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Abstract 

This study aims to use electroencephalography (EEG) features during cognitive and 

motor tasks to study how different regions of the brain are engaged. As a method of 

quantifying mental workload, the magnitude of alpha activity in the brain was investigated 

using two open-source datasets: a cognitive task (character-retrieval experiment) and motor 

task (grasp-and-lift experiment with unexpected changes in dynamics). Our findings 

confirmed the role of alpha activity as a marker for activity related to memory processing 

during the memory task. During motor tasks, however, activation of task-relevant areas 

was seen only in motor-related areas, but not in error processing areas. This is the first 

study to directly compare EEG alpha activity during both memory and motor tasks. 

Understanding electrophysiological biomarkers of mental resource allocation during 

movements and cognition can help identify indicators of mental workload useful for 

improving brain-machine interfaces.  
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1. Introduction 

 

The human brain is a complex system required to adapt its functional network 

architecture to dynamic changes in its environment. Questions about how these networks 

are arranged are often modeled assuming different regions become functionally coupled 

depending on the task being performed by the brain (Gerchen et al., 2014). In other words, 

this can be presented as the question of how information is transferred from one region of 

the brain to another. Information may be routed by the functional blocking of task-

irrelevant pathways, gating information by inhibiting certain regions that are not being used 

(Jensen & Mazaheri, 2010). Activity in the alpha band (8-12 Hz) of the encephalography 

(EEG) trace has been proposed as a functional electrophysiological biomarker of this 

inhibition and has been physiologically linked to the pulsed inhibition of neural matter, 

reflecting a reduction in processing activity of particular functional regions of the brain 

that is not relevant to the task being accomplished (Jensen & Mazaheri, 2010). 

 

Oscillatory activity in the alpha band was discovered in the late 1920’s by Hans Berger, 

and has since been studied heavily in the cognitive neuroscience field, primarily using 

working memory (WM) experiments (Babiloni et al., 2006; Bashivan et al., 2014, 2016; 

Demanuele et al., 2013; Sadaghiani et al., 2012; Tuladhar et al., 2007). Evidence of the 

functional role of alpha activity has been shown through localized increases and decreases 

of alpha activity in frontal and parietal locations as a function of increasing cognitive 

demands (Meltzer et al., 2007). Behavioral neuroscience utilizes the ‘Cognitive Load 
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Theory’ as a theoretical understanding of how these changes in alpha activity reflect the 

use of brain resources to meet demands of a certain cognitive demand (Hawthorne et al., 

2019; Kirschner et al., 2018; Whelan, 2007). In this framework, cognitive load refers to 

the multi-dimensional construct that represents the load imposed on WM during 

engagement of a task (Kirschner et al., 2018; Pass, 2003), and assumes that human WM 

has a limited capacity (Jaquess et al., 2017). By allocating brain resources away from task-

irrelevant areas and towards relevant areas efficiently, biophysiological correlates of 

memory capacity such as alpha activity have been used as a method of assessing functional 

brain networks (Bashivan et al., 2014; Del Percio, Babiloni, Bertollo, et al., 2009; Del 

Percio, Babiloni, Marzano, et al., 2009; Demanuele et al., 2013). 

 

In recent years, researchers in the human-machine interface (HMI) field have 

shifted their focus onto measures that directly evaluate cognitive burden to assess the 

effectiveness of different control algorithms (S. Deeny et al., 2014) or effective visuomotor 

control strategies for prosthesis use (Parr et al., 2019). Although some functional evidence 

has surfaced of alpha changes being able to evaluate cognitive demands in certain 

populations such as marksmen (S. P. Deeny et al., 2003) and specific tasks such as flight 

simulations (Gentili et al., 2014; Jaquess et al., 2018), how alpha activity reflects localized 

changes of activity in the cortex during manual tasks remains elusive. This can be a major 

limitation when utilizing alpha activity to interpret the level of recruitment of certain 

regions of the cortex during manual-related tasks, as these observations may reflect 

cognitive processes rather than activity related to motor control. 
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The purpose of this research was to utilize alpha activity to detect task-related 

changes in functional regions of the brain during a memory load task as well as during a 

manual manipulation task. There were two objectives to this research study. The first 

objective was to validate alpha activity as a biomarker of cognitive load during a memory 

task using an open-source dataset. The dataset consisted of a WM experiment where 

regional changes in EEG activity have been reported as a function of increasing characters 

to remember (Bashivan et al., 2014). For this objective, the following hypothesis was made: 

 

H1: Alpha activity across the parietal and temporal areas is expected to decrease as 

cognitive load is increased, suggesting greater engagement of mental resources 

required for the encoding of the characters needed to be remembered. 

 

The second objective of this project was to assess motor-related changes in alpha 

activity during reach, grasp and lift movements, or prehension, using an open-source 

dataset (WAY-EEG-GAL dataset: (Luciw, Jarocka, and Edin 2014 [Dataset]). The EEG 

data were collected from twelve participants performing reaching and grasping movements 

during which the object’s weight or surface friction were changed unpredictably between 

trials. Participants were cued to reach for the object, grasp it with the thumb and index 

finger, lift it and hold it for a couple of seconds before putting it back on the support surface 

and releasing it. The dataset contains 16 event times (e.g. ‘object lift-off’) and 18 measures 

that characterize the user’s behavior (e.g. ‘peak grip force’). For the analysis, the main 

contrast was made between predicted lifts and unpredicted lifts. The following hypothesis 

was made for the second objective of this study: 
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H2: During the predicted lifts, no changes in alpha activity will be present throughout 

the motion suggesting no increase in required mental resources. However, during lifts 

with unexpected changes to the weight or surface friction, mental resources in motor 

control areas are expected to be engaged to process the online correction for the 

unexpected change. This will be reflected as a reduction in alpha activity over motor 

and error-processing related areas such as the parietal and frontal lobes during 

unpredicted lifts compared to the predicted lifts. 

 

By exploring the role of alpha activity during manual tasks in a similar way to 

cognitive tasks, this work aimed to provide context to future research in motor control 

and HMIs about the conclusions and interpretations that could be made using this 

electrophysiological biomarker to assess cognitive load during motor tasks. 

Identifying overall brain dynamics reflective of cognitive load is important as it can 

provide a physiological indicator of cognitive load. Furthermore, assessing how 

unexpected changes to the hand-object interaction are represented by brain activity 

can be an important consideration to improve EEG brain-machine interfaces as error-

related EEG changes may be events of relevance when controlling a prosthetic hand.  
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2. Literature Review 

 

2.1 Introduction 

Previous work assessing cognitive load has used measures such as questionnaires, 

which are prone to biases and cannot be applied in real-time (Yamada et al., 2016) and 

performance measures that only indirectly quantify it (Raveh, Friedman, et al., 2018; 

Raveh, Portnoy, et al., 2018). Recently, some researchers have opted to use 

electroencephalography (EEG) as a direct and physiological measure of cognitive load 

during myoelectric control (Deeny et al. 2014; Parr et al. 2019). This approach is attractive 

to measure cognitive load directly as EEG systems are portable, non-invasive and can be 

used during dynamic movements. Due to their high sampling rates (500-2000 Hz), these 

systems can also provide insight regarding the electrical signatures of brain activity with a 

very high temporal resolution, making EEG an ideal method to measure changes in 

cognitive stages because these changes can happen within milliseconds (Leppink et al., 

2013). By using a cognitive electrophysiological approach to the problem of HMI design 

limitations, this work aimed to identify electrophysiological correlates of cognitive load 

and error processing. Identifying how electrophysiological correlates reflect cognitive 

processes can help us use these not only as objective markers for the quantification of 

abstract constructs such as cognitive load, but also to better understand the underlying 

causes of the load and thus mitigate it better. Furthermore, being able to identify the 

electrophysiological correlates reflective of how brain resources are used during upper limb 

tasks might be useful for the development of EEG-based human-machine controllers 
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because these could be used as physiologically based features used for control algorithms 

for HMIs.  

 

2.2 Cognitive Load Theory and measurements 

Cognitive load refers to a multi-dimensional construct that represents the load 

imposed on WM during the engagement of a task, such as manipulating objects using one’s 

hand (Kirschner et al., 2018; Pass, 2003). A fundamental building block of human 

cognition is WM. This is the amount of information temporarily held and manipulated in 

the mind. Assessing the effects of cognitive load on WM and examining its 

neurophysiological underpinnings has been previously studied by numerous researchers 

(Bashivan et al., 2014, 2016; Zarjam et al., 2011). According to Baddeley’s Model of 

Cognition, verbal and non-verbal information is stored within different sub-systems of WM 

(Baddeley, 2000). However, overlapping brain activations have been found between the 

two types of information over large areas of the brain such as the parietal cortex, thus 

suggesting that both types of information are processed by a common mechanism, referred 

to as a memory buffer (Baddeley, 2000). While specific areas and brain imagining 

methodology vary, previous work suggested that only seven (plus or minus two) items of 

information or “bits” can be adequately stored and manipulated within WM (Jaquess et al., 

2018; G. Miller, 1994; M. W. Miller et al., 2011a). In this view, cognitive load can be 

considered a variable that attempts to quantify the extent to which the task requirements 

tax the mental resources available for processing information. 
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In HMIs using classifier controllers, a commonly used functional measure to 

decode the intention of the user offline or online is classification accuracy (Farina et al., 

2014). Further functional measures may be obtained during in-lab testing where metrics 

such as time to completion of a task or number of failed movement attempts are recorded. 

For example, in upper limb prosthesis-related examinations, a comprehensive performance 

benchmark in prosthesis research is the South Hampton Assessment Procedure (SHAP), 

which comprises the completion of 26 self-timed tasks and is validated as a clinical 

measure of hand function (Vujaklija et al., 2017). Benchmark performance tests such as 

these are important to translate HMI research to clinical practice. However, these 

performance methodologies tend to overlook the experiences of the user while they are 

assessing their performance. They assume that a better performance is equivalent to a better 

user experience, yet, to date, many advances in prosthesis research have had a relatively 

limited clinical impact (Vujaklija et al. 2017). Arguably, the experience of the user is a 

highly relevant factor to consider the success of any implementation in HMI technology, 

since high levels of success using the device does not necessarily address questions about 

its intuitiveness and cognitive demands. 

 

In practice, considering the factors that affect the level of cognitive load 

experienced by users is important, especially for populations relying on HMI for daily 

living. A practical example is people living with upper limb amputations that rely on 

prosthetic hand devices to perform basic tasks such as buttoning a shirt or picking up a cup 

of coffee. Despite their increasing sophistication, these devices still pose a high cognitive 

load that results in fatigue and frustration (Childress, 1980) and therefore frequently go 
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unused (Cordella et al., 2016). It has been shown that during myoelectric prosthesis 

operation, users direct a greater amount of visual attention towards the prosthesis, whereas 

intact hand users focus more of their gaze onto the manipulated objects (Bouwsema et al., 

2010; Parr et al., 2019). This visual dependency exhibited by prosthesis users mirrors the 

behavior of novice users when compared to skilled users when interacting with a novel tool 

(Sailer et al., 2005; Wilson et al., 2010). Interestingly, it is this need to constantly pay close 

visual attention to compensate for the lack of feedback and the limited control that has been 

previously reported as a key contributor to the high cognitive burden experienced during 

prosthetic hand control (Biddiss & Chau, 2007; Cordella et al., 2016). Indeed, 

physiological evidence of higher cognitive demands was reported by a group of authors 

who recently showed an overall lower alpha activity across the cortex when using a 

prosthesis simulator compared to an intact hand – supporting the alpha gating hypothesis 

(Parr et al., 2019). However, the same authors did not report any significant changes in 

alpha activity while using a prosthesis simulator after a gaze behavior intervention that was 

able to modify their gaze pattern to a more natural one and improve their performance with 

the simulator (Parr et al., 2019). This behavioral evidence suggests a decrease in the 

cognitive load that was not being reflected by alpha activity changes, highlighting the 

complex relationship between behavioral metrics and physiological data to evaluate 

performance and cognitive load.  

 

To better understand the role of EEG in cognitive load measurements, it is important 

to consider how researchers have tried to quantify this multifactorial theoretical construct. 

Various disciplines such as the educational field have utilized several methods to estimate 
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the level of cognitive load during different activities (B. Chen et al., 2016; Debue & van 

de Leemput, 2014; Gentili et al., 2014; Wickens et al., 2013). Broadly, there are three 

primary methodological approaches that encompass current approaches to measure 

cognitive load: 

1. Subjective (self-report) measures: Users are asked to rank their experienced 

level of load on single or multiple ratings. 

2. Performance measures: Measures aspects related to the performance of the 

task. Such aspects include completion time speed, error rates, as well as 

performance on a secondary task.  

3. Physiological measures: Measures physiological responses to the experienced 

load. Such measures include galvanic skin response, heart rate variability, and 

brain responses. 

Each of these categories are discussed separately below. 

 

2.2.1 Subjective-based measures 

Subjective cognitive load measures have been extensively used in cognitive load 

research (F. Chen et al., 2016) due to their ease of implementation. These tools ask the 

users to describe their perception of cognitive load in retrospect, usually by rating their 

experience on a number scale or a visual analog scale. Their sensitivity to distinguish 

between tasks of different difficulties has been extensively researched (for a review, see 

Leppink et al. 2013). An example of such a tool is the NASA Task Load Index (NASA-

TLX) (Lowndes et al., 2018). Recently, this tool has been used to assess mental workload 
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in surgeons across different specialties (Lowndes et al., 2018). Subjective scales have an 

inherent limitation in that they rely on the participant to be able to introspect into their 

cognitive load after performing the tasks, therefore being subjective to a performance bias. 

Users rate less successful trials as more cognitively demanding, making questionnaires not 

suitable for activities with variable success rates (e.g. during a training protocol where the 

average success rate increases with training). Furthermore, questionnaires are also 

inherently dependent on the interpretation of questions asked and therefore subject to 

interpretation bias. To address the limitations of subjective-based methods, collecting 

metrics about task performance and various physiological signals simultaneously can 

provide a clearer picture of the overall user experience.   

 

2.2.2 Performance-based measures 

The second method to assess cognitive load is using a performance-based approach. 

Based on the assumption of a limited amount of cognitive WM, this approach assumes that 

a drop in performance is caused by the overload of WM that is not able to be met by our 

limited cognitive capacities(Pass, 2003). One of the most common methods of this type of 

assessment is the dual-task paradigm, in which a secondary task (Task B) is performed in 

parallel to the main task (Task A) and the level of performance of both tasks gives an 

indication of the cognitive load experienced (Cierniak et al., 2009; Fisk & Derrick, 1983; 

Raveh, Friedman, et al., 2018; Ryu & Myung, 2005; Yamada et al., 2016). Examples of 

these paradigms can be combinations of reaction time tasks (Task A) while performing a 

mental arithmetic task (Task B) (Ryu & Myung, 2005) or a computer game (Task A) paired 
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with a secondary counting task (Task B) (M. W. Miller et al., 2011b). Under these types of 

paradigm, Task A would be the independent variable manipulated, whereas Task B would 

be a secondary task and stay the same. Performance differences in both tasks would give 

an indication of which task is more difficult. This reduces the uncertainty of interpretation 

or recall of subjective-based metrics as it uses performance itself to get a sense of the user 

experience. 

 

Although this addresses the limitations of subjective-based measures, assessing user 

performance as a metric of user experience only reflects cognitive load indirectly. 

Performance is an outcome of the action and provides no direct insight into cognitive 

processes that could explain increases or decreases in performance. This approach treats 

cognitive load as a “black-box” phenomenon, and limits the types of conclusions that can 

be drawn from these experimental designs about how the user is experiencing cognitive 

load. Furthermore, performance-based paradigms such as the dual-task approach can 

modify the inherent difficulty of a task, therefore not reflecting the activity as it might 

present itself in real-world situations. For both of these reasons, having a physiologically 

relevant metric that does not modify the task and can provide information about the user 

experience can be beneficial for the assessment of cognitive demands.  

 

2.2.3 Physiological-based measures 

Measures of cognitive workload can also be attained by direct measure of 

physiological variables related to the mental processing of the brain. The advantage of 
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these measures is that they tap into the readily available data being continuously produced 

by the human body and therefore minimally interfere with the performance of the task. The 

physiological approach for cognitive load measurement assumes that changes in human 

cognitive functioning are reflected in human physiology (B. Chen et al., 2016; Kirschner 

et al., 2018). By tapping into the physiological responses of people, cognitive load can be 

measured at very high rates and with a high degree of sensitivity. In the past, different 

cognitive load states have been shown to influence physiological variables such as brain 

activity (Bashivan et al., 2016; Das et al., 2013; S. Deeny et al., 2014; Demanuele et al., 

2013; Parr et al., 2019; Zarjam et al., 2011; Zink et al., 2016), heart rate and heart rate 

variability (Mulder, 1992; Nickel & Nachreiner, 2000), eye activity (pupil dilation and 

blink rate) (Backs & Walrath, 1992; Evans & Fendley, 2017), and even Galvanic skin 

response (Shi et al., 2007). 

 

2.3 EEG and brain activity 

Brain activity has been shown to vary with different cognitive and mental states related 

to cognitive load using functional magnetic resonance imagery (fMRI), near infra-red 

spectroscopy (NIRS), and EEG measures (F. Chen et al., 2016). All these methods are 

advantageous over other physiological measures since they directly measure neural 

activity. However, EEG has two main advantages in practice. First, EEG is more versatile, 

allowing experimenters to measure brain dynamics in various settings. EEG caps can be 

applied relatively easily and do not require the participant to be immobile as is the case 

with fMRI scans. fMRI scanners require the participant to lay still on the scanner bed and 
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any equipment used in the testing environment must be non-magnetic or MRI-compatible 

due to the large electromagnets used. Secondly, EEG has a great advantage when it comes 

to temporal accuracy and resolution. EEG is temporally more accurate than NIRS as EEG 

records electrical activity associated with neuronal activity, whereas NIRS is based on the 

hemodynamic response of the neuronal tissue (Archibald et al., 2018). Hemodynamics are 

known to be 2 to 3 orders of magnitude slower than the electrophysiological response 

(Cohen, 2014). Furthermore, the high temporal resolution, as indicated by high sampling 

rates (~1000 Hz), allows for the detection of fast brain responses, making EEG especially 

powerful when it comes to detecting cognitive events that may span hundredths of a 

second. For these reasons, EEG is an attractive option for researchers to obtain 

electrophysiological data that could provide temporally accurate information about fast 

cognitive and neuronal processes of the brain. Although it is attractive to simplify the 

relationship between electrophysiological activity and cognitive states, the relationship 

between the two can be quite complex (Cohen, 2014), therefore having an understanding 

of what induces the electrophysiological responses measured in EEG is warranted when 

interpreting EEG results.  

 

2.3.1 Interpretations from EEG oscillations 

The term “electrophysiological” refers to a measurement of a voltage difference 

between two points on the body as a result of a physiological event. The raw measurement 

of EEG is in volts (V) (typically reported in mV), and these are relative values, as they are 

the differential electrical potential between a recording electrode and a reference electrode. 
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Due to differences in experimental and physiological factors such as skull shape and 

thickness, recording preparation, cortical folding and even whether the participant washed 

their hair in the morning, raw voltage values are usually not useful when interpreting EEG 

results. Paired with the various analyses one can perform on the data, raw voltage values 

alone are rarely reported (Cohen, 2014). However, even raw, unfiltered EEG data does 

contain rhythmic activity as a time-varying signal – demonstrating fluctuations in the 

activity of neurons. Properties of these oscillations such as frequency, power and phase are 

used in the literature to describe these oscillations, commonly referred to as “brain waves”.  

 

 To interpret these EEG brain waves, it is important to consider the source of the 

signal. The biophysical events responsible for these brain oscillations is the summation of 

excitatory and inhibitory postsynaptic potentials at the ends, or dendrites, of neurons with 

parallel geometric orientations (Cohen, 2014). The shifting between the excitatory and 

inhibitory states of neurons is what produces the oscillations being recorded in the EEG 

signal. No single neuron can produce an oscillation large enough to be measured with scalp 

EEG, but as the firing of populations of neurons becomes synchronous across hundreds to 

tens of thousands of neurons, the electrical fields generated by them become sufficiently 

powerful to be measured externally. As far as which populations of neurons can be 

recorded from the scalp, it is estimated that the EEG signal is dominated mainly by 

superficial cortical layers (Murakami & Okada, 2006; Wang et al., 2005). Subcortical 

processes are hard to measure, as most of these neuronal circuits do not have parallel 

geometric orientation, and the strength of the signal from deep brain regions exponentially 

decays as a function distance to the recording electrode (Cohen, 2014). Overall, the EEG 
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signal contains both inhibitory and excitatory activity coming mainly from cortical 

populations of neurons.  

 

2.3.2 Alpha activity 

Although the biophysical mechanism of brain oscillations is well understood, their 

relationship to cognition and cognitive processes is more complex and less understood. 

Limited evidence can be found to state with certainty whether and how electrical fields are 

causally involved in cognitive processes (Jutras & Buffalo, 2010; Kravitz & Kreitzer, 

2011). Theories suggest that interregional oscillation changes are a mechanism that 

underlies the transmission of information across neural networks (Akam & Kullmann, 

2012; Singer, 1993). However, one of the most heavily supported theories is the gating-by-

inhibition hypothesis presented by Jensen and Mazaheri (2010). This theory suggests that 

optimal task performance and cognitive load correlates with alpha activity in task-relevant 

and irrelevant areas. Referred to as the gating-by-inhibition hypothesis, this idea is 

supported by evidence of the functional role of alpha activity during cognitive tasks. 

Specifically, evidence for this role stems from attention and WM experiments, in which 

participants are required to remember items for a short period (Bashivan et al., 2014; 

Heinzel et al., 2014; Larrain-Valenzuela et al., 2017; Tuladhar et al., 2007). These studies 

have demonstrated increases in alpha power memory load during the retention of 

information period (Sadaghiani et al., 2012; Tuladhar et al., 2007). Studies of spatial 

attention have demonstrated decreases in the contralateral (i.e. the right) but increases in 

the ipsilateral (i.e. the left) hemisphere when attention is directed to one hemisphere of the 
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visual field (i.e. the left) (Händel et al., 2011; S. P. Kelly et al., 2009; Rihs et al., 2007; 

Thut et al., 2006; Worden et al., 2000). A similar pattern of activation has been reported 

during WM tasks in which subjects were presented visual stimuli to be recalled in either 

the left or the right visual field (Stéphan Grimault et al., 2009; Sauseng et al., 2009; Van 

Der Werf et al., 2008). Taken together, this is evidence that alpha activity is able to reflect 

localized physiological changes in regard to cognitive tasks such as varying memory loads 

and attention. 

 

 Other evidence has shown that functional inhibition correlates with performance 

on cognitive tasks. Haegens et al. (2010) completed a somatosensory study of WM 

performance. Participants were stimulated on their right hand while asked to remember a 

list of work. They observed increased alpha power over task-irrelevant regions (Haegens 

et al., 2010). The increase was correlated with performance – where more errors were made 

when the right hemisphere alpha activity was low (Haegens et al., 2010). Another long-

term memory experiment in which participants were asked to learn 11 sets of lists three 

words long found an increase in alpha activity over occipital regions when the lists were 

remembered compared to when they were forgotten (Meeuwissen et al., 2011). Given that 

vision was not required for this task, it was suggested by the authors that successful long-

term memory encoding was improved by active inhibition of occipital regions 

(Meeuwissen et al., 2011). In line with the gating-by-inhibition hypothesis, these studies 

show how the performance of cognitive tasks is related to active inhibition of task-

irrelevant regions to allocate resources to task-relevant regions.  
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Cognitive load is a term that heavily stems from education research, and most of 

the theoretical and experimental work assessing it is rooted in cognitive neurosciences. The 

concept and ideas of Cognitive Load itself, however, have also been applied in research 

focused on motor tasks. For example, Gallicchio et al. 2016, demonstrated lower central 

alpha power and higher temporal alpha power preceded improvements in performance in 

a biathlon shooting task on highly trained athletes compared to a baseline group. Higher 

alpha power over the left-temporal region has also been associated with improvements in 

motor learning and performance, as conscious verbal analytical processes diminish as a 

function of automaticity and experience (Biddiss & Chau, 2007; Del Percio, Babiloni, 

Bertollo, et al., 2009; Parr et al., 2019). Although limited, this body of work shows the 

potential of alpha activity in assessing cognitive demands during motor tasks. Specifically, 

it has shown the potential of acquiring spatially specific changes in alpha activity related 

to performance to apply the gating-by-inhibition hypothesis for motor tasks. 

 

Recently, alpha activity has been implemented in HMI research to assess cognitive 

load. In a myoelectric prosthesis experiment, healthy participants exhibited a global 

decrease in EEG alpha power when using a prosthetic hand simulator to perform object 

manipulations when compared to their intact limb, suggesting increased cognitive effort 

(Parr et al. 2019). Despite these results being in line with the gating-by-inhibition 

hypothesis, this global reduction provides no information about which functional regions 

of interest are being recruited more heavily during prosthesis use. Thus, this limits the 

conclusions we can make about the area of the brain that is being recruited the most. 

Furthermore, the same authors were not able to detect regionally significant changes in 
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alpha activity on the scalp after a gaze training intervention that had beneficial effects on 

the performance of the task (i.e. reduced time to completion) as well as in gaze behavior 

(i.e. reduced number of gaze shift between prosthesis and object) (Parr et al., 2019). Despite 

being a promising avenue for assessing the level of cortical recruitment to investigate 

sources of cognitive load, these results highlight the limiting conclusions that can be drawn 

currently from alpha activity during HMI testing.  

 

2.4 Neurophysiological patterns of working memory and cognitive load 

Given the origins of cognitive load in neuroscience and the possible interpretations 

of EEG signals, it is also important to consider how alpha activity relates to other types of 

brain imaging to validate assumptions of its relationship with brain activity. The 

neurophysiological correlate of WM has been previously studied through various imaging 

techniques such as fMRI, and magnetoencephalography. An fMRI study in older 

populations has demonstrated evidence of cortical over-recruitment in the bilateral 

dorsolateral prefrontal cortex (DLPFC), inferior parietal cortex, and the insula (Suzuki et 

al., 2018). Similarly, another fMRI study revealed WM training can actually reduce the 

activation of the prefrontal and parietal cortical areas during WM tasks in an older 

population, highlighting these regions’ involvement in the WM neurophysiological 

circuitry (Heinzel et al., 2014). Cohen et al. (1997) also demonstrated differences in 

activation over the DLPFC in response to different memory loads in a WM task. It is worth 

noting that these fMRI studies work in a limited voxel analysis system which limits their 

analysis to a specified 3-dimensional estimation square of neural matter within the brain. 
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Although activity in the voxel of interest may be related to the specific task, there is no 

analysis of other areas that may also have a relative change in activation regarding the task 

(Mitra & Pesaran, 1999). These results have been further supported by evidence from EEG 

studies. Event-related synchronization and desynchronization were introduced to capture 

non-phased-locked induced responses by observing power changes in the EEG during 

perceptual and cognitive processes (Pfurtscheller, 1992). Okuhata et al. (2013) reported 

negative changes in alpha power in the parietal cortex with WM tasks of higher difficulty. 

Meltzer et al. (2008) showed that changes in the alpha power during WM tasks were strictly 

localized to frontal and parietal locations. Furthermore, direct comparisons between 

multimodal brain imaging techniques have also shown that fMRI signals are negatively 

correlated with alpha band modulation (Meltzer et al., 2007). Therefore, these studies show 

evidence that fMRI responses associated with cognitive WM activity are related to the 

oscillatory modulation of alpha power recorded through EEG.  

 

2.5 Neurophysiological patterns during prehension and error detection 

Prehension consists of two components – the movement of the hand towards an 

object and grasping, the pre-shaping of the hand with respect to the object’s properties. 

This is the basis of how humans interact with objects. Due to its ubiquity in daily tasks, it 

is a common part of many clinical assessments, providing useful insight to translate lab-

based improvements in HMI technology to the adequate implementation of such devices 

at home. Assessing cortical brain activation during prehension tasks can also provide useful 
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information about how the brain is being used normally as a baseline for different 

implementations of HMI technology, specifically for upper limb prostheses.  

 

 Due to the limited dexterity of HMIs used in upper limb prosthetics compared to a 

dexterous hand, interactions between the device and object are prone to result in errors that 

must be corrected. The central nervous system can detect sensory discrepancies between 

predicted and actual sensory consequences of action through developed internal models 

(Wolpert et al., 1995). A discrepancy will trigger corrective responses which can update 

the sensorimotor system to correct for them. An fMRI study showed that activation of the 

right inferior parietal cortex appeared during lifting motions in which the object 

unpredictably changed weight (Jenmalm et al., 2006). This increased activity would 

suggest that this region is involved in comparing predicted and actual sensory inputs and 

the online update of sensorimotor internal models. Furthermore, when the weight of the 

object was suddenly increased, an increase in activity in the contralateral primary motor 

and somatosensory cortex was also found, further implying the role of these cortical 

regions in error correction (Jenmalm et al., 2006). The same fMRI study described 

ipsilateral cerebellar activation was also found when the weight unexpectedly decreased 

and is related to the fast termination of an increase in forces at the fingertip that occur when 

an early than expected lift-off occurs (Jenmalm et al., 2006). Overall, this study suggests 

that the parietal, primary motor and somatosensory cortex and the cerebellum are areas 

responsible for the processing of online corrections to unexpected changes in hand 

dynamics, and the physiological correspondents to the internal models of hand control. 
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EEG studies assessing temporal and functional dependencies between neural 

circuitry during goal-directed actions have also demonstrated to an extent changes in 

sensorimotor areas. Similar to the fMRI study previously mentioned (Jenmalm et al., 

2006), parieto-frontal network activity reflected by modulation of alpha oscillatory power 

has been demonstrated in an EEG study (Iturrate et al., 2018). It has also been shown that 

when the complexity of the sensorimotor action is increased, an enhanced suppression of 

oscillatory power in the alpha band over dorsomedial parieto-frontal areas (i.e. 

sensorimotor areas) happens even before the onset and during movement execution, 

suggesting grasping parameters are specified in dorsomedial parieto-frontal circuits 

(Verhagen et al., 2013).  

 

2.6 Summary 

Directly assessing sources of cognitive load and how they relate to performance can be 

beneficial to the field of HMIs, as this may provide a method of developing evidence-based 

training programs and technology that address the major limitation experienced by the user. 

EEG is a powerful neuroimaging technique that has been previously used to assess how 

areas of the brain being are being recruited during cognitive tasks. From this research, 

activity of the EEG signal in the alpha frequency has been proposed as an 

electrophysiological mechanism reflective of how information is gated between regions of 

the brain. Given that most of the evidence supporting the role of alpha activity as a marker 

of information processing has been performed on cognitive processes such as memory and 

attention, more evidence is required to establish its role in demonstrating shifting of 
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information processing between regions of the brain during manual motor tasks. By further 

understanding the role of alpha during manual tasks, this work aims to explore the 

capacities and limitations of applying cognitive electrophysiology principles such as the 

gating-by-inhibition hypothesis to motor electrophysiology. As prosthesis users are likely 

to display both cognitive and motor-related changes in alpha activity, understanding the 

interpretations that can be made from this specific brain oscillation in both these areas is 

important before applying these techniques to this field of HMI research. 
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3.  Methods 

 

The following section provides a detailed overview of how the objectives of this 

research were met. Each objective has a description of a corresponding dataset as well as 

a description of the computational methods used. A description of how the datasets were 

collected, the technical specifications of the equipment used, and the experimental protocol 

is included.  

 

3.1 Experiment One  

The first objective was to utilize alpha activity as an electrophysiological marker 

reflective of regional changes of activation in the brain in a readily available dataset of a 

WM experiment [ related publication: Bashivan, Bidelman, and Yeasin 2014), github 

repository: pbashivan./EEGLearn, html: https://github.com/pbashivan/EEGLearn]. This 

previous work to assess cognitive load focused on the performance of machine learning 

algorithms without evaluating the cognitive or physiological relevance of the data being 

collected. The present work aimed to perform an analysis across multiple functional 

regions of interest and without assumptions of specific areas being related to the task, as 

perhaps the overall detected changes in alpha activation previously reported in specific 

areas may not be spatially specific to the functional area previously reported. Functional 

analysis was used to determine if alpha activity played a role in demonstrating how 

functional regions of the brain are activated within the context of the gating-by-inhibition 

hypothesis. 
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3.1.1 Participants 

The EEG dataset used (Bashivan et al., 2014) was acquired during a WM experiment. 

EEG was recorded as fifteen participants (eight female and seven male, mean age = 28 ± 3 

years) performed a standard WM experiment. Data from two of the subjects were excluded 

from further analysis due to frequent myogenic artifacts in all of their EEG data. All 

subjects had normal or corrected-to-normal vision and reported no history of visual or 

neuropsychiatric disorders, nor were currently on medications. The experiment was 

undertaken with the informed consent of each participant in compliance with the 

Declaration of Helsinki and the protocol approved by the University of Memphis 

Institutional Review board.  

3.1.2 Experimental set-up 

The experimental protocol consisted of a modified Sternberg test of WM. During the 

experiment, an array of English characters (SET array) was displayed for 0.5 seconds and 

participants were instructed to memorize the characters. A TEST character was then shown 

three seconds later, and the participant indicated whether the TEST character was among 

the first array (i.e. SET characters) or not by the press of a button. The number of characters 

in the SET for each trial was randomly chosen to be 2, 4, 6, or 8. The number of characters 

in the SET determines the amount of cognitive load induced on the participant, as 

increasing the number of characters requires more mental resources to retain the 

information. Figure 1 shows the time course of the experimental protocol.  
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Figure 1. Time course of the modified Sternberg visual working memory paradigm (adapted from 

Bashivan et al., 2014) 

3.1.3 Data Processing 

The open-source EEG dataset for this experiment was a pre-processed and time-

frequency decomposed EEG signal consisting of data-points in an electrodes X frequencies 

X time-windows X conditions X number of trials format, consisting of 64 channels, three 

frequencies (alpha, delta, beta), seven time-windows, four different cognitive load 

conditions, and the number of successful trials per condition. The processing steps 

performed by the authors of the dataset is described as follows. Continuous EEG was 

recorded from 64 electrodes placed over the scalp at standard 10-10 locations with a 

sampling frequency of 500 Hz (Neuroscan, Quik-cap). During acquisition, neural 

responses were referenced to an electrode placed ~1 cm posterior to Cz and re-referenced 

off-line to a common average reference for subsequent analyses. EEG were down-sampled 

to 250 Hz, and baseline-corrected by removing the average of each channel. Ocular 

artifacts (saccades and blink) were corrected in the EEG using principal component 
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analysis (PCA) (Delorme & Makeig, 2004). Responses were then band-passed filtered 

from 1 to 45 Hz using a zero-phase (two-pass) FIR filter of order 500. Recorded brain 

activity during the period in which individuals retained the information in their memory 

(3.5 seconds) was used for the decomposition of the EEG signal. EEG was sectioned into 

7 non-overlapping segments of 500ms during this time window. Time frequency-

decomposition was performed on these sections individually.  

 

Changes in alpha activity were computed to study time-frequency changes in the 

EEG across cognitive loads. Changes were computed by calculating the mean change in 

spectral power (in DB) from baseline for different frequency and latencies using a complex 

Morlet wavelet transform (Tallon-Baudry et al., 1997; Herrmann et al., 1999). The number 

of cycles was selected according to the frequency and was increased from 0.5 to 13.8 for a 

frequency range of 1-30 Hz. The baseline power spectrum was calculated for a two-second 

reference period before stimulus presentation where participants were staring at the center 

of a screen at a fixation crosshair. The two-second baseline period for all trials was 

extracted and the same wavelet transform as the one used for the whole trial was utilized. 

Power values were averaged over trials and time samples to derive the baseline power 

spectral density. Changes in activity were quantified as the mean power change within each 

frequency band of interest. Changes in the alpha (8–13 Hz) frequency band in dB for each 

subject were calculated for the analysis. 
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3.2 Experiment Two 

The second objective was to use changes in alpha activity on functional areas of the 

brain to detect behavior-related changes in brain areas related to motor control during a 

reach and grasp task. Although even basic motor tasks engage large parts of the human 

cortex (Gobel et al., 2011; Özdenizci. et al., 2017), it is still unclear how much information 

can be decoded from the EEG signal (Luciw et al., 2014). Specifically, this experiment 

aimed to assess whether changes in the alpha frequency band can reflect the inhibition of 

brain regions related to motor control, as per the gaiting-by-inhibition hypothesis (Jensen 

& Mazaheri, 2010; Luciw et al., 2014). Through this, the aim was to identify if any patterns 

of alpha activity could be useful for monitoring the control of task-related motor behavior, 

such as error correction to unexpected changes in the grasping environment. Therefore, an 

open-source dataset [Related publication: Luciw et al., (2014), figshare link: 

https://springernature.figshare.com/collections/WAY_EEG_GAL_Multi_channel_EEG_ 

Recordings_During_3_936_Grasp_and_Lift_Trials_with_Varying_Weight_and_Friction/

988376] was used for the critical evaluation of the utility of EEG signals during object 

manipulation tasks. This dataset was collected using a prototypical paradigm to study the 

precision grasp-and-lift (GAL) of an object (Luciw et al., 2014). The 32-electrode EEG 

system (ActiCap, Brain Products, Gilching, Germany) recorded in a standard 10-10 

placement. Data were collected from twelve participants and includes 3,936 GAL trials. 

Briefly, the participant’s task in each trial was to reach for a small object, using the index 

finger and thumb, lift it a few centimeters up in the air, hold it still for a couple of seconds, 

and then replace and release the object. 
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3.2.1 Participants 

Twelve participants (8 females and 4 males, age 19-35) from Umeå University in 

Umeå, Sweden were recruited. Consent was collected in accordance with the Declaration 

of Helsinki and the experimental procedure were approved by the Ethical Committee at 

Umeå University.  

 

3.2.2 Data processing 

Four types of carefully placed sensors recorded kinematics, force, muscle 

activations, and brain activity. Four 3D position sensors (FASTRAK, Polhemus Inc, USA) 

recorded position (XYZ Cartesian coordinates) and orientation (azimuth, elevation, and 

roll) of the object being manipulated. On the side of the object, the two surfaces’ contact 

places were coupled to force transducers that recorded forces and torques applied to the 

object. Five electromyography (EMG) sensors were placed on pertinent right arm muscles, 

namely the anterior deltoid, brachioradial, flexor digitorum, common extensor digitorum, 

and the first dorsal interosseus muscle. These sensors were used to obtain the timing of 

events during the GAL trials. Figure 2 shows the experimental set-up used for data 

collection.  
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Participants were seated close to a table where they rested their right arm and were 

verbally walked through the movement protocol= (for details see: Luciw, Jarocka, and Edin 

2014 [Dataset]). Briefly, the participants were asked to start the movement when a LED on 

the object flashed red. The initial position of the participants’ arm was resting flat on the 

table in front of the object. The participants were asked to begin their movement by first 

reaching from the initial position towards the object and grasp the object with the thumb 

and index finger. Then, they were instructed to lift the object about 5 cm from the table. 

The object had to be held at this position until the red light turned off (~2s). The object was 

to be placed back on the table and the participant returned the hand to the initial position. 

Figure 2. Experimental set-up for the Reach and Grasp Experiment (from Luciw, Jerocka & Edin, 

2014) 
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Each participant performed four different type of experimental series. The practice 

series involved the repeated lifting with the object at 330g to familiarize the participant 

with the task. The weight series involved 34 lifts with 12 unpredictable weight changes 

(between 165, 330, and 660 gs). There were six different weight series schedules, so that 

the same weight was repeated 1-4 times and then changed. The friction or surface series 

involved 34 lifts with variable surface friction (sandpaper, suede, or silk) and, similar to 

the weight series, the same texture was presented 1 to 4 times and then changed 

unexpectedly. Six different series schedules were constructed using the same logic as for 

the weight series. All sequences and changes were balanced across the constructed series. 

During the weight series, the contact surface was sandpaper and during all surface series, 

the object weight was kept at 330g. For each participant, 6 weight series, 2 friction series 

and were available in the dataset and used for analysis.  

 

3.2.3 Data acquisition 

EEG was recorded at a 5 kHz sampling rate and band-pass filtered from 0.001-

1,000 Hz (BrainAmp EEG signal amplifier). The data were digitalized to a sample rate of 

500 Hz. All other signals were sampled using SC/ZOOM (developed at the Department of 

Integrative Medical Biology, Umeå University). EMG was sampled at 4 kHz and all others 

at 500 Hz. Data across systems was synchronized through a continuous random signal 

jumping between 0 and 1 at 4 at both systems (error of <2ms).  
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3.2.4 Object being manipulated 

The object to be grasped and lifted was only partially visible to participants (Figure 

3). The object’s weight and contact surface could be changed between trials without 

changing the visual appearance. The weight change was automated by activating 

electromagnets so that the weight could switch between 165 g, 330 g and 660 g. Changing 

the surface was done by the researcher by switching the current plate and replacing it with 

the new plate before the beginning of the next trial. The plates were made of either 

sandpaper (highest surface friction), suede, or silk (lowest surface friction), allowing for 

the experimental manipulation of the surface friction of the object.  

Figure 3. Diagram of Object Used for Experiment Two (from Luciw, Jerocka & Edin, 2014) 

 



 

32 

 

The plates were the same shade of black, making them practically indistinguishable 

by the participant. The researcher replaced the surface every trial, even when the same 

surface type was being used for the next trial to keep the trials consistent and the stand with 

the surface plates was kept out of the participant’s view. 

 

3.2.5 Event extraction 

An example of the supplementary motion data collected through the trial is shown 

in Figure 4. These channels were used to extract the timing of the events of the grasping 

motion to time-lock the EEG signals to a specific event. These events include the LED 

turning on and off, the index finger and thumb contacting the object the onset of the load 

phase, lift-off, object placement on its support object release, and the hand returning to the 

surface. The methods of computing these components were derived through kinematic, 

Figure 4. Event structure of the lift. Note that movement-related events (e.g. digit contact) were included 

in the data as time stamps, but no raw data from force transducers nor motion capture systems were 

included in the public dataset (from Luciw, Jerocka & Edin, 2014). 
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force and torque variables recorded and can be found here: (Luciw, Jarocka, and Edin 2014 

[Dataset]). No further processing was applied to the EEG data by the authors. 

 

3.3 Data processing  

This section outlines the data processing pipeline developed and implemented for the 

analysis of regional alpha activity for the current study. The processing was modeled to 

extract alpha activity similar to the memory load experiment in Bashivan et al 2014 

(Experiment One). Processing of the raw data was performed using custom MATLAB 

scripts (MathWorks Inc.). Details on the Processing and Decomposition of Dataset One 

can be found on section 3.1.3. This section focuses on the analysis of the Raw EEG data 

from Dataset Two. 

 

3.3.1.Preprocessing  

Signals were band-passed filtered from 1 to 45 Hz using a zero-phase (two-pass) 

FIR filter of order 500. This filtering range was used to remove any low-frequency noise 

(i.e. 0.1 Hz noise, or DC offset) from the signal and to remove high-frequency noise 

irrespective to alpha activity. Independent Component Analysis and visual inspection of 

the signals was performed to remove components accounting for blinks, eye movements 

and other non-neural activity (Delorme & Makeig, 2004). Individual trial data were 

subjected to surface Laplacian estimation, as described by Perrin et al. 1986, to act as a 

spatial filter of EEG potential distributions to reduce head volume condition effects and 

highlight high-spatial frequency activity (Del Percio, Babiloni, Bertollo, et al., 2009). 
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Surface Laplacian transformation of the data is commonly used to increase topographical 

localization in electrophysiology research (Del Percio, Babiloni, Marzano, et al., 2009; 

Delorme & Makeig, 2004; Parr et al., 2019). 

 

3.3.2 Regions of interest 

After the time-frequency decomposition, alpha activity was averaged across several 

regions of interest (RoI) in the scalp (Figure 5), namely the left temporal, left central, 

frontal, right central, right temporal, parietal, and occipital. Figure 5 depicts the electrodes 

used for each of these regions of interest in Experiment One and Two, respectively.  

Figure 5. Topographical distribution of regions of interest (RoI) of the brain. Electrodes are color-coded to 

their respective RoI. Note that the highlighted blue electrodes correspond to the 32-channel electrode system for 

Experiment Two while the highlighted blue and white electrodes correspond to the 64-chanel system for 

Experiment One. 
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3.4 Statistical analysis and hypothesis testing  

3.4.1 Experiment One 

The overall purpose of this analysis was to track differences in alpha activity of 

EEG signals as a proxy for active inhibition of regions of the cortex related to tasks of 

different memory loads. Violations of the assumptions of normality and homogeneity of 

variance were found in Dataset One. Therefore, a non-parametric One-Way Friedman’s 

One-Way Analysis of Variance (ANOVA) was performed to determine the main effect of 

memory load across all seven regions of interest. Non-parametric post hoc comparisons 

were performed with Bonferroni corrections and the critical differences for all post hoc 

analyses were 45.94 (α = 0.05 corrected for the number of tests) with the aim of 

determining significant differences across different levels of memory load at each region 

of interest. To determine whether alpha activity in memory processing areas was different 

than task-irrelevant areas, a secondary analysis was done using a Kruskal-Wallis test with 

a single factor of RoI was performed at each level of memory load. Respective pairwise 

post hoc analysis was performed (Critical differences in all post hoc tests were 82.88). 

Finally, a Pearson correlation analysis between regions as a function of distance between 

regions was performed was to evaluate the level of crosstalk between each of the regions 

of interest.  

 

3.4.2 Experiment Two 

The analysis was divided into two specific groups of regions related to two different 

mental processes. The first was an investigation of alpha activity over the frontal and 
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parietal regions during trials of expected and unexpected conditions. The focus was on 

these regions was due to their previously established role in error processing during hand 

movements (Schmitz et al., 2005; Jenmlam et al.,2006). The trials were binned into 

expected and unexpected trials irrespective of the type of the property being manipulated 

(i.e. friction vs weight) or whether the change was an increase or decrease in the property 

being manipulated (i.e. increase in surface friction or decrease in weight). 

 

The first analysis averaged all alpha activity within one second after the initial touch 

with the object. It was expected that frontal and parietal regions would show lower alpha 

power reflecting activation of these areas during unexpected trials regardless of the type of 

property being manipulated during the experimental procedure. Activity in frontal and 

parietal areas was analyzed by running parametric pairwise comparisons between the 

activity recorded from 0 ms to 1000 ms after the initial touch with the object in trials with 

expected weight vs trials using unexpected object properties (α = 0.05). An exploratory 

analysis on alpha activity over the frontal and parietal was also performed by binning alpha 

activity in 10 non-overlapping windows of 100ms over the first second of the data. 

Parametric pairwise comparisons were performed on these windows by comparing trials 

using objects with expected and unexpected properties across both weight and friction 

series (α = 0.05, Bonferroni corrected for multiple comparisons). 

 

The second analysis was focused on the central regions of the brain. The C4 and 

C5 electrodes over central regions are located above the primary sensorimotor areas of the 

brain that have a high degree of connectivity to the somatosensory pathways and their 
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control over the upper limb muscle activity (Picard and Smith, 1992; Maier et al., 1993; 

Dettmers et al., 1995; Lemon et al., 1998; Monzee and Smith, 2004). Previous work has 

shown a compensatory increase in the motor drive from the central areas has been 

associated with an increase grip force in trials programmed to use a lower grip force than 

necessary (LoGP), such as trials performed with a heavier than expected object (Johansson 

and Westling, 1988; Gordon et al., 1991, 1993, Jenmlam et al., 2006). Conversely, in trials 

where the movement was programmed to use higher grip force than necessary (HiGF), a 

reduction in neuronal activity from the central areas has been shown to be associated with 

a reduction of fingertip force after the initial lift of the object (Jenmlam et al., 2006). Thus, 

it was hypothesized that alpha activity over the central areas would be higher on trials 

programmed to use HiGP (i.e. trials with lighter weight or higher surface friction than 

expected), reflecting active inhibition to reduce grip force, compared to in trials 

programmed to use LoGP (i.e. trials with higher weight or lower surface friction than 

expected), reflecting less inhibition of these areas to increase grip force. To test this effect, 

simple parametric pairwise comparisons were performed over the central areas between 

LoGP and Hi GP trials. An initial analysis was performed averaging the activity over the 

first second after the initial contact with the object (α = 0.05). Due to the exploratory nature 

of this work, a follow-up analysis was also performed analysis breaking down the friction 

and weight series data and analyzing them individually. Finally, data over this first second 

was divided into 10 windows of 100ms of data to explore the temporal fluctuations in alpha 

activity (α = 0.05, Bonferroni corrected for multiple comparisons). 
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4. Results 

4.1 Experiment One 

4.1.1 Effect of memory load on each region of interest 

The purpose of this experiment was to track differences in alpha activity of EEG 

signals as a proxy for active inhibition of regions of the cortex related to tasks of different 

memory loads. This was performed on a readily available dataset of a WM experiment 

where regional changes in EEG activity have been previously reported as a function of 

increased cognitive load. The effectiveness of the memory load manipulation (i.e. number 

of characters to remember) on performance was analyzed by looking at the correlation 

between the number of displayed characters with proportion of successful trials at each 

level of memory load. A significant negative correlation was found between the number of 

characters and the number of successful trials (R2 = -0.801, p<0.001), indicating that 

participants were less successful at the memory task as the number of letters increased.  

 

Data from all seven windows spanning 100 ms after the display of the characters 

were pooled together to obtain average values of alpha activity at each memory load level 

(Bashivan et al., 2014). The effect of the level of memory load within a brain region was 

examined using a One-Way Friedman’s Analysis of Variance (ANOVA). There was a 

significant main effect of memory load on all seven regions of interest (Table 1), indicating 

that changes to the memory load imposed on the subjects affected alpha activity on all the 

regions. Post hoc comparisons are reported with Bonferroni corrections (α = 0.05 corrected 

for the number of tests), and the critical difference for all tests is 45.94.  
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Table 1. Effect of memory load on alpha activity of each region of the brain during memory 

experiment. All brain regions showed significant changes across all memory loads.  

                               Note: * = p<0.001 

When the number of characters set to be remembered increased from two to four, 

post-hoc pairwise comparisons following a Friedman’s ANOVA (average of all critical 

differences = 45.94) showed a significant reduction of alpha activity across the frontal 

(difference = 206), left temporal (difference = 152), right temporal (difference = 169), 

parietal (difference = 161), left central (difference = 211), and right central (difference = 

222) regions (Figure 6), suggesting an overall reduction in inhibition on all these regions 

as the task difficulty increased. Statistically significant reductions of alpha activity were 

observed in all regions (Figure 6.A-F) except the occipital lobe (Figure 6.G). The largest 

difference was noted in the right central region (Figure 6.F) (difference = 211). 

A further increase in memory load (Figure 7), from four to six characters on the 

memory load task, showed a significant increase in alpha activity in the frontal (difference 

= 85), right central (difference = 92), and left central (difference = 95) regions (Figure 7.A, 

E, F). No other significant differences were observed in the other regions.  

 

Region Statistic (Chi Squared) DoF Significance  

Frontal 156.84 3 ** 

Left Central 167 3 ** 

Left Temporal 150.78 3 ** 

Right Central 172.87 3 ** 

Right 

Temporal 133.59 3 ** 

Parietal 80.83 3 ** 

Occipital 97.45 3 ** 
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Figure 1. Pairwise comparisons in all regions of interest from 2 to 4 characters in the memory load 

task. The largest difference was seen in the right central region. 

Figure 7. Pairwise comparisons in all regions of interest from 4 to 6 characters in the memory load 

task. An increase was seen in the central and frontal regions. 
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An additional increase in memory load (Figure 8), from six to eight characters on 

the memory load task, showed a significant increase in alpha inhibition in the left central 

(difference = 75), right central (difference = 56) regions, left temporal (difference = 90), 

right temporal (difference = 71), and occipital regions (difference = 70) (Figure 8.B,C,E-

G). No significant differences were observed in the parietal (difference =34) and frontal 

(difference = 37) regions (Figure 8.A,D).  

4.1.2 Correlation-distance analysis of alpha activity between regions of interest 

Singular electrode activity on an EEG system can be influenced by activity of 

neighboring electrodes, and even electrical activity far away from the topographical 

location. To quantify the amount of cross talk between regions, a regression analysis was 

Figure 8. Pairwise comparisons in all regions of interest from 6 to 8 characters. Temporal, central, and 

occipital regions showed an increase in alpha activity.  
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performed among the data collected over the seven regions of interest across all levels of 

mental load and windows. regression analysis revealed that alpha activity collected at each 

of the individual regions was correlated to with activity in other regions (Table 2). The  

highest degree of correlation was found between the parietal and frontal regions R2 

= 0.92, p <0.001) (Figure 9.A), and the smallest degree of correlation was found between 

activity between the occipital and frontal region (R2 = 0.041, p = 0.37) (Figure 9.B). 

 

Table 2. Correlation analysis of alpha activity between each of the seven RoIs. The highest correlation 

coefficient was in the fronto-parietal region. 

       Note: *=p<0.05, **=p<0.001 

A regression analysis was used to further investigate the relationship between the 

distance between two brain regions and the correlation of their alpha activity. For this, the 

3D cartesian coordinates of each of the electrodes based on the standard 10-10 system was 

used. Electrode position is described as relative to a common center used to describe a 

spherical representation of the head based on boney landmarks. For the analysis, the 

position centroid of the electrodes for each of the regions of interest was described as the 

average 3D vector of all the electrode positions. Then, the relative distance between each 

of the possible pairs for centroids was computed. However, the regression analysis between 

the correlation values and distance between regions of interest showed a non-significant 

 

Left 

Temporal 

Right 

Temporal Frontal 

Left 

Central 

Right 

Central Parietal 

L. Temporal X      
R. Temporal 0.862* X     

Frontal 0.867* 0.813* X    
L. Central 0.842* 0.861* 0.782* X   
R. Central 0.855* 0.831* 0.895* 0.926** X  

Parietal 0.827* 0.745* 0.937** 0.741* 0.847* X 

Occipital 0.183* 0.229* 0.047 0.261* 0.098 0.139* 
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negative correlation (R2 = -0.067, p = 0.771), suggesting that the relative distance between 

regions of interest was not correlated with alpha activity measured at a given region of 

interest (Figure 10). 

 

Figure 9. Alpha activity correlations between RoIs. Panel (A) shows the two regions with the highest correlation 

and panel (B) shows the two regions with the lowest correlation. 

Figure 10. Regression analysis between the correlation of the alpha activity of two regions and their 

relative distance. No significant reduction was seen over increased distance. 
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4.1.3 Summary of Results for Experiment One 

 The analysis suggests that memory load has an influence on alpha activity 

on all regions of the brain and that the relative activity of each region is different at each 

level of memory load. When increasing the memory load from two to four characters, a 

reduction in alpha activity was found across all regions except the occipital, with the largest 

observed over the right central region. Alpha activity then increased in the frontal, right 

central and left central regions when the memory load was further increased from four to 

six characters. Finally, increasing the memory load from six to eight characters showed an 

increase in alpha activity left temporal, right temporal, left central, right central, and 

occipital regions of the brain. Overall, the data shows that although alpha activity over 

information processing areas, specifically frontal and parietal lobes, decreased from the 

easiest memory load condition to the second easiest, this decrement does not seem to 

continue further in consequent increases of memory load and does not appear to be specific 

to these areas alone. Furthermore, a consistent enhancement of alpha activity was seen over 

central regions when memory load was increased from four all the way up to 8 characters. 

As a contributing factor to the lack of spatial specificity of this effect, cross-talk between 

adjacent regions was evaluated using a correlation analysis between regions as a function 

of distance. Although a high degree of correlation was seen among most regions, the level 

of correlation between regions did not seem to be significantly influenced by the distance 

between the centroids of the regions. 
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4.2 Experiment Two 

4.2.1 Analysis of Error Processing Regions  

First, an investigation of alpha activity over the frontal and parietal regions during 

trials of expected and unexpected conditions was performed due to their previously 

established role in error processing during hand movements (Jenmalm et al., 2006; Schmitz 

et al., 2005). The trials were binned into expected and unexpected trials irrespective of the 

type of the property being manipulated (i.e. friction vs weight) or whether the change was 

an increase or decrease in the property being manipulated. The first analysis averaged all 

alpha activity after the first second following the initial touch of the object. It was expected 

that frontal and parietal regions would demonstrate lower alpha power reflecting activation 

of these areas during unexpected trials regardless of the type of property being manipulated 

during the experimental procedure. Frontal (t(11) = -0.162, p = 0.874) and parietal (t(11) 

= 0.904, p = 0.385) areas did not demonstrate a significantly different averaged alpha 

activity between unexpected and expected trials (Figure 11). Individual analysis of friction 

(frontal: t(11) = 0.394, p = 0.419; parietal: t(11) = 0.142, p = 0.102) and weight (frontal: 

t(11) = 0.851, p = 0.502; parietal: t(11) = 0.712, p = 0.485) alone also did not demonstrate 

significantly different average alpha activity between the expected and unexpected trials 

(Figure 12 and Figure 13, respectively). 

To further investigate the temporal resolution of alpha activity, a pairwise 

comparison of alpha activity over these regions was performed between expected and 

unexpected trials across 100ms windows of data for the first second after the initial touch 

with the object. The windowed analysis did not show any significant differences between 
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expected and unexpected trials at any of the timed-window analysis (Figures 14 and 15), 

suggesting that alpha activity over these regions were not sensitive to changes in the 

expectation of the object’s properties.  

 

 

 

 

Figure 11. Mean alpha activity in expected and unexpected lifts on the frontal 

(A) and parietal (B) regions. 



 

47 

 

 

Figure 2. Mean alpha activity in expected and unexpected lifts on the frontal (A) and 

parietal (B) regions during friction trials only. 

Figure 13. Mean alpha activity in expected and unexpected lifts on the frontal (A) and 

parietal (B) regions during weight series only. 
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4.2.2 Analysis of Motor Control Related Regions  

The focus of this analysis was to investigate the central region’s alpha activity in 

relation to trials programmed for higher grip force than necessary (HiGP) or programmed 

for lower grip force than necessary (LoGP). When analyzing central activity during the 

first second of the object lift following initial contact, no statistically significant differences 

were found between the HiGP and the LoGP condition (t(11) = -1.398, p = 0.189) 

conditions. However, 9 out of 12 subjects did demonstrate higher alpha activity over the 

left central region during HiGP trials compared to LoGP trials (figure 16.A). Similarly, the 

right central region did not show statistical differences between trials requiring LoGP and 

trials requiring HiGP, but only 7 out of the 12 subjects (figure 16.B) demonstrating higher 

alpha activity in HiGP trials (t(11)= -0.317, p = 0.757). These results suggesting that the 

Figure 16. Mean alpha activity over left (A) and right (B) central regions during trials 

programmed for low grip forces (LoGP) and high grip forces (HiGP). 
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average 1 second alpha activity was not able to reflect potential active inhibition over the 

central regions during trials manipulating weight and friction.  

 

A follow up analysis was performed to assess whether the type of manipulation (i.e. 

friction or weight) had an effect on alpha activity of the central regions; the binned alpha 

activity over the initial second after initial touch was subdivided into trials manipulating 

either weight or friction (Figure 17). There was not a significant difference in alpha activity 

on left central (t(11) = -0.895, p = 0.346) or right central (t(11) = 0.698, p = 0.499) regions 

during LoGP trials and HiGP trials manipulating weight (Figure 17.A,B). Similarly, the 

friction trials did not show a significant difference in the left central (t(11) = -0.951, p = 

0.359) and right central (t(11) = -0.904, p = 0.385) regions during fLoGP and fHiGP trials 

manipulating friction (Figure 17.C,D). These results indicate that pooled alpha activity 

Figure 17. Mean alpha activity between over the left central (A,C) and right central (B,C) during lifts 

programmed for low grip force and high grip force for weight series (top row) and friction series 

(bottom row). 
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during the initial second after first contact with the object was not able to significantly 

separate between trials programmed for a higher or a lower grip force in either the weight 

or the friction trials.  

 

A follow-up windowed analysis examining individual 100 ms windows of data was 

performed over the EEG traces one second after the initial touch of the object for trials of 

weight and friction to further investigate the temporal brain dynamics during the lifting 

trials. This was performed due to the higher temporal resolution of EEG compared to MRI, 

as well as research demonstrating that cognitive states can shift within a 10th of a second 

(Cohen, 2014). This analysis demonstrated a significantly higher activity over the left 

central region for weight trials programmed for higher grip force (HiGP) compared to 

weight trials programmed for lower grip force (LoGP) at approximately 700 ms (t(11) = -

3.355, p<0.01) to 800 (t(11) = -2.486, p<0.05) after initial touch with the object (Figure 

18.H,I). Furthermore, this effect was visible on 7 out of 12 participants (Figure 18.H,I). 

Nine out of the 12 participants demonstrated lower activity over the right central region in 

HiGP compared to LoGP between 300 and 500 ms (Figure 19.D,E,F), however this 

difference was not significant (300 ms = (t(11) = 1.385, p = 0.193), 400 ms = ( t(11) = 

0.194, p = 0.077) and 500 ms (t(11) = 1.77, p = 0.103). No significant differences were 

found over either of the central regions between friction trials programmed for higher grip 

force (fHiGP) or lower grip force (fLoGP) (Figures 20 and 21, respectively). Overall, these 

results indicate that potential active inhibition over the central regions was able to be 

distinguished through alpha activity with a temporal resolution of 100 ms during trials 
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using weight manipulation whereas it did not show any clear patterns of brain dynamics 

during trials of friction manipulation. 
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4.2.3 Summary of Results of Experiment Two 

 In the second after the initial touch of the object, the average alpha activity over 

the frontal and parietal regions did not demonstrate any significant differences between the 

expected and unexpected trials (Figure 13). The follow-up analysis breaking down the 

same activity over these areas into 100 ms windows also did not show any significant 

differences in alpha activity between the expected and unexpected trials (Figure 14 and 

Figure 15). These results suggest that using the magnitude of alpha activity as a proxy for 

the level of brain activation was not a viable electrophysiological marker able to reproduce 

the previously reported changes that have been related to error processing over these areas 

during motor tasks. 

 

 The analysis over the central areas in trials programmed for lower grip and higher 

grip also was performed in trials manipulating friction and weight. Although nine of the 

twelve subjects demonstrated a higher alpha activity on the left central area during trials 

programmed for a higher grip, mean alpha activity after the initial touch was not able to 

clearly show any significant group-level differences between the two types of trials (Figure 

16). When examining the friction and weight series separately, we did not observe any 

clear statistically significant group-level differences between the two types of trials (Figure 

17). However, breaking down the one-second window into ten-100 ms windows of data 

we observed a significantly higher alpha activity over the left central region 700 to 800 ms 

after the initial touch of the object during the weight manipulation series (Figure 18.H,I), 

but not during the friction series. Overall, these results suggest that alpha activity as an 

electrophysiological marker was not able to clearly demonstrate the active suppression over 
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motor areas previously reported during error correction during similar object-lifting tasks 

in MRI data.  
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5. Discussion 

The purpose of this research was to use alpha activity to detect task-related changes in 

functional regions of the brain during a memory load task paradigm as well as during a 

manual manipulation paradigm. Through the use of two open-source EEG datasets, we 

were able to analyze how manipulations of memory load (Experiment One) and 

expectations during reach and grasp motion (Experiment Two) induced changes in the 

alpha frequency range across functional regions of the brain as an electrophysiological 

marker of brain activity. 

 

5.1 Experiment One 

This study examined oscillatory brain responses in the alpha frequency from an open-

source dataset during a Sternberg visual WM task. By manipulating the number of 

characters required to maintain in memory, the experimenters varied the amount of 

information needed to be processed by the brain pathways responsible for WM. Based on 

previous work (Bashivan et al., 2014; Heinzel et al., 2014; Larrain-Valenzuela et al., 2017), 

we hypothesized that the frontal and parietal regions would be most heavily engaged in 

WM processing, and thus it was expected that the alpha frequency over these regions would 

decrease with increases in cognitive load. Our analysis showed a significant reduction in 

alpha activity across the frontal and parietal areas as a result of an increase from two to 

four characters in the memory recall experiment. These results are generally consistent 

with the gating-by-inhibition hypothesis, which suggests that task-relevant information 



 

61 

 

pathways in the brain are controlled by a task-dependent gating mechanism (Jensen & 

Mazaheri, 2010). 

 

Contrary to what was expected, a similar reduction was seen in task-irrelevant regions 

of the brain, namely the temporal and central cortices. A possible explanation for this is 

that the effect detected over task-relevant regions was large enough to also be captured by 

electrodes found in the other regions through volume conduction. Volume conduction 

refers to the transmission of electric or magnetic fields originating from neural activity of 

a specific brain region to the neighboring regions of the brain through non-neural tissue 

such as the scalp. Indeed, our crosstalk analysis showed high levels of correlation between 

the seven regions of interest, supporting this possibility. EEG components of slower 

frequency are inherently prone to this effect, as these tend to have large magnitudes and 

can be captured by neighboring electrodes (Goncharova et al., 2003; Mitra & Pesaran, 

1999). However, studies examining connectivity between two regions of the brain show 

that volume conduction effects are characterized by a negative correlation between 

electrode activity and the distance between them. Our crosstalk correlation analysis did not 

support this claim as we did not observe a significantly negative region-distance 

correlation. Perhaps a better estimate of the connectivity between regions and thus a better 

analysis of volume conduction may be attained by performing an electrode-level analysis, 

as it averages all possible connectivity estimates between electrodes and is less prone to be 

influenced by outliers. Overall, our results confirm that an increase in memory load 

between two and four characters elicits a reduction in alpha activity across task-relevant 
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regions as well as task-irrelevant regions, potentially a result of volume conduction of alpha 

activity across the scalp.  

 

Further increases in memory load from four to six and eight characters did not show 

consistent decreases in alpha activity around the fronto-parietal regions as hypothesized, 

even showing a slight increase in frontal activity in the jump between four to six. However, 

this increase was not a consistent effect, as only six out of the twelve participants 

demonstrated this trend. Furthermore, the central regions demonstrated a significant 

increase in alpha activity increasing from four to six characters and from six to eight 

characters. Central regions of the brain have a high degree of connectivity with motor and 

sensory pathways, making them an integral part of the somato-motor system (Ghosh & 

Gattera, 1995). During the WM task, emphasis is placed on cognitive processes as the only 

motor action required is the press of the button during each trial, implying that central areas 

are task irrelevant. The relatively stable level of alpha activity in the WM network (frontal 

and parietal regions) contrasted with the increase over motor-related regions (central 

regions) during higher memory loads might suggest that the brain adopts a memory strategy 

where information-processing capabilities of task-irrelevant regions are gated towards the 

task-relevant areas to meet the increased memory demands. The results of our analysis 

support the role of alpha activity in the gating-by-inhibition hypothesis, as the higher 

demands imposed by higher levels of memory load were met by an inhibition of task-

irrelevant regions. However, the lower success rates inferred by the reduction in the number 

of successful trials during higher memory levels suggests that mental strategies used by the 

participants might not have been able to fully compensate for the load imposed, 
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demonstrating the limited capacity of the brain during cognitive tasks. A reduction in 

correct responses however, is expected as performance normally decreases with increases 

in task demands and previous work has demonstrated that the human brain is only able to 

retain about seven bits of information, on average (G. Miller, 1994; M. W. Miller et al., 

2011a). 

 

Instead of representing purely cognitive demands, it is also possible that the stable 

frontal and parietal region with increased memory loads past four characters may reflect 

the WM capacity of the participants. WM capacity refers to the number of items 

successfully held in memory and is a function of the items needed to be memorized, the 

success rate, as well as the false alarm rate at each memory load (Baddeley, 2000; Bashivan 

et al., 2014). During similar tasks, memory capacity has been estimated to plateau at about 

four characters (Bashivan et al., 2014), and activity over the frontal parietal regions has 

been reported to saturate for set sizes of four or more characters to be remembered 

(Bashivan et al., 2014). This number refers to the number of characters that saturate 

cognitive demands during a WM task without compromising performance, different from 

previous claims of seven character memory capacity which refers to the maximum ‘bits’ 

of information being held in WM, often reported in recall experiments (Bashivan et al., 

2014; G. Miller, 1994). Other studies using event-related potentials have also demonstrated 

a relationship between memory capacity and alpha power in the fronto-parietal regions, in 

which a person with a lower WM capacity demonstrated reduced increases in activity over 

these regions when exposed to high memory loads compared to a person with a higher WM 

capacity (Stephan Grimault et al., 2014; Vogel & Machizawa, 2004). Previous research has 
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shown that attentional deficit and performance reduction in WM tasks of people living with 

attention-deficit/hyperactivity disorder were accompanied by increased alpha activity 

during a memory task (Lenartowicz et al., 2014), further suggesting that fronto-parietal 

activation might reflect memory capacity rather than cognitive load experienced. Our 

results agree with this idea, as fronto-parietal activity remained relatively constant past a 

memory load of four characters, however without the behavioral data such as reaction times 

and false detection rates, we are not able to determine the specific memory capacity of our 

participants.  

 

The role of fronto-parietal activity in reflecting memory capacity could be an important 

factor when looking at populations relying on HMIs to interact with the world such as 

upper limb myoelectric prosthesis users. Behavioral data suggest that novice myoelectric 

prosthesis users rely on the explicit mapping between the EMG signals and their respective 

motor outcomes (Bouwsema et al., 2012, 2014; Sobuh et al., 2014). By increasing the 

complexity of the control system, either by having many gesture options or providing the 

user with an overwhelming amount of augmented feedback, it is possible that the explicit 

cognitive demands on the users might exceed their ability to successfully maintain the 

explicit mapping in their WM (Shehata et al., 2018). Having too much information to 

process could hinder learning rates of prosthesis users as well as lead to the abandonment 

of the device altogether. Measuring patterns of fronto-parietal activity on myoelectric 

prosthesis users could provide insights about whether the device is overloading the user’s 

cognitive capacity, and thus help identify appropriate myoelectric systems for individual 
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people as well as developing proper myoelectric-control training protocols that do not 

overload users.  

Throughout all the memory loads tested, the occipital alpha activity remained relatively 

stable. Contrary to our results, some previous WM studies have shown a relative decrease 

in alpha activity over the occipital lobe with increases in memory load, pointing to its 

partial involvement in the WM loop (Tuladhar et al., 2007). However, the functional role 

of the occipital lobe in the explicit remembering of characters is still being debated (Gong 

et al., 2015; Thut et al., 2006). Evidence against its involvement comes from occipital 

stroke work demonstrating a disassociation between implicit memory (e.g. visual priming) 

and conceptually explicit memory (e.g. character recall), where occipital stroke patients 

showed impaired implicit memory but intact conceptual memory compared to a healthy 

control group (Gong et al., 2015). Often referred to as the visual processing area of the 

brain, the occipital lobe is associated with visual spatial processing of object 

characteristics. It is a primary center for the preprocessing of visual information and 

communicates through the dorsal and ventral stream to the parietal and temporal lobes, 

respectively. The dorsal stream is associated with the processing of the spatial location of 

an object in the visual field whereas the ventral stream has associations with the processing 

of the symbolic recognition of an object. Our results may reflect a differential engagement 

of these two pathways when processing the visual information encoded in the memory task 

at higher memory loads. 

 

At higher memory loads, our results showed an increase in temporal alpha activity but 

not over parietal regions. If alpha activity reflects active inhibition of brain activity in a 
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particular region, the increase in temporal alpha activity could suggest the active inhibition 

of the ventral stream and the increased reliance on the dorsal stream to encode and 

remember the information of the task. This means that instead of fully relying on the 

phonological loop of memory utilizing the symbolic information of a character to 

remember them, it is possible that at higher memory loads participants adopted a memory 

strategy based on the spatial location of the characters presented in the set array, rather than 

remembering the character exactly. This strategy might be a way to address the limited 

memory capacity of participants, by priming the implicit spatial orientation of the 

characters without the need to encode their explicit meaning. If this is the case, it is possible 

that the pre-processing of the visual information performed in the occipital lobe is not 

drastically taxed differently across memory load levels, instead of relying on a change of 

visual strategy at higher levels of visual processing through the ventral and dorsal streams. 

Overall, our results show that memory load does not have an impact directly on the alpha 

activity of the primary visual cortex. However, strategies utilized to encode and recall this 

visual information in the memory task switch during higher cognitive loads to take 

advantage of the spatial distribution of characters based on the increased inhibition of the 

ventral system reflected through alpha suppression over the temporal regions.  

 

A better understanding of visuo-motor behavior and the related cortical activity when 

engaging with a HMI can have a practical application, particularly with upper limb 

prosthesis users. This population shows increased visual attentional demands when 

performing movements with their prosthesis compared to the use of an intact hand, often 

showing increased gazing time over the artificial limb as well as an increased number of 
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gaze shifts between the artificial limb and the object being manipulated (Parr et al., 2019; 

Sobuh et al., 2014; Van Den Heiligenberg et al., 2018). Measuring patterns of alpha activity 

over cortical areas related to primary visual processing and higher-level visual encoding 

such as the occipital lobe and the dorsal/ventral stream could shed light on the amount and 

type of visual demands prosthesis users are experiencing while utilizing a device. 

Identifying how the visual processing loops are taxed during prosthesis user could help 

future prosthesis development by identifying features and training regimes that alleviate 

this cognitive burden. Indeed a recent study was able to show that proper gaze training was 

able to improve prosthesis hand control and was reflected through changes in alpha activity 

in explicit visual processing areas (Parr et al., 2019).  

 

Our analysis supports the idea that fronto-parietal alpha activity specifically may reflect 

the representation of items maintained within the limits of WM capacity and, in our study, 

might be saturated around four characters (Bashivan et al., 2014; Heinzel et al., 2014; 

Vogel & Machizawa, 2004). During higher levels of memory load, the brain might 

implement a strategy where it inhibits task-irrelevant areas past this limit to meet the 

cognitive demands. Such mechanisms might represent the phonological loop described in 

neurocognitive models of WM (Baddeley, 2000). Meta-analysis of fMRI studies shows 

that the most consistent areas experiencing WM loads were networks distributed in the 

frontal and parietal areas, in agreement with our results (Rottschy et al., 2012). 

Furthermore, the engagement of these areas during verbal tasks compared to non-verbal 

memory tasks has also been consistently shown (Rottschy et al., 2012), further supporting 

the role of these areas as a reflection of the verbal rehearsal of the items being held in 
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memory as part of the phonological loop. However, during the highest level of memory 

loads, the strategy used to encode the character information might switch to a more implicit 

one, as demonstrated through the inhibition of explicit visual memory pathways reflected 

through alpha activity. Our results support the role of alpha activity within the gating-by-

inhibition hypothesis and concur with BOLD-signal fMRI literature to support this 

frequency range as a practical electrophysiological biomarker of inhibition related to 

cognitive processes of WM (Heinzel et al., 2014; Liebenthal et al., 2014; Whelan, 2007), 

confirming alpha activity as a viable biomarker for the quantification of cognitive 

processes related to WM. 

 

5.2 Experiment Two 

For this experiment, an EEG dataset (Bashivan et al., 2014) was used to examine 

alpha activity of twelve participants over frontal and parietal areas as well as motor areas 

during a reach and grasp experiment. By manipulating the trial schedule presentation, the 

participant’s expectations about the object’s weight and surface friction were manipulated. 

For this experiment, the same signal processing steps were taken to extract activity in the 

alpha range of the EEG signal, and the signal was time-locked to the initial touch of the 

object. By mirroring the steps taken to extract event-related changes in Experiment One, 

we aimed to extract changes in this frequency range related to the manipulation of the 

object. 
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When comparing alpha activity, we did not observe any significant differences over 

the frontal or parietal areas between the expected and unexpected trials. A previous fMRI 

study showed an increase in activity associated with unexpected weight changes over the 

right supramarginal gyrus, a small subsection of the parietal lobe. The activity over this 

region is thought to demonstrate the discrepancy between actual and predicted sensory 

information (Blakemore & Sirigu, 2003), or to be related to the updating of sensorimotor 

memories of an object’s physical properties (Jenmalm et al., 2006). Other behavioral fMRI 

studies have also linked activity over this region in tasks involving manipulation, lifting, 

and pinching of objects (Binkofski et al., 1999). Anatomically, it has a direct connection 

with motor areas responsible for precision grips and manipulations (Godschalk et al., 1984; 

Neal et al., 1990) and receives inputs from the cerebellum – containing neural circuitry 

involved in the feedforward control system of movement (Clower et al., 2001). This region 

of the brain has been proposed to be a node in the internal model theory of movement 

responsible for processing the mismatches between predicted and actual sensory feedback 

and updating the sensorimotor representation of the object being manipulated (Elias et al., 

2008; Tan et al., 2014). In this study, alpha activity analysis did not support these findings, 

and thus was not able to demonstrate the ability of alpha activity to represent fronto-parietal 

neural mechanisms related to the sensorimotor mismatch between expected and actual 

feedback.  

 

There are two possible explanations for our results regarding the fronto-parietal 

network. First, the gating-by-inhibition hypothesis suggests that alpha activity represents a 

pulsed inhibition that can reduce the capabilities of information processing of a given area. 
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Physiologically, the pulsing inhibition has been linked to inputs to GABAergic (inhibitory) 

feedback inputs from interneurons that have been shown to modulate this specific band as 

well as the faster gamma rhythm (30 – 100 Hz) (Jones et al., 2000; Lörincz et al., 2008). It 

is possible that the timescale of the inhibition over this area related to motor activity differs 

from that of inhibition related to cognitive tasks, and subsequently, any pulsed inhibition 

through interneurons may not be reflected by changes in alpha rhythm alone. This 

possibility could further be explored through analysis of motor-error related differences in 

parietal activity over different frequency bands and time scales. The second possibility is 

that the spatial resolution of the EEG set up during the experiment was not specific enough 

to detect these changes. Indeed, the right supramarginal gyrus is one of many gyri found in 

the parietal lobe (Neal et al., 1990). EEG systems are prone to poor spatial precision due 

to the effects of volume conditions across the scalp as well as poor spatial resolution due 

to the low number of electrodes (i.e. 32 electrodes) in standard EEG setups. Future studies 

could address the spatial resolution issue by using high-density EEG systems containing 

up to 256 electrodes, increasing the spatial localization capabilities of this neuroimaging 

technique.  

 

There were also no significant differences in the frontal area of the brain between 

predicted and unpredicted types of lifts. The frontal lobe is known to be active during object 

manipulation, specifically using a precision grip (Ehrsson et al., 2000) and also manual 

exploration of the environment (Binkofski et al., 1999). From these studies, the frontal 

cortex seems to contain a representation for skilled finger actions that require large degrees 

of precision. The mental representations reflected over this region may be related to higher-
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level interpretations of the movement such as the type of grip (e.g. precision vs. power 

grip) (Binkofski et al., 1999; Ehrsson et al., 2000) or spatial pattern of the movement (Kakei 

et al., 2003; Schwartz et al., 2016). One fMRI study looking at unpredictable changes to 

object properties showed an increased activation over the frontal region during blocks of 

trials where the weight of the object was unpredictable (Schmitz et al., 2005), supporting 

this claim. However, the same group was not able to replicate these findings in a follow-

up experiment (Jenmalm et al., 2006). A major difference between the two studies was that 

the original report used a block design that averaged data over a longer period, whereas the 

follow-up study used an event-related technique like the one used in the present EEG work. 

This might suggest that activity in the inferior frontal cortex has a more sustained activity 

across the trial perhaps reflecting the higher-level aspects of the movement such as the type 

of grip being represented. If this is the case, a contrast between predicted and unpredicted 

object properties such as weight or friction may not reveal differences in activity in the 

frontal region, as the compensatory movements required to deal with the discrepancies in 

properties does not require major modifications to the grip pattern altogether and may only 

require modification to the level of motor drive. It is also possible that the engagement of 

the frontal cortex more likely represents a cognitive process of awareness about the changes 

in the dynamics of the object (e.g. participant realizing the weight is not the one expected). 

This may not be time-locked to a behavioral event and thus could explain the discrepancy 

between the previous literature using event-related paradigms such as the ones used here, 

against more tonic responses as fMRI studies. Overall, experiment two was not able to 

support the role of alpha activity as a biomarker for processes involving the frontal cortex, 

and thus showing the limitations of using alpha activity maps to shape the functional 
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architecture of the brain during manual tasks. This should be considered in future work 

trying to use the gating-by-inhibition framework to assess how brain resources are used 

during manual tasks, as alpha activity may not be reflective of neural processes involving 

the frontal cortex and error detection. 

 

When comparing activity over the central regions we only observed significantly higher 

alpha activity over the left central hemisphere in trials programmed for higher grip force 

versus those trials programmed for lower grip force. In contrast, the lower alpha activity 

during lifts programmed for lower grip force might reflect the removal of inhibition over 

this motor area to increase the neural drive to the muscles. A similar pattern of activation 

was previously reported in an fMRI study where lifts programmed for lower grip forces 

demonstrated a higher activation in the left central region compared to trials programmed 

for a higher grip force (Jenmalm et al., 2006). The central regions contain the primary 

motor and primary sensory regions at each hemisphere which have large bundles of 

connectivity with their respective contralateral motor and sensory pathways, as well as the 

supplementary motor area, and parietal cortex and other subcortical regions (Ghosh & 

Gattera, 1995; R. M. Kelly & Strick, 2003; Vingerhoets, 2014). These connections with 

other motor-related regions reflect the role of central regions as integral to the somato-

motor system involved in the planning and execution of movements. In line with the gating-

by-inhibition hypothesis, the higher alpha activity over the contralateral central region 

during movements programmed for higher grip force might reflect the pulsed inhibition 

experienced by that region of the brain to adapt the grip force on-line during the lifting 

portion of the movement. Our results support the idea that alpha activity can reflect these 
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cortical brain dynamics related to motor drive from the central regions as they agree with 

previous fMRI studies. Therefore, our results support the use of theoretical framework of 

gating-by-inhibition reflected through alpha suppression to quantify primary motor cortex 

inhibition as a corrective mechanism to deal with unexpected changes. 

 

The onset of the relative enhancement of alpha activity over the left central region 

during lifts programmed for higher grip forces also occurred around 700 to 800 ms after 

the initial touch. Due to their low temporal resolution, previous fMRI research reporting 

this pattern of activation has only been able to estimate the timing of this event, limiting 

their ability to concretely state that the increase in brain activity in the left central region 

reflects an on-line mechanism implemented by the participant to reduce the motor output 

in a compensatory manner (Jenmalm et al., 2006). In this study, alpha activity over the left 

central region diverged well after the initial touch of the object. This being the first study 

revealing that this pattern of activity over motor areas may reflect the on-line reduction of 

neural drive to the hand musculature for corrective responses.  

 

This corrective pattern of activity could be used to improve HMI such as the control of 

upper limb neuroprostheses if EEG was to be used as a control signal. Traditional 

myoelectric controllers rely on control signals at the end of the control system, as the 

sensors collect data about volition at the muscle level, and therefore introduce an inherent 

delay for the control of the prosthesis. This delay may affect the ability of prosthesis users 

to develop proper corrective or reflective behaviors normally found in intact sensorimotor 

control, limiting their ability to adapt to unexpected scenarios such as an unpredictable 
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change in the dynamics of an object. By being a biomarker in the central nervous system 

reflective of corrective motor patterns, the use of alpha activity over primary motor areas 

collected through EEG could improve the control of upper limb neuroprostheses even 

further by reducing the delay between volition and motor outcomes. Furthermore, 

measuring EEG activity in primary motor areas could be the most intrinsic solution for a 

controller when activity in the actuator muscles of the hands cannot be accessed as would 

be the case of a higher-level amputation or a person living with a cervical spinal cord injury.  

 

 

The second experiment of this thesis had several limitations. Despite the timing of the 

alpha suppression supporting the idea that it reflects a corrective mechanism, the 

interpretation of these results should be made with caution due to the lack of behavioral 

data available in the study. In this study, the EEG signal was time-locked to the initial touch 

of the object but implementing unexpected property changes to an object in the lift has 

been shown to drastically change the movement patterns used for the lift. For example, 

previous behavioral studies have shown an early lift-off event of the object when an object 

is expected to be heavier (Schmitz et al., 2005) or even result in no lift-off at all if the object 

is expected to be lighter (Gordon et al., 1993). It is possible that the changes in alpha 

activity would be better time-locked to other events, and thus it is possible that the timing 

of the EEG spectral events might have been blurred through trial-averaging, masking 

effects on the EEG signals.  
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It is also important to consider other mechanisms by which participants may deal 

with the uncertainty of unpredictable changes in the dynamics of an object lift. When a 

participant’s uncertainty about the physical properties of an object is high, they have been 

shown to adopt a ‘safety’ motor strategy. For example, participants have been shown to 

adopt a strategy in which they program the motor output between two different weights to 

be biased towards the heavier weight (Gordon et al., 1993; Schmitz et al., 2005). This might 

have influenced the results of our analysis since it is possible that the corrective 

mechanisms implemented by the participants were biased towards the reduction of the 

motor drive to the hand muscles rather than the increase of neural drive to overcome higher 

than expected weights. Due to the lack of the kinematic traces in the dataset used, however, 

we are not able to investigate the movement patterns used in this experiment and thus 

cannot make inferences about adaptive biases made by the participants. 

 

Furthermore, the memory of previous lifts has an influence on the anticipatory 

scaling of fingertip forces in precision grip tasks (Flanagan et al., 1999). Estimates of the 

object characteristics based on the memory representation of the object are used to set the 

parameters of preprogramed movements such as in repetitive grip-and lift motor programs 

(Gordon et al., 1993). These estimates are known to be swiftly updated from trial to trial, 

therefore it is possible that trials at different points of the experiment were performed under 

different mental representations of the object, requiring different compensatory 

mechanisms, despite being binned in the same group. However, this second concern might 

not be a contributing factor to the results as the structure of the trials was pre-determined 

and was kept consistent across all participants.  
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When comparing friction trials alone, we did not observe any clear differences 

during the friction series. To our knowledge, there is no previous study that has investigated 

brain dynamics through EEG in response to frictional properties changes. If a hand-held 

object is very slippery, cutaneous afferents located at the fingertips can detect micro-slip 

events related to the low frictional coefficient of the surface of the object. This results in 

an increase in grip force (Westling & Johansson, 1984), but also a reduction in the 

acceleration of the hand and all of the joints involved in the movement (Saels et al., 1999). 

Studies eliminating cutaneous feedback from the fingertips through local anesthesia 

showed grip force modulation is severely disrupted, regardless of prior experience with the 

object (Augurelle, 2002). This functional deterioration is compensated usually by a 

substantial increase in both dynamic and static grip forces (Witney et al., 2004). It is 

plausible that this strategy would be adopted by participants that have a low certainty about 

the frictional properties of the object, mirroring the adaptive strategy biased towards higher 

weights discussed in the previous section. However, the lack of differences in brain 

biomarkers in friction trials in the current study raises the question about the potential 

involvement of the cortical regions during on-line adjustments based on erroneous 

predictions about the surface friction, perhaps pointing towards a peripheral mechanism. 

However, a solely peripheral reflexive motor loop is unlikely as the role of sensory and 

motor cortical regions has been demonstrated by lesion and single-cell recordings studies 

of the somatosensory cortex (i.e. the central region of the brain) (Augurelle, 2002; Saels et 

al., 1999; Witney et al., 2004). Temporary inactivation of the finger area in the central 

region produces uncoordinated grip and load forces (Brochier et al., 1999). Single-cell 
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electrical recordings from monkey studies have shown increases in activity in this region 

at the beginning of the grip onset in fast-adapting neurons as well as sustained activity 

during the stationary phase of an object lift (Salimi et al., 1999), demonstrating the 

encoding of on-line kinematic data in the cortex. More likely, the lack of significant 

changes in cortical alpha activity might suggest that the experimental manipulations to the 

surface friction of the object might have not resulted in changes large enough to require a 

significantly modified grasping pattern. Alternatively, this could suggest that alpha activity 

as interpreted by the gating-by-inhibition hypothesis might not be a viable biomarker of 

the cortical processes required to adapt movement patterns based on unexpected changes 

of the friction of the object. Overall, we were not able to detect distinct patterns of alpha 

activity over motor-related regions during frictional series, thus not supporting the idea that 

alpha activity can demonstrate changes in cortical regions related to friction changes. 

 

Through Experiment Two, we were able to observe differences in alpha activity in 

the primary motor cortex region during lifts of different motor requirements with a 

temporal resolution of about 100 ms. The idea of extracting signals related to object 

manipulation from EEG seemed reasonable given that even basic motor tasks engage large 

parts of the human motor cortex. Of specific interest in this line of work, machine learning 

methods can be used on EEG recordings to make predictions about movement-related 

behavior (Luciw et al., 2014). While algorithms like these can be proficient in decoding 

movement-related information based on the myoelectric signal of the muscles (e.g. EMG) 

(Ameri et al., 2014; Parker et al., 2006; Scheme et al., 2011), being able to pull information 

directly from a central nervous system source like the cortex remains a challenge. 
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Logistically, the potentials seen in EEG are magnitudes smaller than those seen in EMG, 

making it a signal stochastic in nature, and theoretically, these potentials have a 

complicated relationship between the signal and cognitive/motor-related brain processes 

(Cohen, 2014). Even still, extracting information from this source can expand the amount 

of information that can be used to improve movement-related predictions even further, as 

it could potentially reveal high-level information about a movement such as intent, error 

detection, and attention. Furthermore, effectively extracting motor-related information 

from the brain can expand the usability of human-machine movement aids such as 

myoelectric prostheses to patient populations that are not able to elicit muscle-related 

electric potentials such as people living with spinal cord injury or a high-level amputation. 

To this end, this experiment was able to extract information from cortical sources related 

to the amount of motor drive being sent during a grasp motion through non-invasive EEG 

recordings. Future work should focus on expanding these results to patient populations 

such as prosthesis users or people living with spinal cord injury that might benefit from an 

HMI to aid them to become more autonomous.  
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6. Conclusion and Future Directions 

The experiments performed in this thesis investigated the use of activity in the alpha 

frequency band of the EEG signal as a reflection of inhibition of functional regions of the 

brain during cognitive processes while performing a memory task, as well as error 

detection and subsequent motor correction during manual tasks. The first experiment 

revealed that alpha activity decreased in previously established memory-related areas, such 

as frontal and parietal regions, during the easiest levels of memory load, but this reduction 

was not spatially specific to only these areas. Further increases in memory load revealed 

an increase in alpha activity in task-irrelevant areas such as the primary motor areas, 

indicating an inhibition of the information processing capabilities of these areas to meet 

the cognitive demands during higher memory loads. The second experiment revealed that 

alpha activity over the contralateral primary somatosensory region (central area) was 

modulated by the need to correct the grip force while lifting an object that was lighter or 

heavier than expected. Activity in the same frequency band, however, was not a viable 

biomarker to make inferences about how error processing areas (i.e. parietal and frontal) 

were influenced by manipulating the physical properties of an object. 

 

Our results suggest that alpha activity likely reflects both motor and cognitive processes 

while performing a task, and thus this work was aimed to start a conversation in the 

bridging of cognitive and motor studies as they relate to using EEG to shape the brain’s 

architecture outside of confined laboratory environments. Importantly, alpha activity over 

the fronto-parietal region reflected the memory capacity during the memory task, but it did 

not show any differences related to motor error-correction during the manual task. 
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Theoretically, this would imply that the interpretation of alpha activity in this region would 

follow the gating-by-inhibition hypothesis as it relates to memory processes, but not motor 

ones. However, alpha activity over motor drive regions was higher when an inhibition of 

motor drive was needed to compensate for a lighter than expected object. This implies that 

alpha activity as a reflection of pulsed inhibition expands beyond cognitive processes and 

could also reflect corrective motor-drive changes. Considering how two brain processes 

are reflected in EEG signals is an important component for the valid interpretation of 

cognitive-related electrophysiological activity outside controlled lab settings where 

sources of motor and cognitive brain activity are likely overlapping.  

 

Fully describing how these two parts of the puzzle interact may not only increase our 

understanding of neuronal processes involved in both, but also improve our capabilities to 

extract useful information from EEG data for future human-machine interactions. 

Describing mechanisms by which EEG recordings reflect neuronal behavior can increase 

the amount of information that can be decoded from these signals to improve control 

algorithms based on physiologically relevant features. Our results further suggest that alpha 

activity recorded over primary motor regions of the brain related to motion reflect 

inhibition or increased motor drive related to unexpected changes in an object’s weight. By 

encoding error-corrective information about movement, alpha activity over these areas has 

the potential to be used as a feature of predictive, closed-loop control algorithms. Our 

results can benefit future work aiming to improve neuroprosthesis development by using 

physiologically relevant features of EEG signals for their control algorithms. 
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