the classification pipeline in this way was that test-

ing a different model would simply be redefining the model variable. The random forest (RF)

classifier was chosen to compare with the classification results from SVM. The random forest

classifier is an ensemble approach for classification, in which many classifiers are generated and

their results are combined for greater classification performance134,135. Implementations of the

algorithm typically involve bagging and is used in tandem with random feature selection136.

Bagging (bootstrap aggregation) in decision trees involves the process of sampling with replace-

ment and then averaging the regression trees. Given a training set X = x1, ..., xn with responses

Y = y1, ..., yn, regression tree fb is trained on Xb and Yb. Predictions for unseen samples x′ could

be calculated from averaging the predictions from all the individual regression trees on x′:

f̂ =
1

B

B∑
b=1

fb(x
′) (13)

for b = 1, ..., B bagging B times. This method has been extensively shown to reduce variance by

training on different samples of the data and using a random subset of features136.

Each of these constructed classifiers could be evaluated in many ways. To highlight the im-

portance of using subject-specific parameters, the classifiers created for default beta and subject-

specific beta were scored using cross validation, visualized with the receiver operating character-

istic (ROC) curve, and summarized with a statistical report (F1, precision, recall). These were

compared side-by-side to see statistical relevance for guiding the model with specific parameters.

A practical application in machine learning is to deploy the model for inferencing not only on

testing data, but also on data recorded at a separate time for monitoring data drift.

1 from mne.decoding import CSP
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2 from sklearn.pipeline import Pipeline

3 from sklearn.ensemble import RandomForestClassifier

4 model = RandomForestClassifier ()

5 clf = Pipeline ([(’CSP’, CSP()),

6 (’RandomForest ’, model)])

7 scores = cross_val_score(clf , epochs_data_train , labels ,

8 cv=ShuffleSplit (20, test_size =0.3) , n_jobs =1)

Listing 2: Sample pseudocode for assembling the RandomForest model, cross validation method,

and pipeline parameters to calculate classification accuracy.

1 # Note: This is simplified pseudocode

2 for train_idx , test_idx in cv.split(epochs , labels):

3 y_train , y_test = labels[train_idx], labels[test_idx]

4

5 # Fit classifier

6 clf.fit(epochs[train_idx], y_train)

7

8 predictions[test_idx] = clf.predict(epochs[test_idx ])

9 auc_scores[test_idx] = roc_auc_score(y_test , clf.predict_proba(epochs[

test_idx ])[:, -1], multi_class=’ovr’)

10

11 # Running classifier: Trained CSP estimator transforms testing segments

12 score_this_window = []

13 for n in w_start:

14 # Note: Last index is n_samples in trial (ie: 851).

15 # This loop slides across n:(n+window)

16 X_test = clf[’CSP’]. transform(epochs[test_idx ][:,:,n:(n+w_length)])

17 X_test = Vectorizer ().fit_transform(X_test)

18 X_test = MinMaxScaler ().fit_transform(X_test)

19 score_this_window.append(clf[’Model’].score(X_test , y_train))

20 sliding_window_scores.append(score_this_window)

Listing 3: Sample code for scoring time windows. The trials were split into training and testing

sets. For every trial, the CSP estimator and the RF model were trained and subsequently scored

in a time-window fashion on a trial from the testing set. All the scores from the testing trials

were averaged at their respective time-windows, and the score over time was plotted.
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Figure 3: Schematic for the initial steps of training the model for inference using Azure Machine
Learning Studio Designer.

4.4.3 Deploying models for inference and monitoring drift over time

In machine learning, inferencing refers to the use of a trained model to predict labels for

new data on which the model has not been trained. It is important to verify the utility of this

framework for future use cases, even if techniques used throughout the training process were best
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practices for ensuring that the model could be generalized. In this project’s future objectives, this

could involve tuning the model during follow-up patient visits and real-time feature mapping of

PD progression. In this pilot study with healthy subjects, this type of monitoring was prototyped

using a follow-up session recording given a known amount of time between the two recordings,

as data drift in regards to time is also a metric that can be modeled. Subjects volunteered

to complete this task again after the first round of data collection. The models trained for

Figure 4: Schematic for the real-time inference pipeline generated from the designer.

differentiating between Go vs Stop trials and between saccade types were constructed to work

in Azure Machine Learning Studio, as visualized in the designer in Figure 3. After training,

the model was registered and deployed on an Azure Kubernetes Service (AKS) cluster, known

for its real-time capabilities and high availability (continuous usage and robust reliability) in

enterprise applications137. A schematic of how this endpoint was consumed is shown in Figure

4, where the naive data came from the Web Service Input and the prediction (Go vs Stop) would

be printed from the Web Service Output. The AKS cluster was chosen for its capability of

scaling its resources depending on the demands of the machine learning pipeline, which may be

important for more resource intensive classifiers and future applications in deep learning. The
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monitoring feature was registered in combination with this cluster to show possible drift between

the baseline and target datasets.

After deployment, the endpoint was consumed with a sample notebook containing random

trials sampled from the subject’s second recording. The model evaluated the trials in real-time

and provided its predictions. These predictions and performance metrics were logged. The

second recording was used for the performance metrics, which include the confusion matrix, F1

score, and recall.
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5 Chapter 5: Results

Timings of each event were recorded and timestamped during each trial. Events included

stimulus presentation, object selection, and phase transition (Figure 1). Parallel streams of

data event markers that were pushed onto the data (LSL) stream were used to synchronize the

EEG and eye-tracking data (Table 4). Each stream contained a time axis respective to the data

source’s sampling rate, and alignment was possible with LSL’s integrated software clock.

5.1 Proposed Stop Signal Task with Cued Prosaccade and Antisaccade

Participants in this study completed the task after a brief instructional and trial period, while

the task’s difficulty scaled to their performance via the stop signal delay (SSD) measure. Each

recording session’s trials were segmented into timeseries beginning 500 ms before the fixation

disappeared and ending 1200 ms afterwards. The average of all trials for a subject would show

an event-related potential (ERP), to show that electrical changes recorded were consistent across

every trial and that random events would appear much smaller in magnitude. The ERP in the

context of this task was expected to show a N2/P3 complex pattern, where N2 was a deflection in

potential 200 ms after a stimulus, and P3 a deflection towards the opposite polarity immediately

after. In the stop signal task, the stimulus would be a red stop cue that appeared around 150-

200ms after the fixation point disappeared (0.0 mark in subsequent figures), and the N2 would

be expected to appear at 0.4s using this time scale.

5.2 Event Related Changes after Imperative Phase

In the stop trial condition, all subjects had event related potentials detailing the N2/P3

complex, typically across the CZ and PZ electrodes (Figure 5). Each trial involved in the average

timeseries shown was time-locked at the imperative phase marked at 0 seconds, or the vertical

black line. The stop signal stimulus varied across subjects, but on average occurred 150 ms after

the imperative. This was reflected in the slight variation in the onset of the N2/P3 complex

among the subjects.

24



Figure 5: ERP from selected participants during the stop trial condition. The averaged epochs
were baseline corrected and underwent NeuroPype’s preprocessing pipeline. The 0.0 position
marked the event when the fixation point disappeared, which indicated the imperative to make
a saccade. All epochs were time-locked to the imperative event.

5.2.1 Event Related Spectral Perturbation

The event-related spectral perturbation (ERSP) were computed for all subjects to show

how ranges in frequency (Hz) increase or decrease in power throughout the timespan of a trial.

Compared to ERP, the ERSP would show finer detail in which frequencies contributed most to

the deflections that occurred by referring to the time domain. The ERSP for each subject showed

the average relative onset of phase synchrony in response to the imperative phase timelocked at

0 (Figure 6). The average spectrograms during the trial of four participants is shown in Figure

6, demonstrating gradually increased power in the lower frequencies starting at 250 ms after the

imperative phase.

5.3 Event Related Potential Isolated from ICA on Stop Trials

ICA was trained on the continuous segment of the recording across all recording electrodes to

determine statistically independent components captured in the timespan of the recording. The
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Figure 6: The ERSP throughout the trial from selected participants, where the 0.00s denoted
the period when the fixation point disappeared. The trials used to construct these plots were
successful stop trials from each subject, to show maximal shading in the frequency components
involved in completing the stop action.

algorithm was unsupervised because there was no experimenter bias indicating when trials were

started or paused. The graphs displayed were trial segments transformed by the components

in the trained ICA algorithm, to see whether the components were capable of capturing the

response inhibition brought out by the stop condition trial.

The number of sources was set to the number of channels that were kept after the prepro-

cessing phase. Stop trial-related ERPs were identified from one of the first 8 IC’s for all subjects

by visualizing each component’s event-related potentials that were time-locked at the imperative

phase. Every subject had topologies that showed increased weights across the CZ and PZ source

locations, and N2/P3 complexes at around 500ms after the imperative phase (Figure 7).

In the bottom left power spectra, a time-frequency representation was shown for the electric

activity captured in the timespan of the trial after being transformed by the trained IC. Back-

ground noise is characterized by an aperiodic or 1/f pattern, and a slight bump would indicate
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the presence of increased power in that frequency range. Every subject had increased power

(hill-shaped features) in the alpha (8-13 Hz) and beta (13-30 Hz) range. The epochs for the

shown IC for each subject were passed into the FOOOF algorithm.

Figure 7: The selected IC profile for each subject, showing the overall topology, the ERP and
ERSP characteristics, the time-frequency spectrum, and variance distribution.

5.4 FOOOF modeling showed unique narrow band peaks

The power spectra transformed from each subject’s IC were fed as inputs to the FOOOF

algorithm, to achieve more granular precision of the frequency ranges that had increased power.

The FOOOF models constructed for every subject’s IC extracted a narrow band of beta activity,

and typically contained a peak in the alpha range (Table 1). For each subject, the beta band

automatically determined by the FOOOF algorithm was more narrow than the broad beta range.
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The peak characteristics were unique in each subject, with varying central frequency, bandwidth,

and power (Figure 9).

Subject Alpha Range (Hz) Error of fit R2 Score IC Beta Range
1 (11, 13) 0.0336 0.9718 4 (29, 32)
2 (9, 13) 0.0273 0.9949 4 (15, 20)
3 None 0.0285 0.9775 3 (28, 32)
4 (7, 10) 0.0211 0.9962 3 (13, 19)
5 (5, 9) 0.0416 0.9398 1 (23, 28)
6 (7, 13) 0.0146 0.9958 8 (17, 24)
7 (8, 12) 0.0141 0.9982 4 (20, 25)

Table 1: Peak parameters extracted from FOOOF model fit for every subject using spectrograms
transformed by their selected IC. Alpha ranges were extracted for every subject except subject
3, and the narrow beta peak with the highest power was selected for subjects that had more
than one beta peak.

5.5 FOOOF detected additional oscillatory features on signals de-mixed

by ICA compared to raw signals

In the previous figures with ERP and ERSP (Figure 5 and Figure 6), these patterns were

extracted raw from the session recording, named pre-ICA. High amplitude influence from the

lower frequencies could mask finer contributions from the higher frequency ranges, so a com-

parison between pre-ICA and subject IC was conducted. The power spectra between the data

pre-ICA and after ICA showed differences in the beta range (Figure 8). After subtraction of

the aperiodic component, the detectability of the beta peaks appeared to be more enhanced in

the FOOOF analysis of the ICA condition (Figure 9) compared to the FOOOF analysis of the

raw session recording. This increased presence of peaks detectable in the FOOOF algorithm

was observed in all subjects (Figure 9). Increased detection of peaks was generally interpreted

as narrow frequency ranges of synchronized activity in a hill-shaped pattern. For sub-06, the

subject-specific task-modulating component revealed an alpha peak, and for sub-01 this method

revealed both the subject-specific alpha and beta peaks that were absent in the raw data.
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Figure 8: FOOOF analysis between the data after the subject IC was chosen (top row) and the
raw data pre-ICA (bottom row).

Figure 9: FOOOF peaks between the raw data pre-ICA (orange) and the subject IC (blue), after
the removal of the aperiodic component.

29



5.6 Common Spatial Patterns

The CSP algorithm was used on each subject’s session recordings and output a set of spatial

patterns for a) pre-defined frequency band, and b) subject-specific frequency band determined

from FOOOF. CSP would provide an estimator that transforms the input to maximizes the

differences between two or more classes. Within the CSP pipeline, a frequency range could be

provided to the filter bank to help with the discrimination between the classes.

The provided classes for the CSP algorithm were Go trials and Stop trials. In the CSP

output, the first spatial pattern was the algorithm’s weights for maximizing the variance for

all Go trials and minimizing the variance for all Stop trials. The second spatial pattern was

optimized in the inverse condition, maximizing the variance for all Stop trials and minimizing

the variance for all Go trials. When paired, these spatial filters are a collection of features that

help to discern one class from another. Overall, the resulting CSP modelling pipeline was a set of

features for transforming incoming trials to map the signals into a latent space for more accurate

classification. This process was evaluated for each subject in a machine learning pipeline, and

the trials in the testing set were classified as either Go trials or Stop trials after being estimated

by the CSP spatial filter. The LDA, SVM, and RF classifiers were discussed in the methods

section; however, only the best performing classifier will be discussed further for comparing CSP

guided with broad beta and subject beta activity.

Most subjects had more favourable neural topologies after using the subject-specific band,

which includes characteristics such as increased weights on the electrodes near the centre of the

scalp, decreased weights on areas close to muscle, or decreased resemblance to known topology

patterns trained on noise or artifacts138.

5.6.1 Model performance of classification algorithms compared between default

beta and subject specific beta with CSP estimation

Various classifiers leverage the CSP estimator output differently, and it was important to

compare the classification performance between these classifiers and whether using a subject-

specific beta range could result in increased performance. The overall area under the curve in

each ROC curve were recorded, but the shape of the curve and standard deviation error shading
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Figure 10: Comparison between using the full beta band and the subject specific beta for 4
selected subjects. The left column contains spatial patterns constructed with the default beta
band, and the right column contains the respective subject-specific narrow bands.

were put into consideration.

The trials were transformed by the CSP estimator that was fitted on the labeled trials, and

their patterns were visualized in Figure 10. This transformation step was first in the pipeline in

the classification between go and stop trials. After normalization, the features were passed into

the following classifiers and scored through cross validation (Figure 11 to Figure 13).

The ROC was evaluated over numerous iterations and folds. The shaded region was +/-

1 standard deviation from the curve. The average area under the curve (AUC) for between

the broad beta activity range and subject beta ranges were similar for each model, but in the

subject beta condition the curves appeared to lean toward the top left. In the random forest
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Figure 11: The LDA model performance trained on data with the CSP estimator in two condi-
tions: CSP on default beta range and CSP on subject-specific beta ranges.

Figure 12: The SVM model performance trained on data with the CSP estimator in two condi-
tions: CSP on default beta range and CSP on subject-specific beta ranges.

model, the AUC was higher than the same pipeline using LDA and SVM for all subjects. In

the following analysis steps for confusion matrices and sliding windows, only the random forest

model performance metrics will be shown for discussion.

5.6.2 Confusion matrix comparison between broad and subject-specific beta activ-

ity with random forest classification

Confusion matrices were constructed to visualize the recall and precision performance of the

classification pipeline, and to further visualize which metric the subject-specific beta improved.

A perfect confusion matrix would be a clear line from the top left to the bottom right. Between
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Figure 13: The RF model performance trained on data with the CSP estimator in two conditions:
CSP on default beta range and CSP on subject-specific beta ranges.

the broad and subject-specific conditions, comparing how light the bottom left quadrant was

would address misclassified stops, and comparing how much darker the bottom right quadrant

was would address how much more a condition correctly captured Stop trials.

For every subject, the recall for the stop condition improved when using the subject-specific

beta, shown qualitatively in the confusion matrices (Figure 14 and quantitatively in Table 2).

There were almost no misclassified Go trials, shown by the nearly white top right quadrant and

very dark top left quadrant.

5.6.3 Random forest classification over time

The RF model showed excellent performance in cross validation for classifying trial types.

This performance was visualized throughout the time course of the trial by using a sliding window

and scoring the model’s prediction (Figure 15). The stop trial condition was not distinguishable

until the stop stimulus occurred, and was represented by both chance level model performance

until approximately 150 ms after the imperative (Figure 15a) and dense shading in the corre-

sponding ERSP (Figure 15c).

5.6.4 Spatial and multilabel saccade classification performance with recorded data

In this section, the same analytical workflow with the CSP estimator and classification was

used, except the classes were saccade-related. Within each epoch, the time-locked feature was
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(a) Confusion Matrices with broad beta (b) Confusion matrices with subject beta

Figure 14: The confusion matrices for some selected subjects when comparing classification
performance using broad beta (left column) and subject specific beta (right column). Each one
was normalized so that each cell could be represented on a scale from 0 to 1.
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(a) Sliding window scoring (b) CSP estimator patterns (c) ERSP time frequency

Figure 15: Classification over time of a trial for a subject and the ERSP. (a) The black horizontal
line at the bottom was the chance level drawn at 50% and the red dotted horizontal line at the
top represented the overall trial accuracy. Although the pipeline was trained per trial, this graph
showed the model performance over time by scoring iteratively through a sliding window. (b)
The associated CSP topology for a given subject, representing the model weights from the CSP
estimator to help classify whether the current signals are Go or Stop. (c) The ERSP throughout
the trial, where 0.00s represented the time the fixation point disappeared. The activity of the
ERSP temporally correlates with the likelihood of a successful classification as the trial progresses
in a.

Subject Broad Beta
Stop Recall

Broad Beta
F1 Score

Subj. Beta
Stop Recall

Subj. Beta
F1 Score

Stop Recall
Change

F1 Score
Change

01 0.7436 0.8924 0.8817 0.9483 13.81% 5.59%
02 0.7405 0.8887 0.8757 0.9445 13.52% 5.58%
03 0.7981 0.9166 0.8431 0.9312 4.51% 1.46%
04 0.7321 0.8817 0.8354 0.9279 10.33% 4.61%
05 0.6667 0.8590 0.7111 0.8793 4.44% 2.03%
06 0.6647 0.8554 0.7949 0.9111 13.02% 5.58%
07 0.6585 0.8464 0.7905 0.8987 13.20% 5.24%

Table 2: Classification scores summary across all subjects between CSP estimated using broad
beta and their respective subject specific beta ranges.

the target presentation, and a trial’s main differentiators were the instruction (saccade type) and

spatial stimulus (direction). Saccade types were prosaccade or antisaccade, and saccade direction

were left or right. In Figure 16, only the epochs containing a saccade were used (go trials) to

differentiate between direction and instruction features.

The confusion matrix had a reasonable F1 score of 0.78 and discernible diagonal (Figure

16a), with the majority of misclassifications from wrongly predicting a right antisaccade as a

left prosaccade on the bottom left. The antisaccade trials were rarely misclassified as prosaccade

trials, depicted from the lack of shading on the top right. The CSP spatial filters from the

estimators prior to classification were visualized (Figure 16b) and had greater spatial weights in
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the frontal regions.

(a) Saccade cue and direction decoding. (b) CSP estimation step spatial patterns.

Figure 16: (a) Normalized confusion matrix showing model performance when scored on a naive
subject recording session. The initial model was trained from a session recorded previously from
the same subject. The model performance was depicted here through the shading. Increased
performance was when a trial’s predicted label aligned with the true label. The F1-score was 0.78.
(b) CSP algorithm spatial filters displayed here during the estimator step of the classification
pipeline.
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6 Chapter 6: Discussion

6.1 Key signature changes identified in the EEG profile during the

imperative phase

Two major ERP components have been investigated in Go/Stop tasks for the past 30 years:

the N2 and P3 waveforms from the imperative cue. The N2 component describes a negative

potential within a latency of 200-300 ms that is generated during Stop trials and reflects an

inhibitory neuronal process from the BG-thalamocortical loop43. The P3 component follows at

a latency of 300-600 ms after the imperative cue, and describes a peak that is also modulated

in Stop conditions43. In our proposed task, the N2/P3 complex in the ERP was present in all

subjects during the successful completion of a countermand (revoking a planned action) stop trial

(Figure 5). In comparison across subjects, the latency of the N2/P3 complex onset was expected

to differ because the stop signal delay was scaled towards the subject’s performance. Time locking

the trials to the onset of the stop signal delay would align the N2/P3 complex for all subjects, but

this study’s objective was to find subject specific neural correlates to generalize within subject

states, rather than generalizing across subjects. Subject states are important to profile in brain-

computer interfaces and closed-loop clinical systems to uphold reliable classification - well-timed

and correct feedback to subjects reinforces the utility of neurofeedback. The same standard

must be held here: the proposed subject-specific profile should detect states of free movement

and states of rigidity or response inhibition. Maintaining temporal precision when differentiating

between the movement and stop conditions would be essential for the subject’s model to learn

the appropriate features when training. For example, a saccade detection model would combine

a spatial filter for saccade type (prosaccade, antisaccade) and a spatial filter for direction (left,

right) in the classification and decoding of multi-labeled trials. It was imperative that each

filter learned features relevant to their classification condition, such that the prominent spatial

topologies and temporal sliding window classification (Figure 15a) were instrumental estimators

after model training.
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6.1.1 Event related spectral perturbation suggested frequency characteristics in

stop trials

The ERSP for every subject suggested a large involvement of oscillatory characteristics in

the alpha and beta range throughout the imperative epoch (Figure 6). Visualizing the ERSP

in the preliminary steps was essential for confirming that the behavioural task was capable of

evoking the neural processes involved in response inhibition in a trial-by-trial manner. This was

qualitatively portrayed by the large red gradients that occurred 500 ms after the imperative, and

a relative absence of activity along the baseline prior to the stimulus. The red gradients suggested

phase synchronization, and the blue suggested phase de-synchronization in the frequency ranges

encompassed by the shading. These ERP and ERSP patterns are similar to those reported in

previous studies of countermanding43,85,139.

Although there were qualitative similarities in the ERP’s and ERSP’s, the specific temporal

and frequency patterns appeared unique in every subject. For example, some subjects had a

larger distinction between their alpha and beta ranges, and some subjects showed later activation

of phase synchrony. Although these aspects could likely be corrected to show the effect of the

task condition across all subjects, the objective and scope of this paper was to extract features to

model within subject states. Exploring correlates within subject states would enhance sensitivity

for differentiating between cognitive states such as the response inhibition state (stop) and the

movement state (go). The distinct features detailed above in the ERSP were qualitative, but

suggested that quantitative analyses in the frequency domain (ICA) and time domain (CSP)

could be potential methods for modelling these neural characteristics.

6.2 ICA contained task-modulating component in all healthy subjects

Since tasks involving response inhibition serve to probe the subject’s ability to revoke a

planned action, it does not matter whether the task was completed using hand movements

or saccades. ICA separates mixed signals into their source components, and its use cases for

separating movement artifacts from cognitive sources were documented extensively105,118,140.

Our ERP isolated from ICA resembled the ERP from Wessel et al., 201980, exhibiting increased

weights on the sensorimotor region (Figure 7). This provides further validation of the novel
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saccade task, and that the suppression of a pre-planned saccade utilizes an analogous pathway

to one involved in the suppression of a pre-planned somantic motor command.

The spectrogram from this task-relevant component suggests some degree of phase synchrony

in the beta band, such as the narrow region between 15-20 Hz in sub-04. Frequency characteristics

were expected to be shown in components isolated using ICA, because ICA primarily operates

on the frequency domain. This unique narrow band beta was detected in every subject, and

could be better visualized and quantified with the FOOOF modelling approach.

6.3 FOOOF analysis shows unique subject-specific narrow beta peaks

FOOOF provides a systematic way to identify differences in power spectra across subjects.

After the subtraction of the aperiodic component, the model oscillatory peaks are indicative

of phase coupling within the frequency ranges of the peak (bandwidth) during the duration

of the stop trial. Since the epochs were successful stop trials, the extracted peaks indicate

that this narrow beta frequency band increase in power during the successful completion of a

stop trial at the source location defined by the IC scalp topography. This was expected as

increased synchrony of beta oscillations has been shown in motor inhibition10,15,111, and stop

signal tasks37,81. FOOOF can determine specific frequency ranges of subject beta measured in

centre frequency, bandwidth, and power, and may be beneficial for finding characteristics of beta

correlated to the prevalence and onset of Parkinson’s disease.

6.3.1 FOOOF shows otherwise undetected features lost during traditional Fourier

methods

Previous work has shown that traditional Fourier filtering methods destroy and potentially

alter both phase-dependent and phase-independent waveform features of beta activity12,19, such

as higher frequency oscillations that can modulate beta-range activity112. When the FOOOF

model was fitted on a task modulating IC, the model was able to detect narrow peaks in the

beta range that were not present in the FOOOF model of the original data (Figure 8, Figure

9). Thus, some of the favourable features of ICA become evident after applying FOOOF. ICA is

unsupervised and reveals latent spaces that are decorrelated from one another. In many cases,
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this enhances the detectability of signals, and ICA can also be used to remove unwanted biological

artifacts105. The peaks were evaluated following the neurophysiological signatures of response

inhibition shown previously using ICA, and the range of the extracted peaks were systematically

determined on all subjects (Table 1).

6.3.2 Two spectral components involved in freezing of gait

Oscillations in the narrow band beta range (18 Hz) have been characterized to correlate with

the vulnerability to FOG in PD patients62. Chen et al had also found that two spectral activities

in the STN region (5-8 Hz, and 15-21 Hz) were associated with FOG. Our findings show that

the stop condition in our stop signal task was able to invoke these two significant spectral ranges

in the periodic component of alpha and beta in nearly all subjects (Table 1). Although our test

subjects were healthy volunteers, this task was designed to reflect BG activity through response

inhibition. The action selection during the stop condition activates the same neural circuitry

as unexpected stopping despite having top-down involvement85,88,141. These results strengthen

the literature associated with the traditional hand-motor stop signal task and our novel saccade-

based counterpart. Furthermore, FOOOF provides a potential PD neural correlate when fitted

on the component that modulates during the stop condition. This dual spectral neural correlate

may potentially reflect both unexpected stopping and FOG timed with pathological oscillations

from the STN. Further research on STN signals from PD patients with DBS would be necessary

to definitely determine this link.

6.4 Common Spatial Patterns use subject-specific parameters to con-

struct task modulating spatial patterns

The initial fit of the CSP model with the subject-specific beta range extracted from ICA-

FOOOF showed topographies that resemble neural patterns (Figure 10). It was important to

confirm that CSP did not favour spatial characteristics resembling artifacts such as muscle,

eye-movements, and ECG, because these artefact features tend to be more detectable on the

scalp than neural signals from the brain. The narrow subject-specific band was expected to

have minimal presence of these artifacts and expected to enhance the detection of relevant beta
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activity via increased SNR. Despite the known literature of frequency ranges of these artefacts

and modern preprocessing techniques for their removal, the spectral bandwidth of muscle activity

remains vast at between 20 Hz to 300 Hz138.

CSP had been successful in assistive brain computer interfaces for spellers120, as the modeling

approach would construct as many spatial filters needed (ie: for each letter during spelling) and

classification was optimized accordingly through various hyperparameters. However, in the early

stages of training, the correct identification of neural features is more crucial than modelling

accuracy. Unlike the manual selection and justification from the ICA pipeline, this preliminary

approach with CSP attempts to avoid biases (ERP complexes) with the exception of ensuring

the constructed spatial patterns to be of neural characteristics, as discussed above (Figure 10).

Since the ERP complexes were confirmed to be present in the ICA analysis without introducing

experimenter bias, the classification pipeline should not be overfitted to this simple feature that

was readily detectable.

6.4.1 Increased classification performance between Go and Stop conditions using

subject specific beta

The receiver operating characteristic (ROC) curve graphed for each constructed classifier is

a common metric for evaluating the performance of classification in machine learning142. A

perfect classifier would have the characteristic of the drawn curve straight up to the top left and

then traversed all the way to the top right, or an AUC of 1. A classifier with an AUC of 0.50

or sometimes even lower would indicate how it performs compared to chance, visualized by the

diagonal y = x line

Heavily biasing the model to increase classification performance would lead to overfitting

and failure for the model to perform adequately in data outside of its training set. In practical

applications, reducing the bias and regulating the variance to low but not non-negligible levels

are all imperative143. The choice to introduce a subject-specific beta parameter for optimizing

the model was primarily to ensure that the model would train on relevant neural activity rather

than noise or artifacts, as the same-session model performance changes were likely not significant.

A series of classifiers were tested to see how various models could leverage the CSP estimator on

broad or subject-specific beta (Figure 11, Figure 12, Figure 13). Nearly all scenarios for cross
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validation showed increased classification performance when using the subject-specific beta, with

the random forest classifier performing the best in both AUC and shape of the ROC curve (Figure

13). Furthermore, during inference on a separate session the subject-specific model performed

better without re-training: suggesting that the trained features generalized well and were not

overfitted to session specific noise (Figure 14).

6.4.2 Random forest showed increased classification performance when CSP esti-

mator used subject beta

There was some misclassification during the proper prediction of go trials, depicted by the

bottom left square of the confusion matrices in Figure 14a. This would be the false negative

rate if Go was the negative prediction and Stop was the positive prediction for effect in this

binary classification. After using subject-specific ranges on the identical pipeline, the bottom

left squares appeared lighter qualitatively (Figure 14b), and quantitatively the stop recall value

increased for all subjects (Table 2). In addition, the box on the bottom right depicting the true

positive rate (successful classification of stop trials) also appeared darker, and these performance

gains were portrayed by an increase in the overall F1 score.

A possible explanation for increased recall for the stop condition was that the narrow subject

beta frequencies were more characteristic of stop trials. This was supported by the darker bottom

right square mentioned previously, as well as the white square on the top right. This white square

(false positive rate), indicating the absence of wrongly predicting a stop trial, occurred in all cases;

the broad beta was not able to capture all the true stop trials, but it did not misclassify them.

The correct classification of Go trials was very high in both the broad and narrow band CSP

estimators, which may imply that frequency characteristics of the go trial may be present or

entangled in both conditions.

6.4.3 Random forest algorithm shows task predictive features on the time domain

Although CSP is a supervised algorithm for differentiating between labeled classes, the

model’s accuracy throughout the trial (sliding window) should resemble that of the subject’s

intuition, and trained appropriately as CSP is sensitive to space and time. This means that

during the evaluation of new neural data, the model cannot make a decision before the sub-
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ject processes the stop signal. The Go condition contained a saccade that occurred on average

300-500 ms from the time-locked imperative. The Stop condition stimulus occurred on aver-

age 150-200 ms after the time-locked imperative, and the highly classified neural signatures of

stopping (N2/P3 complex) would occur 300 ms after the stop stimulus (or 500 ms from the

time-locked imperative). This would suggest that a successful classifier would perform by chance

for approximately the first 200 ms of the epoch, and be capable of differentiating between the

two classes afterwards. This was observed in the classification accuracy throughout the duration

of the epoch for each subject (Figure 15), with chance probabilities prior to the stop stimulus

(approximately 200 ms), and reaching maximum at approximately 500 ms. This correctly aligned

with the subject’s intuition, that the model had no way of determining whether the task was a

stop signal until at least 200 ms after the imperative.

6.4.4 Classifying antisaccade biomarkers of disease

Abnormalities in performing antisaccade tasks have been linked to PD disease phenotypes,

such as abnormalities in saccade characteristics (saccade error29,31,32, velocity33), and gait59,60,

electrophysiological increases in beta synchrony41, and disease progression60. To provide max-

imum flexibility for future PD experiments, we developed a workflow to differentiate between

saccade types trained on each subject. Our machine learning pipeline determines the optimal

transformations necessary to localize sources of interest during saccade tasks optimized system-

atically without bias (ie: classification, independence or likelihood, etc.). This yielded spatial

filters that could decode the saccade types (prosaccade, antisaccade) and direction (left, right)

at a high level of confidence (Figure 16). For successful multi-label classification, recordings

must be captured with spatial and temporal precision as direction and instruction features could

overlap. For example, epochs containing left saccades could be either prosaccade or antisaccade,

and vice versa for right saccades. This was a proof of concept that the experimental platform

could capture spatiotemporal features with high fidelity despite this overlap of features, and that

a machine learning model could learn to disentangle more than one feature in an epoch.

This is a novel finding as prior saccade literature in electrophysiology typically focuses on

classifying saccades by latency differences and saccade characteristics (velocity, vigor), whereas

the work denoted here used purely electrophysiology data. In future PD patients, machine
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learning spatial filters can be decomposed for researchers to learn or confirm metrics, since each

model can be visualized as feature importance - where features and parameters are quantified to

the degree they influence the model (ie: features such as, source location, oscillatory power, and

reaction time can be quantified in percentages per trial to show their importance in the model’s

final decision).

In summary, verifying the hallmarks of inhibitory control was necessary in our novel sac-

cade task delivered in VR in order to address our hypothesis that BG activation for controlling

saccades utilizes a parallel pathway as the one involved in hand motor movements. Similar to

the N2/P3 complex, ERSP latencies were within expected ranges, and the sources isolated from

ICA resembled response inhibition characteristics found in previous hand-motor studies79,80.

The experimental platform was newly developed to facilitate future saccade-based combined

psychophysical-electrophysiological studies (supplementary material in the appendix). The re-

sults from these subjects portray a successful early implementation of this platform. Our ERP

results indicated proper alignment of all trials during averaging of the electrical activity, and

our analysis pipeline details more advanced analysis tools for elucidating the neural processes

involved in the task conditions, than previously used.

The time-frequency analysis clearly demonstrated that each subject showed unique oscillatory

characteristics throughout the time window of the trials. Spatial, frequency, and temporal fea-

tures are a) necessary for subject-specific modeling, b) reliably recorded by our labstreaming layer

based experimental platform, and c) preserved throughout the analysis pipeline. In the illustrated

pipeline, ICA isolates source signals that modulate with the task condition, and FOOOF deter-

mines the oscillatory characteristics that contribute to these source signals in the subject-specific

frequency domain. The classification pipeline leverages this subject-specific domain to construct

spatial-temporal filters that could predict the trial conditions in both trial-by-trial classification

(Figure 14b, Figure 15b) and within trial classification (Figure 15a). In this controlled setting,

the classifier could reliably predict the onset of the recruitment of neural processes related to

response inhibition (Table 2). In future real-time applications, this model could continuously

process the current state of the patient, similar to the sliding window classification in Figure

15a, and alert the patient when electrical signals related to stopping are detected (crossing the

threshold of predicting normal movement versus rigidity).
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7 Conclusion

The experimental platform was capable of reliably capturing neural and behavioural data

while displaying a task in VR controlled by eye movements. The proposed stop signal task

using saccades was shown to evoke beta modulation in the Stop condition in healthy subjects.

Methodologies for extracting subject-specific frequency ranges were successful, and preliminary

modelling with machine learning of each subject’s neural data between the Stop condition and

Go conditions was done.

This thesis outlined the rationale and methodology behind the development of a clinical

neurophysiology psychophysics framework and presented the preprocessing procedures for trans-

forming unstructured data into formats ready for machine learning pipelines. The full lifecycle

of the machine learning pipeline was documented and utilized for real-time inferencing. This

project is REB approved for conducting behavioural experiments at the OHRI and continues to

be in active development.

7.1 Future Considerations

The experimental platform and processing pipeline were developed with the intention of

applying to future experiments on patients with Parkinson’s disease to better understand the

mechanisms of disease and the neurophysiological correlates. Possible experiments could include

repeating the current tasks with participants on and off levodopa, during DBS surgery with

microelectrode recordings within the STN, and/or after surgery with the DBS turned off versus

on. The model pipeline will contain parameters optimized for each patient, and can automatically

learn to hyperparameterize features related to disease progression for use in DBS surgery during

target localization.

In addition, the established pipeline for data acquisition to model preprocessing allows flexibil-

ity in choosing various modelling algorithms and classifiers. For example, replacing the Random

Forest classifier with another modelling technique, or adding a regression estimator like source

power comodulation (SPoC). As DBS devices devices continue to evolve, with DBS implants

allowing for wireless communication and closed-loop implementation, the demand for platforms

needed to explore electrophysiological biomarkers will continue to grow.
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[22] L M F Doyle, A A Kühn, M Hariz, A Kupsch, G-H Schneider, and P Brown.

Levodopa-induced modulation of subthalamic beta oscillations during self-paced move-

ments in patients with Parkinson’s disease. The European Journal of Neuro-

science, 21(5):1403–1412, 3 2005. doi: 10.1111/j.1460-9568.2005.03969.x. URL

http://dx.doi.org/10.1111/j.1460-9568.2005.03969.x.

[23] G Pfurtscheller. Functional brain imaging based on {ERD}/{ERS}. Vision Re-

search, 41(10-11):1257–1260, 2001. doi: 10.1016/s0042-6989(00)00235-2. URL

http://dx.doi.org/10.1016/s0042-6989(00)00235-2.

[24] Yvonne M Fonken, Jochem W Rieger, Elinor Tzvi, Nathan E Crone, Edward Chang,

Josef Parvizi, Robert T Knight, and Ulrike M Krämer. Frontal and motor cor-
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Donaire, Jose Javier Bravo, Maŕıa Prado Talavera, Alberto León, and Ju-

lia Vaamonde-Gamo. Freezing of gait in Parkinson’s disease: functional neu-

roimaging studies of the frontal lobe. Neurological Research, 40(10):900–905,

10 2018. ISSN 0161-6412. doi: 10.1080/01616412.2018.1484985. URL

https://doi.org/10.1080/01616412.2018.1484985.

[67] Francois Windels, Wesley Thevathasan, Peter Silburn, and Pankaj Sah. Where and what

is the PPN and what is its role in locomotion? Brain, 138(5):1133–1134, 5 2015. ISSN

0006-8950. doi: 10.1093/brain/awv059. URL https://doi.org/10.1093/brain/awv059.

[68] Brian Lau, Marie-Laure Welter, Hayat Belaid, Sara Fernandez Vidal, Eric Bardinet, David

Grabli, and Carine Karachi. The integrative role of the pedunculopontine nucleus in human

56



gait. Brain, 138(5):1284–1296, 5 2015. ISSN 0006-8950. doi: 10.1093/brain/awv047. URL

https://doi.org/10.1093/brain/awv047.

[69] Ken ichi Okada and Yasushi Kobayashi. Fixational saccade-related activity of peduncu-

lopontine tegmental nucleus neurons in behaving monkeys. European Journal of Neuro-

science, 40(4):2641–2651, 2014. ISSN 14609568. doi: 10.1111/ejn.12632.

[70] Robert H. Wurtz, Marc A. Sommer, Martin Paré, and Stefano Ferraina. Signal transfor-
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[105] T. Radüntz, J. Scouten, O. Hochmuth, and B. Meffert. EEG artifact elimination by ex-

traction of ICA-component features using image processing algorithms. Journal of Neuro-

science Methods, 243:84–93, 3 2015. ISSN 1872678X. doi: 10.1016/j.jneumeth.2015.01.030.

[106] Richard J Samworth and Ming Yuan. Independent component analysis via non-

parametric maximum likelihood estimation. The Annals of Statistics, 40(6):

2973–3002, 12 2012. ISSN 0090-5364. doi: 10.1214/12-{AOS1060}. URL

http://projecteuclid.org/euclid.aos/1360332190.

[107] David J C MacKay. Maximum Likelihood and Covariant Al-

gorithms for Independent Component Analysis. 1996. URL

http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.48.120.
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8 Appendix

8.1 Experimental Platform

The experimental platform was constructed to support the latest LTS release of Unity3D,

which is version 2020.3.0 as of writing. The experimental platform is actively maintained and bi-

naries will be available upon request. Detailed instructions including platform specific procedures

are outlined in the repository README.

8.1.1 Eye-Tracking Calibration

The Pupil Labs eye-tracker plugin for Unity was adopted for the experimental platform,

and the calibration routines were built-in with the experimenter GUI144. Upon start, the ex-

perimenter ensured the eye-tracker could construct a model of the participant’s eyes with high

confidence, indicated in the Pupil Labs capture software (Figure 17). The calibration process

was initiated with the GUI controls resulting in a sequence of displayed points where the sub-

ject fixated. After calibration, the experimenter viewed the estimated gaze locations overlying

fixation points using the GUI to determine whether re-calibration was necessary.

Figure 17: Successful tuning of the eye cameras would display a red circle around the pupil and
a green circle for the eye model.
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8.1.2 LabRecorder and Data Streams

The LSL GitHub repository provided software for streaming continuous data over the network

from the connected hardware. Each connected device was present in the software LabRecorder,

which was used to detect the available streams for recording (Figure 18). Once all the devices

were subscribed, the recording could begin.

Figure 18: Sample EEG experiment setup with LSL used to aggregate devices on LSL’s unified
clock.

The analysis of neural recordings relies on accurately reconstructing the recorded trials to

allow feature extraction appropriately aligned with behavioural events on a trial-by-trial basis.

Although strong evoked potentials in response to sensory stimuli could be reliably examined even

in the presence of jitter, precise features such as phase synchrony are difficult to investigate if

timestamps are inconsistent. Therefore, to ensure that stimulus events occured when they were

70



LabStreamingLayer Data Streams
Data Stream Stream Type Sampling Rate
Event Markers Markers Irregular
PupilLabs EyeTracker Data 120 Hz
Blackrock Microsystems Data 30000 Hz
HMD Data 1000 Hz

Table 3: Intraoperative memory-guided saccade task recording setup. Data streams transmitted
through lab streaming layer have different sampling rates and can be synchronized for data
analysis.

LabStreamingLayer Data Streams
Data Stream Stream Type Sampling Rate
Event Markers Markers Irregular
Tobii EyeTracker Data 30 Hz
EEG Data 500 Hz
HMD Data 1000 Hz

Table 4: EEG stop signal task recording setup. Data streams transmitted through lab streaming
layer have different sampling rates and can be synchronized for data analysis.

programmed to, the visual processing and trial progression delay and jitter were quantified.

8.1.3 Benchmarked Event Marker Systems

Blackrock systems contain calibrated hardware. The Blackrock comment event is inserted in

the same file group as the recorded data streams, allowing the playback software to reconstruct

the exact timestamp in which the comment was inserted. Serial transmission requires a specific

configuration (baud rate) and is known for lower latency and jitter despite slower speeds for larger

files. This system enforces a robust connection during experiments as the configurations of both

the sender and receiver are explicitly defined, which eliminates the overhead and other processes

during the transmission of information. We tested the LSL markers against this system, and

LSL markers are events sent over the network stream.

8.1.4 Unity3D: Virtual Reality

Unity3D is game engine that provides designers tools for developing 3-dimensional environ-

ments, and delivers real-time interactive images that can be displayed on multiple platforms.

Unity3D’s constant updates, active community, and wide range of support for VR devices makes

the engine a favourable tool for neurophysiology researchers. We used Unity3D to create the
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3D environments used in our experiments. The lab streaming layer plugin for Unity3D enables

the different data acquisition sources to interface with each other. This includes transferring the

eye-tracker calibration and real-time gaze data to the 3D environment. Our current design has

fixed objects in the experimental tasks, however the lab streaming layer allows it to extend to

the capability of manipulating 3D objects in real-time with neural data, which we anticipate in

future brain-computer interface experiments.

8.1.5 Visual Processing Latency and Jitter of the VR Equipment

To measure the visual processing latency and jitter of the VR head-mounted display (HMD),

a photoresistor was connected to the Blackrock Cerebus data acquisition system via a BNC cable

as an analog data stream. As a separate stream, the information gathered from the photoresistor

is independent and does not interfere with neural signal processing. The photoresistor was placed

inside the HMD to record continuously as the Unity3D test environment displays periodic flashes.

Prior to the frame of the flash, the program simultaneously sends a prompt to all three data

streams: serial, comment, and LSL. The LSL clock was synchronized with the Blackrock system,

and the three data streams were benchmarked relative to the photoresistor’s detection of the

flash. The Cerebus accurately time-stamped the initial instruction to change the VR HMD

screen and when visual information was displayed on the VR HMD screen. The timestamp for

the photoresistor’s signal detection was acquired using Python code. The hardware latency of

the photoresistor was assumed to be negligible, allowing any potential jitter of the VR equipment

caused by the overhead in software and the operating system contained within the experimental

platform to be determined.

1 public enum FlashState

2 {

3 Flash , ToFlash , NoFlash , NFlashStates

4 }

5 void Update ()

6 {

7 if (thisState == FlashState.NoFlash)

8 {

9 FlashNowBlack ();
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10 thisState = FlashState.NFlashStates;

11 }

12

13 if (thisState == FlashState.Flash)

14 {

15 FlashNowWhite ();

16 thisState = FlashState.NoFlash;

17 }

18

19 if (thisState == FlashState.ToFlash)

20 {

21 thisState = FlashState.Flash;

22 }

23 }

24 void FlashNowWhite ()

25 {

26 mainCamera.backgroundColor = Color.white;

27 outCont.PublishFlash("{\" Flash \": ToWhite}");

28 }

29 void FlashNowBlack ()

30 {

31 mainCamera.backgroundColor = Color.black;

32 outCont.PublishFlash("{\" Flash \": ToBlack}");

33 }

Listing 4: Code excerpt from the script handling the flash mechanism at regular intervals during

the visual processing latency testing.

8.1.6 Trial progression state machine for experimental design and jitter evaluation

The Unity3D engine provides a built-in state machine commonly used by animation pro-

fessionals for designing hyper-realistic movement. The states are capable of executing a set of

commands until certain conditions are met, such as the movement dynamics in transitioning from

standing, walking, to running; improper transitions such as standing to running are blocked.

Our platform uses the built-in state machine for trial progression by providing a flexible

and generic naming schematic (Figure 19). The gate phase prohibits trial advancement until
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the subject maintains fixation to the fixation point for a number of seconds. In addition, the

time duration between each state can easily be changed in the development interface. The user-

friendly graphical user interface enables scientists to create custom state machines for their needs,

and reduces the need to constantly update the code as the API is maintained concurrently with

Unity3D.

The state machine latency was benchmarked by taking the timestamps between two states

that were programmed to have a constant delay between them. The standard deviation and

percentage error were calculated by using the expected value as the constant delay value to

compare the calculated values. A histogram was constructed and the range of the distribution

would indicate the jitter characteristics.

8.1.7 PupilLabs eye tracking

The HTC Vive VR headset was modified to house the Pupil Labs binocular VR eye-tracking

system. The eye cameras were positioned below and slightly lateral with respect to each eye.

The eye-tracker had a tracking frequency of 120 Hz, and gaze accuracy and precision of -1.0deg

and -0.08deg respectively. The camera latency is 5.7 ms with less than 4 ms of processing latency.

The captured image resolution was 320x240 px and the recordings were capped at 120 frames

per second.

Pupil detection is handled by algorithms designed by the open source Pupil Labs project.

Prior to data collection, camera parameters were fine-tuned until pupil detection confidence

was high. Pupil and gaze positions were streamed over LSL for Unity3D to process subject

performance. Eye videos were recorded during the duration of the experiment.

8.2 Neurophysiology Methods

The equipment outlined in Figure 18 was approved for use in clinical research. The exper-

imental platform was investigated for use in human volunteers. The data collected arose from

behavioural tasks designed to engage and research specific neural pathways.
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Figure 19: Unity3D State Machine repurposed for use in psychophysics experiments on a trial-
by-trial basis. Sample stop-signal task to demonstrate trial progression paths: if the subject
loses fixation prior to the imperative phase, the state machine will play the feedback state. If
the experimenter decides to pause the experiment, the recess interface can be designed around
’Any State’.
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8.2.1 Python Neuroimaging Packages

We leveraged various developmental libraries to transform the highly dimensional neural data

into formats to allow further data analytics using pre-existing software, such as Neuropype and

MNE. Intheon’s Neuropype is a suite of tools that are frequently used in neuroimaging, neural

signal processing and real-time brain-computer interfacing145. Our platform leverages the hi-

erarchical data structure in Neuropype to systematically run pipelines (preprocessing, applying

filters and transformations) across all subjects. MNE is an open-source Python package con-

taining tailored workflows for neural signal processing, such as source estimation and machine

learning in timeseries datasets109.

8.2.2 Time-locked Event Related Potentials

The continuous data and the event markers operated on the same clock to align the data

streams. All samples recorded in the epoch window were averaged for visualizing the ERP. Using

the python developing environment in Neuropype, the epochs were constructed using the time

point for the imperative phase time locked at 0.0 seconds for each trial. This imperative phase

is represented by the fixation point disappearing, which prompts the user to initiate a saccade.

Since each trial’s imperative phase would be grouped, this phase was zeroed and labeled as 0.0

seconds in the timeseries.

8.2.3 Fitting Oscillations One Over F Analysis

Neuropype preprocessed the recorded data modalities (eye position, events, neural data, etc.)

into timelocked spectrograms for FOOOF modelling. The spectrogram was computed for each

trial and then passed into the FOOOF algorithm. The FOOOF algorithm provides an aperiodic

component and the peaks extrapolated from the periodic component. Each computed peak has

the properties of bandwidth, power, and peak frequency146.

8.2.4 Toolboxes for data conversion

For EEG data, the session recordings were converted using Neuropype from an XDF file to

a SET file for loading into the MNE toolbox. The SET file extension allows other users to use
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different toolboxes, such as MNE, EEGLAB and FieldTrip. For the MER data, the python

package Neo was used to preprocess the BlackRock data type, and then subsequently used in

conjunction with the XDF file to align the neurophysiology data with the event data. Example

scripts for demonstrating this are provided in the supplementary section.
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