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Abstract

Whilst the concept of physical workload is intuitively understood and readily applica-

ble in system design, the same cannot be said of mental workload (MWL), despite its

importance in our increasingly technological society. Despite its origin in the mid 20th

century, the very concept of ”mental workload” is still a topic of debate in the litera-

ture, although it can be loosely defined as “the amount of mental work necessary for

a person to complete a task” (Miller, 1956; Longo, 2014). Several methods have been

utilized to measure of MWL, including physiological methods such as neuro-imagery,

performance-based metrics, and subjective measures via questionnaires, such as the

NASA-TLX method (NASA, 2022).

In this work, the relationship between subjective measures of MWL and objective

indicators of activity is examined. Herein, a series of web-based tasks have been

developed with mouse-activity monitoring implemented in JavaScript in order to study

this relationship. The experimental results indicate that user mouse activity does not

correlate with subjective indicators of MWL.

Keywords: Mental Workload, Human-Computer Interfaces, Ergonomics, Usability,

Web Design
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Chapter 1

Introduction

1.1 Background

As the world grows increasingly digital, accelerated by the Covid-19 pandemic, the

need for well-designed and accessible computer systems is at an all-time high (Vargo,

Zhu, Benwell, & Yan, 2021; Lottridge, 2020; Kucirkova, Evertsen-Stanghelle, Studsrød,

Jensen, & Størksen, 2020). Past research has generated a range of procedures for

assessing usability of computer systems (Kaur, Kaur, & Kaur, 2016; Freire, Arezes,

& Campos, 2012; Thomas, Onyimbo, & Logeswaran, 2016). This research, however,

tends to omit an key metric relating to the context of the user and the perceived

difficulty of the task being carried out - this phenomena is known as the mental

workload (MWL), or alternatively cognitive workload. Although a precise definition

of this complex psychological phenomenon has not yet been developed, there exist a

range of subjective self-reporting tools for its assessment (Hart, 2006; F. T. Eggemeier,

Shingledecker, & Crabtree, 1985; Cain, 2007; Tsang & Velazquez, 1996; C. D. Wickens,

Helton, Hollands, & Banbury, 1992).

In recent years an increasingly sophisticated range of technologies have been applied

to investigate the usability of web based systems (Souza, Seruffo, De Mello, Souza, &

Vellasco, 2019; Aviz, Souza, Ribeiro, De Mello, & Seruffo, 2019), but relatively few

attempts have been made to explore MWL with such techniques. Longo et al. have

carried out promising research in this domain, finding that - although not correlating

1



CHAPTER 1. INTRODUCTION

to usability - MWL and could be “employed to improve the prediction of human

performance, thus enhancing the description of user experience”. In one study, Grimes

and Valacich found that a user’s mouse activity could be used as a proxy for MWL,

with interesting implications for e-learning and user experience (Grimes & Valacich,

2015).

1.2 Research Project/Problem

This work is concerned with the subject of MWL, its subjective assessment metrics

and their potential relationship with tangible indicators of user activity, such as mouse

activity. Due to the increasing importance of ergonomics in the field of HCI, much

research has been previously carried out into predictors of MWL and user activity

(Zöllner et al., 2011; Mock et al., 2016; Atterer, Wnuk, & Schmidt, 2006a; Arroyo,

Selker, & Wei, 2006; Xie & Salvendy, 2000a).

Methods for measuring MWL are divided into three broad categories, subjective

methods (questionnaires), physiological methods (e.g. Brain neuro-imagery), and

performance-based metrics (Cain, 2007). Whilst a wide variety of techniques have

been utilized to investigate the relationship between user activity (mouse clicking,

movement, focus etc) and user experience; much remains to be investigated regarding

a user’s subjective assessment of MWL and its relationship to objective indicators of

activity.

With this in mind, this study aims to investigate the relationship between tangi-

ble indicators of user activity and subjective MWL scores. For this purpose, a well

established multi-dimensional measure of MWL will be employed: NASA’s Task Load

Index (NASA-TLX). The aim of this investigation is to develop a suite of tools (using

JavaScript) to gather metrics pertaining to user activity (mouse movement, clicks,

focus, scrolling), and investigate their relationship with a user’s subjective measure of

MWL. With this in mind, this study aims to explore the following research question:

“Is there a relationship between a user’s subjective MWL when performing web-

based tasks and objective indicators of tangible activity in the web browser?”

2



CHAPTER 1. INTRODUCTION

In order to investigate this research question, the following hypotheses are intro-

duced:

Null Hypothesis (H0) Metrics of user activity, obtained using JavaScript em-

bedded in web tasks, exhibit no correlation with indicators of MWL.

Alternative Hypothesis (H1)Metrics of user activity, obtained using JavaScript

embedded in web tasks, correlate highly with indicators of MWL.

1.3 Research Objectives

The objective of this research is to answer the research question posed above; that is,

to determine whether a correlation exists between objective indicators of user activ-

ity when performing web-based tasks, and subjective measures of MWL. This project

considers several mouse interaction metrics: mouse position, mouse clicks, mouse hov-

ering, mouse velocity.

For this purpose, an application will be developed using JavaScript, where users

can perform tasks, during which mouse metrics are tracked including position, clicks,

element hover-time etc (Mozilla, 2022c). This data will be gathered, parsed and stored

transparently to the user. By storing mouse position and time, composite metrics can

be calculated such as mouse velocity and mouse distance travelled. mouse-clicks, etc..

After completing each task, users will be asked to assess MWL according to the NASA

Task Load Index (NASA-TLX) and Workload Profile (WP).

1.4 Research Methodologies

Initially, this project consisted of a period of secondary research to gain an under-

standing of the literature and state-of-the-art in the areas of HCI, ergonomics, MWL

and their applications in web-design. This provided a grounding in the methodologies

and heuristics involved in this area, in particular techniques and considerations for

effective MWL assessment.

For the primary research, a web application was developed, incorporating two well

3



CHAPTER 1. INTRODUCTION

established MWL evaluation questionnaires, with fully automated data capture and

storage for user behavioural indicators. This was deployed to a publicly available

domain, and distributed to participants. The correlation between user behavioural

metrics and self-reported MWL assessments was analysed using statistical methods,

to investigate the extent of correlation between the two quantities. Based on the

outcome of this analysis, the null or alternate hypothesis will be accepted.

1.5 Scope and Limitations

The scope of this project relates to the aforementioned research objectives. This

project is concerned with indicators of user activity, MWL, and the nature of any

relationship that exists between these quantities. Much work exists in the literature

involving the relationship between physiological indicators and MWL, but this work

focuses specifically on user mouse activity in the context of web-based tasks (Delliaux,

Delaforge, Deharo, & Chaumet, 2019; Backs & Seljos, 1994; Causse et al., 2022; Gevins

& Smith, 2003).

This experiment faces limitations in terms of the broadness and variety of web-

based tasks available (this work features two custom-built tasks), past research demon-

strates that there are numerous use cases where behavioural indicators can be tracked

for web-based tasks (Romero, 2017; McFarland, 2016). Furthermore, as an online

experiment, the environment in which the tasks take place is less controlled than a

lab-based alternative. One cannot ensure, for instance, that a user is paying attention

during the relatively short time allocated to each task. Similarly, users will perform

the experiment on different devices, with different screen sizes, resolutions etc.

Participants for the experiment were selected from university groups, friends, col-

leagues etc. which naturally limits the group in terms of demographics and geograph-

ical region. This was unavoidable in the time0frame of this research, but ideally a

participant pool should be drawn from as diverse and representative a group as pos-

sible.

4



CHAPTER 1. INTRODUCTION

1.6 Document Outline

Literature Review This chapter documents the the secondary research component

of this project. A broad body of literature was reviewed, with an emphasis on the

areas of HCI, ergonomics, usability, design and MWL. The chapter first introduces the

concept of MWL, before diving into the rich body of research that exists in the area

covering an array of measurement techniques and applications. Gaps in the research

are explored, introducing the goals of the current work.

Experiment Design This chapter outlines the experimental design used in this

work, in the context of the experiment’s objectives. This include the reasoning behind

the choice MWL techniques utilized, the software design and implementation, with a

focus on the literature and current best-practices in the field. Finally, the data col-

lected in the experiment is discussed, as well as the calculation of the MWL results

utilized.

Results and Evaluation This chapter details the results obtained from the ex-

periment, and compares them with similar work in the literature. The results and

analysed and used to make a decision regarding the null or alternative hypotheses,

thereby satisfying the research objective.

Conclusion Finally, the results of this work are summarized and discussed in

the broader context of this field. The successes and challenges of the experiment are

reflected upon, and used a the basis to suggest further areas of research.

5



Chapter 2

Review of existing literature

This chapter discusses the relevant literature concerning the field of Mental Workload

(MWL), and its relation to human-computer interaction (HCI) and usability. This

chapter is divided into three sub-chapters. The first sub-chapter gives a brief overview

of HCI and usability to provide context and introduce the reader to key concepts

relating to human interaction with computer systems.

Next, the phenomena of MWL is introduced and rich psychological history of the

field is explored. Context is provided in relation to the ongoing debate regarding

the definition of the concept of MWL. The guiding principles and theories of MWL

are discussed, and an overview of the methodologies commonly employed in this field

is provided. This provides a grounding in the fundamental concepts and challenges

relating to this field, illustrating the need for further research.

In the final sub-chapter, “Related Work”, contemporary research is explored to

gain insight into state of the art and gaps in the research. The aim of this section is

to provide insight into the need for further research in this area as it pertains to this

study. Given that MWL lies at the interface of fields including HCI, usability and

psychology - this section outlines relevant research which closely relates to this study,

rather than providing an exhaustive review of the various and constantly developing

array of research in this area.

6
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2.1 Human-Computer Interaction

Human-computer interaction (HCI) is the study of usability in relation to the usage

of computers by humans. The aim of studying HCI is to increase the ease of use

and value derived from a persons’ interaction with a computer system (Bansal &

Khan, 2018). The study of HCI is thought to have begun in 1959 with Shakel’s

paper “The ergonomics of a computer”, followed by Licklider with his seminal research

on “Man - Computer Symbiosis” which, in hindsight, is prophetic when considering

todays “era of enhanced digital connectivity” (Shackel, 1969; Licklider, 1960; Pantic,

Nijholt, Pentland, & Huanag, 2008). HCI encompasses both mechanical interaction -

such as the ergonomic design of mice and keyboards, as well as interaction through

software. When a person interacts with a computer their experience is affected by a

vast range of criteria - the software interface, the colour choices, the input device, the

keyboard layout, the interaction response times etc. These criteria all play a role in

the relationship between a human and computer - and have been studied extensively

in the literature (Shneiderman, 1988; Cowley et al., 2016; Javaid, 2013).

Karray et al. discuss how the value of a computer system “is visible only when it

becomes possible to be efficiently utilised by the user” and describe a computer sys-

tems’ efficacy as a “balance between functionality and usability of a system” (Karray,

Alemzadeh, Abou Saleh, & Nours Arab, 2008). As more sophisticated computer sys-

tems are developed, HCI has become a growing concern - with much recent work inves-

tigating the usability and explainability of machine-learning and artificial intelligence

(ML/AI) systems (Grudin, 2009; Winograd, 2006; Li, Kumar, Lasecki, & Hilliges,

2020; Bhatt et al., 2020). Many studies have been carried out in recent years to in-

crease the transparency, interpretability and explainability of such systems to better

facilitate the derivation of knowledge from systems that have been formerly catego-

rized as “black boxes” (Roscher, Bohn, Duarte, & Garcke, 2020; Pawar, O’Shea, Rea,

& O’Reilly, 2020).

7
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2.2 Human Mental Workload

2.2.1 Usability and MWL

The increasing prevalence of the internet and the necessity for digital literacy neces-

sitates that systems can be evaluated and designed to ensure an adequate level of

usability is achieved. Many heuristics have thus been developed for assessing usability

of digital systems. Standard ISO 9241-11 defines usability as the “extent to which a

product can be used by specified users to achieved specified goals with effectiveness,

efficiency and satisfaction” (ISO-9241-11, 2018). These terms are defined as follows:

• User: Person who interacts with the product

• Goal: Intended outcome

• Effectiveness: Accuracy and completeness with which users achieve specified

goals

• Efficiency: Resources expended in relation to the accuracy and completeness

with which users achieve goals

• Satisfaction: Freedom from discomfort and positive attitudes

• Context of use: Accuracy and completeness with which users achieve specified

goals

Tan et al. recognized the two most important usability evaluation techniques -

heuristic analysis and user testing (Tan, Liu, & Bishu, 2009). This is an evolving

field, however, and as the use cases for web-applications proliferate due to increased

digitization - new heuristics are being developed (Quiñones & Rusu, 2017). Nielsen’s

10 heuristics are widely recognized in the field of HCI and usability (Nielsen, 1994):

8
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Table 2.1: Nielsen’s 10 Usability Heuristics (Nielsen, 1994)

H1 Visibility of system status

H2 Match between system and the real world

H3 User control and freedom

H4 Consistency and standards

H5 Error prevention

H6 Recognition rather than recall

H7 Flexibility and efficiency of use

H8 Aesthetic and minimalist design

H9 Help users recognize, diagnose, and recover from errors

H10 Help and documentation

These heuristics have been applied extensively to enhance the usability of computer

products across a wide spectrum of use cases (Li et al., 2020; Paz, Paz, Pow-Sang, &

Collantes, 2014; Alsumait & Al-Osaimi, 2009).

The concept of physical workload has been effectively used for decades in the

fields of ergonomics and physiology. Many methods have been developed to quantify

physical workload - relating the amount of physical work done with the energy cost (e.g.

oxygen consumption associated with a particular exercise) (Gawron, 2019). However,

as society becomes increasingly technological - an increasing amount of work is done

requiring little physical exertion. Instead, tasks involve mentally strenuous tasks such

as information processing, multitasking, decision making and monitoring etc. This

leaves a vacuum in the literature where a large amount of work is being done without

adequate metrics to evaluate the workload associated with these tasks. This has led

to much work being carried out, originally in the psychological literature with for

applications in aviation - but more recently with a focus on HCI and usability (Reid &

Nygren, 1988; Hart & Staveland, 1988; Gopher & Donchin, 1986; Young, Brookhuis,

Wickens, & Hancock, 2015).

As observed by Longo in 2015 “there has been a tendency to overlook aspects of

the context and characteristics of the users during the usability assessment process”.

9
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One such characteristic is a user’s mental exertion when performing a given task. Hu-

man mental workload (MWL) can be intuitively defined as “the amount of mental

work necessary for a person to complete a task over a given period of time” (Longo,

2014). Although the concept has been in circulation for the last four decades (Hart

& Staveland, 1988), no precise definition yet exists for the phenomenon. The concept

of MWL has seen application in a variety of fields including aviation, transport, HCI,

educational psychology etc (Hart & Staveland, 1988; Longo & Dondio, 2016; Biondi,

Cacanindin, Douglas, & Cort, 2021; Kim & Ji, 2013; Xie & Salvendy, 2000b; Paxion,

Galy, & Berthelon, 2014; Mehler, Reimer, Coughlin, & Dusek, 2009). The multidis-

ciplinary nature of MWL contributes to the difficulty in deriving a single, concrete

definition.

2.2.2 Defining Mental Workload

Whilst MWL can be intuitively defined as the the “amount of mental work neces-

sary for a person to complete a task”(Longo, 2014), there still exists much debate

surrounding the precise definition of the term. Hart and Staveland suggested that

MWL “is not an inherent property, but rather it emerges from the interaction be-

tween the requirements of a task, the circumstances under which it is performed,

and the skills,behaviours and perceptions of the operator” (Hart & Staveland, 1988).

MWL has been defined in the psychological literature by Huey et al. as a mental

construct, or “intervening variable (not reducible to empirical terms and not directly

observable) rather than a hypothetical construct” (Council, 1993; Gopher & Donchin,

1986; MacCorquodale & Meehl, 1948; Longo, 2014). Here, MWL is described in terms

of the cognitive demand a task places on a human operator (Cain, 2007). Eggemeier

and Wilson defined it as “the portion of operator information processing capacity. . .

required to meet system demands” (F. Eggemeier, Wilson, Kramer, & Damos, 1993).

Arguing that “performance is not all that matters in the design of a good system”,

Wickens argues that a consideration of the mental strain a task places on its operator

leads to better designed systems (C. D. Wickens et al., 1992). These definitions are

all underpinned by a common theme; the phenomena of the mental demand a task
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places on a user.

Xie et al. describe how, due to the subjective, psychological nature of the metric,

“nobody seems to know what MWL is”, and instead make do with an “intuitively

‘right’” definition. Similarly to Gopher et al, they postulate that “Mental workload

cannot be detected directly, but through the measurement of some other variables

that are thought to correlate highly with it, such as subjective rating, performance

and some physiological data”(Xie & Salvendy, 2000b). The multifaceted, “emergent”

nature of cognitive workload has resulted in Gevins describing its measurement as

“perhaps the most basic issue” in the field (Gevins & Smith, 2003).

Cognitive workload is a multifaceted domain, composed of three broad areas – the

amount of work and number of things to do, time and the subjective psychological

experiences of the human operator (Lysaght et al., 1989). Gopher and Dochin note

that no absolute measure can indicate MWL, (Gopher & Donchin, 1986); Curry, et al.

instead applied a relative measure to describe MWL, which captures the ephemeral,

“non empirical” aspect of this quantity (Curry, Jex, Levison, & Stassen, 1979). They

defined MWL as follows: “the mental effort that the human operator devotes to control

or supervision relative to his capacity to expend mental effort . . . workload is never

greater than unity”.

2.2.3 Supporting Theories

The concept of MWL is underpinned by two core concepts; limited processing capacity

and performance (Longo, 2014). In 1975 Kahneman envisioned that, due to limited

cognitive processing capacity, mental resources could be viewed as a “single undiffer-

entiated capacity”, or a limited pool of resources available for humans to perform tasks

(Egeth & Kahneman, 1975). Due to limited nature of mental resources - concurrent

tasks competed for mental resources, and performance suffered as a result.

Wickens’ multiple resource theory (MRT) was proposed some years later, building

on this foundation. Wickens acknowledges Kahnemans’ influential work on atten-

tion, and proposes a multiple resource model, illustrated with the 4D cube model,

with each dimension representing one of the “dichotomies of information processing”

11
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(C. D. Wickens et al., 1992). Here, each dimension corresponds to a different pool of

resources. The four dimensions are as follows:

• Stages of Processing: Perceptual, central, response. This denotes that cog-

nitive activities (e.g. working memory) utilizes different resources than the se-

lection of actions (response). This is supported by the example of an air-traffic

controller instructing a pilot of updates to traffic (response) whilst simultane-

ously maintaining an overview of the current state of air-traffic (cognitive).

• Codes of Processing: Verbal, spatial. Consider a driver struggling to focus on

driving whilst dialing a phone number (competing for visual resources), versus

using a voice command to dial a number. This illustrates a distinction between

verbal and spatial resources.

• Modalities Dimension: This indicates that auditory perception and visual

perception employ different pools of resources.

• Visual Channels: Object recognition, peripheral vision, etc. This dimension

distinguishes between focal and ambient vision. Longo uses the example of

walking through a hallway (guided by peripheral vision) whilst reading a book

(focal vision) (Longo, 2014).

Wickens’ 4D model is based both on physiological and human-centric rationale -

each dimension corresponds to a region of the brain, as indicated by FF-MRI stud-

ies. Furthermore, each dimension should “correlate with relatively straightforward

decisions that a design could make... to support multitask activities” (C. Wickens,

2008).

In 1988, Reid and Nygren developed an assessment technique for mental workload

based on a three dimensional model comprised of time load, mental-effort load, and

psychological-stress load (Reid & Nygren, 1988). Each criterion can be sub-divided

into three categories of low to high load - with 27 possible permutations of load levels.
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Figure 2.1: Wickens 4-D multiple resource model (C. Wickens, 2008)

• Time Load

1. Often have spare time. Interruptions or overlapping activities occur infre-

quently.

2. Occasionally have spare time. Interruptions occur frequently.

3. Minimal spare time. Interruptions occur almost constantly.

• Mental Effort Load

1. Very little conscious mental effort required. Activity is almost automatic.

2. Moderate concentration is required.

3. Extensive mental effort and concentration is necessary. Very complex ac-

tivity.

• Psychological Stress Load

1. Little confusion, risk, frustration, anxiety or stress present.

2. Moderate stress for the aforementioned reasons Significant compensation is

required to maintain performance.
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3. Intense stress due to aforementioned reasons. Extreme determination and

self-control required.

This is illustrated as follows:

Figure 2.2: 3-D workload construct (Reid & Nygren, 1988)

2.2.4 Mental Workload Methodologies

Classes of Measurement

The multitude of definitions and theories about the precise definition of the phenom-

ena is reflected in its numerous measurement techniques (F. Eggemeier et al., 1993;

Hart & Staveland, 1988; Muñoz-de Escalona, Cañas, Leva, & Longo, 2020; Hendy,

Hamilton, & Landry, 1993; Reid & Nygren, 1988). As early as 1978, Wierwille and

Williges identified 28 specific techniques to measure workload (Williges & Wierwille,

1979). In general, measurement techniques are organised into three broad categories

(F. Eggemeier et al., 1993; Young & Stanton, 2002; Tsang & Velazquez, 1996; Cain,

2007; Longo, 2018):

• Subjective Measures: These are psychological measures which includes self-

reported measures and subjective rating scales.

• Performance-based Measures: These measures assume that the cognitive

workload of an operator is acquires importance only if it has an influence on

task performance. This technique is therefore considered most valuable in system

design (Longo & Dondio, 2016).
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• Physiological Measures: Those derived from the physiology of the human

subject (Mehler et al., 2009)

Subjective Measures

These measurement techniques require operators to judge and report their own expe-

rience of the workload associated with a particular task. The most widely accepted

subjective measures are as outlined as follows.

• NASA Task Load Index (NASA-TLX): NASA-TLX is a multi-dimensional

scale consisting of six sub-scales that represent different aspects of workload:

Mental, Physical and Temporal Demands, Frustration, Effort and Performance.

This scale was developed by Hart and Staveland in 1988 for application in aero-

nautics (Hart & Staveland, 1988). When carrying out NASA-TLX, these at-

tributes are typically gathered after the execution of a task, and the weighted

average is computed considering to yield a metric indicative of MWL.

• Subjective Workload Assessment Technique (SWAT): Here, the dimen-

sions of time load, mental effort and psychological stress are considered. Each

variable is described by three discrete values and users are required to sort the

27 different combinations by MWL from lowest to the highest. This is the most

common method employed according to the literature (Cain, 2007; Reid & Ny-

gren, 1988).

• Workload Profile (WP): This self-assessment was developed by Tsang and

Valazques (Tsang & Velazquez, 1996) and is based on the multiple-resource

theory of Wickens (C. D. Wickens et al., 1992; C. Wickens, 2008). WP considers

the dimensions of solving and deciding, time and space, verbal, auditory, speech

and response selection; Visual attention; Manual activity. WP is often measured

using the dual-task technique, where subjects carry out two tasks simultaneously.

If subjects have a constant size pool of cognitive resources to draw upon, the

amount of effort employed in the primary task will be inversely proportional to

the performance on the secondary task (Dennis, Bruza, & McArthur, 2002).
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Despite the difficulties of obtaining reliable data from subjective self-reported ques-

tionnaires, the NASA-TLX, SWAT, and WP have been demonstrated as reliable means

of measuring MWL, and have been evaluated in a multitude of comparative studies

(Hart, 2006; Kim & Ji, 2013; Rubio, Dı́az, Mart́ın, & Puente, 2004; Byers, Bittner, &

Hill, 1989).

Performance-Based Measures

Performance-based measures derive an index of workload from some aspect of operator

behaviour or activity. These can be subdivided into two groups: primary task measures

and secondary task measures. Primary task measures specify the adequacy of operator

performance on the principal task (e.g. driving errors made while a person drives a

car). Secondary task measures provide a proxy to gauge workload of a primary task

- inferring the workload via an operators capacity for handling additional tasks (e.g.

carry out a task while talking on the phone). Tsang and Vidulich have criticised

performance based methodologies for overlooking difficulties with the task itself - and

attributing performance only to the operator’s traits. This can be overly simplistic in

the case of a user interacting with a poorly designed interface, for example (Tsang &

Vidulich, 2006).

Physiological Measures

It is well-established that physiological indicators of arousal are sensitive to mental

events such as emotion and stress. Physiological measures aim to infer the level of

mental workload from some metric obtained from the operator (e.g. pulse, pupillary

reflex etc). Physiological measures can be broadly categorized into three groups:

• Brain-related Measures: Many studies have demonstrated a correlation be-

tween neuroimaging data and MWL. fMRI and EEG techniques are particularly

favoured for their portability and unobtrusiveness (Gevins & Smith, 2003; Ayaz

et al., 2012; Causse, Chua, Peysakhovich, Del Campo, & Matton, 2017).

• Eye-related Measures: Pulat estimates that 80% of information processed by
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the brain is through visual channels (Pulat, 1997). Many studies investigate the

relationship between eye and gaze activity with MWL (Schall, 2014; Serra et al.,

2019; Aviz et al., 2019). In one such study, Holland demonstrates a relationship

between blink interval and MWL in auditory input tasks (Holland & Tarlow,

1972).

• Heart-related Measures: Results from heart-rate, blood pressure and electro-

cardiogram (ECG) analysis have been utilized to to investigate MWL (Vincent,

Craik, & Furedy, 1996; Backs & Seljos, 1994). The relationship between MWL

and cardiovascular activity has important implications in society, as it high levels

of MWL are related to increased cardiovascular risk (Delliaux et al., 2019).

According to Ward and Marsden, “psycho-physiological testing is perhaps not as ro-

bust as HCI usability testers might like it to be”, as the invasive nature of the measure-

ment may have a non-trivial effect on the user performing the task (Ward & Marsden,

2003). According to Longo, however, the problem is improved significantly with the

development of more sophistical and miniaturized tools and sensors currently avail-

able to researchers (Longo, 2014). The precise metrics acquired vary widely in this

domain, from interaction data obtained from traditional peripherals to more sophisti-

cated technologies such as touch screens, eye-tracking and brain scanning technologies

(Maslov & Nikou, 2020; Ayaz et al., 2012; Pimenta, Carneiro, Novais, & Neves, 2013;

Mock et al., 2016).

Due to the range of assessment categories, certain measures may be more appro-

priate than others for a given experiment. Thus, Eggmeier and O’Donnell propose the

following criteria be considered when selecting measurement techniques (T. O’Donnell

& Eggemeier, 1986):

• Sensitivity: Capability of a technique to discriminate significant variations in

the workload imposed by a task.

• Diagnosticity: Capability of a technique to discriminate the amount of work-

load imposed on different operator capacities (e.g. perceptual vs. motor re-

sources).
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• Intrusiveness: The tendency for a technique to cause disruptions in primary

task performance - becoming a significant contributor of MWL by in and of itself.

• Implementation Requirements: The ease of implementing a particular tech-

nique.

• Operator Acceptance: Degree of willingness of the operators to follow in-

structions and utilize a particular technique.

2.2.5 Applications of Mental Workload

The significance of a consideration for cognitive workload is evident across a range of

domains, from early work related to aviation systems (Reid & Nygren, 1988) to the

applications in driver performance, e-learning, nursing (Mehler et al., 2009; Schewe &

Vollrath, 2020; Yamagishi et al., 2007), augmented reality (Jeffri & Awang Rambli,

2021) etc.. In one such study, Pimenta et al. demonstrated that mental workload could

be quantified by keyboard/mouse tracking and utilized to monitor mental fatigue in

e-learning platforms (Pimenta et al., 2015). In another recent study, Pourteimour et

al. investigated the impact of MWL on the performance of nurses providing care for

Covid-19 patients (Pourteimour, Yaghmaei, & Babamohamadi, 2021).

2.3 Related Work

2.3.1 MWL, Usability and HCI

The relationship between usability and performance was disucssed in a recent review

by Saket et al. (Saket, Endert, & Stasko, 2016). This is supported by Lehmann who

discussed the necessity for multiple metrics when considering usability, including cog-

nitive engagement (Lehmann, Lalmas, Yom-Tov, & Dupret, 2012). By understanding

the impact of cognitive workload on digital task performance, computer systems can

be better designed to optimize task performance. Despite interest in the relationship

between cognitive workload and usability (Tracy, 2007), the two quantities were not
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found to be correlated when investigated further. Luca et al. found that usability

and cognitive workload, although not directly correlated, “can be jointly employed to

improve the prediction of human performance, thus enhancing the description of user

experience” (Longo & Dondio, 2016; Longo, 2018). It has been demonstrated that

both cognitive underload and overload have negative consequences on performance

(Lysaght et al., 1989; Young & Stanton, 2002; Biondi et al., 2021). This has signifi-

cant implications in UX design, as situations of underload or overload may result in

websites losing users, negatively affecting the website itself (Longo, 2014).

2.3.2 User Activity Analysis

Much research has been carried out to gain insight into internet user activity in the

literature. A review by Woods et al. in 2015 highlighted the significance of widespread

internet access within the context of usability research - as researchers are no longer

limited to the “constraints of the Western, Educated, Industrialised, Rich and Demo-

cratic (WEIRD)” - opening up the possibility of cross-cultural psychological research.

Woods discusses some downsides of technological platforms for user activity research,

such as a lack of control over experimental conditions (screen size, resolution etc.), but

maintains that the advantages of having access to a large, diverse pool of subjects in

an inexpensive manner is hugely advantageous for such research (Knoeferle, Woods,

Käppler, & Spence, 2015; Woods, Velasco, Levitan, Wan, & Spence, 2015).

Early work in user activity research involved the collecting and static analysis of

log files (Rodriguez, 2002; Atterer, Wnuk, & Schmidt, 2006b). This yielded useful

insight into website navigation, but analysis was slow, labour-some and asynchronous

(not real-time) (Roy, Pattnaik, & Mall, 2014). Later, as webpages became more

sophisticated and JavaScript grew in popularity, more sophisticated, real-time tools

were developed. This typically involved the use of frameworks whereby the researcher

selected the types of user events to measure - and the framework would then insert

data-gathering JavaScript into HTTP file of the target Web site. The JavaScript

code would then handle the measurement and logging of activity such as clicks, mouse

movement etc. Examples of this technology include Webvip and WebCAT (Rodriguez,
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2002; Scholtz, Laskowski, & Downey, 1998).

An increasingly diverse and sophisticated range of techniques are being employed

in recent years to gain insight into usability and ergonomics, including the application

of eye-tracking software and machine learning. With recent advances in artificial

intelligence (AI), investigations have been carried out into the potential of AI as a

means of evaluating user experience (Bakaev, Khvorostov, Heil, & Gaedke, 2017; Yang,

Wei, He, Yan, & Liu, 2021; Sahi, 2018; Amelio, Draganov, Janković, & Tanikić, 2019).

One such study, for example, applied fuzzy logic and clustering techniques to develop

a tool for assessing UX based on mouse movement (Souza et al., 2019). In another

recent study, Aviz et al. employed eye tracking as a means of detecting “hot spots” or

areas of interest, which may have significance for UX purposes – gaining insight into

features which draw a user’s attention (Aviz et al., 2019).

2.3.3 User Activity and MWL

User activity research has significant implications in the field of MWL - and such

techniques have been studied extensively in the literature. Research by Chen et al.

demonstrated significant differences in handwriting corresponding to three distinct

levels of MWL, and upon further research demonstrated a relationship between emo-

tional state and stress levels with mouse and keyboard usage - corroborated by Liu

et al. in 2003 (Chen et al., 2012; Liu, Wong, & Hui, 2003). A study by Pimenta

et al. consisted of asking a group of students to perform tasks at the beginning and

end of the day (when subjects were expected to be more tired). Multiple indicators of

user interaction were collected and machine-learning (ML) was applied to compare the

interaction data from the first and second assessments - demonstrating that fatigue is

related to performance.
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2.4 Current Research and State of the Art

As predicted by Longo in 2014 (Longo, 2014), advances in technology are facilitating

physiological assessment of MWL. A study by Serra et al in 2019 utilized eye-tracking

technology to investigate the relationship between workload and website complexity,

and found that lower levels of MWL correlate with more positive evaluations of us-

ability (Serra et al., 2019).

A study by Grimes and Valacich explored the potential of mouse movement as an

indicator of cognitive workload, yielding promising results. This has particularly rele-

vant implications for e-learning systems during the Covid-19 pandemic – by “observing

when students exhibit changes in mouse behaviour, it may be possible to identify when

they are having trouble understanding a concept - similar to seeing a confused look

on a student’s face. . . ” (Grimes & Valacich, 2015).

2.4.1 Gaps in the Research

Whilst a wide variety of techniques have been utilized to investigate the relationship

between user activity (mouse clicking, movement, focus etc) and user experience; much

remains to be investigated regarding a user’s subjective assessment of MWL and its

relationship to objective indicators of activity.

With this in mind, this study aims to investigate the relationship between tan-

gible indicators of user activity and subjective MWL scores. Well established multi-

dimensional measures of MWL will be employed: NASA’s Task Load Index (NASA-

TLX), and the Workload Profile (WP) method. To achieve this, a suite of tools will

be developed, using JavaScript, to gather metrics pertaining to user activity (mouse

movement, clicks, focus, scrolling), and investigate their relationship with a user’s sub-

jective measure of MWL. This study is concerned primarily with the following research

question:

“Is there a relationship between a user’s subjective MWL when perform-

ing web-based tasks and objective indicators of tangible activity in the web

browser?”
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Chapter 3

Experiment design and

methodology

This chapter introduces the research hypothesis this study aims to investigate, and the

design of the web interface which was implemented for to this end. Furthermore, it

outlines the basis for which the interface was developed; including the data gathered,

choice of tasks to induce cognitive workload, user surveys, etc. The primary objec-

tive of the experiment is to determine whether user behavioural data, gathered using

JavaScript embedded in a web interface, is correlated with MWL, as determined by

subjective user surveys.

Firstly, this chapter outlines the research hypothesis, and gives a high-level overview

of the experiment by which this hypothesis will be investigated, briefly outlining some

considerations and justifications for the methodologies used.

The subsequent section discusses the myriad types of data this experiment is con-

cerned with from a psychological perspective, and provides some justification for these

choices. This includes both the objective behavioural data as ascertained by the web-

interface, and psychological data obtained from subjective user surveys.

Next, the design of the software component of the experiment is outlined. The

automated gathering of user metrics is discussed here, as well as the data-model ar-

chitecture which facilitates gathering of such metrics.

Lastly, this chapter summarizes some of the advantages and limitations the study,
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and proposes some alternatives which may provide additional insight.

3.1 Research Hypothesis

By developing a framework which gathers user behavioural metrics, using JavaScript

embedded in the browser, the following hypotheses will be investigated:

Null Hypothesis (H0) Metrics of user activity, obtained using JavaScript embedded

in web tasks, exhibit no correlation with indicators of MWL.

Alternative Hypothesis (H1) Metrics of user activity, obtained using JavaScript

embedded in web tasks, correlate highly with indicators of MWL.

3.2 Experiment Overview

In this work, a web-based application was developed and distributed to the partici-

pants. After implementation, the web-application was hosted on a publicly available

domain, and left running over 2 months. This allowed adequate time to maximise

the size of the pool of volunteers. The application features two tasks (or ’puzzles’),

which the user is prompted to complete. Each task consists of multiple difficulty levels,

(henceforth referred to as ’trials’), where each trial is proceeded by a survey. Whilst

a user completes a given trial, their mouse activity is collected for analysis.

A more detailed breakdown of the experiment’s core elements is given below:

• Users: Users are central to any investigation into MWL. Here, participants

have been drawn from several sources - including, but not limited to, peers

in the university, friends, family, colleagues etc. The application assigns an

identifier to a particular user session based on browser metadata, which allows

for identification of a single, unique visitor to the application and associates the

behavioural data and surveys with that user, whilst retaining their anonymity.

An optional form is displayed which allows a user to provide their age/gender.

23



CHAPTER 3. EXPERIMENT DESIGN AND METHODOLOGY

• Tasks: In this study, two task interfaces (or ’tasks’) have been implemented. In

the first, a grid of coloured blocks is shown to the user, and an animation is played

which demonstrates a particular pattern, which the user then attempts to repeat.

Previous studies indicate that high levels of MWL can be induced by placing high

levels of demand on a participants’ working memory. (Mohammadian, Parsaei,

Mokarami, & Kazemi, 2022; Norman, 2013).

In the second task, users are presented with a grid of numbers, and an arithmetic

challenge (e.g. 4 × 22). The user must select the correct answer from the grid,

after which a new arithmetic problem and grid of numbers appears.

In both tasks, one minute is allocated per difficulty level. The task refreshes

with a new randomized version of the same task after each answer is submitted,

until the time is elapsed, at which point the users are brought to a survey form.

This ensures users are engaged for the entirety of the minute, and time-pressure

is emphasized, with by a large stopwatch interface displayed at the top of the

screen which displays the time remaining. Time-pressure is a key component of

MWL, and was the first factor proposed for the SWAT measurement of MWL

(Reid & Nygren, 1988).

• Trials: Each of the two tasks designed in this experiment consists of multiple

difficulty levels, or trials. The ’repeat the pattern’ game described above has

been increased in difficulty by simply varying the grid size (e.g. 9 blocks vs

4 blocks), whist the arithmetic challenge features larger digits at the higher

difficulty level (single digit numbers only vs double digits). The premise that

increased task difficulties results in higher levels of cognitive workload is taken

as a ground truth, and is supported in the literature (Allison & Polich, 2008;

Fan, Zhao, Zhang, Luo, & Zhang, 2020).

• Data Collection: When a user begins a trial, a hidden HTML element is

present in the background of the page. Using basic JavaScript, event-handlers

are assigned to this HTML element which monitor and record mouse movement,

clicks, hovers etc (Mozilla, 2022c). This data is associated with a particular trial,
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which in turn is linked to a particular (anonymised) user. This data is stored in

an SQL database for later analysis.

• Surveys: After each trial was completed (one minute elapsed), the user was

immediately brought to a survey page, and asked to complete questions relating

to the previous trial. By ensuring that the user is brought to the survey page

after each trial, it is ensured that the user can rate the survey as accurately as

possible from their recent experience. Questions from both the NASA-TLX and

WP methodologies were used here.

A high-level overview of the application flow is illustrated below:

Figure 3.1: Overview of user-flow for the application used in the experiment. Here,

’1..n’ represents the relationship between tasks and trials, as a task may have 3 trials

(e.g. easy, medium and hard difficulties).

3.3 Metrics

3.3.1 Mental Workload

Cain argues that it is “appropriate that mental workload be measured by subjec-

tive means, as it is a psychological construct” (Cain, 2007). Jex states that “In the

absence of any single objective measure of the diffuse metacontroller’s activity, the

fundamental measure, against which all objective measures must be calibrated, is the
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individual’s subjective workload evaluation in each task” (Jex, 1988). In both cases,

the researchers argue that, whilst “an operator is often an unreliable and invalid mea-

suring instrument” (Gopher & Donchin, 1986), subjective measures of workload are

the still considered appropriate methods to assess a loosely defined psychological con-

struct such as mental workload. An advantage of survey-based assessment techniques

are their non-intrusive nature, particularly important here when any distractions may

impart additional cognitive load on a participant, skewing the results. Eggmeier ar-

gues that intrusion produces “significant problems in interpreting the data that result

from the use of an assessment technique... The results of a procedure associated with

significant degradation in primary task performance cannot accurately represent the

degree of load required...” (R. D. O’Donnell & Eggemeier, 1986).

In the current work, two validated means of assessment are utilized; the NASA-

TLX (Hart & Staveland, 1988) and WP (Tsang & Velazquez, 1996) processes. These

are multi-dimensional and adopt an absolute scale design, and have been compared in

several studies (Vidulich, 1988; Longo, Rusconi, Noce, & Barrett, 2012), concluding

that both are reliable, with WP showing slightly greater sensitivity (Rubio et al.,

2004). Both methodologies have low implementation requirements and high subject

acceptability (Longo et al., 2012). As questionnaires were administered following trial

performance, interference of these methodologies with performance is negligible.

Mental Workload

For both questionnaires, the user provides their answers in a 1-100 point scale. For

the NASA-TLX questionnaire, the user was asked to rate the statements from “very

low” (1) to “very high” (100) (NASA, 2022):

To allow for the simplest user-experience and higher participation, the typical

sub-scale weighing is omitted in this experiment. This is known as the Raw TLX

modification (Hart, 2006). Whilst the questionnaire applied in its unmodified form,

the physical demand component of the questionnaire was omitted from calculations,

as it plays an insignificant role in the web-based tasks studied herein.

MWL, according to the raw modification of the NASA-TLX survey is calculated
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as follows:

NTQMD +NTQTD +NTQE +NTQP +NTQF

5
=

∑
x1NTQx

5
(3.1)

NTQx : [0 . . . 100] ∈ N (3.2)

X1 : MD|TD|F |P |F

where MD = mental demand, E = effort, F = frustration, TD = temporal demand,

P = performance.

For the workload profile questionnaire results, the standard formula was utilized

(Longo et al., 2012; Longo & Dondio, 2016), with a slight modification, omitting the

speech, verbal and auditory dimensions as they play no role in the tasks herein.

WPSD +WPTS +WPRS +WPV A +WPMA

100
(3.3)

= WPHMW =

∑
5
i=1(WPi)

100
(3.4)

WPHMW : [0 . . . 5] ∈ R

WPHMW : [0 . . . 100] ∈ R

i : SD|TS|RS|V A|MA

where SD = solving and deciding, TS = task and space, RS = response selection, VA

= visual attention, MA = manual activity.

The questionnaires are outlined in tables 3.1 and 3.2, overleaf, along with their

relevant mappings for storage in the database.
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Table 3.1: NASA-TLX question-database mapping

Dimension Question Database label

Mental How mentally demanding was this task? mental

Temporal How hurried or rushed was the pace of the task? temporal

Performance How successful were you in accomplishing what you were

asked to do?

performance

Effort How hard did you have to work to accomplish your level

of performance?

effort

Frustration How insecure, discouraged, irritated, stressed and an-

noyed were you?

frustration

Table 3.2: WP question-database mapping

Dimension Question Database label

Perceptual How much attention was required for activities like re-

membering, problem-solving decision-making, perceiv-

ing (detecting, recognizing and identifying objects)?

wp perceptual

Response How much attention was required for selecting the

proper response channel (manual - keyboard/mouse, or

speech - voice) and its execution?

wp response

Spatial How much attention was required for spatial processing

(spatially pay attention around you)?

wp spatial

Visual How much attention was required for executing the task

based on the information visually received (eyes)?

wp visual

Manual How much attention was required for manually respond

to the task (eg. keyboard/mouse usage)?

wp manual
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Performance Indicators

Task performance is correlated with mental workload, with both cognitive underload

and overload resulting in lesser task performance (Wilson & Sharples, 2015). As

such performance metrics are commonly employed as indicators of MWL (Tsang &

Vidulich, 2006; Hart & Staveland, 1988), and will be measured in this work as a user

submits their answer for each trial. This calculation is given in equation 3.5, below:

correct answer frequency =
NC

NTot

(3.5)

where NC = number of correct answers for a trial, NTot = total number of anwers for

a trial.

For a particular trial, e.g. block pattern task and easy difficulty, the user may com-

plete 10 rounds (or TrialAttempts) in the 60 second limit. As users’ submitted answers

are recorded, performance can be calculated by taking the ratio of correct attempts

to total attempts.Furthermore, the number of TrialAttempts completed within the 60

second limit gives an indication of users’ response time. The rate of TrialAttempts per

minute as follows can be calculated as follows:

trial attempt frequency =
N

60
(3.6)

where N = number of answers submitted for a trial.

Correlation Analysis

To determine the extent to which tangible indicators of user behaviour correlate with

subjective indicators of MWL, a correlation analysis will be performed. Here, both

following correlation coefficients will be applied (Miinitab, 2022):

• Pearson correlation, r, measures the extent of a linear relationship between two

variables.

• Kendall Rank Correlation, τ , is an alternative to Pearson’s correlation. It is

non-parametric, and is favoured for small sample sizes with categorical data.
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Using these analysis methods, the correlation between the following was investi-

gated:

• All user interaction indicators and the MWL results as calculated via NASA-

TLX.

• All user interaction indicators and the MWL results as calculated via WP.

• Specific indicators of user interaction the MWL results as calculated via NASA-

TLX.

• Specific indicators of user interaction the MWL results as calculated via WP.

• Specific indicators of user interaction for a specific task the MWL results as

calculated via NASA-TLX.

• Specific indicators of user interaction for a specific task the MWL results as

calculated via WP.

3.3.2 User Interaction

The utility of mouse-tracking data as a behavioural indicator has been demonstrated

extensively in the fields of ergonomics and HCI. Research indicates that unconscious

mouse activity during the completion of a task is related to the level of cognitive load

experienced by the subject (Cha & Min, 2022). In general, during periods of higher

cognitive load, less mouse activity is observed (Grimes & Valacich, 2015; Rheem,

Verma, & Becker, 2018; Garavan, Ross, Murphy, Roche, & Stein, 2002). In 2012,

Papesh and Goldinger utilized via a simple digital interface, whereby users were asked

to distinguish words they memorized from newly presented words by clicking “old” or

“new” buttons. They demonstrated that, as participants’ confidence in their decisions

increased (measured by the 7 point Likert scale), their mouse movements were faster

and their answers required shorter response times (Papesh & Goldinger, 2012).

Mouse-tracking data offers a range of practical advantages when compared with

other techniques. It was first introduced as a cost-effective alternative for EEG and
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eye-tracking methods (Freeman & Ambady, 2010), and is less intrusive than both

methods. Furthermore, it provides a rich set of information, such as response time,

mouse trajectory and velocity all at high temporal resolution (Rheem et al., 2018).

In this work, the following mouse data is collected:

• Mouse Click: By tracking clicks, metrics such as response time can be cal-

culated (Mozilla, 2022a). The coordinates of the clicks as well as their time is

recorded, which will allow for insight into the intent of the user.

• Mouse Position: Tracking mouse position allows for the calculation of a range

of derived metrics, such as average mouse velocity, mouse distance travelled, etc

(Mozilla, 2022d). This metric is considered especially useful for web develop-

ers (Atterer et al., 2006b), as it indicates where a user’s attention is focused.

With modern high-resolution screens, a mouse traverses a large number of pixels

in a small time-frame, which can be captured with a timestamp, giving high-

resolution data for user behaviour.

• Element Hover: Hovering over an element may indicate uncertainty about a

decision, and it is anticipated that this metric will prove useful for the arithmetic

game where a user must select an answer from a range of numbers (Mozilla,

2022e).

3.4 Tasks

3.4.1 Guiding Principles

When considering the design of tasks appropriate for inducing mental workload, it is

necessary to consider the factors which contribute to MWL. Galy et al. define three

primary criteria to consider when evaluating a tasks’ MWL demands; task difficulty,

time pressure, and mental arousal (Galy, Cariou, & Mélan, 2012).

31



CHAPTER 3. EXPERIMENT DESIGN AND METHODOLOGY

Task Difficulty

In 1994, Backs and Seljos demonstrated the effect of task difficulty on mental workload

as measured by the NASA-TLX method, which agreed with physiological measures

(Backs & Seljos, 1994). This is corroborated by Ayres’ research in 2006, who showed

that error-rates correlate strongly with task difficulty as determined by subjective

measures (Ayres, 2006). This research indicates that, for the purposes of task selection

and design in MWL research, granular control of task difficulty is desirable. Allison and

Polich applied this principle, and demonstrated a correlation in physiological measures

of MWL and difficulty settings in a video game (Allison & Polich, 2008).

Time Pressure

Whilst not directly impacting task difficulty, time pressure imparts a psychological

pressure on subjects, which “activates an emotional component and would thus have

an indirect effect on cognitive load” (Monod & Kapitaniak, 2003). The effect of time-

pressure on a subjects perceived level of mental workload is well documented in the

literature (Yi, Qiu, Fan, Zhang, & Ming, 2022; Inzana, Driskell, Salas, & Johnston,

1996).

Mental Arousal

A rich body of research exists on the relationship between physiological health and

mental workload (Zacks, 2004; Zare et al., 2016; Barnes, 2015). It is unsurprising that a

subjects’ performance in a given task directly depends on their functional state. Monk

and Leng refer to this as the “time of day effect” on performance, which parallels the

circadian rhythm (Monk & Leng, 1982). Research indicates that memory-based tasks

done in the evening time result in higher performance. Smit et al. demonstrated a

correlation between subject alertness (measured via EEG), task performance and self-

reported MWL (Smit, Eling, Hopman, & Coenen, 2005).

Taking the above into consideration the following design principles were applied
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for the tasks:

• Task Difficulty: The tasks must allow for reliable variation of difficulty levels.

At higher difficulty levels, greater cognitive load can be observed in the users’

behaviour.

• Time Pressure: An element of time pressure should be emphasized in the

tasks. By applying a time limit to the tasks, the user allocates greater cognitive

resources rather than working slower at the same level of cognitive load for a

given task.

• Mental Arousal: As mental arousal affects cognitive workload and task perfor-

mance, it is preferable to allow the user to complete the task at a time convenient

for them, rather than at a given time when they may be otherwise fatigued (e.g.

early in the morning or after work).

Two tasks have been developed for this experiment to best fit the above design

criteria. Block Pattern and Math Challenge. They are discussed in detail in section

3.4.3.

3.5 Software Design

For the software component of this study, several key principles were considered:

• Availability: By designing the application as a publicly available web applica-

tion, test is accessible and convenient for a potentially large group of participants.

Whilst a less controlled environment than a laboratory-based setting, web-based

experimentation offers several benefits. Steenbergen and Bocanegra argue that

“doing a research in a lab is inherently constraining in terms of the partici-

pants’ characteristics and the contextual variables that can be systematically

investigated”, and online methods offer “a relativey inexpensive method to test

hundreds of participants in a couple of hours... also facilitate(s) transparency

and quicker replication by fellow researchers”. (van Steenbergen & Bocanegra,
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2016). This is already the case in many big-data studies, where vast quantities

of social media data are analysed (Griffiths, 2015).

• Scalability: The web application should be available a potentially large group

of participants, independent of geographical differences. Furthermore, the appli-

cation should be extensible, allowing for facile fine-tuning of tasks, development

of new tasks, etc. This opens up a variety of interesting avenues for future

research, such as comparisons between users, differences in behaviour between

tasks and the effect on observed MWL, etc.

• Automation: The application should be designed in order to minimize manual

intervention by the experiment organizers. To this end, the NASA-TLX and

WP surveys are integrated into the application as web-forms, raw mouse be-

havioural data is collected and parsed into an appropriate format before storing

in a database for subsequent analysis etc. This ensures that the experiment can

cater to a potentially large sample group, and ensures that future development

of the application (e.g. adding a third task) requires no additional overhead in

terms of software development. This is known as modularity in software devel-

opment (Sullivan, Griswold, Cai, & Hallen, 2001).

With this in mind, the a multi-layer design was utilized for the application, based

on a standard client-server architecture (Özsu, 2016). The application consists of four

layers; the HCI layer (client), the server layer, a series of data preprocessig utilities,

and the persistence layer.

• Client: The client is a standard front-end web application, built using the

ReactJS framework (Meta, 2022). React allows for rapid prototyping and devel-

opment of responsive web applications, based on a modular, component-based

architecture. As of 2021, ReactJS ranked first in terms of popularity amongst

web developers, surpassing jQuery in usage (Statista, 2021). The client-side

application will render a user interface, including tasks, and send the task per-

formance data, as well as user behavioural data to the server to processing and

subsequent storage.
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• Server: The server will follow a representational state transfer (REST) design

pattern, which maps HTTP requests and their methods (get, post, put, delete)

to user navigation and the create, read, update, delete (CRUD) operations of

domain objects in the application (Jazayeri, 2007). The REST design pattern

was developed by Roy Fielding during his PhD research, and has since become

a cornerstone of modern server-side web development (Fielding & Taylor, 2000;

Richards, 2006).

• Data Preprocessing: Raw interaction data, captured via the event API (Mozilla,

2022b), is sent to the server, and will be parsed and stored in a format amenable

to storage in a relational database. This includes the nested association of tasks

with unique user sessions, each task having multiple trials (difficulty levels for

a given task), each trial having multiple user attempts. By offloading the com-

plex relationships between the data to the sever, an intuitive user interface is

presented where a user simply completes a set of tasks and the complexity is

transparently handled at the server layer. “Transparency” is a common design

pattern in software engineering whereby complexity is hidden from the user, in

our case, the end-user of the web-application. Leite et al. provide a review of

the concept (Leite & Cappelli, 2010).

• Data Persistence: Keeping the relational nature of the data in mind, as previ-

ous outlined (users having multiple tasks, with multiple trials etc), a relational

SQL database was utilized in this work.

The four-layered design of the application is outlined below:
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Figure 3.2: High-level overview of the application design.

3.5.1 Data Model Architecture

The relational nature of the data naturally lends itself to a hierarchical data model.

This provides opportunity for interesting insight into the results, comparing perfor-

mance and perceived MWL on at the task level or at the group level. For example,

with this architecture, it is possible to study mouse behaviour for a particular task, or

for a particular user, by isolating subsets of the data-model graph outlined below.

Using this data model with a relational database allows for powerful querying ca-

pabilities. One potential use case, for example, might involve investigating the mouse

click activity for a particular user. The following SQL command would retrieve this

data:

1 SELECT * FROM mouse_clicks

2 JOIN trials t on t.id = mouse_clicks.trial_id

3 JOIN tasks t2 on t2.id = t.task_id

4 JOIN users u on u.id = t2.user_id

5 WHERE user_id = 3;

Listing 3.1: SQL command to fetch mouse clicks for a particular user.
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Figure 3.3: Data model architecture for the web application. Note the relationships

between the domain objects; i.e. a trial is associated with many mouse clicks (1..n),

but a single survey (1..1).
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3.5.2 Interface Design

The following user interface (UI) flow design was implemented for this experiment:

Figure 3.4: UI flow diagram for application.

After proceeding to task selection (stage 3 in the above diagram), the user may

start the trials. A set of difficulty levels is defined for each task on the server, and

these parameters are used to generate random trials for a given task at a specific dif-

ficulty level. When the user chooses to start a task, the client sends a HTTP request

to the server. The server then responds with the set of trials (easy, medium, hard dif-

ficulties in random order) as JSON, which the client consumes before rendering a trial.

The user interface was built using ReactJS, and is illustrated overleaf.
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Figure 3.5: UI developed for MWL experiment. From top left: 1. Optional prompt

to capture user metadata (age/gender). 2. Main application dashboard where users

select a task. 3. Introductory screen for a task, with instructions and an animation

of the task being at hand. 4. Trial in progress (task at a given difficulty level). 5.

Survey screen.

3.5.3 Tasks

Block Pattern

For this task, the user is presented with a grid of boxes. An animation appears whereby

the boxes temporarily glow in a particular pattern. The user must then recreate the

pattern displayed by clicking on the appropriate boxes. This task primarily involves a

users’ working memory. Research on MWL suggests that the amount of information

held in working is strongly related to cognitive load (Rheem et al., 2018). In this

task, the user must rely entirely on visual observation, working memory, and mouse

control to repeat the pattern observed. In one study, Sweller demonstrated that the

amount of information held in working memory has a direct impact on cognitive load
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(Sweller, 1988). In another, Garavan et al. found a relationship between goal-driven

motor activity is related to MWL (Garavan et al., 2002). Thus, it is expected that

the fine motor control required for this task, in combination with its load on working

memory, will have a significant and impact on MWL which will be observable in the

mouse behavioural data recorded.

Figure 3.6: Block pattern task developed for this experiment.

Math Challenge

In Math Challenge, users will be presented with an arithmetic problem, and must click

the correct answer from an group of possible choices. The challenge here is twofold;

solving the arithmetic problem, and finding the correct number in a grid of numbers.

This goal here is to induce stress on visual resources, working memory and numeracy

skills.
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Figure 3.7: Arithmetic challenge task developed for this experiment.

In both tasks, difficulty can easily be attenuated by changing task parameters;

pattern length for Block Pattern, or number size for Math Challenge. To elicit the

desired time-pressure response, each task (at a given difficulty level) has a time limit

of 60 seconds, which will be displayed as a timer which counts down at the top of the

screen. When the time has elapsed, the user will be prompted to complete a survey,

before beginning the next task. The parameter(s) for controlling the difficulty of the

two tasks are outlined in the tables below.

Table 3.3: Parameter for difficulty adjustment in arithmetic task

Parameter Easy Hard

Number size 0..9 0..100

Table 3.4: Parameters for difficulty adjustment in block pattern task
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Parameter Easy Medium Hard

Pattern length 4 5 6

Number of blocks 4 4 6

3.6 Strengths and Limitations of the Design

This chapter outlines the design of the experiment from a psychological and ergonomics

perspective, and also from a software design perspective. Keeping in mind the goal

of the experiment; to investigate the correlation between concrete indicators of user

activity and subjective indicators of MWL, this experiment possesses both strengths

and limitations.

3.6.1 Strengths

• Being web-based, the experiment is inexpensive to perform, and can scale to a

potentially large sample group without the practical issues a lab-based study

would face.

• The methods for measuring MWL are well established in the literature, and

show high sensitivity, reliability and subject acceptance. These methods are

non-intrusive, and, by carrying out the questionnaires after each trial, there is a

negligible effect on subject performance.

• The user is seamlessly navigated the user through the experiment with no in-

volvement necessary on the part of the experiment operator, including question-

naires.

• Using JavaScript and HTML event-listeners, data is collected in at a millisecond

level of granularity.

• Data is collected and processed without affecting the user experience.

• The design of the application allows for facile implementation of new tasks.
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• The client consumes trial data from the server. By simply updating via config-

uration files on the server, difficulty levels can be easily introduced or modified

without affecting the user experience.

• By designing multiple tasks, the likelihood of specific interaction indicators being

under-represented in the dataset is reduced.

3.6.2 Limitations

• Being web-based, the experiment is conducted in an inherently less controlled

environment. One cannot ensure the user wasn’t distracted during the course of

an experiment. Furthermore, there is a possibility that users can submit random

values to skip the lengthy questionnaire.

• By focusing only on mouse activity, several common indicators of user activity

have been omitted, including scrolling, keystrokes etc.

• A greater number of tasks would be desirable; the tasks designed herein are

simple in nature and test only specific areas of cognition, in particular working

memory.

43



Chapter 4

Results, Evaluation and Discussion

In this chapter the results of the experiment are presented, analysed and discussed, in

the context of the objectives of this investigation. Initially, an exploratory overview of

the data is presented, to provide better insight into the results set. The data obtained

for behavioural indicators and MWL questionnaires is then presented. Finally, a cor-

relation analysis is undertaken, thereby fulfilling the core objective of this research; to

determine if a correlation between subjective MWL metrics and objective indicators

of user activity exists. Finally finally, the results of the investigation are summarised

and critically analysed, forming the basis of suggestions for future research.

4.1 Evaluation

In total, participation for the experiment totals 33 unique users. As previously dis-

cussed, a major disadvantage of conducting an experiment online is a lack of control

over the environment in which the experiment takes place. As a consequence of this, a

large portion of users abandoned the experiment before trial data could be recorded.

The resulting dataset totals 15 unique users, completing a sum total of 65 trials. From

the 15 unique users, 13 provided optional personal information (gender, age). This is

summarised below:
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Figure 4.1: Gender (left) and age (right) of participants who voluntarily submitted

this information.

Of the 65 trials, 53 have completed both NASA-TLX and WP surveys. The trial

data completion-rate is summarised in Table 4.1, below. The dataset can be viewed

in detail in Appendix Fig. A1.

Table 4.1: Results metadata

Column Non-null count Type

trial id 65 integer

user id 65 integer

task name 65 integer

difficulty 65 integer

nasa mwl 53 float

wp mwl 53 float

tot mouse clicks 65 integer

total mouse distance 54 float

average mouse velocity 54 float

element hover time 65 float

correct answer frequency 57 float

attempts frequency 65 float

The results of the mental workload measurements are illustrated in the box plot dia-
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grams below. For the NASA-TLX methodology, MWL varies in an intuitive manner,

increasing with difficulty. Workload profile however does not show a clear trend with

respect to the difficulty levels of the trial. This may in be due to the small sample size.

The NASA-TLX results, however, demonstrate that design of the tasks, with multiple

difficulty levels for the trials, imposes the desired cognitive load on users.

Figure 4.2: Box plots of the MWL results obtained from experimentation.

To gain an initial insight into any potential correlations that exist within the dataset,

pairwise scatter plot matrices were generated. This will give a visual overview of the

data and an early insight into possibly correlation between variables (Pandas, 2022b).
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Figure 4.3: Pairwise scatter matrices of numerical data obtained across all trials. A -

MWL (NASA-TLX), B-MWL (WP), C - Total mouse clicks, D - Total mouse distance,

E - Average mouse velocity (px/s), F - Element hover time (s), G - Correct answer

frequency (%), H - Trial attempt frequency (attempts/min)

From an initial overview of the scatter matrix of all trials (where each column of

numerical data is plotted against each other in the table), some clear correlation can

be observed. These will be outlined below using their grid coordinates:

• (a, b): It is unsurprising that the two measures of mental workload employed

show some correlation. This verifies that, for the most part, the participants were

consistent in their ratings of the tasks. A user that rated a task high according

to NASA-TLX appears to have done likewise for WP. This however, does not

yield insight into the primary objective, relating MWL to mouse activity.

• (a, g): There appears to be a loose correlation between NASA-TLX rating

and correct answer frequency. The sample size, however, is too small to draw

conclusive observations, and outliers are significant.

• (c, d),(c, h): Total mouse clicks (c) shows some linearity with respect to total

mouse distance (d). This can be intuitively understood as a mouse-move event
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typically precedes a click event. Mouse clicks (c) similarly appears to display

correlation with trial attempts frequency (h), which can be understood as the

user progressing through trials is likely to click more frequently. Whilst not

an indicator of correlation between MWL and mouse activity, these intuitive

relationships demonstrate the effective design and implementation of the exper-

iment. This is illustrated in the pairwise scatter matrices obtained from both

trial types, below.

Figure 4.4: Pairwise scatter matrices of numerical data obtained from block pattern

trial. A - MWL (NASA-TLX), B - MWL (WP), C - Total mouse clicks, E - Total

mouse distance, E - Average mouse velocity (px/s), F - Element hover time (s), G -

Correct answer frequency (%), H - Trial attempt frequency (attempts/min)).
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Figure 4.5: Pairwise scatter matrices of numerical data obtained from maths trial.

A - MWL (NASA-TLX), B - MWL (WP), C - Total mouse clicks, E - Total mouse

distance, E - Average mouse velocity (px/s), F - Element hover time (s), G - Correct

answer frequency (%), H - Trial attempt frequency (attempts/min)).

A full breakdown of the correlations between different measurements is given in table

4.2, below.

Table 4.2: Pearson correlation analysis of trials data. Columns: A = MWL value

calculated from NASA-TLX, B = MWL value calculated from WP, C = number of

mouse clicks, D = total mouse distance moved (px), E = average mouse velocity

(px/s), F = total mouse hover time (s), G= percentage of successful trial answers, H

= trial answer submissions per minute.

A B C D E F G H

A NA (0.57, 0.00) (-0.38, 0.01) (-0.01, 0.92) (0.02, 0.89) (-0.24, 0.08) (0.02, 0.88) (-0.09, 0.50)

B (0.57, 0.00) NA (0.05, 0.71) (-0.05, 0.73) (0.04, 0.80) (-0.13, 0.37) (0.08, 0.56) (0.00, 0.98)

C (-0.38, 0.01) (0.05, 0.71) NA (-0.03, 0.82) (-0.16, 0.26) (0.18, 0.21) (-0.10, 0.47) (0.22, 0.11)

D (-0.01, 0.92) (-0.05, 0.73) (-0.03, 0.82) NA (0.91, 0.00) (0.44, 0.00) (0.41, 0.00) (0.90, 0.00)
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A B C D E F G H

E (0.02, 0.89) (0.04, 0.80) (-0.16, 0.26) (0.91, 0.00) NA (0.33, 0.01) (0.41, 0.00) (0.81, 0.00)

F (-0.24, 0.08) (-0.13, 0.37) (0.18, 0.21) (0.44, 0.00) (0.33, 0.01) NA (-0.15, 0.29) (0.35, 0.01)

G (0.02, 0.88) (0.08, 0.56) (-0.10, 0.47) (0.41, 0.00) (0.41, 0.00) (-0.15, 0.29) NA (0.51, 0.00)

H (-0.09, 0.50) (0.00, 0.98) (0.22, 0.11) (0.90, 0.00) (0.81, 0.00) (0.35, 0.01) (0.51, 0.00) NA

(Pearson r, Two-tailed p value)

A correlation analysis was then carried out using the Kendall’s tau (τ), which measures

the correspondence between two rankings. In our case, the difficulty level of a trial

and mouse behaviour. Values close to 1 indicate strong agreement, and values close

to -1 indicate strong disagreement

Table 4.4: Kendall’s τ correlation analysis of a trials’ difficulty level and data recorded

from experimentation across all trials.NASA = MWL value calculated from NASA-

TLX, WP = MWL value calculated from WP, Clicks = number of mouse clicks, tot.

mouse = total mouse distance moved (px),Mouse vel = average mouse velocity (px/s),

Tot. hover = total mouse hover time (s), cor. freq = percentage of successful trial

answers, answer/min = trial answer submissions per minute.

Metric τ

NASA (0.017,0.875)

WP (-0.0136,0.901)

clicks (0.048,0.665)

tot. mouse (-0.296,0.006)

mouse vel (-0.310,0.004)

tot. hover (-0.037,0.734)

cor. freq (-0.282,0.011)

answer/min (-0.330,0.003)

(Kendall’s τ , p value)
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4.2 Discussion

The work presented demonstrates the design, implementation and application of a

framework for assessing mouse activity and mental workload required during web-

based tasks, and subsequent data analysis was carried out on the results obtained.

From the experimental results obtained, correlation was found between several of the

behavioural metrics themselves (e.g. mouse velocity and trial attempts in Table 4.2),

which reflects positively on the design of the system.

With regards to behavioural metrics and MWL, however, the same can not be said.

Weak correlation was found between several indicators of mouse activity and MWL,

but a statistically significant correlation could not be demonstrated. The very limited

size of the dataset, as well as incomplete data, resulted in a participant group of

only 15 users, out of 33 total (55% reduction in size after removing incomplete data),

with 58 trials completed. As noted by Reips, a major disadvantage of web-based

experimentation is the lack of a controlled environment (Reips, 2000). Whilst this was

anticipated as a possible issue during the design review (section 3.5.2), it was hoped

that the accessibility of a web-based experiment would be compensatory, even if a

large quantity of data was invalid.

It is hoped that this preliminary work and lessons learned herein are utilized to conduct

further research, with an emphasis on increasing the participant population. This work

nonetheless demonstrates a proof-of-concept for an automated MWL analysis system

with interesting potential for future work.

4.3 Hypotheses

Whilst further research with a larger dataset is required for conclusive evidence, the

results obtained in this work support the null hypothesis (H0):

Null hypothesis (H0): Metrics of user activity, obtained using JavaScript embedded

in web tasks, exhibit no correlation with indicators of MWL.
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4.4 Summary

The dataset obtained in this work was first subject to a preliminary round of “clean-

ing”, whereby incomplete data was removed. Next, scatter plots were utilized to gain

an initial insight into potential correlations in the data. Correlation analysis was then

conducted between MWL results, and mouse behavioural metrics obtained via the

web-application. Both Pearson and Kendall correlation methods were applied, and

no significant correlation could be demonstrated between mouse metrics and MWL

results obtained. Whilst the results obtained are in agreement with the null hypoth-

esis, it is anticipated that the size of the dataset was a limiting factor here. Further

investigation is required in this area, and recommendations have been made for such

work.
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Conclusion

This chapter provides an overview of the project and its findings. This works’ con-

tribution to the body of knowledge for the field is considered, and suggestions and

recommendations for further research are outlined.

5.1 Research Overview and Problem Definition

The aim of this research is to determine whether measurable indicators of user activity

correlate with subjective, self-reported ratings of mental workload within the context

of human-computer interaction. This is an area of growing significance in the 21th

century, as the world grows increasingly digital. This project outlines the development

of a web-application which monitors and records user mouse activity in real-time,

and its application in investigating the relationship between said data and subjective

measures of mental workload.

5.2 Design, Experimentation, Evaluation and Re-

sults

This project entails the design and development of a web-based framework which

provides users with a series of challenges, at a range of customizable difficulty levels,

and records mouse activity throughout. Participation in the online experiment totalled
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33 unique users, although incomplete surveys and abandonment resulted in a limited

final dataset for analysis. Preliminary findings indicate some correlation between

specific indicators of mouse activity, but no correlation could be found between these

indicators and mental workload ratings.

5.3 Contributions and Impact

The the objective of this work is to determine whether a correlation can be found be-

tween objective indicators of user activity and subjective measures of mental workload.

Due to limitations in the size of the dataset analysed, further research is warranted.

This results obtained in this project reveal no correlation between the aforementioned

quantities. In summary, these preliminary findings support the null hypothesis, H0 :

Null Hypothesis (H0): Metrics of user activity, obtained using JavaScript embed-

ded in web tasks, do not correlate with indicators of MWL.

5.4 Future Work and recommendations

A number of considerations and recommendations for future research have come to

light during this work. The primary concern for subsequent research in this area is the

necessity of an extended trials period. Due to insufficient time and participation, the

participant pool was too small to draw conclusive results. On one hand, conducting the

experiments online allowed for easier access to a potentially large group of participants,

but similarly, the experimental environment is inherently less controlled, and thus

abandonment rates and invalid data submission was high. In order to have a data set

of substantial size, accounting for these issues, a participant pool numbering several

hundred to a thousand applications is recommended - as it must be anticipated that

a sizeable portion of the data will be discarded after parsing and cleaning the results

set.

Furthermore, consideration should be paid toward the makeup of the sample pop-

ulation. In this study, participant age ranged from 20-40, a narrow bracket. Most
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participants were also involved in computer science or software development (most

participants were students or colleagues). This group is thus not representative of the

population as a whole, and this should be mitigated in further research.

In relation to the design of the experiment itself, several recommendations can be

made:

• Tasks: Designing and implementing a more diverse range of tasks will result

in two main benefits. Firstly, more variation in task design would allow for

different ’games’ which require (and track) different interaction metrics, such as

keyboard usage, scrolling, etc. Secondly, a broader task selection may lead to

higher participation rates, as users are more likely to find a task they enjoy. One

avenue which

• Alternative measures of MWL: This study focused exclusively on subjective

measures of MWL and the correlation with objective indicators of mouse activity.

A natural question that arises here concerns the possibility of mouse activity

being more closely related with physiological measures of MWL. It is easy to

understand why eye movement, for example, may be more closely related to

mouse activity - as a user must see where they are aiming their cursor prior to

a click event. Kapowski et al. have conducted research into the relationship

between eye movement and mouse dynamics, with interesting implications for

MWL research (Kasprowski & Harezlak, 2018).

• Data Mining: Due to limitations with the size of the dataset in this experiment,

knowledge extraction techniques were not applied. For future work, machine

learning could be applied on a larger dataset to find interesting relationships in

the data and create a classifier to potentially rate a web UI as “easy”, “medium”

or “hard” to use, based on mouse activity. Machine learning has been applied

previously for application in web usability (Sahi, 2018).
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Table A.1: Trial experimental results overview. Columns: task = task name, difficulty = trial difficulty level, NASA = MWL

value calculated from NASA-TLX, WP = MWL value calculated from WP, clicks = number of mouse clicks, tot. mouse = total

mouse distance moved (px), mouse vel = average mouse velocity (px/s), tot. hover = total mouse hover time (s), cor. freq =

percentage of successful trial answers, answer/min = trial answer submissions per minute.

task difficulty NASA WP clicks tot. mouse mouse vel tot. hover cor. freq answer/min

maths easy 31 1.02 17 30229 530.69 24.1 0.94 0.28

maths hard 35.8 0.79 7 15853 272.43 11.51 0.86 0.12

maths easy 45 3.3 21 61999 1074.04 23.74 0.95 0.37

maths hard 64 2.35 8 27008 477.66 29.26 0.75 0.13

maths easy 34 1.1 46 113964 1027.14 58.39 0.96 0.77

block medium 36 1.45 28 14268 243.46 20.87 0.88 0.13

block easy 41 1.15 3 12665 217.81 18.47 0.78 0.15

block hard 32.6 1.2 29 23200 455.26 43.43 0.5 0.10

maths easy 64.8 3.87 22 41251 764.33 29.17 0.86 0.37

maths hard 59.8 2.97 2 12652 342.94 16.13 0.67 0.05

block medium 37.6 3.4 36 8624 166.53 19.95 0.9 0.17

block hard 62 2.82 33 10844 224.32 19.17 0.67 0.10

block easy 39.6 2.52 38 11057 191.15 17.04 0.8 0.17
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task difficulty NASA WP clicks tot. mouse mouse vel tot. hover cor. freq answer/min

maths hard 57.2 1.3 5 16115 314.18 29.34 0.83 0.10

maths easy 40.4 1.52 13 31066 566.78 28.31 0.93 0.23

block easy 23.8 1.93 23 4725 80.21 25.79 0.33 0.10

block hard 60.8 2.2 26 12207 263.79 31.36 0.17 0.10

block med 26 1.79 33 7539 130.41 18.53 0.88 0.13

maths easy 56.6 3.89 26 58453 1031.06 24.16 0.96 0.45

maths hard 68.4 3.16 4 32126 560.61 19.3 0.8 0.08

block med 47.6 3.43 32 10243 192.58 18.35 0.5 0.17

block hard 48.8 3.27 36 13454 300.83 18.16 0.43 0.12

block easy 55 3.8 41 6536 155.92 16.69 0.82 0.18

maths easy 38.8 0.74 23 40254 701.62 20.62 0.96 0.40

maths hard 90.2 1.34 5 9663 178.83 5.61 0.83 0.10

block hard 38.6 2.39 31 10755 200.84 40.03 0.33 0.10

block med 37.2 0.58 33 8597 151.33 25.89 0.56 0.15

block easy 34.4 0.92 32 9625 179.53 20.55 0.56 0.15

maths easy 78 3.01 16 31117 525.08 19.45 0.94 0.28

maths hard 83 3.21 5 8281 142.57 8.64 0.67 0.10

block med 48 2.41 36 8710 156.53 15.53 0.8 0.17

block easy 48.2 2.12 37 6749 135.6 15.67 0.7 0.17
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task difficulty NASA WP clicks tot. mouse mouse vel tot. hover cor. freq answer/min

block hard 78 2.81 35 10140 215.58 20.73 0.57 0.12

block easy 32.6 2.01 33 10090 191.93 16.77 0.75 0.13

block hard 73.4 2.03 22 9158 200.53 21.82 0.2 0.08

block med 36 0.45 36 10829 205.58 18.99 0.8 0.17

maths easy 57.2 3.62 18 29778 521.64 18.91 0.94 0.28

maths hard 57.8 3.79 4 8765 151.74 23.06 0.8 0.08

block med 63 3.32 32 9931 178.22 22.52 0.89 0.15

block hard 74.6 3.77 33 13189 226.32 19.53 0.33 0.10

block easy 63.4 3.3 36 8542 164.61 19.02 0.78 0.15

maths easy 30.2 0.66 22 38067 671.12 13.13 0.84 0.32

maths hard 31 0.39 5 22076 400.28 19.92 0.4 0.08

block med 21 0.87 30 9728 169.42 20.73 0.63 0.13

block hard 23.6 1.27 29 14368 246.72 28.32 0.33 0.10

block easy 12.8 0.51 3 11326 210.34 20.51 0.88 0.13

maths easy 64 1.82 19 55677 560.49 18.58 0.95 0.32

maths hard 75.2 2.76 9 25810 310.46 5.97 0.9 0.17

maths easy 63 3.01 17 28746 517.14 27.63 0.94 0.30

maths hard 64 1.72 2 8166 144.43 38.22 0.67 0.05

block hard 49 3.01 3 10348 197.07 27.68 0.83 0.10
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task difficulty NASA WP clicks tot. mouse mouse vel tot. hover cor. freq answer/min

block med 45.2 3.21 35 9223 158.39 18.24 0.78 0.15

block easy 45 3.22 33 6662 128.45 25.14 0.89 0.15
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APPENDIX A. ADDITIONAL CONTENT

A.2 Web Application

The web-application can be accessed at: MWL Web Application

• Front-End: The front-end for the web-application was developed as a single-

page application in ReactJS.

• Back-End: The back-end for the application was implemented as a RESTful

API which serves JSON data to the front-end. It was developed using Ruby-on-

Rails. The data was stored in a PostgreSQL database.

• Repository: The codebase is stored in a private GitHub repository. It can be

accessed here (contact for access).

A.3 Data Analysis

Data analysis was carried out using Python3, with Pandas, SciPy and Matplotlib

libraries for statistical methods and visualisation (Pandas, 2022a; SciPy, 2022; mat-

plotlib, 2022).
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