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ABSTRACT 

The search for an effective means of maintaining cognitive health through conscious 
intervention has been ongoing for over a century. In the past three decades alone, advances 
in computing power and display technology have enabled the emergence of a multi-billion-
dollar industry that markets and sells screen-based training products. At the same time, the 
academic community has contributed numerous research studies examining potential 
approaches and protocols. Frequently investigated topics include training modality (e.g., 
working memory vs. divided attention) and implementation strategies (how much training, 
how often, etc.). Although most people now encounter cognitive training in the form of 
game-like smartphone apps, relatively few studies have examined the graphical design of the 
training task or the environmental and social circumstances under which training occurred. 

With the current status-quo as a starting point, the aim of this thesis was therefore to 
specifically examine to what degree screen size, training environment and the game-like visual 
features that accompany today’s popular training products might be impacting training 
outcomes. A secondary goal was to establish whether head-mounted displays (HMDs) might 
be a particularly suitable vehicle for cognitive training, given their inherent potential for 
reducing environmental distractions and focusing user attention during training sessions. 
Through a series of experiments using both HMDs and traditional displays, subjects 
performed cognitive tasks with different screen sizes and with varying levels of gamification. 
Biopotential (EEG) and performance outcomes were recorded and compared to determine 
the impact of individual interventions. 

My findings show that the use of an HMD is advantageous not just for conducting cognitive 
studies, but potentially as a platform for end-users as well. Compared with a standard flat 
screen, HMD-based cognitive task performance was accompanied by significantly higher theta 
power in the frontal area, possibly signifying increased concentration and engagement with 
the task. The precise control over placement and size of stimuli afforded by HMDs also 
helped me determine that a stimulus size corresponding to a visual angle of approximately 
20° resulted in optimal visual memory performance. This implies that small smartphone 
screens might not be the most efficient way to train. In contrast, none of the game-like 
conditions tested resulted in any significant performance handicaps. 

In summary, the presentation and size of cognitive training tasks is clearly a factor in achieving 
optimal performance. There is, however, no evidence in my data to imply that simple game-
like elements applied to the task have a negative impact. In fact, since longer-term benefits 
appear to manifest only after a significant investment of time in training, the increased subject 
motivation and engagement obtained from gamified task design might be instrumental in 
achieving satisfactory results. !  
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1. INTRODUCTION –THE MEDIUM AND THE MESSAGE 

I can still remember the moment when I became aware that the goal for the daily crossword 

puzzle that was delivered as part of our New York Times digital subscription was no longer 

to merely finish the puzzle, but to finish it within a given time-limit. The puzzle had always 

been the domain of my father and stepmother but as the necessity to conquer it increasingly 

became a non-negotiable part of our family’s daily routine, I could no longer simply dismiss it 

as a generational pass-time. Its timely completion now occasionally impacted dinner 

preparation and other activities that I was far more interested in, so I sometimes found myself 

joining in to insure its speedy conclusion. On such occasions, I was further aware that subtle, 

encouraging sound effects accompanied our efforts and that our completion times were now 

being compared with others in an attempt to encourage us to improve our pace. In short, 

the humble, self-paced, solitary crossword puzzle experience had been transformed into a 

sometimes nerve-wracking, socially charged activity through the addition of time limits and 

various motivational elements. In the language of cognitive science, this process is known as 

“gamification.”  

Gamification of tasks to increase user motivation and engagement has wide-reaching 

implications for numerous industries. This is particularly apparent in the nascent field of 

screen-based cognitive training (aka brain training), where classic memory and logic tasks are 

repackaged into game-like applications (apps) for use on personal electronic devices. In fact, 

many individuals now encounter cognitive training for the first time via such apps.  In exchange 

for just a few minutes of daily use, manufacturers promise a variety of benefits including 

improved memory, quicker recall and generally improved cognitive health [see section 2.7].  
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The appeal of such products is easy to grasp: just as my parents discovered as they entered 

their 60s and 70s, enjoying a high quality of life in one’s later years is inextricably linked with 

maintaining good brain health. As modern medicine enables longer and longer life 

expectancies, the necessity for a truly effective cognitive training solution grows increasingly 

urgent. Yet, as an ever-larger portion of our day is spent engrossed in small screens, 

surrounded by countless competitors for our attention, the question arises: how can we be 

sure that the time we devote to keeping our brains active and healthy is being well spent? 

Moreover, is the current iteration of game-like training apps that are designed to be used in 

short, “on the go” sessions the best way to realize these cognitive health goals? 

Just before his death in 1980, the eminent social philosopher Marshall McLuhan famously 

described his contemporary media landscape with the phrase “the medium is the message”. 

McLuhan’s intended meaning was that the means by which information is conveyed has the 

power to determine or alter its very contents. If this observation is applied to the current 

state of cognitive training, the logical conclusion must be that the trend towards gamified, 

portable apps runs the risk of relegating the very important matter of our brain health to one 

guided not by science but instead by entertainment and convenience. On the other hand, 

we must also acknowledge that in spite of our desire to do everything we can to insure our 

cognitive health, our busy lives may in the end leave us only the option of performing a quick, 

gamified version of a task on our personal devices, or none at all. 

Given these complex realities, the goal of this thesis is not to find fault with, or attempt to 

completely remake, current cognitive training practices. Rather, I view the status quo instead 

as one that can almost certainly be improved. By systematically and thoroughly examining the 

recent history of screen-based cognitive training, filling in gaps along the way with original 
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research, I hope to identify concrete ways in which we can increase the efficiency and 

effectiveness of our training. Ultimately, I feel it is only through a better understanding of the 

message (the science of cognitive training) that we will be able to optimally adapt the medium 

(the design and implementation of training tasks) to insure the best outcomes for our 

cognitive training efforts. 

1.1. 40 Years of Screen-Based Cognitive Training Research  

Decades of clinical research notwithstanding, the validity of cognitive training as a whole 

remains controversial. While the number of studies that show benefits of at least some types 

of screen-based cognitive training continues to grow, studies that report little or no benefit 

from cognitive training also exist in substantial numbers (Kable et al., 2017; Owen et al., 2010; 

Sala & Gobet, 2019; Souders et al., 2017; Stojanoski, Lyons, Pearce, & Owen, 2018). In 2017, 

the journal Neurology Today went so far as to publish an article under the provocative title “Is 

Successful Brain Training Fake News?” in which the authors cautioned against unrealistic 

expectations from cognitive training (Fitzgerald, 2017). 

On the other side of the spectrum, numerous encouraging studies have demonstrated 

benefits ranging from better scores on standard cognitive assessment tests (Turunen et al., 

2019; Wolinsky, Vander Weg, Howren, Jones, & Dotson, 2013) and improved performance 

in driving aptitude tests (Eramudugolla, Kiely, Chopra, & Anstey, 2017) to general functional 

gains in memory, attention and visual-spatial ability (Chi, Agama, & Prodanoff, 2017; Conklin 

et al., 2017). One particularly influential study, best known by its initials, ACTIVE (Advanced 

Cognitive Training for Independent and Vital Elderly), made news headlines in 2017 when it 

declared that a kind of adaptive, speed of processing task known as “Useful Field of View 
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training” resulted in a significantly decreased risk of dementia up to ten years after the training 

intervention (Edwards et al., 2017).  

What defines success in cognitive training? In the absence of results from longitudinal studies 

(ACTIVE being a notable exception) the most common metric for success is the so-called 

“transfer effect”, or whether cognitive gains in a trained task lead to functional gains in related 

areas (see section 2.4 “Cognitive Training Tasks”). The presence or lack of short transfer 

(closely related tasks) or long transfer (slightly related or unrelated tasks) is a commonly 

accepted benchmark for determining whether the cognitive training intervention was 

successful or not. In general, studies claiming successful training interventions (e.g. Morrison 

& Chein, 2011) are able to show statistically significant transfer effects while skeptical studies 

(e.g. Owen et al., 2010; Stojanoski et al., 2018) are not. Additional commonly accepted 

assessment outcomes include standard psychological measures of cognition and psychosocial 

function (Hill et al., 2017). 

With a general agreement on terminology and so many researchers examining the subject 

over an extended period of time, why is there still such a discrepancy in study outcomes? 

Many potential reasons have been suggested, including a lack of agreement on experimental 

methodology, outcome assessment methods, and the design and implementation of the 

cognitive training tasks themselves (Edwards, Fausto, Tetlow, Corona, & Valdés, 2018; García-

Betances, Cabrera-Umpiérrez, & Arredondo, 2017). An example of the latter can be found 

in a recent study by Linares et. al., which found no near-transfer effect even between very 

similar working-memory tasks (Linares, Borella, Teresa Lechuga, Carretti, & Pelegrina, 2019). 

Closer inspection of their protocol, however, reveals that the training task in each case 

deviated from standard convention in that the task design was non-adaptive (i.e. task difficulty 
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was not adjusted to match subjects’ natural abilities or prior training gains). This one detail 

alone may have negatively impacted the study results as recent findings argue that the use of 

an adaptive task design is essential to the success of cognitive training (Edwards et al., 2018; 

Ross et al., 2019). In addition, environmental factors may have contributed to the lack of 

observed effect in this study as the assessment sessions were supervised by study staff 

whereas the training sessions were not. 

Another factor potentially leading to discrepancies in study findings involves the choice of 

subjects. While many cognitive training studies target older individuals or those with mild 

cognitive impairment, there is evidence suggesting that the benefits from training are greatest 

if that training occurs before the onset of age-related cognitive decline. For example, Zając-

Lamparska and her colleagues conducted a battery of training tasks with two separate groups 

of older individuals (60+), a mild impairment group and a no impairment group. They found 

significant gains only in the group of mentally fit individuals, concluding that cognitive training 

is a reasonable counter-measure for the decline experienced in normal cognitive aging but 

that waiting until signs of dementia are found is too late for beginning training (Zając-

Lamparska et al., 2019).  

In short, conflicting research findings may be the product of differing protocols, task 

modalities, training environments, or even just the criteria by which subjects are selected. The 

resulting lack of consensus hinders the creation of training guidelines and presents challenges 

for creators of cognitive training products and their users. 

1.2. Thesis Aim 
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This thesis seeks to establish whether we might be able to improve cognitive training 

outcomes by taking a closer look at the tasks used in common training regimens and the 

manner in which the tasks are implemented. Specifically, I aim to accomplish this by answering 

three questions: 

Does the introduction of game-like elements affect cognitive task performance and if 
so, which elements are primarily responsible for any observed effect?  

Does the size of the screen that we use impact the effectiveness of training?  (is there 
an optimal size?) 

In light of recent technological advances in display technology, might HMD-based 
cognitive training be the best way to insure a precisely controlled, distraction free 
training environment?  

 

By addressing these questions, this thesis aims to make a significant contribution to our 

understanding of screen-based cognitive training and help establish a “best practices” guide 

for creators and users of cognitive training products. As mentioned previously, the aim is not 

to find fault with current trends in cognitive training, but rather to provide evidenced 

guidelines to improve task design and avoid potentially counterproductive elements. 

1.3. Thesis Scope 

This thesis is necessarily interdisciplinary and requires that I examine literature from many 

different fields. In the interests of focus and brevity, there will be some fields that I naturally 

draw upon more frequently than others. The original research described in this thesis is also 

constrained by the 3-year time-period of a standard PhD, the laboratory budget, and by the 

available subject pool. As a result, it is important to acknowledge several limitations of this 

research from the onset. 
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1. I do not attempt to answer the question “does cognitive training work?” Providing an 

adequate answer to this question would require longitudinal data spanning a substantial 

period of time and access to a diverse subject pool. Furthermore, such data is in part 

already available (Edwards et al., 2017) and serves as an important point of reference for 

this thesis. By focusing on the psychological and psychometric aspects of cognitive task 

design, along with aspects related to the implementation of training, I hope to make an 

important contribution to the field that remains within the scope of what is possible. 

2. Directly comparing variously sized screens across different display technologies introduces 

too many variables to be able to reach a satisfactory level of construct validity. Instead, I 

adopted an approach of first validating the use of an HMD for conducting psychometric 

experiments. I then conducted the bulk of my experiments on this platform. I found that 

a single visual environment with a common brightness, resolution and precise stimulus 

positioning capabilities provided the best opportunity for exploring the cognitive impact 

of various stimulus sizes and novel visual features such as 3-D depth. 

3. I do not evaluate the motivational and engagement aspects of gamification. There is ample 

prior research addressing this and a working consensus has emerged that gamified design 

patterns do indeed increase subject motivation and satisfaction (Lumsden, Edwards, 

Lawrence, Coyle, & Munafò, 2016; Vermeir, White, Johnson, Crombez, & Van Ryckeghem, 

2020). Rather, the oft-acknowledged heterogeneity and lack of precision in past 

experiments with regards to the performance impact of specific game-like elements 

provides me with ample opportunity to make a potentially valuable contribution. 
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4. There is a great diversity of training and assessment tasks employed in cognitive research. 

For the original research described in this thesis, I was faced with the challenge of finding 

or creating tasks that incorporated the most promising elements and then adapting those 

tasks to operate in a virtual reality environment. This involved careful consideration not 

just of task effectiveness but also protocol strategies to minimize individual subject 

differences and boost statistical power. The exact process of selecting which cognitive 

functions would be addressed for each experiment is described in detail in their respective 

Methods sections 3.3.1, 4.3.1 and 5.3.1. While it is possible that the study results might 

have been different had I used other cognitive tasks, I ultimately feel the choices I made 

allowed me to adequately meet my research objectives. 

1.4. Thesis Overview 

This thesis contains six chapters. Chapter 1 includes an overview of the current state of 

screen-based cognitive training and establishes the scope of this thesis.  

Chapter 2 systematically lays out the research relevant to this thesis, including sections on 

cognitive function, training strategies, assessment methods and cognitive task design principles 

for screen-based training, including the recent use of virtual reality. It also includes an overview 

of the ongoing cognitive training controversy, as well as detailing the challenges inherent in 

examining a field that encapsulates, on the one hand, a legitimate academic research discipline 

pertaining to cognitive function and human-computer interaction and, on the other hand, a 

commercial industry that tends to promote only positive outcomes. 

Chapters 3, 4 and 5 describe a trio of experiments that were conducted during 2020 and 

2021 to address the research needs defined in section 1.2, “Thesis Aim”. The chapters draw 
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largely from the journal articles and conference presentations in which they were originally 

published. The experiments are as follows: 

Experiment 1 (chapter 3) began as a simple feasibility study to determine whether scalp EEG 

could be reliably measured while simultaneously wearing an HMD. After initial validation, the 

study protocol was expanded to include EEG-based evaluations of a multi-modal visuo-spatial 

task performed in both VR and non-VR environments. The goal was to document any 

potential variation in the cognitive response between the two modalities while performing 

an otherwise identical task. A broad-spectrum EEG analysis revealed the presence of 

statistically significant differences in frontal theta power between the two experimental 

conditions, compared with a control. These results subsequently led to the formulation of a 

hypothesis regarding the relationship between stimulus size (or perceived stimulus size) and 

cognitive effort. This hypothesis became the basis for the subsequent experiment. 

Experiment 2 (chapter 4) introduced a simpler visual memory task, inspired by the well-

documented n-back task. The primary purpose of this cognitive task, which targets working 

memory, was to elicit sustained cognitive load in the frontal area that could be modulated by 

manipulating task difficulty. To eliminate the possibility of data contamination resulting from 

environmental and social distractions, it was decided that the entirety of the experiment 

would be conducted using an HMD. This setup had the additional advantage of making 

calculations related to stimulus brightness, size and position much more reliable, compared 

with a traditional LCD-monitor. Results confirmed the study hypothesis that stimulus size had 

a significant impact not just on EEG power, but also on task performance. Moreover, the data 

revealed that the optimal stimulus size for maximizing task performance corresponds to a 
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roughly 20° visual angle, coinciding with the anatomical limits of the macular area in the 

human retina. 

Experiment 3 (chapter 5) expanded on the previous study by fixing the visual angle at 20° 

for all experimental conditions and introduced a series of game-like visual elements to the 

core task as independent variables. The choice of visual elements included 3D depth, an 

element rarely examined in previous game-features impact studies due to the relative novelty 

of virtual reality headsets in cognitive training research. This represented one novel element 

of the study. Another novel element was the concurrent use of both task performance and 

EEG outcomes, enabling the possibility of direct correlations for each independent variable. 

Previous research was inconclusive regarding the performance impact of game-like features, 

with some studies documenting substantial effect sizes and others finding only a small effect 

or none at all. My study also ultimately found no significant differences for any of the 

conditions tested. An extensive discussion of the results at the end of chapter five points to 

possible explanations for these findings. 

Finally, chapter 6 synthesizes the findings of all three experiments and offers an initial proposal 

for “best practices” screen-based cognitive training design, derived both from the results of 

my original research and an extensive prior literature review. I conclude by revisiting the 

limitations of the results presented in this thesis and offer my recommendations for possible 

future research directions.  

!  
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2. BACKGROUND AND SYSTEMATIC REVIEW 

Any analysis of cognitive training must necessarily start by defining which cognitive processes 

we are seeking to improve or maintain through training. Generally, these fall under the 

broader category of “executive functions,” with a particular emphasis on working memory. 

A description of the key executive functions, along with related concepts such as fluid 

intelligence, comprises the first section of this chapter. 

This will be followed by sections dedicated to the following topics: 

" Methods for assessing cognitive function 

" Traditional cognitive training tasks 

" Commercial adaptations of traditional tasks 

" Action games research and gamified tasks 

" New possibilities for screen-based training, including virtual reality 

" Design principles for constructing training tasks 
 
Finally, I will discuss specific considerations for my research in light of the prevailing trends in 

training studies and the availability of novel hardware, including portable, wireless EEG 

amplifiers and virtual reality headsets. 

 

2.1. Executive Functions, Working Memory and Fluid Intelligence 

The body of mental processes that are responsible for the cognitive control of behavior are 

generally referred to as executive functions. They include planning, organization, decision 

making, problem solving, attention to detail, remembering, time management, spatial 

scanning, inhibition and self-control (Miyake et al., 2000). In addition, the core executive 
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functions are often operationally summarized into three principle categories: working 

memory, inhibition, and mental flexibility (Lumsden, Edwards, et al., 2016). 

Working memory (WM) refers to the brain’s short term repository for items and is usually 

considered to be limited to 7-8 elements that are stored for no more than 10 seconds (Logie, 

Horne, & Pettit, 2014). WM has been linked to general cognitive capacity perhaps more than 

any other cognitive process and often serves as a proxy for cognitive ability in general.  

A related concept, fluid intelligence (Gf), refers to the ability to reason and to solve new 

problems independently of previously acquired knowledge. While first proposed in 1963 by 

Raymond Cattell, the term has since gained broad acceptance and is frequently employed in 

working memory studies in particular (Susanne M. Jaeggi, Buschkuehl, Jonides, & Perrig, 2008; 

Unsworth, Fukuda, Awh, & Vogel, 2014).  

Part of the enthusiasm surrounding WM training is due to the fact that it has been shown to 

improve or maintain cognitive abilities not just in older individuals, who are at greatest risk of 

declining function, but also in younger subjects. For instance, Artuso et al. reported that 

significant gains were obtained by 9-10-year-old children in both text updating and reading 

comprehension tasks in their 2019 study (Artuso, Carretti, & Palladino, 2019). Notably, they 

found a far transfer effect for both types of training. Borella et. al. found a similar result for 

students as young as 8 years old, with WM training reliably boosting reading comprehension 

skills up to 2 months later in their examination of 48 elementary school students (Borella, 

Carretti, Riboldi, & De Beni, 2010). 

Hypotheses as to why working memory training seems to more reliably elicit long term gains 

in fluid intelligence and related executive functions tend to be divided into two schools of 
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thought. The first of these proposes that training really just teaches us improved memory 

strategies, rather than improving our memory capacity per se. Grouping techniques such as 

chunking can be learned (or spontaneously acquired) and subsequently applied in unrelated 

memory tasks. In support of this theory, a 2019 paper by Meiran and Dreisbach entitled 

“Mechanisms of working memory training” notes that subjects use less and less actual WM 

capacity over time as they develop strategies (Meiran, Dreisbach, & von Bastian, 2019). 

Artuso and his team also acknowledged this possibility in their reading comprehension study, 

noting that while far transfer gains were significant, near transfer effects to other WM training 

were much more limited and they speculated about whether the reported gains might, in 

fact, be due to the acquisition of learning strategies (Artuso et al., 2019). 

A second possibility is that correlations between WM and Gf may instead be due to some 

entirely separate higher-order function. Meiran and Dreisbach, for example, noted that the 

link between WM training and gains in Gf through correlation alone cannot be considered 

conclusive. They offer the example of grip strength: right hand grip strength is highly 

correlated with left hand grip strength, but benefits derived from physically training only the 

left hand will not transfer to right hand strength (Meiran et al., 2019). 

Jaeggi et al., authors of an influential 2008 study that first introduced the popular dual n-back 

task, countered in a 2011 paper that attention and working memory may instead rely on 

similar neural networks. They further confirmed that WM training using n-back was 

particularly effective in achieving long term transfer gains, as shown by Gf tests conducted 

three months after initial training was complete (Susanne M. Jaeggi, Buschkuehl, Jonides, & 

Shah, 2011). Nevertheless, Studer-Luethi and Meier found that training tasks targeting other 

executive functions such as inhibition were just as effective as n-back, which is to say not very 
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effective. They reported no far transfer for either n-back nor a separate auditory inhibition 

task in their 2020 study (Studer-Luethi & Meier, 2020).  

As we shall see repeatedly when comparing studies that report differing results, however, 

small changes in protocol or nomenclature (for instance, how to define near/far transfer) may 

have an outsized effect on the study outcome. In short, a lack of shared methodology often 

hampers direct comparisons between study findings. 

2.2. Measuring Cognitive Function with EEG 

Encephalograms, or EEGs, are a widely used technology to assess cognitive activity. In its 

simplest form, it involves the placement of electrodes onto the surface of the human scalp. 

These electrodes, in combination with a powerful signal amplifier, are able to capture and 

record synaptic activity at the microvolt level. The accumulated raw data are then commonly 

separated into their component frequency ranges using a technique such as fast Fourier 

transform (FFT) and finally data-mined for specific patterns of activity, or features (Wolpaw & 

Wolpaw, 2012). While not as precise as other methods of measuring brain function, such as 

MRI or CAT, EEGs have the advantage of portability, processing speed and temporal 

precision. An in-depth exploration of the history and use of EEGs goes beyond the scope of 

this thesis, but as it plays an important role in the original research presented in this thesis, a 

closer look at prior studies linking EEG data with specific cognitive processes is warranted. 

Most individuals reading this thesis have probably encountered the rows of wavy lines 

associated with EEG data visualization (figure 1).  
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Figure 1: EEG data is commonly visualized in the time-dimension with rows corresponding to the 
activity captured by individual electrodes. (Image credit: mayoclinic.org) 

Like other direct visualizations of brain activity such as the aforementioned MRI or CAT scans, 

these images impart an air of scientific irrefutability. Decades of mostly uncritical use of such 

imagery in the popular press has led many casual observers to place an often-unmerited trust 

in media reports that make reference to such technologies. A 2015 New York Times article, 

for example, famously informed its readers that brain scans proved that fans of Apple 

Computer, Inc.’s products loved their iPhones because, the article claimed, scans showed 

activations in the “pleasure center” area of the brain during use of the popular smartphones 

(Lindstrom, 2011). 

The interpretation of data obtained from scanning technologies such as EEG is, in reality, 

much more complicated. Results often rely on correlations that are highly specific to the 

particular conditions of the observed task.  In the aforementioned example, for instance, 

disliking one’s iPhone could just as easily have generated activations in the exact same area 
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of the brain (amigdala) which, contrary to popular belief, is associated with not just one but 

a host of different emotions and cognitions  (Ressler, 2010). 

While claims of one-to-one associations between specific brain locations and individual 

human emotions are best approached with a healthy dose of skepticism, biometric 

technologies such as EEG do excel at establishing correlations between broader categories of 

cognitive activity and their related areas of cortical activation.  One such well-documented 

relationship involves the executive functions of attention and memory, and corresponding 

cognitive activity in the frontal and parietal cerebral regions. A long history of experiments 

extending back more than two and a half decades has documented clear patterns of 

synchronization between task-induced working memory load and frontal hemisphere activity 

in the theta frequency range (4-8Hz) (Başar, Başar-Eroglu, Karakaş, & Schürmann, 2001; Alan 

Gevins, Smith, McEvoy, & Yu, 1997; Holm, Lukander, Korpela, Sallinen, & Müller, 2009; 

Inanaga, 1998; Kahana, Seelig, & Madsen, 2001; Klimesch, 1996, 1999; Pope, Bogart, & 

Bartolome, 1995; Sauseng et al., 2005; Schacter, 1977; Wilson & Russell, 2003; Yamada, 

1998). Our understanding of this relationship was further extended by subsequent research 

showing that those same cognitive demands also often result in a marked suppression of 

alpha wave activity (8-13Hz), particularly in the parietal area (Antonenko, 2007; Ewing, 

Fairclough, & Gilleade, 2016; Fairclough & Venables, 2006; Fournier, Wilson, & Swain, 1999; 

Alan Gevins et al., 1998; Ryu & Myung, 2005; Sterman & Mann, 1995).  

Because I, too, am interested in tracking working memory load for my research, I decided to 

do a small feasibility study (n=4) to see if I could achieve similar results. While subjects 

alternated between resting and performing a simple one-back working memory task I 

recorded EEG signals in the frontal area. I found that my results largely matched the findings 
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documented by prior researchers: engagement with the cognitive task led to an immediate 

spike in theta activity at electrode position Fz and a corresponding suppression of spectral 

power in the alpha range. Plotted spectral data for a typical subject can be found in Appendix 

A.1. 

Another advantage of using EEGs to measure task engagement is that EEG spectral amplitude 

(the amount of measured EEG power) has also been shown to be extremely sensitive to 

minor changes in the degree and type of cognitive demand. For instance, Naumann et al. 

found that they were able to accurately distinguish between multiple difficulty levels during 

video game play by observing only the theta and alpha rhythms of their subjects (Naumann, 

Schultze-Kraft, Dähne, & Blankertz, 2017). Similarly, Slobounov and his colleagues found that 

merely adding a time pressure component to their cognitive task was sufficient to significantly 

impact the observed theta and alpha power (S. M. Slobounov, Fukada, Simon, Rearick, & Ray, 

2000). Most recently, Puma and his associates confirmed a consistent relationship between 

cognitive load and theta EEG power in their experiment that manipulated load by varying 

the number of concurrent tasks (Puma, Matton, Paubel, Raufaste, & El-Yagoubi, 2018). In 

short, the use of EEGs to document a variety of cognitive function is a validated and well-

understood process that is used in numerous studies every year. 

2.3. Cognitive Assessment Surveys 

Cognitive assessment surveys employ a wide range of methods and strategies. The ones that 

are the most pertinent to cognitive training cover two basic areas: general 

intelligence/cognitive impairment and overall cognitive capacity. The former category includes 

popular batteries such as the RPM/APM (Raven’s Progressive Matrices/Raven’s Advanced 
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Progressive Matrices), MMSE (Mini-mental State Examination) and the IADLs (Instrumental 

Activities of Daily Living scale). Generally speaking, these tests include a series of assessment 

questions from a variety of cognitive domains and are considered highly reliable with good 

concurrent validity (Bauco et al., 1998; S. Katz, Ford, Moskowitz, Jackson, & Jaffe, 1963; 

Monroe & Carter, 2012; Raven, 2000; Schwarz, Diener, & Kahneman, 1999). Of these, the 

RPM is entirely non-verbal and focusses on reasoning capacity as each test item requires the 

subject to complete a visual series by choosing an answer that completes a proposed pattern. 

At the other end of the spectrum, the IADLs asks the subject specific questions about day-

to-day capabilities, such as their ability to independently take their medications or do their 

own laundry (Lawton & Brody, 1969). Differences aside, all of these tests assume at least a 

minimal level of literacy on the part of the subject.  

Cognitive capacity tests, on the other hand, are primarily perceptual tests and are not limited 

or biased by the literacy level of the subject. They are generally more narrowly focused in 

scope but nevertheless correlate highly with a variety of cognitive functions, including working 

memory capacity (Tiego, Testa, Bellgrove, Pantelis, & Whittle, 2018). Of these, the following 

two tasks deserve a more detailed introduction due to their widespread use.  

1) Flanker:  

As a classic test of attentional inhibition, the flanker test assesses the subject’s ability to 

quickly evaluate similar-looking stimuli placed immediately to the left or right of the 

primary stimulus. When the “flanking” stimuli are the same as the central stimulus, the 
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condition is considered congruent, as opposed to an incongruent condition where the 

stimuli differ (see figure 2). 

 

Figure 2: Flanker test requires user to compare central target stimulus with “flanking” stimuli. 

Generally, subjects take longer to identify the incongruent state, and the difference 

between the reaction time for congruent and incongruent responses is assessed as the 

interference effect. 

The underlying concept being very simple, many variations on the flanker test exist. For 

example, some versions use a combination of text and images while some use images 

alone. The flanker test has been repeatedly validated and remains one of the most widely 

used cognitive tests due to its adaptability and ease of implementation (e.g., Green & 

Bavelier, 2003; Lumsden, Skinner, Woods, Lawrence, & Munafò, 2016; Tiego et al., 2018). 

2)  Stroop:  

Response inhibition can be defined as voluntary control over goal-irrelevant stimuli, 

cognitions and responses (i.e., ability to ignore distractions). The Stroop test, first 

proposed by John Ridley Stroop in 1929, makes use of this effect to explore how cognitive 

processing is impacted by conflicting information. In the classic version of the test, the 
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names of colors are written in either the same color ink as their names, or in an alternate 

color. Subjects are asked to read through the list of colors as quickly as possible but in 

doing so should ignore the word itself and rather simply announce the color that the word 

is printed in (figure 3).  

 

Figure 3: Stroop’s test required the user to say the color the word is printed in, not the word itself. 

Although performance can be improved with training, Stroop found that incongruent 

instances (meaning and signification are at odds) initially resulted in processing delays of 

nearly 75% compared with a congruent case (meaning and signification are identical) 

(Stroop, 1935). Like the flanker test, the Stroop test has also been adapted numerous 

times, e.g., to allow for the use of images and sound. An example with sound is the Simon 

test, proposed in 1969 (Simon, 1969). Interestingly, the difference in reaction times for 

the incongruent condition in the Simon test are not as dramatic as the original color-

printed-word test, at about only 30%. This suggests that the inhibition response may be 

particularly sensitive to visual stimuli (figure 4). 
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(a) (b) 

Figure 4: (a) Classic Stroop color/word test; (b) “Simon”: Stroop test modified to use audio stimuli 

2.4. Cognitive Training Tasks 

Over the course of many decades of cognitive research, numerous training tasks have been 

proposed and tested. Often these tasks are derived from previously validated assessment 

tests and their aim is consequently to improve performance on those targeted tests. The 

justification for such training generally uses the following rationale: if the assessment test X is 

correlated with cognitive functions Y or Z, and the X-derived training task boosts test results 

in X, perhaps training task X can improve functions Y and Z directly. As previously mentioned 

(see section 1.1), this training effect is known as the transfer effect and can be measured 

empirically. Transfer is generally further differentiated into near and far transfer. For example, 

Jaeggi’s 2008 study found a medium strength near transfer effect to fluid intelligence measures 

and a small far transfer effect to other intelligence outcomes (S. M. Jaeggi, Buschkuehl, Jonides, 

& Perrig, 2008).  Morrison and Chein, in an extensive literature review, identified numerous 

reports of strong training-related transfer derived from working memory training (Morrison 

& Chein, 2011). The extent to which any of these outcomes applies to events in our actual 

everyday lives is referred to as ecological validity. In general, most cognitive training tasks aspire 
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to achieve both near and far transfer gains in their targeted cognitive functions, as well as 

maximizing the ecological validity of their outcomes.  

While an absolute consensus regarding the relationship between cognitive training and 

ecologically valid transfer effects is still lacking, some tasks stand out simply due to their 

widespread use and the number of studies that have achieved promising results while 

employing them. Of these, the following two tasks in particular are essential to the research 

described in this thesis.  

1) N-back:  

The n-back task first appeared in a PhD thesis in 1953 as a visual task to assess age effects 

on short-term memory and fatigue (Kane, Conway, Miura, & Colflesh, 2007) but was not 

published in a peer-reviewed journal until 1958 (Kirchner, 1958). It has since been shown 

to correlate highly with a wide variety of intelligence measures (Friedman et al., 2006, 

2008; A. Gevins & Smith, 2000; Salthouse, Pink, & Tucker-Drob, 2008; Shelton, Elliott, 

Matthews, Hill, & Gouvier, 2010; Van Leeuwen, Van Den Berg, Hoekstra, & Boomsma, 

2006; Waiter et al., 2009). Like other tasks whose original purpose was cognitive 

assessment, n-back has now become a popular and widely used training task. In the classic 

n-back task, a subject is presented with a continuous stream of similar stimuli. The subject 

must then indicate when the current stimulus matches the one from n steps earlier in the 

sequence. One important early finding was that while most individuals were able to 

perform the n-back task with high levels of accuracy at the zero and one-back levels, 

accuracy at higher levels of n dropped off dramatically, particularly in older individuals  

(Kane et al., 2007; Mackworth, 1959). 
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A chief strength of n-back is its adaptability: the stimuli can be letters or other characters, 

or a series of images. Alternatively, the n-back variable can be a change in the stimulus 

color, size or position. The classic task can also be easily extended into a multimodal 

variant. For example, a version of n-back dubbed the “dual n-back” received extensive 

mainstream coverage in publications such as Wired magazine (“Researchers Develop 

Software That Makes You Smarter”, 2008) when task performance was found to 

correlate highly with fluid intelligence measures (Susanne M. Jaeggi et al., 2008). While the 

“dual” nature of Jaeggi’s experimental task was initially given credit for the dramatic finding, 

similar results have since been recorded with just a single mode version of the task (e.g. 

the classic n-back) (Susanne M. Jaeggi, Buschkuehl, Perrig, & Meier, 2010). 

2) UFoV (Useful Field of View) Training: 

 The concept of a “functional visual field” dates back to 1970 and can be defined as the 

area of the visual field over which information can be acquired in a brief glance without 

eye or head movements (Sanders, 1970). Based on Sanders’ research, along with other 

prior visual attention and search studies, Sekuler and Ball developed an assessment test 

in 1986 that they dubbed the Useful Field of View (UFoV) test (Sekuler & Ball, 1986). The 

test has since been shown to have high ecological validity (Clay et al., 2005) and is highly 

correlated with important indices of independence and mobility including ambulation, falls, 

and driving competence (Ball & Owsley, 1993; Broman et al., 2004; Myers, 2000; Owsley 

et al., 1998; Stalvey, Owsley, Sloane, & Ball, 1999). 

The standard version of the test contains several individual subtests to assess processing 

speed, selective attention and distractor suppression, respectively. The core task requires 
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subjects to identify a previously displayed stimulus from among various similarly shaped 

distractors. Depending on the subtest, the stimuli may appear in either the central visual 

area, the peripheral area, or both (see Fig. 5). 

 

Figure 5: Original UFoV subtests designed to assess selective attention and distractor suppression 
capabilities. In subtests two, three and four, both the stimulus type and position in the periphery 
must be accurately reported to successfully complete the task. 

Like n-back, the UFoV task was originally designed as a clinical assessment tool. In the shift 

to becoming a training task, a number of additional visual and narrative elements are often 

added to make the task more appealing. These elements include the use of cartoon-like 

icons, colorful, task-irrelevant background imagery, thematic storylines, scoreboards and 

others (Fig. 6). 

 

Figure 6: Commercial UFoV training tasks like Posit Science’s “Visual Edge” task often resemble 
games. 
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Such game-like features in training tasks have since become widespread and their use has 

been hotly debated both inside and outside of the academic community. The following 

section 2.5 summarizes the debate. 

Along with n-back, UFoV training is currently considered among the most promising 

cognitive training strategies. A comprehensive systematic review and meta-analysis 

published in 2018 found it to have the largest gains vs. controls of all the computerized 

training types tested. In particular, UFoV training was found to be linked to improved 

mobility and reduced medical expenditures, among others (Edwards et al., 2018). 

Furthermore, studies cited in the review showed that general cognitive gains, as 

determined by the Activities of Daily Living scale, were still robust up to 7 years following 

training.  

The documented long-term durability of UFoV training seems in part to be linked with 

the multimodal nature of the task. An early fMRI study found that functional connections 

among brain regions within the greater cognitive control network were strengthened 

during UFoV training, suggesting that the neural systems of trained individuals became 

tuned to more efficiently utilize neural resources (Dosenbach, Fair, Cohen, Schlaggar, & 

Petersen, 2008). A more recent study also using magnetic resonance imaging technology 

similarly found increased functional connectivity in multiple regions of interest, including 

both the executive function and visual areas of the brain (Ross et al., 2019). 

Crucially for commercial applications, UFoV has additionally been shown to be robust in 

settings outside of a clinical environment, such as at home. A 2013 study found its 

effectiveness in home settings comparable to a controlled, clinical environment (Wolinsky, 

Weg, Howren, Jones, & Dotson, 2013). Most recently, television-based home training 
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with a task similar to UFoV was associated with improvements in several cognitive 

domains including verbal memory, inhibition and general processing speed (Nouchi, 

Kobayashi, Nouchi, & Kawashima, 2019). 

2.5. Gamified Cognitive Training 

Gamification is generally defined as the process of adding digital game elements into non-

entertainment settings to increase (intrinsic) motivation and engagement (Vermeir et al., 

2020). Given the large number of features that could potentially be classified as game-like, a 

number of taxonomies have been proposed (e.g., Marczewski’s “Periodic Table of 

Gamification Elements”) that further classify features into sub-categories such as socially-

oriented or achievement-oriented gamification elements (Marczewski, 2015). Commonly 

encountered game-like features include thematic imagery, animations, score boards and real-

time progress feedback.  

When coupled with cognitive tasks specifically designed to maintain or improve one’s 

cognitive abilities, the result may be referred to as gamified cognitive training. The recent 

widespread availability of such gamified training products in the form of “apps” (applications) 

on smartphones and tablets, along with a growing public awareness of cognitive training in 

general through mainstream media coverage, have all contributed to the creation of a multi-

billion dollar industry (MarketsandMarkets Research, 2020).  

The primary objective of gamified training, i.e., increasing subject motivation by incorporating 

game-like elements, is supported by a large number of studies and surveys in both the 

cognitive training and games research domains (Boendermaker, Veltkamp, & Peeters, 2017; 

Mekler, Brühlmann, Brühlmann, Opwis, & Tuch, 2013; Mohammed et al., 2017; Vermeir et 
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al., 2020). Moreover, increased motivation and engagement has been shown to lead to 

improved quantitative results. For example, research results from 2018 showed that subjects 

who received explicit rewards for completion of a declarative memory task outperformed 

individuals who received no such rewards (Prena, Reed, Weaver, & Newman, 2018). 

Similarly, Gooding and her team compared three different types of computerized cognitive 

training and concluded that training techniques incorporating motivational strategies appear 

to provide more benefit than training alone (Gooding et al., 2016). 

Where the current state of research is less clear, however, is in our understanding of exactly 

which game-like elements, or combination of elements, may be responsible for improved 

outcomes. A recent, comprehensive review looking into the use of gamification strategies in 

cognitive training and assessment studies overwhelmingly found that while gamified training 

does boost participant motivation, study heterogeneity impeded the drawing of clear 

conclusions with regard to training gains (Lumsden, Edwards, et al., 2016). Notably, the study 

authors identified no fewer than 28 game-like elements employed in the 33 studies surveyed. 

These included positive/negative task feedback, time-pressure, storylines or narrative 

elements, interactive status displays and many others.  

In addition to a diverse range of independent variables, Lumsden and Edwards also 

documented a large number of differing experimental outcomes. The majority of studies 

surveyed sought to measure user satisfaction, engagement and subject retention, while 

performance and ecological validity (i.e., the transfer of trained skills into real life tasks) were 

among the least often assessed. Of the studies that did look specifically at the impact of 

gamification on performance, the game-elements examined were often limited to minor 

interface adjustments, modified subject instructions, or they were not sufficiently granular to 
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extract meaningful design guidance (Lumsden, Edwards, Lawrence, Coyle, & Munafò, 2016). 

Mohammed et al., for example, compared two adaptations of an n-back task, including one 

that in their own words “involves a visual rich display, multiple soundtracks, as well as 

navigation challenges that can potentially interfere with improving memory per se” 

(Mohammed et al., 2017). Thus, while some game elements might have contributed to user 

engagement and task performance, others might have simultaneously served to impede or 

counteract those very gains.  

A similar conclusion was reached in another well-regarded study from 2014 with a sizable 

subject pool (n=107). Katz et al. found that unneeded stress and new cognitive demands 

may have been induced by distracting game elements such as persistent score displays, leading 

to reduced performance. However, rather than individual game elements added one-by-one 

to an unmodified task, the study design instead removed specific game elements from a larger 

group of game features. This approach seems to leave the possibility open for the remaining 

elements to compensate for the removal of a single one, making it difficult to know for sure 

which element(s) might have specifically accounted for the new cognitive demands (B. Katz 

et al., 2014). 

Finally, a second, more recent, systematic review of the effects of gamification on 

computerized cognitive training was undertaken by Vermeir et al. in 2020. Echoing the results 

of Lumsden's survey, Vermeir and her colleagues similarly found that of the 49 papers 

examined, “no study has reported on the effect of a single element alone” and that “game 

elements were…investigated only in combination, making it impossible to establish whether 

individual elements had measurable effects” (Vermeir et al., 2020). 
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From these and other studies, it is clear that one of the primary challenges in designing 

gamified training tasks is to strike the right balance between motivating the subject on the 

one hand, and avoiding unintended complication and distraction that might impede task 

performance on the other. As Katz and others have shown, the danger of inadvertently 

introducing elements that weaken the primary training goals through the generation of new 

and unrelated cognitive demands is very real (B. Katz et al., 2014b; Miranda & Palmer, 2013). 

More accurate differentiation and classification of different gamification elements is one 

potential way to avoid such issues. 

2.6. Action Gaming Research 

Complementing the study of gamified tasks, the parallel field of games research includes many 

of the same elements as dedicated cognitive training studies. Rather than employing bespoke 

tasks that target specific cognitive processes, however, games researchers generally group 

existing commercial games into specific genres that reflect the characteristics of the game 

style, and therefore the underlying cognitive processes that are engaged. Within these 

classifications, the action game genre has received particular attention due to its association 

with increased concentration capacity for active players. Of particular interest for proponents 

of cognitive training was Bavelier and Green’s 2003 publication, “Action video game modifies 

visual selective attention” in the journal Nature (Green & Bavelier, 2003). This study 

documented both the aforementioned increased attentional capacity for players of action 

video games, as well as the likelihood that these differences were not innate but acquired. 

Notably, the authors demonstrated that similar attentional gains could be acquired by 

previously non-gamer subjects through training. Bavelier speculated that the cognitive 

processes inherent to action video games that specifically contributed to cognitive gains 
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included time pressure, a constant need to select targets from among distractors, and divided 

attention.  

In their 2020 paper, “Enhancing attentional control,” Cardoso Leite et. al., echoing Bavelier, 

similarly proposed the following three key mechanics that must be present in an interactive 

environment in order to foster augmented attentional control:  

(1) pacing, or the need for making decisions under time pressure 

(2) divided attention, or the need to filter distractors and sustain attention over a 
large part of one’s environment for a significant period of time 

(3) the need to switch between modes of processing 

 

If these conditions sound familiar it is probably because are remarkably similar to those 

proposed by Dr. Edwards as being critical to the success of cognitive training tasks in order 

to achieve long transfer and ecological validity (Edwards et al., 2018). 

Despite striking similarities, research investigating the effects of gamification on cognitive 

training outcomes occasionally diverges from pure action games research. One primary 

difference has to do with the definition and employment of key terms. For example, the 

cognitive function literature differentiates between different methods of evaluating attention, 

including distraction suppression and target recognition. Traditional cognitive training generally 

focusses on the former, emphasizing the ability to ignore increasingly salient distractors 

(Mishra, Kumar, Padmanabhan, & Gulyás, 2021). Action gaming, however, primarily targets 

the latter, rewarding players who identify potential targets as quickly as possible. As a result, 

action games training has been found to primarily result in enhanced thresholds on perceptual 
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tasks, such as those that require participants to identify low contrast targets or small letters 

in crowded visual fields (Green & Bavelier, 2007; Li, Polat, Makous, & Bavelier, 2009). 

The experimental findings of the two research disciplines are also used in slightly different 

contexts. For example, one direct application of the results of action games research is, 

unsurprisingly, in the field of professional gaming, including elite sports. Indeed, 3D Multiple 

Object Tracking (3D MOT), one of many tasks inspired by action games research, along with 

other related measures of attentional control, appears to be a good predictor of a variety of 

skills in professional athletes (Qiu et al., 2018). Furthermore, these relationships are not just 

correlational. Dedicated 3D MOT task training has been reported to improve not just 

attention but also visual information processing speed and working memory in young and 

older adults (Legault & Faubert, 2012; Parsons et al., 2016; Vartanian, Coady, & Blackler, 

2017). It has additionally been shown to directly impact soccer player performance on the 

field (Romeas, Guldner, & Faubert, 2016). Consequently, training based on MOT is now 

included in the commercial training products offered by a variety of companies targeting the 

pro-gamer, sports and fitness industries, including Neuron Academy, Neurotrainer, and others 

(Appelbaum & Erickson, 2018). 

At the time of the first gaming studies in the early 2000s, the action games genre was 

dominated by simple shooting games that had minimal story lines and whose game objectives 

rarely went beyond eliminating endless waves of enemies. In contrast, non-action video 

games such as puzzle or turn-based strategy games did not require decisions to be made 

under time pressure and focused primarily on resource management and long-term planning. 

In the intervening two decades, however, over 50 different game genres are now officially 

recognized (“Category:Video game genres - Wikipedia,” retrieved 1/6/22). As Bavelier notes, 
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the action games genre has evolved to incorporate many elements that were formerly 

associated with non-action genres, including future planning and strategy formulation. The 

intermingling of genres has in turn increased the complexity of establishing links between 

specific aspects of gameplay and corresponding cognitive gains (Bavelier & Green, 2019), a 

challenge for cognitive training research as well. 

2.7. Commercial Cognitive Training 

Just as action games research findings quickly found their way into commercial products, 

cognitive training studies have similarly contributed to a dramatic increase in the availability, 

and public awareness of, commercial “brain training” products. Along the way, an intense 

legitimacy debate was sparked that continues to this day. 

The first commercial screen-based cognitive training app is generally considered to be “Brain 

Age,” released in 2005 for the Nintendo DS game system (Bonnechère, Klass, Langley, & 

Sahakian, 2021). This initial release included popular logic tasks such as Sudoku, but also 

distractor-avoidance tasks that resembled classic cognitive assessment tasks such as Stroop 

and Flanker. Shortly after, in 2012, Posit Science Corporation officially announced the launch 

of BrainHQ, a commercial cognitive training system (“BrainHQ: Brain Training that Works,” 

2020). Other companies rapidly followed with competing products and in the following 

decade the cognitive training industry enjoyed unprecedented growth. Much of this rise was 

undoubtedly due to the increasingly widespread availability of cognitive training products in 

the form of game-like, consumer-oriented applications on smartphones, tablets and home 

entertainment systems. In fact, app-based commercial “brain training” (i.e., regular activities 

undertaken to maintain or improve one’s cognitive abilities) is poised to become a USD 8 
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billion industry according to some industry experts (MarketsandMarkets Research, 2020). 

Market leaders Posit Science and Lumosity boast of millions of users and “proven results” 

(“BrainHQ: Brain Training that Works,” 2020; “Lumosity for mobile,” 2021).  

The cognitive training products produced by these companies, however, often differ 

significantly in appearance from the paper and pencil versions published in previous decades 

(Fig 7).  

 No longer dependent on bring printed and distributed on paper, screen-based training apps 

now include many interactive elements that are usually associated with games, including 

motivating stories and challenges, colorful buttons, and other game-like features (see previous 

section: “gamified training”). Since these products now exist for the most part as software 

titles, they can be installed and accessed from a wide variety of devices. Crucially, they are 

often designed from the onset for increased convenience and marketed to busy users as 

products that can be used “on the go”: 

It can fit into your life (even if you are busy): … you can use BrainHQ on almost any 
computer or mobile device, so you can take it on the go. If you want, you can set up 

  

(a) (b) 

Figure 7: (a) Classic Sudoku task as printed in Dell magazine, ~1979; (b) Brain Age 2 Sudoku, 
2005 
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personal training goals and have BrainHQ send you training reminders when you want 
them. 

[Brain HQ (https://www.brainhq.com), accessed 9/13/2021]. 

The rise of commercial training has not been without its share of controversy, however.   In 

part to address overly optimistic claims on the part of commercial makers, an open letter co-

authored by scientists at California’s Stanford University and the Max Planck research institute 

was published in 2014. With over 70 co-signers, the letter, entitled “A Consensus on the 

Brain Training Industry from the Scientific Community” stated unequivocally that “…there is 

little evidence that playing brain games improves underlying broad cognitive abilities, or that 

it enables one to better navigate a complex realm of everyday life.” (“A Consensus on the 

Brain Training Industry from the Scientific Community,” 2014). 

Although a rebuttal later that year (“Brain Training Consensus - Rebuttal,” 2014) laid out the 

case in favor of training effectiveness, the United States Federal Trade Commission (FTC), a 

consumer protection agency, brought lawsuits against several companies in 2015. The charge 

was that the targeted companies advertised their products using language that suggested 

academic validity when in fact no consensus as to the effectiveness of cognitive training 

existed at the time. The offending companies were required to remove claims of efficacy 

from their marketing materials and pay substantial fines (“Lumosity to Pay $2 Million to Settle 

FTC Deceptive Advertising Charges for Its ‘Brain Training’ Program | Federal Trade 

Commission,” 2016). 

The debate is unfortunately overshadowed by the fact that a number of prominent research 

scientists are employed or retained by commercial companies who have a financial incentive 

to show positive effects for training in general and for specific products in particular. For this 
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and other reasons, the controversy as to whether or not commercial cognitive training can 

be effective and, if so, under what circumstances, remains ongoing. 

2.8. Research Considerations 

Based on the prevailing literature, my experimental design and research process was guided 

by the following considerations: 

2.8.1. Using EEG to Measure Task Engagement 

My use of EEG technology for the experiments documented in this thesis draws upon the 

well-documented understanding that the frontal midline theta rhythm can serve as a general 

predictor of cognitive effort, particularly in tasks involving working memory (see preceding 

section: “Measuring Cognitive Function with EEG”). In addition, I left open the possibility of 

unexpected findings by expanding the EEG area of interest across the entire midline, from 

the frontal to the occipital areas. In line with prior research precedent, collected EEG data 

was analyzed as four distinct wavelength groups: theta, alpha, low-beta and high-beta. These 

categories correspond to the frequency ranges 4-8 Hz, 8-13 Hz, 13-20 Hz and 20-28 Hz, as 

shown in table 1 below. 
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Table 1: EEG ranges used in the current research 

 

One of the operational challenges of recording EEG data is that the process is extremely 

sensitive to muscle movements. Unfortunately, whether to actively confirm the position or 

presence of a stimulus, or to indicate agreement or disagreement with a proposed choice, 

participation in cognitive assessment and training tasks generally requires physical input from 

the subject. Such input may take a variety of different forms, including vocal (e.g., verbalizing 

an answer), tactile (e.g., touching a key or other trigger) and ocular (e.g., directing one’s gaze 

toward a certain agreed area). As all of these response types are likely to produce muscle 

movements, careful consideration must be given to the experimental design if EEG is to be 

successfully employed. A portion of my initial research considerations therefore involved first 

conducting an experiment to see which subject response modalities were the least likely to 

impact the EEG data.  

The experiment I designed was centered around the following simple task: an on-screen 

arrow pointed in the four cardinal directions with the direction changing automatically every 

2000 ms. Subjects were instructed to respond when the arrow pointed down only. The 

protocol included two temporally separated control conditions in which the subject was 

asked to mentally note the response condition but not respond gesturally (no muscle 

movement). The 4 experimental conditions were as follows: finger tap on lap (relaxed arm), 

finger tap on keyboard key (slightly tensed arm to reach keyboard placed on table), foot tap 
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on floor trigger device, verbal signal (subject calls out a voiced nonsense syllable “Ge-”). Each 

condition contained 30 stimulus presentations for a total of 60 seconds per condition, and a 

total experimental time of 6 minutes. The presentation order of the conditions was 

randomized for each subject.  

EEG electrodes placed in the central and parietal areas captured continuous data during the 

experiment and time windows of 60 seconds corresponding to each condition were 

analyzed. The data showed no significant effects for any of the tested conditions, indicating 

that subject responses incorporating simple muscle movements such as tapping a key on a 

keyboard or verbalizing a simple answer did not add significant noise to the EEG data stream. 

The full results can be consulted in appendix A.3. 

2.8.2. General Research Environment Considerations 

The lack of a consistent training and testing environment is another potentially confounding 

factor in cognitive research. For example, while the majority of the studies I surveyed in my 

literature review conducted the entirety of their experiments under lab-like conditions, some 

allowed subjects to perform tasks in the place and time of their choosing, including at home 

(Charvet et al., 2017; Lumsden, Skinner, et al., 2016; Mekler et al., 2013). Prior research 

suggests, however, that environmental variables may play a far larger role in cognitive tasks 

than previously believed. For instance, Grissmann et al. found working memory load to be 

sensitive to affective contexts (Grissmann, Faller, Scharinger, Spüler, & Gerjets, 2017), while 

Mühl et al. documented a negative impact on a working memory task when social stress was 

introduced (Mühl, Jeunet, & Lotte, 2014). Additionally, Wang et al. found that the amount of 

ambient light present in the study environment should also be considered. In their 2010 
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steady state visual evoked potential (SSVEP) study using EEG, the researchers determined 

that a darkened room had a positive influence on the strength of the alpha rhythm, compared 

with a brightly lit room (Wang, Qian, Zhuo, & Gao, 2010). 

Given the high potential for data contamination due to environmental variables such as 

audible noise, bright lights or other visual distractions, all experiments described in this thesis 

were conducted in a quiet, darkened space. The experimental area contained only essential 

furniture (e.g., desk for the tablet and height-adjustable chair for the subject). Experiments 

two and three were additionally conducted in a sound-proof, electrically shielded room-

within-a-room (aka “shield room”). Subject-researcher interactions such as protocol 

explanations, informed consent disclosures and task demonstrations, along with essential 

equipment preparations such as EEG electrode placement, occurred in a separate, lit 

laboratory environment. After all preparations had been completed, the subject was led into 

the darkened experiment area and a final check was conducted to ensure all equipment was 

functioning as expected. The experiment then began with an auditory signal from the 

researcher. 

2.9. Using an HMD to Maximize Operational Control 

A relatively recent means of exerting control over the training environment in a wide variety 

of scenarios is through the use of virtual reality (VR) technology in combination with a head-

mounted display (HMD). Such systems, once elaborate, expensive setups requiring a 

tethered host computer with significant graphics resources, are now mass-produced 

commercially as game machine add-ons and many models no longer require any additional 

external processing hardware (Pierce, Young, & Doherty, 2017). Although using an HMD to 
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project a visual environment directly into the user’s eyes is currently the most common way 

to experience VR, the term technically refers to a number of different technologies that can 

generate such environments. These include specialized televisions with depth display 

capabilities as well as immersive, multi-planar projection spaces (e.g. CAVE spaces, Fig. 8) that 

a subject can enter into and walk around in. While on occasion this paper will reference 

these other technologies, the term VR or virtual space should be generally understood as 

involving the use of an HMD. 

 

Figure 8: CAVE virtual reality environment: synchronized video projectors seamlessly project onto 
all walls of a room to generate a feeling of spatial immersion. 

Regardless of which modality is being employed, technologies for interacting with virtual 

environments have become more commonplace in recent years. General interest, as 

indicated by net searches related to VR, has increased more than three-fold in the past 

decade (“VR - Explore - Google Trends,” 2022). The primary use of these systems, however, 

is still largely tied to entertainment. As of Winter, 2022, market leader Meta (formerly known 

as Facebook), which makes the popular Quest and Quest 2 headsets, reports games at the 
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top of both the downloads and sales categories in their eponymous store (Facebook Inc., 

2022). Among non-game titles, social platforms and fitness/mindfulness apps dominate the 

remaining top rankings. 

In addition to the individual consumer market, VR is similarly enjoying a robust expansion in 

a variety of additional fields, including education, e-commerce, professional training and 

rehabilitation. For example, initial studies looking at the potential role of VR in marketing 

products and services suggest that the HMD experience accounted for the highest sense of 

presence and obtained that highest scores for affect, emotions and purchase intentions, 

compared with standard 2D displays (Martínez-Navarro, Bigné, Guixeres, Alcañiz, & 

Torrecilla, 2019). These results were corroborated by separate studies that found higher 

levels of arousal and increased product focus when comparing HMDs to other screen-based 

presentation technologies (K. Kim, Rosenthal, Zielinski, & Brady, 2014), and even when 

compared to other types of virtual environments (Juan & Pérez, 2009). 

The unique ability of VR to create virtual spaces that nevertheless feel realistic to the user 

has also made it a natural place to conduct exposure therapy for common phobias including 

acrophobia (fear of heights) (Boeldt, McMahon, McFaul, & Greenleaf, 2019; Donker et al., 

2019) and arachnophobia (fear of spiders) (Miloff, Lindner, Dafgård, Deak, & Garke, 2019; 

Minns et al., 2019; Rothbaum et al., 1995). Most recently, trauma due to Post Traumatic 

Stress Disorder (PTSD) has been a subject of intense interest for VR-based intervention as 

the impracticalities of recreating war zones for the purpose of desensitization make traditional 

exposure therapy unworkable. Early reports are encouraging. A recent review of nine 

controlled studies found that VR-based PTSD exposure treatment was just as effective as 

traditional psychiatric interventions, and significantly more effective than passive controls 
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(Kothgassner et al., 2019). In another comprehensive literature survey, Deng and his team 

additionally concluded that gains from VR treatment remained significant at up to 12 months 

following the intervention and even led to moderately positive effects on related measures 

such as general depression (Deng et al., 2019). These and similar results led Dr. Raggi to sum 

up the situation with an essay in “Reviews in the Neurosciences” that declared that VR could 

soon become a “decisive tool” for neurorehabilitation (Raggi, Tasca, & Ferri, 2017). 

Comparison studies examining the use of VR in cognitive tasks are still few, but results are 

similarly encouraging. A recent comprehensive review of computerized cognitive training 

studies determined that the largest effect sizes were found in studies that used VR, prompting 

the authors to speculate that virtual environments might be more stimulating and engaging 

than traditional computerized cognitive training (CCT) (Hill et al., 2017). This observation 

was reiterated in a subsequent literature review by Garcia-Betances in 2019: “VR has the 

capacity to significantly enhance the way computer-based cognitive healthcare interventions 

are delivered and, thus, the ability to uncover new possibilities for improving their 

effectiveness” (García-Betances et al., 2017, p.2). 

In general, researchers studying the effects of virtual environments report increased 

engagement and enjoyment when performing a task in VR space, compared to a non-VR 

condition (Lhemedu-Steinke, Meixner, & Weber, 2018; Martínez-Navarro et al., 2019; 

McMahan, Parberry, & Parsons, 2015). Studies specifically using biometric outcomes to 

differentiate VR and non-VR also exist. For instance, in 2015 Slobounov and his team used 

qualitative and quantitative (EEG) measures to evaluate subject performance with a 

navigation task. Their results concluded that subjects experienced higher levels of excitement, 

accompanied by increased theta activity, when navigating a virtual environment. It must be 
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noted, however, that their use of virtual reality was in the form of a CAVE environment, 

which relied on a large number of precisely positioned video projectors to create the illusion 

of 3D space. CAVE environments are unique in that they permit free, untethered movement 

and do not require the use of additional hardware on the part of the user. However, they 

remain expensive and impractical outside of research environments due to their complex 

installation and maintenance requirements. 

With the introduction of any new technology, there are often a variety of hurdles to 

overcome before widespread adoption is possible. For example, one common 

misconception surrounding the use of virtual reality headsets is the assumption that the 

technology is more physically stressful to use and may be simply rejected outright by older 

individuals. To address these concerns, a major initiative was undertaken in 2016 by a team 

from the Nicolaus Copernicus University in Bydgoszcz, Poland to assess the general adoption 

of new technologies, including HMDs, by geriatric patients. The researchers found that while 

some patients were initially anxious, once the purpose of the technology was adequately 

explained they quickly gained familiarity and reported positive emotions in the final 

assessment. In fact, 83% of the elderly patients involved in the study voluntarily elected to 

continue rehabilitation using VR  (Kujawska et al., 2016). Subsequent studies found similarly 

high acceptance and satisfaction rates among older patients.  For example, Huygelier and her 

colleagues found that attitudes regarding HMD use went from neutral to positive after 

exposure to an interactive environment (Huygelier, Schraepen, van Ee, Vanden Abeele, & 

Gillebert, 2019) and a 2020 study involving seniors with mild cognitive impairment found 

high rates of satisfaction when the subjects were tasked with collecting ingredients to 

complete a set of cooking recipes within a VR environment (Yun et al., 2020). Finally, the 
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misconception that HMDs are more physically demanding to use was also found to be 

unsupported by data. In fact, Guo and his colleagues found the opposite to be true in their 

2017 paper investigating visual fatigue in virtual environments, determining that VR is less 

visually stressful than similar content presented on a typical smartphone screen (Guo, Weng, 

Been-Lirn Duh, Liu, & Wang, 2017). 

Nevertheless, real challenges remain. As of 2022, the most popular headsets are still relatively 

heavy and provide only a limited field of view. Additionally, a still-not-fully-understood 

phenomenon dubbed “cybersickness” (LaViola, 2000) has the potential to negatively impact 

research results. For instance, a 2019 study looking at the therapeutic benefits of regular 

exercise sought to compare a walk in a nature park with an interactive virtual walk (using an 

HMD and a treadmill) in a simulated digital version of the same park. The researchers 

reported that a large number of subjects reacted poorly to the HMD, including some who 

became nauseous, due to a perceived time-lag between their actual movements on the 

treadmill and the corresponding display of the virtual scenery. It was ultimately recommended 

that HMDs only be employed in scenarios that do not require subject movement. Although 

subsequent studies have suggested ways to minimize these effects, for instance through the 

use of haptics (Peng et al., 2020), concerns remain. 

Finally, although most studies designed around the therapeutic use of VR tend to be about 

what can be inserted into a virtual environment, it is also possible to use the technology to 

exclude or deemphasize detail. In the interests of redirecting focus to a desired stimulus or 

stimuli, for example, all unrelated imagery in the view field might be intentionally suppressed. 

I feel it is this latter scenario that is particularly well suited to cognitive training as it effectively 

allows the subject’s perceptual field to be restricted to just the task itself.  
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Whether adding or subtracting content, however, prior experiments such as those 

referenced earlier in this section demonstrate without a doubt that the use of VR has the 

potential to significantly impact the way we conduct cognitive studies in the future. In light of 

this, there is clearly a need for more comparative studies that examine the effects of VR 

exposure in a more general capacity, as well as their impact on specific cognitive tasks. 

2.10. Experimental Task Considerations 

One oft-cited reason for the success or failure of training studies involves the presence or 

absence of certain features in the underlying training task itself. For example, as Dr. Edwards 

noted in her survey of studies that made use of the Useful Field of View training task, the 

following three elements were deemed critical to success: time pressure, divided attention 

and an adaptive task design (Edwards et al., 2018). These elements, which coincidentally have 

also been cited as crucial to success in action games studies (Cardoso-Leite, Joessel, & 

Bavelier, 2020), are now generally accepted among the “best practices” for cognitive research 

(Hudak et al., 2019; Kalyuga, 2009). As they consequently also formed the basis for the 

original experimental task I developed for my own research, I would like to address them 

each in turn: 

2.10.1. Time Pressure 

Time pressure (TP) can be defined as the difference between the amount of available time 

and the amount of time required to solve a task. Time pressure has been shown to have a 

significant effect on cognitive task performance and is a frequently used adaptation to 

modulate task difficulty (Edwards et al., 2018). Experimental data suggesting that TP results 

in faster response rates but an increased rate of errors dates back over a half century (Fitts, 
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1954).  This “speed-accuracy trade-off” has since been validated more recently in a 2000 

paper on the neurophysiological and behavioral indices of time pressure on visuomotor task 

performance (S. M. Slobounov et al., 2000). In addition to confirming Fitts’ earlier findings, 

Slobounov and his colleagues also found that the performance gains associated with time 

pressure remain even when the time pressure component is subsequently removed. 

Furthermore, significant increases in frontal theta power were found to accompany the 

presence of TP. Since primary executive functions, particularly working memory, are 

associated with similar patterns of frontal midline (FM) theta activity, a more intimate 

relationship between TP and other cognitive functions has also been suggested (Edwards et 

al., 2018). 

Interestingly, the relationship between time pressure and cognitive task performance has 

been shown to be sensitive to other cognitive processes as well. For example, a 1993 study 

showed that the impact of time pressure can be affected by subject motivation. The 

researchers demonstrated that while task performance was initially boosted by the 

application of time pressure, performance nevertheless dropped dramatically once the task 

was perceived by the subject as no longer worth completing (Rastegary & Landy, 1993). This 

phenomenon has been observed by other researchers as well, including Brehm and Wright, 

whose 1989 proposal for a Motivational Intensity Model (MIM) of cognition hypothesizes a 

similar interdependence between motivation and effort (see section 2.10.3 for a more 

complete description of the MIM). 

For the research presented in this thesis, time pressure was carefully applied in an adaptive 

manner during the final two experiments in order to: 
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(1) maximize subject effort 

(2) as a means of adaptively pacing the presentation of stimuli according to the 
current subject’s ability 

Additionally, care was taken to avoid any dramatic performance drops due to sudden changes 

in subject motivation or cognitive exhaustion (see chapters 3, 4 for specific implementation 

details. 

2.10.2. Divided Attention 

Divided attention can perhaps be best understood by thinking about the modern notion of 

multi-tasking. In divided attention tasks, the subject is required to perform two or more sub-

tasks at the same time, with overall success requiring sufficient allocation of attentional 

resources for all subtasks. This may take the form of several simultaneously presented stimuli 

(e.g., the dual n-back task), counting the number of times a stimulus parameter (e.g., 

background color) changes, or indeed tasks that employ different modes of concurrent 

cognition, such as tracking the spatial location of one visual stimulus while simultaneously 

selecting a previously viewed stimulus from among distractors (e.g., the UFoV task). Divided 

attention is differentiated from selective attention, in which sub-tasks are addressed not 

simultaneously but sequentially.  

fMRI studies have shown substantially increased levels of BOLD signal intensity in cortical 

activations during divided attention activities, compared with sequential or fixed attention 

tasks (Beauchamp, Cox, & Deyoe, 1997; Greenlee, 2000). Notably, fMRI results show that 

divided and selective attention modes differ only in intensity and not area of activation. In 

other words, the reason divided attention tasks appear to contribute to the effectiveness of 
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cognitive training seems to be linked with the increased cognitive stimulation offered by such 

tasks. 

2.10.3. Adaptive Task 

In a 2018 follow-up analysis to the original ACTIVE study, co-principle researcher J.D. 

Edwards published a systematic review of all known research involving Useful Field of View 

training, the core task used in the ACTIVE study. The goal was ostensibly to see if other 

researchers had obtained similarly encouraging results when using this task. Among her many 

conclusions, Edwards suggested that a key element in the success of UFoV training, and by 

extension cognitive training in general, was the adaptive nature of the task (Edwards et al., 

2018). The importance of task adaptivity in successful training has since also been confirmed 

by other researchers, including Kalyuga and his colleagues, who concluded that optimal 

cognitive efficiency can only be achieved when the difficulty level fits the user’s needs and 

capabilities (Kalyuga, 2009). Most recently, a 2019 study targeting retirement communities 

had a particularly blunt assessment of the importance of task adaptation: “Adaptive cognitive 

training had significant results on memory outcomes; non-adaptive did not…” (Hudak et al., 

2019).  

In light of these unambiguous conclusions, developing a task adaptation strategy to better 

match a subject’s native ability and adjust to training gains was high among the requirements 

for my own study task. In order to adapt a task to a user’s natural ability, however, I first 

needed a method of determining the range of a user’s performance, particularly the upper 

range of maximum cognitive effort. This optimal range is sometimes referred to as “the zone” 

(Ryan, 2016).  
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One proposal for determining the upper limit of potential subject performance is found in 

Brehm and Wright’s theory of Motivational Intensity (Brehm & Self, 1989; Wright, 2008). The 

theory states simply that as cognitive demand rises, cognitive effort rises proportionally to 

match the demand until a physical limit is reached. This point is referred to by Brehm and 

Wright as the exhaustion or fatigue point and leads to an immediate drop in resource 

allocation for the task. The process is summarized in figure 9. 

 

Although the motivational intensity model (MIM) has been independently validated, I 

undertook my own experiment to see if the model would enable me to identify the period 

of maximum task engagement for my own experimental task. Using a visuo-spatial task that 

had been modified to increase in difficulty with each round, subjects performed the task until 

they were no longer able to keep up (cognitive fatigue). As predicted by the theory, the 

telltale drop-off in effort (as measured using EEG) appeared approximately 5 seconds before 

the end of the task (see appendix A.2 for details and sample data). Ultimately, the predictions 

Figure 9: Summary of Wright and Brehm’s Motivational Intensity Model. Cognitive effort rises to 
meet demand in the adaptation phase. The moment of fatigue, and its accompanying cognitive 
collapse, is preceded by a brief period of optimal effort, referred to by some as “the zone.” 
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of the Motivational Intensity Model guided both the EEG assessment of my first experiment, 

and the task adaptation strategy for the second and third experiments. 

2.11. Chapter Summary 

In this chapter, I began with an analysis of the current state of cognitive training research and 

noted that the primary objective of cognitive training is generally understood to be the 

prevention or regression of age or illness-related cognitive decline. I observed that to achieve this 

goal, training interventions typically target cognitive processes falling within the domain of 

executive functions, including memory, decision making and problem solving. I then discussed 

methods for assessing the current state of cognitive function, including biometric technologies 

such as EEGs as well as standard measures of intelligence and general function such as the 

MMSE and IADL scales.  

This was followed by an in-depth examination of both traditional cognitive training tasks and 

their corresponding commercial adaptations. I observed that the most salient difference 

between the two is that the latter group tends to add features resulting in the core task 

resembling a video game. Pursuant to this observation, relevant studies related to action 

games research as well as gamified cognitive tasks were examined, including the growing 

body of virtual reality based cognitive research. Finally, the principles behind the training tasks 

used in successful studies, including time pressure and adaptive design patterns, were qualified 

and discussed. 

The next chapter begins the documentation of a series of empirical experiments carried out 

both to validate core principles of the cognitive research discussed in this chapter, as well as 

to fill in knowledge gaps identified during the course of my research survey. !  
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3. COMPARING BRAIN ACTIVITY IN VIRTUAL AND NON-
VIRTUAL ENVIRONMENTS 

(Portions of this chapter are based on my conference presentations at IEE 2020 and 
IMEKO 2021, as well as my publication in Measurement: Sensors, 2021 (Redlinger & Shao, 

2021; Redlinger, Shao, & Yagi, 2019)) 

3.1. Chapter Aims 

This chapter looks at the feasibility of using a VR head-mounted display together with EEG 

in light of recent technological advances including lightweight, wireless EEG amplifiers and 

HMD units. Cognitive research prior to 2018 has largely avoided this combination due to 

size, movement and comfort constraints with older hardware. I therefore hoped to answer 

the following questions: 

1. Is using an HMD a viable option when conducting EEG experiments? 
2. Is there any difference in cognitive activity when performing a standard cognitive 

task in a VR environment, compared with a non-VR environment? 
 

The chapter also describes the process of gradually refining my experimental protocol. Over 

the course of the study, three iterations in total were conducted in order to address 

potentially confounding factors and explore additional research directions. In each case, the 

experimental task, EEG analysis approach and general experiment design are identical. Except 

where otherwise noted, study results and discussion are derived from iteration 2 of the 

protocol, which is considered definitive and the basis for the conference presentation and 

journal publication listed in the chapter heading. The primary distinctions between protocol 

iterations are detailed in table 2: 

!  
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Table 2: Differences between protocol iterations 

Iteration 1: 
two experimental conditions: tablet and HMD 
study venue = lit room 
stimulus visual angle: 15°  

Iteration 2: 
two experimental conditions: tablet and HMD 
study venue = darkened room 

stimulus visual angle: 15°  

 Iteration 3: 
three experimental conditions: tablet, small VR, large VR 

study venue = darkened room 

stimulus visual angle: 10° and 15° 
 

 

3.2. Introduction 

Recently, technologies for interacting with virtual environments have become more popular 

and commonplace. Virtual reality (VR) systems, once elaborate, expensive setups requiring a 

tethered host computer with significant graphics resources, are now produced commercially 

as game machine add-ons and some models no longer require a host computer (Pierce et 

al., 2017). Direct comparison between virtual and non-virtual spaces is inherently difficult due 

to technological challenges that have only recently been ameliorated with improvements to 

HMD technology. For example, any body movements that occur while recording EEG data 

has the potential to introduce motion artifacts which must then be laboriously removed using 
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factor analysis or another means. In some cases, it is impossible to acceptably remove 

movement noise from the signal.  

Traditional EEG systems use surface electrodes that are integrated into a skullcap that fits 

over the head. The electrodes are connected to an amplifier, which in turn is connected to 

a computer for recording and analysis. Such systems require elaborate preparation and 

precise adjustment to each electrode to optimize the SNR (signal to noise ratio). Once 

placed and calibrated, moving the skullcap has a high risk of destabilizing the electrode 

connections. At the same time, VR headsets themselves must be adjusted on the scalp in 

order to insure a good fit and optimal positioning of the optical components (Fig. 10).  

  
(a) (b) 

Figure 10: (a) a standard EEG skull cap; (b) a standard VR headset (HTC Vive Pro); (Images 
courtesy of https://wearablesensing.com and https://stocksnap.io) 

Given these challenges, the majority of studies that heretofore have sought to quantify 

VR/non-VR differences have made use of non-HMD virtual environments such as 3D 

televisions (Kober, Kurzmann, & Neuper, 2012) or projection-based CAVE environments 

(Semyon M. Slobounov, Ray, Johnson, Slobounov, & Newell, 2015). Others have relied only 

on qualitative outcomes (Lhemedu-Steinke et al., 2018) or focused on psychophysiological 

metrics such as cardiovascular activity, rather than EEG (Richter, Friedrich, & Gendolla, 2008). 
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This study took advantage of recent advancements in both HMD technology and portable, 

compact EEG acquisition systems to quantitatively compare the neural activity in virtual and 

non-virtual environments. Based on prior research results, my experimental hypothesis was 

that brain activity related to executive function should be similar or be slightly higher in the 

VR condition due to the reduced impact of environmental distractions and the relative 

novelty of the virtual environment itself.  

3.3. Materials and Methods 

3.3.1. Experimental Task 

The experimental task was a rotating-blocks puzzle game based on Tetris, a game frequently 

used in cognitive research to assess cognitive demand as it simultaneously engages attention, 

memory and visual spatial functions (Ewing et al., 2016; Franks & Boutcher, 2003; Haier, 

Karama, Leyba, & Jung, 2009; Maglio, Wenger, & Copeland, 2008; Patsis, Sahli, Verhelst, & De 

Troyer, 2013). The game requires subjects to rotate and move falling blocks in such a way 

that they form complete rows, which are then removed automatically by the software. The 

version implemented in my study was limited only to the underlying cognitive task and did 

not include any motivational game-like elements such as score or progress displays (Fig. 11).  
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Initial task difficulty (i.e. speed at which blocks descended) was set at a level that permitted 

even inexperienced participants to successfully complete rows. Based on the results of prior 

motivation studies, in particular Wright’s research on motivational intensity (Wright, 2008), I 

chose to have each completed row lead to an increase in speed until participants were no 

longer able to keep up. The task ended when the blocks reached the top of the screen. 

3.3.2. Test Environment 

A standalone, commercial HMD (VIVE Focus, HTC Corp.) was used for the VR condition, 

and a 10.2-inch tablet computer (iPad, Apple, Inc.) for the non-VR environment. The custom 

rotating blocks game was created using a cross-platform coding environment (Unity, 

https://unity3d.com), and subsequently exported for both environments. Care was taken to 

Figure 11: Rotating blocks puzzle game. Task visual angle (horizontal axis) was set at 15°. 
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ensure that both versions performed identically despite the difference in modality (HMD vs 

tablet) and that the task was presented at the same visual angle. For the non-VR condition 

in iteration one, a bright, clean, uncluttered environment was used. For iterations two and 

three, a darkened, sound-proof room with electromagnetic shielding was prepared.  

In both cases, the tablet device was positioned just below eye-level, approximately 70 cm 

from the subject, to insure a 15° visual angle for the experimental task. VR content, as viewed 

in the HMD, was similarly positioned in virtual space so that it appeared to the subject to be 

the same size as in the tablet view (identical visual angle). (Fig. 12) 

Figure 12: (a) non-VR condition, iteration one; (b) non-VR condition, iterations two, three; (c) VR 
condition, all protocol iterations 

While HMD systems typically rely on virtual pointers for user input, such input devices are 

not appropriate for EEG studies as they have a high risk of introducing muscle-related artifacts. 

To address this, a touchscreen smartphone was programmed to send network commands 

to the test environment. A soft, foam overlay approximately 3mm thick with openings 

  

 

(a) (b) (c) 
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corresponding to the locations of the on-screen controls was added so that the subject could 

identify the controls in a tactile manner without the need to view its screen (Fig. 13). 

  

Figure 13: Foam overlay with cut-outs corresponding to “button” locations on a 
touchscreen smartphone. 

3.3.3. Experimental Design 

The subject pool comprised twelve healthy individuals, aged 21–48 years (8 males, 4 females) 

with no history of color vision disorders. All but one subject had previous experience using 

an HMD but none personally owned a device nor reported any regular weekly use.  

Protocol iterations 1 and 2 comprised four phases: non-VR control, non-VR experimental, 

VR control and VR experimental. Iteration 3 added an additional fifth VR experimental 

condition containing a modified stimulus (see section 3.3.4 Protocol Evolution). During the 

control phases, subjects viewed a black background with open eyes for 60 seconds. EEG 

signals recorded during these phases served as a baseline against which to compare brain 

activity during the experimental task phases. Every subject performed all conditions, but the 

order of presentation was randomized and balanced so that half of the subjects began with 

the non-VR condition and the remaining half with the VR condition. Subjects enjoyed a 5-

minute break between modalities during which the VR headset was either removed (VR first 

group) or installed (non-VR first group).  
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In the experimental phases, subjects performed the task until they could no longer complete 

sufficient rows to prevent the falling blocks from reaching the top of the screen. The duration 

varied according to subjects’ ability but averaged approximately 2 minutes. 

The use of two separate control phases was to eliminate any bias related to wearing the 

HMD itself. By comparing each experimental condition’s results only to the control data 

obtained from the same modality, any observed differences could only have resulted from 

the dependent variable regardless of whether the task was conducted in virtual or non-virtual 

space.  

3.3.4. Protocol Evolution 

The goal of this experiment was to compare brain activity in virtual and non-virtual 

environments. In order to achieve this goal, it was necessary to minimize as much as possible 

any environmental variables that might contribute to differing results between the two 

conditions. Unfortunately, a potentially confounding element became apparent only after the 

conclusion of the first iteration of the experiment when the results revealed an unexpectedly 

large effect size for the dependent variable. As the non-VR condition was initially performed 

in a lit room, the presence of ambient light was suspected of having potentially impacted the 

data since prior research was discovered suggesting the bright spaces can impact cognitive 

activity (e.g., Wang et al., 2010). It was therefore deemed prudent to redo the experiment 

in a dark room to correct for this variable. The results of the follow-up iteration were 

remarkably similar, suggesting that ambient light might not have played a significant role after 

all. At this point the findings from the second protocol iteration were deemed conclusive and 

were subsequently compiled, analyzed and published (Redlinger & Shao, 2021). 
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Continued speculation about the reasons for the large observed difference led to a final 

iteration of the experiment when additional research came to light suggesting that depth 

perception might be underestimated in virtual environments (Maruhn, Schneider, & Bengler, 

2019; Rousset, Bourdin, Goulon, Monnoyer, & Vercher, 2018). Given this possibility, the 

subjects could potentially have perceived the experimental stimulus as being larger than 

intended, with further implications for cognitive load. To test this idea, an additional third 

protocol iteration was proposed and executed. A comparison of overall results from all three 

protocol iterations are included in appendix A.6. Data from the final iteration showed that 

stimulus size does indeed impact EEG power, although probably not substantially enough to 

explain the observed effect sizes. A more thorough investigation of the stimulus size effect 

became the basis of my subsequent experiment: Impact of Screen Size on Cognitive Training 

Task Performance (see chapter 4). 

3.3.5. EEG 

EEG signals were acquired from the frontal, central, occipital and parietal regions, using a 

portable, wireless 8 channel EEG amplifier (OpenBCI 32-bit Board Kit, OpenBCI, inc.) with a 

sampling rate of 250 Hz. The electrode locations were Fz, Cz, Oz and Pz, placed according 

to the international 10-20 system, and specifically selected in order to capture a broad range 

of activity along the midline. Gold cup electrodes were attached to the scalp and ear lobes 

using electro-conductive gel, and an initial impedance of <5 kΩ across all electrode positions 

was insured. Additional electrodes were affixed above and below the subjects’ eyes to record 

electrooculogram (EOG) signals caused by blinking or other facial movements for later use 

in noise reduction and signal optimization (Zahan, 2017). 
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EEG data were recorded throughout the experiment, although only the 30 seconds of activity 

prior to task conclusion were analyzed for each participant. In addition, since the Motivational 

Intensity Model predicts a collapse in cognitive load as the subject anticipates the end of the 

task, I chose to inset the analysis epoch by 5 seconds to capture the period of maximum load 

for each subject. The 5 second value was based on analyses of participants’ EEG results while 

performing a similar task in a prior pilot study. Through the use of this mechanism, I hoped 

to measure similar levels of engagement across all participants. (Fig. 14) 

The decision to focus on just four electrodes along the midline, instead of a more 

comprehensive, multi-channel EEG system, was made for two primary reasons. First, I wanted 

to use high-quality, gold-plated electrodes to maximize the sensitivity to potentially slight 

changes in cognitive activity. Such electrodes are usually applied manually and not generally 

compatible with standard EEG skullcaps. Second, integrating traditional EEG caps with the 

straps and harnesses of the HMD in a way that did not further add to the discomfort many 

Figure 14: Determination of analysis window: based on the Motivational Intensity Model, a 30 
second window that ends just before the trial finishes should insure maximum cognitive 
engagement for all subjects. Time region to be analyzed printed in blue ink; discarded regions 
printed in red ink. 
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users already associate with headsets seemed an unnecessary risk to the study’s integrity. 

Compared to traditional EEG setups, this approach enabled me to limit potential physical or 

electrical interference between the EEG system and the VR headset.  

3.3.6. Analysis Methods 

The raw EEG data was notch filtered (50Hz) and high-pass filtered from 4Hz. Muscle artifacts 

identified from EOG data and other apparent artifacts identified by visual inspection of EEG 

data plots were excluded from analysis. 

Fast Fourier transforms (FFT) were calculated for the following spectral ranges: theta (4-8Hz), 

alpha (8-13Hz), low beta (13-20Hz) and high beta (20-28Hz) with 30 second windows for 

each phase of the experiment. The total sum of the power values from each range was 

divided by the total number of data points. The resulting score was normalized by subtracting 

the overall population mean and dividing by the standard deviation to obtain a power index. 

Finally, Wilcoxon signed-rank tests were conducted to determine the significance of any 

change in power between the controls and their corresponding experimental phases. 

3.4. Results 

Following feature extraction and normalization, significant spectral power increases for the 

beta and theta ranges were observed during the experimental phases across all subjects 

tested. Alpha ranges, in contrast, revealed decreases or no meaningful changes in spectral 

power between control and experimental states. Overall power during the experimental task 

condition was strongest in the theta and low beta ranges at position Fz. Results at other 

electrode locations along the midline mostly mirrored the trends seen at Fz, but generally 

exhibited higher standard error and were not included in the study results (figure 15). 
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Figure 15: Spectral power by experimental condition (Non-VR, VR) and frequency at electrode 
location Fz; n=12; SE; significance calculated with Wilcoxon rank-sum (* = p < .05). 

The most dramatic power increase that was also significant (Wilcoxon rank-sum; p=.037) 

was observed in the frontal midline theta rhythm (4-8Hz) as measured at Fz. The average 

increase of nearly 41% for the VR condition was substantially higher than the modest 17% 

increase for the non-VR tablet condition. Similar but less dramatic increases can be observed 

in the low and high beta ranges at Fz, with 20% and 34% increases, respectively (Table 3). 
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As previously mentioned, inexplicably large differences in overall spectral power were 

observed between the non-VR and VR conditions. An additional experimental condition was 

therefore added to determine whether differing stimulus sizes might help explain the results. 

3.5. Discussion 

Observed EEG spectral power during the control phases of both the VR and non-VR 

conditions was very similar, indicating that the headset itself did not seem to amplify or 

suppress cognitive activity when no stimulus was present. This is crucial as there was some 

concern that the innate weight disparity or discomfort that some HMD users report might 

prove to be a confounding variable in this study. 

Interpreting EEG data along the midline, particularly in the frontal area, to determine user 

engagement and concentration is well-documented and the primary reason I chose to focus 

on this area. For example, Gevins and Smith showed that a condition of increasing frontal 

theta and decreasing alpha was highly correlated with mental engagement on certain tasks 

(Alan Gevins et al., 1998), whereas Yamada found that theta activity in the frontal midline 

Table 3: Mean power increase from control by frequency range and condition at Fz; (n=12). 
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area alone was sufficient to gauge concentration levels in children, when combined with other 

features such as eye-blinking (Yamada, 1998).  

As predicted, my results showed that theta power increased, and alpha power remained flat 

or decreased slightly, when the subjects were engaged with the experimental task. These 

results were in line with prior research cited above. Furthermore, this increase was much 

greater for the VR condition than the non-VR tablet condition, possibly reflecting higher 

cognitive engagement when the task was performed using an HMD. This effect was also 

previously documented in studies by Slobounov, Kober and others (Kober et al., 2012; S. M. 

Slobounov et al., 2000) who similarly found higher levels of task engagement in VR 

environments. While I had originally hypothesized increased cognitive activity during the VR 

condition, I was surprised by the degree of the difference. The nearly 41% increase in frontal 

theta power for the HMD was more than double that of the tablet. While I do not yet fully 

understand the reasons for this, I would like to offer several theories.  

One of the characteristic features of head-mounted displays is their ability to impart on the 

user a feeling of detachment from the outside world. This increased sense of isolation may 

have resulted in improved concentration. While not a part of the current study, a follow-up 

questionnaire specifically asking subjects about their subjective experiences with using an 

HMD compared to the tablet might have helped to shed light on this possibility and is highly 

recommended for any future comparison studies. 

In addition, it has been well documented that stimulus size can play a role in modulating the 

cognitive response to a wide variety of tasks. For example, Chen and McManus found a 

substantial positive correlation between the perceived stimulus size and the resulting EEG 
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power in their 2019 SSVEP study (Chen, McManus, Valsecchi, Harris, & Gegenfurtner, 2019). 

Recent e-learning studies have also demonstrated a positive effect related to larger screen 

sizes on students’ ability to recall information immediately after a pre-recorded lecture (Al 

Ghamdi et al., 2016; Park, Han, Kim, Cho, & Del Pobil, 2018) and longer-term retention of 

learned foreign language vocabulary (D. Kim & Kim, 2012). Finally, Zheng et al. found larger 

stimulus sizes corresponded to improved signal to noise ratios in their 2013 EEG study 

(Zheng et al., 2013). In light of this, I took great care to insure a similar visual angle between 

the two experimental conditions to reduce this effect as much as possible. However, it 

remains a possibility that while technically identical, the size of the stimulus in the VR 

environment may have been perceived as greater due to the recently reported phenomenon 

of distorted depth perception in virtual environments. Indeed, Rousset found that “observers 

immersed in virtual environments perceive virtual space as compressed relative to the real 

world, resulting in systematic underestimations of egocentric distance” (Rousset et al., 2018). 

Although a later study by Maruhn and his colleagues found that these effects can be mitigated 

with additional subject preparation and training (Maruhn et al., 2019), I feel the phenomenon 

merits further investigation. 

3.6. Conclusion 

The results of this experiment unambiguously demonstrate the viability of implementing EEG 

recording capabilities simultaneously while using an HMD. Furthermore, the findings of the 

current study demonstrate an increased cognitive response in the frontal midline theta 

rhythm when performing a complex cognitive task while wearing an HMD. This in turn may 

indicate a generalized increase in user engagement in virtual environments. If validated, this 
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finding would have significant implications for those currently pursuing commercial and e-

learning opportunities in VR. 

!  
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4. IMPACT OF SCREEN SIZE ON COGNITIVE TRAINING TASK 
PERFORMANCE 

(This chapter is based on my publication in Int. J. Psychophysiol. (Redlinger, Glas, & 
Rong, 2021)) 

4.1. Chapter Aims 

This chapter documents my attempts to reconcile the chief findings of the previous 

experiment and my overall research goals by focusing exclusively on the potential impact of 

screen size.  Therefore, my principle aims were to: 

1. Examine whether today’s smaller screens might be impacting our basic cognitive 
processes.  

2. Compared with the previous experiment, further limit any potentially confounding 
environment variables by moving the entirety of the experiment into VR space 
where stimulus size, brightness and background effects can be precisely controlled. 

3. Develop a novel cognitive task that is easy to learn, incorporates the most 
promising features from previous successful studies, and can be readily adapted 
to match each subject’s native abilities. 

4. Monitor task performance (reaction time and accuracy) outcomes in addition to 
cognitive activity. 

 

4.2. Introduction 

In the previous chapter, I documented an increase in cognitive activity when performing a 

visuo-spatial task in virtual space compared with the same task in non-virtual space. The large 

effect size for the VR condition was unexpected and the exact reasons for the outcome 

discrepancy is still unknown. In the subsequent analysis, several limitations of the experiment 

were noted, including issues related to potential background disturbances in the non-VR 

condition, a tendency for subjects to overestimate distances in virtual space, the novelty of 
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the VR environment itself and prior familiarity with the task (based on the classic game Tetris) 

for some subjects. 

In order to address these limitations, I designed my follow-up experiment to be conducted 

exclusively in virtual space, which eliminated any confounding variables related to moving 

between environments. In addition, since the previous experimental task was derived from a 

popular video game, the possibility existed that some subjects were already familiar with the 

task mechanism, potentially impacting the experimental effect.  

In order to address this, a new task was needed. It was decided that the new task needed to 

meet the following criteria: 

1. Be novel, but easy to learn. 
2. Include the primary elements that previous studies had recommended as “best 

practices” for cognitive training. 
3. Be easily scalable to different screen sizes and visual modalities. 

 

A survey of prior research into the impact of screen size was undertaken, which revealed a 

general consensus that perceived stimulus size and cognitive activity are positively correlated. 

For example, Chen and McManus’ steady state visually evoked potential (SSVEP) study found 

increased SSVEP power when the stimulus size was increased (Chen et al., 2019). Recent e-

learning studies have similarly demonstrated a positive effect on information recall related to 

larger screen sizes (Al Ghamdi et al., 2016; Park et al., 2018). Surprisingly, even though 

commercial cognitive training is trending towards smaller, not larger, displays in order to 

better accommodate personal digital devices, to the best of my knowledge no research study 

focusing specifically on cognitive training performance as a function of screen size has yet 

been undertaken. 
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Additionally, recent research has shown that environmental variables may play a far larger 

role in cognitive training than previously believed. For instance, Grissmann et al. found 

working memory load to be sensitive to affective contexts (Grissmann et al., 2017), while 

Mühl et al. found a similar impact on a working memory task when social stress was 

introduced (Mühl et al., 2014). 

Using an HMD for cognitive training addresses both of these issues. Furthermore, maintaining 

optimal levels for display brightness and stimulus size is more easily accomplished in an HMD 

environment compared with traditional displays. Taken together, these advantages indicate 

the use of HMDs for visual cognitive training tasks, a conclusion that has also been reached 

by other researchers (García-Betances et al., 2017). 

4.3. Materials and Methods 

4.3.1. Study Design & Sample Size Considerations 

This study examined the impact of screen size with two primary outcomes: cognitive load as 

measured using EEG, and raw task performance as determined by accuracy and reaction 

time. The experimental task was a modified n-back working memory task. In the classic n-

back task, a subject is presented with a continuous stream of similar stimuli. The subject must 

then indicate when the current stimulus matches the one from n steps earlier in the sequence. 

For this study, I wrote software that generates an n-back working memory task for an HMD 

environment rather than a traditional monitor screen. Utilizing an HMD serves two purposes: 

1) to precisely control the display brightness as well as the task visual angle across subjects 

and experimental conditions, and 2) to suppress external stimuli to minimize environmental 

effects. 
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A preliminary feasibility study (n=6) showed me that I could expect a relatively large effect 

size (>.5) between experimental conditions. This was true for both EEG power and task 

performance. I also undertook several measures to bolster statistical power. First, I 

implemented an adaptive task design. This reduced variability between subjects by equating 

performance levels across observers through automated manipulations of task difficulty. The 

exact method is described in more detail in subsection 4.3.4. Secondly, an intra-subject 

protocol design was implemented in which each subject performed the task in all 

experimental conditions. This enabled the use of repeated-measures ANOVA and Wilcoxon 

signed-rank sum tests, known to be particularly robust at establishing significance in small-n 

situations. Both of these strategies were cited by Smith & Little as ways of improving 

predictive power in studies with smaller subject pools (Smith & Little, 2018). With this study 

design, I determined that a sample size of n=20 should enable me to achieve sufficient 

statistical power at the 5% confidence level.  

4.3.2. Test environment   

An HMD (HTC Vive Focus, HTC Corp.) in its default configuration was chosen for the test 

environment. The cognitive training task was created in Unity 3D, a programming 

environment commonly used for creating 3D visual content for virtual reality headsets (Unity 

3D, https://unity3d.com).  

HMD systems typically rely on hand-held pointers for user input. Such input devices are not 

appropriate for EEG studies as they could introduce muscle-related artifacts. To address this, 

a touchscreen smartphone was programmed to send network commands to the HMD 

wirelessly. As with my previous experiments, a soft, foam overlay with holes corresponding 
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to the locations of the on-screen virtual buttons was added to the screen (Fig. 16). With this 

combination, the subjects could identify the smartphone controls in a tactile manner without 

any need to view the screen. This is crucial as the subject cannot see the smartphone screen 

while wearing the headset. 

 

Figure 16: Answer choice locations on a touchscreen smartphone are made tactile by using 
a 2mm foam overlay. Button locations correspond to appropriately sized openings in the 
overlay. 

During the experiment, subjects were seated and instructed to hold the smartphone 

controller in their laps, cradled by both hands. The experimental task was performed by 

tapping the virtual buttons on the screen with either the right-hand or left-hand thumbs while 

minimizing other body movements. Since the position of answer choices on the screen was 

randomly assigned, neither left nor right-handed subjects enjoyed an advantage from this 

arrangement (Fig. 17).  

 

Figure 17: Using the input controller to make answer choice selections. 
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4.3.3. Experimental Task  

As noted earlier, the experimental task was adapted from the classic n-back working-memory 

task. In my modified design, subjects were asked to focus on a sequence of stimuli placed in 

the center of the HMD screen. With each new trial, the previously displayed stimulus was 

shown as one of four answer choices in the corners of the display and a new stimulus took 

its place in the center. To proceed to the next trial, the subject was asked to tap the virtual 

button on the smartphone screen corresponding to the location of the stimulus that was 

previously in the center of the display. Once a choice was made by the subject, the answer 

choices disappeared and the stimulus currently at the center of the display was reassigned to 

one of the four corners, etc. (Fig. 18). 

  

Figure 18: Sample trials showing the center stimulus and peripheral answer choices: the current 
answer choices (small images) and the next stimulus (large image) are displayed simultaneously. 
Preceding the first trial, only the initial stimulus is displayed. Subjects select correct answers in the 
subsequent trials, as demonstrated above with cartoon hands. In each case, the correct answer 
corresponds to the center stimulus from the previous slide. 

In each trial, the center stimulus and the incorrect answer choices were selected at random 

by the software in such a way that no duplicate images ever appeared together. Trials lasted 
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approximately 800 milliseconds on average (SD = 68.1ms) and were designed to elicit 

continuous cognitive load as both the current answer choices and the following stimulus 

were displayed simultaneously. An additional aim of this approach was to discourage the 

subject from moving their gaze away from the center stimulus, which served as a de-facto 

fixation point. Saccades or physical movements of the head carry with them the risk not only 

of negatively impacting task performance but also of introducing noise in the form of muscle 

artifacts into the EEG signal path. 

The figures themselves are from a set of 20 cartoon animal images, all drawn in a similar style 

but differing in shape and color. The image collection was licensed for non-commercial use 

from a popular internet vendor. It was chosen for its design similarity to prevailing commercial 

cognitive training product designs, which frequently employ a similar cartoon design aesthetic. 

4.3.4. Adaptive Task      

An adaptive model was chosen for the experimental task to ensure similar engagement levels 

for all participants. As the experiment progressed, task difficulty was increased incrementally 

until the subject failed to respond within the allotted time window or made 2 or more 

sequential mistakes. The task difficulty level was reflected in the amount of time available for 

the subject to choose an answer. As the difficulty level rose, this amount of time decreased. 

Similarly, if the difficulty level decreased, more time was made available to complete each 

trial. The prevailing task difficulty level impacted the experiment in the following ways:  

1) A visible countdown timer just below the task area reflected the amount of time 
allocated for making a selection. As the trial time progressed, the bar’s contents filled 
incrementally from left to right, incentivizing the subject to answer as quickly as possible. 
The bar was purposefully designed to be as unobtrusive as possible so as not to distract 
from the primary task. 
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2) Failure to make a selection within the allotted time resulted in the trial being marked 
incorrect and the next stimulus was presented. Making any selection (whether correct or 
incorrect) resulted in the timer pausing briefly (200 ms) before being reset for the next 
trial. At the end of each trial, the response (or failure to respond) was evaluated by the 
software and the reaction speed and accuracy were recorded. 
 

4.3.5. Experimental Protocol     

Twenty subjects, aged 21–48 years of age (M = 28.6, SD = 7.7 years), participated in the 

experiment after signing an informed consent. This included 6 women and 14 men with no 

history of color vision disorders. The experiment was conducted in the following order: task 

training, EEG baseline activity measurement, experimental phases. The EEG baseline 

measurement phase (60 seconds) involved viewing a black background with open eyes to 

provide nominal cognitive activity against which to compare any changes during the 

experimental phases. 

The phases consisted of performing the experimental task at 3 different visual angles, 10°, 

20° and 40°, respectively. The visual angle (VA) was calculated using the standard formula:  

VA = (S * 57.29) / D, where S is the size of the object and D is the distance from the 
observer.  

 

These angles corresponded to the outer edges of the answer choices, measured horizontally 

(Fig. 19).  
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All visual elements were precisely placed at a virtual distance of one meter from the user as 

viewed within the HMD. In the Unity 3D programming environment, one unit of space is 

equivalent to one meter of perceived distance. Therefore, to set the visual angle for each 

experimental condition, I specified the desired VA and solved the equation above for S. The 

value of S was applied to the visual task automatically by the software with each new 

experimental condition, before the presentation of the first task trial. 

Subjects were presented with a series of 75 task trials for each experimental condition. Every 

subject performed each condition twice, for a total of 6 sets per subject. A 30 second break 

(black screen; no visual stimulus) separated the training and baseline measurement phases to 

prevent contamination of the baseline data by lingering arousal from training. Between each 

set of trials there were additional 10 second rest breaks.  

Body and particularly eye movements have a high possibility of introducing movement 

artifacts into the EEG data. Therefore, subjects were instructed to blink and adjust their 

posture as needed during these rest breaks but to refrain from doing so during the trial sets 

themselves.  

Figure 19: The three experimental conditions emulating small, medium and large screen sizes. The 
cognitive task is identical in each condition. 
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Visual text messages in the display announced the beginning and end of these break periods. 

The ending message flashed off 2 seconds before the start of the following trial set. The total 

time required to complete each set varied according to subject ability, but lasted 

approximately 60 seconds on average. This resulted in an overall experimental protocol time 

of 9-10 minutes (Fig. 20).  

 

Figure 20: Protocol flow: following training and EEG baseline recording, 6 experimental phases, 
each containing 75 trials, were conducted. A 10 second rest separated each experimental phase. 
The content of the experimental phases was randomly selected from the 3 condition types (10°, 
20° or 40°) and balanced so that each subject experienced each condition twice. Total time to 
complete the protocol varied from 9 to 10 minutes per subject. 

The order of the conditions was randomized for each subject but balanced so that any given 

size condition did not immediately follow the identical condition from the preceding set. 

Thus, an example order might be: small, large, medium, large, small, medium.  

Before the start of the protocol, each subject was granted time to practice the task until they 

were able to achieve a 75% average accuracy rate for at least 10 trials. This training period 

lasted an average of 45 seconds, with some subjects mastering the task more quickly than 

others.  

4.3.6. EEG  
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EEG signals (microvolts) were acquired from the frontal, central, occipital and parietal regions, 

using an 8 channel EEG amplifier (OpenBCI 32-bit Board Kit, OpenBCI, inc.) with a sampling 

rate of 250 Hz. The primary electrode locations were Fz and Pz, placed according to the 

international 10-20 system. Data from Cz and Oz were also recorded in an exploratory 

capacity, but the results did not offer any novel findings and were not included in the 

published paper. Complete data for all four electrodes is provided in Appendix A.7, however. 

Gold cup electrodes were attached to the scalp and ear lobes using electro-conductive gel, 

and an initial impedance of <5 kΩ across all electrode positions was insured. Additional 

electrodes were affixed above and below the subjects’ eyes to record electrooculogram 

(EOG) signals caused by blinking or other facial movements for later use in noise reduction 

and signal optimization (Zahan, 2017). 

EEG data was recorded throughout the experiment, although only the final 30 seconds of 

activity was analyzed for each phase. This was to insure that the task difficulty was maximally 

adapted to each subject. The use of this mechanism made it possible to measure similar levels 

of cognitive engagement across all participants and all conditions. 

4.3.7. Task Performance     

Overall reaction time and task accuracy were calculated for each phase and averaged across 

all trials for a given size condition. 

4.3.8. Analysis Method     

The raw EEG data was notch filtered (50Hz) and high-pass filtered from 4Hz. Muscle artifacts 

identified from comparison with the EOG data, as well as other apparent artifacts identified 
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by visual inspection of EEG data plots, were removed in full from the time series prior to 

analysis. 

Fast Fourier transforms (FFT) were calculated for the following spectral ranges: theta (4-8Hz), 

alpha (8-13Hz), low beta (13-20Hz) and high beta (20-28Hz) with 30 second windows for 

each phase of the experiment. The total sum of the power values from each range was 

divided by the total number of data points. The resulting score was normalized by subtracting 

the overall population mean and dividing by the standard deviation to obtain a power index. 

For this study, the population mean refers to the combined EEG data of all subjects divided 

by number of subjects.  

Statistical significance was determined with a repeated measures ANOVA, followed by a 

non-parametric, Wilcoxon signed rank test to determine the significance of any changes in 

power between the experimental phases. The choice of Wilcoxon was due to the large 

individual differences in performance observed between subjects, and justified by the within-

subjects nature of the study. 

Task performance data was averaged to obtain an overall accuracy and reaction-time value 

for each subject per task condition. Individual results were averaged, and similar Wilcoxon 

signed-rank tests conducted. 

4.4. Results 

4.4.1. EEG Data 
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Cognitive load increases corresponding to stimulus size were observed in the theta and beta 

ranges for all electrodes. Changes in the theta range followed a relatively linear pattern of 

increasing power, while the low beta results reflected a more logarithmic arc.  

At electrode Fz, one-way repeated measures ANOVA showed statistically significant 

differences between the experimental conditions for the theta range (f()=24.1, p<.00001) 

and low beta range (f()=10.86, p<.00001). Post hoc Wilcoxon signed-rank tests revealed 

that for theta power, all increases between baseline and experimental conditions were highly 

significant (p < .01). In addition, the difference between the 10° VA and 20° VA condition 

was significant at the 1% threshold (n = 20, Z = -3.3973, p < 0.01). In contrast, changes in 

the low beta range were highly significant only between baseline and the 20° and 40° 

conditions, as well as between the 20° and 40° VA stimulus conditions (all: p < .01).  

Unexpectedly, alpha ranges revealed relatively little change in spectral power between 

control and experimental phases, regardless of EEG position. Power trends for electrode 

position Pz were similar, but with slightly higher standard error measurements (Fig. 21). (N.B.: 

please see appendix A.7 for complete electrode data). 
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A comparison of the average power increase from baseline further highlights these 

observations. In the low beta range, the percentage increase from 20° to 40° is approximately 

4 times the percentage increase from 10° to 20° for all electrodes. Theta power increases, 

however, are more linear, with each increase in simulated screen size contributing about 5% 

additional spectral power to the overall cognitive load. It is noteworthy that these trends in 

theta activity are not concentrated in one physical area; similar, double-digit or near double-

digit increases in theta power are seen across all midline electrodes (Table 4). 

Figure 21: Spectral power by experimental condition (control, 10°, 20°, 40° VA) and frequency at 
EEG locations Fz & Pz; n=20; SE; statistical significance calculated with Wilcoxon signed-rank test 
(* = p < .05, ** = p < .01) 
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4.4.2. Performance  Data  

Changes in performance for all subjects between conditions is presented in Fig. 22.  

Overall task performance, including both reaction time and accuracy, was highest in the 20° 

condition. A one-way repeated measures ANOVA comparing the three conditions showed 

significance both for task speed (f(2)=5.13, p=.014) and accuracy (f(2)=5.734, p=.009). 

Additionally, post-hoc Wilcoxon signed-rank tests showed significant increases in 

Table 4: Average power increase from baseline by condition and EEG position. Theta is defined as 
the frequency range from 4-8Hz, Alpha, 8-13Hz, low-Beta, 13-20Hz and high-Beta, 20-28Hz. 
Double-digit increases are shaded green. 

Figure 22: Mean task performance (reaction time and accuracy) by condition (10°, 20°, 40°); 
n=20; SE; statistical significance calculated with Wilcoxon signed-rank test (* = p < .05 
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performance for the 20° condition compared with the 10° condition (reaction time: p=.016, 

accuracy: p=.018). There was also a marked decrease in task performance, particularly in 

reaction time, for the 40° condition. When moving from the 20° condition to the 40° 

condition, a significant downward performance trend was observed in both reaction time 

and accuracy (reaction time: p=.002, accuracy: p=.011). 

4.4.3. Performance & Cognitive Load   

Cronbach’s coefficient α was used to calculate the internal consistency coefficients of EEG 

power for each condition, along with the two performance outcomes. Alpha values of .71 

(EEG + Reaction Time), .73 (EEG + Accuracy) and .76 (EEG + Accuracy + Reaction Time) 

showed a satisfactory level of internal consistency. 

Unfortunately, regressing spectral power onto performance results on a per-subject basis 

yielded no meaningful correlations. These results were unexpected as an upward trend in 

performance from 10° VA to 20° VA conditions appears to mirror similar increases in EEG 

theta power for the averaged data sets. Similarly, the oppositional trend between 20° VA 

and 40° VA conditions (higher EEG power but lower performance) was marked by such 

significant individual differences that correlations were not meaningful (see appendix A.8). 

4.5. Discussion 

This study examined the role of screen size in a cognitive training task by employing several 

novel methods:  

(1) The entirety of the experiment was conducted in an HMD environment which 
eliminated environmental distractions as a confounding variable.  
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(2) The effects of both very small and very large stimuli were examined to view 
the cognitive response on a size continuum. 

 Generally, my results were in keeping with previous studies examining cognitive impact of 

stimulus size manipulations. It also revealed some limitations of relying on surface EEG to 

predict cognitive responses to visual stimuli. 

4.5.1. EEG 

Short term memory processing and concentration is commonly associated with frontal 

cortex activity, and specifically with the frontal midline theta rhythm (Yamada, 1998). I 

therefore expected the largest response to the cognitive task to be in the frontal area (Fz) 

within the 4-8Hz theta range, regardless of experimental condition. In fact, I was surprised to 

find that spectral power was remarkably consistent across all electrodes tested. The parietal 

area revealed unexpectedly high power in the theta rhythm, often matching or surpassing 

the results in the frontal region.  

As expected, the larger stimulus conditions generally elicited a greater cognitive response in 

most ranges tested. Only the alpha rhythm failed to conform to this trend, a result that was 

fully expected as alpha and theta rhythms often respond oppositionally during periods of 

mental concentration (Scharinger, Soutschek, Schubert, & Gerjets, 2017). 

In general, I found that theta rhythms rose approximately 5% in spectral intensity with each 

increase in simulated screen size, giving the resulting graph a linear appearance. The beta 

rhythms, on the other hand, increased disproportionately with each change in stimulus size. 

This effect was particularly noticeable at electrode Pz, where the results show a clear 

logarithmic trend: the increase in spectral power when moving from the 20° to the 40° VA 

condition was approximately four times the increase in power from 10° to 20°. Since the 
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increase in surface area when moving from a 20° to a 40° visual angle is also exactly 4x, it 

seems the beta rhythm may be primarily reflecting increases in visual processing load rather 

than changes in load related to the cognitive task per se. It is worth noting that electrode Pz 

is close to the visual cortex and previous research has implicated the beta rhythm in a variety 

of assistive roles with regards to visual perception (Kloosterman et al., 2015).  

Possible reasons for the increases in the theta rhythm are less clear. The study results were 

obtained with an HMD in a sound-proofed, electrically shielded room. Great effort was made 

to minimize any impact of external visual or auditory distractions that might cause extraneous 

cognitive load. It is therefore tempting to attribute all changes in EEG power to an increased 

cognitive effort to solve the primary task. If this were the case, however, all experimental 

conditions that revealed significant changes in task performance should be accompanied by 

corresponding changes in cognitive load. Unfortunately, attempts to support this hypothesis 

in this study with correlations of cognitive load and performance were unsuccessful. 

An additional possibility is that the adaptive nature of the study task may have contributed 

to differences in cognitive load. For example, during periods of downward correction (i.e., 

the task difficulty is reduced to accommodate subject performance) the perceived lull may 

have had an effect on cognitive response. However, an analysis of correction events did not 

reveal them to have occurred in greater numbers during any one condition type. Differences 

in average adaption level achieved per condition were well within the standard error and not 

found to be significant. 

Similarly, the difference in total mean response times between the 20° and 40° conditions 

was approximately 2 seconds over the course of a 75-trial set. This effectively allowed for 
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more trials to be analyzed during the 20° condition. The continuous-load design of the 

experimental task, however, was chosen in part to minimize any peaks and valleys in cognitive 

load that might accompany more traditional cognitive tasks that alternate between stimulus 

presentation and subject response. It is therefore unlikely that this detail alone accounted for 

the unexpected lack of correlation. 

Overall, though some past researchers have found strong correlations between cognitive 

load and performance in visual tasks (Ewing et al., 2016; Alan Gevins et al., 1997), my results 

suggest instead that cognitive load alone cannot be relied upon to accurately predict cognitive 

task performance, particularly when the stability of display parameters cannot be assured. 

Certain types of external variables, such as stimulus size, appear to have such an outsized 

effect on EEG power that it becomes extremely challenging to sufficiently differentiate 

whether an observed increase in cognitive power was due to executive function alone or a 

combination of executive function and additional visual processing. 

4.5.2. Task Performance 

Previous studies have documented a positive correlation between stimulus size and 

performance in tasks dealing with visual stimuli. However, the largest size conditions in those 

studies were generally limited by the size of a traditional computer monitor or television 

screen. In contrast, this study was able to leverage the advantages of an HMD to test the 

size/performance conformity hypothesis with extremely large stimuli to determine if there 

was an upper limit to the previously observed correlation.  

My results indicated that working memory task performance increases as a factor of stimulus 

size, but only up to a certain point. Given the “bigger is better” conclusions of past studies, it 
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came as a surprise that the size condition that elicited the best performance in the visual 

memory task was not the largest, but rather the more moderately-sized 20° visual angle 

condition. When the task visual angle exceeded this size, both accuracy and reaction time 

became negatively impacted. 

One possible explanation for this result may be connected with our visual processing 

physiology. The inner part of the retina closest to the optic nerve is densely packed with 

cone cells, allowing for rapid and clear discrimination of visual stimuli. This macular zone 

corresponds to a visual angle of approximately 18° (Remington, 2011). I therefore posit that 

when the majority of the experimental visual stimuli lie just within this area (i.e., the 20° VA 

size condition in this study), visual processing is optimal, and the brain can allocate maximum 

resources to the primary executive task at hand (in this case: working memory).  

For the 10° visual angle condition, although well-placed in the macular area, the smaller 

stimulus has the disadvantage of reaching fewer receptors. In this case, the brain has to “do 

more with less” when evaluating the stimuli. At the 40° visual angle, however, the answer 

choices reside entirely in the peripheral area of the view field. This area is furnished with a 

much lower density of cone cells than the macular area (Remington, 2011). Thus, although 

the stimuli might cover a larger surface area of the retina, the receptor density is less than 

optimal and may have contributed to the reduced task performance observed. 

4.6. Conclusion 

The current results indicate that the size of the visual stimulus clearly and significantly impacts 

performance in a traditional working memory task. While these results are insufficient to 

draw exact specifications for an optimal stimulus size, it is clear that the small sizes of current 
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smartphone screens are not ideal for the delivery of visual content if the goal is to maximize 

working memory performance.  

Previous studies have shown the potential for head-mounted displays to suppress 

environmental distractions and increase user engagement. The current study confirms this 

and additionally highlights the performance benefits of an optimally sized visual stimulus, 

which is more easily achieved in an HMD environment compared with traditional displays. 

Taken together, these benefits support the use of HMDs for visual cognitive training tasks. 

!  
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5. IMPACT OF VISUAL GAME-LIKE FEATURES ON COGNITIVE 
PERFORMANCE IN A VIRTUAL REALITY WORKING MEMORY 

TASK 

(This chapter is based on my publication in JMIR Serious Games (Redlinger, Glas, & 
Rong, 2022) and my conference presentation “Enhanced Cognitive Training using Virtual 
Reality: Examining a Memory Task Modified for Use in Virtual Environments” at ICISPC 

/AIVR 2021) 

5.1. Chapter Aims 

This chapter documents an experiment that examined the role of gamification in the context 

of virtual reality-based cognitive training. The impetus for the study was a realization that the 

majority of cognitive tasks used in commercial training products resemble games. 

Nevertheless, previous research into the effects of such gamified training frequently did not 

control for environmental distractions during training and tended to lump many different 

game-like elements into a single experimental condition. As a result, study results were often 

contradictory and inconclusive. 

The principle aim of this study was therefore to contribute to the body of gamification 

research by including these novel features: 

1. Isolate the subject from potentially confounding environmental distractions by 
using an HMD for all experimental conditions. 

2. Addition of 3D depth, a feature commonly found in VR-based applications, as 
one of the visual features examined in the context of gamified cognitive training. 

3. Individually compare cognitive activity and performance for each of several 
gamified conditions with an unmodified, “bare-bones” version of the task 

4. Examine whether changes in cognitive activity (EEG) elicited by game-like visual 
features correlate with task performance 

  



 

 88 

5.2. Introduction 

The previous chapter established that a visual angle of approximately 20° seems to be ideal 

for screen-based cognitive tasks as it maximizes the user performance while minimizing task-

irrelevant cognitive activity. Although the previous study demonstrated robust, significant 

effect sizes for the experimental conditions, the task’s visual design (e.g., plain stimuli against 

a black background) did little more than present the underlying visual memory mechanism. 

In contrast, cognitive training tasks intended for consumers generally contain colorful 

backgrounds and motivational game elements to encourage the user to stay engaged in the 

training process. In short, commercial cognitive training tasks often resemble games. 

The embrace of gamification as a method of increasing user engagement and enjoyment of 

otherwise dull, repetitive tasks is indeed supported by a large number of studies 

(Boendermaker et al., 2017; Mekler et al., 2013; Mohammed et al., 2017; Vermeir et al., 2020). 

The full picture regarding the potential impact of gamification on cognitive performance, 

however, is less conclusive. Two recent, comprehensive reviews looking into the use of 

gamification strategies in brain training and general cognitive assessment studies 

overwhelmingly found that while gamified training does appear to boost participant 

motivation, study heterogeneity impeded the drawing of clear conclusions with respect to 

performance or ecological validity (i.e., the degree to which experimental results are 

generalizable to real life situations) (Lumsden, Edwards, et al., 2016; Vermeir et al., 2020). For 

example, the authors in the first study identified no fewer than 28 game-like elements 

employed in the 33 studies surveyed. These included positive/negative task feedback, time-

pressure, storylines or narrative elements, interactive status displays and many others. The 

second survey, from 2020, found that of the 49 papers examined, no study has reported on 
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the effect of a single element alone and that game elements were investigated only in 

combination, making it impossible to establish whether individual elements had measurable 

effects (Vermeir et al., 2020).  

A typical example is Mohammed et al.’s 2017 study, which compared two adaptations of an 

n-back task. The two experimental conditions consisted of a stripped-down version which 

exposed only the core task, and a gamified version that contained a visually rich display 

combined with multiple audio soundtracks. While the authors found no significant 

performance differences between the gamified and non-gamified versions of the task, they 

acknowledged that the lack of granularity in the game condition ultimately made it difficult to 

draw useful conclusions (Mohammed et al., 2017). 

Another study with a sizable subject pool (n=107) found negative correlations between 

certain game-elements and task performance. The authors speculated that unneeded stress 

and new cognitive demands may have been induced by distracting game elements such as 

persistent score displays, leading to reduced performance. However, rather than individual 

game elements added to a bare-bones task, the study design instead removed specific game 

elements from a larger group of game features. This approach seems to leave the possibility 

open for the remaining elements to compensate for the removal of a single one, making it 

difficult to know for sure which element(s) might have specifically accounted for the “new” 

cognitive demands (B. Katz et al., 2014).  

In summary, as gamification encompasses a great number of individual elements, a lack of 

precision and homogeneity between studies has hampered the ability to draw consensus 

conclusions regarding which game-elements, if any, may impact task performance. 

Additionally, while motivational features such as scoreboards and real-time performance 
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feedback have been widely studied (B. Katz et al., 2014b; Landers & Landers, 2015; Lumsden, 

Skinner, Coyle, Lawrence, & Munafo, 2017; Lumsden, Skinner, et al., 2016; Mekler et al., 2013; 

Ninaus et al., 2015), the specific impact of certain purely visual features, such as 3D depth 

and colorful, immersive backgrounds, is less well documented, despite being increasingly 

encountered in consumer products such as game systems and dedicated VR headsets. 

The study described in this chapter aims therefore to add to the body of knowledge regarding 

the use of game-like visual design elements by specifically examining the application of two 

particular visual features: immersive, colorful backgrounds and the use of 3D depth. These 

features were specifically chosen because of their under-representation in previous studies 

and their frequent use in virtual and augmented reality technology, a rapidly growing 

consumer market segment that also contains cognitive training products. We hypothesize 

that task performance may be adversely affected by the additional visual processing demands 

but that the motivational effects documented by previous researchers may in turn 

compensate or reverse those effects. Finally, through the use of EEG as an additional 

quantitative outcome, we hope to gain insight into possible neural correlates for any observed 

performance impact. 

5.3. Materials and Methods 

5.3.1. Study Design & Sample Size Considerations 

Two primary outcomes will be used to examine the impact of gamified design elements on 

cognitive training task performance. Cognitive activity will be broadly measured along the 

midline using EEG (see subsection 5.3.7 for details regarding the use of EEG in this 

experiment). Raw task performance will be assessed by analyzing task accuracy and subject 
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response time. The experimental task is a simple visual memory task that requires the subject 

to pick out the previously displayed stimulus from among several distractors. In order to 

better control the testing environment, the task was coded for display in a head-mounted 

display environment rather than a traditional monitor screen (see subsection 5.3.2). 

The use of an HMD serves two purposes: 1) to precisely control the display brightness and 

task visual angle across subjects and experimental conditions, and 2) to minimize potentially 

distracting external stimuli. For these and other reasons, several recent papers have 

recommended the use of HMDs, describing them as among the “most fitting platforms for 

applying nonpharmacological computerized neurocognitive assessments” (García-Betances et 

al., 2017, p. 55) and a ”frontier for neurorehabilitation” (Raggi et al., 2017, p. 587). 

The current experimental task was previously used in a related study exploring changes in 

size and position of visual stimuli and showed a robust effect size (>.5) between conditions 

(Redlinger et al., 2021). For this study, I undertook several additional modifications to further 

boost statistical power. First, to reduce between-subject variability an adaptive task design 

was employed in which task difficulty was automatically modulated to insure maximum 

subject engagement. The precise method is described in more detail in subsection 5.3.4.  

Second, an intra-subject protocol design exposed each subject to all experimental conditions. 

This enabled the use of repeated-measures ANOVA and Wilcoxon signed-rank sum tests, 

known to be particularly robust at establishing significance in small-n situations (Normand, 

2016; Smith & Little, 2018). With this study design, I used the G-Power algorithm to 

determine that a sample size of n=20 should be sufficient to achieve adequate statistical 

power at the 5% confidence level (Faul, Erdfelder, Buchner, & Lang, 2009).  
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5.3.2. Test environment   

An HMD (HTC Vive Focus, HTC Corp.) in its default configuration was chosen for the test 

environment. The cognitive training task was created in Unity 3D, a programming 

environment commonly used for creating 3D visual content for virtual reality headsets (Unity 

3D, https://unity3d.com).  

HMD systems typically rely on hand-held pointers for user input. Such input devices are not 

appropriate for EEG studies, however, as they could introduce muscle-related artefacts. To 

address this, a touchscreen smartphone was programmed to send network commands to 

the HMD wirelessly. A soft, foam overlay with holes corresponding to the locations of the 

on-screen virtual buttons was added to the screen. With this combination, the subjects could 

identify the smartphone controls in a tactile manner using only their hands, without any need 

to view the screen. This is crucial as the subject cannot see the smartphone screen while 

wearing the headset (see previous figure 16). 

During the experiment, subjects were seated and instructed to hold the smartphone 

controller in their laps, cradled by both hands. The experimental task was performed by 

tapping the virtual buttons on the screen with both thumbs while minimizing other body 

movements. Since answer positions were assigned randomly, neither left nor right-handed 

subjects enjoyed an advantage from this arrangement (see previous figure 17).   

5.3.3. Experimental Task  

In order to emulate a typical commercial cognitive training task, I designed the core task to 

incorporate a number of cognitive processes drawn from both gaming research and the 

cognitive training literature. These include visual memory recognition, divided attention, 
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perceived time pressure and distractor avoidance. The experimental task required subjects 

to focus on a sequence of stimuli located in the center of the HMD screen. With the start 

of each new trial, the previously displayed center stimulus was moved to one of the four 

corners of the display and a new stimulus took its place in the center. Three randomly chosen 

images were placed in the remaining three corners so that the screen always contained one 

center image and four images in the outer corners. To proceed to the next trial, the subject 

was asked to identify the stimulus that was previously in the center of the display. Subjects 

did this by tapping the virtual button on the smartphone screen corresponding to the location 

of the object they wished to select. Once a choice was made by the subject, the answer 

choices disappeared and the stimulus currently at the center of the display was reassigned to 

one of the four corners, a new stimulus took its place in the center, etc. (Fig. 23). 

 

Figure 23: Novel visual memory task to insure continuous cognitive load: the answer choices (small 
images) and the stimulus from the following trial (large image) are displayed simultaneously. 

A trial was also considered ended if the allotted time elapsed before a selection was made. 

Please see subsequent sections 5.3.4 (#adaptive task”) and 5.3.5 (#experimental protocol”) 

for specific details related to trial times and durations. 



 

 94 

In each trial, the center stimulus and the incorrect answer choices were selected at random 

by the software in such a way that no duplicate images ever appeared together. Trials lasted 

approximately 1.2 seconds on average (SD = 116ms) and were designed to elicit continuous 

cognitive load as both the current answer choices and the following stimulus were displayed 

simultaneously. This was to minimize the usual “peaks and valleys” in cognitive activity that 

often accompany tasks that alternate between stimulus presentation and subject response. 

The goal in choosing this experimental task was to create a minimally complex task that could 

nevertheless reliably elicit cognitive load with little prior task training. While the basic 

mechanism is inspired by the classic n-back task, I restricted the task to 1-back in order to 

minimize the individual differences in performance ability commonly associated with higher 

degrees of n (Kirchner, 1958). 

The figures themselves are from a set of 20 cartoon animal images, all drawn in a similar style 

but differing in shape and color. The image collection was licensed for non-commercial use 

from a popular internet vendor. It was chosen for its design similarity to prevailing commercial 

cognitive training product designs, which frequently employ a similar cartoon design aesthetic. 

5.3.4. Adaptive Task      

An adaptive model was chosen for the experimental task to ensure similar engagement levels 

for all participants. As the experiment progressed, task difficulty was increased incrementally 

until the subject failed to respond within the allotted time window or made two or more 

sequential mistakes. The task difficulty level was reflected in the amount of time available for 

the subject to choose an answer. As the difficulty level rose, this amount of time decreased 

in 50 millisecond intervals. Conversely, if the difficulty level decreased, more time (50ms) was 
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made available to complete each trial. The prevailing task difficulty level impacted the 

experiment in the following two ways:  

1) A visible countdown timer just below the task area reflected the amount of time 
allocated for making a selection. As the trial time progressed, the bar’s contents filled 
incrementally from left to right, reminding the subject to answer as quickly as possible. 
The bar was purposefully designed to be as unobtrusive as possible so as not to distract 
from the primary task. 
2) Failure to make a selection within the allotted time resulted in the trial being marked 
incorrect and the next stimulus was presented. Making any selection (whether correct or 
incorrect) resulted in the timer pausing briefly (200 ms) before being reset for the next 
trial. 
 

At the end of each trial, the response (or failure to respond) was evaluated by the software 

and the reaction speed and accuracy were recorded. Only trials in which the subject actively 

made a selection were included in the reaction time assessment. 

5.3.5. Experimental Protocol     

Twenty subjects, aged 21–48 years of age (M = 28.6, SD = 7.7 years), were recruited from 

among students and staff at the Tokyo Institute of Technology and agreed to participate in 

the experiment after signing an informed consent. This included 6 women and 14 men, all 

right-handed, with no prior history of color vision disorders. In addition, all subjects reported 

having had previous experience using an HMD. The experimental protocol was approved by 

the ethics board of the Tokyo Institute of Technology (IRB: 2019059). 

The protocol was executed in the following order: task training, EEG baseline activity 

measurement, experimental conditions. The EEG baseline measurement phase (60 seconds) 

involved viewing a black background with open eyes to record nominal cognitive activity with 

no visual stimuli.  
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The experimental conditions consisted of four distinct visual representations of the same 

core task: unmodified (the stimuli are simply placed on a flat plane against a black 

background), background distractor (stimuli + task-irrelevant background image), 3D depth 

distractor (stimuli presented at different virtual distances from the subject) and game 

distractor (dynamic motivational features in addition to the two previous distractors) (Fig. 

24). 

The image used in the “background distractor” condition was a cartoon forest scene, 

obtained from the same provider as the stimulus images. The colors, detail level and visual 

style are similar to that of the stimuli but there is no other obvious contextual connection. 

The game condition’s dynamic features comprised a scoreboard and real-time performance 

feedback. The performance feedback was implemented as follows: an incorrect user response 

caused the selected answer choice to briefly shake back and forth to indicate #no”, whereas 

a correct choice caused the item to gently pulse outward towards the user. These animations 

lasted exactly 200ms. In addition, a scoreboard at the top of the display indicated the current 

accuracy rate and the total score for the current trial set. 

Figure 24: The four experimental conditions: the unmodified task on a black background; the task 
performed atop an irrelevant, colorful background; the task performed in 3-dimensional space; the 
task with both background and depth distractors plus an interactive scoreboard and user feedback. 
Horizontal dimensions of task limited to a 20° visual angle. 



 

 97 

All experimental conditions were each repeated twice in randomized order, for a total of 8 

sets per subject. Each set contained 50 trials and lasted approximately 60 seconds. Between 

the training and baseline phases, a 30 second break (black screen; no visual stimulus) was 

imposed. This was to prevent contamination of the baseline EEG data by lingering arousal 

from training. Between each set of trials there were additional 10 second rest breaks. 

The task visual angle for all conditions was set at 20°, corresponding to the outer edges of 

the answer choices, measured horizontally. The visual angle (VA) was calculated using the 

standard formula:  

VA = (S * 57.29) / D, where S is the size of the object and D is the distance from the 

observer.  

This visual angle was shown in a previous experiment to be optimal for maximizing task 

training performance (Redlinger et al., 2021). With the exception of the 3D depth distractor 

and game distractor conditions, all visual task elements were precisely placed at a virtual 

distance of two meters from the user as viewed within the HMD. In the conditions that made 

use of 3D depth, the answer choices (and colorful background) remained at the same virtual 

distance of two meters, but the primary central stimulus moved forward to appear at a 

distance of one meter from the user. In the Unity 3D programming environment, one unit 

of space is equivalent to one perceived meter of distance. To set the visual angle for each 

experimental condition, we specified the desired VA and solved the equation above for S. 

The value of S was applied to the visual task automatically by the software with each new 

experimental condition, before the presentation of the first task trial. 
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Body and particularly eye movements have a high possibility of introducing movement 

artifacts into the EEG data. Subjects were therefore instructed to blink and adjust their 

posture as needed during the rest breaks but to refrain from doing so during the trial sets 

themselves.  

Visual text messages in the display announced the beginning and end of these break periods. 

The latter message flashed off 2 seconds before the start of the following set. The total time 

required to complete each set of trials varied according to subject ability (as dictated by the 

rules of the adaptive task), but lasted approximately 60 seconds on average. This resulted in 

an overall experimental protocol time of 11-12 minutes (Fig. 25). 

5.3.6. Training  

Before the start of the protocol, the task rules were explained, and each subject was granted 

time to practice the task until they were able to achieve a 75% average accuracy rate for at 

least 10 trials. Some subjects mastered the task more quickly than others such that the training 

period lasted between 30 and 90 seconds, with an average of 44 seconds. Since the adaptive 

Figure 25: Protocol flow: following training and EEG baseline recording, 8 experimental phases, 
each containing 50 trials, were conducted. A 10 second rest separated each experimental phase. 
The content of the experimental phases was randomly selected from the 4 condition types 
(Unmodified task, Background distractor, 3D depth, Game distractor) and balanced so that each 
subject experienced each condition twice. Total time to complete the protocol varied from 11 to 
12 minutes per subject. 



 

 99 

mechanism was also engaged during the training period, the training process additionally 

served to establish the starting difficulty for that subject for the following experimental trial 

sets. 

5.3.7. EEG  

EEG signals (microvolts) were acquired from the frontal, central, occipital and parietal regions, 

using a wireless 8 channel EEG amplifier (OpenBCI 32-bit Board Kit, OpenBCI, inc.) with a 

sampling rate of 250 Hz. The electrode locations were Fz, Cz, Oz and Pz, placed according 

to the international 10-20 system, and specifically selected in order to capture a broad range 

of activity along the midline. Electrode positions Fz and Cz were of particular interest due to 

their frequently cited relationship with concentration and cognitive load, while Oz and Pz 

were chosen due to their proximity to the visual cortex and prior association with both 

attention and complex visual decoding (Ewing et al., 2016; Alan Gevins et al., 1997; Sauseng 

et al., 2005; Yamada, 1998). Gold cup electrodes were attached to the scalp and ear lobes 

using electro-conductive gel, and an initial impedance of <5 kΩ across all electrode positions 

was ensured. Additional electrodes were affixed above and below the subjects’ eyes to 

record electrooculogram (EOG) signals caused by blinking or other facial movements for 

later use in noise reduction and signal optimization (Zahan, 2017). 

EEG data was recorded throughout the experiment, although only the final 30 seconds of 

activity was analyzed for each phase. This was to ensure that the task adaptation algorithm 

had been given sufficient time to adjust difficulty levels for each subject before reaching the 

analysis time window. Time markers for determination of analysis epochs were embedded in 

the EEG data stream directly using real-time network packets generated by the experimental 
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task. Through the use of this mechanism, we hoped to be able to precisely measure similar 

levels of cognitive engagement for each participant. 

5.3.8. Task Performance     

Overall reaction time and task accuracy were calculated for each phase and averaged across 

all trials for a given experimental condition. 

5.3.9. Analysis Method     

The software used for EEG data preprocessing and analysis was MATLAB R2019b (The 

MathWorks, Inc., Natick, MA, USA). The raw EEG data was notch filtered (50Hz) and high-

pass filtered from 4Hz using built-in butterworth and bandpass filters in MATLAB. As noted 

earlier, EOG data was recorded in tandem with EEG for each subject. This enabled us to 

create customized artefact recognition routines that were individually applied during the data 

preprocessing phase for each subject. Additional muscle artefacts identified from a visual 

inspection of EEG data plots were also removed in full from the time series prior to analysis. 

Fast Fourier transforms (FFT) were calculated for the following spectral ranges: theta (4-8Hz), 

alpha (8-13Hz), low beta (13-20Hz) and high beta (20-28Hz) with 30 second windows for 

each phase of the experiment. The total sum of the power values from each range was 

divided by the total number of EEG data samples. The resulting score was normalized by 

subtracting the overall population mean (combined EEG data of all subjects divided by 

number of subjects) and dividing by the standard deviation to obtain a power index. FFT and 

statistical analysis was also performed using built-in MATLAB functions. 
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Shapiro-Wilk tests showed that we could not necessarily operate under an assumption of 

normally distributed data. Statistical significance was therefore determined with a repeated 

measures ANOVA, followed by a non-parametric, Wilcoxon signed rank test to determine 

the significance of any changes in power between the experimental phases. The choice of 

Wilcoxon was due to the large individual differences in performance observed between 

subjects, non-normally distributed data, and the within-subjects nature of the study. 

Task performance data were averaged to obtain an overall accuracy and reaction-time value 

for each subject per task condition. Individual results were averaged, and similar Wilcoxon 

signed-rank tests conducted.  

When looking at the preliminary data, it became quickly apparent that performance levels 

varied significantly from subject to subject. Some individuals were able to complete the task 

quickly and accurately while others struggled to respond and made frequent mistakes. This 

contributed to a large standard deviation in the overall results that could potentially 

complicate the drawing of meaningful conclusions. To address this, subjects were additionally 

sub-classified into high and low performance groups for further analysis. The selection criteria 

was based on the average overall task difficulty level achieved by each subject. 

5.4. Results 

5.4.1. EEG Data 

The presence of gamified visual features led to observable changes in spectral power at all 

EEG locations. In particular, increases in beta EEG power for the 3D depth distractor 

condition were observed at all electrode locations. One-way repeated measures ANOVA 

confirmed significant differences for the high-beta range across the entire midline (Fz: (f(3, 
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76)=3.75, p=.015; Cz: f(3, 76)=4.09, p=.011; Pz: f(3, 76)=2.82, p=.046; Oz: f(3, 76)=2.97, 

p=.039), with post hoc Wilcoxon signed-rank tests showing moderate to high significance 

for the 3D depth condition at Oz in particular, compared with the unmodified task (p < .05). 

Differences between individual experimental conditions were, however, not significant.  

For the theta range, only the results at Oz displayed significant variation (f(3, 76)=3.20, 

p=.029) and only one individual experimental condition, the background distractor, proved 

to be highly significant (n = 20, Z = -2.81, p < 0.01) in the post hoc analysis. The game 

condition, which also includes the background distractor, was found to be moderately 

significant (p = .02). Changes in the alpha rhythm did not prove to be significant at any 

electrode position (Fig. 26). For clarity, only the results for Fz and Oz are displayed here but 

full electrode data is provided in appendix A.9  

 

Figure 26: Spectral power by condition and frequency at EEG locations FZ, CZ, PZ & OZ; n=20, 
SE; statistical significance calculated with Wilcoxon Signed-Rank test (* = p < .05, ** = p < .01) 
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It is noteworthy that the game condition, which also includes the 3D depth distractor, did 

not reach the same levels of cognitive activity as the depth-only condition for the beta range. 

This may indicate that the presence of the additional distractions in the game condition could 

be inhibiting the overall impact of the 3D depth effect. In the theta range, however, the 

presence of the background distraction in both the background and game conditions led to 

similar cognitive responses. 

5.4.2. Performance Data  

One-way repeated measures ANOVA comparing the four conditions showed no significance 

for either task speed (f(3, 72)=1.21, p=.31) nor accuracy (f(3, 72)=0.143, p=.93). In general, 

the presence of colorful, task-irrelevant backgrounds led to slight reductions in accuracy but 

had little impact on performance speed. Conversely, the presence of 3D depth cues seems 

to have slightly impacted reaction time but not accuracy (Fig. 27). 

 

Figure 27: Mean task performance (reaction time & accuracy) by condition and group; SE 
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As noted earlier, I took the additional step of separating subjects into high performance and 

low performance groups according to ability (average maximum task difficulty achieved during 

all trial sets). This was due to a large standard error observed in the performance data that I 

felt had the potential to mask underlying trends. While the resulting subgroups are too small 

in size to deliver meaningful statistical power, the results did reveal several nuances and 

present a potentially interesting direction for a follow-up investigation. 

For task accuracy the additional visual distractions present in the multiple-distraction game 

condition appear to have had a cumulative negative impact on the high-performers. 

However, a seemingly opposite effect was observed with the low performance group, who 

cumulatively achieved their highest accuracy in this condition.  

In terms of task completion speed, the results do not show any significant differences 

between conditions, even when observing only the more internally homogenous high-

performance subgroup (Fig. 28). 

Figure 28: Mean task performance (reaction time & accuracy) by condition and high/low 
performance subgroup; SE 
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5.4.3. Performance/EEG compared  

Perhaps due to a lack of significant differences in performance between experimental 

conditions, regressing EEG spectral power onto performance results produced no meaningful 

correlations for either the overall group nor either of the subgroups. Large individual 

differences in subject performance likely also contributed to the lack of significant results. 

5.5. Discussion 

The objective of the current study was to examine the impact of visual, game-like elements 

on task performance and cognitive activity in a visual working memory task. For both reaction 

time and task accuracy, no significant differences in performance could be determined. 

Nevertheless, certain performance trends can be observed that seem to leave open the 

possibility that specific types of visual distractions may impact some aspects of cognitive 

performance while leaving others unaffected. For example, our data show that visually 

distracting backgrounds had no observable impact on reaction speed but a slight impact on 

accuracy. Conversely, 3D depth decoding appears to have slightly affected speed of 

processing but not task accuracy.  

The EEG power analysis similarly revealed no significant differences in the crucial frontal theta 

rhythm at Fz, which often serves as a proxy for subject concentration and task engagement 

(Ewing et al., 2016; Yamada, 1998). On the other hand, significant differences between 

conditions were observed in the beta band, and in the theta band at the occipital electrode. 

While these results return to insignificance if one corrects for multiple comparisons using 

Bonferroni or a similar method, the question nevertheless arises as to what might have caused 

these observed effects in the beta and theta rhythms, particularly given the lack of correlation 
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with performance. For instance, the higher theta power observed at Oz was actually 

accompanied by slightly reduced accuracy in the background distractor condition. The 

proximity of Oz to the occipital area and the visual cortex suggests that rather than being 

directly linked with cognitive effort related to the task, perhaps the theta rhythm is instead 

simply more sensitive to certain underlying ocular processes required by the visually rich 

background employed in this condition.  

For example, although the current experimental task is designed to discourage voluntary eye 

movements by encouraging the subject to continually focus on a center stimulus, the 

presence and frequency of involuntary eye movements such as micro-saccades were 

unfortunately not recorded as part of the current experimental design. Indeed, there is 

evidence to suggest that saccades may be highly correlated with theta power during periods 

of memory encoding (Sato & Yamaguchi, 2008) and that micro-saccades in particular are a 

source of sizable activity in the human visual cortex, with specific neural correlates in the 

theta and delta ranges (Dimigen, Valsecchi, Sommer, & Kliegl, 2009). More recently, Martinez-

Conde and her colleagues similarly documented the presence of large potentials in the 

occipital cortex following micro-saccades (Martinez-Conde, Otero-Millan, & MacKnik, 2013). 

Other studies have observed links between increased cognitive stress related to memory 

tasks and elevated saccadic frequency and duration (Di Stasi et al., 2013; Zargari Marandi, 

Madeleine, Omland, Vuillerme, & Samani, 2018). Thus, the possibility that the background 

condition may have elicited a disproportionate amount of ocular activity, and along with it 

increased theta power, represents one hypothesis for the observed results. 
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At the same time, increased high beta (20-28Hz) spectral power in the 3D depth condition 

was accompanied by generally slower reaction times. Here, although previous research has 

implicated the beta rhythm in a variety of assistive roles with regards to visual perception 

(Kloosterman et al., 2015), studies that specifically examine 3D decoding are less conclusive. 

For example, while some researchers found 3D environments elicited greater cognitive 

activity compared to their 2D counterparts, particularly in the beta range (Bilgin, Agres, 

Robinson, Wai, & Guan, 2019), Dan et al. found a reduction in EEG power during the 3D 

condition vs. the 2D condition in their experiment involving a learning task (Dan & Reiner, 

2017). However, the latter study involved complex “reality-like” visuals and focused on the 

Fz theta/Pz alpha ratio for EEG-feature classification, rather than a broad-spectrum analysis, 

and did not specifically target the beta range. The possibility therefore remains that, as with 

the theta band, underlying cognitive demands related to visual processes may have obscured 

task-related activity. As noted earlier, the cognitive task employed incorporates a number of 

cognitive processes, including visual working memory and divided attention. This multi-

modality presents a further challenge when trying to determine the exact reason for 

unexpected EEG results as it is difficult to ascertain which cognitive process was responsible 

for the observed effects. 

The supplementary analysis of performance by subject ability, while not statistically 

meaningful, nevertheless revealed an unexpected trend with regard to task accuracy. The 

performance results from the high group appear to be cumulatively reduced by successive 

layers of distractions, with the game condition eliciting the lowest average accuracy levels. 

The poorer performers, however, paradoxically appeared to perform best during this 
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condition. It must be noted, however, that the average degree of accuracy obtained in the 

low group was still well below that of the average overall performance from the high group.  

I would like to propose two possibilities: throughout the experiment, the low performance 

group may have suffered from a form of performance anxiety that led to generally slower 

decision-making and lower overall accuracy. The presence of multiple additional visual 

elements in the game-condition, however, may have provided a certain degree of reassurance 

and encouragement, an effect of gamified design documented by previous researchers 

(García-Betances et al., 2017; Mekler et al., 2013). Similarly, the inclusion of a score board 

and positive/negative response feedback after every trial in the game condition may have 

helped to refocus subject attention and encourage less experienced or more easily distracted 

subjects to improve their performance. 

Finally, it is worth noting some limitations to the current results.  First, as the context of this 

study was potential users of commercial cognitive training products, I used a broadly inclusive 

criteria for subject selection, which resulted in a wide range of ages and an uneven gender 

balance. This may have impacted the study results in unexpected ways. Secondly, although 

all experimental conditions differed significantly from the unmodified task in the high beta 

range (except the game condition at Fz), they did not differ significantly from each other. This 

lack of precision reinforces the possibility that any visual novelty, whether it be the presence 

of 3D depth or a colorful background, triggers an increased cognitive response in the high-

beta range. Greater EEG channel density and separating the multi-modal task into its 

component cognitive processes could potentially help isolate and differentiate the observed 

responses. 
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Lastly, the experimental conditions in experiment three represent a compromise between a 

fully gamified product, comprising potentially dozens of individual game elements, and an 

unembellished clinical task. Since the study objective was to assess the impact of individual 

elements, even the comparatively feature-rich final condition contained only four specific 

theme and feedback features. It is, however, possible that the true effects of gamification on 

task performance are only to be found in aggregate, that is to say, with a full complement of 

features. If so, the task employed in this study perhaps failed to reach a minimum level of 

entertainment needed to affect motivation and performance. The inclusion of additional 

acknowledged gamification elements such as narrative, rewards, consequences or social pressure 

(Marczewski, 2015) might have resulted in a different study outcome. 

5.6. Conclusion 

In isolation, a small performance impact was incurred by the inclusion of task-irrelevant visual 

backgrounds and the use of 3D depth elements. That impact was mitigated or reversed for 

some subjects, however, when combined with “motivating” features such as real-time 

feedback and scoreboards. Overall, the primary finding of the current study is that 

performance in simple memory tasks of the kind that are frequently found in commercial 

cognitive training apps is not significantly affected by the use of visually distracting backgrounds 

or 3D depth, nor by common motivational game elements such as scoreboards and real-

time performance feedback. Particularly in light of the user engagement and motivational 

advantages of gamification documented by previous researchers, the observed impacts may 

not be substantial enough to warrant the creation of specific design patterns or the 

redesigning of existing gamified cognitive tasks unless the specific goal is to maximize speed 

and/or accuracy, in which case the current findings may provide some useful guidance. 
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6. GENERAL DISCUSSION 

6.1. Chapter Aims 

This thesis is the culmination of three years of laboratory research examining the current 

state of app-based cognitive training. In light of recent advances in consumer technologies, I 

was particularly interested to see whether today’s tiny smartphone screens and the general 

trend towards game-like experiences had any noticeable impact on cognitive task 

performance, or whether next-generation head-mounted displays paired with a minimally 

distractive core-task-only design might be a more effective option. Along the way, I 

conducted an extensive review of the cognitive training literature, developed my own tasks 

and VR-based platform for deploying cognitive training, and conducted three quantitative 

experiments making use of current advances in portable, wireless EEG technology. This 

chapter synthesizes the results I have obtained and reflects on my findings in the context of 

the broader debate about cognitive training. It has five aims:  

1) Answer and contextualize the central question of my thesis: is the current state 
of commercial cognitive training, namely gamified apps “played” on 
smartphones, sufficient to achieve robust cognitive training? 

2) Discuss the pros and cons of using HMDs in the context of cognitive training 

3) Address the limitations of my research and specifically the use of EEG in 
cognitive training studies 

4) Discuss the challenges remaining in the field and suggest directions for future 
research  

5) Summarize the various findings of this thesis into a pragmatic list of “best 
practices” to follow when designing cognitive training apps 

 

6.2. The Verdict on App-based Cognitive Training 
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The needs of science (e.g., academic rigor, quantifiable results, etc.) are often in opposition 

to the needs of the consumer (e.g., convenience, affordability). Unsurprisingly, reaching a 

verdict on the relative merits of today’s convenient, app-based cognitive training products is 

complicated and involves making difficult trade-offs.  

On the one hand, it seems increasingly clear that small typefaces on small screens are not 

the best way to achieve optimal performance with any cognitive process that involves 

working memory. This was determined by recent e-learning experiments that compared 

screen-sizes, along with my own findings of statistically significant performance improvements 

with larger (but not extremely large) stimuli.  

At the same time, the prevailing evidence shows that gamified cognitive tasks do increase the 

quality of the experience and possibly the desire to continue performing a task 

(Boendermaker et al., 2017; Mekler et al., 2013; Mohammed et al., 2017; Vermeir et al., 2020). 

Since the success of cognitive training is generally believed to be dependent on a regimen of 

repeated, spaced training (Chiu et al., 2017; Edwards et al., 2018) the potentially improved 

user engagement found with gamified training apps may be essential if there is to be any 

expectation of benefit from casual training. Furthermore, certain game features that focus on 

motivation and progress tracking rather than the presentation of task-irrelevant visual 

elements do not appear to significantly impact performance. In such cases, their use is not 

only justified but should be encouraged.  

6.3. To Be or Not to Be (…Virtual) 
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The use of head-mounted displays for training, learning and entertainment represents the 

current vanguard of human-computer interaction. As with gamified training apps, however, 

the use of HMDs also presents both advantages and disadvantages.  

Of particular interest for cognitive research and consumers alike is the HMD’s inherent 

advantage of reduced peripheral distraction and potential for optimized stimulus 

presentation. The binocular nature of standard VR headsets enables the precise positioning 

of stimuli at virtual distances that correspond perceptually to their real-world equivalents. As 

reported previously in this thesis, one area of concern when attempting to use clinical 

research to support claims of commercial training benefits is that the environmental 

circumstances under which clinical training takes place often differ greatly from those of casual 

environments, such as a typical home. Use of an HMD for both clinical studies and casual 

home use has the potential to increase ecological validity of study results by reducing this 

discrepancy. 

A chief disadvantage of HMDs, as of Spring, 2022, remains their awkward size and weight. In 

order to dispense with the need for a high-performance computer to power the headset, 

today’s HMDs instead integrate the necessary optics, processors and power-supply into the 

headset itself, greatly increasing their mass and physical profile. In addition, the latency 

between the user’s movements in the real world and the delayed or non-existent 

representation of those movements in virtual space often leads to a physiological queasiness 

that is referred to as “VR-sickness” or “cybersickness” (García-Betances et al., 2017; LaViola, 

2000). To compensate for these effects, ample back and neck support and limiting the 

amount of movement needed to complete a task (all techniques I employed in my thesis 
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research) are recommended procedures to manage the circumstances that reportedly lead 

to cybersickness. 

In sum, while their use in clinical settings is extremely promising for visual stimulus studies, 

phobia desensitization and other similar research, the cumbersome nature and discomfort 

associated with the current generation of consumer HMDs must be adequately addressed 

before their value as a platform for commercial cognitive training can be fully realized. 

6.4. Thesis Limitations 

One stated objective of my research was to collect both performance-based and bio-

potential-based quantitative data in order to data-mine the results for potential correlations. 

The nature of bio-potentials is that while they are able to provide us precise information 

about physiological changes in our organism, they are generally not able to specify an exact 

relationship with any particular behavior or cognition. Attempting to make causal inferences 

based only on biometric data introduces the risk of misleading and un-scientific conclusions 

of the sort I introduced earlier in this thesis (see section 2.2 “We Literally Love our iPhones”). 

It was therefore my hope that by using a simple cognitive task in which performance and 

EEG were both dependent variables subjected to the same stimulus manipulations I would 

be able to gain valuable insight into the interrelation between the two outcomes. 

Unfortunately, the challenge of separating EEG signals related to visual processing from those 

related to the core cognitive task proved to be daunting and represents one of the primary 

limitations of the research documented in this thesis. While spectral power changes due to 

manipulations of task difficulty (e.g., increased time pressure or higher degrees of n in an n-

back task) have been demonstrated to be readily observable in previous studies (Ewing et 
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al., 2016; Fairclough, Gilleade, Ewing, & Roberts, 2013), I found in my own experiments that 

even slight manipulations of the visual stimulus often resulted in such dramatic EEG 

fluctuations that the more subtle changes in spectral power related to the experimental task 

tended to be obscured. In other words, while I regularly documented changes in EEG power 

during my various experimental conditions, those changes were not always reflected in task 

performance. On the contrary, they tended to correlate instead with increased visual 

complexity or larger stimulus sizes. Conversely, seemingly clear trends in subject performance 

failed to correlate with corresponding EEG data.  

The sensitivity of EEG results to a wide variety of potential cognitive activity, and the resulting 

difficulty in establishing direct causality, has been documented by other researchers as well. 

For instance, Grissmann et al.’s 2017 EEG study attempted to find a meaningful link between 

cognitive task performance and affective mental states using EEGs and other outcomes. 

While they did succeed in determining that negative valence states were correlated with 

increased working memory load and reduced task performance, they noted that the EEG 

results typically associated with changes in working memory load failed to be observed.  The 

authors speculated that the very act of presenting affect-inducing stimuli, in the form of 

high/low valence images, may have generated cognitive activity that obscured or suppressed 

the expected EEG fluctuations (Grissmann et al., 2017). Mühl and Jeunet reached similar 

conclusions while researching the effects of social stress on cognitive task performance, 

finding that workload estimation via EEG at times failed to match actual performance due to 

interference from the stress itself (Mühl et al., 2014). 

A further limitation of this thesis involved a conscious trade-off between protocol efficiency 

and subject comfort on the one hand, and EEG coverage and data resolution on the other. 
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For example, the relative novelty of combining surface EEG technology together with a head-

mounted display was only possible because of a conscious choice to limit the number and 

placement of the EEG electrodes. The use of HMDs generally requires a not-insignificant 

amount of adjustment to straps and optics to achieve good focus and a comfortable fit for 

the subject. All of this must necessarily occur after the placement and calibration of the EEG 

electrodes on the surface of the scalp has concluded. With such a strong potential for 

damaging the fragile electrode connections in the process, initial placement and wiring must 

be carefully considered. Consequently, while there is no doubt that a more comprehensive 

EEG skullcap with a larger number of electrodes and greater surface coverage might have 

enabled a better separation and understanding of the various EEG spectral effects observed 

in these experiments, its use may have in turn contributed to increased user discomfort, 

protocol complexity, and a greater risk to data integrity.  

6.5. Challenges and Future Work 

In light of the recent pandemic, the search for ways to conduct cognitive research without 

the need to convene subjects in a clinical setting has intensified. As previously noted, the use 

of crowd-sourced subject pools has the advantage of simplified, relatively affordable access 

to large numbers of subjects (Lumsden, Skinner, et al., 2016). The types of experiments that 

can be run in this distributed manner, however, is greatly limited by the inability to insure a 

consistent and comparable experimental environment for all subjects. The systematic 

implementation of HMDs has the potential to revolutionize crowd-sourced cognitive studies 

by solving this exact problem: placing all subjects in a virtual, controlled environment 

regardless of their actual physical or social context.  
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Compared to global smartphone sales of more than 1 billion units in 2020, unit sales of 

popular VR headsets such as Meta Platforms, Inc.’s Quest 1 and Quest 2 is still tiny at 

approximately 2 million units (Alsop, 2021; “Number of smartphones sold to end users 

worldwide from 2007 to 2021,” 2021). Nevertheless, forthcoming releases of third-

generation headsets from leading technology companies such as HTC, Meta and Apple will 

likely have a dramatic impact on VR adoption. It may indeed soon be realistic to require 

online subjects to use an approved headset for cognitive experiments. Furthermore, 

announced features of third-generation units include thinner lenses and the use of external 

batteries, resulting in dramatically less weight and improved user comfort. 

In terms of future research, one direction I hope to pursue involves the use of eye-tracking 

as an alternate means of gauging task engagement and cognitive effort, potentially in 

combination with EEGs. While EEG is among the gold-standard technologies for measuring 

cognitive function, the limitations documented in this thesis have led me to seek out potential 

alternatives. Eye-tracking technology represents just such an alternative: a robust research 

discipline comprising decades of rigorous academic study with a wide variety of assessment 

techniques and device manufacturers. Furthermore, eye-tracking metrics such as saccade 

dynamics are highly correlated to a wide variety of cognitive functions (Di Stasi et al., 2013; 

Zargari Marandi et al., 2018) and are sensitive to many of the same task manipulations, 

including time pressure, as EEG (McCarley, 2009). In terms of practicality, certain research-

grade HMDs already have eye-tracking technology built-in and some next-generation 

consumer headsets are also rumored to contain this feature. The possibility of pairing an eye-

tracking enabled HMD with EEG, heart rate variability (HRV) or other biopotential outcomes 

constitutes a very promising direction for future quantitative research. 
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6.6. Conclusion / Cognitive Training Task Design Best Practices 

One recurring point that has hopefully been made clear in this thesis is that small differences 

in protocol or stimulus presentation can have a dramatic impact on the results of cognitive 

studies. Sometimes it can even mean the difference between meaningful effect sizes and 

none at all. This fact has been particularly apparent in the field of cognitive training research, 

where confusing and contradictory study results have gone so far as to result in diametrically 

opposed schools of thought. 

Nevertheless, I feel it has become increasingly difficult to hold the opinion that cognitive 

training is ineffective in all cases – respected, longitudinal studies such as ACTIVE have 

hopefully addressed this. The challenge for future cognitive scientists and makers of cognitive 

training products alike is rather how to best use the knowledge gained from a myriad of 

clinical studies and our growing understanding of the psychophysics of cognition to maximize 

the cognitive benefit from training. To this end, I would like to conclude by proposing the 

following best practices for cognitive training task design:  

1) Design for larger screens. Recommend that your users train on larger displays. 

A tablet is better than a handheld phone. When the choice is available, increase 

the font-size of the text. Large, clear stimuli that are easy to read without 

excessive eye or head movements will allow the brain to focus on the 

underlying task, rather than wasting energy to first parse the stimulus. 

2) Use game elements that facilitate task engagement, but with a light touch. Visual 

indicators that periodically show success and progress are beneficial, but are 

best presented after the completion of a task rather than as permanently visible 
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elements. Use of colorful graphical elements should be restricted to meaningful 

areas of the task, such as the stimuli themselves, rather than unrelated 

background decoration. There is some leeway, however (e.g., if the graphics 

specifically encourage prolonged participation or directly promote task 

engagement). 

3) Make the task adaptive. Adaptive designs have been found to improve 

efficiency and performance not just in cognitive training but in learning and 

memory tasks as well. Simple adaptations that are easily implemented include 

variable time pressure and decreasing stimulus display duration. 

4) Encourage your users to use an HMD or else seek out a quiet, shaded, non-

social area to train. Research has shown that the amount of ambient sound, 

light and a variety of psychosocial factors impact concentration and cognitive 

performance. If you use an HMD, take the time to ensure maximum comfort 

and optical clarity before beginning. 

5) Stick with it! For healthy adults, plan for at least three or more sessions per 

week with a combined weekly training time of about two hours, if possible. In 

addition, studies show that gains appear only after approximately ten total 

hours of training. For maximum long-term training effectiveness, a training 

regimen should be maintained for at least eight weeks. 

All of these suggestions are derived from either my original experimental results or well-

substantiated and documented conclusions reached by previous researchers. Because what 

is at stake in the brain training debate is nothing short of our collective cognitive health, the 
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process of identifying and vetting potentially promising interventions is necessarily a 

complicated and painstaking one. Competing interests from commercial and academic actors, 

along with technological and methodological difficulties, all contribute to the challenge of 

reaching a clear consensus. Nevertheless, the need for a comprehensive strategy to address 

cognitive decline has never been greater. We might yet see the day when a universally 

acknowledged cognitive training practice becomes as commonplace as performing a standing 

squat or mounting a treadmill. 
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APPENDICES 
 

A.1  Theta and Alpha Response During Periods of Rest and Cognitive Activity 

Sample spectral activity for rest periods and cognitively active periods (visual n-back task) for 

a typical subject are displayed in figure 1 below. Note the increases in alpha activity (dotted 

red line) and corresponding decreases in theta activity (dotted blue line) during the rest 

periods, compared with the active periods (Fig 1). 

!

Figure 1: Sample spectral activity over time for a typical subject. The light-blue areas denote rest 
periods while the grey shaded areas demarcate subject engagement with the cognitive task.  
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A.2  Validating the Motivational Intensity Model 

According to the Motivational Intensity Model, the moment the subject realizes the futility of 

continuing to pursue a cognitive task is accompanied by a dramatic decrease in task 

engagement. In figure 1 below, the subject realizes they cannot maintain sufficient 

performance to prevent blocks from reaching the top of the window at about the 27 second 

point (A). A dramatic drop in theta activity in the frontal area can be seen in the EEG data 

stream during the following 5 second window (B). The visual state of the task at the moment 

of cognitive capitulation is approximated in inset block C. 

 

Figure 1: EEG data plot highlighting spectral power over time. Overall cognitive activity separated 
into discreet frequency ranges using fast Fourier transforms. 

!  

Cognitive task state at ~27 
seconds: subject notices the 
task is about to end. 

A 

B 

C 
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A.3  Comparing EEG Data Impact of Various Task Input Methods 

Since muscle movements have the potential to introduce noise into the EEG data, a trial 

study (n=4) was conducted to determine the potential impact of various user input 

modalities. The data indicated that none of the methods tested had a statistically meaningful 

effect (Fig. 1).  

 

Figure 1: Average theta and alpha range EEG power values for two active control conditions and 
the following experimental conditions: finger tap, keyboard tap, foot trigger tap, voice command. 
No statistically meaningful effect detected.  

 

The task employed for this experiment was a visual attention task. Against a black backdrop, 

arrows appeared on a computer screen in one of the four cardinal directions. When the 

arrow pointed down, the subject was instructed to respond with either a finger tap on a 

touchpad, a keypress, a foot tap, a voiced nonsense syllable “Ge-” or simply acknowledge 

the down arrow silently to themselves (active control condition). In each trial, the stimulus 

was presented for 2000 ms, and the experiment comprised 30 trials. The size of the stimulus 

on the screen corresponded to 2° of visual angle (Fig 2). 
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Figure 2: Experimental task to assess the EEG impact of various subject response modalities. The 
appearance of a down arrow required the user to indicate acknowledgment in the requested 
modality. 

  



 

 142 

A.4  Identifying EOG Events in EEG Data-stream 

While simultaneously recording EOG data, eye-blink events were initially identified using 

video documentation (Fig. 1).  

 

Figure 1: Blink (A) and non-blink (B) events were first identified using video documentation and 
the corresponding time stamps noted. 

 

EEG data epochs corresponding to confirmed eye-blink events were then inspected, and an 

event “profile” was created. This enabled a MatLab algorithm to identify and classify 

subsequent EOG events in the data stream automatically (Fig. 2).  

 

A B 
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Figure 2: EEG data for a typical subject showing eye-blink artifacts being automatically classified 
and compiled.  
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A.5  Ocular Anatomy 

The highest density of cone cells, which are responsible for visual acuity, is found in the 

macular area of the retina (Fig. 1). Figures 2 and 3 show the average diameters and visual 

angles of the various parts of the macula. 

  

 

! !

Figure 2: Average diameters of various 
parts of the macular area. Total 
combined visual angle = 18° 20’ 

A 

Figure 1: The macula is the oval-shaped 
pigmented area near the center of the retina 
of the human eye (A). 

Figure 3: Designations and approximate 
horizontal view angles from the central to 
the far peripheral areas. 
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A.6  Comparing Results from Three Protocol Iterations 

Three protocol iterations were conducted for experiment one. Results from the initial 

protocol iteration (Fig. 1) and the second iteration (Fig. 2) revealed extremely similar 

increases in theta power for the VR condition at electrode Fz. All iterations: n=12. 

 

 

Protocol iteration three also showed similar trends between VR and non-VR conditions. In 

addition, the EEG power for the smaller stimulus condition was roughly 5% lower, a 

statistically significant difference (Fig. 3). 

 

Figure 2: Protocol iteration two; all 
conditions conducted in a darkened space. 

Figure 1: Initial protocol iteration; bright 
room during 2D experimental condition. 

Figure 3: Protocol iteration three; smaller VR stimulus 
resulted in significantly less frontal theta power.  
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Additional electrode data for protocol 2 is presented below (Fig. 4). 

 

Figure 4: Spectral power by condition and frequency at EEG locations FZ and CZ; n=12; SE; 
statistical significance calculated with Wilcoxon signed-rank test (* = p < .05, ** = p < .01) 
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A.7  Impact of Screen Size on Cognitive Training Task Performance / EEG Data 

EEG power plots and post-hoc significance calculations for all electrodes and experimental 

conditions are presented in figure 1.  

 

Figure 1: Spectral power by stimulus size (control, small, medium, large) and frequency at EEG 
locations FZ, CZ, PZ & OZ; n=20; SE; statistical significance calculated with Wilcoxon signed-
rank test (* = p < .05, ** = p < .01) 
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A.8  Impact of Screen Size on Cognitive Training Task Performance / Sample 

Correlation Data 

Sample correlation data comparing theta power at Fz with reaction time and accuracy. Each 

point represents a single subject (Fig. 1). Spearman correlations (non-parametric) were not 

significant.  

 

Figure 1: Scatter-plot of all experimental conditions showing average theta (4-8Hz) power at EEG 
position Fz, correlated with reaction time and accuracy. X-axis is normalized EEG power and Y-
axis is performance. Correlations are not significant. 
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A.9  Impact of Game-like Features on Cognitive Performance in a Visual Memory Task 

/ EEG Data 

EEG power plots and post-hoc significance calculations for all electrodes and experimental 

conditions (Fig. 1). 

 

Figure 1: Spectral power by condition and frequency at EEG locations FZ, CZ, PZ & OZ; n=20, 
SE; statistical significance calculated with Wilcoxon Signed-Rank test (* = p < .05, ** = p < .01) 


