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Abstract 

Although spontaneous blinking has traditionally not been considered to have much 

importance in cognition, increasing behavioural evidence suggests that blinking is 

modulated by changes in attentional demand and cognitive load. BROs (BROs) are 

neurophysiological responses occurring after blinking, and have been postulated to 

originate in the precuneus region known to be involved in environmental monitoring and 

awareness. Given the importance of the precuneus in supporting consciousness and 

awareness, BRO responses represent a potential avenue for evaluating consciousness 

in brain-injured patients. However, BRO studies to date have been hindered by major 

limitations that compromised the reliability of the findings, leading to this response 

having been largely dismissed by the scientific community. The current doctoral 

research aims to address this by investigating the potential of utilizing BRO-based 

measures to evaluate brain function. The first two studies in this research investigated 

the temporal, spectral, and neuroanatomical features of the BRO response in healthy 

adults using high-temporal- and high-spatial-resolution MEG, in controlled sensory 

environments and utilizing multiple task conditions including both resting and cognitive 

loading via mental calculation. The third study developed a novel signal analysis 

technique for extraction of BRO responses using only few sensors to enable the 

development of a point-of-care platform for BRO assessment. Results showed that BRO 

responses strongly activate the bilateral precuneus and other regions including the 

dorsal and ventral visual processing pathways as well as regions of the ventral attention 

network. There are also concomitant spectral effects consistent with sensory, episodic 

memory, and information processing following blinking. Crucially, results show that 

BROs are cognitively-driven brain responses, and that spontaneous blink instances 

actually represent innate ‘stimulus events’ that are actively processed by the brain, with 

the effects being modulated by cognitive loading. Together, these findings suggest that 

BRO responses engage key neural processes and activate important cortical hubs, and 

represent a novel and intriguing new window into brain function.  

 

Keywords:  blink-related oscillations (BROs); blinking; brain function assessment; 

precuneus; neurotechnology; environmental monitoring and awareness  
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Chapter 1. Introduction 

This Introduction is divided into two parts: the first part presents the clinical 

problem that motivates the development of new brain function assessments in this 

research, and establishes the key clinical gap being addressed; the second part 

presents important technical concepts, such as brain imaging instrumentation and signal 

analysis, that enable the development of the solution. 

1.1. Motivation 

1.1.1. Brain Injury and Disorders of Consciousness 

Acquired brain injury (ABI) is a major health problem in Canada. More than 

165,000 Canadians suffer a serious brain injury each year, amounting to a new 

incidence occurring every 3 minutes [1]. ABI is the leading cause of death and disability 

among Canadians aged 40 and under, and survivors of severe ABI often face 

devastating and lasting consequences including physical impairments, cognitive 

difficulties, mental health challenges, and socioeconomic problems [2]. The annual 

economic burden of ABI in Canada is a staggering $12.7 billion; each case of severe 

ABI costs the healthcare system $1,000,000 at the time of injury, which is further 

compounded by subsequent annual expenses of $400,000 in follow-up treatment and 

other indirect costs [3].  

ABI is defined as damage to the brain caused by injuries that are not due to 

congenital conditions or degenerative diseases [2]. There are two types of ABI: Non-

traumatic brain injury (NTBI) occurs as a result of events occurring inside or substances 

introduced into the body, such as cardiac arrest or drug overdose; on the other hand, 

traumatic brain injury (TBI) is caused by insults to the head from events or objects 

outside the body, such as assaults or motor vehicle accidents [2]. ABI is highly 

heterogeneous, and its pathophysiology and clinical outcomes are dependent upon the 

cause and severity of injury. Whereas mild or moderate ABI such as concussion causes 

transient impairments in neurological function without apparent structural lesions on 

neuroimaging [4], [5], severe ABI often produces extensive neuronal tissue damage that 

results in lasting neurological deficits, significantly impacting patient survival [6], [7]. 
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Indeed, clinical outcomes following severe ABI are typically extremely poor, with 

mortality rates in excess of 90% at one year following NTBIs such as cardiac arrest [8], 

[9], and ranging between 76% and 89% following severe TBI [6], [10], [11]. Nonetheless, 

studies have shown that accurate early diagnosis of consciousness is crucial to enabling 

effective clinical management and enhancing patient outcomes following severe ABI 

[12], [13].  

Patients who suffer severe ABI often enter into states of altered consciousness 

known as disorders of consciousness (DOC) (Figure 1.1). Consciousness comprises two 

main components: one component is arousal, which refers to wakefulness or vigilance, 

and is supported by brainstem neurons that project to the thalamus and cortex [14], [15]; 

the other component is awareness, which refers to the level or content of 

consciousness, and encompasses awareness of both the self and the external world 

[16]. Because one must be awake in order to be aware, arousal is prerequisite to 

awareness [17]. In DOC, the two components of consciousness dissociate and become 

disrupted, leading to dysfunction. The three main stages of DOC comprise coma, 

vegetative state (VS) or unresponsive wakefulness syndrome (UWS), and minimally 

conscious state (MCS) [15], [16], [18].  

The coma stage occurs during the initial phase post-injury, when patients enter 

into a comatose state characterized by a complete lack of wakefulness or awareness, 

with no sleep-wake cycles or ability to be woken through stimulus [13], [15]. Patients 

who survive generally emerge from coma within 2-4 weeks, and enter into the VS or 

UWS stage, in which they are capable of wakefulness but do not exhibit behavioural 

signs of awareness [15]. Patients in VS have complete or partial preservation of 

autonomic life-sustaining functions through the brainstem and hypothalamus, and exhibit 

cycles of eyelid closure and re-opening that mimic sleep-wake cycles. However, they are 

completely incapable of interactions with the environment [19]. VS is deemed to be 

continuing if it occurs for more than 1 month, and permanent if it occurs for more than 6 

months [20].  

The next stage of recovery is typically MCS, in which patients exhibit limited, but 

definite and reproducible, behavioural signs of awareness of the self or environment. 

These behaviours include the ability to follow simple commands, produce gestural or 

verbal yes/no responses to external stimulus (irrespective of response accuracy), and 
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demonstrate purposeful behaviours (e.g. eye movements and affective responses) that 

are not due to reflexive activity [15], [16]. Continued recovery leads to the confusional 

state characterized by further return of cognitive and motor functions, and the degree of 

such recovery is crucial to determining the eventual patient quality-of-life outcomes [16]. 

It should be noted that DOC also encompasses other states of dysfunction such as 

locked-in syndrome, in which an individual possesses intact cognitive functions, but has 

complete or near-complete loss of motor capacity [15]. Additionally, MCS has also been 

suggested to range from MCS– on the lower end (corresponding to the return of minimal 

non-reflexive movements), to MCS+ on the upper end (corresponding to the ability to 

follow commands) [21]. Nonetheless, given that diagnosing the presence or absence of 

awareness in a patient is critical to clinical decision-making (such as access to 

intervention or rehabilitation treatment), the distinction between VS and MCS remains 

the most crucial factor in determining effective clinical management and improving 

patient outcomes.  

 
Figure 1.1.  Disorders of consciousness.  
A) The two main components of consciousness. B) Main states of DOC comprising coma, VS, 
MCS and LIS. C) Evolution of DOC states during typical course of recovery. Checkmarks indicate 
presence, X’s denote absence.  

1.1.2. Assessment of Consciousness 

No objective measurement of consciousness is currently possible. As a result, 

diagnosis of consciousness is heavily reliant on the interpretation of clinical signs 

through behavioural assessments [15]. Numerous established clinical scales exist, such 

as the Glasgow Coma Scale (GCS) which examines ocular, motor, and verbal 

responses to external stimuli [22] (Figure 1.2); the Coma Recovery Scale-Revised (CRS-
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R) which evaluates a variety of behaviours ranging from visual, auditory, verbal, to motor 

limb responses [23]; the Cerebral Performance Category (CPC) which evaluates a 

variety of cognitive and behavioural outcomes [24], [25]; and the Levels of Cognitive 

Functioning Scale (LCFS) which examines primarily verbal responses to external cues 

[26]. However, despite the advantages of practicality and accessibility, these behaviour-

based assessments are highly dependent on the clinicians’ subjective interpretation and 

are also susceptible to the mind-motor disconnect, in which a cognitively aware 

individual is unable to produce overt behavioural indicators due to their brain injury [27], 

[28]. As a result, behaviour-based tests have been shown to have high misdiagnosis 

rates of up to 43%, and there has been little improvement in assessment accuracy over 

the last two decades [29]. There is thus a critical need for technologies that enable more 

objective evaluations of brain function.  

 
Figure 1.2. Glassgow Coma Scale for measuring consciousness. 

In recent years, neuroimaging advances have increasingly enabled more 

objective, physiology-based assessments of brain structure and function. For instance, 

structural imaging technologies like magnetic resonance imaging (MRI) and computed 

tomography (CT) have demonstrated significant clinical utility in providing information 

about the location and extent of damage to brain tissue [30]. On the other hand, 

functional imaging technologies such as positron emission tomography (PET) and 

functional MRI (fMRI) have allowed the measurement of brain metabolic activity and 

task-specific cortical activations, respectively [16], [31]. Indeed, studies using fMRI have 

demonstrated compelling evidence of preserved conscious awareness in DOC patients, 

as individuals diagnosed to be VS have been shown to exhibit cortical activations 

consistent with imagining playing tennis and walking about their home [32], low-level 

sensory processing of sound stimuli [33], and high-level speech comprehension [33]–
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[35]. Nonetheless, these imaging technologies are also hindered by numerous 

challenges. For instance, they are all large, fixed-infrastructure devices that tend to be 

costly and cumbersome, and thus cannot be easily deployed to the patient bedside or in 

community settings. Additionally, CT and PET are both invasive and require the use of 

radiation or the injection of radio-nucleotides, which is not ideal, particularly in situations 

requiring repeated follow-up testing. Moreover, functional imaging techniques like fMRI 

are based on the neural hemodynamic response which occurs on the order of seconds, 

while neuronal function is largely based on the generation and propagation of electrical 

activity occurring on the order of milliseconds. This lack of temporal resolution renders 

techniques like fMRI incapable of capturing the rapid changes in brain electrical activity. 

Improving brain function assessments thus requires the development of noninvasive, 

portable, and cost-effective techniques that can provide objective, physiology-based 

information about brain health. Moreover, assessments that facilitate rapid application 

and easy data interpretation would further enable effective ongoing tracking of brain 

function in monitoring pathological changes or recovery. 

Electroencephalography (EEG) is a non-invasive technology for measuring the 

brain’s electrical activity, and enables brainwave recording with millisecond resolution. 

EEG-based techniques like event-related potentials (ERPs) utilize sensory-driven 

experimental paradigms to assess brain responses to specific stimuli, and allow for the 

evaluation of a variety of brain functions such as sensation, attention, and language 

processing [36]. Although traditional ERP studies have largely been restricted to 

research laboratory settings due to their requirements for larger, relatively cumbersome 

EEG hardware and long testing times, recent advances in ERP technology have enabled 

the rapid evaluation of multiple brain functions in more point-of-care settings. For 

instance, the Halifax Consciousness Scanner (HCS) utilizes portable EEG hardware 

combined with an innovative, condensed auditory stimulus paradigm to evaluate ERP 

indices corresponding to a spectrum of brain functions spanning sensation (N100), 

attention (P300), language processing (N400), and memory (ENE) in approximately 5 

minutes [37]–[39]. Subsequent developments such as the brain vital signs framework 

built upon the prior HCS technology to leverage robust, well-established ERP markers 

including N100, P300, N400 to assess brain function in a rapid auditory sequence (~5 

minutes duration) [40]. The brain vital signs technology was validated in healthy 

individuals across a broad age range [40], and the elicited cortical responses have been 
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validated against traditional laboratory-based paradigms [41]. Other developments 

include the creation of an electrophysiological marker of contextual orientation as part of 

the brain vital signs framework; this function corresponds to the brain’s processing of 

information related to the “here and now”, and is well-known to have clinical significance 

in the assessment of concussion and aging-related cognitive decline, but no objective 

measures had been possible until now [42]. Further research has expanded the brain 

vital signs framework from auditory to visual modality to accommodate demographics 

with different sensory requirements, such as functional assessments in the elderly in 

whom auditory functions are known to decline with age [43]. Crucially, these advances in 

portable ERP technology have also demonstrated clinical utility in assessing brain 

function in point-of-care settings, with studies showing that the brain vital signs 

technology detected functional change in mild TBI including concussive and sub-

concussive injury in athletes [44], while the HCS has shown efficacy in augmenting 

clinical consciousness assessments for severely brain-injured patients with VS [45], [46].  

Despite the advantages of portable ERP-based technology in enabling point-of-

care brain function assessments, some critical limitations remain. Because ERP 

paradigms involve evaluation of brain responses to external stimuli, these technologies 

all require the participant to have intact sensory function through which the brain may 

receive the stimulus. However, this is not always possible in patients with severe ABI, 

particularly those with VS or MCS. Thus, enhancing brain function assessments for VS 

or MCS patients requires the development of new technologies that do not depend upon 

sensory interactions with the patient, and which are possible when the patient is “at rest”.  

1.1.3. Precuneus and Consciousness  

Studies have shown that the activity of certain regions in the brain reflect the 

underlying levels of consciousness, and are implicated in DOC. This is especially true for 

the precuneus, which is situated in the medial posterior parietal cortex, and is especially 

important in sustaining consciousness [47]. The region exhibits one of the highest 

resting metabolic rates amongst all areas of the brain [48], and is highly connected with 

other brain regions through extensive axonal networks [49]–[52]. The precuneus is 

involved in high-level cognitive processes such as visuo-spatial imagery [53]–[55], 

episodic memory retrieval [56]–[58], and self-related processing [59]–[61]. Additionally, 

the precuneus is also a critical hub of the default mode network (DMN), a network of 
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brain regions exhibiting increased activity under rest-like conditions and reduced activity 

during tasks [50], [62]. Crucially, studies have shown that precuneus characteristics such 

as metabolic rate and the degree of functional connectivity with other DMN regions are 

correlated with the level of consciousness in DOC patients (Figure 1.3) [15], [63]  

These findings suggest that objective evaluation of consciousness in DOC 

patients may be possible through techniques that capture precuneus function. However, 

as prior studies reporting precuneus measurements generally utilized fixed-infrastructure 

neuroimaging techniques, these assessments are not suitable for deployment to the 

bedside. A new technique is needed that can provide information about precuneus 

activity using a more portable platform.  

 
Figure 1.3 Precuneus characteristics. 
A) Anatomical location of the precuneus (red). B) PET results showing reduced metabolism of 
precuneus region (red outline) in patients with DOC [15]. Image reproduced with permission. C) 
Functional connectivity, as measured by fMRI time course correlations between precuneus and 
other regions of the DMN, is correlated with level of consciousness in DOC patients [63]. Image 
reproduced with permission. D) Structural connectivity showing high extent of axonal fiber tracks 
connecting the precuneus region (red circles) with other regions of the DMN, measured using 
diffusion tensor imaging [50]. 

1.1.4. Blink-Related Oscillations 

Spontaneous blinking is a ubiquitous phenomenon that has generally not been 

considered to have much importance in cognition. Blinking occurs on average 15-20 

times per minute with each blink lasting about 150-300 ms in duration [64]–[66], and has 

traditionally been associated with the physiological function of corneal lubrication. 
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However, recent behavioural studies are increasingly suggesting that there may be a link 

between blinking and cognitive processing [67]–[69]. For instance, blinking tends to 

occur at moments of low attentional demand, such as punctuation marks when reading 

[70], speaker pauses when listening to speech [71], and scene changes when watching 

videos [72], while blink rates are also modulated by changes in attentional demand and 

cognitive load [67], [68]. However, the mechanism behind blink-related neural processes 

have not been elucidated. 

Blink-related oscillations (BROs) are a recently discovered neurophysiological 

phenomenon associated with spontaneous blinking, in which brain electrical activity 

peaks at approximately 300ms following the blink [73], [74] (Figure 1.4A). Previous EEG 

studies suggested that these responses may originate in the precuneus region which is 

known to be associated with environmental monitoring and awareness [74]–[76] (Figure 

1.4B), and represent neural processes as the brain evaluates each new image 

appearing before the eyes following eye re-opening [74], [76]. Critically, these responses 

have also been shown to have potential clinical utility in the evaluation of consciousness 

in DOC patients, as previous studies using a small sample of patients reported that BRO 

effects differentiated between healthy controls and patients with VS and MCS [74] 

(Figure 1.4C). As a potential avenue for consciousness assessments in DOC patients, 

BRO responses have several important advantages: First, both VS and MCS patients 

are known to have blinking capacity, which makes these measurements possible in both 

of the main DOC states of clinical interest. Second, BRO measurements do not require 

sensory stimulation of the patient or specific interactions with the patient, which makes 

this response applicable to those with severe ABI who may not be eligible for other ERP 

testing (e.g. HCS, brain vital signs). Additionally, BRO responses can be detected using 

EEG, which is well-suited for translation to a point-of-care platform for bedside 

evaluation. Finally, BRO responses have millisecond temporal resolution, potentially 

providing a wealth of information about the underlying neurodynamics across various 

DOC states, which is not possible with techniques like fMRI.  
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Figure 1.4.  BRO effects in previous literature.  
A) BRO time course activity in healthy adults (dark black line). B) BRO responses activate 
precuneus region (red). B) BRO response amplitudes differ across healthy control, VS, and MCS 
patients. Images obtained from reference [74], [76], reproduced with permission. 

1.1.5. Key Challenges 

Despite the promising early findings about this new phenomenon, previous BRO 

studies were also hindered by numerous drawbacks: 1) These studies all used low-

density EEG with only 19 channels [73], [74], [76], [77], which had limited spatial 

resolution for localizing cortical sources of BRO activity (more details in Section 1.2) [78]; 

2) these studies did not utilize controlled sensory environments during data collection, 

which introduced experimental confounds due to potential alternative sensory inputs; 

and 3) these studies were all conducted in very small sample sizes ranging between 7 

and 12 participants. Combined with the traditional view within the biomedical engineering 

and neuroimaging communities that regards blinking as a “nuisance factor” to be 

eliminated from data, these major limitations in the prior BRO literature led to skepticism 

and uncertainty in the reported findings. The BRO response was not deemed a serious 

scientific phenomenon as a result. 

To evaluate the potential clinical utility of the BRO response as a diagnostic 

marker of conscious awareness in DOC patients, key challenges must first be 

addressed: 1) critical foundational research must first be conducted to establish the BRO 

response as a serious scientific phenomenon; 2) the potential role of BROs in 

neurocognitive processing must be investigated to determine whether BROs represent a 

cognitive rather than automatic response; and 3) because the eventual target of BRO 

application is brain function assessments at the bedside, the translation of this 
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measurement into a portable platform for point-of-care evaluation must also be 

investigated. 

The overall goal of this doctoral thesis is to address these challenges as a first 

step towards developing a future BRO-based diagnostic platform for brain function 

assessment that is capable of point-of-care evaluation.  

1.1.6. Overview of Proposed Research  

The overarching goal of this research is to develop an objective measure of 

conscious awareness using BRO responses as a new window into brain function. The 

overall hypothesis is that BRO responses represent blink-related neural processes that 

are cognitively driven and can also be measured using few sensors. The proposed  

research comprises three component studies that address each of the key challenges 

mentioned in the previous section (Figure 1.5). The studies are as follows: 

Study I.    Investigate BRO responses at rest to establish their scientific validity 

Study II.   Investigate BRO responses under cognitive loading to determine cognitive 

modulations 

Study III.  Develop signal denoising technique to measure BRO responses using few 

sensors 

 
Figure 1.5. Overview of proposed research program and component studies. 
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Study I.    Investigate BRO responses at rest to establish their scientific 
validity 

This study aims to examine the temporal, spectral, and neuroanatomical 

characteristics of the BRO response in healthy adults under rest-like conditions to 

determine the scientific validity of BROs. To address the limitation of low spatial 

resolution in previous BRO studies which utilized EEG, the current research will 

utilize high-density (151 channel) magnetoencephalography (MEG) which has 

superior spatial resolution compared to EEG given that MEG measures neural 

activity through the associated magnetic fields which are not susceptible to 

distortions caused by differences in tissue conductivity (more details in Section 1.2) 

[79]. Additionally, to minimize potential experimental confounds due to alternative 

sensory inputs, the current research will utilize a controlled sensory environment in 

which the only external sensory input present will be an unchanging visual fixation 

cross. Moreover, the study will measure BRO responses in 41 participants, which is 

a much larger sample size compared to previous studies which utilized sample sizes 

of no more than 12. Rigorous analysis will be performed to first remove signal 

contamination due to physiological and environmental noise (especially the blink 

ocular artifact), then the BRO response will be extracted and examined at both the 

sensor and source levels.  

The specific hypotheses for this study are as follows: 

1) BRO response exhibits peak signal power at the sensor level occurring within 

the 200-400ms window post-blink 

2) BRO response activates the precuneus regions of the brain 

3) Sensor-level characteristics are also reflected in the source-level activity 

within the precuneus regions 
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Study II.   Investigate BRO responses under cognitive loading to examine 
the cognitive implications of this phenomenon 

This study aims to examine the temporal, spectral, and neuroanatomical 

characteristics of the BRO response in healthy adults during the performance of a 

challenging cognitive task to determine whether BRO responses are cognitively 

driven (n=22). The premise for the study is that, if BROs indeed represent a cognitive 

phenomenon, the BRO responses should reflect differences in underlying cognitive 

task conditions. Specifically, BRO responses should exhibit differential 

characteristics when participants are blinking spontaneously while performing a 

challenging cognitive task (e.g. mental calculation) compared to when spontaneous 

blinking occurs at rest (e.g. passive fixation on crosshair). This study will be 

conducted using MEG to enable localization of cortical sources of BRO activity, and 

the sensory environments will again be controlled such that both the mental 

calculation and passive fixation conditions utilize an unchanging crosshair as the 

only external sensory input. Data will be vigorously denoised to remove physiological 

and environmental noise prior to extracting and characterizing the BRO response. 

The specific hypotheses for this study are as follows: 

1) BRO brain responses are present during both the mental calculation and 

passive fixation tasks  

2) BRO effects exhibit differential characteristics between the two tasks 

Study III.  Develop a signal denoising technique to enable BRO 
measurements using few sensors  

As the ultimate goal is to create a portable platform for BRO measurements at 

the bedside, it is critical to develop analytical methods that do not rely on high-

density sensor arrays for BRO signal extraction. This study aims to develop a new 

signal analysis technique to enable artifact rejection and signal capture for 

measuring BRO responses using only a few EEG electrodes. Blink ocular artifact is 

the largest contributor of EEG noise and forms the main target for artifact rejection; 

however, the BRO signal of interest and blink ocular artifact share close temporal 

and spectral features that pose significant challenges in signal denoising. In 

particular, the BRO signal and blink artifact share common frequencies in the 
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spectral domain, and exhibit only ~90ms separation between their full-width-at-half-

max (FWHM) in the time domain. This renders existing techniques such as 

regression-based methods ineffective as the signal and artifact are correlated. 

Additionally, the low sensor density also precludes the use of established techniques 

like independent component analysis (ICA), as ICA requires high-density sensor 

arrays to produce accurate results. In this study, a new signal analysis technique is 

developed using short-time Fourier transform (STFT) combined with time-frequency 

masking to enable feature-based selection for isolating the BRO response. The 

technique is validated using 64-channel EEG data collected from healthy adults 

(n=36), and results are compared with those of ICA. Outcomes are also 

demonstrated using raw EEG data from only 4 sensors (Pz, POz, T7 for reference, 

and Fp2 for vertical electrooculogram) to demonstrate applicability using only few 

sensors.  

The specific hypotheses for this study are as follows: 

1) The new technique produces temporal and spectral features that are 

comparable with those of ICA at both individual and group levels 

2) The new technique significantly reduces ocular contamination due to blinking, 

comparable to results from ICA denoising 

3) The new technique enables BRO signal capture in both time and frequency 

domains, and outcomes are correlated with those of ICA at the individual 

level 

4) The new technique is capable of noise rejection and signal capture when 

using raw data from only 4 sensors (i.e. Pz, POz, T7, and Fp2) 

 

1.2. Technical Background 

1.2.1. Advantages of MEG/EEG 

MEG and EEG are complementary functional brain imaging techniques; the 

former measures the magnetic induction produced by the electrical activity of neuronal 
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assemblies, while the latter records the volume-conducted scalp electric potentials 

produced by the same neuronal assemblies [80]. MEG and EEG have numerous 

advantages among the various functional brain imaging modalities (Table 1.1): First, 

both techniques are non-invasive and amenable to repeated measurements, unlike 

fluorodeoxy-glucose positron emission tomography (FDG-PET) and single photon 

emission computerized tomography (SPECT) which utilize radio-labeled molecules to 

assess the brain’s glucose metabolism and regional blood flow, respectively [81]. In 

addition, both MEG and EEG provide direct measurements of neuronal electrical activity, 

unlike fMRI which relies upon the neural haemodynamic response to provide indirect 

information about brain function. Crucially, both MEG and EEG have high temporal 

resolution on the order of milliseconds (Figure 1.6), which allows for the evaluation of 

cortical temporal dynamics that typically occur on the order of tens of milliseconds. In 

comparison, the temporal resolution of PET and SPECT are limited by the underlying 

physiological processes and are typically on the order of minutes, while the temporal 

resolution of fMRI is on the order of seconds [80]. Nonetheless, while MEG’s spatial 

resolution is much better than that of EEG, it still does not surpass that of fMRI which 

can be as high as 1 mm2 [80]. On the other hand, EEG has the greatest potential for 

portability compared to all other techniques, which is a critical advantage in the 

development of point-of-care assessment tools.   

Table 1.1. Overview of different imaging modalities [82]. 
 

FDG-PET  SPECT  fMRI  EEG  MEG  
Measurement of  
Neuronal Activity  

Indirect  Indirect  Indirect  Direct  Direct  

Underlying Biological 
Process  

Metabolic 
Activity 

Regional 
Cerebral Blood 

Flow 

Haemodynamic 
Response 

Neuroelectrical 
Potentials 

Neuromagnetic 
Fields 

Invasiveness Yes Yes No  No No  
Confined Space Yes Yes Yes No Yes 

Radiation Yes Yes No No No 
Cost of Equipment $8,000,000  $350,000  $2,000,000  $100,000  $2,000,000  

User Fees $1,500  $1,000  $800  $150  $600  
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Figure 1.6.  Temporal and spatial resolution of different imaging modalities. 
Information obtained from Lystad et al. [82]. 

1.2.2. Signal Origins 

Neurons are roughly composed of dendrites that receive input, soma or cell body 

that processes input, and axons that conduct signals to other neurons through synaptic 

junctions. When a neuron is sufficiently excited by incoming information, an action 

potential (AP) is generated in the form of a large electrical impulse which travels down 

the axon towards the axon terminals, where chemical molecules known as 

neurotransmitters are used to transmit information across the synaptic cleft to the 

dendritic terminals of the post-synaptic neuron. These inputs produce post-synaptic 

potentials (PSPs) which are then processed by the post-synaptic neuron (Figure 1.7A). 

Whereas action potentials are extremely large and rapid (~100mV in amplitude, 

~1ms in duration), PSPs are both smaller and slower in comparison (~10mV in 

amplitude, ~20ms in duration) [83]. Excitatory PSPs produce an intracellular flow of 

positive charge down the apical dendrite towards the neuronal soma, creating the 

primary current. The primary current in turn induces magnetic fields and associated 

electric fields that propagate through the extracellular conductive tissues, with the 

resulting flow of charge forming secondary or volume currents [80]. Because PSPs are 

slower in duration, the temporal overlap between PSPs from many neurons within a cell 

assembly creates a cumulative net PSP which forms the source or impressed current, 

with an associated magnetic field that wraps around the current according to the right-

hand rule (Figure 1.7B,E). In contrast, the faster APs do not sufficiently overlap in time to 

produce significant signal summation across many neurons. As synchronous activity 
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from large numbers of neurons (~10,000 to ~50,000) are required to produce a signal 

detectable on MEG [84], the primary origin of MEG signal consists of PSPs rather than 

APs.  

 
Figure 1.7.  Origins of the EEG/MEG signal.  
A) Primary current through the apical dendrites of pyramidal neurons induce magnetic fields 
which propagate through the rest of the neural tissue. Image reproduced from reference [83] with 
permission from publisher. B) PSPs from many neurons sum to create a cumulative PSP, while 
the much faster APs do not sufficiently overlap in time to allow for summation. Image reproduced 
from reference [83] with permission from publisher. C) Sample morphology of pyramidal neuron in 
rat somatosensory cortex. Image reproduced from reference [85] with permission from publisher. 
D) Hippocampal pyramidal neurons with downward aligned apical dendrites, labeled with yellow 
fluorescent protein and imaged at 40X. Source: https://www.uthsc.edu/neuroscience/imaging-
center/. E) The cumulative effect of many primary currents create a net source current or 
impressed current with an associated magnetic field, which is detectable on MEG.  

Given their elongated apical dendrites that form a parallel structural arrangement 

perpendicular to the cortex, the spatial configuration of large pyramidal neurons are 

highly conducive to PSP signal summation across neuronal populations (Figure 1.7C,D). 

As such, they are believed to be the primary generators of MEG and EEG signals [80].  

The primary currents induce electromagnetic fields that propagate through the 

conductive media of the head (e.g. brain, cerebral spinal fluid, skull, scalp). This 

movement of charges through conductive media is known as volume conduction. 
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Different head tissues vary widely in their electrical conductivity (e.g. from 0.143-0.33 

S/m in gray and white matter to 1.53 S/m in cerebral spinal fluid and 0.0054 S/m in 

bone), but exhibit uniform magnetic permeability [79]. As a result, the propagation of the 

magnetic fields is not distorted by differences in head tissue, while the associated 

electric fields produce secondary currents (also known as return or volume currents) that 

do vary depending on tissue conductivity. Both primary and secondary currents 

contribute to magnetic fields outside the head, and are detectable on MEG. On the other 

hand, EEG measures the scalp electrical potentials that result from volume conduction, 

and thus only measures secondary currents. Consequently, EEG is highly sensitive to 

signal distortions arising from differences in tissue conductivity, and has poorer spatial 

resolution compared to MEG [78]. Nonetheless, the signals detected in both MEG and 

EEG result from the superposition of simultaneous activity from all sources in the brain, 

and do not reflect any individual sources. 

The folded structure of the cortical surface contains outer ridges (or gyri) and 

inner fissures (or sulci), which result in primary currents that have components in the 

tangential or radial directions depending on their location on the cortex (Figure 1.8). As 

MEG relies on magnetic field propagations to induce current in sensors positioned 

outside the scalp, only the tangential components of currents is detectable on MEG. On 

the other hand, EEG measures scalp electrical potentials irrespective of current 

orientation, so can detect both tangential and radio currents.  

 
Figure 1.8.  Current orientations on cortex. 

 

1.2.3. MEG Instrumentation 

The brain’s magnetic fields are extremely small, on the order of 10-14 to 10-12
 

Teslas. This is comparable to the magnetic fields generated by a passenger car 
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approximately 2 km away, and is 109 times smaller than the Earth’s magnetic field 

(Figure 1.9).  

 
Figure 1.9. Magnetic fields from different sources. 
Blue bar indicates range of signals detected by the MEG’s SQUID sensor. Reproduced from 
reference [86] with permission from publisher. 

MEG measures neuromagnetic fields that extend beyond the scalp. MEG 

systems typically utilize sensors known as superconducting quantum interference 

devices (SQUIDs) which are immersed in a helmet-shaped dewar filled with liquid helium 

at 4K or -269°C (Figure 1.10A). SQUIDs consist of a superconducting loop containing 

either one or two quantum tunneling Josephson junctions (RF or DC SQUIDS, 

respectively). The SQUIDS are coupled to flux transformers, which are also 

superconducting wire loops typically made of niobium, and are also immersed in liquid 

helium. The flux transformers have different configurations designed to enhance the 

sensitivity of the SQUIDS to neuromagnetic fields while reducing the impact of external 

magnetic noise (Figure 1.10B). The simplest flux transformer is a magnetometer 

comprising a single loop or pick up coil, which is connected to a smaller loop coupled to 

the SQUID. The magnetometers detect magnetic field components that are normal to 

the plane of the loop. Besides magnetometers, another kind of flux transformer is axial 

gradiometers, which consist of two loops which are wound in opposite directions and 

aligned along an axis perpendicular to the surface being measured. Further to axial 

gradiometers, planar gradiometers also comprise two loops wound in opposite 

directions, but with the loop surface parallel to the surface being measured. The 

advantage of axial and planar gradiometers is that, while they capture magnetic fields 

that change over the distances covered by the gradiometers, the contribution from 

magnetic fields that remain constant over these distances will be canceled as the 
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induced currents will flow in opposite directions in the two coils. This makes 

gradiometers more sensitive to neuromagnetic fields that change over the dimensions of 

the head, but less sensitive to environmental noise which tend to remain more constant 

over small distances. 

MEG systems are typically housed in magnetically shielded rooms. Shielding is 

achieved using layers of both µ-metal (e.g. nickel-iron alloy) which has high magnetic 

permeability and enables shielding against low-frequency magnetic noise, and aluminum 

which effectively attenuates high-frequency magnetic fields.  

 

 
Figure 1.10. MEG device instrumentation. 
Schematic illustration of MEG hardware, with a single SQUID sensor and associated flux 
transformer inside the dewar. B) Illustration of flux transformer configurations including 
magnetometer (top) and axial and planar gradiometers (bottom, blue). Images from A and B 
reproduced from reference [87] with permission. C) Image of participant in MEG. D) Image of 
shielded room that houses the MEG.  
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1.2.4. EEG Instrumentation 

In order to record electrical potentials at the scalp, traditional EEG utilizes 

electrodes that interface with the scalp surface through electrolytic gel in order to convert 

ionic currents in the body to electrical currents that can be measured. A commonly used 

electrode is Ag-AgCl, which comprises a silver metal base coated with a layer of the 

ionic compound silver-chloride (Figure 1.11). The electrolyte is an aqueous solution 

containing a high concentration of chloride ions (commonly potassium chloride).  

 
Figure 1.11. Schematic of Ag-AgCl electrode interface. 

At the electrode-electrolyte interface, the charge balances are maintained by the 

oxidation-reduction reactions shown below: 

𝐴𝑔	 ↔	𝐴𝑔% +	𝑒(    (1.1) 

			𝐴𝑔 +	𝐶𝑙( 	↔ 	𝐴𝑔𝐶𝑙 +	𝑒(    (1.2) 

However, when volume-conducted ionic currents reach the scalp, these excess charges 

cause imbalances in the local skin-electrolyte interface, which produces movement of 

ions within the electrolyte. These movements alter the chemical and charge balances at 

the electrode-electrolyte interface, disrupting the equilibrium state of these reactions. 

The process of re-establishing the chemical and charge equilibrium at the electrode-

electrolyte interface results in net movement of charge through the electrode and 

produces current flow. 

Ag-AgCl electrodes have several advantages for biological measurements. For 

instance, electrodes are characterized by their half-cell potential, which is the voltage 

exhibited by the electrode at equilibrium. Given that half-cell potentials cause drifts in the 
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signal over time, the low half-cell potential of Ag-AgCl electrodes make them well-suited 

for biological measurements [88]. In addition, Ag-AgCl electrodes also exhibit 

characteristics that closely approximate a nonpolarizable electrode which allows the free 

flowing of charges across the electrode-electrolyte interface [89]. Moreover, compared to 

pure metallic Ag electrodes, Ag-AgCl are also more resistant to electric noise, 

particularly at low frequencies. These characteristics are crucial when recording EEG 

which are primarily low frequency signals. 

EEG signals are measured with respect to a reference electrode, which is 

typically positioned on a part of the head away from the desired signal (e.g. mastoid, 

earlobe, etc). The voltage difference between the reference and recording electrodes are 

then amplified through instrumentation amplifiers, which serve to increase the signal-to-

noise ratio (SNR) of the signal. A key distinction between EEG and MEG is that, while 

EEG measures the voltage differential between two electrodes, MEG recordings are 

reference-free.  

1.2.5. Forward Modeling 

In both MEG and EEG, the goal is to investigate characteristics of the current 

sources within the brain by making measurements through sensors outside the head. 

Estimating source properties given external signal measurements is known as solving 

the inverse problem. However, this requires first understanding the scalp surface 

potentials and external fields that would be produced by a known current source given a 

particular set of geometries and conductive properties for an individual’s head (i.e. 

solving the forward problem).  

The fundamental principles behind both EEG and MEG are Maxwell’s Equations:  

 ∇ ∙ 𝐄 =	 /
01

       (1.3) 

∇ ∙ 𝐁 =	0      (1.4) 

	∇ × 𝐄 = 	− 5𝐁
56

       (1.5) 

∇ × 𝐁 =	𝜇8(𝐉 +	𝜀8
5𝐄
56

)     (1.6)  



22 

where r is the charge density, 𝐉 is the current density, 𝐄 is the electric field, and 𝐁 is the 

magnetic field. The constant 𝜀8 is the permittivity of free space, and 𝜇8 the permeability 

of free space. The magnetic permeability of tissue is assumed to be the same as that of 

free space [90].  

Given that magnetic fields from biological sources occur in frequencies below 

1kHz and the distances between neural sources and scalp sensors are relatively small, 

the propagation times for biomagnetic fields are negligible at neurophysiological 

frequencies [80], [90]. As such, the quasi-statistic approximations of Maxwell’s Equations 

may be used in describing biomagnetic fields [80], [90]. Under these approximations, 
5𝐁
56
= 0 and 5𝐄

56
= 0, resulting in the following: 

∇ ∙ 𝐄 =	 /
01

       (1.7) 

∇ ∙ 𝐁 =	0      (1.8) 

	∇ × 𝐄 = 	0       (1.9) 

∇ × 𝐁 =	𝜇8𝐉      (1.10)  

The Biot-Savart Law can then be derived from these equations in the form: 

𝐁(𝐫) = 	 ?1
@A ∫ 𝐉(𝐫C) × 𝐫D

|𝐫(𝐫D|𝟑
𝑑𝐫CH

IJ    (1.11)  

The Biot-Savart law describes the behaviour of the magnetic fields generated by current 

source 𝐉 at location 𝐫C. However, the total magnetic field outside the head will have 

contributions from both the primary current and volume-conducted secondary currents. 

Under the simplifying assumption that the head consists of a set of contiguous regions 

each of isotropic conductivity σL representing the brain, skull, and scalp, the Biot-Savart 

law can be rewritten as the sum of the magnetic field due to the primary current 𝐁𝟎(𝐫), 
and that due to the volume currents:  

𝐁(𝐫) = 𝐁𝟎(𝐫) +
?1
@A
∑ (σL − σO) ∫ VH

QRSLO (𝐫C) × 𝐫(𝐫D

‖𝐫(𝐫D‖𝟑
× 𝑑𝐒C𝒊𝒋   (1.12)  

𝐁𝟎(𝐫) = 	
?1
@A ∫ 𝐉X(𝐫C) × 𝐫D

|𝐫(𝐫D|𝟑
𝑑𝐫CH

IJ      (1.13) 
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𝐕𝟎(𝐫) = 	
Z

@A[1
∫ 𝐉X(𝐫C) × 𝐫D

|𝐫(𝐫D|𝟑
𝑑𝐫CH

IJ      (1.14) 

The second term in equation 1.12 represents contributions from the volume currents, 𝐁𝟎 

is the magnetic field due to the primary current 𝐉X, and 𝑉(𝐫C) represents the surface 

potential on different tissue layers. 𝐕𝟎(𝐫) is the potential at 𝐫 due to the primary current. 

The magnetic field contributions from volume currents are thus computed as sum of 

surface integrals over boundaries at the brain-skull, skull-scalp, and scalp-air interfaces 

[90], [91]. Thus, the primary current magnetic field depends only on source properties, 

while the volume current magnetic fields depend on properties of the conductive media.  

Primary current sources in forward modeling are typically modeled as equivalent 

current dipoles over small patches of cortex, as current dipoles are a convenient way to 

represent coherent activation of a large group of pyramidal neurons. Volume conductor 

models are constructed to describe the properties of the conductive medium, including 

both the electrical properties of different tissues (e.g. brain, skull, skin) and the geometry 

of the different tissue compartments within the head. Electrical properties of different 

tissues are based on results from ex-vivo studies [80], while geometric properties require 

either analytical or numerical solutions to solve the forward problem. For instance, while 

analytical solutions may be derived for simpler geometric shapes (e.g. single sphere, 

concentric spheres), more realistic volume conductor models utilize geometries 

extracted from structural MRI images of the head. A commonly used technique in EEG 

forward modeling is the boundary element method (BEM), which models the boundaries 

between different tissues in the head including skin, skull, brain, and CSF using 

triangulated surfaces. This technique assumes that the head tissues between adjacent 

boundaries are isotropic and homogeneous [92]. Another technique is the finite element 

method (FEM), which models volumes using pyramid-shaped tetraeders which can each 

have its own conductivity. Although FEM is more accurate than BEM for volume 

conduction modeling given its ability to describe noninotropic tissue conductivity, it is 

more computationally resource-intensive [93].  
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Figure 1.12. Sample BEM head model derived from MRI. 
Source: http://epileptologie-bonn.de 

1.2.6. Inverse Modeling 

The inverse problem of deriving the cortical source current properties from 

externally recorded MEG or EEG sensor data is severely underdetermined, as the 

number of external sensors is typically on the order of ~100, whereas the number of 

possible unknown cortical sources is much greater [80]. The different approaches used 

to solve the inverse problem generally fall into 3 main categories: dipole fitting, 

distributed source modeling, and spatial filtering. 

Dipole Fitting 

Dipole fitting includes both single dipoles and multiple dipoles, and assumes that 

there is a priori knowledge of the number of dipolar sources [80]. The goal of dipole 

modeling is to manipulate the source parameters in order to minimize the error between 

the modeled and measured data, with the source parameters comprising the location, 

orientation, and strength of each dipole. Orientation and strength are modeled together 

as vectors in 3D space, while the position is modeled separately. The procedure 

involves an iterative process of computing the modeled data for a given set of position, 

orientation, and strength parameters, then minimizing the difference between the 

modeled and actual data. Multiple sources are treated as a linear superposition of the 

field distributions from each source. The data can thus be modeled as follows: 

𝐦 = 𝐀 ∙ 𝐪       (1.15) 
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where 𝐦 = {mZ…mc} is a vector containing the modeled data from N sensors, 𝐪 =

{qZ …qf} is the source vector containing p dipolar sources, and 𝐀 is an N ´ P matrix 

known as the lead field or gain matrix, which describes how a unit source dipole moment 

propagates through the volume conductor model given its particular conductivity and 

geometric properties.  

To determine the source location, a parameter optimization procedure is utilized 

in which the sum of squared error is minimized between the modeled and measured 

data as follows: 

𝑚𝑖𝑛	(𝐘 − 𝐀 ∙ 𝐪)k     (1.16) 

where 𝐀 ∙ 𝐪 is the modeled data, and 𝐘 denotes the actual measurements from N 

sensors. However, while grid search approaches can theoretically cover all possible 

location variables in order to find the global minima, these approaches are 

computationally impracticable given the extremely large number of possible location 

variables to be evaluated. Other approaches that utilize algorithms such as gradient 

descent are prone to local minima, and are thus highly dependent on initial conditions. 

Multiple sets of initial conditions are generally utilized in an attempt to determine 

convergent outcomes.   

Distributed Source Modeling 

Distributed source modeling assumes that source currents originate from the 

cortical surface, and thus do not estimate the location parameter in source modeling. 

Instead, the cortical surface is approximated using a predefined 3D grid (often derived 

from structural MRI) with dipoles located orthogonally to each grid compartment within 

the cortical surface (Figure 1.13), and only the strength of the dipole sources throughout 

the cortex is estimated. However, given that the number of sources is much greater than 

the number of sensors in the measuring instrument, there are an infinite number of 

possible source combinations that will fit the measured data. Regularization is thus 

needed to provide additional constraints in order to obtain a unique and sensible 

solution, which generally incorporates some prior knowledge about the source. 
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Figure 1.13.  Location and orientation of distributed sources. 
Location and orientation of source dipoles (blue arrows) distributed throughout the cortex. 
Source: http://www.fieldtriptoolbox.org/ 

Distributed source modeling thus involves the following procedure:  

𝑚𝑖𝑛l	{‖𝐘 − 𝐀 ∙ 𝐪‖k + 𝜆‖𝐃 ∙ 𝐪‖k}   (1.17) 

where 𝐘 is the measured data, 𝐪 is the source distribution, 𝐀 is the lead field matrix, 𝐃 is 

a matrix describing prior knowledge or assumption about the sources, and 𝜆 is the 

regularization parameter. The first term in equation 1.17 thus quantifies the total squared 

error between the measured and modeled data, while the second term in the equation 

represents the regularization term that ensures fit with prior assumptions. Minimum norm 

estimates (MNE) is a widely used distributed source modeling technique for source 

localization in MEG and EEG, and relies on minimizing the L2-norm, or power, of the 

source signal [94]. Although this technique does tend to bias towards sources closer to 

the cortical surface, it does not require many prior assumptions about source 

characteristics, which is advantageous when studying neural phenomena that are not 

well understood [95]. 

Spatial Filtering 

Techniques such as beamformers utilize spatial filters to scan one source 

location at a time in order to identify signals originating only from that source. A set of 

weights is constructed for each source location that forms a linear combination of the 

sensor data, such that signals from the target location are passed with unity gain while 

signals from other sources are nulled. The main disadvantage of beamforming 

techniques is that the source signals must be sufficiently uncorrelated to enable 

selective passing of one source while suppressing other sources, and neural 

phenomena in which multiple cortical sources exhibit correlated activity will thus be 

suppressed by the beamformer [80].  
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The simplest beamformer technique is the linearly constrained minimum variance 

(LCMV), which minimizes the output power of a linear filter under the constraint of unity 

gain at the location of interest:   

𝑚𝑖𝑛𝐖	𝑡𝑟𝑎𝑐𝑒t𝐖u𝑪w𝐖x     (1.18) 

subject to 𝐖u𝐀(𝐫y) = 𝐈 and 𝐂w = 𝐸(𝐦(𝑡)𝐦(𝑡)}), where 𝐀(𝐫y) is the gain matrix for an 

equivalent current dipole located at 𝐫y, and 𝐦(𝑡) denotes the set of measurements. The 

weight matrix 𝐖u can then be computed as follows: 

𝐖u(𝐫y) = [𝐀(𝐫y)u𝐂�(Z𝐀(𝐫y)](Z𝐀(𝐫y)u𝐂�(Z   (1.19) 

In the current research, as BROs represent a new neural phenomenon which is 

still not well-understood, it is not reasonable to make the assumption that its effects 

would be sufficiently uncorrelated to apply beamformer techniques. The decision was 

thus made to utilize distributed source modeling with MNE as the source localization 

approach in this research. 

1.2.7. Independent Component Analysis 

Independent component analysis (ICA) is a signal processing method for 

decomposing complex, multivariate data into their latent sources or components which 

are statistically independent. This technique is effective in solving the blind source 

separation problem, in which linear mixtures of independent source signals are 

separated into their component sources. The data model is expressed as follows: 

𝐱 = 𝐀 ∙ 𝐬     (1.20) 

where 𝐱 = {𝑥Z, … , 𝑥�} is the observed data mixture from N sensors, 𝐀 is an N ´ N mixing 

matrix, and 𝐬 = {𝑠Z, … , 𝑠�} contains the N independent source signals. The objective of 

ICA is to recover a version of the original source according to  

𝐮 = 𝐖 ∙ 𝐱     (1.21) 

where 𝐮 is identical to 𝐬 except for scaling and permutation, and 𝐖 is a square unmixing 

matrix that specifies a spatial filter which inverts the original mixing process.  
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ICA involves first whitening or sphering the data, which centres and removes 

correlations between channels in the data mixture. The procedure then separates the 

independent sources by minimizing the Gaussianity of the component signals. 

Gaussianity is classically measured through kurtosis which is a 4th order statistic that 

describes the sharpness of a distribution, defined for a function y as follows: 

kurt(y) = 𝐸{y@} − 3(𝐸{yk})k    (1.22) 

Kurtosis is zero for a Gaussian random variable. However, kurtosis is not a robust 

measure of Gaussianity due to its sensitivity to outliers, which is particularly problematic 

when applying ICA to experimental data [96].  

A different approach to measure Gaussianity is through entropy which measures 

the degree of randomness or uncertainty in a random variable, as a Gaussian random 

variable has the greatest entropy among all random variables with the same variance 

[96]. Gaussianity can be measured by assessing the distance from normality as 

represented by negentropy 𝐽(𝐲):   

𝐽(𝐲) = 𝐻t𝐲�H���x − 𝐻(𝐲)     (1.23) 

𝐻(𝐲) = −∫𝑓(𝐲) log 𝑓(𝐲) 𝑑𝐲    (1.24) 

where 𝐻(𝐲) is the differential entropy between a random vector 𝐲 and its density function 

𝑓(𝐲), and 𝐲�H��� is a Gaussian random vector with the same covariance matrix as 𝐲.  

Yet another approach to estimating Gaussianity focuses on minimizing the 

mutual information between different sources. Mutual information measures the amount 

of information that can be obtained about one random variable through observing 

another random variable, and is defined as follows: 

𝐼(𝐱; 𝐲) = 𝐻(𝐱) − 𝐻(𝐱|𝐲)     (1.25) 

𝐻(𝐱|𝐲) = 𝐻(𝐱, 𝐲) − 𝐻(𝐲)     (1.26) 

where 𝐻(𝐱) is the Shannon entropy similar to differential entropy described earlier, and 

𝐻(𝐱|𝐲) is the conditional entropy, and 𝐻(𝐱, 𝐲) is the joint entropy of 𝐱 and 𝐲 defined using 

the joint probability distribution of the two random vectors [97], [98]. Mutual information is 
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minimized by maximizing the joint entropy of the source random vectors. Sample ICA 

algorithms that use this approach include the popular information maximization or 

infomax algorithm, which is also used in the current research. 

1.2.8. Time-Frequency Analysis 

The classic Fourier transform enables a time series signal 𝑓(𝑡) to be 

decomposed into a set of sinusoidal basis functions in the frequency domain according 

to the following: 

𝐹(𝜔) = ∫ 𝑓(𝑡)	𝑒(O�6𝑑𝑡�
(�     (1.27) 

where 𝜔 = 2𝜋𝑓 is the frequency in radians. The inverse Fourier transform converts the 

frequency domain signal back into time domain: 

𝑓(𝑡) = Z
kA ∫ 𝐹(𝜔)	𝑒O�6𝑑𝜔�

(�     (1.28) 

A key assumption of the Fourier transform is that the time series signal is 

stationary, and that its spectral composition does not change with time. However, 

biological signals such as those measured in EEG and MEG are not stationary, making 

the Fourier transform unsuitable for analyzing such signals. In these cases, time-

frequency analysis is often performed using alternative approaches such as the 

continuous wavelet transform (CWT) to examine the time evolution of spectral content in 

a signal. CWT involves decomposing the signal into a set of basis functions created by 

stretching and compressing a template function known as the mother wavelet. The time-

series signal is then convolved with the wavelet basis functions: 

𝐹(𝑎, 𝑏) = (𝑓, 𝜓H,¢) =
Z
√H
∫ 𝑓(𝑡)	𝜓 ¤6(¢

H
¥𝑑𝑡�

(�    (1.29) 

where 𝜓H,¢ is a wavelet with scale parameter 𝑎 and time-shift parameter 𝑏.  

A commonly used basis function is the Morlet or Gabor wavelet (Figure 1.14), 

which is composed of a complex exponential multiplied by a Gaussian window:  

𝜓¦(𝑡) = 𝑐¦𝜋
(§¨	𝑒(

§
©6
©
	(𝑒L¦6 	−	𝜅¦)    (1.30) 
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where 𝜅¦ = 	𝑒(
§
©¦

©
 and 𝑐¦ = ¤1 + 𝑒(¦© − 2𝑒(

J
¨¦

©
¥
(§©. The parameter 𝜎 is a constant that 

determines the trade-off between time and frequency resolution, and is typically set to 

greater than 5.  

 
Figure 1.14. Morlet wavelet. 

 Given Heisenberg’s uncertainty principle, a trade off must be made between time 

and frequency resolution at all times. The Morlet wavelet is ideally suited to analyze 

physiological signals as it provides the optimal trade-off between time and frequency 

resolution [99], [100]: the temporal resolution is greater at higher frequencies when 

signals change faster, while the temporal resolution is lower at lower frequencies when 

signals are moving more slowly.  
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Chapter 2. BROs at Rest (Study I) 

This study is published as a peer-reviewed article in Frontiers in Human 
Neuroscience:  

Liu CC et al. (2017) “Spontaneous blinks activate the precuneus: Characterizing BROs 

using magnetoencephalography”. Frontiers in Human Neuroscience. 11:489.  

2.1. Abstract 

Spontaneous blinking occurs 15-20 times per minute. Although blinking has often been 

associated with its physiological role of corneal lubrication, there is now increasing 

behavioural evidence suggesting that blinks are also modulated by cognitive processes 

such as attention and information processing. Recent low-density 

electroencephalography (EEG) studies have reported so-called BROs (BROs) 

associated with spontaneous blinking at rest. Delta-band (0.5-4Hz) BROs are thought to 

originate from the precuneus region involved in environmental monitoring and 

awareness, with potential clinical utility in evaluation of disorders of consciousness. 

However, the neural mechanisms of BROs have not been elucidated. Using 

magnetoencephalography (MEG), we characterized delta-band BROs in 36 healthy 

individuals while controlling for background brain activity. Results showed that, 

compared to pre-blink baseline, delta-band BROs resulted in increased global field 

power (p<0.001) and time-frequency spectral power (p<0.05) at the sensor level, 

peaking at approximately 250ms post-blink maximum. Source localization showed that 

spontaneous blinks activated the bilateral precuneus (p<0.05 FWE), and source activity 

within the precuneus was also consistent with sensor-space results. Crucially, these 

effects were only observed in the blink condition and were absent in the control 

condition, demonstrating that results were due to spontaneous blinks rather than as part 

of the inherent brain activity. The current study represents the first MEG examination of 

BROs. Our findings suggest that spontaneous blinks activate the precuneus regions 

consistent with environmental monitoring and awareness, and provide important 

neuroimaging support for the cognitive role of spontaneous blinks. 
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2.2. Introduction 

Spontaneous eye blinks occur approximately 15-20 times per minute [101]. While 

blinks have often been associated with their physiological role of corneal lubrication, 

there is now increasing behavioural evidence suggesting that blinks are also modulated 

by cognitive processes such as attention and information processing [68], [69], [102]. 

Spontaneous blinks tend to occur at moments when attentional demand is low, such as 

punctuation marks while reading [70], [103], pauses by the speaker while listening to 

speech [71], and at scenes containing less relevant information while watching videos 

[72]. Additionally, when compared to rest, tasks involving continued visual attention (e.g. 

reading and passive information viewing) lead to reduction in spontaneous blink rate, 

while those involving active information processing and memory (e.g. conversation and 

silent information rehearsal) lead to increased blink rate [104], [105]. Nonetheless, the 

endogenous neural mechanisms underlying cognitive aspects of spontaneous blinking 

have not been elucidated.  

The current understanding of blink-related brain activity often centers on the blink 

motor command and the phenomenon of blink suppression, in which visual sensitivity is 

momentarily reduced over the duration of the blink [106]–[108]. This phenomenon is 

believed to help mitigate the loss of sensory input due to blinking, thereby accounting for 

the behavioural observation that the frequent visual interruptions due to blinking are 

rarely noticed in the subjective experience [108]. The physiological process of eye 

blinking occurs through contraction of the orbicularis oculi muscle and relaxation of the 

levator palpebrae superioris muscle in the face, producing a rapid closing and reopening 

of the eyelids that typically lasts approximately 150-300ms in duration [65], [66]. 

Functional MRI (fMRI) studies of voluntary blinking have observed brain activations 

across the occipital, posterior parietal, as well as prefrontal oculomotor regions including 

the frontal eye field and supplementary eye field [64], [109]–[111]. On the other hand, 

spontaneous blinking has been shown to activate primarily the prefrontal oculomotor 

regions and the occipital cortex [106], [110], [112]. Other studies using 

magnetocephalography (MEG) [113] and electroencephalography (EEG) [114] have 

reported blink-related activity in the frontally located eye regions – primarily attributed to 

muscle contractions and eye movement – as well as the occipital cortex. 
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In addition to its role in visual suppression, spontaneous blinking has also 

recently been proposed to engage certain areas of the default mode network (DMN) 

[115], a network of brain regions exhibiting elevated activity in the absence of goal-

directed tasks [62]. The DMN is involved in internally directed processes [116], and is 

activated in both eyes-closed rest and eyes-open fixation states [62]. In the context of 

spontaneous blinking, fMRI research has demonstrated that blinks while viewing videos 

increased activity in regions of the DMN (including precuneus, posterior cingulate cortex, 

and angular gyrus), while simultaneously deactivating areas of the brain involved in top-

down control of goal-directed attention [115]. The authors proposed that spontaneous 

blinks were involved in disengagement of attention during cognitive behaviours [115].  

Besides these fMRI findings, other evidence has also emerged from both MEG 

and EEG suggesting the blink-related activation of the precuneus region. Work using 

MEG demonstrated activation of the medial parieto-occipital sulcus region following 

voluntary blinks [117]. In addition, EEG studies have reported BROs (BROs) as 

electrophysiological phenomena derived from EEG data time-locked to blinks, in which 

trial-averaged delta band (0.5-4Hz) signals (following removal of ocular artifact) exhibited 

a positive deflection occurring approximately 300ms post-blink [73]. The authors 

hypothesized that these delta-band BROs may be similar to the P300 event-related 

potential corresponding to attention orienting mechanisms in the brain [73], [118]. Delta 

BROs have also been suggested to originate from the posterior cingulate cortex and 

precuneus regions [74]. The precuneus is a central hub within the DMN [50], [119], and 

is involved in visuo-spatial processing and awareness [75]. Moreover, further studies 

demonstrated that BRO spectral power differentiated between healthy control individuals 

and brain-injured patients with disorders of consciousness (DOC) [74], [76]. Given the 

importance of the DMN – and particularly the precuneus – in assessment of patients with 

DOC [16], [27], [120], these findings create an intriguing possibility that BROs may be 

utilized as a potential indicator of brain functional status in DOC evaluations. 

Although delta BROs have been applied to small samples of brain-injured 

patients with promising results [74], [76], their neurocognitive mechanisms are not well-

understood. Previous BRO studies have been based on low-density EEG systems, 

which have significant limitations in spatial resolution due largely to the electrical field 

distortions that arise in volume conduction [78]. In contrast, magnetoencephalography 

(MEG) measures the magnetic fields generated by electrical current flow within neuronal 
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assemblies, and magnetic field propagation is not affected by differences in tissue 

conductivities in the head [79]. Combined with high sensor density and advanced source 

reconstruction algorithms, this advantage helps give MEG its superior spatial resolution 

compared to EEG [121].  

We conducted the first MEG investigation of BROs to examine their neurocognitive 

mechanisms in a large sample of healthy individuals, with particular emphasis on the 

delta band. We hypothesized that the time course of delta BRO activity would exhibit 

peak power within the 200-400ms window post-blink, with localization to the precuneus 

regions. We further expected that these sensor-level characteristics would also be 

reflected in the source-level activity within the precuneus regions. Our findings confirm 

these hypotheses, and demonstrate that spontaneous blinking during resting fixation 

strongly activates the bilateral precuneus regions known to be associated with 

environmental monitoring and awareness [75]. Using a novel analytical approach to 

control for the timing of blink-related relative to background brain activity, we show that 

the observed effects were specifically due to spontaneous blink instances rather than as 

part of inherent brain activations during resting fixation. These results help provide 

further neuroimaging support for the potential cognitive importance of blink-related brain 

activity. 

2.3. Materials and Methods 

2.3.1. Participants 

Forty-one healthy control adults (age 23.8 ± 3.9, 20 female) participated in this 

study, all with normal or corrected-to-normal vision. This research was approved by the 

Research Ethics Boards of Simon Fraser University (Protocol 2014s0177) and Fraser 

Health Authority (Protocol 2014-076), and written informed consent was obtained from 

each participant prior to data acquisition. 

2.3.2. Data Acquisition 

During each collection, participants were instructed to rest comfortably in the 

supine position, and remain awake with their eyes fixated on a centrally presented cross 

(white on black background). Participants were not informed of the purpose of the study 
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in order to acquire natural spontaneous blink responses. Data acquisition took place in a 

well-lit, magnetically shielded room. MEG data were collected using a whole-head CTF 

system (MEG International Services Ltd, Canada) with 151 axial gradiometers (5cm 

baseline). Synthetic 3rd-order gradient noise cancellation was also employed. Data were 

sampled at 1200 Hz frequency, and each run lasted 10 minutes. Head position was 

continuously recorded using energizing coils positioned at three fiducial points (nasion, 

left and right periauricular). Prior to data acquisition, the participant’s head shape was 

measured using a 3D digitizer (Polhemus, USA), with a minimum of 500 points acquired 

over the entire head. To enable tracking of blinks and eye movements, electrooculogram 

(EOG) was recorded from electrodes positioned near the left eye on the supra-orbital 

ridge (vertical EOG or vEOG) and outer canthus (horizontal EOG). Electrode 

impedances were kept below 5kΩ. The EOG channel data were monitored online to 

ensure participants remained awake with eyes open throughout the experiment. 

2.3.3. Blink Detection and Evaluation 

MEG and EOG data were visually inspected, and artifactual channels were 

removed. Data were then notch-filtered to remove 60Hz power line noise and high 

frequency signal due to the head position indicator coils. Data from 5 of the 41 

participants were removed from subsequent analyses due to poor data quality. EOG 

data were band-pass filtered to 0.1-30 Hz, and blink events were automatically identified 

using a template matching procedure based on data from the vEOG channel [74]. In 

particular, one blink template best representing a stereotypical blink was first manually 

identified for each individual, and the entire vEOG data series were convolved with the 

blink template. Amplitude thresholding was applied to the convolution signal to select 

potential blink instances, followed by temporal thresholding to exclude blink instances 

less than 3 seconds away from adjacent blinks in order to avoid contamination from 

activity due to other blinks. All final blink events were visually inspected to ensure 

artifact-free data.  

To facilitate behavioral evaluation of blink instances across the group, 

quantitative features delineating different aspects of blink morphology were measured in 

the vEOG recording [76]. Features were evaluated for each individual after averaging 

together all identified blink instances (Figure 2.1A). As raw blink amplitudes vary across 

participants, the averaged blink trace for each individual was normalized relative to its 
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own maximum amplitude prior to deriving the grand average waveform across 

participants (Figure 2.1A). This helped to minimize biasing of the grand averaged 

waveform due to any large signals at the subject level. Group-level statistics were 

performed to examine whether blink features were consistent across individuals using a 

split-half approach [122], [123]. Specifically, participants were randomly divided into two 

sub-groups of equal size, the values sorted, and Pearson correlation coefficient was 

calculated for each measure. This procedure was repeated 1000 times, and the mean 

correlation coefficient was computed. The blink morphology was determined to be 

consistent across individuals if all extracted features showed mean correlation of greater 

than 0.8 over 1000 repetitions.  

 
Figure 2.1. Data preprocessing steps.  
(A) Grand average of 3s blink epochs in vEOG recording showing the morphological features 
used in behavioural evaluation. Features describe the height and width of the positive and 
negative portions of the blink trace. M1=positive peak amplitude; M2=positive peak width; 
M3=negative peak amplitude; M4=negative peak time. Red dotted line denotes latency of blink 
maximum or T0, corresponding to the moment when eyelids are fully closed. (B) Schematic 
illustration of data segmentation procedure. Blink epochs were centered at T0 (red solid lines), 
while control epochs were pseudo-random with respect to blink events. Number of epochs was 
identical between control and blink conditions for each subject. Black dotted line represents time 
zero for each condition. (C) Statistical contrasts were evaluated based on data in the intervals pre 
and post time zero for each condition (i.e. Bpost v Bpre for the blink condition, and Cpost v Cpre 
for the control condition). 
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2.3.4. Data Preprocessing 

All subsequent analyses were performed on MEG data using a combination of 

SPM8 [124] and EEGLAB [125]. Data were band-pass filtered to 0.5-45 Hz, and 

independent component analysis (ICA) was performed using the runica algorithm [126]. 

Independent components corresponding to artifact (e.g. blinks, saccades, cardiac 

activity, muscle contractions, breathing) were removed.  

To control for inherent brain activations that are not time-locked to blinks, we 

introduced an analytical control condition with pseudorandom timing with respect to 

blinks. Specifically, data were segmented in 3-second epochs according to two 

conditions (Figure 2.1B): a blink condition centered on the latency of blink maximum (T0) 

corresponding to complete eye closure, and a control condition segmented in non-

overlapping consecutive epochs that were pseudo-random in timing with respect to 

blinks. For each individual, the control epochs were extracted near the middle of the 10-

minute dataset, and were matched with the blink epochs for number of trials. Statistical 

contrasts were evaluated between the intervals pre- and post- time zero for each 

condition (Figure 2.1C). 

2.3.5. Effectiveness of Artifact Removal Procedure 

To assess the effectiveness of the ICA-based artifact removal procedure, 

qualitative and quantitative analyses were performed to evaluate the changes in spatial 

topography and regional signal power before and after artifact rejection. For each 

subject, the trial-averaged event-related fields (ERFs) time-locked to blinks were visually 

inspected pre- and post-artifact rejection to ensure removal of large-amplitude ocular 

artifact. In addition, the spatial topography for each individual was also evaluated at 

latencies corresponding to maximal blink amplitude (0ms) and the pre-blink baseline 

(selected to be -1000ms to maintain separation from potential blink-related saccadic eye 

movements). Particular emphasis was placed on ensuring that frontally concentrated 

signals associated with blinking are no longer present following ICA artifact removal. 

Regional ERFs were evaluated to examine the effect of artifact removal (Section 2.6.1).  

In addition to qualitative assessments, quantitative analysis was also undertaken 

to measure the signal power at the blink latency and pre-blink baseline before and after 
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artifact removal. For each subject, MEG sensors were first divided into subgroups based 

on their location, comprising the frontal, central, parietal, temporal, and occipital regions. 

For each region, the ocular contamination index (OCI) or regional blink-to-baseline 

power ratio was derived to quantify the additional contribution of blink-related signals 

relative to that of baseline: 

𝑂𝐶𝐼 =	
∑ (𝑦L −¯
L°Z 𝑦)k

∑ (𝑥L −¯
L°Z 𝑥)k

 

where n is the number of channels in each regional subgroup, and yi and xi are the ERF 

signals at 0ms and -1000ms latencies, respectively. This provides a measure of the 

blink-to-baseline signal power while correcting for channel mean drifts. Thus, power 

ratios above unity would reflect greater signal at the blink latency compared to pre-blink 

baseline, while power ratios less than unity would reflect signal reduction relative to 

baseline. Statistical analysis was performed using paired t-test to compare the power 

ratios before and after ICA artifact removal in each region, with Bonferroni correction for 

multiple comparisons. 

As signals of ocular origin (such as blinks and saccades) have characteristic 

spatial patterns due to volume conduction of the ocular currents, further quantitative 

analyses were also conducted using one-way repeated-measures analysis of variance 

(ANOVA) to examine whether the changes in regional power ratios were consistent with 

this pattern (Section 2.6.3). Separate tests were undertaken before and after artifact 

removal. 

2.3.6. Sensor Space 

Sensor-space analysis employed global field power (GFP) to simultaneously 

capture information across all channels and account for differences in head position 

among individuals [127], [128]. GFP quantifies the spatial variance across all sensors at 

each time point [129], providing a measure of the signal power changes across all 

channels after correcting for channel mean drifts. GFP was derived using trial-averaged 

data in the delta band (0.5-4 Hz) for both blink and control conditions. To evaluate 

changes in GFP before and after time zero for each condition, mean GFP amplitudes 

were calculated over 200ms windows in the pre and post intervals, and compared using 

paired t-test. The post window was chosen to surround the maximum GFP peak in the 
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blink condition (150-350ms), while the pre window was selected as -1300ms to -1100ms 

to represent baseline activity. Identical windows were used for both blink and control 

conditions. 

To evaluate blink-related changes in sensor-level spectral power, time-frequency 

analysis was performed using continuous wavelet transform (CWT) with the Morlet 

function and 6 cycles. CWT was carried out for each channel and trial, and the log power 

was obtained as the logarithm of the squared absolute values of the coefficients within 

the frequency range of interest (defined to be 0.5-6 Hz to concentrate on the delta band). 

Baseline correction was performed by subtracting from each trial the mean log power in 

the baseline window, chosen to be -1500ms to -500ms relative to T0 [74]. Statistical 

significance was evaluated using a bootstrapping approach by permuting the trial-

averaged wavelet power in the pre and post intervals in each frequency band across 

subjects. 

2.3.7. Source Space 

Following standard forward modeling in SPM8, we conducted source analysis to 

determine the neural generators of blink-related brain activity. Given that this is the first 

MEG study of BROs, we chose the classical minimum norm estimates approach as this 

method does not require many prior assumptions about source characteristics [94], [95]. 

Group constraints were applied during inversion to ensure source reliability across 

subjects [124], [130]. Source reconstruction was based on denoised trial-averaged 

amplitude data from all frequencies (0.5-45 Hz), using the entire 1500ms time window 

for each of the pre and post intervals. Source-level contrast images were derived by 

spatially smoothing the source estimates using a Gaussian kernel of 8mm full-width at 

half-maximum, then averaging within the delta frequency band and 200ms intervals 

spanning the post-blink GFP peak as well as the pre-blink baseline to generate time-

frequency contrast images for each subject. Statistical analyses were performed using a 

general linear model (GLM) for both blink and control conditions [131]. T-contrast 

intervals were chosen to compare the peak post-blink activity (defined as 150-350ms) 

with that of pre-blink (defined as -1300ms to -1100ms).  

Source-level time course activity was extracted by placing a virtual electrode in 

the centers of statistically significant activation clusters within the bilateral precuneus 
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regions. Voxel time courses were smoothed over a spherical volume of interest (VOI) 

with 5 mm radius, filtered to delta frequency, and averaged over trials. Statistical 

significance was evaluated using a bootstrapping approach with paired t-test: The t-

statistic was calculated between the trial-averaged data for blink and control conditions 

at each time point in the epoch, and the size of the maximum suprathreshold cluster was 

extracted. The data were then permuted over all subjects and conditions, and randomly 

distributed into two groups. T-tests were repeated at each time point, and maximal 

suprathreshold clusters calculated. This process was repeated 5000 times for each VOI 

time series to create a resampling distribution of suprathreshold cluster sizes. Statistical 

probabilities were derived by comparing the true cluster size outcomes with that of the 

resampling distribution.  

2.4. Results 

2.4.1. Behavioral 

As expected, the total number of blinks varied among individuals (61 ± 34 blinks 

across group). The blink rate was 11.3 ± 6.9 blinks per minute, consistent with previous 

reports [132]. To evaluate blink behavior across subjects, morphological features were 

extracted from the un-normalized vEOG blink waveforms for each subject. Results are 

presented in Table 2.1. Group-level blink characteristics showed a positive peak of 43.70 

± 3.10μV in amplitude, lasting for 0.329 ± 0.016s. This is followed by a negative trough 

of -10.07 ± 1.13μV in depth, occurring at a latency of 0.399 ± 0.017s after T0. 

Consistency of blink features across individuals was evaluated using the split half 

approach by repeating the test 1000 times following randomized group divisions, and the 

overall mean correlation coefficients were found to be extremely high for all measures 

(ρ=0.89 for negative peak amplitude and ρ≥0.95 for all other measures). These results 

indicate that the blink characteristics were highly consistent across subjects. 

2.4.2. Artifact Removal 

Qualitative evaluation of subject-level, all-channel ERFs before and after ICA 

artifact removal showed dramatic reduction in signal amplitude at the blink latency T0, as 

well as the disappearance of morphological features (e.g. spikes and boxes) generally 

considered to be indicative of blink and saccadic artifact (Figure 2.2A). These findings 
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were also observed when sensor channels were separated into different spatial regions 

(Figure 2.6). In addition, the spatial topography at the blink latency also underwent 

significant change, shifting from its concentration at the anterior eye regions to more 

central and posterior locations. These individual-level observations provide qualitative 

evidence regarding the effective removal of signal characteristics consistent with ocular 

sources. 

Table 2.1.  Blink behavioural characteristics. 
Morphological features depicting blink behavior. Features were extracted from the trial-averaged 
vEOG waveform representing behavioral characteristics across subjects. Raw = values extracted 
from un-normalized vEOG waveforms; reported as mean ± standard error across subjects. 
Correlation Coefficients = result of repeating split-half analysis 1000 times after permuting the 
data; reported as mean ± standard deviation across repetitions. 

 M1 
Positive Peak 
Amplitude (μV) 

M2 
Positive Peak 
Width (s) 

M3 
Negative Peak 
Amplitude (μV) 

M4 
Negative Peak 
Time (s) 

Raw 43.700 ± 3.100 0.329 ± 0.016 -10.070 ± 1.130 0.399 ± 0.017 
Correlation 
Coefficient (ρ) 0.950 ± 0.020 0.958 ± 0.029 0.890 ± 0.050 0.958 ± 0.025 

 

In addition to qualitative assessments at the individual level, quantitative analysis 

was also undertaken to evaluate the impact of ICA artifact removal at the individual and 

group levels. OCI was used to evaluate the contribution of blink-related signals relative 

to that present in the pre-blink baseline for different spatial regions. Emphasis was 

placed on the frontal and temporal channels which are generally well-positioned to 

detect ocular signals. Results showed that the OCI was significantly reduced in both of 

these regions for the blink condition following artifact removal (Figure 2.2B, p<0.001). 

However, this was not observed in the control condition, for which the OCI remained 

approximately unity (as log10 [OCI] ≈ 0). Similar results were also found in other regions 

(p<0.005, Figure 2.7). Cross-regional comparisons showed that, before artifact removal, 

the blink condition power ratio decreased from the temporal and frontal areas toward the 

posterior regions, consistent with the spatial propagation pattern of ocular currents 

(p<0.005, Section 2.6.3). However, following artifact removal, no significant differences 

were found between regions, indicating that the spatial properties consistent with ocular 

artifact had been successfully removed from the data.  
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To ensure the complete removal of ocular signals following artifact rejection, 

source localization was also performed close to the blink latency, during the first 100ms 

window immediately following blink maximum (Figure 2.8). Results showed that, after 

artifact removal, activation clusters were located only in the posterior regions of the 

brain, and none were found in the anterior regions. This is consistent with the absence of 

activities associated with muscle contraction and eyelid movement, which have been 

shown to be localized to anterior brain regions [113].  

 
Figure 2.2.  ICA artifact rejection results.  
(A) ERFs for a representative subject before and after ICA artifact rejection. Top row shows time 
courses for all channels, while bottom row presents spatial topographies at the corresponding 
latencies. Black and gray dotted lines denote 0ms (T0) and -1000ms latencies, respectively. (B) 
Regional OCI or blink-to-baseline power ratio before and after artifact rejection in the frontal and 
temporal channels where ocular artifact tends to be greatest. Top row shows raw power ratio 
values, in which the extreme discrepancy between the blink and control conditions led to 
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obscuring of the control condition outcomes during display. The bottom row shows power ratios in 
logarithmic scale to improve display clarity. The ratios were computed for each subject and 
presented as mean ± SE across subjects. Statistical comparison was performed using raw, 
untransformed values. *p<0.005 

2.4.3. Sensor Space 

Sensor-level time course activity of delta-band GFP showed increased post-blink 

power relative to pre-blink, peaking approximately 250ms after T0 (Figure 2.3A). This 

was not observed in the control condition. To facilitate subsequent statistical analyses, 

two windows of interest were selected for the post and pre intervals based on the grand 

averaged GFP waveform, spanning the post-blink GFP peak (150-350ms latency) and a 

corresponding pre-blink baseline (-1300ms to -1100ms latency), respectively. Using 

these windows, a paired t-test showed that the mean GFP power over the post-blink 

window was increased compared to pre-blink (p<0.001), but these effects were absent in 

the control condition. Spectral analysis showed that event-related spectral power in the 

delta band was increased in the post-blink interval relative to pre-blink (p<0.05), peaking 

at a similar latency compared to GFP. 

 
Figure 2.3.  Sensor-level results.  
(A) Grand averaged GFP waveform in the delta band. GFP amplitude peaks at approximately 
250ms latency in the blink condition, not seen in control. Black dotted line denotes T0. Dark and 
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light gray shaded regions represent windows of interest in the pre and post intervals, respectively. 
(B) Mean GFP over the windows of interest highlighted in part A, calculated for each subject and 
presented as mean ± SE over all subjects. *p<0.001. (C) Event-related spectral power in the blink 
condition, presented as power variance over all channels. Delta band spectral power increases in 
the post-blink interval compared to pre-blink, peaking at approximately 250ms latency (p<0.05). 
Color bar represents power values. 

2.4.4. Source Space 

Building upon sensor-level results, the next step was to determine the 

neuroanatomical sources of the GFP peak activity. To this end, source-reconstructed 

time-frequency contrast maps were generated for the delta frequency band based on 

previously identified windows of interest. Results showed that, compared to pre-blink, 

post-blink activations were observed in the bilateral occipital, posterior parietal, and 

inferior temporal regions spanning the dorsal and ventral visual streams (p<0.05 FWE, 

Bpost > Bpre contrast, Figure 2.4A). Additional blink-related activations were observed in 

the bilateral precuneus as well as right-lateralized regions within the inferior frontal 

gyrus, posterior superior temporal gyrus, and anterior temporal lobe (p<0.05 FWE). To 

determine potential alternate patterns of activation, additional contrasts were introduced 

corresponding to blink-related reductions in brain activity (i.e. Bpre > Bpost), as well as 

any inherent brain activations in the passive fixation state that are not necessarily time-

locked to blinks (i.e. Cpost > Cpre and vice versa). Importantly, none of the other 

contrasts resulted in any suprathreshold activations (Figure 2.4B). Furthermore, as the 

number of blinks varied across individuals, the total blink number was used as a 

covariate in the GLM to determine potential interactions between blink number and the 

experimental contrasts. No interactions were found. 
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Figure 2.4. Source localization results (p<0.05 FWE).  
A) Bpost > Bpre contrast. Top row: Surface rendered maps showing activity across the bilateral 
dorsal and ventral visual streams spanning the occipital, posterior parietal, and inferior temporal 
regions. Right-lateralized activation of inferior frontal gyrus, posterior superior temporal gyrus, 
and anterior temporal lobe are also observed. Bottom row: Medial sagittal slices showing bilateral 
activation of the precuneus (white circles). Color bar shows T statistic values. B) Additional T 
contrasts to examine blink-related reduction in activation (Bpre > Bpost) and activity inherent in 
the resting state (Cpost > Cpre; Cpre > Cpost). No suprathreshold activations were observed in 
any of the additional contrasts.  

To further examine source-level activity, time course data were extracted from 

virtual electrodes positioned at the center of two volumes of interest in the left and right 

precuneus (MNI coordinates [-8, -68, 49] and [7, -68, 39], respectively). Results showed 

that the bilateral precuneus exhibited large, positive deflections in the blink condition 

occurring approximately 250ms post T0, followed by smaller negative deflections 

occurring at approximately 700ms latency (Figure 2.5). These were not observed in the 

control condition. Permutation statistics showed that both the positive and negative 

deflections were significantly different from that of control (p<0.05). Although the right 

precuneus also showed early negativity at approximately 100ms latency, this was not 

significantly different compared to control. 
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Figure 2.5. Precuneus time-course activity.  
Source-level grand-averaged results are shown from virtual electrodes positioned in the bilateral 
precuneus. Shaded regions denote windows of significant difference between the blink and 
control conditions (p<0.05). Black dotted line denotes T0. PC = precuneus; L = left; R = right.  

2.5. Discussion 

2.5.1. Main Findings  

As the first MEG study of BROs, we investigated the neurocognitive mechanisms 

of resting state delta-band (0.5-4 Hz) BROs associated with spontaneous blinking in 

healthy individuals. Utilizing simultaneous EOG to record ocular activity, we focused on 

neurological responses immediately preceding and following spontaneous blinks. Our 

main findings confirm our hypotheses that delta BRO activity measured using MEG 

would exhibit a large peak occurring in the 200-400ms window post-blink (Hypothesis 1), 

the peak activity could be source-localized to the precuneus (Hypothesis 2), and that 

source-level activity within the precuneus would reflect the sensor-level characteristics 

(Hypothesis 3). 

Sensor-level results showed increased GFP after spontaneous blinking 

compared to pre-blink baseline (Figure 2.3A,B), with peak power occurring 

approximately 250ms post blink maximum. This is also reflected in the frequency 

domain, as sensor-level time-frequency analysis showed increased blink-related spectral 

power in the delta band relative to pre-blink baseline, peaking at a similar latency as the 

GFP activity (Figure 2.3C). Comparison between the blink and control conditions 

showed that no effects were present for the control condition, indicating that the 

observed GFP increase represented a blink-related brain response, independent of the 

ongoing resting state activity. These findings confirm our first hypothesis regarding 
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sensor-level BRO activity, and are also consistent with previous reports of BROs using 

EEG [73], [74]. 

Source localization results showed that spontaneous blinks led to increased 

activity in the bilateral precuneus, confirming our second hypothesis regarding the 

precuneal origins of delta BROs. Importantly, only the contrast corresponding to blink-

related increases in activity produced suprathreshold activations (i.e. Bpost > Bpre); all 

other contrasts produced no suprathreshold activations, including those corresponding 

to the control condition (i.e. Bpre > Bpost; Cpost > Cpre; Cpre > Cpost). These results 

strengthen our assertion that the observed activations were due to spontaneous blinks 

rather than the ongoing resting state activity. Moreover, the number of blink trials was 

also incorporated as a covariate into our model to account for differences in blink rate 

across individuals. No significant effects were found due to trial number, providing 

further evidence that the observed effects were not due to any signal-to-noise ratio 

differences as a result of variability in trial number among individuals. 

After extracting source-level time course activity using virtual electrodes, the 

grand-averaged dipole moment from the bilateral precuneus showed a large positivity at 

approximately 250ms latency, followed by a negative deflection at approximately 700ms 

(Figure 2.5). These effects were not observed in the control condition. Statistical analysis 

using bootstrapping showed that both observed effects were different compared to the 

control condition. The early negativity observed in the right precuneus dipole moment 

was not significantly different from control. In comparing the source level time course 

activity with that of GFP measured at the sensor level, it is apparent that both exhibit the 

peak at 250ms. However, GFP is a measure of demeaned signal power across channels 

and therefore must be nonnegative, while dipole moment can be either positive or 

negative. The comparison of GFP with dipole moment data thus indicates that the low 

positivity at approximately 700ms latency in GFP may also be a reflection of the late 

negativity in dipole moment. These findings confirm our third hypothesis regarding the 

similarity between the source- and sensor-level characteristics. 

2.5.2. Study Implications 

To distinguish between blink-related brain activity and other ongoing activity 

inherent in the brain under passive fixation, this study employed a novel analytical 
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control to account for the effect of time-locking with spontaneous blinks. In particular, 

while the blink condition was epoched such that trials were centered on spontaneous 

blink instances, a separate control condition was introduced for each subject that 

matched the corresponding blink condition in number of trials, but which was pseudo-

random in timing with respect to blink instances. Because both control and blink epochs 

were derived from the same data and had equal number of trials, both were expected to 

reflect the same underlying neural activity and signal-to-noise ratio. However, only the 

blink condition was time-locked to spontaneous blink instances. The contrast between 

the two conditions should therefore provide information about the differential effects of 

spontaneous blinking relative to inherent brain activations. The fact that the observed 

effects were only present for the blink condition – and were absent in the control 

condition – lends further credence to our hypothesis that the BRO effects were specific 

to spontaneous blinks and were not part of ongoing brain activities in general. 

The blink-related activation of bilateral precuneus regions observed in our study 

is consistent with previous reports of delta-band BROs using EEG [74], [76]. Activation 

of the precuneus is also consistent with fMRI studies of voluntary and spontaneous 

blinking [107], [115]. The precuneus is a major hub in the brain, with one of the highest 

resting metabolic rates compared to other areas [48]. It has high anatomical and 

functional connectivity with other brain regions through extensive axonal networks [49]–

[52]. Moreover, it is also involved in high-level cognitive processes such as visuo-spatial 

imagery [53]–[55], episodic memory retrieval [56]–[58], and self-related processing [59]–

[61]. 

Crucially, studies have shown that the precuneus is a major structural and 

functional core within the DMN [119], [133], the neuronal network that is highly activated 

in the absence of goal-directed tasks (including eyes-closed rest and eyes-open passive 

fixation), and represents the “default mode” of brain function [62]. The DMN 

encompasses the posterior cingulate cortex/precuneus, temporoparietal junction, medial 

prefrontal cortex, as well as inferior temporal and parahippocampal cortices [48]. Activity 

within these regions is suppressed during active task conditions, suggesting that the 

brain suspends or disengages ongoing, internally directed processes in order to facilitate 

the reallocation of neuronal resources to meet external attentional demands [62]. In fact, 

the prevailing hypothesis regarding the significance of this activity is that the precuneus 

and other DMN regions are continually engaged in both information gathering from the 
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environment as well as representations of the self within this environment [116], [134]. In 

other words, in the absence of external attentional demands, the brain’s default state is 

to both monitor the environment as well as track and evaluate the past, present, and 

future states of the self within this context. The observed precuneal activation 

immediately following each blink in the current study is thus consistent with the brain’s 

continually monitoring the environment with each new image that appears after the 

eyelids reopen [74], [77].  

Our findings are further supported by a previous MEG study examining voluntary 

blinking while individuals fixated on a cross or small pictorial image. Hari et al. 

demonstrated that activation of the medial parieto-occiptal sulcus was observed only 

when blinking occurred in light conditions, and was not found when blinking occurred in 

complete darkness [117]. This is consistent with the environmental awareness aspects 

of blink-related precuneal activation, as visual input about the environment must be a 

prerequisite to monitoring and awareness of such environment. It should be noted a 

previous EEG-based BRO study also reported activation of the posterior cingulate cortex 

in 3 of their 11 subjects [74], which is not seen in the current study. However, this is 

likely due to the difference in imaging modality between the two studies, as the low-

density EEG system used in that study would have had limited spatial resolution 

compared to MEG. 

The development of BROs as a potential brain function marker may also have 

important clinical implications, as the DMN – especially the precuneus region – has been 

shown to be critical to the brain’s ability to sustain consciousness [47]. For instance, 

functional connectivity between DMN regions – particularly between the precuneus and 

frontal areas – was negatively correlated with the level of clinical consciousness 

impairment in brain-injured patients [63]. In addition, changes in functional connectivity 

between DMN regions have also been found to be correlated with both the level of 

functional impairment in patients with traumatic brain injury [135] as well as the degree 

of recovery in these patients [136]. These findings help to highlight the clinical 

significance of DMN activity as a potential avenue for evaluating consciousness. 

However, the use of fMRI as the imaging modality in these studies severely limits 

accessibility at the bedside, emphasizing the need to create new tools for assessing this 

activity in a point-of-care setting. In light of this, the development of BROs as an 

electromagnetic/ electrophysiological indicator of precuneus activity may provide an 
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EEG-based assessment tool for consciousness [74], [76], with improved capacity for 

bedside deployment. Additionally, the implication of spontaneous blinking in various 

neurological disorders such as Parkinson’s disease and schizophrenia also presents 

another potential avenue for the application of BRO brain processes in clinical 

evaluations [137], [138].  

The blink-related occipital activations in this study are consistent with previous 

fMRI reports of blinking, some of which associated these activations with the 

phenomenon of blink suppression [106], [139]. However, the use of MEG in the current 

study provides greater insight into the temporal dynamics of blink-related neural activity, 

enabling the examination of brain activity immediately before and after a blink instance – 

which is not possible using fMRI. Blink suppression has been shown to begin 

approximately 150ms prior to blink onset and recover by 200ms after blink onset [108]. 

Using zero voltage as the baseline for extracting blink onset points in the current study, 

the interval of blink suppression thus ends approximately 50ms after T0. This is much 

earlier than the peak latency of 250ms relative to T0 observed in both GFP and virtual 

electrode time course data in this study, thereby rendering blink suppression an unlikely 

explanation for the observed occipital activations. Instead, it is more likely that the 

bilateral activations across the occipital, posterior parietal, as well as inferior temporal 

regions represent activity within the ventral and dorsal streams of visual processing as 

the brain examines each new image following a blink [140].  

The blink-related occipital activations in this study are also consistent with 

previous work using MEG [113], [117] and EEG [114]. These studies examined the 

spatiotemporal characteristics of ocular currents due to voluntary blinking in both light 

and dark conditions, and demonstrated that occipital activations occurred only in the light 

condition – consistent with visual processing [113], [114], [117]. In contrast, source 

activity associated with muscle contraction and ocular currents were localized to the 

frontally concentrated eye regions, and were observed in both light and dark conditions 

[113], [114]. As the current study examined spontaneous blinking under light conditions, 

these findings lend further credence to our hypothesis that the blink-related occipital 

activations observed in this study were associated with visual processing following eye 

opening.  
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To examine the variability of sensor-level GFP waveform morphology across 

individuals, we also undertook further analysis to compute 95% confidence intervals 

(CIs) for each time point in the grand-averaged GFP waveform (Supplementary 

Materials). Results showed relatively narrow CIs for both blink and control conditions 

throughout the epoch, without any overlaps between the blink and control condition CIs 

in the 0-500ms window post-blink. These findings suggest that the GFP waveform 

morphology was relatively consistent across individuals, and help to strengthen our 

observations regarding the GFP peak morphology. In addition, we also undertook 

analyses to examine individual sensor ERF waveforms for comparison with the virtual 

electrode time course data (Section 2.6.6). Both ERF and virtual electrode activities 

exhibited multiple peaks of positive and negative polarities occurring at different 

latencies within the first 750ms window post-blink. Although there is insufficient evidence 

in this study to propose neurophysiological mechanisms involved in blink processing, we 

speculate that blink-related neural responses involve a combination of visual and 

environmental monitoring processes, with possible involvement of episodic memory. The 

occipital activations point to potential sensory processing of visual input associated with 

each new blink, while the precuneal activations may represent further information 

processing in the context of environmental monitoring. Additionally, given the known 

involvement of the precuneus in episodic memory processes [56], this may also involve 

comparison of the new information content with that in prior experiences. Nonetheless, 

further studies are needed to validate these speculative hypotheses. 

Additional right-lateralized activations were observed in the right inferior frontal 

gyrus as well as the superior, middle, and inferior temporal gyri. We speculate that the 

right-lateralized inferior frontal and superior temporal activations may be related to the 

ventral attention network in the context of post-blink detection of sensory stimuli that may 

have potential behavioural relevance [141]. On the other hand, activation of the right 

temporal lobe has been associated with processing of pictorial inputs [142], social 

concepts [143], person knowledge [144], or emotional processing [145]. Further studies 

are needed to elucidate the potential roles of both the ventral attention network and the 

other right temporal lobe activations within the context of spontaneous blinking. 
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2.5.3. Caveats 

As the first MEG study of BROs, the present work utilized a distributed source 

modeling approach with minimum norm estimates for localizing cortical sources of blink-

related activity. Although this approach requires few prior assumptions regarding source 

characteristics, it does have inherent limitations in biasing towards sources closer to the 

cortical surface [95]. Further studies are needed to validate the source space results 

using alternate source reconstruction approaches such as spatial filtering with 

beamformer [146]. In addition, the potential role of the ventral attention network in 

spontaneous blinking should be examined through network analysis. 

2.5.4. Summary 

Our study investigated the neurocognitive mechanisms of delta-band BROs 

using MEG. Results showed that spontaneous blinks activate the bilateral precuneus 

associated with environmental monitoring and self-awareness. BROs were time-locked 

to spontaneous blinks and were not part of the inherent brain activity associated with 

passive fixation, and responses were consistent at both the sensor and source levels. As 

the first MEG study of BROs, these findings provide neuroimaging support for the 

importance of examining blink-related brain activity. 

2.6. Supplementary Materials 

2.6.1. Qualitative Effects of Artifact Removal: Regional ERFs 

Sample results demonstrating the regional impact of artifact removal are shown 

in Figure 2.6. Before data cleaning, prominent artifact from both blink and saccadic 

sources can be observed in the temporal and frontal channels, with gradual reduction in 

artifact amplitude toward posterior areas. This is consistent with the expected signal 

propagation pattern of ocular artifact. After ICA, no apparent traces of blink and saccadic 

artifact remain in any of the regional ERFs. 
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2.6.2. Quantitative Effects of Artifact Removal: Before vs. After 
Comparison 

 Regional blink-to-baseline power ratio was measured in the trial-averaged ERF 

before and after artifact removal (Figure 2.7). In the blink condition, there was significant 

reduction in power ratio in all regions (p<0.005). This decrease was greatest in the 

frontal and temporal channels where ocular artifact was expected to be highest (98% 

and 99% reduction, respectively). Channels in the central and parietal regions also 

exhibited high levels of power reduction following artifact removal (96% and 92%, 

respectively), while the occipital channels showed the lowest power decrease (76%). 

These results are consistent with the reduction in ocular signal amplitude as the field 

propagates in the anterior-posterior direction, leading to greater impact of ICA artifact 

removal in the anterior compared to posterior regions. In contrast, the power ratios were 

approximately 1 (as log10(OCI) ≈ 0) for all regions in the control condition, both before 

and after artifact removal. As the control condition was pseudo-random in timing with 

respect to blink and was therefore not expected to reflect much blink-related activity in 

the trial-averaged ERF, the signal amplitudes at both 0ms and -1000ms latencies were 

not expected to differ in this condition. Given that ocular activity generally represents the 

largest source of signal artifact, the application of ICA artifact removal was therefore not 

expected to have as much impact on the control condition compared to blink.  
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Figure 2.6. Regional ERFs before and after artifact removal.  
Data from a representative subject showing trial-averaged ERF in the blink condition, before and 
after artifact removal. Sensor channels in different regions are displayed separately to illustrate 
the effect of ICA at different sensor locations. 

2.6.3. Quantitative Effects of Artifact Removal: Spatial Distribution  

To further evaluate the effect of artifact removal at the group level, additional 

statistical analyses were performed using one-way repeated-measures analysis of 

variance (ANOVA) in SPSS Statistics 23 (IBM), with ‘region’ as a within-subject factor. 

Results showed that, prior to artifact rejection, there was a significant region effect on 

the blink condition power ratios (F1.225,42.863 = 12.934, p<0.0001). Pair-wise comparisons 

with Bonferroni correction showed that power ratios from all regions were different from 

those of all other regions except for the central and parietal locations (p<0.005). The 

overall pattern of progression in the power ratio was found to be as follows:  

Temporal >
∗
	Frontal >

∗
	 (Central ≈ Parietal) >

∗
 Occipital, where * indicates p<0.05 

As both the lateral frontal and anterior temporal channels are generally well-positioned to 

detect ocular signals, this reaffirms the expected pattern of spatial propagation for ocular 

currents.  
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Figure 2.7.  Regional OCI before and after artifact removal. 
OCI depicted as blink-to-baseline power ratios. A) Raw power ratios. Blink condition showed 
dramatic reduction following artifact removal, while the control condition outcomes were obscured 
during display due to the extreme discrepancy in power ratio values between the two conditions. 
B) To improve display clarity, power ratios are also presented in logarithmic scale. No reductions 
in power ratio are observed in the control condition. Results were calculated for each subject and 
presented as mean ± SE across subjects. *p<0.005 paired t-test. 

Contrary to the pre-ICA results, the region effect on the blink condition power 

ratios completely disappeared following artifact rejection (F1.816,63.572 = 1.531, p=0.225). 

This strongly suggests that the spatial properties associated with the ocular signal were 

no longer present, indicating that ocular artifacts had been successfully removed through 

the ICA artifact rejection process.  

It is important to note that the same statistical tests were also performed for the 

control condition, both before and after artifact rejection. No significance was found in 

either instance (F2.822,98.768 = 1.081, p=0.359 before rejection; F2.106,73.718 = 0.418, p=0.670 

after rejection). Together, these results demonstrate the successful removal of ocular 

artifact through ICA. 
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2.6.4. Source Localization at Blink Latency 

To ensure the complete removal of ocular artifact, we also performed source 

localization analysis using a time window immediately following blink maximum (from 0 

to 100 ms latency). All other parameters were identical to the analysis in the manuscript. 

Results are shown in Figure 2.8 below. Several small activation clusters were observed 

over the posterior occipital and temporal regions, and none were found in the anterior 

regions. In contrast, other EEG and MEG studies of blink-related brain activations 

reported that activities associated with ocular artifact (i.e. muscle contractions and eye 

movement) were source localized to the anterior eye regions [113], [114]. As no anterior 

activations were found in our study following artifact removal, this suggests that ocular 

artifact-related activity was not present in the data.  

 

Figure 2.8.  Cortical activation results.   
Source localization results shown for the Bpost > Bpre contrast in the 0 to 100ms window 
following artifact removal (p<0.05 FWE).  No activations were observed in the anterior regions.  

2.6.5. Consistency of GFP Results Across Individuals  

To evaluate the consistency of GFP results across individuals, 95% confidence 

intervals were calculated for each time point in the GFP waveform (Figure 2.9). Results 

showed that confidence intervals were relatively narrow, without any overlaps between 

the blink and control confidence intervals in the 0-500ms window post-blink. These 

results suggest that waveform morphology was relatively consistent across subjects.  
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Figure 2.9. Individual variability in GFP. 
Solid lines show grand-averaged GFP waveforms. Shaded regions denote the corresponding 
95% confidence intervals across subjects. 

2.6.6. Individual ERF 

Although sensor-level analysis in our study focused on GFP which is blind to signal 

polarity and showed a single peak maximal at 250ms, the source-level time course 

activity within the precuneus did exhibit multiple peaks of both positive and negative 

polarities within the first 750ms post-blink. We hypothesized that these peaks may be 

reflected in the smaller positivities observed in the GFP surrounding the main peak. To 

further explore this issue, we also examined the individual ERF waveforms in sensor 

space (Figure 2.10). Results showed the presence of multiple peaks of both positive and 

negative polarities in the blink condition ERF waveforms within the first 500ms post-

blink, which were absent in the control condition. These observations are similar to those 

from source-level precuneus time courses, and help to support our hypothesis that the 

GFP waveforms reflect activity from multiple sub-peaks.  



58 

 

Figure 2.10. Sample ERF waveforms. 
Results shown for representative subject. Both control and blink conditions are shown. Shaded 
region denotes the 0-500ms window in which multiple peaks are observed in the blink condition. 

2.6.7. MRI Co-Registration Results 

Standard co-registration using SPM8 was performed in this study. However, 

because subject-specific MRIs could not be obtained for this study, an optimization 

approach was also implemented to select the best-fit surrogate structural MRI from a 

database of 30 adult structural MRI datasets (1mm3 voxel resolution) [147]. Briefly, 

coordinates between the polhemus-digitized head shape and the MEG data were first 

co-registered using the three fiducial coils. The scalp mesh points for each candidate 

MRI were then computed using SPM8, and a surface-matching procedure was 

conducted by calculating the nearest neighbour points between the structural MRI mesh 

and the polhemus digitization points. The candidate MRI with the smallest mean nearest 

neighbour distance was selected as the surrogate structural MRI. This method has 

previously been shown to achieve comparable co-registration results relative to subject-

specific MRIs in MEG source modeling for auditory evoked fields [147]. In the current 

study, the polhemus points for each subject were superimposed on top of the surrogate 

MRI for that subject, and the results were visually inspected to ensure a close match 

between the structural MRI and the polhemus points (Figure 2.11). 
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Figure 2.11. Sample co-registration results. 
Results shown for representative subject. Polhemus digitization points (pink) are overlayed on top 
of the structural MRI. The fiducial coils are also shown (blue = nasion; red = left peri-auricular; 
green = right peri-auricular).  
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Chapter 3. BROs During Cognitive Loading (Study 
II)  

This study is published as a peer-reviewed article in Human Brain Mapping:  

Liu CC et al. (2019) “Cognitive loading via mental arithmetic modulates effects of BROs 

on precuneus and ventral attention network regions”. Human Brain Mapping. 40;2;377-

393.  

3.1. Abstract 

BROs (BROs) have been linked with environmental monitoring processes 

associated with blinking, with cortical activations in the bilateral precuneus. Although 

BROs have been described under resting and passive fixation conditions, little is known 

about their characteristics under cognitive loading. To address this, we investigated BRO 

effects during both mental arithmetic (MA) and passive fixation (PF) tasks using 

magnetoencephalography (n=20), while maintaining the same sensory environment in 

both tasks. Our results confirmed the presence of BRO effects in both MA and PF tasks, 

with similar characteristics including blink-related increase in global field power and 

blink-related activation of the bilateral precuneus. In addition, cognitive loading due to 

MA also modulated BRO effects by decreasing BRO-induced cortical activations in key 

brain regions including the bilateral anterior precuneus. Interestingly, blinking during MA 

– but not PF – activated regions of the ventral attention network (i.e. right supramarginal 

gyrus and inferior frontal gyrus), suggesting possible recruitment of these areas for blink 

processing under cognitive loading conditions. Time-frequency analysis revealed a 

consistent pattern of BRO-related effects in the precuneus in both tasks, but with task-

related functional segregation within the anterior and posterior subregions. Based on 

these findings, we postulate a potential neurocognitive mechanism for blink processing 

in the precuneus. The current study is the first investigation of BRO effects under 

cognitive loading, and our results provide compelling new evidence for the important 

cognitive implications of blink-related processing in the human brain. 
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3.2. Introduction 

Spontaneous blinking is a natural phenomenon that occurs approximately 15-20 

times per minute [64], with each blink lasting ~150–300ms in duration [65], [66]. Though 

often considered within the physiological context of corneal lubrication, increasing 

evidence now suggests that the degree of cognitive processing associated with blinking 

is greater than previously expected. Behavioural observations have demonstrated the 

modulation of blink rates by changes in attentional demand and cognitive load [68], 

[148], [149], while functional magnetic resonance imaging (fMRI) findings have also 

pointed to the potential role of spontaneous blinking in modulating attentional 

mechanisms during cognitive behaviours [115]. Nonetheless, the neural processes 

underlying spontaneous blinking are still not well-understood.  

Recent studies from electroencephalography (EEG) have reported 

electrophysiological signatures of blink-related neural processes known as BROs 

(BROs), in which the brain exhibits increased activity following spontaneous blinking 

[74], [76]. BROs are believed to represent the cognitive processes associated with 

blinking, distinct from the well-known ocular and motor effects. The BRO response has 

mainly been described under resting conditions with or without passive fixation, and is 

particularly prominent in the delta frequency range (0.5-4Hz). Specifically, the delta-band 

EEG amplitude and spectral power both exhibit increases following blink events, peaking 

at approximately 250-300ms post-blink [73], [74], [76]. A recent study in our group also 

demonstrated these temporal and spectral characteristics using 

magnetoencephalography (MEG), further validating the existence of BRO effects across 

different modalities [150]. Moreover, studies have also pointed to the potential utility of 

the BRO response in clinical brain function assessments [74], [76], with further possibility 

of deployment in bedside evaluations [40], [41], [45], [46].  

Crucially, previous MEG findings from our group further confirmed that delta 

BROs activated the bilateral precuneus regions known to be involved in environmental 

monitoring and self-awareness processes [75], [150]. The precuneus is a critical hub 

within the default mode network (DMN), a network of brain regions exhibiting increased 

activity under rest-like conditions [48], [50]. In fact, the precuneus/posterior cingulate 

cortex regions in particular have been found to be tonically active in the absence of goal-

directed tasks, and these tonic precuneal activations are believed to represent the 
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continual gathering of information from the environment [62]. Given the interruptions in 

visual input produced by spontaneous blinking, the observed increase in precuneal 

activity – above the tonic levels – following blink events is thought to represent additional 

environmental monitoring processes undertaken when the eyes close and reopen with 

each new blink [74], [76], [150]. The fact that these processes occur as part of blinking at 

rest also confers possible evolutionary advantages, as the ongoing scanning of the 

environment for potential threat detection would likely have been necessary to 

compensate for the momentary loss of visual input due to blinking. In fact, it is possible 

that blink-related processing may be related to the phenomenon of vigilance for predator 

and threat detection in animals, as studies in primates have shown that the inter-blink 

intervals are correlated with the level of antipredator vigilance [151], [152].  

Although BROs have been reported under rest-like conditions, little is known 

about their effects during overt cognitive tasks. Yet the investigation of BRO responses 

under cognitive task conditions is crucial to validating the presumed association between 

BROs and blink-related cognitive processing, such that BRO responses should be 

observable across multiple task states and also show task-modulatory effects. The 

current study aimed to investigate this issue using both passive fixation and cognitive 

task conditions.  

Given the multitude of cognitive task possibilities (e.g. visual search, go/no-go, 

working memory, etc.), selecting the appropriate task for this study required 

consideration of the type and extent of cognitive loading as well as potential 

experimental confounds due to competing sensory or cognitive demands. As the focus 

of this study was the cognitive modulation of blink-related effects, the cognitive loading 

condition itself must be the background experimental factor, while the blink events 

occurring during the cognitive task will form the main effect of interest. As such, cognitive 

tasks that are known to engage some of the similar brain regions activated by BROs 

may be best suited to exert modulatory effects on BRO responses. In addition, the task 

should also require little sensory interaction with the environment in order to minimize 

potential experimental confounds due to simultaneous sensory processing. The task 

should be challenging so as to create sufficient cognitive loading to modulate BRO 

effects, but should not require active engagement of attentional resources in interacting 

with externally applied cues in order to minimize competing cognitive demands. In other 

words, the desired task should: 1) be internally rather than externally focused; 2) engage 
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similar brain regions compared to BROs; 3) require little or no sensory cues from the 

environment for task performance; and 4) avoid utilizing active attentional resources in 

interactions with the environment. 

Mental arithmetic integrates many key cognitive processes such as magnitude 

comprehension, fact retrieval, calculation, sequencing, and visuo-spatial processing 

[153].  Complex mental arithmetic tasks also require additional cognitive resources such 

as attention and working memory for the temporary storage and manipulation of 

information [154]. Mental arithmetic presented several key advantages as a potential 

task in the current study: Firstly, it may be performed internally in a serial fashion without 

repeated external instructional cues, such as in backwards counting from a single 

starting value like 1000. Second, greater complexity of calculations may be created by 

selecting specific counting step values with greater arithmetic difficulty, such as in 

counting by 7 [155], [156]. In addition, mental subtraction in particular has been shown to 

activate several brain regions including the bilateral precuneus, which is of key interest 

in BRO responses [150], [157]. Moreover, the external sensory environment may be 

easily controlled during task performance by instructing the participant to maintain visual 

fixation on an unchanging crosshair without the use of further sensory inputs, thereby 

mitigating potential experimental confounds due to extraneous sensory stimuli. Finally, 

the same crosshair may be utilized in a passive fixation condition without any cognitive 

tasks to control for the effect of visual fixation. Thus, both the mental arithmetic and 

passive fixation tasks would involve identical sensory environments, but only mental 

arithmetic would contain a cognitive task. The cognitive modulation of BRO responses 

may then be evaluated by examining the effect of blink events during both these tasks.  

Given the above considerations, the current study investigated BRO 

characteristics in healthy individuals using magnetoencephalography (MEG) as they 

performed mental arithmetic and passive fixation tasks. We hypothesized that 1) BRO 

brain responses would be present during both tasks, and 2) the BRO effects would be 

modulated by cognitive loading. 
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3.3. Materials and Methods 

3.3.1. Participants 

Twenty-two healthy adults (age 23.0 ± 2.4, 9 female) participated in this study. All 

participants had normal or corrected-to-normal vision. This research was approved by 

the Research Ethics Boards of Simon Fraser University and Fraser Health Authority, and 

written informed consent was obtained from each volunteer prior to data acquisition. 

3.3.2. Experimental Design 

The experimental paradigm comprised two 10-minute tasks, with the order 

counter-balanced across individuals. One task consisted of mental arithmetic (MA), in 

which participants were instructed to mentally count backwards from 1000, subtracting 7 

each time (i.e. 1000, 993, 986, 979 etc.). Subjects were instructed to maintain visual 

fixation on a centrally presented crosshair (white on black background) throughout task 

performance, and to avoid moving their mouths or verbalizing the numbers. Instructions 

were also given for participants to restart the calculations at 1000 if they forgot the 

current result at any point during the run. The other task consisted of passive fixation 

(PF), in which participants visually fixated on a crosshair identical to that used in MA, 

without any other stimuli or activities being performed.  

Task compliance for MA was assessed through a combination of behavioural and 

neurocognitive effects, including verbal confirmation at the end of the run, offline 

evaluation of blink rate as a behavioural measure of cognitive load [68], [104], source 

localization to confirm task-related cortical activations, and assessment of task-related 

spectral changes at both sensor and source levels.  

3.3.3. Data Acquisition 

Data acquisition took place in a well-lit, magnetically shielded room, with the 

participants resting comfortably in the supine position. Volunteers were not informed of 

the purpose of the study in order to acquire natural blink responses. MEG data were 

collected using a 151-channel CTF system (MEG International Services Ltd, Canada) 

with axial gradiometers (5cm baseline) at 1200 Hz sampling frequency. Synthetic 3rd-
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order gradient noise cancellation was also applied. Continuous head location recording 

was made using head position indicator coils positioned at three fiducial points (nasion, 

left and right periauricular). Prior to data acquisition, the participant’s head shape was 

measured using a 3D digitizer (Polhemus, USA), and at least 500 points were acquired 

over the entire head. Blinks and eye movements were recorded using electrodes 

positioned near the left eye on the supra-orbital ridge (vertical EOG or vEOG) and outer 

canthus (horizontal EOG). Electrode impedances were kept below 5kΩ. Data from the 

EOG channels were monitored online to ensure that participants remained awake with 

their eyes open throughout the experiment, particularly during the fixation task.  

3.3.4. EOG: Blink Detection and Behavioural Evaluation  

Blink detection and behavioural evaluations were performed using EOG data. 

Data were first visually inspected, then notch-filtered to remove power line noise and 

associated harmonics, along with signal due to head position indicator coils. Subsequent 

blink detection and evaluation followed an automated template matching procedure in 

accordance with previously published methods [74], [150]. Briefly, data from the vEOG 

channel were band-pass filtered (0.1-30Hz), and one blink template was manually 

selected for each dataset as best representing a stereotypical blink. The entire vEOG 

data were then convolved with the blink template, and potential blink instances were 

identified using the convolution signal by applying amplitude thresholding. To avoid 

contamination from activity due to other blinks, temporal thresholding was also applied to 

exclude any blink instances that were less than 3 seconds away from adjacent blinks. 

Data from 2 of the 22 participants were excluded from subsequent analyses due to 

frequent blinking, as none of the blink events in these individuals survived temporal 

thresholding. All final blink events were visually inspected to ensure artifact-free data. To 

facilitate behavioural evaluation, blink rate was measured prior to temporal thresholding 

in order to better capture complete blink behaviour.  

To enable quantitative assessment of blink behavioural characteristics across 

individuals, features were extracted from the vEOG recording that corresponded to 

different aspects of blink morphology (Figure 3.1A) [76], [150]. Features were derived at 

the individual level after averaging together all identified blink events, and compared at 

the group level using paired t-test to examine within-subject behavioural differences 

between the MA and PF tasks. Additionally, between-subject consistency in blink 
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morphology was also evaluated for each task using a split-half approach as described 

previously [150]. In particular, participants were randomly divided into two sub-groups of 

equal size, and Pearson correlation was calculated after sorting the measurements in 

each group. This process was repeated 1000 times following randomized group 

divisions, and the mean correlation coefficient was computed. The overall behavioural 

characteristics in each task were deemed to be consistent across individuals if the mean 

correlation coefficient exceeded 0.8 in accordance with previous literature [123], [158].  

Further to quantitative evaluations, qualitative comparisons were also made 

using the grand-averaged blink waveform for the two tasks (Figure 3.1A). The trial-

averaged blink trace for each participant was first normalized relative to its own 

maximum amplitude prior to deriving the grand-average waveform, which helped to 

minimize bias at the group level due to potential large signals in raw blink amplitudes at 

the individual level. 

3.3.5. MEG: Data Preprocessing and Segmentation  

All subsequent analyses were performed on MEG data using a combination of 

EEGLAB [125] and SPM8 [124]. Following visual inspection and removal of artifactual 

channels, MEG data were notch-filtered to remove power line noise and signal 

corresponding to head position indicator coils. Data were then band-pass filtered to 0.5-

80Hz, and independent component analysis (ICA) was performed using the runica 

algorithm [126]. Independent components corresponding to artifact (e.g. blinks, 

saccades, muscle contractions, cardiac activity, breathing) were removed. 
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Figure 3.1.  Data Preprocessing.  
A) Grand average of 3s blink epochs in vEOG data showing the quantitative morphological 
features used to evaluate behavioural characteristics across individuals. Features delineate the 
height and width of positive and negative regions within the blink trace. M1 = positive peak width; 
M2 = positive peak amplitude; M3 = negative peak time; M4 = negative peak amplitude. Red 
dotted line at 0ms denotes the latency of maximum blink amplitude or T0, corresponding to the 
moment of complete eye closure. B) Schematic illustration of data segmentation technique. Blink 
epochs were centered on the latency of blink maximum (T0) for each blink event, while the control 
epochs were pseudo-random in timing with respect to blink instances. Number of trials was 
identical between control and blink conditions for each task and subject. Black dotted line 
represents time zero for each condition. C) Schematic illustration of data segments used for 
statistical contrasts, corresponding to intervals pre and post time zero for each condition and task. 
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D) Schematic illustration of key experimental factors in this study, applicable to the blink condition 
for PF and MA tasks. Rectangular boxes represent whole 3s epochs, with central black lines 
denoting T0. The effect of fixation (F) is common to both PF and MA tasks throughout the entire 
blink epochs, while the effect of mental calculation or math (M) is present throughout the epoch in 
MA. The effect of blinking has been decomposed into blinkF (BF) and blinkM (BM), representing 
blinking under fixation and blinking under calculation, respectively. The former applies to both the 
PF and MA tasks as they both utilize visual fixation, while the latter applies only to the MA task. In 
both cases, the blink-related effects primarily manifest in the post-blink intervals.  

To enable comparison with inherent brain activations that may not be time-locked 

to spontaneous blinks, an analytical control condition for non-time-locked activity was 

introduced at the data segmentation stage in accordance with previously published 

procedures [150]. Specifically, data were segmented into 3-second epochs according to 

two conditions (Figure 3.1B): a blink condition centred on the latency of maximum blink 

amplitude or T 
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, and a control condition comprising non-overlapping consecutive epochs that 

were pseudo-random in timing with respect to blink instances. The number of trials was 

matched between the blink and control conditions for each participant and task, and the 

control epochs were segmented near the middle of the 10-minute datasets. The blink 

condition was used to elucidate main effects of interest with respect to BRO responses, 

while the control condition helped determine whether any observed BRO effects were 

blink-related rather than being the result of inherent brain activity. 

3.3.6. Statistical Contrasts and Experimental Factors 

Statistical contrasts were evaluated based on data from the pre and post 

intervals relative to time zero for each segmentation condition (i.e. blink and control) and 

experimental task (i.e. MA and PF) (Figure 3.1C). BRO responses were evaluated using 

4 main experimental factors derived from the blink condition data (Figure 3.1D): 1) 

Fixation (F) corresponds to the effect of visual fixation on the crosshair, present in both 

MA and PF tasks and applicable to the entire epoch for each task; 2) math (M) 

corresponds to the effect of mental calculation, present in the entire epoch for the MA 

task; 3) blinkF (BF) corresponds to the effect of blinking during fixation, present in both 

MA and PF tasks; and 4) blinkM (BM) corresponds to the effect of blinking during 

calculation, present only in the MA task. Crucially, as previous studies had shown that 

blink-related effects were primarily present in the post-blink time windows [74], [76], 

[150], both blink-related factors were expected to impact mainly the respective post-blink 

intervals rather than the entire epoch.  

Using these experimental factors, statistical contrasts were derived to examine 

various effects of interest (Table 3.1). Main BRO-related effects include blink-related 

increase in brain activity during the MA and PF tasks (ΔMA and ΔPF, respectively), as 

well as decreased blink-related processing in MA compared to PF (ΔPF – ΔMA). Task-

related effects in the absence of blink activity were evaluated by contrasting the blink 

condition data in the pre-T0 interval between the MA and PF tasks (Section 3.7.3). 

Numerous additional contrasts were performed to investigate potential alternate BRO 

effects, such as blink-related decrease in activity and increased blink-related processing 

in MA relative to PF (Section 3.7.3). Furthermore, to ensure that any observed BRO 

effects were due to blink events rather than being part of inherent brain activity, 

comparisons were also made using the control condition data (Section 3.7.4). 
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Table 3.1. Main effects of interest. 
Statistical contrasts used to examine main effects of interest and associated experimental factors. 

 Effect of Interest Contrast Experimental Factors 
ΔPF Blink-related increase in PF task  FBpost – FBpre  (F + BF) – F = BF 

ΔMA Blink-related increase in MA task  MBpost – MBpre  (F + M + BF + BM) – (F + M) = BF + BM 
ΔPF – ΔMA Decreased blink-related processing 

in MA compared to PF  
(FBpost – FBpre) – 
(MBpost – MBpre)  BF – (BF + BM) = –BM 

 

3.3.7. Effectiveness of Artifact Removal 

Prior to continuing analysis for potential blink-related effects, it is critical to first 

assess the effectiveness of the ICA-based artifact removal process. This multi-step 

evaluation was conducted following previously published methods [150], and is 

summarized below. First, the trial-averaged event-related fields (ERFs) for the blink 

condition data corresponding to each participant and task were visually inspected before 

and after artifact removal to confirm the elimination of signal features characteristic of 

ocular activity (e.g. “spikes” and “boxes”). Next, the spatial topographies for each dataset 

were examined at both blink maximum (0ms latency) as well as pre-blink baseline 

(chosen to be -1000ms to maintain separation from potential saccadic eye movements 

associated with blink occurrence) to ensure that frontally concentrated signals were no 

longer present following artifact removal.  

The subsequent stages involved quantitative analyses to examine the 

contribution of blink signal relative to that in the pre-blink baseline. Specifically, MEG 

sensors were first divided into regional subgroups according to location (i.e. frontal, 

central, parietal, temporal, and occipital), and the ocular contamination index (OCI) was 

computed to assess the blink-to-baseline power ratio in each region as follows:  

𝑂𝐶𝐼 =	
∑ (𝑦L −¯
L°Z 𝑦)k

∑ (𝑥L −¯
L°Z 𝑥)k

 

where n is the number of channels in each region, and yi and xi are the ERF signal 

amplitudes at 0ms and -1000ms latencies, respectively. This ratio provides information 

about the contribution of the maximal blink signal relative to the baseline signal in each 

region, while correcting for channel mean drifts. In other words, this ratio measures the 
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relative amplitude of maximal blink signals as normalized by the baseline signal levels 

for each region. Ratios greater than unity therefore denote increased contribution of 

ocular signals relative to baseline, while ratios below unity represent decreased 

contribution of ocular signals relative to baseline. 

Using the OCI power ratio measures, two sets of statistical analyses were 

subsequently undertaken to determine the impact of artifact removal. One analysis 

focused on the comparison of regional power ratios before and after artifact removal 

using paired t-test, providing information about the impact of artifact removal within each 

region. This was applied separately for each experimental task (i.e. MA, PF) and data 

segmentation condition (i.e. blink, control). The other analysis examined cross-regional 

changes in power ratio using one-way repeated-measures analysis of variance 

(ANOVA), with “region” as a within-subject factor. This analysis was performed 

separately for each condition and task, and enabled the assessment of potential 

statistical relationships among regions that may be consistent with the spatial 

propagation of ocular signal.  

3.3.8. Overall Effects 

To provide an overview of both blink-related and task-related effects in different 

frequency bands, de-noised continuous data were filtered into the delta (0.5-4Hz), theta 

(4-8Hz), alpha (8-12Hz), beta (12-30Hz), and gamma (30-80Hz) frequencies, then 

segmented and trial-averaged to derive ERFs for each frequency band. Global field 

power (GFP) was computed from ERF signals, providing information about the 

demeaned signal power across all channels in each frequency band [44], [128], [129]. 

Individual-level mean GFP amplitudes were calculated by averaging over 1200ms 

intervals pre (-1500ms to -300ms) and post (0 to 1200ms) time zero for each task and 

segmentation condition. The resulting values were entered into group-level statistics 

using two-way repeated measures ANOVA, with ‘task’ (i.e. MA vs. PF) and ‘time’ (i.e. 

post- vs. pre-T0) as within-subject factors. This analysis was conducted separately for 

each frequency band, with Bonferroni correction for any post-hoc comparisons. 

Additionally, as the blink and control conditions had been segmented “independently" 

with respect to blink instances – such that the blink condition reflected the presence of a 

time-locked experimental event while the control condition did not – separate analyses 
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were performed for each segmentation condition. Outcomes from this overall analysis 

then informed subsequent analytical parameters.  

3.3.9. BRO Effects: Sensor Activity 

Building upon the previous ANOVA results, further analyses for BRO-related 

effects were focused on the delta-band activity. The individual-level delta-band GFP 

waveforms were derived, and the mean GFP amplitudes were computed over a 200ms 

time window in both pre-T0 and post-T0 intervals. The post-T0 window was selected to 

span the maximum GFP amplitude (150-350ms), while the pre-T0 window was chosen to 

be -1300ms to -1100ms to represent pre-blink baseline activity. Statistical comparison 

was performed using paired t-test to evaluate potential changes in GFP amplitude 

following blink events. Identical time windows were used in all calculations, and separate 

analyses were conducted for each task and segmentation condition. 

3.3.10. BRO Effects: Source Localization   

Source localization analysis followed previously published methods [150], and 

are summarized below. Briefly, standard forward modeling was performed using a single 

shell spherical head model in SPM8, followed by source reconstruction using minimum 

norm estimates [95]. Group constraints were applied during inversion to improve source 

reliability across participants [124], [130]. Source reconstruction was based on denoised, 

segmented, and trial-averaged amplitude data (0.5-45Hz) in the entire 3000 ms epoch 

[150]. Time-frequency contrast images were generated by averaging the estimated 

source activity over the delta frequency band and across 200ms time windows 

previously chosen based on delta-band GFP results, corresponding to the post-blink 

GFP peak (150-350ms) and the pre-blink baseline (-1300ms to -1100ms). These 

contrast images were then projected to a 3-dimensional source space and smoothed 

using a Gaussian kernel with 8 mm full-width at half-maximum for input into statistical 

modeling. Statistical analysis employed a general linear model (GLM) using two-way 

ANOVA [131], with time (i.e. pre-T0 vs. post-T0) and task (i.e. MA vs. PF) as factors. 

Separate analyses were performed for the blink and control segmentation conditions. It 

is important to note that the differential blink rates between the PF and MA tasks were 

also incorporated as a covariate into the ANOVA design in order to account for potential 

interaction effects due to blink rate.  
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3.3.11. BRO Effects: Source Activity   

Given that the bilateral precuneus had been implicated in previous BRO studies 

as key regions of interest [74], [150], further analysis was undertaken to examine 

source-level effects in these regions. Specifically, time course activity was extracted 

using virtual electrodes positioned at coordinates centered in statistically significant 

activations clusters within the bilateral precuneus, particularly subregions of the posterior 

precuneus (pPC, MNI coordinates [-8 -76 46] and [10 -75 42]) and anterior precuneus 

(aPC, coordinates [-8 -44 67] and [10 -48 67]). For each virtual electrode, voxel time 

courses were smoothed over a spherical volume of interest with 5 mm radius, then 

filtered (0.5-45Hz) and segmented following parameters in prior studies [76], [150]. 

Event-related spectral perturbation (ERSP) associated with blink events was derived 

using the continuous wavelet transform (CWT) with Morlet function and 6 cycles [159]. 

CWT was computed for each virtual electrode and trial, and the log power was 

calculated as the logarithm of the squared absolute values of the wavelet coefficients. To 

evaluate blink-related effects, baseline correction was carried out by subtracting from 

each trial the mean log power during a pre-blink baseline window, selected to be -

1500ms to -500ms relative to T0 [74], [150]. Results were conditionally trial-averaged at 

the individual level, then grand-averaged across subjects. Statistical significance was 

assessed for each segmentation condition and experimental task using a bootstrapping 

approach: Specifically, group-level T-statistic values were first computed at each time 

point and frequency between data in the pre- and post-blink intervals. Data for each 

frequency were then randomly permuted between the pre- and post-blink intervals, and 

new T-statistic values derived. Following 1000 such randomized permutations of the 

data, a T-distribution was generated, and the actual T-statistic values were compared to 

this distribution in order to determine probabilities. Results were deemed significant if 

p<0.05. A binary map of significance was also generated for all frequencies and time 

points in each task based on these probabilities, and the onset and offset latencies for 

the theta (4-8Hz) and alpha bands (8-12Hz) were extracted using the significant 

windows in this map.  

3.3.12. Task Effects: Source Activity 

As the bilateral precuneus are also key cortical regions involved in mental 

calculation [157], additional analyses were undertaken to examine potential task-related 
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effects in these regions. Similar to earlier BRO effect analysis, virtual electrode data 

were first extracted from the same cortical locations in pPC and aPC, filtered to 0.5-

45Hz, segmented, transformed using CWT, then averaged across trials for both blink 

and control conditions. For task-related comparison between MA and PF, mean log 

power during the pre-blink baseline in the PF task was subtracted from each time point 

of the corresponding condition in both tasks.  Statistical significance was evaluated in a 

similar manner using bootstrapping, but comparisons were made between data in the 

MA and PF tasks within the same time windows. Separate analyses were conducted for 

each segmentation condition.  

3.4. Results 

3.4.1. EOG: Behavioural Blink Evaluation  

Behavioural assessments using vEOG data showed that participants blinked 

more rapidly during the MA task compared to PF (p<0.05, Table 3.2), consistent with 

increased cognitive load during MA [68], [104]. Additional quantitative analysis of blink 

morphological features showed no within-subject behavioural differences between the 

MA and PF tasks (Table 3.2). Further analysis of group-level behavioural consistency 

showed that correlations were extremely high across subjects for all morphological 

measures (r > 0.9). These results demonstrate that blink behaviour was highly consistent 

across individuals for both PF and MA tasks, and that the only difference observed was 

increased blink rate in MA as an indicator of cognitive load.  

Table 3.2. Blink behavioural characteristics. 
Features were derived from vEOG waveforms. M1-M4 are morphological features extracted from 
un-normalized, trial-averaged blink traces for each individual. Raw = measurements derived from 
un-normalized blink traces, presented as mean ± standard error across individuals. Correlation = 
correlation coefficients from split-half analysis to determine between-subject behavioural 
consistency, presented as mean ± standard deviation across 1000 repetitions. Within-Subject 
Difference = probabilities from paired t-test to determine within-subject differences in raw blink 
characteristics between the two tasks. *p<0.05 

 
Measure Name MA 

 
PF 

 Within-
Subject 
Statistics 

 Raw Correlation (r)  Raw Correlation (r)  T19 

 Blink Rate (# / min)  15.00 ± 2.32 –  10.19 ± 1.44 –  2.325* 
M1 Positive Peak Width (s) 0.327 ± 0.019 0.920 ± 0.056  0.336 ± 0.022 0.933 ± 0.042  –0.368 
M2 Positive Peak Amplitude (µV) 46.91 ± 3.46 0.935 ± 0.039  45.63 ± 4.36 0.939 ± 0.037  0.427 
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M3 Negative Peak Time (s) 0.438 ± 0.024 0.909 ± 0.047  0.425 ± 0.026 0.945 ± 0.035  0.461 
M4 Negative Peak Amplitude (µV) -10.25 ± 1.37 0.926 ± 0.048  -10.99 ± 1.79 0.909 ± 0.058  0.565 

 

3.4.2. MEG Preprocessing: Effectiveness of Artifact Removal  

Both qualitative and quantitative analyses demonstrated the efficacy of the 

artifact removal process. Visual inspection of individual-level ERF waveforms showed 

that spikes and box-like features consistent with ocular activity was eliminated following 

artifact rejection, with corresponding shifts in spatial topography from frontal eye to 

posterior regions (Figure 3.2A). Quantitative analysis of regional blink-to-baseline power 

ratios showed the presence of a significant ‘region’ effect in the blink condition prior to 

artifact removal (F2.787,52.945 = 44.699, p<0.0001), with reduction of power from the frontal 

and temporal regions towards the posterior areas in a pattern consistent with the spatial 

propagation of ocular signal (Figure 3.2B):  

(Frontal ≈ Temporal) >
∗
	(Central ≈ Parietal) >

∗
 Occipital, where * indicates p<0.05 

However, this ‘region’ effect was no longer significant following artifact removal 

(F4,76 = 2.190, p = 0.078), and the frontal-posterior spatial pattern associated with ocular 

activity also disappeared. There were significant reductions in power ratio in all regions 

following artifact removal (p<0.001, Figure 3.2B), which was particularly prominent in the 

frontal and temporal areas where the ocular artifact was greater (98% and 99% power 

reductions, respectively).  

Contrary to the blink condition outcomes, the control condition power ratios did 

not exhibit any significant ‘region’ effects before or after artifact removal (F2.705,51.395 = 

1.352, p = 0.268 before; F2.782,52.862 = 0.862, p = 0.460 after). Nor were there any 

significant changes in power ratios following artifact removal for any of the regions. 

These outcomes are consistent with expectations, as the control condition was not time-

locked to blink events and was therefore not expected to have captured much blink 

activity.  
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3.4.3. Overall Effects: Sensor Activity  

Overall GFP analysis across different frequency bands showed that only the 

delta band blink condition data exhibited a significant main effect of ‘time’ (F1,19 = 53.733, 

p<0.00001), suggesting that significant changes in signal power occurred following blink 

events. This was not observed in the delta band control condition (F1,19 = 3.276, 

p=0.086), or in any of the other frequency bands. Additionally, a significant main effect of 

‘task’ was observed in both the blink and control conditions for the gamma band (F1,19 = 

4.743, p=0.042 and F1,19 = 5.241, p=0.034, respectively), suggesting that both 

segmentation conditions captured MA task-related activity in this frequency band. 

Further non-significant, but potentially trending, task-related effects were observed in the 

theta (F1,19 = 4.082, p=0.058 for blink condition; F1,19 = 3.618, p=0.072 for control 

condition) and beta (F1,19 = 3.665, p=0.071 for control condition) bands, along with a 

significant interaction effect in the beta band blink condition (F1,18 = 9.300, p=0.007).  

Table 3.3. Overall effects. 
Sensor-level GFP effects for each frequency band. Results show probabilities from the omnibus 
two-way repeated measures ANOVA with time and task as within-subject factors. B=blink; 
C=control; ns=not significant; p<0.05 is considered to be significant. 

  δ θ α β γ 
  (0.5 – 4 Hz) (4 – 8 Hz) (8 – 12 Hz) (12 – 30 Hz) (30 – 80 Hz) 
Time 
(Post vs. Pre T0) 

C ns ns ns ns ns 
B p<0.0001 ns ns ns ns 

Task 
(MA vs. PF) 

C ns p=0.072 ns p=0.071 p=0.034 
B ns p=0.058 ns ns p=0.042 

Interaction 
(Task × Time) 

C ns ns ns ns ns 
B ns ns ns p=0.005 ns 
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Figure 3.2. Artifact removal results.  
A) Representative subject data showing all-channel ERFs and spatial topographies before and 
after artifact removal. Signal characteristics consistent with ocular activity disappear following 
artifact removal. Black and gray dotted lines denote the latencies corresponding to maximum 
blink amplitude (0ms) and pre-blink baseline (-1000ms), respectively. B) Regional blink-to-
baseline power ratios before and after artifact removal, calculated for each subject and presented 
as mean ± SE across subjects. Results shown in log scale due to the high discrepancy between 
values. Data shown for MA task; PF task data are presented in Section 3.7. *p<0.001 
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3.4.4. Specific Effects: Sensor Activity 

Further evaluation of BRO effects focused on delta-band GFP activity, with the 

blink condition results showing increased power in the post-blink interval compared to 

pre-blink in both MA and PF tasks, each peaking at approximately 250ms latency 

(Figure 3.3A Top). This effect was absent in the control condition. The increase in blink 

condition GFP amplitudes was statistically significant in both tasks (p<0.0001, Figure 

3.3A Bottom). There was also an apparent increase in the blink condition peak 

amplitudes between PF and MA tasks, but this was not statistically significant (T19 = 

1.360, p=0.190). Additional comparisons revealed task-related increase in gamma band 

GFP amplitude in MA compared to PF task, occurring in both the blink and control 

conditions (p<0.05, Figure 3.3B).  

3.4.5. BRO Effects: Source Localization 

Source localization in the delta band showed blink-related activations in the 

bilateral occipital, posterior parietal, and anterior temporal regions during the PF task 

(p<0.001 unc., Figure 3.4 ΔPF). Activation was also observed in the bilateral lingual and 

fusiform gyri along with the right parahippocampal gyrus. In comparison, blink-related 

activations during MA were decreased in extent compared to PF, with reductions visible 

across the occipital, posterior parietal, and temporal regions and particularly prominent 

in the right-hemisphere (p<0.001 unc. Figure 3.4 ΔMA). Additionally, BRO-related 

activation of the lingual, fusiform, and right parahippocampal gyri also disappeared 

during MA. While both tasks showed blink-related activation of the bilateral precuneus, 

the extent of precuneal activations – particularly in the anterior subregion – was reduced 

in MA compared to PF (p<0.001 unc., Figure 3.4 ΔPF – ΔMA). Interestingly, blinking 

during MA also activated the right inferior frontal gyrus (IFG) and supramarginal gyrus 

(SMG) (p<0.001 unc., Figure 3.4 ΔMA).  
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Figure 3.3. GFP results in the delta and gamma bands.  
A) Delta-band results. Top: Grand-averaged GFP waveforms showing increased GFP amplitude 
in the blink condition, peaking at approximately 250ms post-T0 for both MA and PF tasks. This is 
not seen in the control condition. Black dotted line denotes T0. Dark and light gray shaded regions 
represent 200ms windows of interest in the pre and post intervals, respectively. Bottom: Mean 
GFP amplitude for the corresponding tasks, averaged over the highlighted windows of interest. 
Measurements were computed for each individual and presented as mean ± SE across subjects. 
Identical windows were used for both tasks. *p<0.0001 paired t-test. B) Gamma-band results 
showing mean GFP amplitude in the intervals before (-1500ms to -1300ms) and after T0 (0 to 
1200ms). Both blink and control conditions show increased gamma power in MA compared to PF. 
Bpre = blink condition pre-T0; Bpost = blink condition post-T0; Cpre = control condition pre-T0; 
Cpost = control condition post-T0.  **p<0.05 paired t-test. 
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Figure 3.4. Source localization results. 
Results shown for (p<0.001 unc., k = 20 voxels). ΔPF = Blink-related increase in activity in PF 
task; ΔMA = Blink-related increase in activity in MA task; ΔPF – ΔMA = Decreased blink-related 
activation in MA compared to PF; Color bar represents T-statistic values. White circles denote 
precuneus activation. SMG = supramarginal gyrus; IFG = inferior frontal gyrus; LFG = lingual and 
fusiform gyri; PHG = parahippocampal gyrus. Coordinates in MNI space. 

To evaluate potential alternative BRO effects as well as ensure that any 

observed BRO effects were due to blink events rather than inherent brain activity, 

numerous other contrasts were also performed (Section 3.7). No suprathreshold 

activations were found in any of these contrasts. Additionally, task-related effects in the 

absence of blink activity were also confirmed (Section 3.7.3), and no interaction effects 

were found for the differential blink rates between the MA and PF tasks.  

3.4.6. BRO Effects: Source Activity 

Source activity in the bilateral pPC demonstrated increased spectral power in the 

delta and beta/gamma frequency bands in the first 300ms following blink events, 

representing event-related synchronization (ERS) of oscillatory activity compared to the 

pre-blink interval (p<0.05, Figure 3.5 Top). This was followed by prolonged reduction in 

spectral power in the theta and alpha bands (p<0.05), or event-related 

desynchronization (ERD). These effects occurred in the blink condition in both PF and 

MA tasks, but were absent in the control condition (Figure 3.10). Interestingly, the 

latency of onset in the theta and alpha ERD also differed between the two tasks (Figure 

3.5 Bottom Panel). Comparison of their respective windows of significance showed a 

bilateral earlier onset of the alpha ERD in MA (~60ms and ~30ms in left and right pPC, 

respectively), accompanied by an earlier offset in the left pPC (~160ms). In contrast, 
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theta ERD was delayed in MA in the left pPC (~100ms), but had slightly earlier latency in 

the right pPC (~20ms). Moreover, theta offset was unchanged in MA within the left pPC, 

but was ~160ms earlier in the right pPC.   

 
Figure 3.5. Blink-related effects in the posterior precuneus. 
Source-level wavelet spectral power demonstrating blink-related effects in the left (A) and right 
(B) posterior precuneus (pPC). Results are shown for blink condition only. Top panels: Grand-
averaged log spectral power from ERSP analysis. Black dotted line denotes T0. Color bar 
represents log power values. Bottom panels: Statistical significance relative to pre-blink baseline 
in the alpha and theta frequency bands. Horizontal axes denote time relative to T0. Vertical axes 
represent statistical test outcomes. ns = not significant. 

3.4.7. Task Effects: Source Activity 

Following earlier results demonstrating reduced blink-related activation in the 

bilateral aPC between the PF and MA tasks (Figure 3.4 ΔPF – ΔMA), investigation of 

task-related effects in these regions showed that the bilateral aPC exhibits a similar 

ERS/ERD pattern relative to that of the pPC, but only during the PF task in the blink 

condition (Figure 3.6). This pattern is not observed in the control condition during PF 

task, or in either condition during the MA task. Instead, there was bilateral increase in 

theta and beta/gamma band power in both blink and control conditions during the MA 

task, which was more prominent in the right aPC.  
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Figure 3.6. Task-related effects in the anterior precuneus.  
Source-level wavelet spectral power showing task-related differences in the left (A) and right (B) 
anterior precuneus (aPC). The ERS/ERD pattern seen in the blink condition during PF task is not 
found in the control condition. MA task shows right-lateralized increase in theta and beta/gamma 
power for both blink and control conditions. Black dotted line denotes T0. Color bar represents log 
power values. 

3.5. Discussion 

The current study utilized MEG to investigate BROs under both MA and PF tasks 

in order to elucidate potential cognitive modulations of BROs. As BRO effects have thus 

far only been described under resting and passive fixation conditions, the evaluation of 

this response under cognitive loading conditions represents an important step forward in 

validating the presumed association between BROs and cognitive processing. We 

hypothesized that: 1) BRO brain responses would be present during both MA and PF 

tasks; and 2) BRO effects would be modulated by cognitive loading.  

3.5.1. Main Findings 

Hypothesis 1: BROs Present in Both Tasks  

Our findings confirmed the presence of BRO brain responses during both MA 

and PF tasks, with characteristics that are similar across both tasks. In particular, we 

demonstrated that: 1) BROs during both tasks showed blink-related increase in GFP 

magnitude peaking at approximately 250ms post-blink (Figure 3.3A); 2) BROs during 

both tasks demonstrated blink-related activation of the bilateral precuneus regions as 

well as regions of the occipital, inferior temporal, and posterior parietal cortices (Figure 

3.4 ΔMA, ΔPF); and 3) BRO responses in both tasks were observed only in the blink 
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segmentation condition and were absent in control, indicating that effects were time-

locked to blink events and were not due to inherent brain activity. These results are all 

consistent with previous reports of BRO effects under resting and passive fixation 

conditions [74], [150], and provide further evidence in establishing the validity of this 

response across multiple task states.  

Hypothesis 2: BROs Modulated by Cognitive Loading 

In comparing the BRO responses between the MA and PF tasks, the current 

study also observed several key differences in BRO effects which suggest that this 

response is modulated by cognitive loading: 1) Blink-related activation of the bilateral 

precuneus was decreased in MA compared to PF (Figure 3.4 ΔPF – ΔMA); 2) blink-

related activation of the fusiform, lingual, and right parahippocampal gyri were observed 

during PF but was absent in MA (Figure 3.4); 3) blinking did not activate the right SMG 

and IFG regions during the PF task, but did activate these regions during MA (Figure 

3.4); and 4) BRO-induced spectral effects were observed in both MA and PF tasks in the 

posterior precuneus (Figure 3.5), but these effects disappeared in the anterior 

precuneus in MA (Figure 3.6). It is important to note that all BRO-related effects were 

observed only in the blink segmentation condition and were absent in the control 

condition, indicating that these effects were blink-related rather than part of inherent 

brain activity. Together, these results further extend previous findings regarding BRO 

responses by elucidating the differential characteristics of this phenomenon under 

alternative cognitive loading conditions.  

3.5.2. Study Implications 

Methodology 

Given that the objective of this study was to investigate the differential effects of 

BROs during the MA and PF tasks, the results were focused on blink-related rather than 

task-related activity. Although the primary experimental factor under manipulation was 

the use of MA or PF task, the main effects of interest were the blink events occurring on 

top of these tasks – in other words, the main results focused on the blink events as 

modulated by the cognitive loading conditions associated with the MA or PF tasks. It is 

important to note that, because both tasks used identical sensory environments and the 

mental subtraction in MA was performed internally in a serial fashion without repeated 
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external cues, only calculation-induced cognitive loading should have been the driving 

factor behind differential effects observed between the MA and PF tasks. As such, 

comparison between the blink-related activities in both tasks (i.e. ΔMA vs. ΔPF) should 

help elucidate potential modulatory effects of mental calculation on BRO responses.  

Reduced BRO-Induced Cortical Activation Under Cognitive Loading 

BRO-related activation of the precuneus is believed to represent environmental 

monitoring processes associated with spontaneous blinking, as the brain examines each 

new image that appears before the eyes following eye re-opening [74], [76], [150]. 

Though these findings have previously been reported for only resting and passive 

fixation conditions, the current study now demonstrates BRO-related activation of the 

precuneus regions in both MA and PF tasks, thereby extending the previous findings 

towards cognitive task conditions. Additionally, we also observed the reduction of BRO-

related precuneal activation in MA compared to PF (Figure 3.4 ΔPF – ΔMA), which is 

consistent with the activation of this region during mental arithmetic processing – 

particularly in subtraction tasks [157], [160]. As both blinking and mental arithmetic are 

known to activate the precuneus regions – and blinking was a secondary factor in MA on 

top of ongoing calculations – the simultaneous engagement of the precuneus region in 

calculation task performance likely contributed to the reduction of BRO-induced 

precuneus activation during this task. These findings help to validate the involvement of 

the precuneus regions in BRO effects. Additionally, these results are also consistent with 

the influential triple-code model of numerical cognition, in which the bilateral intraparietal 

sulcus areas (with medial extensions into the precuneus) are believed to represent 

numerical magnitude information crucial in mental calculations [155], [161].  

In addition to the precuneus, further reductions of BRO-related cortical 

activations were also observed across other occipital and temporal regions in MA 

compared to PF, including the complete disappearance of BRO-related lingual and 

fusiform activations during MA (Figure 3.4 ΔPF, ΔMA). BRO-induced activation of lingual 

and fusiform gyri during PF is consistent with previous reports [76], [106], [150], and may 

be related to sensory processing of blink-related information as these regions have been 

previously linked with visual processes including complex image encoding, face 

perception, and object recognition [162]–[164]. On the other hand, the absence of these 

activations during MA may be due to the involvement of these regions in the competing 
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task of mental calculation. In particular, the triple-code model postulates that visual 

recognition of number forms is subserved by occipital regions along with the lingual and 

fusiform gyri [165], while verbal representation of numbers is associated with left-

lateralized perisylvian areas [166]. This has been further substantiated by studies 

reporting differential activation patterns when participants solved mental arithmetic 

problems using different calculation strategies (ie. visualization vs. verbalization of 

numbers) [167]–[169]. As participants in the current study were instructed to perform 

mental calculations internally without moving their mouths, they may have been more 

likely to employ a visualization strategy that recruits occipital, lingual, and fusiform 

regions. Hence, the disappearance of these activations as part of BRO-induced effects 

during MA may have been the result of competing task demands due to mental 

calculation. Nonetheless, this interpretation remains tentative, as the current study did 

not directly investigate the impact of different calculation strategies. Future work is 

needed to better elucidate these effects.  

Similar task-induced reduction of BRO-related activity was also observed in the 

right parahippocampal gyrus, which exhibited blink-related activation in PF but not in MA 

(Figure 3.4 ΔPF, ΔMA). The activation of this region under PF is consistent with previous 

reports of blink-related brain activity [76], [106], [150]. Parahippocampal activations have 

also been reported in previous studies investigating visuospatial processing using tasks 

such as viewing of natural scenes and landmarks [170]–[173] as well as spatial 

navigation [174], [175]. Additionally, other studies examining associative episodic 

memory (wherein different items are bound together to form a compound construct or 

episode) have also demonstrated parahippocampal activations [170]. These memory 

studies utilized stimulus paradigms containing face-name pairs [176], objects with 

associated contexts [177], and paired items featuring faces alongside spatial or non-

spatial information [178]. In interpreting these findings, it has been proposed that the 

parahippocampal regions act as an important conduit in the medial temporal lobe 

memory system by first processing spatial and non-spatial information in its posterior 

and anterior portions, respectively, then feeding this information to the hippocampus 

where they are merged to form cohesive representations of the object and associated 

context [179]. Building upon this, another influential theory postulates that the primary 

function of the parahippocampal cortex is to process contextual associations in both 

spatial and non-spatial domains [170]. These associations are believed to be formed by 
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repeated exposures to prototypical clusterings of objects (e.g. ‘oven’ and ‘sink’ objects 

within a ‘kitchen’ context), and helps to reconcile the dual roles of the parahippocampal 

cortex in both visuospatial processing and associative episodic memory [170]. 

Specifically, visuospatial associations are ascribed to the spatial relationships of objects 

with their environment (e.g. layout of the cabinets in a kitchen), while episodic memory 

associations are attributed to the binding together of items that belong to the same 

episode (e.g. dishes are usually washed at the kitchen sink) [170].  

In the current study, BRO-induced activations in the PF task spanned portions of 

both anterior and posterior parahippocampal regions as well as a part of the 

hippocampus (Figure 3.12). This pattern of activation overlaps with those previously 

reported in both visuospatial processing as well as associative episodic memory studies 

[173], [176], suggesting possible involvement of memory as well as contextual 

association processes in the BRO response [170], [179]. However, this finding is 

somewhat unexpected given our study did not utilize any active stimulus to prime the 

encoding/retrieval or association processes. Indeed, the only sensory input employed in 

the current study comprised a visual fixation cross that remained unchanged throughout 

the session. Nonetheless, given the momentary loss of visual input occurring with each 

blink instance, it is possible that the consequent disappearance and reappearance of the 

fixation cross may have created the effect of a ‘new’ visual stimulus to be processed. 

This interpretation is in line with the aforementioned theory of contextual association 

processing in parahippocampal activations, which requires repeated exposures to a 

‘prototypical context’ to form the associations [170]. In this case, the multiple closing and 

re-opening of the eyes with blink events may have produced repeated exposures to the 

visual fixation cross (i.e. white cross on black background) as an ‘object’. This ‘object’ 

would then be evaluated with respect to its spatial associations (i.e. fixation cross is 

located at center of screen) as well as its non-spatial associations (i.e. fixation cross is 

white on black background). It is important to note that these association-related 

parahippocampal activations occur even in the absence of active encoding/retrieval 

tasks, as previous work has demonstrated that passive viewing of visual information 

containing contextual associations also elicited parahippocampal effects [180]. Thus, we 

speculate that the blink events in our study may have somehow created the effect of a 

passive visual stimulus from the fixation cross, but further studies are needed to validate 

these interpretations. 
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Although our results showed blink-related parahippocampal activations in PF, no 

such activations were observed in MA. This is consistent with the involvement of 

parahippocampal regions in mental calculation [153], [157]. Given the expected 

competing effects between calculation and blinking in the MA task, these findings 

suggest that activation of the parahippocampal regions for blink processing is also 

dependent on the availability of cognitive resources in light of other task demands. 

BRO Responses Recruit Ventral Attention Network Regions Under 
Cognitive Loading 

An interesting finding in the current study is the unexpected observation that 

blinking during MA also activated the right SMG and IFG regions (Figure 3.4B). These 

regions are consistent with areas of the ventral attention network (VAN) involved in 

stimulus-driven attention and the detection of behaviourally relevant sensory stimuli, 

particularly when the stimuli are salient or unexpected [141]. As the current study did not 

utilize any active external stimulus aside from an unchanging crosshair that was identical 

between the MA and PF tasks, we did not expect the activation of stimulus-driven 

attention in either task. Nonetheless, the decrease in BRO-induced occipital, temporal, 

and precuneal activations in the MA task compared to PF suggests a potential reduction 

of neural resources for blink processing under mental calculation conditions. As such, 

the activation of VAN regions during MA suggests the possible recruitment of additional 

cognitive resources for blink processing during the cognitive task. Thus, the observed 

activation patterns suggest that during cognitive task conditions, the brain may be 

making additional efforts to scan the environment with each eyeblink in order to detect 

any unexpected but potentially salient events. This interpretation is also consistent with 

the environmental monitoring and self-awareness aspects of blink-related brain 

activations, as the brain must be able to detect salient inputs and re-orient attention 

where needed – particularly when attention is already engaged in another task.  

In light of the observed blink-related activation of VAN regions during the MA 

task, we speculate that the cognitive loading conditions underlying blink events may play 

a role in modulating the BRO-induced activation of VAN regions. This is supported by 

our observation that blinking during PF activated the visuospatial pathways involving the 

parahippocampal, lingual, and fusiform gyri among others, while blinking during MA 

activated the VAN regions but not the visuospatial pathway areas. Nonetheless, further 
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studies are needed to better elucidate the relationship between cognitive loading and 

blink-related activation of VAN regions.  

 

BRO-Related Spectral Differences Under Cognitive Loading 

Following the observation that the task-induced disappearance of BRO-related 

precuneal activation was primarily concentrated in the anterior rather than posterior 

portion of the precuneus, we further investigated the blink condition spectral effects in 

both subregions. Our findings revealed that the posterior precuneus (pPC) exhibited a 

similar pattern of blink-related spectral effects during both MA and PF tasks with 

accompanying cortical activations (Figure 3.4, Figure 3.5), while the anterior precuneus 

(aPC) showed this pattern and associated cortical activations during the PF task but not 

during MA (Figure 3.4, Figure 3.6). The BRO-related spectral pattern comprised an early 

ERS in the delta and beta/gamma bands during the first ~300ms post-blink, followed by 

a later and more prolonged ERD in the theta and alpha bands. Given these 

observations, we postulate that this ERS/ERD pattern may represent potential 

neurocognitive mechanisms associated with blink-related processing in the precuneus.  

In interpreting the ERS/ERD pattern activity, previous literature has postulated 

that beta/gamma oscillations during the initial 400ms post-stimulus interval may 

represent visual processing and sensory perception [181], as studies have shown that 

that their amplitudes correlate with stimulus properties such as contrast, duration, and 

size [182], [183]. In addition, alpha oscillations are believed to represent inhibitory 

processes in the brain, such that reduction of alpha (i.e. alpha ERD) leads to increased 

excitatory capacity of neuronal populations – and reflects active information processing 

[184]–[186]. In fact, brain regions activated during a task have been shown to exhibit 

alpha ERD, while task-irrelevant areas exhibit alpha ERS [187]–[190]. Finally, theta band 

power reductions have been observed in tasks involving successful encoding of episodic 

and associative memory [191], [192].  

Based on these findings in prior literature, we tentatively postulate a potential 

mechanism for blink-related processing in the brain, comprising an early sensory 

response to new visual information produced by blink events (ie. beta/gamma ERS), 

followed by later and more prolonged responses related to information processing and 
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episodic memory (i.e. theta and alpha ERD). In this context, the observed alpha ERD 

may represent increased excitability of neurons in order to facilitate information 

processing. Similarly, the earlier delta ERS may also be associated with long-range 

cortical communications in facilitating these mechanisms [193]. Thus, the early 

beta/gamma ERS effect potentially corresponds to relatively low-level sensory 

processes, while the ERD components may represent higher-level cognitive processes. 

Crucially, this proposed mechanism is also consistent with the pattern of BRO-related 

cortical activations observed in this study: The occipital, posterior parietal, and anterior 

temporal regions span the dorsal and ventral visual streams [140]; the precuneus region 

has been associated with environmental monitoring as well as episodic memory 

processes [75]; and the parahippocampal gyrus has been implicated in episodic memory 

as well as visuospatial processes [170].  

As the current study also observed task-related differences with respect to the 

latency of theta and alpha ERD in the pPC, it is important to examine interpretation of 

these findings in light of the proposed neural mechanism. In particular, if the alpha ERD 

is related to release of inhibition in preparation for blink-related information processing, 

then the earlier onset latency of the alpha ERD in MA relative to PF may represent 

“additional efforts” made by the brain in order to process blink-related information when 

the brain is already engaged in a competing mental arithmetic task. In other words, the 

brain must act earlier to prepare itself to process blink-related information during high 

cognitive loading conditions. This is also supported by the fact that mental calculation is 

known to engage the precuneus regions [157], which during the MA task must undertake 

both calculation and BRO processing. Similarly, the earlier offset of the alpha ERD in the 

left posterior precuneus during MA may represent the brain’s attempt to quickly complete 

any blink-related processing in order to return to the cognitive task at hand. Additionally, 

theta ERD latencies also showed task-related differences between the left and right 

pPC, although the underlying mechanism for this cross-hemispheric difference is 

unclear. We speculate that this may be related to the lateralization of precuneal 

activations sometimes observed in subtraction mental arithmetic tasks [160], but further 

studies are needed to better elucidate these effects.  

While a previous study by Bonfiglio et al. also reported blink-related ERS/ERD in 

the alpha band [77], it is important to note that key methodological advantages 

distinguish our study in comparison. Firstly, Bonfiglio et al. employed a 19-channel EEG 
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system with an average-reference scheme, while our study utilized a 151-channel MEG 

system with reference-free recording. As average referencing requires both a high 

electrode density and large scalp surface coverage, the use of low-density EEG with this 

scheme is known to produce spurious alpha effects [194]. Moreover, EEG also has 

inherent limitations due to electrical field distortions in volume conduction [78], while 

MEG is much less susceptible to this effect given that the propagation of magnetic fields 

is not impacted by differences in tissue conductivity [79]. Finally, the techniques used to 

examine the alpha-band effects differ significantly between the two studies, as Bonfiglio 

et al. reported the sensor-level ERS/ERD effects, while our study examined source-level 

spectral effects within the precuneus region. Our approach thus provides a more direct 

evaluation of precuneus activity compared to the previous study.  

A previous fMRI study examining the effect of spontaneous blinking while viewing 

videos also reported blink-related activation of the bilateral hippocampal regions [195]. 

This is in line with the blink-related parahippocampal activations and theta-band effects 

observed in the current study, as theta oscillations are known to be associated with 

hippocampal and parahippocampal activity, particularly in the context of memory-related 

processes [196], [197]. Nonetheless, it should be noted that the low temporal resolution 

of fMRI in the previous study renders it a less than ideal method for examining blink-

related brain activity, as fMRI results are derived from neural haemodynamic responses 

occurring on the order of seconds, while the time course of spontaneous blinking is on 

the order of milliseconds. In light of this, results from the current MEG study provide 

important new insights into neural activity occurring with each blink instance and on the 

same time scale.  

Although a beta-band interaction was observed in sensor space GFP, further 

analyses did not reveal any specific effects that were statistically significant (Section 

3.7.5). More studies are needed to further explore beta-band effects in BRO responses. 

Task-Related Effects 

While the pPC showed primarily BRO-related spectral effects with relatively few 

task-related differences, more task-related effects were observed in the aPC. Although 

this region exhibited a similar ERS/ERD pattern reminiscent of BRO processing in the 

PF task, no such pattern was present in MA. Instead, there was increased theta and 

gamma band power throughout the epoch in both control and blink conditions. These 
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effects are consistent with the task-related increase in sensor-space gamma and theta 

power observed in our study (Table 3.4), and are also consistent with the increased 

gamma and theta power previously reported for mental arithmetic tasks [156], [198]. 

Additionally, further contrasts were also performed to examine the presence of task-

related cortical effects in the absence of blink activity (Table 3.6). Results showed that 

MA led to increased activation of the right precuneus, dorsolateral prefrontal cortex, and 

angular gyrus regions (Figure 3.9), which are consistent with mental arithmetic 

processing [154], [157]. As challenging mental arithmetic tasks are also known to 

engage working memory resources [153], the activation of dorsolateral prefrontal cortex 

is also consistent with the engagement of working memory during the calculation task 

[199]. Together, these findings confirm the task-related effects in MA relative to PF, and 

suggest that there may be a functional separation between the pPC and aPC subregions 

in BRO processing under mental arithmetic-based cognitive loading. Whereas the pPC 

continues to perform blink-related processing during MA, the aPC is preferentially 

allocated for calculation task performance, and no longer undertakes blink-related 

processing during the task. 

The observed functional segregation of the posterior and anterior precuneus may 

be related to potential differences in structural and functional connectivity between these 

regions. The precuneus as a whole possesses strong anatomical and functional 

connections with the occipital, prefrontal, thalamic, and hippocampal regions of the brain 

[52], [200]. However, functional connectivity differences have also been reported among 

various precuneal subregions, such that the ventral region adjacent to the posterior 

cingulate cortex is believed to be positively correlated with the resting state DMN 

network [116], [201], while the dorsal precuneus is correlated with the superior parietal 

and other areas not part of the DMN [52]. These reports are in line with the results of the 

current study showing cortical activations of the dorsal rather than ventral precuneus 

regions for blink and calculation processing.  

In addition to the dorsal-ventral differences, studies have also reported further 

segregation in functional connectivity within the dorsal precuneus. Specifically, the 

posterior subregion shows connectivity with the lingual and calcarine gyri which are 

associated with visual processing [52], [162], [202], while the anterior subregion exhibits 

greater functional connectivity with the superior parietal cortices and angular gyri which 

are known to be involved in numerical processing and calculation [161]. These findings 
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support our observation that the posterior precuneus shows blink-related activation in 

both PF and MA tasks, while the anterior precuneus is preferentially allocated for 

calculation processing during MA.  

Consistent with the neurocognitive effects associated with increased cognitive 

load in MA, the current study also observed behavioural effects of increased blink rate 

during the MA task compared to PF. Although this suggests the possibility that 

differential blink rates may be used as a surrogate measure of underlying cognitive load 

across various task conditions, it is important to note that behavioural effects such as 

blink rates are indirect assessments that may be impacted by other factors, such as 

dryness of the eyes, which are not directly correlated with neural processing. In 

comparison, BRO effects provide more direct information about neural responses. 

3.5.3. Caveats 

As this was the first investigation of cognitive modulation of BROs, some 

limitations should be noted. Firstly, source localization utilized a distributed source 

modeling approach which had the advantage of requiring few prior assumptions about 

source characteristics, but also inherently biases towards sources closer to the cortical 

surface [95]. Further studies are needed to validate the source space results using 

alternate approaches such as spatial filtering with beamformer [146]. Second, although 

the current study provided the initial demonstration of blink-related activation of cortical 

regions consistent with the VAN, the role of the ventral attention network can only be 

ascertained through network analysis. Given the focus on main effects in the current 

study, a detailed exploration of network relationships was beyond the scope of this 

study. Nonetheless, further studies are needed to examine the network relationships in 

more detail. Similarly, additional analyses should also explore the connectivity and 

causality relationships within the network regions engaged in blink-related processing in 

order to validate the hypothesized neurocognitive mechanism for blink processing 

proposed in this study. Furthermore, as no recordings of mandibular activity were made 

to ensure that subjects did not verbalize numbers during the MA task, we could not be 

certain that no such verbalizations took place. Nonetheless, the study did utilize 

continuous video monitoring of the participants throughout the recording sessions, which 

helped to monitor general participant behavior during the scans. Additionally, the 

extensive data preparation and artifact rejection procedures undertaken prior to BRO 
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response derivation helped ensure that any contamination of the data due to muscular 

and other physiological sources was kept to a minimum. 

3.6. Conclusion 

This MEG study was the first investigation of BROs under cognitive task 

conditions. We confirmed the presence of BRO effects during both MA and PF tasks by 

demonstrating the blink-related activation of the bilateral precuneus regions, with 

concomitant increase in GFP amplitude consistent with previous reports. Moreover, we 

also demonstrated for the first time that cognitive loading via mental arithmetic 

modulated BRO effects by decreasing the blink-related activation of key brain regions 

including the bilateral anterior precuneus and the parahippocampal, lingual, and fusiform 

gyri – while also activating VAN regions not engaged during PF. Based on an observed 

pattern of precuneal spectral activity consistent across both tasks, we further postulate a 

potential neurocognitive mechanism for blink processing in the precuneus. Our findings 

in this study thus confirm and extend previous reports of BRO effects, and provide 

compelling new evidence for the important cognitive implications of the BRO 

phenomenon. 

3.7. Supplementary Materials 

3.7.1. Artifact Removal 

Quantitative analysis showed significant reduction in OCI for the PF task 

(p<0.001, Figure 3.7), with over 98% and 99% reductions in power ratio in the frontal 

and temporal channels, respectively. Additional analysis using one-way ANOVA showed 

significant region effects in the blink condition power ratio before artifact removal 

(F2.647,50.301 = 28.221, p < 0.0001). The regional pattern was found to be as follows: 

Temporal >
∗
	Frontal >

∗
	(Central ≈ Parietal ≈ Occipital), where * indicates p<0.005 

This is consistent with the propagation of ocular signal, as temporal channels are 

generally well-positioned to detect eye movement-related signals. This pattern 

disappears following artifact removal (F2.840,53.957 = 0.284, p = 0.827), indicating that the 

spatial properties associated with ocular activity are no longer present in the data.  
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Control condition power ratios did not show any changes before and after artifact 

removal. There were also no region effects (F3.044,57.833 = 0.968, p = 0.415 before 

rejection; F3.514,66.771 = 0.867, p = 0.477 after rejection).   

 

Figure 3.7.  Regional OCI. 
Blink-to-baseline power ratio for PF task before and after artifact removal. *p<0.00001 
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3.7.2. Sensor-Level GFP Power in Theta and Beta Bands 

 

Figure 3.8.  Sensor-level theta and beta effects.  
Mean GFP power was computed in the intervals before (-1500ms to -300ms) and after T0 (0 to 
1200ms) for each frequency band at the subject level. Task-related differences did not reach 
statistical significance under two-way repeated measures ANOVA. Separate analyses were 
conducted for the blink and control conditions. A) Theta band. B) Beta band. Bpre = blink 
condition, pre-T0. Bpost = blink condition, post-T0. Cpre = control condition, pre-T0. Cpost = 
control condition, post-T0. 

3.7.3. Statistical Contrasts for Alternate Effects 

Further statistical contrasts were performed to investigate potential alternative 

experimental outcomes, including 1) possible BRO effects outside of the main effects of 

interest, 2) control condition effects, and 3) task-related effects in the absence of blink 

activity. Alternative BRO effects included blink-related deactivations in PF and MA tasks, 

and increased blink-related processing in MA compared to PF (Table 3.4). In addition, 

the control condition effects involved evaluation of potential time-related changes in the 

pre- vs. post-T0 intervals using contrasts that paralleled the analysis in the blink condition 

data, providing information about whether any observed BRO effects were due to blink 

events rather than inherent brain activity (Table 3.5). Finally, the task-related effects 

examined potential task-related changes in brain activity in the absence of blink effects, 

enabling the comparison our results with previous studies of mental arithmetic as well as 

validation of the task effects in the current study (Table 3.6). 
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Table 3.4. Alternative BRO effects. 
Statistical contrasts examining alternative effects. 

Effects Contrast Experimental Factors 
Blink-related decrease in PF task (–ΔPF) FBpre – FBpost F – (F + BF) = –BF 

Blink-related decrease in MA task (–ΔMA) MBpre – MBpost (F + M) – (F + M + BF + BM) = –(BF + BM) 
Increased blink-related processing in MA 
compared to PF (ΔMA – ΔPF) 

(MBpost – MBpre) – 
(FBpost – FBpre)  (BF + BM) – BF = BM 

 

Table 3.5. Control condition effects. 
Statistical contrasts examining time-related changes in the control condition. 

Control Condition Effects  Contrast 
Increased activity pre-post time zero in PF task FCpost – FCpre  
Increased activity pre-post time zero in MA task MCpost – MCpre  
Decreased activity pre-post time zero in PF task FCpre – FCpost 
Decreased activity pre-post time zero in MA task MCpre – MCpost 

 

Table 3.6.  Task-related effects. 
Statistical contrasts examining task-related changes in the absence of blink activity. 

Effects Contrast Experimental Factors 
Task-related increase (Ω) MBpre – FBpre  (F + M) – F = M 
Task-related decrease (–Ω) FBpre – MBpre  F – (F + M) = –M 

 

Cortical activation maps were generated using time-frequency source images 

produced according to the procedures described in the main manuscript, and applying 

the above statistical contrasts. Results showed that none of the contrasts for alternative 

BRO effects produced any suprathreshold activations. Nor did any of the control 

condition contrasts.  

The only suprathreshold effect observed was task-related increase in MA 

compared to PF (Figure 3.9). Results showed calculation-induced activation of the right 

precuneus, DLPFC, and angular gyrus regions consistent with previous reports of 

mental calculation [153], [154], [157]. However, it should be noted that, because the 

calculation occurred in a serial fashion and was not time-locked to segmented trials, 

there was very low signal-to-noise ratio in the resulting trial-averaged data for detecting 

task-related effects. As such, very low statistical thresholds had to be used in order to 

observe any suprathreshold activations. Although no statistical significance should be 



97 

inferred from the observed task-related activations, the fact that this pattern of activity 

conforms with the expected patterns based on prior literature suggests that the effect of 

calculation was likely present between the MA and PF tasks – and that stronger 

statistical significance would likely be possible with greater signal-to-noise ratio. 

Nonetheless, given the main effect of interest in this study was the blink-related 

activations during the MA and PF tasks rather than task-related activity, these findings 

are sufficient for serving as a secondary confirmation of the calculation task.  

 

Figure 3.9. Task-related changes in brain activity. 
Results are shown in the absence of blink activity (p<0.01 unc., k=20 voxels). Only the right 
hemisphere exhibited any activation. Ω = task-related increase in MA compared to PF; –Ω = task-
related decrease in MA compared to PF. No suprathreshold clusters were observed for –Ω. White 
circle denotes precuneus. DLPFC = dorsolateral prefrontal cortex; AG = angular gyrus. Color bar 
represents T-statistic values. 
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3.7.4. Source Spectral Effects in pPC in Control Condition 

 

Figure 3.10.  Source-level wavelet spectral power. 
Results shown for bilateral posterior precuneus in the control condition in both tasks. Data show 
activity in the MNI coordinates [-8 -76 46] and [10 -75 42] corresponding to the left and right 
posterior precuneus, respectively. Black dotted line denotes T0. The control condition did not 
exhibit any of the early ERS and late ERD effects observed in the blink condition at these 
locations.  

3.7.5. Exploration of Beta Band Interaction Effects 

Given the significant interaction effect observed between task and time in beta-

band GFP (Table 3.3), additional analyses were undertaken to explore these findings. 

Profile plots showed a pattern of blink-related increase in sensor-level GFP during the 

PF task, but blink-related decrease in GFP during the MA task (Figure 3.11). However, 

when these effects were further examined using paired t-tests with Bonferroni correction, 

results showed that none of the task-related or blink-related effects exceeded statistical 

threshold (Table 3.7). Moreover, source localization analysis was performed to identify 

the cortical origins of potential beta-band effects in both blink-related (i.e. post vs. pre) 

and task-related (i.e. MA vs. PF) activations. No suprathreshold activations were 

observed for any of the contrasts in either blink or control conditions. Thus, although 

overall sensor-level GFP analysis suggests a possible interaction effect between task 

and time in the beta band, this did not manifest in any statistically significant cortical 

activations or specific GFP effects in the current data. Further studies are needed to 

explore potential beta band effects.  
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Figure 3.11. Beta band interaction effects. 
Profile plots of estimated marginal means in sensor-level GFP for the beta band in the blink 
condition. Time refers to pre-blink and post-blink intervals.  

 

Table 3.7.  Beta band effects. 
Results of paired t-tests to explore blink-related and task-related effects in beta band GFP. 
Statistical thresholds were Bonferroni-corrected. No significant effects were identified in any of 
the contrasts. 

Effect Contrast T statistic (df = 19) Two-Tailed Significance 
Blink-related increase in MA MBpost – MBpre -1.559 p = 0.136 
Blink-related increase in PF RBpost – RBpre 1.740 p = 0.098 
Task-related increase in pre-blink interval MBpre – RBpre 2.196 p = 0.041 
Task-related increase in post-blink interval MBpost – RBpost 1.428 p = 0.170 
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3.7.6. Parahippocampal and Hippocampal Activations 

 

Figure 3.12. Blink-related parahippocampal effects.  
Activation maps showing blink-related increase in brain activity for PF (ΔPF)	and MA (ΔMA)	tasks 
(p<0.001 unc., k=10 voxels).  Activation was observed in the right hippocampus and 
parahippocampal regions in PF but not MA task. The anterior parahippocampal regions (i.e. 
entorhinal and perirhinal cortices) are believed to process non-spatial information such as object 
features, while posterior regions are believed to process spatial information such as object 
location [176], [179]. Areas of interest are denoted by white arrows. HC = hippocampus; ER = 
entorhinal cortex; PR = perirhinal cortex. Color bar represents T statistic values.  
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Chapter 4. Translation to Portable Platform (Study 
III)  

This study is published as a peer-reviewed article in IEEE Transactions on Biomedical 
Engineering:  

Liu CC et al. (2019) “Novel signal processing technique for capture and isolation of 

BROs using a low-density electrode array for bedside evaluation of consciousness”. 

IEEE Transactions on Biomedical Engineering. Epub DOI: 

10.1109/TBME.2019.2915185.  

4.1. Abstract 

Objective: BROs derived from electroencephalography (EEG) have recently 

emerged as an important measure of awareness. Combined with portable EEG 

hardware with low-density electrode arrays, this neural marker may crucially augment 

existing bedside assessments of consciousness in unresponsive patients. Nonetheless, 

the close relationship between signal characteristics of the neural response of interest 

and blink-induced oculomotor artifacts poses particular challenges when measuring 

BROs using a point-of-care platform. This study presents a novel denoising approach 

based on time-frequency (TF) filtering that exploits the differential temporal and spectral 

features to isolate the neural response from ocular artifact in a low-density array. 

Methods: We investigated the effectiveness of the TF filtering technique using 64-

channel EEG data collected in healthy adults, with focal analysis of the Pz and POz 

channels. Results: TF filtering showed comparable performance in denoising the signal 

relative to the established gold-standard independent component analysis approach, 

with strong similarities in morphological characteristics as measured by intraclass 

correlations (p<0.001), extent of artifact rejection based on the ocular contamination 

index (p<0.006), as well as time and frequency domain signal capture (p<0.05). Results 

are robust at the individual and group levels, and are crucially validated using raw data 

from only 4 electrodes comprising Pz, POz, Fp2, and T7. Conclusion: These results 

demonstrate for the first time that TF filtering enables the successful capture and 

isolation of the BROs response using a 4-electrode array. Significance: This 
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significantly advances the translation of the BROs marker to a point-of-care platform for 

eventual bedside applications. 

4.2. Introduction 

Electroencephalography (EEG) enables non-invasive recording of the brain’s 

electrical activity via scalp electrodes, and EEG-derived techniques such as event-

related potentials (ERPs) have shown significant promise in diagnostic and prognostic 

applications for various clinical disorders [203]–[208]. The recent development of rapid 

experimental protocols and robust, miniaturized hardware has increasingly facilitated the 

application of EEG-derived measurement techniques for use in point-of-care settings 

[209]–[212]. Indeed, portable EEG platforms such as Halifax Consciousness Scanner 

[37], [38], [213] and brain vital sign framework [40]–[43] increasingly enable 

neurophysiological brain function assessments to be obtained directly at the patient 

bedside [45], [46]. 

For patients with severe brain injuries who are non-communicative, the bedside 

evaluation of conscious awareness continues to be a major clinical challenge [15]. Given 

the current lack of technologies capable of directly quantifying conscious awareness, 

clinical assessments largely utilize behavioural indicators from the patient [13]. Detection 

of covert awareness is especially difficult when trying to distinguish between the 

vegetative state (VS) and minimally conscious state (MCS), as both show wakefulness 

and alertness, but only MCS shows signs of conscious awareness [19]. In fact, studies 

have reported misdiagnosis in up to 40% of patients classified as VS [28], highlighting 

the critical need for diagnostic tools that can better capture physiological brain functional 

status at the bedside.  

BROs are an emerging EEG-derived neurophysiological brain function marker 

that has shown promise in consciousness evaluation [73], [74], [76], [77], [150], [214], 

with potential to differentiate between the VS and MCS states [74], [76]. These 

responses occur after blinking, and are thought to represent neural processes related to 

environmental monitoring and awareness, distinct from the well-known oculomotor 

effects [73], [74], [150], [214]. Following its initial demonstration by Bonfiglio et al. using 

EEG [73], previous studies in our group have characterized and validated the temporal, 

spectral, and cortical activation effects of BROs using 151-channel 
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magnetoencephalography (MEG) under both resting [150] and cognitive loading [214] 

conditions. Our results have shown that BROs strongly activate the precuneus brain 

regions which are known to be key in sustaining consciousness [47], [75], [150], [214], 

and these precuneus activations have been postulated to represent information 

processing mechanisms as the brain evaluates new information after each blink event 

[214]. Within the context of assessing consciousness, studies have shown that 

precuneus characteristics such as metabolism and functional connectivity correlate with 

the level of consciousness in VS/MCS patients as well as healthy individuals [15], [63], 

and the precuneus metabolism and extent of axonal growth are also known to increase 

with VS/MCS patient recovery [215], [216]. Measuring precuneus activity through the 

BROs response may thus provide an alternative avenue for obtaining physiology-based 

consciousness evaluations at the bedside.  

Although studies to date have utilized MEG and large electrode array EEG 

systems to validate and characterize the BROs response [74], [150], [214], the ability to 

measure this response using low-density EEG at the point-of-care has not yet been 

demonstrated. The main challenge in capturing and isolating this response using EEG 

lies in signal contamination due to ocular artifact, which represents the dominant source 

of EEG noise among both physiological contaminants (e.g. cardiac activity, breathing, 

muscle contractions) and environmental factors (e.g. mains power) [217]. The act of 

blinking typically lasts about 150-300 ms [65], [66], creating a large positive voltage 

spike arising from changes in ocular conductance as the eyelids slide over the positively 

charged corneal surface [218]. These spikes are captured in the EEG recording along 

with neural activity, and can be orders of magnitude greater than the surrounding EEG 

[218]. The BROs neural response shares key temporal and spectral features with the 

ocular artifact (Figure 4.1B): 1) The signal of interest is time-locked to blinking, 

manifesting as a large positive peak occurring about 250-300 ms after blink maximum; 

2) both signal and artifact occur strongly in the delta (0.5-4 Hz) frequency band; and 3) 

there is a tight temporal boundary of ~90 ms separating the points of full-width at half-

maximum (FWHM) in the signal and artifact time courses. Indeed, traditional signal 

processing techniques such as band-pass filtering, trial averaging, and contaminated 

data rejection are all ineffective in denoising the BROs signal due to the strong overlap 

of characteristics between the signal and artifact [36].  
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Figure 4.1. Electrode layout and signal and artifact characteristics.  
A) Schematic illustration of electrode layout for the 64-channel EEG system. Channels in the low-
density setup are also shown, comprising midline electrodes Pz and POz for scalp recording (red 
circles), TP9 for reference (magenta circle), and Fp2 for vEOG (blue circle). B) Comparison of 
temporal and spectral features of interest between the ocular artifact (left column) and BROs 
signal of interest observed within the precuneus source region (right column). Both artifact and 
signal of interest share spectral content within the delta frequency range, and are closely 
temporally related but not overlapping. Artifact is maximal at 0ms latency with corresponding 
spectral effects, while the signal is maximal at 250ms latency. Left top: Trial-averaged vEOG data 
illustrating the morphology, temporal profile, and amplitude of the blink artifact. Left bottom: 
Spectral content of blink artifact within the delta band from Fp2 electrode. Right top: Temporal 
profile of the source-level BROs signal. Right bottom: Spectral content of source-level BROs 
signal. All are grand averages except artifact time course, which shows representative subject 
data to illustrate large artifact amplitudes at the individual level. Color bar represents log spectral 
power values. Thick black line denotes 0ms or T0, corresponding to blink maximum or the 
moment of complete eye closure. Thin black line denotes 250ms latency. Precuneus source 
activity was obtained from prior published works [150], [214].  

Studies of BROs to date have successfully denoised the data using independent 

component analysis (ICA) [74], [126], [150], [219], a blind source separation technique 

that allows for the isolation and removal of physiological and environmental noise by 

decomposing complex, multichannel EEG data into temporally independent and spatially 

distinct component sources [98], [218], [219]. Although ICA is generally considered to be 
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the safest denoising approach requiring no prior knowledge about the EEG signal or 

noise sources [220], large electrode arrays are needed for accurate decomposition as 

the number of identified sources can be at most equal to the number of sensors [98]. 

Thus ICA is not suitable for denoising EEG recordings with few electrodes. On the other 

hand, a modified ICA approach has been proposed for decomposing individual sensor 

time series by applying multidimensional ICA on time-shifted segments of data [221]. 

However, this approach assumes that the underlying sources do not significantly overlap 

in frequency content [221], which is not valid in our case given the substantial spectral 

overlap between ocular artifact and the BROs signal [150], [214].  

Other commonly used denoising solutions include regression-based approaches 

such as the Gratton and Coles [222] method and adaptive filtering [223]. These 

techniques both utilize electrooculogram (EOG) signals recorded near the eyes to 

capture the ocular artifact, then subtract a regressed portion of this artifact from the 

contaminated scalp EEG. However, these approaches assume that the signal of interest 

and artifact are uncorrelated, which is not the case for BROs. Additional approaches 

such as empirical mode decomposition (EMD) [224] and wavelet transform [225] involve 

decomposing the individual channel data into component waveforms that represent 

either the signals of interest or noise. However, EMD is relatively susceptible to noise 

[220], [226] and is thus unsuitable to clean highly contaminated signals. Similarly, 

wavelet-based denoising [227] can lead to smearing of temporal windows at low 

frequencies and thus cannot accurately delineate the tight boundaries necessary for 

separating the ocular artifact from the signal of interest. 

To enable translation of the BROs measure to a point-of-care EEG platform, a 

new denoising technique is needed that can separate the signal from ocular artifact 

using reduced electrode arrays. Here, we present a novel denoising technique based on 

time-frequency (TF) filtering that is capable of isolating the BROs signal using only data 

from 4 electrodes (i.e. Pz, POz, vertical EOG, and reference). Using 64-channel EEG 

data collected from healthy adults, we first show that the new technique effectively 

removes ocular artifact while retaining the features of interest in both temporal and 

spectral domains, achieving comparable performance relative to the gold-standard ICA 

approach. We then validate these results using only raw data in the 4-channel low-

density setup. This is the first demonstration of the capture and isolation of the BROs 
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signal using a low-density electrode array, and represents an important step forward in 

translating this measure to a portable platform for bedside evaluations. 

4.3. Materials and Methods 

4.3.1. Participants 

Thirty-one healthy adults (age 32.3 ± 12.3, 13 female) volunteered for this study, 

all with normal or corrected-to-normal vision. This research was approved by the 

Research Ethics Boards of Simon Fraser University and Fraser Health Authority. Written 

informed consent was obtained from each individual prior to data acquisition. 

4.3.2. Data Acquisition 

Ten minutes of EEG data were collected using a 64-channel system with active 

electrodes (BrainAmp actiCAP) and BrainVision Recorder software (Version 1.20.0801, 

Brain Products GmbH). Acquisition took place in a designated experimental suite with 

consistent brightness across participants. Volunteers were seated at the centre of the 

room, and were instructed to look straight ahead at a large fixation cross (black on white 

background) positioned on the wall 2 meters in front while minimizing movement. 

Electrode impedances were kept below 20 kΩ. Data were sampled at 1000 Hz. EEG 

traces were monitored online to ensure that participants remained awake with their eyes 

open throughout the experiment. 

4.3.3. Low-Density Setup: T7 Reference 

The low-density electrode array was created by using raw data from only 4 of the 

64 channels (Figure 4.1A). These electrodes comprised 2 scalp sensors Pz and POz 

chosen for their proximity to the precuneus as a key cortical source of the BROs signal 

[150]. The T7 electrode was used as reference, and the right anterior prefrontal channel 

Fp2 for vertical EOG (vEOG). To maintain consistency with ICA and enable comparisons 

between the TF filtering and ICA techniques, an average referencing scheme on 64-

channel data was utilized during comparative analyses that focused on Pz and POz 

channels. Subsequently, separate analyses were undertaken using raw data from only 
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the 4-electrodes with T7 reference to validate the feasibility of the new denoising 

technique in a true low-density setup.  

4.3.4. Preprocessing and Blink Detection 

Analyses were performed using a combination of EEGLAB [125], SPM8 [124], 

and custom processing software in MATLAB (The Mathworks Inc.). Data were first 

visually inspected, and artifactual channels were removed. Remaining data were 

downsampled to 500 Hz, re-referenced to the average of all sensors, and filtered to 0.1-

45 Hz frequency using a zero-phase 4th order butterworth filter plus a 60 Hz notch filter 

(5 Hz bandwidth) to remove power line noise. Blink identification followed a convolution-

based, semi-automated template matching procedure as previously described [150], 

[214]. Briefly, data from the Fp2 vEOG channel were first band-pass filtered to 0.5-30 

Hz, and a blink instance best representing stereotypical blink morphology was visually 

selected as ‘template’. This template was then convolved with the entire vEOG signal, 

and amplitude thresholding was applied to identify candidate blink instances. Temporal 

thresholding was subsequently utilized to exclude blink instances less than 3 seconds 

apart to minimize contamination by adjacent blinks. This procedure was repeated for 

each participant. Data from 3 of the 31 participants were excluded from further analyses 

due to the volunteers’ frequent blinking which did not pass temporal thresholding.  

4.3.5. Denoising with ICA  

Denoising using ICA was performed on 64-channel EEG data using the InfoMax 

algorithm according to prior established procedures [41], [42], [125], [150], [228]. In this 

technique, EEG signals are assumed to be linear mixtures of sources as follows: 

 

𝐱 = 	𝐀 ∙ 𝐬 

 

where {𝐱	 = 	 {𝑥Z(𝑡), …	𝑥³(𝑡)} is the recorded EEG from M sensors, {𝐬	 = 	 {𝑠Z(𝑡), …	𝑠³(𝑡)} 

are independent sources, and A is the mixing matrix. To resolve the unknown sources s,  

the algorithm finds the unmixing matrix W by maximizing the entropy of the ensemble of 

input vectors which are based on higher order statistical information obtained from the 

sphered sensor data [228].  
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Following ICA decomposition, components corresponding to noise (e.g. blinking, 

saccades, cardiac activity, muscle contractions, breathing, etc.) were identified 

according to their known signal characteristics [98], [229] and removed from the data. 

Cleaned signals were then filtered to the delta band and segmented into 3-second 

epochs centered at the latency of blink maximum (T0), then baseline-corrected and 

averaged across trials for each subject. The baseline window was chosen to be (-1500, -

500) ms to be consistent with prior studies of BROs [150], [214]. 

 

 

4.3.6. Denoising with TF Filtering 

The TF filtering technique exploits the known time-frequency characteristic of the 

signal of interest relative to ocular artifact, and was applied to individual channel data. As 

illustrated in Figure 4.2, this method first segments the raw continuous data into 3-

second epochs centered at blink maximum T0, then performs a time-frequency analysis 

of each trial, selectively masks out temporal and spectral features corresponding to 

ocular artifact while retaining other features corresponding to the signal of interest, 

inverse-transforms back to time domain, and finally averages cross trials to obtain the 

denoised BROs signal.  

The time-frequency analysis utilized Short-Time Fourier Transform (STFT) to 

account for the non-stationarity of EEG signals. STFT maps the temporal domain raw 

data into a bivariate function of time and frequency by sequentially truncating the signals 

into small time segments according to a specified window function. This is performed for 

each channel i = 1…C and trial k = 1…K as follows: 

𝑋L,µ(𝑡, 𝑓) = 	¶ 𝑥L,µ(𝜏)𝑤(𝑡 − 𝜏)𝑒(OkA¹º
�

(�
 

where 𝑥L,µ(𝑡) is the epoched raw data, 𝑤(𝑡) is a 250 ms Hamming window with a 50 ms 

hop length, and 𝑋L,µ(𝑡, 𝑓) is the corresponding data in time-frequency domain. 
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Following STFT transformation, a binary mask 𝑀(𝑡, 𝑓) was constructed with unity 

gain for time-frequency features corresponding to the BROs signal, while a gain of zero 

was applied to all other time-frequency locations. 

 

 
Figure 4.2.   Schematic of the TF filtering process.  
For each participant and channel, raw continuous time domain data are first epoched based on 
identified blink instances, then each trial is transformed using STFT and masked according to 
predefined time-frequency criteria to retain signal features while removing artifact. The results are 
then inverse-transformed back to time domain and averaged across trials to obtain the denoised 
BROs signal. 

Parameters of the binary mask were chosen based on known characteristics of 

the BROs signal from prior literature [150], [214] and the associated counterparts for the 

ocular artifact (Figure 4.1B). Specifically, as the BROs signal of interest is concentrated 

within the delta band (0.5-4 Hz), spectral coefficients outside this range were masked 

out for all latencies. Additionally, spectral coefficients within the (-500, 100) ms time 

interval were also masked out corresponding to the ocular artifact. The piece-wise 

masking function was thus defined as follows:  

 

𝑀(𝑡, 𝑓) = 	 ¼
0, −0.5 < 𝑡 < 0.1
	0, 𝑓 < 0.5; 	𝑓 > 4	
1,																		𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

 

where 𝑡 is time in seconds and 𝑓 is frequency in Hz.  

The spectral content of each trial is then filtered according to the following:  

𝑌L,µ(𝑡, 𝑓) = 	𝑋L,µ(𝑡, 𝑓) ∙ 𝑀(𝑡, 𝑓) 
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Inverse STFT transform was performed for each trial following masking, and the 

time-domain trials were baseline-corrected and averaged together to obtain the 

denoised BROs signal for each channel: 

𝑦L,µ(𝑡) = 	¶ 𝑌L,µ(𝑡, 𝑓)𝑒OkA¹º
�

(�
 

𝑦L(𝑡) = 	
1
𝐾
Å(𝑦L,µ(𝑡) − 	𝑦ÆµÇÇÇÇ)
È

µ°Z

 

where 𝑦L,µ(𝑡) is the time-domain signal for the ith channel and kth trial, 𝑦Æ,µÇÇÇÇÇ the mean 

amplitude over the specified baseline interval in the corresponding trial, 𝑦L(𝑡) is the trial-

averaged denoised signal, and K is the number of trials. 

4.3.7. Performance Evaluation 

Outcome measures were computed to evaluate the performance of the TF 

filtering technique relative to ICA denoising. Assessments included time and frequency 

domain signal morphology, masking criteria, effectiveness of artifact removal, and the 

ability to capture signal features of interest.  

 
Morphological Comparisons 

Grand-averaged results were derived in the time and frequency domains using 

data from the Pz and POz channels, and comparisons were made among raw, ICA-

cleaned, and TF-filtered data (Figure 4.3). Waveforms for raw data in the figure were 

inverted prior to display to be consistent with EOG convention. Spectral content was 

examined using a continuous wavelet transform (CWT) with a Morlet wavelet and 6 

cycles in accordance with established methods [150], [214]. In particular, CWT was 

performed at the trial level, and spectral power was derived as the logarithm of the 

squared absolute values of the wavelet coefficients. Baseline correction was performed 

by subtracting from the whole epoch the mean logarithm of the baseline power from the 

(-1200, -600) ms pre-blink interval. Results were then averaged across trials before 

grand-averaging across participants. To enable visualization, spectral power coefficients 

were statistically thresholded at 85% to remove outlier values corresponding to the zero-

masked interval prior to trial averaging.   
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Morphological evaluation in the temporal domain was conducted by examining 

consistency between the ICA-cleaned and TF-filtered waveforms using intraclass 

correlation (ICC) based on norm-referenced reliability as defined by McGraw et al. [230]. 

ICC was computed between the individual-level trial-averaged waveforms in the two 

denoising techniques before grand-averaging across participants. Statistical significance 

was assessed using a nonparametric approach adapted from bootstrapping Monte Carlo 

estimates [231]. Specifically, a bootstrapped distribution of ICC values was generated by 

first randomly permuting the data across subjects and denoising techniques, then re-

computing ICC at the subject level using the random groupings before averaging across 

participants. This process was repeated 1000 times to create a permuted null 

distribution, and the probability of significance was determined by comparing the null 

distribution with the true result. Probabilities below 0.05 were deemed to be significant.  

Morphological comparison in the spectral domain was performed by binning the 

spectral power coefficients into various frequency bands of interest according to low 

delta (0.5-1.5 Hz), mid-delta (1.5-3.5 Hz), and high delta (3.5-4.5 Hz). The spectral 

coefficients for each subject were summed across frequencies to generate a time-

evolved series of spectral coefficients for each bin. Individual-level ICC was then 

computed between the ICA-cleaned and TF-filtered data during the (0, 1000) ms post-

blink interval in each frequency bin, and results averaged across the group. Statistical 

evaluation was conducted using a similar bootstrapping procedure as described earlier, 

with 1000 random permutations to generate the null distribution for each frequency bin. 

Probability thresholds were Bonferroni-corrected to account for potential inflated false 

positives due to multiple comparisons across the frequency bins.  

 
Mask Assessment 

To ensure that the binary mask during TF filtering effectively separates the signal 

from artifact in the time-frequency plane, cluster analysis was performed to examine the 

concentration of spectral content in both the raw and ICA-cleaned data in the POz 

channel. As raw data is dominated by ocular artifact while ICA-cleaned data should 

contain primarily BROs signal, adequate temporal distance between the spectral content 

of raw and ICA-cleaned data should allow the masking process to effectively separate 

these features during the TF filtering procedure. The POz electrode was chosen for this 

analysis due to its proximity to the precuneus region known to be a crucial source of the 
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BROs signal [150], [214]. Cluster analysis focused on a region of interest within the time-

frequency plane spanning the delta frequency band (0.5-4 Hz) and (-500, 500) ms time 

interval that encompasses main features of both signal and artifact. To extract the peak 

concentration of spectral power, spectral values were first averaged across frequencies, 

and a cumulative distribution function (CDF) computed. Spectral values were 

thresholded at the 90th percentile of the CDF to select only the highest values, and the 

largest continuous cluster exceeding this threshold was located. This was performed for 

each individual to extract the latency boundaries denoting the location of peak spectral 

power in both raw and ICA-cleaned data, and results were grand-averaged across 

participants. 

 
Artifact Removal 

 The effectiveness of artifact removal was assessed using the ocular 

contamination index (OCI) as described in previous literature [150], [214]. For each of 

the Pz and POz channels of interest, this index was adapted to measure the blink-to- 

baseline signal magnitude as follows:  

 

𝑂𝐶𝐼L = 	 É
𝑦L
𝑥L
É 

where yi and xi are the trial-averaged signal amplitudes at 0 ms and -1000 ms latencies, 

respectively, and i is the channel index. OCI measures the relative contribution of the 

maximal blink signal compared to baseline levels. Results were compared across the 

ICA-cleaned, TF-filtered, and raw data using repeated-measures ANOVA with 

Bonferroni correction for post-hoc multiple comparisons.  

 
Signal Capture: Time Domain 

To evaluate signal capture in the time domain, windows of interest were defined 

for assessing features of interest based on the grand-averaged waveforms for both ICA-

cleaned and TF-filtered data. These windows of interest include (250, 450) ms and (50, 

200) ms corresponding to peaks in the signal, as well as (-1300, -1100) ms 

corresponding to the pre-blink baseline. Mean amplitudes were computed over these 
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intervals at the individual level for each channel, and results were subjected to Pearson 

correlation analysis.  

To further examine potential differences between the two denoising techniques, 

mean signal amplitudes were computed over the selected windows of interest for each 

individual and compared at the group level. Either paired t-test or Wilcoxon Signed Rank 

Test was used to compare ICA-cleaned and TF-filtered data at each electrode 

depending on normality of the sample distribution.  

 
Signal Capture: Frequency Domain  

Frequency domain signal capture was evaluated by summing the log spectral 

power values within the mid-delta frequency band based on the significant morphological 

correlation between the TF-filtered and ICA-cleaned data in this range. Mean power was 

computed corresponding to the same time windows of interest specified in the previous 

section, and Pearson correlation coefficient was derived between the two denoising 

techniques at the individual level.  

4.3.8. Validation Using Low-Density Setup: T7 Reference  

To ascertain the effectiveness of the TF-filtering technique on low-density EEG, 

analyses were repeated using raw data from only the Pz, POz, and Fp2 electrodes, with 

offline re-referencing to T7.  

4.4. Results 

4.4.1. Morphological Comparisons 

Grand-averaged waveforms from Pz and POz electrodes showed that raw data 

exhibited large spiking artifact at 0 ms latency consistent with blinking (Figure 4.3, Top 

Panels). This artifact was removed in both TF filtered and ICA-cleaned data, and the 

denoised waveforms showed positive peaks occurring at ~250-300 ms, with similar 

morphologies between the two techniques. Importantly, these morphologies are 

consistent with the characteristics of the BROs source signal from the precuneus (Figure 

4.1B), and are also consistent with previous literature [74], [150], [214]. Time domain 
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ICC results showed that the TF-filtered waveform was consistent with ICA-cleaned data 

at the individual level, with significant positive correlations in both channels (Table 4.1).  

Table 4.1. Intraclass Correlations. 
Morphological analysis showing individual-level similarity between the TF-filtered and ICA-
cleaned data in time and spectral domains. Results are presented as mean ± SE across 
participants. *p<0.001 

 Pz POz 
Time  Domain 0.66 ± 0.04* 0.71 ± 0.03* 
Low Delta (0.5 – 1.5Hz) 0.46 ± 0.08 0.52 ± 0.08 
Mid Delta (1.5 – 3.5Hz) 0.47 ± 0.10 0.70 ± 0.07* 
High Delta (3.5-4.5Hz) 0.06 ± 0.08 0.35 ± 0.08 

 

Grand-averaged time-frequency results in Pz and POz channels showed high 

spectral power centered at 0 ms latency in the raw data (Figure 4.3, Bottom Panels), 

consistent with blink ocular artifact (Figure 4.1B). This characteristic was no longer 

present following artifact rejection by TF filtering, as the peak power shifts to ~250-300 

ms latency in both channels, concordant with features of the BROs signal. This pattern is 

also similar to that observed in ICA-cleaned data. Further quantitative analyses using 

ICC showed that the two techniques were similar in the spectral domain, with significant 

high correlations in the POz channel in the mid-delta band (Table 4.1).  
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Figure 4.3.  Results from Pz and POz channels. 
Both individual and group-level outcomes are shown. Comparisons were made among the raw, 
ICA-cleaned, and TF-filtered data in the time (Top) and spectral (Bottom) domains. Top: The 
ocular artifact at 0 ms in raw data was removed using TF filtering. Waveform morphology was 
also similar between the TF-filtered and ICA-cleaned data. Bottom: Time-frequency spectral 
power. Peak spectral power at 0 ms in raw data was no longer present in TF-filtered data. The 
outcomes showed similar patterns between the ICA-cleaned and TF-filtered data in both 
channels, with peak power at ~250 ms latency. Color bars represent log power values for each 
type of data. Thick black line denotes 0 ms or T0; thin black line denotes 250 ms latency. 

4.4.2. Mask Assessment 

Cluster analysis showed that the delta-band peak spectral power was 

concentrated near the 0 ms latency in the POz channel raw data, consistent with the 

signal content being dominated by blink ocular artifact (Figure 4.4). In contrast, the 

concentration of peak spectral power shifted to 250 ms latency following ICA denoising, 

in line with the expected characteristics of the BROs signal. The artifact and signal 

spectral features were highly separated in the time-frequency domain, with ~80 ms 

separation between bounds of the 95% confidence intervals. These results showed that 

the nulling interval used in the binary mask for TF filtering could effectively isolate the 

artifact features for removal. 
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Figure 4.4.  Cluster analysis results.   
Cluster analysis results showing location of delta-band peak power in time-frequency plane in the 
POz channel. There was clear separation between the spectral features for artifact (raw) and 
signal (ICA). Solid lines represent grand-averaged latency boundaries surrounding the top 10% of 
spectral values. Shaded regions correspond to 95% confidence intervals across subjects. Light 
blue dotted lines denote the start (-500 ms) and end (100 ms) of the nulling interval in the TF filter 
binary mask.  

4.4.3. Artifact Removal 

OCI results revealed that there was a significant difference in ocular artifact 

content between raw, ICA-cleaned, and TF-filtered data in both Pz and POz channels 

(F1.028,27.765 = 12.284, p = 0.001). Raw data showed high levels of ocular artifact, which 

was significantly reduced in both ICA-cleaned and TF-filtered data (Figure 4.5). 

Specifically, ICA denoising led to 95% and 87% reduction in OCI compared to raw data 

in the Pz and POz channels, respectively (p=0.004), while TF filtering led to reductions 

of 97% and 89% (p=0.005). No OCI differences were found between the two denoising 

techniques. 

 
Figure 4.5.   Ocular contamination index (OCI). 
Results show the contribution of ocular artifact at T0 relative to baseline in Pz and POz channels. 
OCI is highest in raw data, and is significantly reduced in both ICA and TF-filtered data. *p=0.004; 
**p=0.005 
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4.4.4. Signal Capture in Time and Frequency Domains 

Signal capture analysis in time domain showed that mean amplitudes were highly 

correlated between the two denoising techniques in all identified windows of interest 

(Figure 4.6, p<0.05 for all). This was true for all channels at the individual level. 

 
Figure 4.6.   Results of time domain signal capture analysis.  
Top panel shows grand-averaged POz channel waveforms for ICA-cleaned and TF-filtered data, 
with highlighted intervals showing windows of interest corresponding to pre-blink baseline (-1300 
to -1100 ms) and temporal features of interest (50-200 ms and 250-450 ms intervals). Bottom 
panel shows scatter plots of mean signal amplitudes over the windows of interest. Individual-level 
data are shown for the two denoising techniques, with least squares regression line and the 
associated correlation coefficients overlaid. *p<0.05 

Additional comparisons showed that mean amplitudes were different between the 

ICA-cleaned and TF-filtered data at the Pz electrode in all intervals, but did not differ at 

the POz channel except during the pre-blink window (Figure 4.18).    

Spectral domain results showed that delta-band power was significantly 

correlated between the TF-filtered and ICA-cleaned data during the specified windows of 

interest in both channels (Figure 4.7). 
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Figure 4.7.   Spectral domain signal capture results.  
Both TF-filtered and ICA-cleaned data showed significant high correlations in log spectral power 
during the post-blink intervals of interest (50-200ms) and (250-450ms) in the mid-delta band. The 
pre-blink baseline interval (-1300, -1100ms) showed near-zero log spectral power values in both 
techniques, reflecting the low spectral content during this interval. *p<0.05 

4.4.5. Validation Using Low-Density Setup: T7 Reference 

Analysis using raw data from only Pz, POz, Fp2 electrodes with re-referencing to 

T7 electrode showed that the TF-filtering technique was also effective when using a low-

density electrode array (Figure 4.8). Both individual and grand-averaged data 

demonstrated similar morphological features in time and frequency domains, with peak 

activity at ~250-300 ms latency. The ocular artifact spike at 0 ms was effectively 

eliminated. These outcomes are consistent with the TF filtering results using average 

referencing earlier, as well as with ICA-cleaned data (Figure 4.3).   
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Figure 4.8.   Results of TF-filtering using a 4-channel low-density setup.  
Raw data was processed from only Pz, POz, Fp2 electrodes with re-referencing to T7. Both 
representative subject and grand-averaged data are shown, with the individual result from the 
same participant as Figure 4.3. Thick and thin black dotted lines denote 0 ms and 250 ms, 
respectively. 

4.5. Discussion 

This study presents a novel denoising technique for measuring the BROs 

response using a low-density array comprising only 4 electrodes (Pz, POz, Fp2 for 

vEOG, and T7 for reference). Using 64-channel EEG data collected on healthy adults, 

we showed that the TF filtering technique effectively removed ocular artifact in the Pz 

and POz channels while retaining the temporal and spectral features of interest in the 

signal. These results were comparable to those achieved using ICA denoising on the full 
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64-channel electrode array. Results were robust at the individual level, and were 

successfully validated using raw data from only the low-density array electrodes. This is 

the first time that the capture and isolation of the BROs response has been 

demonstrated using a low-density setup, and represents a significant step forward in 

enabling the eventual bedside application of these neural responses as physiology-

based measures of conscious awareness. 

The primary challenge in deriving the BROs signal from scalp EEG lies in 

dissociating noise from the signal of interest, as EEG data are a mixture of multiple 

underlying source activities from both neural and artifactual origins. In this case, the 

difficulty is further compounded by the close relationship between the signal of interest 

and ocular artifact, which are highly correlated and time-locked. The BROs signal from 

the precuneus brain region manifests as a large peak occurring at approximately 250-

300 ms latency in temporal and spectral domains, while the ocular artifact associated 

with blinking shows a single narrow peak of extreme amplitude centered at 0 ms latency 

(Figure 4.1B). There is almost complete temporal separation between the two time 

courses, although they are only about 90 ms apart at FWHM. Additionally, both occur 

prominently in the delta frequency band with largely overlapping spectral content. These 

characteristics make traditional EEG denoising techniques ineffective in separating the 

signal from artifact [36]. Moreover, in a low-density electrode setup, the severe 

limitations in spatial resolution also preclude the use of established gold-standard 

denoising techniques such as ICA which has previously been shown to be effective in 

isolating the BROs signal [150], [214]. 

The TF filtering technique is designed to exploit the known temporal and spectral 

characteristics of the signal and ocular artifact for isolating the BROs response. This 

approach was validated in our study by examining the location of peak spectral content 

in the time-frequency plane between the raw data (i.e. dominated by ocular artifact) and 

ICA-cleaned signals (i.e. dominated by the signal of interest) in the POz channel, which 

was selected for its proximity to the precuneus. Results showed that the concentrations 

of peak spectral features between signal and artifact were located far from one another, 

with ~80 ms separation between the 95% confidence interval bounds (Figure 4.4). This 

allowed the binary mask to effectively isolate signal from artifact.  
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TF filtering is applied at the trial level for each scalp channel and subject before 

the signals are reconstructed in the time domain. As shown in Figure 4.3, the process 

effectively eliminates the peak noise activity occurring at ~0 ms in both time and 

frequency domains in the Pz and POz channels, and the denoised data show peak 

activity centered at approximately 250-300 ms latency which is consistent with features 

of the BROs signal at the source. These results are robust at both individual and group 

levels. Crucially, ICC results show that the temporal and spectral morphologies of both 

TF-filtered and ICA-cleaned data are similar (Table 4.1), indicating that TF filtering 

produces comparable signal patterns relative to ICA. Additionally, while the ICC 

correlations are high and significant in the time domain in both channels, the frequency 

domain results are only significant for the POz channel in the mid-delta band. These 

findings are consistent with the fact that the spectral activity of the BROs signal is 

concentrated within the mid-delta band (Figure 4.1B). Similarly, the greater signal 

representation in the POz channel compared to Pz was likely due to the greater 

proximity of the POz channel to the precuneus region which is the source of the signal 

[214]. 

To further quantitatively assess the performance of the new technique relative to 

the established ICA approach, measures were taken corresponding to the extent of 

artifact removal and signal capture. Both techniques led to significant reduction in OCI 

which quantifies the maximal contribution of ocular artifact relative to baseline levels 

(Figure 4.5). No significant differences were found between the two denoising 

techniques. Correlation analyses in the time and frequency domains showed that the two 

techniques were highly correlated in both Pz and POz channels during the baseline 

intervals (-1300, -1100) ms as well as two post-blink windows of interest spanning the 

two peaks (50-200 ms and 250-450 ms) (Figure 4.6, p<0.05 for all). These results 

indicate that the mean waveform amplitudes during both the baseline and key post-blink 

intervals were consistent between the TF filtering and ICA denoising techniques, and 

that the performance of the new technique is comparable to ICA in capturing signal 

amplitudes that constitute the main temporal features of interest. In the spectral domain, 

similar high correlations were observed between the log spectral power values of both 

TF-filtered and ICA-cleaned data in the mid-delta band during the two post-blink 

windows of interest (Figure 4.7, p<0.05 for all), suggesting that the two techniques were 

consistent in the capture of post-blink spectral features. However, the baseline window 
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results showed near-zero log spectral power values for all subjects and channels in both 

techniques, with corresponding low correlations. Nonetheless, the low correlation results 

during this window were more likely due to the fact that, as the BROs response is a post-

blink neurophysiological phenomenon, the pre-blink baseline window would not be 

expected to contain much signal content related to this response. Instead, the close 

clustering of log power values around zero in both techniques suggest that they both 

consistently reflected the low spectral content during this window. This differs from but 

does not contradict the results in time domain, which showed that both TF filtering and 

ICA denoising demonstrated similar impact on the baseline activity.  

To enable comparisons between ICA-based denoising which requires a high-

density electrode array, and TF filtering which is executed on a channel-by-channel 

basis, the evaluation of morphology, noise rejection capability, and signal capture 

utilized the average-referencing scheme on the full 64-channel montage for both 

techniques. This helped provide a consistent basis of measurement for both techniques 

in assessing outcomes for the Pz and POz channels. Subsequently, to demonstrate the 

validity of the TF filtering technique in capturing and isolating the BROs response using 

a true low-density setup, separate analyses were also conducted utilizing only raw data 

from the 4 electrodes (Pz, POz, Fp2, and T7). The low-density setup used T7 as the 

reference electrode because it is the most lateral site along the midline perpendicular to 

the anterior-posterior axis, with an arbitrary choice of left-side vs. right (Figure 4.1A). 

Given the goal was to capture a posterior-based response while minimizing the impact of 

the anterior-driven ocular artifact, the reference electrode was positioned along the 

midline as a compromise between the anterior and posterior effects.  

Analysis results from the low-density setup using T7 reference showed that the 

TF filtering technique was again effective in eliminating the ocular artifact due to blinking, 

with consistent waveform morphology compared to the average-referenced results 

earlier (Figure 4.8). Crucially, these outcomes were robust at the individual level, as data 

from the same participant demonstrated strong similarity between the TF-filtered results 

in both reference schemes (Figure 4.3  Individual, Figure 4.8 Individual). Similar results 

were also observed at the group level, with peak activity occurring around 250-300 ms 

latency in both time and frequency domains. Together, these findings strongly 

demonstrate the efficacy and applicability of the TF filtering technique in capturing and 

isolating the BROs signal using a low-density array. 
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Despite the robust and consistent performance of TF filtering in denoising the 

BROs signal, important differences should still be noted between this technique and ICA. 

Whereas ICA allows for the identification and removal of all artifact sources including 

physiological, environmental, and instrumental noise [98], [219], the TF filtering 

technique targets primarily the ocular artifact and thus cannot account for other sources 

of noise. However, given that the neural response of interest is time-locked to and 

occurs following blinking, and ocular signals are known to be the dominant source of 

EEG noise [217], these artifacts were selected to be the primary targets in designing the 

TF filtering technique.  

Ocular artifacts comprise two main types of electrical signal with differing 

characteristics. Blinking causes large spiking artifacts due to the transient contact 

between the eyelids and the positively charged cornea, which mostly propagates 

through the superficial tissue layers of the head. On the other hand, the charge 

differential between the cornea and retina creates electric dipoles in both eyes which 

shift in orientation when the eyes move during saccades, resulting in electric potential 

changes that propagate through the eye sockets [218]. Blink ocular artifacts are larger in 

amplitude compared to saccades and attenuate rapidly with increasing distance away 

from the eyes, while saccadic artifacts are smaller but attenuate more slowly [218]. 

Given that the BROs response is time-locked to blinking, the blink ocular artifact forms 

the primary noise of concern in signal processing for this response. Moreover, the 

impact of saccadic artifacts not time-locked to blinks can be effectively mitigated through 

trial segmentation and averaging [36].  

Studies have shown that blinking induces a transient downward and nasalward 

movement of the eye resulting in small deflections of no more than 5°, and the duration 

of these blink-induced eye movements are more than 100 ms shorter than that of the 

blink [232], [233]. As the TF filtering technique targets the time interval of the blink ocular 

artifact for removal in extracting BROs, the technique should also be able to effectively 

remove the associated saccadic artifact given its shorter duration. Additionally, saccadic 

eye movements are sometimes also accompanied by blinks, and the likelihood of this 

increases with greater degree of eye movement [234]. Studies have shown that, for a 

20° eye movement, the duration of the saccades is ~60 ms without blinks, and ~120 ms 

with blinks [233], [235]. Both these saccadic durations are shorter than the ~300 ms 

duration of blinks, and should thus also be effectively addressed by the TF filtering 



124 

technique. Moreover, to ensure that saccadic artifact did not exert significant impact as a 

primary source of noise following data segmentation relative to blinks, raw data from the 

horizontal EOG electrodes AF7 and AF8 were separately epoched time-locked to 

blinking, trial-averaged, and examined at the individual and group levels. This analysis 

was performed using both linked-mastoid reference and average-reference scheme, and 

neither showed any box-like characteristics consistent with saccades. Thus the blink 

ocular artifact constitutes the primary source of noise compared to saccadic artifact, and 

is an appropriate noise target for the TF filtering technique in denoising low-density EEG 

data to extract the BROs signal.  

Although the concept of using time-frequency transformation in denoising EEG 

data has been previously reported, there are important distinctions between the current 

study and prior literature. For instance, Hu et al. employed CWT-based time-frequency 

transform to enhance the signal-to-noise ratio of single-trial EEG data in deriving ERPs 

[227]. Their approach utilized the wavelet coefficients from grand-averaged ERP 

waveforms as a basis for statistical thresholding to generate the binary mask in the time-

frequency domain. This approach differs from ours in both the specific transform used 

(i.e. CWT vs. STFT), as well as the method by which masking thresholds are chosen 

(i.e. statistical thresholding vs. feature-based selection). Similarly, a previous study in 

our group also employed CWT-based TF filtering to enhance the signal-to-noise ratio 

when evaluating ERPs in brain-injured patients [46]. This method utilized the grand-

averaged waveform from 100 healthy adults as the template from which the binary mask 

thresholds were derived. Once again, this technique differed from the feature-based 

approach in the current study, as it used a CWT transform as well as statistical 

thresholding for mask generation.  

EEG-based neurophysiological assessments are increasingly being translated to 

portable hardware platforms with low-density electrode arrays and combined with 

sophisticated stimulus paradigms to evaluate a spectrum of brain functions through ERP 

measurements. Notable recent developments include the Halifax Consciousness 

Scanner which has been utilized to evaluate brain functional status in brain-injured 

patients [37], [38], [45], [46], and the brain vital signs framework which has been 

deployed to measure brain function in sports concussion [40]–[44]. Nonetheless, as 

these platforms all utilize auditory stimuli to elicit specific brain responses, they are not 

always effective in assessing severely brain-injured patients with VS or MCS who may 
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not have intact auditory processing. In contrast, the BROs response is measured without 

the use of any tasks, and is therefore better suited to assessing VS and MCS patients 

who are both known to have blinking capacity [15]. Thus, the translation of BROs 

measurements to a point-of-care platform using a low-density electrode array will 

crucially complement existing EEG-based neurotechnologies in evaluating multiple brain 

responses. 

4.6. Conclusions 

 This study presented a novel denoising technique that employs TF filtering to 

remove ocular artifact and extract the BROs signal in a low-density array comprising 

only the Pz, POz, Fp2, and T7 electrodes. Results showed that TF filtering exhibited 

comparable performance to the established ICA approach in artifact rejection as well as 

signal capture across both time and frequency domains, with robust performance at the 

individual level. This is the first demonstration of the capture and isolation of the BROs 

response using a low-density electrode array, and represents an important step in the 

translation of this response to a point-of-care platform for clinical bedside assessments. 

4.7. Supplementary Materials 

4.7.1. Evaluation of Different Approaches During STFT Technique 
Development 

Empirical mode decomposition (EMD) is a data-driven method for decomposing 

complex data into a superposition of band-limited component functions based on 

instantaneous frequencies. These component functions are known as intrinsic mode 

functions (IMF), and must meet the criteria that 1) the number of extrema must be equal 

to or differ by no more than one from the number of zero crossings, and 2) the upper and 

lower envelopes must have zero mean [236]. EMD follows an iterative procedure in 

which proto-IMF functions are repeatedly generated until the acceptance criteria are met 

(Figure 4.9): 
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Figure 4.9.  Iterative procedure of EMD. 
Source: Adapted from reference [236]. 

EMD is well-suited to analyze EEG signals as this technique was designed to 

target nonstationary and nonlinear stochastic processes. However, the use of EMD in 

EEG analysis is also hindered by its sensitivity to noise [236], resulting in potential 

complications particularly in data denoising applications. In developing a denoising 

approach for extracting BRO responses using low-density EEG systems, the EMD 

approach was explored as a possible solution, and results compared with those of STFT 

and ICA denoising.  

Grand-averaged results showed that EMD did not successfully eliminate the 

large peak corresponding to blink artifact at 0ms in time domain (Figure 4.10), nor was 

EMD effective in removing the spectral power peak at 0ms in time-frequency domain 

(Figure 4.11). On the other hand, STFT produced much more promising results in 

comparison, with similar temporal waveform morphology compared to ICA and similar 

spectral content near 200ms post-blink. Importantly, these results were observed at both 

individual and group levels, with STFT outperforming EMD in both time and spectral 

domains (Figure 4.12). EMD was thus rejected as a possible technique for denoising 

BRO signals.  

Scalp EEG artifacts 293

Figure 4 An example structure of 2-level decomposition by
discrete wavelet transform.

is taken to be 2. Wavelet decomposition is a linear expansion
and it is expressed as

f(t) =
+∞!

k=−∞

[ck!(t − k)] +
+∞!

k=−∞

+∞!

j=0

dj,k (2jt − k) (4)

where !(t) is the scaling function and ck and dj,k are the
coarse and detail level expansion coefficients, respectively.
A wide variety of functions could be chosen as the mother
wavelet as long as following equation is satisfied:
" +∞

−∞
 (t)dt = 0 (5)

There are several techniques based on wavelet theory,
such as wavelet packets, wavelet approximation and decom-
position, discrete and continuous wavelet transform, and
so forth. The most commonly used technique is Discrete
Wavelet Transform (DWT). The DWT is derived from con-
tinuous wavelet transform with discrete input. The relation
between input and output can be represented as

xa,L[n] =
N!

k=1

xa−1,L[2n− k]g[k] (6)

xa,H[n] =
N!

k=1

xa−1,L[2n− k]h[k] (7)

where g[n] is a low pass filter just like scaling function and
h[n] is a high pass filter just like mother wavelet function.
Briefly, discrete wavelet transform is entering of a signal into
a low pass filter to get the low frequency component and
into a high pass filter to get the high frequency component.
An example structure of 2-level decomposition by discrete
wavelet transform is shown in Fig. 4 [51].

Once the signal is decomposed into detail and approxi-
mate coefficients, thresholding is applied on the coefficients
to denoise the signal from artifacts. Then the new sets of
coefficients (all detail with final level approx. coefficients)
are added up to reconstruct back the artifact-reduced sig-
nal.

Empirical mode decomposition
EMD is an empirical and data-driven method developed to
perform on non-stationary, non-linear, stochastic processes
and therefore it is ideally suitable for EEG signal analysis and
processing. However, the computational complexity of EMD
is quite heavy, so may not be suitable for online applications.
Moreover, the theory behind EMD is still not complete and
so far used in empirical studies, therefore it is difficult to
predict its robustness in all EEG recordings.

EMD algorithm decomposes a signal, s[n] into a sum
of the band-limited components/functions, c[n] called

Table 4 Process flow of EMD algorithm to generate IMFS.

Input: data sequence s[n]

1. Identify all the local extrema
2. Separately connect all the maxima and minima with

natural cubic spline lines to form the upper, u[n], and
lower, l[n], envelopes

3. Find the mean of the envelopes as z[n] = [u[n] + 1[n]]/2
4. Take the difference between the data and the mean as the

proto-IMF, h[n] = s[n] — z[n]
5. Check the proto-IMF against the definition of IMF and the

stoppage criterion to determine if it is an IMF
6. If the proto-IMF does not satisfy the definition, repeat

step 1 to 5 on h[n] as many time as needed till it satisfies
the definition

7. If the proto-IMF does satisfy the definition, assign the
proto-IMF as an IMF component, c[n]

8. Repeat the operation step 1 to 7 on the residue,
q[n] = s[n] — c[n], as the data

9. The operation ends when the residue contains no more
than one extremum

intrinsic mode functions (IMF) with well defined instanta-
neous frequencies [58,94]. There are two basic conditions
to be an IMF: (i) the number of extrema must be equal (or
at most may differ by one) to the number of zero cross-
ings (ii) any point, the mean value of the two envelopes
defined by the local maxima and the local minima has to
be zero [58]. The general process flow of EMD algorithm
is shown in Table 4. EEMD: it is an enhanced version of
EMD (enhanced empirical mode decomposition) and inspired
from the fact that EMD algorithm is very sensitive to noise,
which often leads to mode mixing complication. Therefore,
EEMD is proposed which uses an average number of ensem-
bles (IMFs) from EMD as the optimal IMFs thus it provides a
noise-assisted data analysis method [94].

Adaptive filtering
An adaptive filter is a system with a linear filter that has
a transfer function controlled by variable parameters and
a means to adjust those parameters according to an opti-
mization algorithm [89]. The filter weights can adapt based
on the feedback from output of the system and it requires
a reference input to compare the desired output with the
observed output. An improved adaptive filtering by opti-
mal projection which is based on common spatial pattern
for artifact removal is mentioned in [9,10], especially for
epilepsy patient’s EEG [74]. Let s[n] denote the observed
signal which is combination of the original EEG, x[n] and
additive artifact r[n]. Then, if the artifact source v[n] is
available from a dedicated channel (e.g. EOG or ECG); an
adaptive algorithm (e.g. LMS, RLS, etc.) can be used to
derive an artifact-free EEG, x ′[n] given that the desired EEG
and artifact signal are independent (or at least uncorrelated
[91]). An illustration of the use of adaptive filter for EOG
artifact removal is shown in Fig. 5.

Principal component analysis (PCA)
PCA is a type of spatial filter that transforms the time
domain datasets into a different space by rotating axes in
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Figure 4.10. Grand average results for different denoising approaches. 
EMD did not remove large blink artifact at 0ms, and also did not produce similar waveform 
morphology compared to ICA. STFT was much more effective in eliminating artifact and 
producing similar waveform morphology compared to ICA.  

 
Figure 4.11. Time-frequency results for different denoising techniques. 
EMD cleaning did not remove high spectral power content near 0ms corresponding to blink 
artifact, while both ICA and STFT did so. Note that the faint coloring of ICA results were due to 
color scale settings which were the same for all plots. Color bar denotes log spectral power 
values. 
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Figure 4.12. Individual results for different denoising techniques.  
Green squares in temporal results indicate 110ms and 350ms latencies corresponding to the 
largest peaks in the BRO response.  

4.7.2. Assessment of TF Filtering Parameters 

Because the TF filtering approach utilized STFT-based time-frequency transform 

to capture the spectral features of interest while removing other features corresponding 

to artifact, different time and frequency parameters were assessed to determine the 

optimal settings for BRO signal extraction. In particular, the time and frequency intervals 

were each manipulated while keeping the other parameter constant, and results were 

compared. The TF filtering settings corresponded to the ‘null interval’ which determines 

the time interval in which signals from all frequencies were nulled (designed to eliminate 

maximal artifact), as well as ‘frequency of interest’ which denotes the frequency range 

corresponding to the signal of interest, with all other frequencies being nulled across all 

time. The specific parameters tested are shown below: 
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Table 4.2. Different TF filtering parameters tested. 
 Effect of Interest Null Interval Frequency of Interest 

Experiment A Different target frequencies (-500, 100) ms 
[0.5, 4] Hz 
[0.5, 8] Hz 

[0.5, 12] Hz 

Experiment B Different null interval starts 

(-300, 100) ms 
(-400, 100) ms 
(-500, 100) ms 
(-600, 100) ms 
(-700, 100) ms 

[0.5, 4] Hz 

Experiment C Different null interval ends 

(-500, 0) ms 
(-500, 50) ms 

(-500, 100) ms 
(-500, 150) ms 
(-500, 200) ms 
(-500, 250) ms 
(-500, 300) ms 
(-500, 350) ms 

[0.5, 4] Hz 

Experiment A results showed that, while keeping the nulling interval constant, 

changing frequencies of interest did not have a significant impact on the overall 

waveform morphology or the latency of the BRO peaks at 110ms and 310ms (Figure 

4.13). However, the baseline signal levels did exhibit greater oscillatory activity for higher 

frequencies of interest, consistent with expectations. Frequency increments of 4Hz were 

used as this is the maximum frequency resolution given the STFT window length of 

250ms.  

The signal amplitudes were comparable across all frequencies for both channels 

at the peak latencies of 110ms (F2,54=0.435, p=0.649 for Pz, and F1.336,36.059=0.465, 

p=0.631 for POz) and 310ms (F1.476,39.863=2.847, p=0.084 for Pz, and F2,54=0.723, p=0.49 

for POz) (Figure 4.14). However, the background signal amplitudes were lower for the 

[0.5, 4] Hz compared to the other frequencies at both -1000ms (F1.269,34.255=6.810, 

p=0.009 for Pz, and F1.202,32.441=7.733, p=0.006 for POz) and 0ms (F2,54=21.297, 

p<0.0001 for Pz, and F2,54=42.492, p<0.0001 for POz) (Figure 4.15). The decision was 

thus made to focus on the [0.5, 4] Hz frequency band in order to maximize peak-to-

baseline signal capture. 



130 

 
Figure 4.13.  Experiment A: Time domain results.  
Shaded regions denote 95% confidence intervals across participants. Black dotted lines denote 
latencies for baseline (-1000 ms), 0ms, 110ms, and 310ms.  

 
Figure 4.14. Experiment A: Signal magnitude at BRO peak latencies.  
Measured for different frequency settings in Experiment A.  

 

 
Figure 4.15. Experiment A: Signal magnitude at baseline (-1000ms) and 0ms.  
Measured for different frequency settings in Experiment A. *p<0.05 
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Experiment B results showed that, while keeping the frequencies constant, 

changing the starting point of the nulling interval did not produce significant differences 

in BRO signal amplitudes at any of the latencies corresponding to baseline (-1000ms), 

blink latency (0ms), the first peak of the BRO response (110ms), or the second peak 

(310ms) (Figure 4.16). These results indicate that the TF filtering outcomes are robust 

against changes in starting point of nulling interval. Accordingly, the starting point was 

chosen to -500ms based on temporal and spectral features of the blink ocular artifact, 

and in order to retain as much information in the pre-blink interval as possible.  

 
Figure 4.16. Experiment B: Signal amplitude at different latencies.  
Measured as signal magnitude at latencies corresponding to baseline and the two BRO peaks at 
110ms and 310ms, respectively. 

Experiment C results showed that, while maintaining constant frequency and 

starting point for the nulling interval, manipulating the ending point of the nulling interval 

did impact the signal amplitudes across different latencies (Figure 4.17). While baseline 

amplitudes at -1000ms were the same for all intervals as expected, a consistent pattern 
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was observed across all other latencies. Specifically, the greatest amplitudes were 

observed for the nulling interval ending at 0ms for all latencies and channels, followed by 

intervals ending at 50ms, 100ms, and 150ms, then those ending at 200ms and 250ms, 

and finally those ending at 300ms and 350ms. Given that the blink artifact is maximal at 

0ms, a nulling interval ending at the same latency would lead to excessive ocular artifact 

being passed through the filter, and would thus not be ideal. The next highest signal 

capture was obtained by intervals ending between 50-150ms, and the end point of 

100ms was chosen based on the known features of the signal and artifact to 

accommodate the ~90ms separation between their respective full-width-at-half-max.  

 
Figure 4.17. Experiment C: Signal amplitude at different latencies.  
Measured as signal magnitude at latencies corresponding to baseline (-1000ms), blink latency 
(0ms), and the two BRO peaks at 110ms and 310ms. *p<0.00001 as indicated; **p<0.00001 
compared to all other groups for the same channel. 
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4.7.3. Mean Amplitudes Comparisons for All Techniques 

Mean time domain signal amplitudes were different between the ICA-cleaned 

and TF-filtered data in the Pz channel in all 3 specified windows of interest, but this was 

true for the POz channel only in the pre-blink baseline interval (Supplementary Figure 1). 

Given the strong correlations between the two techniques in all 3 windows for both 

channels (Figure 4.5, p<0.05), the amplitude differences suggest that the two waveform 

results were consistent but offset from one another. This amplitude offset may be due to 

the fact that ICA is capable of removing all types of physiological and environmental 

noise, while TF filtering is designed to target mainly the blink ocular artifact based on its 

stereotypical characteristics. Thus TF filtering is likely to be less nuanced in 

differentiating between artifact and signal of interest compared to ICA.  

This interpretation is also consistent with observations for the POz channel which 

is situated more posteriorly compared to Pz, and is therefore expected to capture less of 

the blink artifact. As the POz channel did not exhibit differences between the two 

techniques during the post-blink windows of interest, this suggests that the differential 

effects of the two denoising techniques did not have significant impact on this channel. 

Given that the POz channel also has greater proximity to the posterior precuneus source 

regions of the BROs signal, these results further affirm that TF filtering achieves 

comparable performance relative to ICA in effectively capturing the signal of interest.  

 
Figure 4.18. Boxplots showing mean amplitudes over windows of interest. 
Results shown for Pz and POz channels in both ICA-cleaned and TF filtered data. *p<0.05 paired 
t-test 



134 

Chapter 5. Discussion 

5.1. Main Contributions  

This research examines BROs (BROs) as neurophysiological responses that 

occur following spontaneous blinking, and represents the first rigorous scientific 

investigation into the BRO phenomenon. The component studies in this research first 

demonstrate the scientific validity of the BRO response using high spatial- and temporal-

resolution MEG, under multiple task conditions with controlled sensory environments, 

and in large samples of participants. The research then develops a new data analytic 

technique for noise rejection and BRO signal capture to enable measurement of the 

BRO response using few sensors in order to facilitate point-of-care applications.  

The findings in this research significantly advance our understanding of brain 

function by elucidating blink-related neural processes that have previously gone 

unnoticed in the biomedical engineering and neuroimaging communities. These results 

also help open a new window into brain function by leveraging the simple and ubiquitous 

act of blinking as an avenue for brain function assessments – with the unique advantage 

of not requiring any internal or external stimulus paradigms for evaluation. Additionally, 

the strong neuroanatomical linkage of this response with the precuneus region – itself 

highly implicated in supporting consciousness and awareness in the brain [47] – 

presents an intriguing possibility to utilize BROs as an avenue for evaluation of 

conscious awareness in brain-injured and behaviourally unresponsive patients. The 

development of BRO-based brain function measures that are not only physiology-based, 

but that can also be translated into a portable platform for point-of-care evaluation, fills a 

both a clinical and technological gap which has significant implications for potentially 

improving clinical diagnosis and patient care.  

This research utilized sample sizes ranging from 22-41 participants across the 

three studies, which were much larger compared to previous studies of BROs that 

utilized sample sizes ranging from 7-12 participants. Given that Study I focused on 

investigating the scientific validity of the BRO response, the largest sample size of 41 

was chosen for this study to ensure sufficient statistical power. Once the BRO 

phenomenon was scientifically validated in the first study, the next study aimed to 

investigate BROs further by demonstrating their modulations under cognitive loading. A 
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smaller sample size of 22 was thus chosen for this study. Finally, given the third study 

focused on translating the BRO measurement to a portable platform with few sensors 

which is known to have reduced signal-to-noise ratio compared to a higher density 

system, a larger sample size of 31 was chosen for Study III.  

5.2. Blink-Related Processing in the Brain 

This research has shown that, far from being simply an “automatic” process 

devoid of cognitive importance, spontaneous blinking also serves as “stimulus events” to 

be processed by the brain. As discussed in detail in Chapters 2 and 3, convergent 

evidence from examination of the temporal, spectral, and neuroanatomical features of 

BROs demonstrates that the neurocognitive effects of blink-related processing span the 

visual sensory, visuospatial, episodic memory, attention, environmental 

monitoring/awareness, and information processing domains. These BRO-related effects 

are observed under both resting (i.e. passive fixation) and cognitive loading (i.e. mental 

calculation) conditions in the absence of any dynamic external sensory inputs, 

suggesting that blink-related neural processes occur across tasks. Moreover, BRO 

effects are also modulated by cognitive loading, with reduced extent of cortical 

activations as well as differential spectral effects in the precuneus under cognitive 

loading compared to resting conditions, suggesting that blink-related processing is 

impacted by the availability of neural resources under differential task states. Crucially, 

while BRO responses under resting conditions do not engage regions of the ventral 

attention network (i.e. right inferior frontal gyrus and supramarginal gyrus), BROs do 

activate these regions when blinking occurs under cognitive loading conditions. The 

activation of these regions for BRO processing suggests that the brain is attempting to 

accommodate the dynamic processing requirements when blinking occurs during an 

ongoing cognitive task by recruiting additional regions that can help to detect 

unexpected but potentially salient events [214]. 

 Based on the findings of the current research, a potential neurocognitive 

mechanism for blink-related processing in the brain has been postulated [214]. This 

comprises an early sensory response followed by later information processing and 

episodic memory effects. The sensory effects correspond to processing of new visual 

information after the eyes close and re-open, and are consistent with the observed BRO-

induced cortical activation of the dorsal and ventral visual streams (i.e. bilateral occipital, 
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posterior parietal, inferior temporal regions) as well as the lingual and fusiform gyri, 

along with the spectral effects of increased beta/gamma band power observed within the 

precuneus [150], [214]. Blink-related visuospatial processing and environmental 

monitoring can be deduced from the strong activation of the bilateral precuneus regions 

by BRO responses under both resting and cognitive loading conditions, as the 

precuneus is known to be involved in these processes [75]. Moreover, BRO-induced 

visuospatial processing is also supported by the observed cortical activations of the 

precuneus and right parahippocampal gyri [75], [214]. Blink-related information 

processing can be observed in the prolonged reduction in alpha band signal power, 

which is consistent with release of inhibition and consequent increase in cortical 

excitability that are generally associated with active information processing in the brain 

[184]–[186]. Blink-related episodic memory processes are seen in the prolonged 

reduction in theta power as well as activation of the parahippocampal gyrus [214].  

A striking finding from this research is that the precuneus is functionally 

segregated when processing blink-related information under cognitive loading. As 

cognitive loading via mental calculation is known to strongly engage the precuneus 

region [157], comparison of precuneus effects for blinking during mental calculation 

compared to that during rest provides information about the specific modulation of BRO-

related precuneus effects under cognitive loading. The results showed that only the 

posterior precuneus was dedicated to BRO processing during both resting and task 

conditions, while the anterior precuneus was only activated for BRO processing during 

rest, and was preferentially allocated for calculation task performance during mental 

calculation [214]. Not only does this finding further support the activation of the 

precuneus by BRO responses, but it also highlights the significant implications of the 

BRO response as a potential avenue for measuring precuneus function. This also 

strongly suggests that blink instances are treated by the brain as endogenously driven 

“stimulus events” to be actively processed, such that even underlying cognitive tasks like 

mental calculation that strongly engage the precuneus region had to compete for neural 

resources with blink-related processing. As discussed in detail in Chapter 3, the 

functional segregation of the precuneus was also consistent with prior research 

demonstrating the differences in functional connectivity between the anterior and 

posterior precuneus subregions and other regions of the brain [52], [161], [162], [202]. 
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The nomenclature of blink-related oscillations (BROs) in this research refers to 

neurophysiological responses occurring after blinking. However, these 

neurophysiological responses are not true “oscillations” in the classical sense of the 

term, as oscillations typically refer to oscillatory responses that occur without necessary 

timing constraints with respect to extraneous events or stimuli. In this case, BROs are 

actually event-related responses that are time-locked to naturally occurring spontaneous 

blinking events, which are more reminiscent of “event-related potentials” than 

“oscillations”. Although this work used the same nomenclature for BROs that was carried 

forward from the legacy of prior research on this topic, a new, more appropriate name is 

likely needed in the future that better describes this event-related phenomenon. One 

possible alternative may be “Blink-related Neural Response” or BNR, which better 

captures the implication that these neurophysiological responses occur time-locked to 

natural blink events.  

5.3. Voluntary vs. Spontaneous Blinking 

This research focuses on the study of spontaneous eye blinks, which are the 

most common form of blinking and had previously been thought largely to serve the 

purpose of corneal lubrication [65], [237]. Blinking can also occur in other ways including 

voluntarily through top-down initiation by an individual, or involuntarily as part of a 

protective mechanism in response to external stimuli such as tactile inputs [65]. All types 

of blinking share a common peripheral mechanism: The oculomotor brainstem nucleus 

(part of midbrain) causes the active contraction of the orbicularis oculi muscle in the 

face, which is coordinated with the relaxation of the levator palpebrae supriori muscle 

controlled by the facial motor brainstem nucleus (part of cranial nerve VII in the medulla 

oblongata) [238]. Higher-level mechanisms that cause blinking are less well understood, 

and are believed to involve a number of cortical and subcortical regions given that blinks 

can be stimulated through a variety of channels (e.g. tactile, auditory, visual, 

proprioceptive, and electrical) and occur via both voluntary and involuntary means [65], 

[237].  

Voluntary blinking is known to exhibit greater kinematic characteristics compared 

to spontaneous blinking, with longer duration, greater amplitude, as well as increased 

peak velocity [237], [239], [240]. In addition, studies have also examined cortical 

activations due to voluntary and spontaneous blinking using fMRI. Results have shown 



138 

that voluntary blinking primarily activates oculomotor regions including the 

supplementary eye fields (SEF) and frontal eye fields (FEF), along with the occipital 

cortex [107], [111], [139]. On the other hand, spontaneous blinking tends to activate 

regions of the occipital cortex but generally did not engage the SEF or FEF [106], [110], 

[112]. These results suggest that voluntary, but not spontaneous, blinking has neural 

correlates dominated by oculomotor and visual effects, consistent with the emphasis on 

top-down initiation of the motor command in voluntary blinking. However, fMRI is not the 

ideal imaging modality for studying the neural mechanisms of voluntary or spontaneous 

blinking given its low temporal resolution.  

The current research focused on neural processes that occur following 

spontaneous blinking, and did not examine the neural correlates giving rise to these 

blinks. The results here show that the brain actively processes new information following 

the momentary loss of visual input induced by spontaneous blinking. Nonetheless, given 

that voluntary blinking also produces complete momentary loss of visual input, it is 

possible that similar neural processes would also occur following voluntary blinking. 

However, further studies are needed to directly investigate potential BRO responses 

following voluntary as well as reflexive blinking.  

5.4. BROs and Consciousness 

There are two prevailing theories of consciousness: the Global Neuronal 

Workspace and the Integrated Information Theory [241].  

5.4.1. Global Neuronal Workspace 

The Global Neuronal Workspace (GNW) is a computerized model derived from 

the psychological/philosophical theory of Global Workspace of consciousness, in which 

the mental space is thought of as a theatre with various cognitive and sensory functions 

serving as actors on a darkened stage. Consciousness is the spotlight on the stage 

which can be directed at various actors through selective attention [242]. The GNW 

model emphasizes the network nature of global integration required for consciousness, 

in that a ‘neuronal workspace’ is formed by interconnecting multiple specialized 

processors that are automatic and non-conscious (e.g. attentional system, motor 

system, perceptual system, long-term memory, and evaluative systems) [243]. The 
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GNW theory posits that, whereas nonconscious stimuli tend to be encapsulated within 

the specific specialized centres, conscious stimuli would be broadcast through global 

networks via long-distance axonal connections, allowing for more efficient processing of 

information across the network [243]. Importantly, these global processes are facilitated 

by the prefrontal parietal network (PPN) spanning both prefrontal and parietal cortices, 

including thalamocortical and corticocortical connectivity networks [243]. The precuneus 

acts as a key hub in supporting consciousness, and is highly interconnected with other 

regions (particularly prefrontal cortices) through dense axonal fiber tracks [47], [50], 

[243]. Though domain-specific local processing (e.g. sensory information) forms the 

source of conscious content, this content is only accessible when integrated into the 

global space – a process which is largely driven by the PPN. Importantly, studies have 

shown that conscious activity in the PPN requires approximately 300ms to be ignited; 

this ignition occurs in an all-or-nothing fashion when the threshold for ignition is met, and 

is characterized by synchronization in the high-gamma band (~50-100Hz) [244].  

BRO responses fit nicely within the GNW theory of consciousness given that 

BROs strongly activate the precuneus which is a key hub within the PPN, and gamma 

band synchronization is observed in BRO-induced precuneus activity [214]. Moreover, 

BRO activity does not peak until after 250-300ms latency, which may also be related to 

potential perceptual and priming processes to enable conscious detection of potentially 

salient information following blinking. Nonetheless, these hypotheses remain 

speculative, and further studies are needed to investigate more directly the relationship 

between BROs and consciousness. 

5.4.2. Integrated Information Theory 

The integrated information theory (IIT) is a mathematically formulated theory that 

emphasizes a system’s capacity to integrate information from a variety of sources [245]. 

With respect to consciousness, discrete neural correlates that are individually 

uninterpretable are selectively integrated to form conscious experiences. In this model, 

discrete neural sources can work together to solve problems that are not solvable by 

individual sources alone, and it is impossible to separate the whole system into 

component parts once these parts have been integrated. This theory states that, given 

the large number of connections in the brain, the state of each source or element in the 

brain is intricately and causally dependent on the state of other elements, and any 
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disruptions to these connections will disrupt consciousness [245]. In support of this 

theory, researchers have identified three separate connector hubs that interconnect 

different brain networks to enable top-down control of information processing [246]. 

These hubs comprise the ‘control-default’ connector hub which interconnects the fronto-

parietal, contextual association, and the default mode networks; the ‘cross-control’ 

connector hub interconnecting the cingulo-opercular, fronto-parietal, and dorsal attention 

networks; and the ‘control-processing’ connector hub which interconnects sensory and 

motor processing systems as well as the cingulo-opercular network [246]. Importantly, 

the precuneus was found to be a connector region for two of the three hubs identified, 

including both the ‘control-default’ and ‘cross-control’ hub. Given that BROs activate the 

precuneus, this may serve as a potential link between the BRO response and the IIT 

theory of consciousness. However, as mentioned previously, further studies are needed 

to better elucidate the relationship between BROs and consciousness. 

5.5. Limitations 

Several limitations should be noted in the current research:  

1) As the first investigation into the BRO phenomenon using MEG, this research 

utilized a distributed source modeling approach using MNE to localize cortical 

sources of the BRO response. While this approach had the advantage of 

requiring few prior assumptions about source characteristics [95], the 

approach is also hindered by its inherent bias toward sources closer to the 

cortical surface. Future research should validate the cortical activation results 

using alternative source reconstruction approaches such as spatial filtering 

using beamformer. Other alternative approaches to compensate for the 

surface bias of MNE may be to explore amplitude standardization techniques 

such as z-scoring [247] or dynamic statistical parametric mapping (dSPM) 

[248].   

2) BROs have previously been postulated to represent environmental 

monitoring and awareness through its cortical activation of the precuneus 

region which has known involvement in these neural processes [74], [75]. 

While the current research successfully demonstrated the cortical activation 

of the precuneus by BRO responses along with concordant source-level 
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effects, this research did not directly investigate the relationship between 

BROs and awareness processes in the brain. Further studies are needed to 

better elucidate this relationship. 

3) Study III in this research successfully developed a novel noise rejection and 

signal capture technique using feature-based selection in the time-frequency 

domain for isolating BRO responses using few sensors. This was the first 

study to examine BRO measurement using few sensors, and focused on 

capturing response in the delta frequency band given its known importance in 

clinical evaluation of BRO responses for detecting consciousness [74]. 

However, as Studies I and II showed that BRO responses also contain 

information outside the delta band, the technique must be further refined in 

order to better maximize information capture. 

4) While Study III successfully developed a signal analysis algorithm for 

extracting BRO measures using few sensors, the study utilized data collected 

from a 64-channel EEG system to enable comparisons with traditional 

denoising techniques like ICA. However, a true portable platform should be 

created that utilizes portable EEG hardware, particularly systems that are 

user-friendly with rapid application (e.g. InteraXon Muse). This will present 

signal-to-noise challenges as portable EEGs like the Muse utilize dry 

electrodes which have much higher scalp-electrode impedance due to 

capacitive rather than resistive coupling. Further studies should be performed 

to investigate the potential of capturing BRO responses using these systems. 

Additionally, the current research utilized the Pz and POz electrode locations 

given their proximity to the precuneus, but further studies should be 

performed to evaluate the potential to capture these responses via other 

scalp locations which may be more accessible for application (e.g. mastoid).  

5) This doctoral thesis represents the first rigorous scientific investigation into 

the BRO phenomenon (i.e. using high-density, high-spatial resolution MEG, 

in a controlled sensory environment under different task conditions, and 

measurement in relatively large sample of participants). As such, the first step 

of the research was to advance the foundational knowledge about this 

response by establishing it as a serious scientific phenomenon, then develop 
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a technique to translate the measure into a point-of-care platform. All studies 

in this thesis were conducted in healthy adult participants rather than 

patients. However, the overarching goal of this research is to ultimately 

develop a BRO-based technology for brain function assessment in DOC 

patients, for which clinical research must be conducted to examine the 

effectiveness of BRO-based measurement to evaluate brain function.  

5.6. Future Work 

Future work in this research should validate the source localization findings using 

alternative source reconstruction techniques such as beamformer. Research should also 

be conducted to directly investigate the relationship between BROs and awareness. In 

addition, the feature-based signal extraction technique for measuring BROs using few 

sensors should be improved to enable signal capture outside the delta frequency band.  

Further studies should also investigate clinical and other applications of the BRO 

response. Foremost among these are clinical studies that examine the application of 

BRO-based measurements in bedside brain function assessments for DOC patients. In 

addition, given the importance of the precuneus region in aging-related brain changes 

[249], [250], BROs should also be explored in potentially providing physiology-based 

measurements of aging-related effects that can augment existing behaviour-based 

clinical tests like the Mini-Mental State Examination (MMSE) [251], [252] and Montreal 

Cognitive Assessment (MoCA) [253]. Other possible applications of BRO responses can 

also be explored given the precuneus plays a key role in numerous high-level cognitive 

functions such episodic memory retrieval [56], [57], visuospatial imagery [53], [55], 

mental calculation [157], and self-referential processing [75]. Potential applications of 

BRO-based brain function assessments may include evaluating cognitive load during 

task performance (e.g. pilots in a cockpit), as well as evaluating interactions with 

naturalistic and artificial environments by leveraging the neural environmental monitoring 

and awareness processes.  

A potential future embodiment of the technology may comprise a portable EEG 

hardware containing few sensors with dry electrode technology. The port of application 

would be Pz and POz channel locations for detecting maximal BRO responses; 

however, alternative sensor locations such as the mastoid or forehead locations should 
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be explored for improved skin-electrode contact and greater application efficiency. 

Similar approaches for feature-based denoising may also be employed to extract BRO 

responses using alternative sites by refining the time-frequency mask used to separate 

signal and artifact. Finally, although BROs are based on blink-induced neural signals, it 

is important to note that cameras cannot substitute for EEG as the modality of 

application as BRO measurements require neurophysiological recordings which are not 

possible with cameras.  

The feature-based denoising approach developed in this thesis may also be 

adapted to remove other artifacts such as environmental noise and muscle contractions 

in situations where the artifact exhibits consistent characteristics that are sufficiently 

distinct from the signal of interest within the time-frequency domain. Adaptations of this 

technique may be made by adjusting parameters of the time-frequency mask used to 

select the features of interest while removing artifact. Other potential applications may 

also include signal enhancement for detecting event-related responses with known 

characteristics.    
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Chapter 6. Conclusion 

 This research showed for the first time that, far from being ‘automatic’ 

processes used solely to lubricate the cornea, blinking actually represents naturally 

occurring ‘stimulus events’ that are processed by the brain. BROs are cognitively driven 

neural responses that likely represent environmental monitoring and awareness 

following blink-induced interruption of visual input, and significantly activate the 

precuneus region known to play a crucial role in supporting consciousness. BRO 

responses can also be measured using few sensors, enabling the development of a 

novel BRO-based portable technology for bedside evaluations of brain function. BRO 

responses thus represent a new window into brain function that leverages the simple 

and ubiquitous act of blinking as an avenue for assessment, and has tremendous 

potential for improving clinical diagnosis for brain-injured patients with DOC.  
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