University of Central Florida

STARS
Electronic Theses and Dissertations, 20202020

Human Performance In Virtual Reality Environments and Its
Exploration with Engineering Analytics
Fahad Alasim
University of Central Florida

Part of the Industrial Engineering Commons

Find similar works at: https://stars.library.ucf.edu/etd2020
University of Central Florida Libraries http://library.ucf.edu
This Doctoral Dissertation (Open Access) is brought to you for free and open access by STARS. It has been accepted
for inclusion in Electronic Theses and Dissertations, 2020- by an authorized administrator of STARS. For more
information, please contact STARS@ucf.edu.

STARS Citation
Alasim, Fahad, "Human Performance In Virtual Reality Environments and Its Exploration with Engineering
Analytics" (2020). Electronic Theses and Dissertations, 2020-. 322.
https://stars.library.ucf.edu/etd2020/322

HUMAN PERFORMANCE IN VIRTUAL REALITY ENVIRONMENTS AND ITS
EXPLORATION WITH ENGINEERING ANALYTICS

by

FAHAD ABDULAZIZ ALASIM
B.S. Industrial Engineering, King Saud University, Saudi Arabia, 2011
M.S. Industrial Engineering, University of Central Florida, United States, 2015

A dissertation submitted in partial fulfillment of the requirements
for the degree of Doctor of Philosophy
in the Department of Industrial Engineering and Management Systems
in the College of Engineering and Computer Science
at the University of Central Florida
Orlando, Florida

Fall Term
2020

Major Professor: Luis Rabelo

© 2020 Fahad Alasim

ii

ABSTRACT
Engineering Analytics (EA) is a technique used to derive meaningful insight from gathered
data. It is an approach that has arisen, and it includes the process of analyzing data using analytics
tools from fields such as Big Data, Machine Learning (ML), traditional operations research,
statistics, and numerical methods. Industrial Engineering is an engineering field concerned with
how to design better, improve, and install integrated systems, uses EA to understand and
continually improve, innovate, and build new processes.
Therefore, EA and Virtual Reality (VR) technology can be used in combination with
Electroencephalography (EEG), a physiological measurement, to investigate human areas. The
objective of this study was to use EA, VR, and EEG to provide insights into the way we study
brain attention, simulation sickness, and verbal-visual ability.
In this research study, participants were examined in 3D virtual environments by collecting
subjective responses as well as recording and analyzing participants’ brainwaves. EA techniques
were utilized to investigate and discover relationships.
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CHAPTER 1 INTRODUCTION

1.1 Background

Nowadays, we all realize the rapid change in our world. This improvement raises the
quality of experience and provides better tools for researchers to solve different problems in
various disciplines. Engineering Analytics (EA), for instance, can be utilized to analyze essential
data to assess human attention, engagement, and performance in VR environments. Recently,
visual applications have exploded, and immersive multimedia and VR have become essential tools
for training and learning. With the fact that our ability to monitor and transmit large amounts of
data has improved, it raises the quality of experience and provides better tools for researchers to
study human performance.
Immersive Virtual Reality (IVR) technology can be used in combination with physiological
measures to measure human performance (Pezzetta, Nicolardi, Tidoni, & Aglioti, 2018). IVR
offers new possibilities for training and learning since it provides a highly interactive computer
environment allowing users to experience a real situation in an artificial environment fully. The
IVR system has three main features, which are interactivity, multi-sensory, and the level of
engagement it provides to users. Therefore, it creates a psychological sense of presence in a virtual
world (Slater, 2017).
VR systems were early used in the entertainment industry. However, they are now used in
healthcare, aviation, education, training industries, and more since it allows users to practice skills
and do tasks that would be dangerous and difficult to do in real life (Merchant, Goetz, Cifuentes,
Keeney-Kennicutt, & Davis, 2014). VR technology has been used to train people in different
industries and proven that VR has a positive impact on trainees’ ability to learn and improve their
1

skills (L. Jensen & Konradsen, 2018). Users being present and immersed in the Virtual
Environment (VE) allows them to gather information, explore the 3D environment, and interact
with the virtual objects (Jarmon, 2009). Section 2.2 will deeply cover VR technology and its use
in different industries.
Attention, which is defined as information reduction, is an essential cognitive function as
it is the first step of perception. It occurs every moment during our lives, and it converts the real
world into conscious representation. Humans are limited beings that cannot be attentive to
everything at once. The human five senses provide our brains with a massive amount of
information every second, which leads to overloading our capacity to respond and think
coherently. Attention allows the brain to select relevant information and prioritize tasks (Thiele &
Bellgrove, 2018). Researchers studying attention have goals that either to quantify the effect of
level of attention for an individual during a task, to recognize the neural correlates of attention, or
to identify and recognize the sources of information that an observer selects and prioritizes
(Mancas, Ferrera, Riche, & Taylor, 2016).
Attention can be measured indirectly using eye or mouse tracking or directly using a variety
of methods to record the brain activity, such as Electroencephalography (EEG), Functional
Magnetic Resonance Imaging (fMRI), Magnetoencephalography (MEG), and Positron Electron
Tomography (PET). Figure 1 below shows the four direct measures.

2

Figure 1: The direct measures of attention.
Source: (EMOTIVE, 2019a; Lecher, 2013; NIMH, 2009; Siemens, 2019)
Eye-tracking is a tool widely used by researchers for measuring visual attention due to its
evolvements, specifically the availability of fast, inexpensive, accurate, and ease of use. The eyetracking technique can help researchers in the field of Human-Computer Interaction (HCI) to
understand the visual information processing as well as the factors that may affect the usability of
system interfaces (Joseph & Murugesh, 2020). Moreover, mouse tracking is another example of
indirect measures of attention. Mouse tracking is an easy way to collect data about visual attention,
and its level of accuracy is based on the context of the experiment (Mancas et al., 2016).
On the other hand, the standard direct measures that can be used to measure attention are
EEG, MEG, fMRI, and PET. The EEG and MEG read the brain electromagnetic (EEG) activity,
while the fMRI and PET detect changes in the blood flow in the brain. These techniques are used
to detect and measure brain activity in response to a cognitive task. Therefore, the collected data
will allow researchers to study the roles of specific brain regions in cognitive function
(Parasuraman, 2011; Poldrack, 2006). Table 1 below summarizes the direct measures of attention,
its advantage, and drawbacks (Baars & Gage, 2010; Bell & Cuevas, 2012; Burle et al., 2015;
Cabeza & Nyberg, 2000; Mancas et al., 2016; Parasuraman, 2011; Wendel et al., 2009).
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Table 1: Direct Measures of Attention.
Measures

EEG

MEG

fMRI

PET

Description

Advantages

Drawbacks

Inexpensive,
It uses electrodes placed on
Efficient,
the scalp of a participant to
Portable,
record the electrical activity
Speed recording tool,
in the brain.
High temporal resolution

Poor spatial
resolution.
&
Highly susceptible to
different artifacts

It exposes the magnetic field
induced by the electrical
activity in the brain.

It provides a millisecond
temporal resolution.

Its instrumentation
costs about 20 times
comparing with the
EEG instrumentation.

Accurate in localization
of the neural activity

Poor temporal
resolution &
A participant is
completely immobile
& Expensive

It is used to image cerebral
blood flow in the brain.

It is a functional imaging
tool that allows researchers
to know which areas of the
brain are active during an
attentive task.

High spatial resolution

Very expensive &
A radioactive tracer is
required to be injected
by participants

According to the Institute of Industrial and Systems Engineers (IISE), EA is the "process
of leveraging data into actionable insights." EA provides knowledge for engineers and managers
to understand the impact of Big Data on their operations (Segarra et al., 2016). IISE states that the
EA strategies can be applied to different applications, such as “customer segmentation for better
resource utilization, improved performance tracking for diagnosis and maintenance, classification
strategies for improved inventory management, better use of sales data for increased revenues and
customer satisfaction, and better forecasts” (IISE, 2019).
4

1.2 Problem Statement
The questionnaire and its interpretation have been widely used to evaluate HumanComputer Interaction (HCI). Still, issues such as the time that questionnaires take place may affect
the participant's experience during the experiment, and the format of questionnaires may lead to
missing information. On the other hand, research on cognitive neuroscience has been widely
studied in the engineering field, but utilizing VR and EEG technologies has been slight, especially
in measuring human performance. There is a lack of studying the EEG signals to estimate the
performance and the level of attention on the human brain during complex and realistic interaction
tasks. The combination of EA, VR, and EEG can address several research questions related to the
cognitive engineering and human minds, such as the ability of someone to be attentive and the
level of simulation sickness since they play essential roles in the behavioral functioning and
expression of cognitive.
1.3 Objective
The level of performance of a learner or trainee may be affected by the level of engagement
he/she is paying to educational content, for instance. During learning/training processes, when
learners/trainees are attentive, their learning efficacy is influenced, and their learning outcomes
will improve. The main objective of this research study is to discover relationships of human
performance, attention, and verbal-visual ability to improve VR applications and training/learning
outcomes. This can be achieved by combinedly using advanced technologies, such as EA, VR, and
EEG to investigate participants’ brainwaves. Thus, being able to measure attention and
performance will improve training/learning outcomes.

5

1.4 Contributions
Using EEG signals makes it possible to understand how engagement and attention of
trainees attending a VR based training can be affected. Observing the EEG signals from a trainee's
brain is a viable procedure for finding whether trainees are attentive or not. By utilizing the
proposed system, investigators and trainees can assess their attentiveness and simulation sickness
level during training sessions, and more importantly, enable them to perform the necessary
adjustments. This will allow management to adjust the training program contents, cultivate
trainees' learning attitudes, and remind trainees to stay attentive. The method to be utilized from
EA is ML. Machine learning algorithms, such as Independent Component Analysis (ICA), Kmeans, k-Nearest Neighbor (KNN), t-SNE, and deep learning algorithms are used to perform
signal analysis, clustering, classification, and prediction.
1.5 Document Structure
This paper is organized into seven chapters, as follows:
•

Chapter 1 is a general introduction to the study. It provides an overview of the four main
components of the research, which are EA, VR, Attention, and EEG. EA is primarily
introduced. Then, the importance and uses of VR technology were covered. Also, types of
attention, as well as advantages and drawbacks of EEG direct/indirect measures of
attention, were introduced. Finally, the problem statement, objective, and contribution of
the study are explained.

•

Chapter 2 is a literature review of EA, VR, attention, and EEG. The definition of EA, its
correlation to Industrial Engineering, and Big Data are covered. The difference between
signal processing and EA is explained. The description, types, and attributes of VR
6

technology are introduced. This section also elaborates on VR as a measure of
performance. Third, it provides a detailed review performed to understand attention, its
roles in the human brain, and how attention has been measured using qualitative and
quantitative methods. Forth, the EEG is deeply covered by explaining what EEG is, and its
apparatus used to monitor the brain signals, brain wave classification, and EEG research
that have been done on measuring human performance. Lastly, the research gap is
identified.
•

Chapter 3 is the research methodology. It provides a detailed map of the research by
addressing the research phases from choosing the research idea to providing conclusions
and future work. It suggests the virtual environment, the required hardware apparatus, and
the method of collecting and analyzing the data.

•

Chapter 4 explains the development of virtual environments. It covers the platform used
for the virtual environment, the virtual 3D model, training scenarios, and avatars.
Moreover, it explains the five factors applied to the original virtual environment to build a
new environment and allow participants to produce a different level of attention. Finally,
it illustrates the content of the first and second virtual environments.

•

Chapter 5 presents the results of the VR experiment. Demographics, subjective
questionnaires, and EEG analysis for participants in the virtual environment 1 and 2 will
be analyzed. First, demographic information is summarized. Then, subjective responses,
which are verbalizer-visualizer, NASA TLX, presence, and simulator sickness
questionnaires, are analyzed. Finally, three (3) epochs were extracted from the EEG data.
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Then, they are analyzed following two approaches, (1) the brain as one whole entity and
(2) each channel individually.
•

Chapter 6 covers the implementation of EA techniques. K-means, k-Nearest Neighbors
(KNN), t-SNE, multilayer perceptron (MLP), and deep learning (DL) algorithms were
applied to analyze the collected data. First, it provides an overview of the algorithms and
their theories. Then, the analysis section explains why and how each algorithm is applied
and shows the results.

•

Chapter 7 has the conclusions, future work, and limitations for this research study.
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CHAPTER 2 LITERATURE REVIEW

This chapter is a review of the literature regarding the relevant aspects of this research.
Four main areas should be covered for this research, which are Engineering Analytics (EA), Virtual
Reality (VR), Attention, and Electroencephalography (EEG).

•

Section 2.1 covers EA, Big Data, ML, and signal processing. It introduces the definition,
characteristics, and importance of EA, ML, and Big Data. It also covers the 6V’s of Big
Data, which are Volume, Velocity, Variety, Veracity, Value, and Variability. Also, it
illustrates the differences between EA and signal processing.

•

Section 2.2 covers VR technology. It discusses VR in terms of its role in human
performance measurement. Also, it includes the extensive literature review showing that
VR has been widely utilized in education, training, clinical, engineering, and medical
applications.

•

Section 2.3 presents the definition, role, and importance of attention and the current ways
to measure it. Moreover, it provides examples of the previous and current human factors
research focusing on measuring attention.

•

Section 2.4 describes EEG. First, the background knowledge of EEG and EEG signals will
be introduced. Then, it addresses the human brain, its waves, and physiological measures.
Also, it addresses the current researches using EEG as a physiological measure in different
industries.
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2.1 Engineering Analytics (EA)
2.1.1 Introduction
Data is the new oil of our digital lives, and learning information from this data will improve
any organization's performance and increase its revenue. Nowadays, the digital age has provided
us with an explosion in the amount of data. Recent developments, such as the Internet of Things
(IoT) and sensor networks, have boosted the collection of data from different sources, such as
social media, education, finance, and more. In 2018, for instance, the world produced 2.5
quintillion bytes every day (Marr, 2018). This vast data is inconsistent and requires advanced
analytical methods to analyze it and understand it. Therefore, the EA approach has arisen, which
includes the process of analyzing data using analytics tools from fields such as Big Data, Machine
Learning, traditional operations research, statistics, and computers (Hariri, Fredericks, & Bowers,
2019).
According to the IISE, EA is the process of transferring data into actionable and usable
insights. It provides the knowledge and techniques to understand how Big Data impacts an
organization's operations (IISE, 2019). Recently, EA has gained attention in the engineering field,
and the reason is that advanced technology compiles massive data that can be analyzed to get better
decision-making. More organizations in different areas have come up with and used data analytics
techniques and tools to discover valuable information from the vast raw data by using technologies,
such as classifications and clustering. This discovery is made by applying statistical, processing,
and advanced analytics techniques to the considerable data to improve the business operations
(Grover, Chiang, Liang, & Zhang, 2018)
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2.1.2 The synergies between Industrial Engineering and Engineering Analytics (EA).

Engineering is considered as a broad science that includes three main aspects which are:
problem-solving, making things, and applied science and mathematics. Therefore, engineering and
problem-solving are strongly interrelated (Pawley, 2009). The main job of engineers is to find the
most accurate and doable method to resolve the issues and prevent them from happening in the
future. To be more specific, the correlation is stronger between Industrial Engineering and
problem-solving, and that can be represented by the continuous improvement behavior in industrial
engineers.
The IISE defines industrial and systems engineering as the science concerned with how to
better design, improve, and install an integrated system with its energy, equipment, information,
materials, and people. Industrial engineers must have specific skills and knowledge, such as social,
mathematical, and physical sciences, as well as the principles of EA, such as prediction and
evaluation of a system results. Thus, we can see from the IISE’s definition that industrial
Engineering can be a part of any organization to improve its processes (IISE, 2018) continually.
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2.1.3 Big Data
The term "Big Data" has been widely used nearly anywhere these days and has massive
leverage on business, society, and research. The name was first coined by Roger Magoulas from
O'Reilly media back in 2005, referring to the complex and massive amount of data that cannot be
managed utilizing traditional data management tools (Math, 2018). The main principle of Big Data
is that the more you know about a situation, the more you understand and predict its future
confidently. Engineering is depending on data and analytics more than ever before. Cotter (2014)
stated that the use of Big Data in different sectors, such as government, research, and the private
sector had increased significantly in recent years. Understanding data and being able to use it
allows engineers to realize the power of it and how to use it to anticipate the future. As a result,
engineers will be able to interpret and analyze data to improve engineering solutions.
2.1.3.1 Definition and Characteristics of Big Data

Generally, Big Data is a vast amount of data, structured and unstructured, that are collected
from different sources, such as business transactions, videos, photos, emails, and other means. This
massive amount of data is challenging to be analyzed using traditional software and database
techniques (Oussous, Benjelloun, Lahcen, & Belfkih, 2018). There are many definitions of “Big
Data” that have been found in the literature, as Table 2 below summarizes.
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Table 2: Selected Definitions of Big Data

Source

Math (2018)

Yin and Kaynak (2015)

Manogaran and Lopez (2018)

Definition

“Big Data can be defined as data that legacy DBMS [which
refers to database management system] tools can’t load and
understand the heterogeneous relationship.”

“… [Big Data] refers to data sets whose size is beyond the
ability of typical database software tools to capture, store,
manage, and analyze”

“Big data is defined by volume, velocity, and variety of
data, [and it] is very complex to process by traditional data
processing techniques and tools."
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According to Manogaran and Lopez (2018), big data has three main features, which are
volume, variety, and velocity. However, Hashem et al. (2015) stated that Big Data is not only
characterized by the three V’s mentioned previously, but it may be extended to four V’s, adding
the fourth V, “value.” Moreover, Ularu, Puican, Apostu, and Velicanu (2012) mentioned that
“veracity” is the fifth characteristic of Big Data. Furthermore, some researchers and scientists
argue that the five features of Big Data are not enough to label Big Data accurately. Wang and
Alexander (2015) stated that the characteristics of Big Data could be described by 6V’s. They
added "variability" into the 5V’s mentioned previously. Figure 2 and Table 3 below show the 6V’s
of Big Data and their descriptions.

Figure 2:Characteristics of Big Data.
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Table 3: 6V’s of Big Data.

Volume

Velocity

•
•

It indicates the amount of data collected to be used and to get benefits.
A huge volume of data needs advanced and powerful processing tools
such as Big Data.

•
•

It describes the speed that the data need to be generated.
It is important to note that fast processing increases efficiency.

•

It indicates the types of data that Big Data can process and analyze:
o Structured data
o Semi-structured
o Unstructured data

•

It indicates the process of revealing huge hidden values from a vast
database.

•

It indicates the level of trust that leaders would give to use the
information to make decisions.
It is essential to get the right correlations in Big Data.

Variety

Value

Veracity

Variability

•

•
•

It indicates the data changes during lifecycle and processing.
It is important to note that increasing variability and variety will
increases the attractiveness of data.
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2.1.3.2 The Importance of Big Data

Recently, the increase of sensor devices and the growth of the Internet have created a
deluge of data. Therefore, in any industry, leaders wonder if they are getting the value and benefit
of the massive amount of data they have. When an organization can deal with all the extensive
data available instead of just a part of its details, the organization will have a competitive advantage
over the market opponents. Useful insights can be extracted from the massive amounts of data that
are generated every second; therefore, Big Data has become an important research subject. It
provides information to make better choices and opportunities to create unique benefits and
services (N. Li, Dan, & Wenwu, 2019).
According to Beath, Fernandez, Ross, and Short (2012), enterprises nowadays are flooded
with data received in a daily manner. Beath et al. (2012) stated that the volume of data is increasing
in many organizations by 35% to 50% each year. Moreover, they noted that the amount of data
that companies process is 1,000 times more comparing with the amount of data that companies
deal with a decade ago. Also, Ularu et al. (2012) mentioned that the amount of data that Facebook
alone, for instance, updates every day is 100 Terabytes. By 2020, there will be 35 Zettabytes worth
of data annually generated by many activities on social networks.
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2.1.4 Machine Learning
Machine learning (ML) is a subset of AI that allows computers to learn without being
programmed. As a result of the development of intelligent machines, computers have become
evolved, so they can process data without a human being involved. The term “Machine Learning”
was coined by a well-known American pioneer in the field of AI, Arthur Samuel, back in 1959
(Vu et al., 2018). ML has become a powerful technology that is used in different applications and
industries, such as smart cars (Shaikh, Bou-Harb, Crichigno, & Ghani, 2018), wearable healthcare
devices (Chen, Qin, Wang, Yu, & Gao, 2020), and handwritten pattern recognition (Shamim,
Miah, Angona Sarker, & Al Jobair, 2018). Figure 3 below shows AI and its subsets.

Figure 3: AI and its subsets.
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ML mainly has two models, supervised and unsupervised systems. A supervised system
cannot implement a full operation without human supervision. While unsupervised systems have
very little or no human exposure to performing actions, and it can make decisions without a human
being involved (Vu et al., 2018). Figure 4 below summarizes the popular ML algorithms (Becht et
al., 2019; Nassif, Shahin, Attili, Azzeh, & Shaalan, 2019; Nordhausen & Oja, 2018).

Figure 4: Different ML Algorithms.
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2.1.5 Signals Processing vs. Engineering Analytics
“Signals” can be defined as the physical aspect of information that changes with time. On
the other hand, “processing” means the operations of detecting, representing, filtering, and
discovering the signals by using devices, software, or algorithms. Putting them together, “signal
processing” is the process of studying and extracting embedded information in the signals with its
different forms. Examples of signal forms are images, sensors, communication, video, and speech
(Moura, 2009). The technology that we have today is enabled by signal processing. It is the heart
of technology and the modern world that we have nowadays. ML algorithms play essential roles
in the signal processing field, such as text, voice, image processing, and more (Manogaran,
Chilamkurti, & Hsu, 2020). Different algorithms can be used in signal processing. For instance,
Independent Component Analysis (ICA) is a robust ML algorithm that is used to separate
independent sources linearly mixed in several sensors. Figure 5 below shows the difference
between EEG signals before applying ICA (blue waves) and after applying ICA (red waves).

Figure 5: EEG Signals Before Applying ICA (Blue) and After Applying ICA (Red).
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ICA is an unsupervised ML algorithm that is used to analyze EEG data (Boppidi et al.,
2020). It is an algorithm that is implemented in the EEGLAB MATLAB toolbox. ICA can be used
in different applications, such as data analysis, data compression, localization of sources,
deconvolution, and blind identification (Comon, 1994). It is a method that automatically identifies
the underlying factors in a vast data set. ICA is used to extract individual signals from
combinations of signals. ICA power relies on the assumption that different physical processes
produce unrelated signals. This assumption makes ICA a successful algorithm to be used in
different research fields (Stone, 2002). In cognitive engineering, for instance, the EEG data of an
individual is different in the brain region. Hence, ICA is a suitable algorithm to be applied to EEG
signals. ICA has been widely applied in cognitive science, especially in computational modeling
and analysis of biomedical data. ICA is a powerful method to be used in engineering and
computational neuroscience to solve different application problems. By utilizing ICA in the EEG
signal processing, the algorithm separates artifacts embedded in the signals (Delorme, 2005). The
main objective of signal processing techniques is to minimize the noise and complexity of signals
and provide meaningful insights into the intended system (Athavale & Krishnan, 2019).
On the other hand, engineering analytics is the process of leveraging data into actionable
and understandable insights. The analytics includes the use of advanced tools and techniques on
data collected from different sources. Examples of EA techniques are machine learning, deep
learning, data mining, and statistics. These techniques can manipulate massive data to provide
suggestions and predictions (IISE, 2019). Because data become an indispensable asset in decision
making, data and engineering analytics became a necessity for any organization to survive. When
EA has been applied appropriately, organizations will improve their processes and systems.
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Moreover, the EA provides tools for big data algorithms and data visualization to generate
better decision-making. There is a strong relation between industrial engineering and engineering
analytics. Therefore, engineers, and especially industrial engineers, must quickly change the way
they use data in their operations to better design, improve, and install an integrated system with its
energy, equipment, information, materials, and people (IISE, 2019). Therefore, industrial
engineers must have specific skills and knowledge, such as social, mathematical, physical
sciences, and, more importantly, analytics skills. According to Banerjee, Bandyopadhyay, and
Acharya (2013), in 2013, organizations process more than sixty (60) terabytes of data each year,
which is a thousand times more compared with the organizations a decade before, and the number
is expected to grow with the advanced technology we have today. Vast amounts of data will be
generated from different formats, such as videos, texts, tweets, and more.
For signal processing, different algorithms can be used. For instance, an ML algorithm,
ICA, is used to reduce artifacts and noise to clean and improve signal quality. Moreover, fast
Fourier transform (FFT) is another algorithm used to convert the signal from the time domain into
the frequency domain, and vice versa (Mateo & Talavera, 2018). On the other hand, EA techniques
are used to analyze better and understand data. It enables businesses to draw valuable conclusions
from complex and diverse data sources. The four main data analytics applications are descriptive,
diagnostic, predictive, and prescriptive analytics. Descriptive and diagnostic analytics are reactive
since they provide insights into what happened and why things happened. However, predictive and
prescriptive analytics are proactive as they assist in answering questions about what will happen
and what should be done. Some examples of EA algorithms are support vector machines (SVM),
decision tree learning, KNN, k-means, and neural networks (Dai, Wang, Xu, Wan, & Imran, 2019).
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Table 4 below summarizes popular ML algorithms for signal processing and EA and their
characteristics.
Table 4: Examples of ML Algorithms and Their Characteristics.

Algorithm

Objective

Characteristics

ICA

Signal Processing

SVM

Classification/Regression

It produces high accuracy with less
computation power.

Decision Tree

Classification/Regression

Its output is easy to understand, even for
people without statistical knowledge
analytical background

KNN

Classification

K-means

Clustering

Neural Networks

Classification/Regression

It reduces artifacts and noise from signals.

It is a simple algorithm that stores all data
points and classifies the new point based on
the majority vote of its neighbors (k)
It is a popular clustering algorithm due to
its high efficiency in terms of execution
time.
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It has the ability and power to mimic the
human brain learning steps and apply it for
different applications with high efficiency.

2.2 Virtual Reality (VR)
2.2.1 Introduction
Since the first time that the term "Virtual Reality" has been used back in the 1960s, the
applications of this technology have rapidly gained momentum (Farah, Ramadan, & Harb, 2019).
The benefits offered by such technology have prompted decision-makers in different industries,
such as engineering, manufacturing, military, healthcare, and more, to use it as an educational tool
to support learning and training. Merchant et al. (2014) stated that in the 1980s, there was a
significant surge of interest in using VR beyond the entertainment industry. In recent years, VR
has been developing rapidly and used as a tool for training, education, and more. A primary reason
for using VR in training and educational purposes is the ability to present a VE that looks like the
real world as well as the support of high interactivity. With VR technology, learners can
manipulate and explore a three-dimensional (3D) interactive environment (Johnston et al., 2018).
Therefore, the added benefit that a VR training system provides is the opportunity to simulate an
experience without putting a user in real hazardous situations since it allows for a 3D
representation generated by computers.

2.2.2 Definition and Types of VR Systems
According to Oxford Dictionary, VR is “the computer-generated simulation of a threedimensional image or environment that can be interacted with in a seemingly real or physical way
by a person using special electronic equipment, such as a helmet with a screen inside or gloves
fitted with sensors.” VR systems vary according to the level of immersion they provide, ranging
from non-immersive to fully immersive systems. There are three types of VR systems, (1) non-
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immersive, (2) augmented reality, and (3) fully immersive systems, as shown in Figure 6 below
(Barsom, Graafland, & Schijven, 2016; Freina & Ott, 2015).

Figure 6: Types of Virtual Reality Systems
Source: (Bourque, 2015; Intro to AR, 2018; Meerman, 2015)

•

Immersive VR (IVR) is a 3D technology that allows users to be in a simulated environment
that feels and looks like the real world. Therefore, a user will have a specific sense within
it, can move his sight to explore it, feels the surroundings, and interacts with the objects in
it. In an IVR system, users are required to wear a head-mounted display as well as an input
device such as a "controller" to handle objects in the virtual world. When a user is fully
immersed within a virtual environment, he can look behind, turn around, walk, and see
everything in a virtual world. Figure 7 below shows the different choices of IVR devices.
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Figure 7: IVR Devices
Source: Vergara, Rubio, and Lorenzo (2017)

•

The non-immersive VR system uses a keyboard, mouse, and screen that can provide a user
a virtual world, but with a limited sensation of presence and without being isolated from
the real environment (Coelho, Melo, Martins, & Bessa, 2019). It leaves users visually
aware of their surroundings of the real world while observing a virtual environment using
a display device, a computer monitor, for instance. By doing that, users will be able to go
through the virtual world and direct the viewer to see different directions and objects in the
virtual environment.

•

Augmented Reality (AR) is a combination of VR and real-world features, and that can be
done by merging real-world scenes into computer graphics objects. Using a real scalpel to
dissect a virtual dummy frog is an example of AR in dissection class. It is also known as
Mixed Reality (MR) (E. Lee & Wong, 2008). Users in MR can see the real world, unlike
the fully immersive VR system, and it combines virtual objects with the real world.
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Therefore, it adds up to reality instead of completely replacing it. Commercial applications
have used augmented reality systems allowing users to use a smartphone, for instance, to
improve their shopping experience. Also, the gaming industry has experienced a massive
change as a result of utilizing augmented reality systems. Examples of these games and
applications are PokemonGo, Google Translate augmented reality application, and
SketchAR. These augmented reality features can be viewed using tablets, smartphones, or
glasses. Figure 8 below shows the possible augmented reality devices.

Figure 8: Augmented Reality Devices.
Source: Harris (2017)
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According to Bellini et al. (2016), a report has been written by Goldman Sachs Group,
Inc., estimated that Videogames would be the largest market using VR/AR technology by 2025
with expected revenue of $11.6 billion. Moreover, Bellini et al. (2016) mentioned that, by 2025,
the expected revenue of using the VR/AR Engineering Field, for instance, is $4.70 billion. Figure
9 below shows the market size of VR/AR by application by 2025.

Engineering: $4.70 b

Videogames: $11.60 b

Military: $1.40 b

Healthcare: $5.10 b

Education: $0.70 b
Live Events: $4.10 b

Real Estate: $2.60 b
Retail: $1.60 b

Video Entertainment: $3.2 b

Figure 9: The Market Size of VR/AR by 2025.
Moreover, Goldman Sachs Group, Inc. estimated that the number of users using VR/AR
technologies would dramatically increase as a result of improvements that companies, such as
Google, Facebook, Apple, Samsung, and others, have done. Figure 10 and Table 5 below show
the summary and details involvement in VR since 2012, while Figure 11 shows the predicted
number of VR/AR users by application by 2025.
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Figure 10: Summary of Recent Involvement in VR/AR

Table 5: Details of Recent Involvement in VR/AR
•

Qualcomm invested in an augmented reality app called "Blippar."

•

Google introduced the new augmented reality device, "Google
Glass."

•

HP launched "Aurasma" an augmented reality platform

•

Facebook acquired “Oculus,” a virtual reality startup.

•

Google invested $542 million in “Magic Leap,” a startup company
produces head-mounted virtual retinal display.

•

Intel invested in a virtual reality startup called “WorldViz.”

•

Apple acquired Metaio, a software company that provides
provided augmented reality solutions.

•

Disney invested in a VR content startup called “Jaunt.”

•

Microsoft acquired “Havok,” a company that provides a physics
engine component used for videogames.

•

Fox invested in Osterhout Design Group, a VR/AR wearable
technology manufacturer.
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Figure 11: Estimated VR/AR Users by 2025

2.2.3 Virtual Reality Primary Attributes

The 3D virtual environments facilitate learners in improving learning/training outcomes
due to its attributes, which are (1) immersion, (2) interaction, and (3) engagement (Trindade,
Fiolhais, & Almeida, 2002).
•

Immersion: it is the feeling of presence and being in an environment that is built by VR
technology and the ability to act within the environment.

•

Interaction: the interaction between users and the environment is one of the main aspects
of VR. It generates the feeling of being present in a real environment.

•

Engagement: it is an essential aspect of VR. A well-designed virtual environment can
encourage users to engage and improve their experience.
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2.2.4 VR as a Measure of Performance.

The power of VR in influencing motivational processes and the cognitive capacity of
learners have been widely studied (Chuah, Chen, & Teh, 2010). In general, VR has been commonly
used in the fields of training and education due to its motivation and its ability to provide
stimulating interactivity (Tussyadiah, Wang, Jung, & tom Dieck, 2018). Using VR in educational
and training games has been limited due to usability and the high cost. However, a new commercial
tool, "Oculus Rift,” makes it possible to use IVR technology in a variety of research areas.
The literature acknowledges the value of experiential learning using VR technology, and
it shows that VR based training is a useful tool for training people in various industries, such as
healthcare, mining, and more. For example, a study has been done by Bhide (2017) found that
there is a difference in the level of understanding of trainees attending VR and PowerPoint slides
training programs. The outputs are different as a result of the level of focus, engagement, and
attention of trainees. When trainees are attentive, it significantly influences their learning ability
and outcomes. Also, in the healthcare industry, the use of VR technology is rapidly increasing. For
instance, research performed by Barsom et al. (2016), and Bharathan et al. (2013) has resulted in
that VR technology showed a better improvement, especially for the medical specialists’
performance, compared with the traditional training methods. The skills that the trainees learned
using VR are easily transferable to the real world.
Moreover, a study has been done by Cates, Lönn, and Gallagher (2016), illustrates that VR
was used to train cardiologists doing surgical procedures, and the results show that using VR
trained cardiologists faster and with fewer intraoperative errors. Furthermore, a study has been
done by Hoffman et al. (2014) proved that entering an IVR environment during therapy
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applications, skin stretching procedures, for instance, can reduce pain as a result of eliciting a
strong illusion of presence for patients. Another study in the medical field shows that simulation
training improved the skills of inexperienced participants significantly. The IVR simulators
provided a convenient and safe learning/training environment that allows trainees to practice
without causing pain to patients (Loukas, Nikiteas, Kanakis, & Georgiou, 2011).
Orr, Mallet, and Margolis (2009) have done a study using VR in the mining industry. They
used the VR system and built a virtual mine to teach safety evacuation procedures, provide
simulated experience, and measure workers' performance. Moreover, according to Manca,
Brambilla, and Colombo (2013), in technical operations, trainees were able to learn the necessary
fundamental skills to do tasks within technical fields by using virtual environments. Training with
VR reduced human error and increased memory retention in trainees (Bhide et al., 2015; Bhide,
2017). The reason is that trainees were able to perfect their skills and improve their understanding
of the work environment before they start the actual job and be in the real environment.
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2.3 Attention
2.3.1 Introduction
In this section, an engineering perspective, cognitive engineering, is going to be
investigated and studied. Attention is an inherent part of the human brain that plays an essential
role in our everyday life. The brain processes and decides which fraction of the information to pay
'attention' to and what to ignore. Attention has been focused on as a researchable area since the
end of the 19th century. It has been covered and discussed by William James in 1898 and Wilhelm
Wundt in 1912 (Posner & Petersen, 1990).
Attention is a necessary process that every human being needs for his everyday life. The
level of attention someone is paying to a stimulus affects memory, learning, perception, problemsolving, and decision-making abilities (Strauss, Sherman, & Spreen, 2006). Therefore, attention is
believed to be the basis of most neuropsychological and cognitive functions (Cooley & Morris,
1990). Brigman, Lane, Switzer, Lane, and Lawrence (1999) concluded that attentive students are
more likely to be successful in school comparing with students who cannot concentrate and being
attentive in classrooms.
Attention includes different components, (1) alertness which is engaging in a job, (2)
selective attention which is orienting at the relevant stimuli, (3) inhibitory control of behavior, (4)
sustained attention which is the ability to focus on a stimulus over a period, (5) search/application
of strategies of performance, and (6) the span of apprehension which is the ability for someone to
process and apprehend several items simultaneously (Korkman & Peltomaa, 1991).
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2.3.2 Definition of Attention
Although the word "attention" is frequently used in our everyday life, researchers working
in the cognitive engineering area have not agreed on a single definition. Its definition depends on
the study direction, whether perceptual framework or working memory (Spaulding, Plante, &
Vance, 2008). Generally, attention can be defined as the increase of mental effort, and it has been
known as an essential aspect in the processing of learning and training contents. There are many
definitions of “attention” that have been found in the literature, as Table 6 below shows.

Table 6: Selected Definitions of Attention.
Source

Definition

Mole (2008)

“… attention is the study of consciousness.”

Filley (2002)

“Attention can be defined as the ability to maintain a coherent line
of thought or action.”

“… attention is a process that enables the maintenance of response
Ko, Komarov, Hairston,
Jung, and Lin (2017)

persistence and continuous effort over extended periods.”
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2.3.3 Attention Processes
Attention in cognitive science has been highlighted by researchers to understand the
processes that describe human-level attention and its limited information processing. Even though
there is no agreement in the taxonomy of attention, scholars have identified the following distinct
forms of attention, which are selective, sustained, and executive attention (Ocasio, 2011).
First, selective attention is the ability to concentrate on a task and ignore the irrelevant
stimuli and distractions. In other words, selective attention is the process that allows an individual
to choose what inputs to focus on and process and what irrelevant inputs to ignore. The reason
why individuals use selective attention is that we cannot pay attention to all stimuli around us, and
we should choose stimuli that are more important than the others. Lezak, Howieson, Loring, and
Fischer (2004) stated that there is a capacity limit of the human brain attentional system, which
makes it impossible to process all stimuli or activities at one time. Structural limitations determine
the capacity of the brain's attentional system. It varies between individuals, and even within
everyone based on different times and conditions. Therefore, this is a significant process since the
human brain has a limit on how much input can be processed at a particular time (Stevens &
Bavelier, 2012).
Second, sustained attention, which is also called 'vigilance' or 'tonic alertness', is the ability
to focus on a stimulus continuously for a period of time. Therefore, this form of attention highly
depends on task duration. The importance of this type of attention comes with the fact that
sustained attention affects various activities of our daily life, such as studying, reading, driving,
and other continuous activities (Schooler et al., 2014). Some people argue that there is no
difference between selective and sustained attention. However, Filley (2002) stated that selective
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attention is the ability to focus on stimuli for short periods, while sustained attention is to focus on
stimuli for more extended periods.
Third, executive attention is essential for decision making, problem-solving, planning, and
correcting errors. It enables individuals to deal with multiple attention signals quasi
simultaneously. The executive attention deals with many complexities, and it involves allocating
the “non-automatic cognitive resources in the working memory to schema-inconsistent stimuli and
information independent from incoming sensory data” (Ocasio, 2011). It enables individuals to
process and achieve multiple goals by switching back and forth between stimuli that directly
observed or those stored in memory and pairing them together. Executive attention leads to action
and cognition to achieve goals when there is no predetermined schema (Fernandez-Duque, Baird,
& Posner, 2000). Figure 12 below summarises the forms of attention.

Figure 12: Forms of Attention
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2.3.4 Why Is Studying Attention Important?
Humans continuously depend on their abilities to allocate their attentional resources, and
on top of these abilities is the brain's attention. Attention affects almost all cognitive processes,
such as problem-solving and decision-making. Therefore, an improvement in the understanding of
attention may lead to developing more efficient ways of assessment, and more importantly,
effective means of interventions. Many professionals in different industries, such as drivers,
doctors, students, machine operators, and more, need a high level of attention to be able to do the
job and complete it in an efficient, effective, and safe way. Therefore, being able to monitor the
level of attention is a beneficial achievement (Gunawan, Wanandi, Soewito, Candra, & Sekishita,
2017).

2.3.5 Attention and Working Memory
When someone can hold his targets in mind, he will be able to orient his attention in a way
helping him to fulfill his goals. The human brain has three memory systems which are “(1) sensory
memory, (2) working memory, and (3) long-term memory” (Clark & Harrelson, 2002).
•

Sensory memory (SM) is a short time memory that retains impressions of sensory
once the origin stimuli ended. The sensory information is received through the five
human senses.

•

Working memory (WM) is the central processor for thinking and learning since it
can maintain and manipulate objective-relevant information. It is responsible for
directing and prioritizing attention towards the objective-relevant stimuli since WM
has a limited capacity, and it varies from one to another (Shaban & Pearson, 2019).
The relationship between attention and WM is bi-direction. WM needs attention to
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provide the objective-relevant information to active goals, while attention needs
WM to choose the direction to focus on and what information to ignore (Conway
et al., 2005).
•

Long-term memory (LTM) is the level of memory that has a large storage capacity.
The capacity of LTM is unlimited and can keep, supposedly, an infinite amount of
information that is learned over a lifetime (Cowan, 2019).

2.3.6 Current Ways to Measure Attention
In recent years, attention has been widely studied to understand how the brain operates. To
be able to measure attention, first, we need to distinguish between overt and covert orienting
systems. Overt attention is measured and can be assessed by body movements, such as eyes, hands,
and head movements, and the velocity of the relevant effectors. On the other hand, covert orienting
is a mechanism referring to the ability to direct attention without body movements. It is the ability
to mentally shift the attention without moving eyes, for instance (Mancas et al., 2016). Currently,
there are different ways to measure attention, either qualitative or quantitative methods. According
to Bhide (2017), there are various methods to measure attention and level of knowledge, such as
(1) knowledge test, (2) interviews and questionnaire, (3) transfer of training, and (4) physiological
measures.
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1. Knowledge test
It is a method commonly used to evaluate the level of engagement and learning experience
of a training session, for instance, by applying a test before the session, immediately after it, and
one more test at a specific time later. The difference between the three test scores is used to
understand the learning level of learners (Sacks, Perlman, & Barak, 2013)

2. Interview and Questionnaires
Participants being interviewed will be able to explain their experience and suggest changes
to improve the training features (Silva, Almeida, Rossetti, & Coelho, 2013). Moreover, the
questionnaire and its interpretation are examples of the qualitative method. Questionnaires based
on Likert scales, for instance, allow researchers to understand and measure the level of engagement
and presence in virtual simulation (Slater et al., 2006). It includes questionnaires such as the
National Aeronautics and Space Administration Task Load Index (NASA TLX), which measures
the recognized mental workload that happened while performing a task (Grier et al., 2003). For
instance, a study has been done by Sacks et al. (2013) used a questionnaire method to assess
trainees' emotions, knowledge, and attitudes after taking a training program. The questionnaire
aimed to figure out and compare the results of attending two different training sessions.

3. Transfer of training
It can be used for training evaluation by measuring the ability to reflect what has been
learned during training into the real job (Alvarez, Salas, & Garofano, 2004).

38

4. Physiological measures
Physiological measures can be used to measure the engagement of a user in virtual
simulation using his brain or heart activities. The main advantage of these measurements is that
the physiological responses can be measured without the participant's conscious awareness
(McMahan, Parberry, & Parsons, 2015). The development of non-invasive measures such as (1)
Functional Magnetic Resonance Imaging (fMRI), (2) Positron Emission Tomography (PET), (3)
Magnetoencephalography (MEG), and (4) Electroencephalography (EGG) have revolutionized the
study in the area of human factors, especially the field of cognitive engineering (Baars & Gage,
2010; Pourtois, Schettino, & Vuilleumier, 2013).
Researches, in the past decade, have focused on cognitive neuroscience and witnessed
advances in the way that we understand the brain substrates. Therefore, focusing on people's
feedback and when they sense or see stimuli, for instance, are examples of quantitative ways. By
utilizing quantitative methods, the attention and the level of engagement can be measured directly
using psychophysiological measures, such as measuring the brain’s and heart’s electrical activities,
body temperature, and skin resistance. Also, it can be measured indirectly by monitoring the
participant’s eye behavior, for instance. Researchers have discussed the various quantitative
methods and studied their relationship to the level of attention.
Leading attention to the features of given stimuli increases the brain's neural activity.
Imaging methods and neuronal recordings have demonstrated this event. These physiological
measures can estimate the emotional state and cognitive of an individual’s brain using fMRI, for
instance. fMRI is a method that is used to understand brain functions. It uses stimulus-driven
paradigms to detect the changes from baseline in the blood oxygenated level-dependent (BOLD)
while responding to a stimulus or to perform a task (M. Lee, Smyser, & Shimony, 2013). Over
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recent years, fMRI has been used to understand brain functions. For instance, a study was done by
Filbey, Russell, Morris, Murray, and McDonald (2008) used fMRI to measure BOLD of fourteen
individuals while doing tasks required selective, sustained, and dual attention for the sake of
understanding Schizophrenia and how to prevent it. Another research was done by Herath,
Klingberg, Young, Amunts, and Roland (2001) studied the effect of dual tasks of ten healthy adults
doing two tasks simultaneously and how this affects the division of attention.
Another precise technique to observe the brain's functional activity is Positron Emission
Tomography (PET). According to Baars and Gage (2010), PET was developed and used earlier
than fMRI to measure metabolic brain activity. However, its use is not common for research due
to its high cost and requirements, such as the radioactive tracer. The common function that fMRI
and PET can do is to show where a change is taking place in the brain. LaBerge and Buchsbaum
did a study using PET to measure the pulvinar activity level of eight individuals’ brains to detect
the level of attention. They found that the level of metabolic activity was higher when a participant
was doing an attention-demanding task comparing to a non-attention-demanding task.
Moreover, one of the physiological methods to record the brain's electrical activity is EEG.
It has been commonly used in research areas as well as healthcare. It is a “non-invasive brain
imaging method that records the brain's electrical activity on the scalp” (Teplan, 2002). The
electrical current that the EEG reads is generated from the activated brain cells (neurons).
According to Teplan (2002), encephalography has been dramatically improved during the last
century since its existence back in 1875 by Richard Caton, an English physician. One of the
advantages of EEG is speed. It can record intricate patterns of the brain neural activity within
fractions of a second after the stimulus onset. There are different applications and research of the
EEG in humans, such as monitoring brain death and coma, locating head injury and damage,
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monitoring cognitive engagement, testing drug effects, investigating sleep disorder, and more.
Section 2.4 deeply describes this technology, its benefits, and how it allows researchers to study
the human brain and its waves.
On the other hand, eye tracking is an example of the indirect quantitative method that can
be used to measure the level of attention. This technology has improved in the past decade due to
the evolving technology. In general, the eye tracker technology has two types, (1) those measuring
the location of the eye compared to the head, and (2) those measuring the direction of the eye in
space (Duchowski, 2007). Kellough, Beevers, Ellis (2008) have done a study using eye-tracking
technology to examine the selective attention of two groups of people who were depressed and
never depressed individuals.
The eye tracker was able to determine the position of the participants' first fixation (when
eyes are immobile for brief periods), the number of fixations and time spent gazing at stimuli
provided to the individuals in the experiment. Also, computer mouse-tracking is another example
of an indirect method of measuring attention. Its feedback is similar to the eye-tracking, but it
gives more data than classical eye tracking. Mouse tracking requires less money and time to be
conducted (Mancas et al., 2016). An example of using mouse tracking is what Hehman, Stolier,
and Freeman (2015) have done. They used computer mouse-tracking to test the time needed to
make a decision when a stimulus shows up.
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2.3.7 Factors Affecting Attention
A fundamental function of knowledge is the ability to focus and concentrate on mental
effort, which is a process known as “attention” (Best, 1986). Attention is about what we focus on
and filter out unnecessary information to be able to concentrate on things that matter. Paying
attention to certain information will allow our brains to select specific information to be processed
in our cognitive systems. In other words, when we pay more attention to information, it is more
likely to be remembered and recalled compared to the information that we ignore (Pan, 2010).
The level of attention someone is paying to certain stimuli will increase the chance of the
information being stored in memory. MacKay and Ahmetzanov (2005) stated that attention not
only can improve memory performance but also help to fast reaction time. Therefore, it is essential
to understand how attention can be affected and what factors can impact our brain's attention. As
shown in Figure 13 below, the level of attention a human is paying to a task can be affected by
factors, such as stimuli colors, object size, shape, task complexity, and noise.

Figure 13: Factors Affect Attention.
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According to Dzulkifli and Mustafar (2013), colors play an important role in the
educational/learning setting, marketing, and more since it influences people’s attention. Colors
help our brains to memorize specific information by increasing the level of attention. Farley and
Grant (1976) have found a theory suggested that colors have a significant influence on our brain's
attention. They have done a study and found that the level of attention that participants paid to
color multimedia presentations were higher than the level of attention that participants paid to noncolored performances. A cool type of colors such as gray and brown have less effect on attention
compared to the warm types of colors, such as red, orange, or yellow (Greene, Bell, & Boyer,
1983). Another factor that may influence attention is the combination of colors when more than
one color is involved, such as the background and foreground conditions. Choosing the right
combination of colors is significant since it can produce a higher level of contrast. A higher level
of contrast means better visibility and more attention.
An object with a red background and white foreground would “have a higher level of
contrast compared to any other color combination” (Dzulkifli & Mustafar, 2013). Fast-food
restaurants, such as Kentucky Fried Chicken, McDonald's, and Chick-fil-A use red color in their
logos. The use of red color influences customers psychologically by attracting their attention and
increasing the chance of their buying behavior. However, 1 in 12 males and 1 in 200 females are
not able to see colors as everyone else sees as they suffer from one form of color vision deficiency
(CVD), which is also called “color blindness”. Color blindness is the failure to differentiate
between different colors in normal lighting conditions (Woldeamanuel & Geta, 2018). There are
three forms of color blindness, (1) anomalous trichromacy where the individual can see the colors
but in incorrect ways, (2) dichromacy where the individual can see colors, but not all of them, and
(3) monochromacy where the individual is not able to see any colors. Individuals with one of these
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forms of color blindness are not able to see/distinguish between the colors red, green, blue, and
their combinations (Berisso, 2018). Therefore, people with color blindness may face difficulties
doing their daily tasks, and more importantly, doing their jobs efficiently. Pilots (Warburton,
2009), traffic controllers, train drivers, seamen (Fareed, Anwar, & Afzal, 2015), and crane
operators (OSHA, 2004) are examples of jobs where individuals must not have color blindness.
Our visual attention is a complex process that is responsible for dealing with enormous
amounts of information. However, humans can pay attention to limited information at a time, so
our brains use some factors to define the attention orientation and how much attention to pay to
the object (Collegio, Nah, Scotti, & Shomstein, 2019). In our environment, we daily deal with
multiple object dimensions, such as colors, sizes, and more. These properties either enable us to
observe the object or ignore it. The object size, for example, allows us to differentiate between
different objects and contribute to attentional deployment. Several studies found that object size is
considered as an important factor impacting visual attention and preferences. For instance, a study
has been done by Zıraman and Imamoğlu (2018) found that the object size influences people’s
attention. They conducted a study with 120 participants to find if an object size may impact visitors'
attention in exhibitions, and they discovered that bigger exhibit objects attract more attention than
smaller ones.
Furthermore, in visual attention, the target object is located not by a single feature, its color,
or size, for instance, but also can be captured by its shape (Ehinger & Wolfe, 2016). For example,
an object with corners and edges attracts more attention than an object with plain surfaces
(Duchowsky, 2007). A study has been done by Folkes and Matta (2004) examined the effect of
the shape of bottles on consumers’ attention. Two bottle designs were used, (1) an unusual bottle
that was asymmetric with a round in way in the top/bottom parts and triangular in its middle and
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(2) a usual bottle that was symmetric. They found that the majority of the participants found that
the unusual containers shapes attracted their attention more than the usual ones. On other words,
the complexity of an object’s shape could attract more attention compared to the simple and routine
objects (Krishna, 2011).
Another factor that may affect the level of attention is the task complexity. Being able to
stay focused and maintain a high level of attention is essential for mastering our lives. Every day,
we do tasks that require continuous attention, such as studying, reading, watching, shopping, and
more. These examples differ in the level of complexity faced to complete the task (Langner &
Eickhoff, 2013). Skehan and Foster (2001) argued that attention has an inverse relationship with
task complexity. They argued that human attentional capacity is limited. Therefore, when the level
of task complexity is high, the memory resources and level of attention is low. Skehan (1998)
mentioned that in language teaching, the complexity of a task could be affected by (1) code
complexity, such as vocabulary load, variety, and redundancy (2) cognitive complexity, such as
information organization and type, and (3) communicative stress, such as time limit, length of
text, and type of response.
Moreover, noise is also another factor that may affect the level of attention. Noise is
relevant in several settings, such as schools, offices, and more, and its exposure can negatively
affect people's performance and well-being (Monteiro, Tomé, Neves, Silva, & Rodrigues, 2018).
In the educational setting, a learner’s performance can be influenced by several factors and
environmental conditions, including noise. It may add adverse effects that impact cognitive
processing, attention, reading skills, and learner's concentration (Dalton & Behm, 2007). Various
studies on the impact of noise on cognitive ability and performance have been studied and proven
that noise has a negative effect. For instance, Das, Bertrand, and Francart (2018) stated that noise
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could affect the ability of a person to segregate himself from the noise sources and stay attentive
to be able to complete the required tasks successfully. Moreover, Klatte, Bergström, and Lachmann
(2013) found that children are also impaired by noise in tasks, such as reading, writing, listening,
and short-term memory tasks.
2.4 Electroencephalography (EEG)
2.4.1 Introduction
The source of our emotions, thoughts, and behaviors is the relationship between the brain's
neurons. These communications produce electrical pulses, and they change according to the
emotions and behaviors states. Recent advances in EEG have shown that analyzing the brain's
electrical signals can be used to provide a better understanding of measuring attention. EEG is a
study that can be used to record the communications between these neurons within human brains,
which is called "brainwaves." Using EEG to monitor and record the brainwaves has the benefits
of low operating costs as well as real-time data (Kaiser, 2007). The phenomena of recordable brain
signals generated by activated muscles and nerves on animals were first investigated and
discovered in the fourth quarter of the 19th century (Stone & Hughes, 2013). A couple of decades
later, Kaiser (2007) mentioned that the first study using EEG on humans was published in 1929
by a German psychiatrist, Hans Berger, who introduced and investigated human EEG analysis to
understand its correlates to attention, brain injury, and epilepsy.

2.4.2 Human Brain
The human brain is more complicated than any other part of the human body. It is the part
that, without it, the human is not able to breathe, speak, remember, or think logically. Moreover,
the brain is in charge of each human's memories, feelings, personality, and movements. The human
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brain is made up of billions of infinitesimal elements, which are called “neurons” that can make
contact with millions or even tens of millions of others (Kaiser, 2007). The human brain accounts
for about 2% of the whole body’s mass; however, it uses up to 20% of the oxygen required by the
body. It uses oxygen to break down glucose to feed the brain with the necessary energy (Raichle,
2001). Figure 14 below shows the human brain and neuron anatomy.

Figure 14: The human brain and neuron anatomy.
Source: Bright Focus Foundation (2000).

2.4.3 Electroencephalography (EEG)
EEG is an essential physiological tool that can be used instead of questionnaires, for
instance, to discover and understand the performance, workload, and presence of workers.
According to Ball, Kern, Mutschler, Aertsen, and Schulze-Bonhage (2009), EEG is a non-invasive
imaging procedure measuring the brain's electrical activities by recording electric differences on
the human scalp. EEG has shown enormous success accurately and speedily in recognizing
cognitive functions.
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EEG imaging has made massive progress in recent years, providing a tool to be used to get
neurophysiological interpretations of the human brain recordings. It is a method of neuroimaging
studies that allow researchers to study the human brain to address "where" and "when" the different
modules of the functional network are involved in a specific mental task. Therefore, EEG offers
the possibility of measuring the neuronal brain activity on a sub-millisecond time scale (Michel et
al., 2004).
Researchers have used the EEG frequency bands, delta (δ), theta (Ѳ), alpha (α), beta (β),
and gamma (γ) to measure attention and level of engagements. The voltage differences between
the brain's neurons are the sources of the EEG activities. Therefore, it reflects the activity of
neurons in the brain (Surangsrirat & Intarapanich, 2015). Surangsrirat and Intarapanich (2015)
mentioned that the activities associated with these five EEG bands are shown in Table 7 below.

Table 7: The EEG Frequency Bands and its Activities.

EEG frequency bands

Associated activities

Delta (δ)

It is the slowest and strongest brainwave.

Theta (Ѳ)

It is associated with meditation, and sometimes, with
concentration.

Alpha (α)

It is associated with calmness and relaxation.

Beta (β)

Gamma (γ)

It is mostly operated during the day and is associated with active
thinking, focus, and high alert.
It is the fastest brainwave associated with the processing of
information from various brain areas.
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2.4.4 International 10/20 System
The brain signals are collected by placing electrodes on the scalp following the most used
positioning standardized locations called “International 10/20 System” for the EEG exam. The
10/20 System splits the skull into four areas generated by two lines. One starts from Nasion, which
is the dent of the nose, and ends in the Inion, which is the jut of the head's back, while the other
line is from the right ear (A2) to the left ear (A1) (Kaiser, 2007). These electrodes can measure
brain activity and record the billion cortical neurons and their immediate changes. Figure 15 below
shows the 10/20 System.

Figure 15: The International 10/20 System
Source: He, Gao, Yuan, and Wolpaw (2013).

As shown in Figure 15 above, the distances between the EEG electrodes based on the skull
are 10% or 20% of the total left to right or front to back distances of the skull. The skull is divided
into five areas, and each one is identified by a letter, (F) for frontal, (T) for temporal, (C) for
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central, (P) for parietal, and (O) for occipital. Also, as shown in Figure 15, Fz, Cz, and Pz are the
hemisphere locations (Kropotov, 2010). When placing the electrodes on their assigned positions,
the brain signals will be collected and then can be analyzed.
EEG has many advantages over other imaging techniques. Budzynski, Budzynski, Evans,
and Abarbanel (2009) mentioned that EEG is continually working to be a less invasive procedure.
EEG is entirely harmless, the less expensive portable tool, and the best temporal resolution that is
eligible for recording a long time on the order of a single millisecond. Also, EEG is a safe, noninvasive imaging tool that does not require participants to stay still for a period of time as other
imaging tools need, such as fMRI and PET. On the other hand, some drawbacks of the EEG are
poor spatial resolution which means that it is difficult to know whether the electrical activity
measured by the electrodes on the skull is produced in the cortex (the surface) or deeper in the
brain (Burle et al., 2015). Also, another disadvantage is that EEG recordings are highly susceptible
to different artifacts, such as muscle movements, eye blinking, and eye movements (Zou, Nathan,
& Jafari, 2016).

2.4.5 EEG Apparatus
There are different devices available to collect EEG data from the human brain, and these
devices are either invasive or non-invasive (Yaomanee, Pan-ngum, & Ayuthaya, 2012). In recent
years, the spread of EEG research is limited to the healthcare sector due to the high cost of the
EEG devices as well as the skills required to deal with it. However, the new technology has
provided inexpensive and flexible devices allowing researchers to study human brain neural
activity (McMahan et al., 2015). NeuroSky and EMOTIV Inc. are examples of technology
companies that manufacturing wearable EEG. EMOTIV Inc. has three types of non-invasive type
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headsets to measure the electroencephalogram (EEG) from the brain, which are EMOTIV EPOC
Flex, EMOTIV EPOC+, and EMOTIV Insight. Table 8 below illustrates the details of each of the
three types (EMOTIVE, 2019a).
Table 8: The three EMOTIV Inc. Headsets.

Features

EMOTIV EPOC Flex

EMOTIV EPOC+

EMOTIV Insight

Number of electrodes

32 + 2 reference
electrodes

14 + 2 reference
electrodes

5 + 2 reference
electrodes

EEG resolution

14 bits

14 bits or 16 bits

14 bits

Sampling rate

128 SPS

128 SPS or 256 SPS

128 SPS

Price

$2,099.00

$799.00

$299.00

2.4.6 Brain Wave Classification
EEG is categorized and measured based on the frequency of the brain's electrical signals.
These frequencies are divided into five wavelengths, which are delta (δ), theta (Ѳ), alpha (α), beta
(β), and gamma (γ) as shown in Figure 16 below (He et al., 2013; Kaiser, 2007).

Figure 16: The Five EEG Frequency Bands.
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According to Lagopoulos et al. (2009), delta (δ) wavelength is less than 4 Hz, and this
rhythm is linked with pathological conditions, tumors, for instance, and it also happens during
sleep. Liu, Chiang, and Chu (2013) stated that delta (δ) activity does not show when an induvial is
in a conscious stage. Delta (δ) occurs during anesthetized, unconscious, or lacking oxygen. In the
meditation research, delta (δ) frequency might indicate that the participant is asleep. However, a
study has been done by Harmony (2013) found that delta (δ) activity increases during
concentration and mental tasks in the frontal brain region.
The second wavelength is theta (Ѳ). The frequency band of theta (Ѳ) activity is between 4
and 8 Hz, and it occurs in the frontal cortex parietal regions of the brain (Kaiser, 2007; Liu et al.,
2013). According to Ivanovski and Malhi (2007), theta (Ѳ) activity is categorized into two types,
one is associated with lower levels of alertness, while the other type is associated with types of
cognitive processing. It has been associated with attention, alertness, and the processing of
cognitive tasks. Moreover, theta (Ѳ) activity has been linked to working memory, orienting, and
concentration. Therefore, when theta (Ѳ) activity increases, it can reflect an increase in awareness
or cognitive processing (Lagopoulos et al., 2009). However, it has been shown that theta (Ѳ)
activity also increases during inactive mental states such as early stages of sleep, relaxation,
emotional pressure, meditation, and drowsiness (Butnik, 2005; Liu et al., 2013).
When an individual is required to engage in cognitive processes, the α activity will halt.
This activity is identified as alpha-blocking (Ivanovski & Malhi, 2007). α activity is between 8
and 12 Hz (Kaiser, 2007) and categorized as slow and fast waves, where slow alpha (α) reflecting
no cognitive processing, while fast alpha (α) reflecting task-related activity (Ivanovski & Malhi,
2007). It is produced in the occipital and parietal regions of the brain (Liu et al., 2013). Alpha (α)
activity is a large rhythmic wave that is associated and induced by relaxation and closing the eyes.
52

It is abolished by alerting, calculating and thinking, and eye-opening. Therefore, when an
individual closes his/her eyes, his/her wave pattern changes from beta (β) into alpha (α) waves. It
is usually observed better in occipital and posterior regions (Teplan, 2002).
According to Ivanovski and Malhi (2007), higher frequency is associated with the cognitive
activity known as beta (β) (between 12 and 30 Hz) and gamma (γ) (between 30 and 70 Hz) waves.
Beta (β) activity is predominating in the frontal side of the brain, and it appears when individuals
become alert and anxious (Pfurtscheller & Da Silva, 1999). According to Kaiser (2007), beta (β)
activity is generally divided into three bands which are (1) lower frequency band which is between
12-16 Hz, (2) middle frequency band which is between 16-24 Hz, and (3) higher frequency band
which is between 24-30 Hz.
Gamma (γ) activity increases in the brain when an individual pays attention to stimuli that
require multimodal integration such as touch and sight (Kanayama, Sato, and Ohira (2007), or
sound and (Sakowitz, Quiroga, Schürmann, and Başar (2001) illustrated in a study. Liu et al.
(2013) mentioned that recent studies have found that gamma (γ) activity is related to perceptual
and cognition activities, and other studies found that this activity is associated with selective
attention. Figure 17 below shows the five brainwaves as the output of the EEG records.
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Figure 17: The Five EEG Waves by Frequency
Source: Cvijetic (2017).

2.4.7 EEG Research
The study of EEG technology has been widely used. The complex EEG recording system
has been improved and has been available for researchers to study fluctuating brain activity. In
recent years, EEG plays a vital role in medical and health applications. Moreover, there are several
applications where EEG signals can be utilized to improve new technologies. EEG has been widely
used in medicine and became a tool to use in research fields, such as engineering, biomedical, and
military studies. Table 9 below summarizes the common use of EEG that has been found in the
literature.
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Table 9: The Application of EEG In Clinical Use and Research.
Source

Berka et al. (2007)

Noachtar and Rémi
(2009)

Mazaheri et al. (2014)

Zhang, Roy, and Jensen
(2001)

Agnew Jr, Webb, and
Williams (1966)

Field

Description

Cognitive neuroscience:
Mental workload and task
engagement

EEG has been used to monitor
levels of mental workload and task
engagement in an operational
environment for 80 participants.

Clinical Studies:
Brain disorders

The study stated that EEG is the
most specific way to define brain
disorders, epilepsy, for example.
EEG can detect unique findings in
several epilepsy syndromes.

Clinical Studies:
Attention Deficit
Hyperactivity Disorder
(ADHD)

This study used EEG to record 57
adolescents from three subtypes of
Attention Deficit Hyperactivity
Disorder (ADHD).

Clinical Studies:
Depth of anesthesia

This study described the EEG
techniques used for monitoring
depth of anesthesia (DOA) for 27
patients during vascular surgery
under general anesthesia.

Clinical Studies:
Sleep research

In this study, EEG was used for
sleep research. EEG records from
43 participants while they slept 4
nights in a laboratory environment
were studied to understand the First
Night Effect.
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In general, EEG research has focused on three main areas related to the human cognitive
ability which are (1) finding the effects of different media types on EEG, (2) measuring the task
engagement and cognitive load, and (3) monitoring participants emotions during the multimedia
presentation (Almadi, 2014). Regarding the task engagement and cognitive load, several studies
introduced the use of EEG in cognitive engineering research and the interpretation of its frequency
bands.
For instance, a study has been conducted by Navea and Dadios (2015) concluded that there
is an inverse relationship between alpha (α) and beta (β) waves. The ratio of (β/α) increases during
brain activity, while it decreases when the brain is inactive. Marrufo, Vaquero, Cardoso (2001)
have done another study found that alpha (α) decreases during visual attention, while beta (β)
increases. Furthermore, another study has been done by Yaomanee et al. (2012) found that alpha
(α) activity was higher when participants were relaxed while beta (β) activity was higher when the
participants were attentive. On the other hand, Liu et al. (2013) have stated that the EEG signals
of attentiveness are easier to recognize when measured up with the inattentiveness stage. They
noted that a study had been done, concluding that beta (β) and theta (Ѳ) activities are not related
to attentiveness.

2.5 Research Gap
The literature review showed that there are several ways to measure human performance
and attention, qualitative and quantitative methods. Qualitative methods, such as knowledge tests,
questionnaires, and interviews, have been widely used to measure the participant's attention and
engagements when doing a task. In the construction industry, for instance, Sacks et al. (2013) used
a questionnaire method to assess trainees' emotions, knowledge, and attitudes after taking training
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programs in a VR environment. Moreover, Fu, Su, and Yu (2009) used questionnaires to
demonstrate the level of attention and engagement for students playing four different types of
games. Although these inquiries have been used for decades as ways to evaluate Human-Computer
Interaction (HCI), they have some limitations. The problems with questionnaires are the format
and the context. Format and context can impact responses. Also, the time that questionnaires take
place may affect the participant's experience during the experiment, and the missing information
that the participant might have as a result of taking the questionnaires after the experiment
(McMahan et al., 2015).
On the other hand, the literature review showed that brain signal activities had been studied
using EEG to measure attention. However, the research related to EEG signals, learning, and
attention still immature as scholars have recently begun examining this field. For instance, a study
that has been done by Tromp, Peeters, Meyer, and Hagoort (2018) utilized EEG to study language
comprehension using in a VR environment. They concluded that the combination of VR and EEG
has the potential to answer psycholinguistics questions. Furthermore, the literature review showed
several studies have suggested that the level of attention can be illustrated by one of the EEG
frequencies: delta (δ), theta (Ѳ), alpha (α), beta (β), gamma (γ), or a ratio of some of them. For
instance, Navea and Dadios (2015) used an audio stimulus and found that the β/α power ratio
increases during brain activation, while it decreases during inactivation. Moreover, Lin and John
(2006) have done nine testing activities, such as resting, solving problems, playing a video game,
and listening to Rock Music to measure neurological relaxation. They found that the sum (α + β +
Ѳ) and (α + Ѳ) are good indices to measure the level of relaxation and vice versa.
Furthermore, Yaomanee et al. (2012) have done a study and assigned a group of people to
answer questionnaires, read a book, locate 3D figures to determine whether the participants were
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attentive or not. The study used EEG and concluded that beta (β) activity was more significant
when the participants were attentive. In contrast, the alpha (α) activity was higher when the
participants were inattentive, and vice versa. Also, a study has been done by McMahan et al. (2015)
used EEG to record participants’ brain signals while they played a game called Super Meat Boy
on a display screen. They stated that the two EEG indices, which are [β / (α + Ѳ)] and theta (Ѳ)
showed a significant difference in engagement level during gaming. Khushaba et al. (2013) utilized
EEG signals to understand how the human brain is physiologically affected by advertising. They
found that theta (Ѳ), alpha (α), and beta (β) values were affected during decision making.
The literature review revealed that previous research had used traditional tools. There is a
need to utilize other schemes that can handle complexity. A gap is identified as a need to use EA
and EEG to study human performance and attention in VR environments. Figure 18 below shows
the gap analysis.
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Figure 18: Gap Analysis.
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CHAPTER 3 METHODOLOGY

3.1 Introduction
This chapter presents the research methodology and its fundamentals to draw the processes
that will be utilized in the research to achieve the study objective. It provides a general picture of
the steps and methods that will be conducted to achieve the aim of the study successfully. The
research procedures start by finding an initial research idea that reveals a noticeable gap. Then it
is ranging from the literature review, specifying the research gap, developing the virtual
environment, and defining the required hardware apparatus and the methods of evaluation and data
analysis, and finally providing the conclusion and future work.
3.2 Research Methodology
As shown in Figure 19 below, different phases are conducted in this research work. The
first phase was to identify the research idea. The idea of this research is to utilize EA and VR to
study human performance that takes into consideration the traditional measurements and the EEG
based measure. Then, an extensive literature review was conducted to understand the current
research efforts. The literature review covered four main areas in this research, which are EA, VR,
attention, and EEG. This step led to identifying the research gap which is, using EA, VR, and EEG
to provide insights into the way we study brain attention, simulation sickness, mental workload,
and verbal/visual ability. Also, phases specifying how to develop the VR environment, define the
required hardware apparatus, and determine methods of evaluation and data analysis are covered.
Then, EA algorithms were covered and utilized to study human performance in VR environments,
which may improve the VR experience and engineered systems. Finally, the conclusion and future
were provided.
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Figure 19: Research Methodology Diagram
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3.3 Research Idea
Qualitative techniques such as questionnaires and its interpretation have been utilized to
understand human performances while doing realistic interaction and complex tasks. Nevertheless,
these techniques may not be able to deliver accurate and sufficient results. Therefore, there is a
need to use tools that could provide desirable results. Currently, utilizing tools such as EA to study
performance, engagement, and attention in VR environments has not been studied sufficiently,
even though it could provide beneficial results. Being able to accurately measure human
performance, engagement, and attention using EA, VR, and EEG would play a significant role and
increases the level of understanding of trainees attending a training session, for instance, and it
could improve their outputs. The following section is a summary of a literature review conducted
to understand the main aspects of EA, VR, attention, EEG, and how they can be combinedly
applied to achieve the research objective.
3.4 Literature Review
An extensive literature review was conducted to understand what EA tools are and what
they can provide, types of VR, and how VR has been used as a measure of performance, what
attention is and what current ways to measure attention, and EEG and its uses. After covering and
understanding these four aspects, the next step was to review studies that worked on measuring
human brain attention and performance using qualitative or quantitative methods. Substantial
evidence is found in the literature stating that either VR, questionnaire, or EEG have not been
utilized to measure human performance, attention, and level of engagement. With different
approaches that have been done by researchers to find the best method to measure human
performance and attention, a gap analysis was performed to identify the need for using EA to
assess them in VR environments.
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3.5 Research Gap
The objective of conducting a literature review was to understand the current ways to assess
engagement, performance, and attention and the tools used to observe, collect, and analyze data.
After reviewing and analyzing the literature, it was found that utilizing VR environments
considered a significant way of measuring participants' attention and performance using a
questionnaire. Also, there were few reports utilized VR with either EEG or questionnaires to assess
human performance in a visually rich context. Hence, after reviewing the literature, a research gap
in the related topic was found. The gap consists of different parts.
First, no studies concerning the combined use of IVR and EEG to assess human
performance were found. The second gap is identified as the lack of experimental research
allowing researchers to analyze empirical data using modern technologies such as VR and EEG.
Moreover, the literature review revealed that previous studies had used traditional data
management tools to analyze data. There is a need to utilize more advanced tools, such as ML,
which is a method from EA, to handle the complex and massive amount of data that can be
generated using modern technologies, such as VR and EEG sensors.

3.6 Design of Experiment
3.6.1 Design of the Virtual World Simulation
In this research, the virtual environment is a 3D model for Engineering Building II at the
University of Central Florida (UCF). Participants used two versions of the 3D model as virtual
worlds to perform emergency evacuation training. The two virtual environments are for
Engineering Building II at UCF, but they have some variance allowing participants to produce a
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different level of attention. Section 2.3.7 provided an extensive literature review that was
conducted to understand the factors that may affect attention; five factors were found. The
objective of considering two groups is to examine the difference of brainwaves, delta (δ), theta
(Ѳ), alpha (α), beta (β), gamma (γ), and beta/alpha (β/ α).

3.6.2 Define the Required Hardware Apparatus
In this research, besides some software, the hardware apparatus was required, EMOTIV
EPOC+, Oculus Rift, and Oculus-ready laptop. EMOTIV EPOC+ was used to record the
participants’ electrical signals produced by their brains while they are fully immersed in the VE
using the Oculus Rift. The Oculus-ready laptop was connected to Oculus Rift and Emotiv EPOC+
headset to allow participants to see the virtual world and to collect/save their brain signals. Figure
20 below shows (1) the EMOTIV EPOC+ headset, (2) Oculus Rift, and (3) VR-ready laptop.

Figure 20: EMOTIV EPOC+ (1), Oculus Rift (2), VR-ready laptop (3)
Source: (EMOTIVE, 2019a; Oculus, 2019)
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The EMOTIV EPOC+ gained its popularity due to its high quality, low-cost, and ease of
use (Yaomanee et al., 2012). With its 14 electrodes and 128-bit sampling rate, the brainwaves
signals: delta (δ), theta (Ѳ), alpha (α), beta (β), and gamma (γ) can be measured. It can capture
brainwaves up to 64 Hz, which is enough to record the gamma band (EMOTIVE, 2019a). This
device is used to collect the electrical activity from the brain and send it to a computer wirelessly.
The EMOTIV EPOC+ headset is an example of an EEG wearable device that can be bought at a
low cost at $799 (EMOTIVE, 2019a). It connects wirelessly using Bluetooth technology. The
EMOTIV EPOC+ headset has five components, headset, hydrator pack, hydrator fluid, universal
USB receiver, and mini-B to A USB cable (EMOTIVE, 2019b).
In accordance to the 10/20 international system, the international method to set the
locations of the scalp electrodes (Herwig, Satrapi, & Schönfeldt-Lecuona, 2003), the EMOTIV
EPOC+ has 14 channels to observe the EEG from different parts of the brain, which are frontal,
occipital, parietal, and temporal as shown in Figure 21. Also, it has two additional reference
electrodes for noise cancellation (EMOTIVE, 2019a). Table 10 below shows the 14 channels as
well as the two references, while Figure 22 shows the channel's position map.
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Figure 21: The four lobes in the brain.
Source: Queensland Brain Institute (2018)

Table 10: Headset Probes.
Channels Locations

Channels Locations Abbreviation

Frontal

AF3, AF4, F3, F4, F7, F8

Fronto-Central

FC5, FC6

Occipital

O1, O2

Parietal

P7, P8

Temporal

T7, T8

References

CMS/DRL noise cancellation at P3, P4
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Figure 22: The channels position map

On the other hand, Oculus Rift was the second apparatus. It is a VR headset that works in
combination with mobiles or computers. This device allows users to look around the virtual world
exactly how they would do in the real world. The head tracker in the Oculus Rift analyzes the
user's head movement and uses it to control the view without requiring a mouse, for instance, to
manage the view in the virtual environment (Desai, Desai, Ajmera, & Mehta, 2014).
During the past decade, VR computers and goggles have dramatically improved, but have
remained expensive. However, in 2014, Facebook purchased Oculus VR, an American technology
company produces VR software and hardware products, for 2 billion dollars and brought it for
commercial sale. Therefore, the Oculus Rift goggles developed for mass production to be available
for video gamers (Hoffman et al., 2014).
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3.6.3 Methods of Evaluation
The evaluation of the participants’ engagement was studied. Generally, there are two
methods to measure participants' performance on virtual simulation, questionnaire and
physiological measures, EEG. These two general methods allowed the researcher to obtain data to
analyze it and understand the participants' performance, engagement, and alertness.
3.6.3.1 Physiological Measures
A physiological measure, EEG, was used to record the participants’ brain signals during
the virtual simulation. EEG has been used to define attention levels of trainees, engagement, and
cognitive workload. It can answer to which degree participants feel engaged and attentive
(Kosmyna & Maes, 2019). Figure 23 below shows a participant wearing EMOTIV EPOC+ and
Oculus Rift.

Figure 23: A Participant Wearing EMOTIV EPOC+ and Oculus Rift.
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The objective data that was collected is EEG signals. In general, humans cannot control
the fluctuations in their EEG brain signals. Therefore, the objective data, EEG, was observed to
understand attentiveness and discover the brainwave that governs attention (Liu et al., 2013).
3.6.3.1.1 EEG Pre-processing
Generally, EEG raw data can be analyzed by using different scripts or software, and one
of the most popular software is EEGLAB, as shown in Figure 24 below. It is a MATLAB toolbox
used to process continuous data that perform independent component analysis (ICA), artifact
rejection, time and frequency analysis, and different methods of data visualization.

Figure 24: Screenshots of EEGLAB Interactive Windows
Source: SCCN (2020).
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EEG data that was collected is a collection of neural signals and artifacts. Therefore,
removing these artifacts from the EEG raw data is a necessity before analyzing it. According to
Cohen (2014), major examples of artifacts that contaminate EEG data are eye blinks, muscle
movements, amplifier saturation, and line noise. Different methods can be applied for artifacts
removal, such as manual and semi-automatic techniques. However, these methods depend on the
skills of the researcher. Applying a manual process to remove artifacts may lead to the risk of
eliminating some necessary neural signals. Another technique that has been used by researches is
independent component analysis (ICA).
ICA is a useful method for the suppression of artifacts in EEG recordings. It separates EEG
signals into statistically independent components. Then, it rejects data that is deemed artificial.
However, applying ICA to remove artifacts can reduce underlying neural signals. Therefore, to
overcome this issue, the ADJUST algorithm was used in this research. The main objective of
applying the ADJUST algorithm is to automatically capture the stereotyped artifacts from the ICA
decomposition and extract them from the data. This automatic algorithm was proven to be an
efficient, fast, and automatic way to use ICA for artifact removal (Mognon, Jovicich, Bruzzone, &
Buiatti, 2011).
Therefore, the analysis of the collected EEG raw data consisted of two steps, (1) preprocessing the data, and (2) processing it. The first step, pre-processing the data, is critical to ensure
that the data is artifacts free, readable, and contains valid information. The main objective of
preprocessing the data is to minimize artifacts that contaminate data. Therefore, the procedure of
conducting the pre-processing stage consists of different steps, as Figure 25 below summarizes.
•

First, before starting the experiment, participants were informed that activities, such as
body movements, teeth grinding, and talking, would result in unwanted data. So, they
70

were advised not to move and talk, except the parts of the body that were necessary to
complete the experiment.
•

Second, importing data to the EEGLAB toolbox as EDF files.

•

Third, importing channels location files that specify the location of the 14 Emotiv EPOC+
headset channels.

•

Forth, applying Finite Impulse Response (FIR) filters for high/low pass filters.

•

Fifth, removing/interpolating bad channels, if needed, using manual and automatic
channel rejection.

•

Sixth, extract the targeted epochs to be analyzed.

•

Seventh, apply ICA to find stereotyped artifacts, such as eye movements, blinks, and
heartbeats.

•

Eighth, applying ADJUST algorithm to capture the stereotyped artifacts from the ICA
decomposition
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Figure 25: Pre-processing Steps.
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3.6.3.1.2 EEG Data Analysis
Once the pre-processing steps were completed, the next step was to analyze the data. Three
(3) epochs were extracted from the collected EEG. For each epoch, the researcher analyzed the
EEG data by channels to compare the five frequency bands of participants in Group#1 with those
in Group #2. The EEG amplitude is rapidly fluctuating over time, and this randomness can be
analyzed by using Power Spectral Density (PSD). Therefore, the EEG data in the research was
analyzed based on its frequency domain. The PSD of all channels was conducted using a process
called Fast Fourier Transform (FFT). An EEGLAB function called “spectopo” was applied to
calculate the PSD on each of the five frequency bands as follows:
•

Delta: from 1 Hz to 3.99 Hz

•

Theta: from 4 Hz to 7.99 Hz

•

Alpha: from 8 Hz to 12.99 Hz

•

Beta: from 13 Hz to 29.99 Hz

•

Gamma: from 30 Hz to 50 Hz
A MATLAB command was written to compute PSD for each of the 14 Emotiv channels

individually. Figure 26 below illustrates the command.
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Figure 26: A command used to calculate PSD for every 14 channels.

3.6.3.2 Assessment Questionnaire
Evaluation of factors, such as simulator sickness and the verbalizer–visualizer
questionnaire that evaluates the linguistic/imagery representations of participants could help in
providing insights on performance during the virtual training. Therefore, different subjective data
were collected in this study. These subjective questionnaires are (1) verbalizer-visualizer
(Richardson, 1977), (2) NASA Task Load Index (TLX) (Hart & Staveland, 1988), presence
(Witmer & Singer, 1998), and (3) simulator sickness questionnaires (Robert Kennedy, Lane,
Berbaum, & Lilienthal, 1993). Below is a brief explanation of each one of these questionnaires.
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3.6.3.2.1 Verbalizer-Visualizer Questionnaire (VVQ)
VVQ has a scale from 1 to 15. A higher participant’s score in VVQ indicates that the
participant is a visualizer. This 15 true–false questionnaire was devised by Richardson (1977) to
define the part that imagery and linguistic representations function in cognition. If participants
answer "True" to a question that is describing a visual ability, such as "My thinking often consists
of mental pictures or images" or to a question that is describing a shortage of verbal ability, such
as "I read rather slowly," then they score "1". However, on the other hand, answering "True" to a
question that is describing a verbal ability, such as "I enjoy learning new words" or to a shortage
of visual ability, such as "My daydreams are rather indistinct and hazy," then they score "0". The
same is true for the opposite responses. A total score of VVQ can be calculated by summing up
the scores of each item. If a participant receives a score of 8, it means that he/she is "neutral,"
above 8 means a "visualizer," below 8 means a "verbalizer." See Appendix C for a screenshot of
the complete VVQ (Antonietti & Giorgetti, 1998). Examples of items from the VVQ are illustrated
in Figure 27 below.

Figure 27: Example of items from the VVQ
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3.6.3.2.2 NASA TLX Questionnaire.
NASA TLX is a subjective questionnaire that can be used to measure the recognized mental
workload that happened while performing a task, and it measures the mental workload. NASA
TLX has been widely used in different multitask contexts, such as simulated flight tasks, air
combat, and using remote-control vehicles (Rubio, Díaz, Martín, & Puente, 2004). This subjective
questionnaire investigates the workload of a participant in six dimensions, which are (1) mental
demand, (2) physical demand, (3) temporal demand, (4) performance, (5) effort, and (6)
frustration. Participants rate the demands imposed by the task for each of the six scales, then the
total mental workload score is found by calculating the average of the six subscale ratings
(Bustamante & Spain, 2008). Figure 28 below illustrates the definitions of the six NASA TLX
dimensions. See Appendix C for a screenshot of the NASA TLX Questionnaire.

Figure 28: Definitions of the six NASA TLX dimensions.
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3.6.3.2.3 Presence Questionnaire (PQ).
Presence is a subjective experience of being in an environment, even when you are
physically located in another. When it comes to the VE, presence indicates the experience of an
artificial environment instead of the actual physical location. PQ is used to measure the degree to
which participants experience presence in the VE. PQ instructions require participants to place an
‘‘X’’ in a seven-point scale format following the question content. Examples of items from the PQ
are illustrated in Figure 29 below.

Figure 29: Example of items from the PQ.

Witmer and Singer (1998) stated that a participant's level of presence in a VE is based on
his/her attention shifting to the VE. They mentioned that “presence is a normal awareness
phenomenon that requires directed attention.” Therefore, how much presence a participant reports
in VE is based on how much attention he/she applies to the VE. Therefore, as a participant’s
average score increases, the higher the participant reports a sense of presence. See Appendix C for
a screenshot of the PQ.
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3.6.3.2.4 Simulator Sickness Questionnaire (SSQ)
Side effects caused due to the use of a virtual environment are referred to as simulator
sickness (SS). The term "simulator sickness" was early used in the military for flight simulators
symptoms, and it is being currently used for the sickness caused by head-mounted displays (HMD)
technology (Saredakis et al., 2020). Despite the improvements in VR technology with its software
and hardware, this technology still faces limitations, and the most common one is simulator
sickness. Simulator sickness, which is a subset of motion sickness, is a challenge for VR users.
VR users experience simulator sickness when using VR devices or virtual environments, and the
reason behind that is still unclear (Fulvio & Rokers, 2020; Marengo, Lopes, & Boulic, 2019).
However, potential causal factors of simulation sickness syndrome are the length of exposure,
sensory conflicts, type of movement, and latency in the VR system (Beadle, 2019). Users exposed
to virtual environments may experience simulator sickness symptoms, such as nausea, sweating,
headache, disorientation, vomiting, dizziness, drowsiness, eye strain, and more, as Table 11 below
shows, and the severity of these symptoms varies according to the virtual environments’ contents
and participants’ characteristics (Milleville-Pennel & Charron, 2015). Therefore, it is important to
observe simulation sickness for this research study, and this could be done by utilizing the
Simulator Sickness Questionnaire (SSQ).
SSQ is a method that is widely used to assess sickness that participants experience due to
exposure to a virtual environment. It contains 16 symptoms with a 4-point scale. Participants are
required to rate how they feel by choosing one of the following: None (0), Slight (1), Moderate
(2), and Severe (3). Analyses of SSQ will be conducted based on three factors solutions, which are
nausea, oculomotor, and disorientation. The total SSQ score is calculated by multiplying each
symptom score (0,1,2, or 3) by the assigned weight, as shown in Table 11 below. Then, the scores
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of the three factors, nausea, oculomotor, and disorientation are calculated by summing each
column and multiply them by 9.54, 7.58, and 13.92, respectively. The last step is to calculate the
total score by applying the formula shown in Table 11 below. See Appendix C for a screenshot of
the SSQ.

Table 11: Weights applied to symptoms.
Weight
Symptoms
General Discomfort
Fatigue
Headache
Eye Strain
Difficulty Focusing
Increased Salivation
Sweating
Nausea
Difficulty Concentrating
Fullness of Head
Blurred vision
Dizzy (Eyes Open)
Dizzy (Eyes Closed)
Vertigo
Stomach Awareness
Burping
Total

Nausea

Oculomotor

Disorientation

1
0
0
0
0

1
1
1
1
1

0
0
0
0
1

1
1
1
1
0
0
0
0
0
1
1
[1]

0
0
0
1
0
1
0
0
0
0
0
[2]

0
0
1
0
1
1
1
1
1
0
0
[3]

Scores:
• Nausea = [1] * 9.54
• Oculomotor = [2] * 7.58
• Disorientation = [3] * 13.92
• Total score = [1] + [2] + [3] * 3.74
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After calculating the total score, the SS scores were used to understand the severity of the
symptomatology for participants due to the exposure to the virtual world. Table 12 below
illustrates the categorization of symptoms (Robert Kennedy et al., 2003).

Table 12: Categorization of symptoms
SSQ score
0

Categorization
❖ No symptoms

0<x ≤5

❖ Negligible symptoms

5 < x ≤ 10

❖ Minimal symptoms

10 < x ≤ 15

❖ Significant Symptoms

15 < x ≤ 20

❖ Symptoms are a concern

x > 20

❖ A problem simulator

3.7 Research Design
In this VR experiment, a between-subjects study design was used since it avoided the
transfer of knowledge and minimized the learning across environments. Participants were
randomly assigned into 2 groups, 23 participants each. The two groups were asked to complete
two different VR based training. Participants in Group#1 were asked to complete the training using
virtual environment 1, while participants in Group#2 were asked to complete the training using
virtual environed 2. Figure 30 below summarizes the research design.
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Figure 30: The Research Design

3.7.1 Participants
The participants in this study consisted of healthy male and female UCF students. They
have normal vision, and they confirmed that they are not colorblind. Participants belong to various
engineering departments, such as industrial, civil, electrical, mechanical and aerospace
engineering, and computer science. This allowed us to collect a random sample that represents the
general population of individuals who spend time in Engineering Building II at UCF. For EEG
research, there is no specific sample size. However, if the study has a smaller number of trials, it
is recommended to increase the number of participants (Evans & Abarbanel, 1999).
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3.8 Pilot Studies
Before the approval of the final research procedure, two pilot studies were conducted.
These pilot studies ensured that the proposed research technique and procedure are solid and
appropriate to be applied. For the first pilot study, four graduate students from UCF were part of
it. The primary purpose of this pilot study was to understand the original virtual environment and
to suggest changes to be applied to the new virtual environments. Participants in this pilot study
were asked to complete the virtual experiment and provide their feedback on how the red question
boxes, colors combination of the posters, number of questions, vocabulary load, lengths of
sentences, and font size affect or grab their attention.
After completing the experiment, participants stated that the colors combination of the
questions’ boxes, red for background, and while for the foreground, grabbed their attention. Also,
they stated that the vocabulary load and lengths of sentences were fair. Moreover, participants
provided the following notes, (1) one poster was not easily readable, (2) another poster was
confusing since it had unnecessary information, (3) the font size of the questions’ responses was
small, and (4) the explanation on how to let the avatar run was not clear enough. Therefore, based
on the responses and suggestions in the first pilot study, some refinements were applied to
Environment 1, Environment 2, and the experimental procedure.
For the second pilot study, another four graduate students from UCF were recruited. The
objective of this pilot study was to assess the soundness of the new virtual environments and to
test EEG data collection using Emotiv EPOC+ and Oculus Rift. The modifications suggested from
the first pilot study were applied to the new environments, as well as to the experimental procedure.
After completing the experiment, participants stated that they were satisfied with posters
resolution/quality and font size. Another modification to the experimental procedure was tested in
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this pilot study. The experimenter explained to participants how to walk and run in the virtual
world before they wear the VR headset, so they would not find it difficult to do so. Moreover, the
experimenter tested the apparatus and software and collected primary data. The second pilot study
ensured that the modification worked well, and the apparatus and software worked properly.

3.9 Research Procedure
Each participant in this study followed specific steps before, during, and after the
experiment to achieve a consistent test experience that would help to achieve the objective of this
study. Each experiment included (1) informed consent and demographics, (2) several subjective
questionnaires, and (3) completing a fire safety evacuation training in the virtual world. The
following sections explain in deep the procedures for the pre-experiment, experimental task, and
post-experiment.
Before starting the experiment, a couple of steps were performed. First, setting up the
apparatus, which were the Oculus ready laptop, EMOTIV EPOC+ headset, and Oculus Rift
headset, and made sure that all systems were turned on, connected, and ready to present the VE
and collect data. Then, the Firestorm Viewer and EmotivPRO software were started and connected.
Firestorm Viewer was used to viewing the VE, while the EmotivPRO software was used to collect
and save the brain signals.
Second, welcoming the participant and thank him/her for agreeing to be part of the study.
The welcome statement was, “Thank you for being part of this study. Over the next hour, you will
be performing fire safety evacuation training in the virtual world. You will be wearing a virtual
reality headset, Oculus Rift, to be fully immersed in the virtual environment. Also, you will be

83

wearing EMOTIV EPOC+ headset that picks up and records signals from your brain. Before
beginning, please fill out these questionnaires.” Third, distributing the initial documentation,
which was (1) informed consent form, (2) demographics questionnaire, and (3) the verbalizervisualizer questionnaire (VVQ).
Once the participant completed the initial documentation, a brief PowerPoint presentation
was provided to instruct participants on how to move in the VE and interact with its objects by
using the mouse and keyboard. Also, the PowerPoint explained the main objective of interacting
with the environment. Second, placing the EMOTIV EPOC+ and Oculus Rift headsets to start the
experiment. But, before doing so, participants were asked to report any discomfort that they may
experience at any time during the experiment. There were 46 participants, 23 for each environment.
A randomization assignment of participants to the two environments is shown in Table 13 below.

Table 13: Assignment of participants.
P#*

EV#*

P#

EV#

P#

EV#

P#

EV#

P#

EV#

P1

1

P11

1

P21

2

P31

2

P41

1

P2

1

P12

2

P22

2

P32

1

P42

2

P3

2

P13

2

P23

1

P33

2

P43

1

P4

1

P14

2

P24

1

P34

1

P44

1

P5

2

P15

1

P25

2

P35

2

P45

1

P6

1

P16

2

P26

2

P36

1

P46

1

P7

2

P17

1

P27

1

P37

1

P8

2

P18

2

P28

2

P38

2

P9

2

P19

2

P29

1

P39

1

P10

1

P20

1

P30

2

P40

2

* P# stands for participant number.
* EV# stands for environment number.
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Once the participant entered the VE, he/she would see instructions on what he/she was
supposed to do and how to interact with the objects in the VE. Then, once the participant completed
the training session, he/she was asked to take the EMOTIV EPOC+ and Oculus Rift headsets off.
Once the participant completed the virtual world task, he/she was asked to fill out the
NASA TLX, presence questionnaire (PQ), and simulator sickness questionnaires (SSQ). These
questionnaires were used to measure and assess the participant’s virtual training experience. Then,
the following statement was read “Your participation is critical, and thank you for your time”
Finally, the last step was to make sure that all data is saved in the assigned file and prepare the
room for the next participant. Figure 31 below shows the research procedure, while Figure 32
shows the timeline of a participant’s experience.

Figure 31: The Research Procedure
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Figure 32: Timeline of a participant’s experience

3.10 Data Analysis and Statistical Tests
3.10.1 Data Analysis
Data collected from the questionnaires and the physiological measure, EEG, was analyzed
to study brain attention, simulation sickness, mental load, and verbal/visual ability in VR
environments. Different EA algorithms, such as Independent Component Analysis (ICA), Kmeans, k-Nearest Neighbor (KNN), t-SNE, and deep learning, were used to perform signal
analysis, clustering, classification, and prediction. Moreover, several programming languages and
software were used in this research, such as EmotivPRO, MATLAB, Minitab, and KNIME. These
tools were used to record the EEG signal of the participants, pre-process the EEG signals by
removing data artifacts, do the analysis, and perform EA algorithms. Figure 33 below shows the
EmotivPRO interface.
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Figure 33: EmotivPRO Interface.

3.10.2 Statistical Tests
The data collected from questionnaires and the physiological measure, EEG, were analyzed
statistically. First, EEG raw data were pre-processed by using the MATLAB toolbox, EEGLAB,
to remove artifacts and prepare the data to be analyzed. Then, the time domain of the EEG signals
was converted into the frequency domain by using the Fast Fourier Transform algorithm.
Moreover, the subjective responses, VVQ, NASA TLX, PQ, and SSQ, were analyzed statistically.
Two sample t-test was used to test the differences between virtual environments 1 and 2. The
degree of certainty that was used on the two-sample t-test was 95%.
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3.11 Conclusion
After conducting the proposed experiment with its different phases, collected data was
analyzed, and conclusions were drawn. The analyzed data was further discussed to confirm the
feasibility of utilizing EA to assess human brain attention and performance in VR environments.
The results of this research will enhance the ability of engineers and researchers to improve VR
experiences and engineered systems. This would allow them to further improve training program
contents, for instance, to improve the training/education outcomes.
3.12 Future Work
In research, always there is a room for enhancement as it is continually evolving. Therefore,
continuous improvements are always needed to boost the body of knowledge. So, suggestions for
future research are provided based on the results of this research. Also, challenges and limitations
are provided.
3.13 IRB Approval
Before starting this research, the study proposal was reviewed and approved by the
Institutional Review Board (IRB) of the University of Central Florida. See Appendix A and B for
screenshots of the IRB approvals. The proposal explained the study design, purpose, goals, and
objectives of the study. As per the requirement of the IRB, all questionnaires used in this study
were reviewed and approved. Moreover, a consent form that was distributed to participants
explaining the research study, its process, goals, procedure, risks, rights, location, the time duration
of the experiment, and the security of the data was reviewed and approved.
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CHAPTER 4 DEVELOPMENT OF VIRTUAL ENVIRONMENTS

In this research study, we built two virtual environments, one for each group. The initial
VR model was based on the model built by Bhide (2017). This chapter demonstrates the significant
modifications that have been made to the initial VR model to build the two new virtual
environments required by this research study. Moreover, this chapter explains the contents of the
two new virtual environments, the training scenarios, and the factors applied to provide differences
between the two environments. VE’s are 3D virtual simulation-based fire safety and emergency
evacuation training. The virtual training content was created with the use of literature on the
subject, interviews of experts, review of reports, and documents published by agencies such as the
Bureau of Labor Statistics (BLS) and the Occupational Safety and Health Administration (OSHA).
The significant changes applied to the initial model to make the new two VR models
appropriate for our research study are:
•

Deleting all sounds in the environment.

•

Changing the floor color of the building atrium to be as similar as to the real floor color
of Engineering Building II at UCF.

•

Updating posters in the VE with high-resolution ones.

•

Swapping places of posters, so the flow of information in posters and tasks would be
consistent.

•

In the initial model, participants were asked to provide their emails. However, our
research study does not require participants to participate again, so this task was deleted.

•

Fixing script warning, error, and debug.

•

Changing posters’ colors.
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•

Changing the size of the task boxes.

•

Changing the font size of task responses.

•

Replacing 3D in the VE.

•

Altering the way that the instructions are shown in a poster from bullet points style to a
paragraph.

•

Adding a fire alarm as a source of the noise.

•

Creating avatars, male and female, to allow participants to choose from.

•

Eliminating non-player characters used to provide participants directions in the VE.

4.1 The Platform Used for The Virtual Environment
3D virtual worlds such as OpenSimulator (OpenSim), SecondLife (SL), and Blue Mars
have become advanced technologies. They can be utilized for different applications and studies
(Kapri, Ullrich, Brandherm, & Prendinger, 2009). These platforms include programming
interfaces allowing users to build new functionality and create virtual environments that can be
approached through different clients. These 3D platforms are becoming more and more popular
recently because their technology allows users to navigate in 3D rather than 2D. In this research,
the virtual environment was a 3D model for Engineering Building II at the University of Central
Florida (UCF). Participants used this 3D model as a virtual world to perform emergency
evacuation training. Choosing the right simulation software to build the VE is significant. A
literature review finds that different simulation software was used by researchers to create VE.
According to Bhide (2017), developing a VE consists of different subtasks, and these subtasks are:
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•

Building a 3D model using tools, such as OpenSim, Google Sketchup (SketchUp),
Second LifeR, or Autodesk Maya (Maya), to give users a feeling of the real world.
The simplicity of navigating in VE is an essential aspect of building the virtual
world. Also, the ability to customize an avatar is another crucial aspect.

•

Developing scenarios and stories based on experts' opinions, human factors
scholars, in my research. The design of the VE should encourage users to pay
attention to the virtual world to be able to determine the attention level and
engagement of users.

•

Building a virtual world that improves thinking and learning experience by
providing a challenging environment and scenarios. The added benefit of using VR
is the opportunity to simulate an experience without putting users in real hazardous
situations since it allows for a 3D representation generated by computers.
Therefore, in the virtual world, users will be able to learn by doing.

The qualified simulation software is OpenSim. OpenSim software was used to provide an
online course at Tulane University, and they interestingly found that the number of students who
participated in the course increased from 11% to 33% as a result of changing the learning activities
stage from Second LifeR to OpenSim (Maxwell & McLennan, 2012). In this research, OpenSim
is the tool used to build the VE. Figure 34 below shows the capture of the VE using OpenSim.

91

Figure 34: A 3D Model User Interaction in OpenSim.
OpenSim platform was chosen over other platforms, SecondLife, for instance, due to the
features it provides. Some of the main advantages of OpenSim, according to OpenSimulator
(2020), are:
•

OpenSim provides unlimited ability to customize virtual world applications.

•

OpenSim provides many tools for users to build different applications, such as buildings,
avatars, and chat.

•

OpenSim supports different programming languages for development, such as Linden
Scripting Language (LSL), OpenSim Scripting Language (OSSL), C language, and Jscript.

•

OpenSim is easy to use with product documentation and tutorials explaining it.

•

OpenSim is a popular virtual world software that has been used by educational projects
and virtual reality science, such as Intel and NASA (Hebbel-Seeger, Reiners, & Schäffer,
2013).

•

OpenSim provides a function called OpenSimulator Archive (OAR) that allows developers
to save asset data, textures of objects, or prims, so they can reload it later in the same system
or even in a completely different one.
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4.2 Virtual 3D Model and Training Scenarios
4.2.1 Virtual 3D Model
The virtual environments that were used are 3D models for the Engineering Building II at
the UCF. Textures of carpet, windows, stairs, walls, floors, and ceiling in the virtual building were
chosen to be as similar to the real Engineering Building II at UCF. A 3D model of the entire
building was developed. But the required tasks were mainly designed on the 4th floor of the virtual
building. Participants could navigate inside and outside the 3D model of the Engineering Building
II before starting the experiment. However, once they stated that they are ready to start the
experiment, they were asked to walk into the building atrium. In the atrium, the introduction and
instructions of the tasks were shown in a couple of posters. Once participants read and understand
them, he/she would click on a poster to teleport to the 4th floor, where tasks take place. Figure 35
below shows the virtual engineering building and the building atrium.

Figure 35: The Virtual Engineering Building (Left) and The Building Atrium (Right)
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After a participant teleported to the 4th floor, he/she was asked to complete tasks, then find
the exit. Both environments have six (6) posters in the building atrium and ten (10) posters on the
4th floor. Examples of posters are shown in Figure 36 below.

Figure 36: An example of posters in the virtual world

When a participant clicks a task box, a question with multiple choice answers or instruction
was provided, then based on the participant’s answer, a response was shown confirming the right
answer or explaining it. Figure 37 below shows an example of a task box (red box), its question
(blue box) on the right top corner, and its response (green sentence) on the left bottom corner.

94

Figure 37: An example of a task box, its question, and its response.

4.2.2 Training Scenarios
The fire safety evacuation training tasks are based on interviews of experts and literature
review. Below is an explanation of these tasks.
4.2.2.1 Task 0:
The introduction and explanation of how to navigate, interact with objects, and the goal of
the experiment were provided in posters (Figure 38). Also, a poster in the atrium explains how to
teleport to the beginning of the experiment on the 4th floor.

Figure 38: The building atrium in the virtual world.
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4.2.2.2 Task 1:
Task 1 tells participants that 3 elements are necessary to start a fire. It prompts participants
to click on the 3 boxes to understand the chemical reaction between them. By clicking each box, a
participant would see a small description of that element.
•

The first box is Oxygen, and when a participant clicks on it, the following response will
show up “The air we breathe is about 21% oxygen – fire needs only 16% oxygen”.

•

The second box is Combustible Material, and when a participant clicks on it, the following
response will show up, “A heat source is required to start, maintain, and spread a fire.”

•

The third box is Source of Energy, and when a participant clicks on it, the following
response will show up “A fire needs a fuel source to burn - fuels such as wood, paper,
fabric, or chemicals.” Figure 39 below shows the 3 boxes and their responses.

Figure 39: Task 1, its 3 boxes, and their responses.
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4.2.2.3 Task 2:
In task 2, a scenario of smoke coming out of a closed-door of a laboratory. Participants
were asked to choose to fight or flee. Based on his/her choice of action, he/she sees a response
from this task. Task 2 is illustrated in Figure 40 below.

Figure 40: Task 2 and its response.
4.2.2.4 Task 3:
In Task 3, a scenario of smoke coming out of a closed-door of a room. Participants were
asked to choose to fight or flee. Based on his/her choice of action, he/she sees a response from this
task. Task 3 is illustrated in Figure 41 below.
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Figure 41: Task 3 and its response.
4.2.2.5 Task 4:
In this task, a scenario of smoke coming out of a wastebasket, as shown in Figure 42 below.
Participants are asked to choose to fight or flee. Based on his/her choice of action, he/she sees a
response from this task.

Figure 42: Task 4 and its response.
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4.2.2.6 Task 5:
In Task 5, a scenario of a desktop computer is shown to have caught fire. Participants were
asked to answer if water will extinguish or worsen this fire. Figure 43 below illustrates this task.

Figure 43: Task 5 and its response

4.2.2.7 Task 6 to 9:
These tasks asked participants about class A, B, C, and D fires. It asked which of the fire
extinguishers can work against class A, B, C, and D fires. Based on his/her choice, he/she sees a
response from this task. Figure 44 below shows these 4 tasks and their responses.

Figure 44: Task 6 to 9 and their responses.

99

4.2.2.8 Task 10 to13:
These tasks examined the participants' knowledge about UCF by asking questions, such as
how long a standard fire extinguisher lasts, the number of exits on the 4th floor in Engineering
Building II, the type of fire extinguisher usually found in UCF, and where the fire alarm pull
stations are typically placed. Figure 45 below shows these four tasks and responses. The four
questions are:
•

How long a standard portable fire extinguisher lasts?

•

How many emergency exit ways are there on 4th the floor of Engineering Building II at
UCF?

•

Do you know what type of fire extinguisher is primarily available at the UCF campus?

•

You see smoke, and you want to alarm others; do you know where you can usually find a
fire alarm pull station?

Figure 45: Task 10 to 13 and their responses.
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4.2.2.9 Task 14:
This task asked if the participant believes that the elevator is the fastest and safest way to
EXIT the building when he/she hears a fire alarm. Figure 46 below illustrates Task 14.

Figure 46: Task 14
4.2.2.10 Task 15:
When a participant clicks this task, a message will be shown stating he/she has completed
all required tasks, and he/she should keep walking and find the nearest EXIT. At the same time,
the participant would hear the fire alarm until he/she found the right EXIT since 2 out of 3 EXITS
on the 4th floor are closed. Figure 47 below shows Task 15.

Figure 47: Task 15
101

4.2.3. Avatar
The avatar of a participant is a 3D graphic representation of a person in the virtual
environment. This avatar can walk, run, fly, touch objects, and listen in the virtual world. Two
avatars, a male and female, were created before the experiment to allow participants to choose
from. A participant could view the virtual environment by wearing the Oculus Rift, and he/she
could walk, run, and interact with objects in the virtual environment by using the keyboard's arrows
and mouse. Participants were able to touch/click different objects in a virtual environment and
learn information and instructions from it. Figure 48 below shows the two avatars that participants
can choose.

Figure 48: Male and female avatars of participants in the virtual world.

4.3 The Implementation of The Five Attention Factors
Based on the five factors mentioned in Section 2.3.7 and a questionnaire that has been done
to understand the original virtual environment, new changes have been suggested to be applied to
the original virtual environment. In the fire safety evacuation training, the five factors mentioned
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previously can be applied to the first virtual world to get a modified one to allow participants to
produce a different level of attention. Figure 49 below summarizes how the five factors were
implemented.
•

First, the background and foreground of the posters will be red, for the background, and
white, for the foreground.

•

Second, the size of the task number boxes was more prominent than the others.

•

Third, the shape of the wastebasket was changed with an unusually shaped basket.

•

Fourth, the task complexity was manipulated by altering the way the instructions are
shown, as a paragraph instead of bullet points style.

•

Fifth, a sound fire alarm was added to the original virtual environment as a source of noise
once a participant completes the last task and while he/she is trying to find the right Exit in
the building.

Figure 49: The Implementation of the Five Attention Factors
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These changes should allow participants to produce a different level of attention.
Therefore, it should be possible to achieve the study objective and examine brainwaves, delta (δ),
theta (Ѳ), alpha (α), beta (β), and gamma (γ) to discover the one that governs attention. Then,
implementing EA algorithms to study brain attention, simulation sickness, mental load, sense of
presence, and verbal/visual ability.
4.4 Content of Virtual Environment 1
The changes that have been applied to the initial model to be appropriate to our research to
achieve the study objective are:
1. Deleting the non-player characters in order not to distract participants. Non-player characters
were used to provide participants directions in a virtual environment.
2. Deleting all sounds in this environment.
3. Changing the floor color of the building atrium to be as similar as to the real floor color of
Engineering Building II at UCF.
4. Updating posters in the introduction area and the 4th floor, such as posters explaining how to
move, how to fly, what a participant was supposed to do, and a summary of information on all
tasks. Participants suggested these changes during a pilot study.
5. Swapping places of posters, so the flow of information in posters and tasks would be consistent.
6. Deleting Task 0, which asked about participants’ emails since the experiment does not require
participants to participate again later.
7. Fixing script warning/error/debug.
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4.5 Content of Virtual Environment 2
Besides the changes applied to the initial environment mentioned above, new changes are
applied to the second environment. The changes are based on the five factors that may affect
attention, which are colors, object size, shape, complexity, and noise. The changes are:
1. Changing the colors of the poster to be red, for the background, and white, for the foreground
as they have a higher level of contrast compared to any other color combination (Dzulkifli &
Mustafar, 2013).
2. Changing the size of “Task 1” and “Task 3” boxes to be twice bigger than the other tasks’ boxes.
3. Replacing the wastebasket for “Task 4” with two unusual shaped baskets to attract participants'
attention.
4. Altering the way that the instructions are shown in a poster from bullet points style to a
paragraph.
5. Adding a fire alarm as a source of noise once a participant finishes the last task until he/she
finds the EXIT of the building on the 4th floor. Figure 50 below summarizes the differences
between the two environments.
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Figure 50: Summary of the differences between the two environments.
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CHAPTER 5 RESULTS OF THE VIRTUAL WORLD EXPERIMENT

In this chapter, the results of the data collected for the virtual world experiment are shown
that include subjective questionnaires and EEG analysis for participants in Virtual Environment 1
and Virtual Environment 2.

5.1 Demographics
A demographic questionnaire was distributed before the start of the experiment.
Participants were asked to answer six (6) multiple-choice questions about the gender, age range,
profession, and their familiarity with Engineering Building II and video games. The exact
questions are, (1) what is your gender? (2) what is your age? (3) what is your profession at UCF?
(4) how familiar are you with Engineering Building II? (5) how frequently do you play video
games?, and (6) how would you rate your comfort level in playing video games?
A total of 46 participants were part of this study for both environments. Figure 51 below
shows the distribution of participants as per gender and profession. Thirty-six participants were
males, while 10 were females. Twenty-seven participants were undergraduate students, and 19
participants were graduate students.
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Distribution of participants by Gender and Profession
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Figure 51: Distribution of participants by Gender and Profession

Figure 52 below shows the distribution of age groups of participants. There were 2
participants in the age group 18-20, 19 were in the age group 21-25, 10 were 26-30 years old, 13
were 31-40 years of age, and 2 participants were more than 40 years old.
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Figure 52: Distribution of participants by age.

The fourth demographic question asked participants, “How familiar are you with
Engineering Building II?” Most of the responses were familiar, as 25 out of 46 participants
responded. 14 were neutral, and 7 responded they are very familiar. No one responded that he/she
is very unfamiliar or unfamiliar with Engineering Building II. The distribution is shown in Figure
53 below.
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Familiarity with Engineering Building II
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Figure 53: Familiarity with Engineering Building II.

Moreover, participants were asked how frequently they play video games. 3 participants
stated that they have never played video games, 10 yearly, 15 monthly, 11 weekly and 7
participants stated that they play video games every day. The distribution is shown in Figure 54
below.
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Figure 54: Frequency of playing video games.

The last question on the demographic questionnaire asked participants to rate their comfort
level in playing video games. Figure 55 below shows the responses of participants. 12 participants
stated that their comfort level in playing video games very comfortable, 17 comfortable, 12 neutral,
and 4 uncomfortable. One participant stated that he is very uncomfortable playing video games.
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Figure 55: Comfort level in playing video games.

5.2 Subjective Questionnaires’ Results
5.2.1 Visualizer-Verbalizer Questionnaire (VVQ)
The first subjective questionnaire that participants filled is the visualizer-verbalizer
questionnaire (VVQ). It assessed the participants’ visual/verbal abilities. The average score on the
questionnaire of participants in the virtual environment 1 was 8.04, with a standard deviation of
2.53. 10 participants had a score above 8 (visualizers), 3 participants had a score of 8 (neutral),
and 10 participants had a score below 8 (verbalizers). On the other hand, the average score on the
questionnaire of participants in the virtual environment 2 was 8.69, with a standard deviation of
2.20. 12 participants had a score above 8 (visualizers), 5 participants had a score of 8 (neutral),
and 6 participants had a score below 8 (verbalizers). Figure 56 below summarizes the distribution
of the participants’ cognitive styles in both environments.
112

Participants’ cognitive style in both environments.

12
10

8
6
4
2
0

Environment 1
10

Environment 2
12

Neutral

3

5

Verbalizers

10

6

Visualizers

Visualizers

Neutral

Verbalizers

Figure 56: Participants’ cognitive style in both environments.

5.2.2 NASA Task Load Index (NASA TLX)
The second subjective questionnaire that participants filled is NASA TLX. After
completing the virtual experiment, the recognized mental workload that happened while
performing the tasks was measured using NASA TLX. Participants completed the questionnaire
with its six scales, which are mental demand, physical demand, temporal demand, performance,
effort, and frustration, and the scores for the environments are shown in Table 14.
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Table 14: Summary of NASA-TLX on VE1 and VE2
Average
Environment 1

Environment 2

P-value
VE 2 > VE 1

Mental Demand

9.13

9.39

0.836

Physical Demand

5.48

5.83

0.788

Temporal Demand

7.39

9.04

0.192

Performance

4.91

5.74

0.311

Effort

8.52

9.00

0.708

Frustration

5.39

5.74

0.764

Title

Two sample t-tests were used to compare the average NASA TLX workload scores for
participants in the two environments. The scores of NASA TLX questionnaires show that there
were slight differences between the two environments on effecting the participants’ mental
workload. The mental demand, physical demand, temporal demand, performance, effort, and
frustration of participants underwent virtual environment 2 experienced higher mental workload
comparing with those who underwent virtual environment 1. A possible reason for the nonsignificant differences in the NASA TLX scores between the two environments is that subjective
assessments provide less accurate estimation due to individual biases.

5.2.3 Presence Questionnaire (PQ)
Moreover, another questionnaire was provided after completing the virtual tasks, which
was a presence questionnaire (PQ) published by Witmer and Singer (1998). It was used to measure
the degree to which participants experience presence in the VE. Participation in this questionnaire
rated 21 items on a scale from 1 to 7. Therefore, scores are ranged from 21 to147. Higher scores
on the PQ indicate higher degrees of presence experienced in the VE (Ahmad, 2007; Usoh, Catena,
Arman, & Slater, 2000). The average score on PQ in environment 1 was 5, with a standard
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deviation of 0.63, while the average score on PQ in environment 2 was 5.11, with a standard
deviation of 0.60. Two sample t-tests were used to compare the average of PQ of the two groups,
and the result shows that there the average in environment 2 is slightly higher than the average in
environment 1, which indicated that participants in environment 2 experienced a higher level of
presence and attention.
The result of NASA TLX and PQ revealed that the 5 factors, which are colors, object size,
shape, task complexity, and noise that was applied to the virtual environments have slightly
affected the level of participants’ mental load and presence since the six scales of NASA TLX and
PQ were higher for participants in environment 2 comparing with those in environment 1. One
possible explanation for these slight differences, not significant differences, of presence and
mental workload between the two environments may be due to the attractiveness and enthusiasm
that the virtual environments provided despite the changes between them. Also, subjective
responses provide less accurate assessment due to individual biases (Lean & Shan, 2012).

5.2.4 Simulator Sickness Questionnaire (SSQ)
The SSQ allowed participants to report the degree in which they experience a set of
symptoms by choosing “None,” “Slight,” “Moderate,” or “Severe,” which would be combined to
calculate a total sickness score. Total scores for SS were calculated for all participants, and the
mean is 6 with a standard deviation of 6.23 for participants in VE 1. On the other hand, the mean
is 7, with a standard deviation of 7.14 for participants in VE 2. These SSQ total scores indicate
that both virtual environments had minimal symptoms on participants. Figure 57 and Figure 58
below show the SS scores of 23 participants in EV1, and 23 participants in EV2, where [0] means
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no symptoms, [1-5] negligible, [5.1-10] minimal, [10.1-15] significant. [15.1-20] concern, and
[>20] problem.
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Figure 57: SSQ total score for participants in environment 1.
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Figure 58: SSQ total score for participants in environment 2.

5.3 EEG Analysis
Different software and programming languages were used in different stages for analyzing
EEG data. The first stage was recording EEG data using EmotivPRO software. The second stage
was utilizing the interactive MATLAB toolbox, EEGLAB, to pre-process the EEG raw data and
remove noise and artifacts from it. The third stage was analyzing the power spectrum using
MATLAB. Finally, the last stage was utilizing Minitab for engagement analysis.
For each participant, an European Data Format (EDF) file was generated by EmotivPRO
software. The .edf file has data produced by the 14 Emotiv channels representing the participant’s
brain electrical activities during the fire safety evacuation training. Also, the .edf file has columns
representing battery and quality contact sensors, markers, and time stamp. Therefore, the 14
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columns representing the brain's electrical activities and the markers were specified so that they
would be analyzed later. The sampling frequency is 128 Hz, which means that there were 128 rows
produced for each second spent by each participant on VR training.
For each participant, three (3) epochs were extracted from his/her EEG data to be analyzed
and compared. In the first epoch, the attention factor “color” was applied by changing a poster’s
colors in the environments. In the second epoch, the attention factors “color,” “size,” “shape,” and
“complexity” were applied by changing the color of a poster, changing the size of a task box,
changing the shape of wastebaskets, and changing the way the instructions are presented, a
paragraph instead of bullet points style. Lastly, the attention factor “noise” was applied to the third
epoch by adding a fire alarm to the other virtual environment. Figure 59 below summarizes the
three epochs and how the attention factors were applied to the two virtual environments.

Figure 59: Summary of how the attention factors were applied in the three epochs.
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5.3.1 Epoch 1
In this section, the researcher analyzed and compared the EEG signals of 46 participants,
23 in each group, during “Epoch 1”. In this epoch, the attention factor “color” was applied. The
colors of a poster in VE 2 were changed to be red, for the background, and white, for the
foreground. This combination of colors is significant since it produces a higher level of contrast,
which leads to better visibility and more attention (Dzulkifli & Mustafar, 2013). Figure 60 below
illustrates the difference between VE 1 and VE 2 in Epoch 1.

Figure 60: Difference between VE 1 (Left) and VE 2 (Right) in Epoch 1.
Analyzing “Epoch 1” was done to discover if there are different brainwaves trends between
the two environments due to color combinations. The 14 Emotiv EPOC+ channels, named AF3,
F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, and AF4 were studied independently. The whole
Epoch 1 of each participant was analyzed and studied. The p-values obtained from the two-sample
t-test for the Emotiv 14 electrodes of delta (δ), theta (Ѳ), alpha (α), beta (β), gamma (γ), and
beta/alpha (β/α) ratio have shown that some of the brainwaves and β/α ratio are higher in VE 2 in
some of the 14 channels as shown in the head map in Figure 61 below. Table 15 below summarizes
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the p-values of all two-sample- t-test of the five brainwaves, plus the β/α ratio across the two
environments.

Figure 61: Head map of the significant area of changes in the frontal area for δ, Ѳ, and β/α
activities

Table 15: P-values of 5 bands and β/ α of 14 channels in the two environments in Epoch 1
Channel #
AF3
F7
F3
FC5
T7
P7
O1
O2
P8
T8
FC6
F4
F8
AF4

Delta δ
p-value
0.099
0.086
0.200
0.017
0.073
0.366
0.122
0.097
0.033
0.006
0.082
0.174
0.196
0.038

Theta Ѳ
p-value
0.203
0.242
0.501
0.045
0.196
0.539
0.406
0.201
0.140
0.025
0.131
0.677
0.443
0.092

VE 2 > VE 1
Alpha α
Beta β
p-value
p-value
0.303
0.367
0.413
0.528
0.739
0.764
0.129
0.073
0.348
0.401
0.707
0.597
0.348
0.341
0.209
0.179
0.141
0.112
0.021
0.009
0.120
0.133
0.715
0.550
0.634
0.768
0.148
0.245
120

Gamma γ
p-value
0.275
0.464
0.444
0.052
0.325
0.697
0.376
0.149
0.101
0.006
0.078
0.245
0.719
0.098

β/ α
p-value
0.966
0.580
0.549
0.381
0.200
0.301
0.731
0.126
0.345
0.053
0.502
0.017
0.619
0.152

Studies that have been done by Chuang, Ko, Lin, Jung, and Lin (2013) and Jones and
Harrison (2001) have found that the frontal lobe in the human brain serves as a region that performs
attention, decision making, and executive functions. Therefore, from the table above, and by
focusing on the frontal channels, we can see that the in frontal channels FC5, F4, and AF4, there
are significant differences in delta (δ), theta (Ѳ), and beta/alpha (β/α) power ratio. When the level
of presence and attention is higher in “Environment 2”, based on the PQ and NASA TLX scores,
higher delta (δ), theta (Ѳ), and β/α activities were observed. This is in agreement with previous
literature stating that beta/alpha (β/α) power ratio increases during brain activation, while it
decreases during inactivation (Navea & Dadios, 2015). Moreover, the results from the table is in
agreement with previous literature stating that delta (δ) theta (Ѳ) waves increase during
concentration and cognitive tasks (Harmony, 2013; Keller, Payne, & Sekuler, 2017). Furthermore,
another study that has been done by O. Jensen and Tesche (2002) found that theta (Ѳ) activity in
the frontal lobe of the human brain increases with memory demand and attention. As shown in
Figure 62, 63, and 64 below, the boxplots show that delta (δ) theta (Ѳ), and β/α in the frontal
channels, FC5, F4, and AF4 are higher for group 2 who completed the training in VE 2 than group
1 who completed the training in VE 1.
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Figure 62: Boxplot of Delta (δ) in Epoch 1.

Figure 63: Boxplot of Theta (Ѳ) in Epoch 1.
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Figure 64: Boxplot of Beta/Alpha (β/α) in Epoch 1.

5.3.2 Epoch 2
In this section, the researcher analyzed and compared the EEG signals of 46 participants,
23 in each group, during “Epoch 2”. In this epoch, the attention factors “color,” “size,” shape,”
and “complexity” were applied. Regarding the “color,” poster colors were changed to be red, for
the background, and white, for the foreground. Also, the “size” and “shape” factors were
manipulated by changing the size of a task box and changing the wastebasket shape. Moreover,
the “complexity” factor was applied by presenting some instructions as a paragraph instead of a
bullet points style. Figure 65 below illustrates the difference between VE 1 and VE 2 in Epoch 2.
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Figure 65: Differences between VE 1 (Left) and VE 2 (Right) in Epoch 2.
Analyzing “Epoch 2” was done to discover if there are different brainwaves trends between
the two environments due to the four attention factors mentioned previously. The 14 Emotiv
EPOC+ channels, named AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, and AF4 were
studied independently. In this epoch, 15 seconds of each participant were extracted and studied.
The reason for extracting only 15 seconds from Epoch 2 is because this was the time where
participants paid attention to the poster to read and understand the information and instructions.
At the same time, the rest of the epoch was to learn and test the safety procedures. Therefore,
studying the 15 seconds allowed the researcher to capture the attention trend in the brainwaves.
The p-values obtained from the two-sample t-test for the Emotiv 14 electrodes of delta (δ), theta
(Ѳ), alpha (α), beta (β), gamma (γ), and beta/alpha (β/α) ratio have shown that beta (β), gamma
(γ), and β/α ratio are higher in VE 2 in the frontal channel (F8), as shown in the head map in Figure
66 below. Table 16 below summarizes the p-values of all two-sample- t-test of the five brainwaves,
plus the β/α ratio across the two environments.
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Figure 66: Head map of the significant area of changes for β, γ, and β/α activities.

Table 16: P-values of 5 bands and β/ α of 14 channels in 2 environments in Epoch 2
Channel #
AF3
F7
F3
FC5
T7
P7
O1
O2
P8
T8
FC6
F4
F8
AF4

Delta δ
p-value
0.449
0.113
0.124
0.194
0.180
0.856
0.982
0.837
0.693
0.229
0.179
0.055
0.064
0.277

Theta Ѳ
p-value
0.709
0.297
0.450
0.136
0.366
0.477
0.517
0.577
0.906
0.523
0.475
0.201
0.096
0.467

VE 2 > VE 1
Alpha α
Beta β
p-value
p-value
0.829
0.442
0.240
0.187
0.627
0.225
0.164
0.099
0.223
0.118
0.323
0.363
0.597
0.691
0.468
0.565
0.819
0.900
0.490
0.258
0.482
0.226
0.425
0.173
0.071
0.037
0.433
0.354
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Gamma γ
p-value
0.277
0.146
0.102
0.087
0.077
0.483
0.844
0.609
0.971
0.260
0.176
0.094
0.018
0.318

β/ α
p-value
0.181
0.268
0.224
0.183
0.696
0.574
0.236
0.222
0.562
0.240
0.662
0.339
0.047
0.289

Studies that have been done by Chuang, Ko, Lin, Jung, and Lin (2013) and Jones and
Harrison (2001) have found that the frontal lobe in the human brain serves as a region that performs
attention, decision making, and executive functions. From the table above, we can see that in the
frontal channel F8, there are significant differences in beta (β), gamma (γ), and β/α power ratio.
When the level of presence and attention is higher in “Environment 2”, based on the PQ score,
higher beta (β), gamma (γ), and β/α activities were observed. This result is in agreement with
previous literature stating that beta (β), gamma (γ) brainwaves are associated with cognitive
activity. They are increased during alertness, attentiveness, and perceptual (Ivanovski & Malhi,
2007; Liu et al., 2013; Pfurtscheller & Da Silva, 1999). Moreover, the results from the table is in
agreement with previous literature stating that β/α power ratio increases during brain activation,
while it decreases during inactivation (Navea & Dadios, 2015). As shown in Figure 67, 68, and 69
below, the boxplots show that beta (β), gamma (γ), and β/α in the frontal channel (F8) are higher
for group 2 who completed the training in VE 2 than group 1 who completed the training in VE 1.

126

Figure 67: Boxplot of Beta (β) in Epoch 2.

Figure 68: Boxplot of Gamma (γ) in Epoch 2.
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Figure 69: Boxplot of β/α in Epoch 2.

Figure 70 below is an example of the EEG data of a participant in Epoch 2. The sampling
frequency rate was 128 Hz, Therefore, there are 128 samples (points) recorded by the 14 Emotiv
EPOC+ channels for each second spent by a participant.

Figure 70: An example of EEG data of a participant in Epoch 2.
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5.3.3 Epoch 3
In this section, the researcher analyzed and compared the EEG signals of 46 participants,
23 in each group, during “Epoch 3”. In this epoch, the attention factor “noise” was applied. When
a participant completed the last task in VE 2, which asked participants to find the Exit, he/she
heard a fire alarm. On the other hand, VE 1 was a quiet environment, so participants did not hear
a fire alarm when they walked to find the Exit. Figure 71 below illustrates the difference between
VE 1 and VE 2 in Epoch 3.

Figure 71: Difference between VE 1 (Left) and VE 2 (Right) in Epoch 3.
Analyzing “Epoch 3” was done to discover if there are different brainwaves trends between
the two environments due to noise. The 14 Emotiv EPOC+ channels, named AF3, F7, F3, FC5,
T7, P7, O1, O2, P8, T8, FC6, F4, F8, and AF4 were studied independently. The p-values obtained
from the two-sample t-test for the Emotiv 14 electrodes of delta (δ), theta (Ѳ), alpha (α), beta (β),
gamma (γ), and beta/alpha (β/α) ratio have shown that there are significant differences between
delta (δ), beta (β), and gamma (γ) activities across the two environments in a frontal channel (AF4),
as shown in Figure 72. Table 17 below summarizes the p-values of all two-sample- t-test of the
five brainwaves, plus the β/α ratio across the two environments.
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Figure 72: Head map of the significant areas of changes for delta, beta, and gamma activities.

Table 17: P-values of 5 bands and β/ α of 14 channels in 2 environments in Epoch 3
Channel #
AF3
F7
F3
FC5
T7
P7
O1
O2
P8
T8
FC6
F4
F8
AF4

Delta δ
p-value
0.316
0.291
0.118
0.277
0.055
0.186
0.853
0.137
0.284
0.175
0.394
0.766
0.373
0.028

Theta Ѳ
p-value
0.388
0.393
0.249
0.570
0.121
0.308
0.600
0.229
0.439
0.256
0.541
0.785
0.661
0.061

VE 2 > VE 1
Alpha α
Beta β
p-value
p-value
0.550
0.559
0.596
0.395
0.348
0.133
0.966
0.724
0.257
0.097
0.384
0.196
0.132
0.190
0.517
0.463
0.610
0.675
0.549
0.559
0.686
0.389
0.650
0.937
0.900
0.893
0.079
0.021
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Gamma γ
p-value
0.557
0.368
0.095
0.672
0.083
0.306
0.167
0.434
0.673
0.655
0.403
0.784
0.676
0.013

β/ α
p-value
0.410
0.703
0.955
0.765
0.590
0.422
0.369
0.327
0.753
0.583
0.965
0.381
0.198
0.524

The table above shows that delta (δ), beta (β), and gamma (γ) waves increased in a frontal
channel (AF4) when participants had a higher level of attention due to the fire alarm in VE 2. Beta
and gamma brainwaves are associated with cognitive activity, and they are increased during
alertness, attentiveness, and perceptual, which is in agreement with previous literature (Ivanovski
& Malhi, 2007; Liu et al., 2013; Pfurtscheller & Da Silva, 1999). Moreover, previous literature
stating that delta (δ) waves increases during concentration (Harmony, 2013). As shown in Figure
73, 74, and 75 below, the boxplots show that delta (δ), beta (β), and gamma (γ) waves in the frontal
channel AF4 are higher for group 2 who completed the training in VE 2 than group 1 who
completed the training in VE 1.

Figure 73: Boxplot of Delta (δ) in Epoch 3
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Figure 74: Boxplot of Beta (β) in Epoch 3.

Figure 75: Boxplot of Gamma (γ) in Epoch 3.
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CHAPTER 6 ENGINEERING ANALYTICS IMPLEMENTATION

In this chapter, different EA approaches are utilized. K-means, KNN, and t-SNE are used
to check if the data is similar, if data can be grouped and predicted based on the similarity, and if
the information is very non-linear. Moreover, multi-layer perceptron (MLP) and Deep Learning
(DL) are utilized to predict participants’ verbal-visual ability, simulation sickness, level of
attention (β/α), mental workload, and sense of presence in the VE. Then, for each algorithm, a
brief overview of the algorithm and its theory is provided. Then, experiments are conducted, and
the results are presented.
6.1 KNIME
KNIME (https://www.knime.com/) was the platform utilized to implement different
experiments. KNIME, which stands for Konstanz Information Miner, is an open-source data
analytics platform. It provides a graphical user interface (GUI) that integrates different components
for data mining and machine learning. Therefore, users with minimal programming skills can use
it. In 2019, KNIME was recognized by Gartner, the global research and advisory firm, for six years
in a row as a leader for Data Science and Machine Learning Platforms (KNIME, 2019). KNIME
has ML components built-in and provides extensions with additional features. Figure 76 below is
a screenshot of KNIME interactive windows.
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Figure 76: Screenshots of KNIME Interactive Windows

As shown in the figure above, KNIME allows users to build a workflow from custom nodes
or pre-existing ones. Users can drag icons to the “Workflow Editor” window. After connecting the
nodes as a sequence, the next step is to configure them. This process is done by right-clicking the
desired node and selecting the desired characteristics. After selecting all characteristics for all
nodes, clicking “Execute” on one of the nodes will execute the whole sequence. KNIME provides
different selections in terms of visualization, such as pie charts, histograms, matrices, and more.
Also, the platform provides the option to create statistical models and representations of data
mining, such as clusters, regressions, and decision trees (Fernández & Luján-Mora, 2017). In this
research, KNIME was used to study the data and perform algorithms, K-means, KNN, and
artificial and deep neural networks. The objectives of performing these algorithms and networks
are:
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•

K-means was utilized to check if the data is similar or we can have different types of
clusters.

•

KNN was utilized to check if we can group and predict the data based on the similarity.

•

t-SNE was utilized to visualize high-level representations and the potential for neural
networks and deep learning (it was not implemented in KNIME but using open-source
software - https://lvdmaaten.github.io/software/).

•

MLP and DL were used to predict the participants’ simulation sickness, verbal-visual
abilities, level of attention (β/α), mental workload (NASA TLX), and sense of presence in
VEs (PQ) based on gender, age, computer/gaming experience, tasks feasters, and
brainwaves. These mappings were performed from two different viewpoints: Classification
and Regression. In addition, several pre-training processes were performed before, such as
choosing a time window, correlations among the inputs, balancing of the data based on the
proportions of each classification, division in training, testing and validations datasets,
normalizations, and shuffling of the data.
Being able to predict participants’ simulation sickness accurately, verbal-visual abilities,

β/α, mental workload, and level of presence in VE based on their brainwaves is a beneficial
achievement as it could improve the VR experience. VR users are exposed to a visual motion
environment while they are physically in a static condition. This situation can lead to simulation
sickness. A well-known way to measure simulation sickness is a questionnaire. However, a
significant issue of this subjective response is that this measurement is carried out after a user
experiences a simulation sickness symptom. Therefore, the ability to predict simulation sickness,
using artificial and deep neural networks before it occurs, can help VR practitioners and improve
VR applications. MLP and DL can predict the sickness symptoms before it even occurs by studying
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the participants’ EEG patterns (Liao, Tai, & Chen, 2020; Padmanaban, Ruban, Sitzmann, Norcia,
& Wetzstein, 2018). Furthermore, discovering the verbal/visual ability of participants will result
in presenting better information for each participant. This presentation is achieved by manipulating
the interface to present more figures, for example, when a participant is a visualizer, and to present
more words when a participant is a verbalizer.
EEG provides a quantitative and practical way to assess the electrical activity of the human
brain. Using EEG signals and DL to observe human brain activities and to predict the attention
level (β/α) of participants will contribute to improving their engagement with training/educational
content (Shestyuk, Kasinathan, Karapoondinott, Knight, & Gurumoorthy, 2019). Being able to
detect the cognitive states and attention level of participants attending a training session, for
example, plays an important role in providing personalized and adaptive learning content
(Mohamed, El Halaby, Said, Shawky, & Badawi, 2018). For the NASA TLX and PQ, developing
a model to predict mental workload and sense of presence in VE based on participants’ EEG
signals is helpful and critical. These improvements would allow engineers and experts to design
interfaces that allow users to focus their mental workload on the underlying task and increase the
level of attention during VR applications since it is linked to the sense of presence reported by
participants in the VEs. By doing so, engineers will be able to provide interfaces that keep users
motivated, engaged, and immersed without overloading their working memory resources. (Witmer
& Singer, 1998; Wu, Miwa, & Uchida, 2017). The flowchart shown in Figure 77 below shows the
steps to build a neural network (NN) and deep learning (DL) models.
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Figure 77: Building Neural Networks and Deep Learning models (X1+X2=100)

6.2 K-Means
“K means” was coined by James MacQueen back in 1967. It is a popular clustering
algorithm due to its high efficiency in terms of execution time (Zubar, Ravikumar, & Parthiban,
2019). K-means clustering is an unsupervised ML algorithm that is used to discover underlying
patterns in massive data sets. It has a similar objective of the other clustering algorithms, which is
trying to classify data points into different clusters, where the data points within the same cluster
are as similar as possible. In contrast, the data points from different clusters are as dissimilar as
possible. Therefore, when clustering observations, the goal is to keep similar observations in the
same group.
The algorithms' procedure follows a simple way to classify data points. It splits data into a
specific number of groups, clusters. Each cluster has a centroid, called K. The places of these
centroids would affect the results, so they should be placed carefully, and the better choice would
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be placing them far away from each other. The next step is to assign all data points to the nearest
centroid. Then, re-calculating the mean of each cluster and re-assigning data points into the nearest
new centroids, mean. The final version of clusters would result when the data points do not move
to a different cluster. In other words, the K-means algorithm is composed by following three steps,
(1) specify the number of clusters, (2) assign each data point to the closest centroid, and (3) update
the mean of each cluster and re-assign data points to the nearest mean until data points stop
changing (S. Li, 2015). Therefore, we can say that K-means is a centroid algorithm that reduces
the sum of the distance of points in a cluster with its centroid. Figure 78 below illustrate the Kmeans processes.

Figure 78: K-Means Clustering Flow Chart adapted and modified from Sohaib, Mushtaq, and Haq
(2012).
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The basic idea of the K-means clustering algorithm is to minimize the distance between
points within a cluster, which leads to maximizing the distance between clusters (Sahu, Parvathi,
& Krishna, 2017). The objective of the k-means algorithm is to minimize the sum of the squared
distance between each data point and its cluster centroid. Equation 1 below illustrates the objective
of the K-means algorithm.

𝑘

𝑛

𝑌 = ∑ ∑‖𝑥𝑖𝑗 − 𝑐𝑗 ‖
𝑗

2

𝑖

(1)

where:
𝑘 is the number of clusters
𝑛 is the number of data points
𝑥𝑖𝑗 is the 𝑖 𝑡ℎ data point in 𝑗 𝑡ℎ cluster
𝑐𝑗 is the 𝑗 𝑡ℎ centroid of the 𝑗 𝑡ℎ cluster

6.2.1 K-means Experiment and Analysis
In KNIME, a workflow is built to perform the k-means clustering algorithm, as shown in
Figure 79 below. K-means algorithm was utilized to check if the data is similar or we can have
different types of clusters. The k-means workflow consists of eight nodes, Excel Reader,
Optimized K-Means, Partitioning, k-Means, Cluster Assigner, Color Manager, Shape Manager,
and Scatter Plot nodes.

139

Figure 79: K-means algorithm workflow.

An optimized K-Means node is used to choose the best number of k. This component uses
a parameter optimization loop to determine the best amount of k based on the mean silhouette
coefficient. The starting value of k, the maximum number of iterations, and the step size taken at
each iteration need to be specified.
The best value for our data was a k of 3. Other nodes in the K-mean workflow needed
configurations. Therefore, for the partitioning node, data was partitioned into training/validation
and testing. The k-Means node uses 3 clusters, and the maximum number of iterations of 150.
After configuring and executing the sequence of nodes, a scatter plot is generated, as shown in
Figure 80 below. From the scatter plot below, we can see that the data is different, and each cluster
has different data.
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Figure 80: Scatter Plot of the Created Clusters using the K-Means Algorithm.

6.3 K-Nearest Neighbor (KNN)
In big data, classification is a challenging problem, and the K-nearest neighbor (KNN) is
one of the accurate algorithms to solve it. KNN algorithm is a supervised ML technique that is
used for classification problems (Gallego, Calvo-Zaragoza, Valero-Mas, & Rico-Juan, 2018). It is
non-parametric, lazy learning, that has been used in different applications for data mining,
statistical pattern recognition, and image processing (Kuang & Zhao, 2009). Non-parametric
means that this algorithm does not make any implicit assumptions about data distribution. The
KNN depends on the definition of distance or similarity, and the basic principle of KNN is that
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this method classifies data by finding the most similar data points in the training set and making a
guess based on their classifications.
In KNN, K is the number of neighbors considered. It is the main deciding factor. When K
equals 1, this algorithm is called “the nearest neighbor algorithm.” In this case, the new data point
will be classified to the nearest point assigned to it based on the different distance measures that
can be used (Navlani, 2018). Therefore, two decisions must be made before classifications, (1)
specifying the K value and (2) calculating the distance metric. Now, it is essential to answer the
question, “what is the optimal number of K?”. K value can be chosen arbitrarily or by applying
cross-validation to get the optimal value. Researchers have shown that there is no optimal number
of K that fits all data sets. A small number of K is most flexible and will have a low bias. However,
the result will be influenced by noise and high variance. On the other hand, a large number of K
will result in lower variance, but higher bias. Therefore, researchers should generate the model
with different values of k and check their performances.
On the other hand, there are different methods to compute distance, and the most popular
ones, for continuous variables, are Euclidean Distance and Manhattan Distance, and Hamming
Distance, for categorical variables. Euclidean and Manhattan calculate the distance between the
observation of 𝑥𝑎 and 𝑥𝑏 in j features, as shown in Equations 2, 3, while Hamming calculates the
number of mismatches between two vectors, as shown in Equation 4 below (Boehmke &
Greenwell, 2019; Prasatha et al., 2017). The difference between the two distance methods,
Euclidean and Manhattan, is that Euclidean measures the straight-line distance between two data
points. In contrast, Manhattan measures point-to-point travel time.
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𝑝

Euclidean Distance = √∑(𝑥𝑎𝑗 − 𝑥𝑏𝑗 )

2

(2)

𝑗

𝑝

Manhattan Distance = ∑|𝑥𝑎𝑗 − 𝑥𝑏𝑗 |

(3)

𝑗

𝑝

Hamming Distance = ∑|𝑥𝑗 − 𝑦𝑗 |

(4)

𝑗

When:
x = y → Hamming Distance = 0
x ≠ y → Hamming Distance = 1

Figure 81 below illustrates how the KNN algorithm works. Suppose that there is a data
point, x that needs to be classified to either Group A or Group B, and the number K of neighbors
is 3. Therefore, the nearest three neighbors, based on distance methods such as Euclidean, of the
new data point will be chosen. Then, by counting the K neighbors of new data points in both
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groups, the new data point will be assigned to the group that counted the most neighbors, in our
example, Group B.

Figure 81: KNN Algorithm Steps.

6.3.1 KNN Experiment and Analysis
A workflow is built to train a KNN algorithm for classification (Figure 82). The two nodes,
Partitioning, and K Nearest Neighbor needed configurations. K was chosen as an odd number to
avoid the risk of a tie in the classification decision.

Figure 82: KNN Algorithm Workflow.
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The objective of the KNN workflow is to predict the participants’ verbal-visual ability and
simulation sickness based on the similarity. The confusion matrixes found in the Scorer node, as
shown in Figure 83 below, indicate that the classification accuracy for the verbal-visual ability
based on gender, age, task features, and brainwaves is (38.436%). While the classification
accuracy for simulation sickness based on gender, age, task features, computer/gaming experience,
and brainwaves is (34.123%). The accuracy for both is low, which concludes that the KNN
algorithm fails, and the reason is that the studied data is very non-linear, and there is potential for
other ML methodologies. This deficient performance of KNN is due to the high dimensions of
data. KNN cannot avoid the “curse of dimensionality,” and when the number of dimensions
increases, the predictive ability of the KNN algorithm decreases (Cunningham & Delany, 2020).
Therefore, to successfully apply KNN, a dramatic increase in the amount of data is needed to fill
the data space that increases with a high number of dimensions.

Figure 83:Confusion Matrices, Verbal/Visual Ability (Left), and Simulation Sickness (Right).
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6.4 T-distributed Stochastic Neighbor Embedding (t-SNE)
Data visualization is an essential aspect of data analysis, and it allows researchers to study
and analyze the processes and develop their intuitions to understand the data. In the last decades,
different data visualization techniques have been suggested. However, most of these techniques
are based on traditional visualization, such as scatter plots, histograms, and parallel coordinate
plots (Van Der Maaten, 2014). Visualization of data with high dimensions is a severe problem in
different fields, and a well-qualified technique of high-dimensional data set is called t-SNE (Arora,
Hu, & Kothari, 2018).
t-SNE is an ML technique that is used for exploring high-dimensional data, and it has the
power of visualizing high-dimension data by creating two- or three-dimensional maps from data
with thousands of dimensions. Therefore, this technique gives an idea of how the data is arranged
in a high-dimensional space. The t-SNE method is based on the probability distributions of the
data points being neighbors. The similarity of data point of 𝑥𝑗 and 𝑥𝑖 is the conditional probability,
𝑃𝑖|𝑗 , as shown in Equation 5 below (Maaten & Hinton, 2008).

2

𝑃𝑖|𝑗 =

‖𝑥𝑗 − 𝑥𝑖 ‖
)
exp (−
2𝜎 2 𝑖
2

‖𝑥 − 𝑥 ‖
∑𝑘≠1 exp (− 𝑗 2 𝑖 )
2𝜎 𝑖

where:
𝜎𝑖 is the variance of the Gaussian
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(5)

This non-linear dimensionality reduction technique has been popular due to its flexibility
in finding data structure that other dimensionality-reduction techniques cannot. The linear
dimensionality-reduction techniques, such as Johnson-Lindenstrauss (JL) and Principal
Component Analysis (PCA), are unable to reduce dimensions down to 2 in a reliable way (Arora
et al., 2018).
t-SNE attempts to discover patterns in the dataset by recognizing observed clusters based
on the similarity of data with multiple features. It is a non-linear algorithm that uses the local
relationships among points to create a low-dimensional mapping, and the objective of this
technique is to take data points in a high-dimensional space and represent it in a lower-dimensional
space, 2D plane (Wattenberg, Viégas, & Johnson, 2016). The following two steps summarize the
process of the t-SNE algorithm. First, creating a probability distribution that represents the
relationships between data points in the high-dimensional space. Second, finding a

low-

dimensional space that identifies the probability dimension as similar as possible (KNIME, 2020).
6.4.1 t-SNE Experiment and Analysis
The data of the participants was used in different forms to see the clusters and nonlinearities. Different data sets were used, and training sessions with different learning rates and
perplexities. The perplexity is roughly speaking the number of points that each point considers to
be its neighbors. High perplexities, therefore, enforce more global structure in the embedding, and
smaller perplexities will cut up your data cloud on a much finer level.
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Figure 84: One of the learning interactions using a learning rate of 5 and a perplexity of 10,
where “V” is Verbalizer, “Vi” is Visualizer, and “N” is Neutral.
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6.5 Multi-layer Perceptron and Deep Learning
The power of computers to solve classification and regression problems has become mature
with the use of neural networks. A multi-layer perceptron (MLP), which is also called a
“feedforward network,” is a popular artificial neural network (ANN). The network works by
passing the values to the input layer to be processed by the hidden layers, and then they are returned
through the output layer. In each layer, neurons process the values by receiving all outputs from
the previous layer, then feeding the result as the output of the neuron (Robertson, 2017).
On the other hand, deep learning (DL), a subset of ML techniques, is used for data analysis.
DL algorithms allow computers to learn from examples. It has been successfully utilized in
different domains to solve various problems. DL employs complex models to decrease errors in
regression problems and increase classification accuracy. The considerable learning capacity of
DL models grants them to make predictions and classification particularly useful (Kamilaris &
Prenafeta-Boldú, 2018). Most DL methods utilize neural network architectures, that is why DL
models are commonly called deep neural networks. "Deep" refers to the number of hidden layers
in the system.
Traditional neural networks include 1 to 2 hidden layers, while deep neural networks
include up to 150 hidden layers. Figure 85 below illustrates an example of neural networks with
their hidden layers (Cascio, Taormina, & Raso, 2019). Deep learning has several
architecture/neurodynamics variations. The variations are unsupervised pre-trained networks
(UPNs), convolutional neural networks (CNNs), recurrent neural networks (RNNs), and recursive
neural networks (Patterson & Gibson, 2017).
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Figure 85: An example of a Neural Network Architecture.

6.5.1 MLP and DL Experiments and Analysis
Two learning methods, MLP and a DL architecture with several dense layers, were utilized
to predict outputs. The following sections deeply explain the steps and results of predicting the
targeted outputs using MLP and DL.

6.5.1.1 Multi-layer Perceptron (MLP)
The first step is to import the data as an Excel file by dragging the .xlsx file to the
“Workflow Editor” in KNIME workbench. Then, the next step is to add the preprocessing nodes,
Shuffle, Normalizer, and Partitioning nodes. Then, data processing nodes, Rprop MLP Learner,
and MultiLayerPerceptron Predictor nodes are added. Finally, the Scorer node is added, as shown
in Figure 86 below. The nodes, Partitioning, and Rprop MLP Learner needed configurations.
Therefore, for the Partitioning node, data was partitioned into training/validation and testing. For
the Rprop MLP Learner nodes, the maximum number of iterations, number of hidden layers, and
number of hidden neurons per layer were defined, as following, 1000 iterations, three hidden
layers, and ten neurons per layer.
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Figure 86: MLP Workflow for Classification and Regression using RProp.

The objective of this workflow is to predict participants’ verbal-visual ability, simulation
sickness, level of attention (β/α), metal workload (NASA TLX), and the sense of presence in VE
(PQ) based on some features, inputs. For predicting verbal-visual ability and simulation sickness,
the performance metrics are accuracy percentage. Therefore, the confusion matrixes found in the
Scorer node indicate that the accuracy for testing/predicting:
•

If a participant is verbalizer, neutral, or visualizer based on gender, task features, and
brainwaves is 65.964%. However, when “age” added as input, the accuracy increased to
72.609%.

•

The level of simulation sickness based on gender, computer/gaming experience, task
features, and brainwaves is 85.694%. However, when “age” is added as input, the accuracy
increased to 93.264%.
Different metrics are used to estimate the results of the prediction, such as mean-absolute-

error (MAE), mean squared error (MSE), and root-mean-squared-error (RMSE) for
training/testing the level of attention (β/α), metal workload (NASA TLX), and the sense of
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presence in VE (PQ) (Table 18). The three metrics, MAE, MSE, and RMSE tell how far the
predictions are from the actual points. Equations (6), (7), and (8) show the formals of these metrics.

𝑛

1
β
β
MAE = ∑ |actual − predicted |
n
α
α

(6)

𝑖

2

n

1
β
β
MSE = ∑ (actual − predicted )
n
α
α

(7)

β
β 2
𝑛
√∑𝑖=1(actual α − predicted α)
RMSE =
𝑛

(8)

i

Table 18: Statistics of β/α, NASA TLX, and PQ for MLP (due to the “regression” nature of the
problem).
Metrics

β/α

NASA TLX

PQ

MAE

0.019

0.183

0.163

MSE

0.001

0.053

0.046

RMSE

0.038

0.231

0.215
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MSE is one of the most preferred metrics for regression tasks. It tells how far the
predictions are from the actual points by calculating the average of the squared error. From the
table above, we can see that the MSE of the β/α model is low (0.001), which indicates that the
model works well. Moreover, the MSE of the model to predict NASA TLX and PQ scores are
(0.053) and (0.046), respectively. These low MSE values indicate that the Rprop regression models
for predicting β/α, NASA TLX, and PQ scores were successful.
Table 19 below illustrates how the MLP model performed on predicting β/α, NASA TLX,
and PQ by showing samples of the actual values of β/α, NASA TLX, and PQ and the predicted
ones. The Denormalizer node was added to the MLP workflow to de-normalize the output and
transform it back to its original range. The scenario numbers of the samples in the table below
following the deep learning scenario numbers.
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Table 19: Samples of testing scenarios of actual vs. predicted values of β/α, NASA TLX, and PQ
using MLP.
Target Output

Scenario
Number
3
5
7
11
15
16
18
25
29
30

Actual Value

Predicted Value

Error %

2.239
3.032
2.557
2.677
2.769
3.005
3.051
3.684
2.992
3.530

2.625
2.903
2.550
2.524
2.393
3.053
3.160
4.211
3.091
3.757

17.22
4.23
0.26
5.72
13.56
1.60
3.56
14.31
3.33
6.46

Metal Workload
(NASA TLX)

4
5
7
15
17
19
20
24
35
39

6.5
6.5
6.5
6.5
7.7
6.5
6.5
6.5
6.5
6.5

6.69
6.70
6.73
6.66
7.97
6.68
6.72
6.73
6.73
6.71

2.91
3.11
3.57
2.48
3.53
2.79
3.35
3.49
3.48
3.24

Sense of Presence in
VE (PQ)

1
3
7
12
18
25
29
30
33
36

5.1
5.1
5.1
5.1
5.1
5.1
5.1
5.1
5.1
5.1

5.237
5.227
5.039
5.232
5.232
5.055
5.231
5.201
5.230
5.070

2.677
2.486
1.194
2.582
2.584
0.885
2.566
1.990
2.540
0.594

Level of Attention
(β/α)
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6.5.1.2 Deep Learning
A deep learning architecture using three dense layers was applied to predict the
participants’ verbal-visual abilities, simulation sickness, level of attention (β/α), metal workload
(NASA TLX), and the sense of presence in VE (PQ). In this experiment, a convolutional neural
network (CNN) is used to predict the outputs. CNN is a multi-layer neural network used to process
data that come in multiple arrays form (LeCun, Bengio, & Hinton, 2015). After adding the
Deeplearning4J extension to KNIME, a workflow is built. DL4J extension allows KNIME to use
deep neural networks to train system on data for predictions with either classification or regression.
The first step to start the workflow is to add the DL4J Model Initializer node. This node must be
used at the beginning to create an empty DL model. Next, Dense Layer nodes are added. There is
no optimal number of dense layers that should be used, so starting with one dense layer and adding
more until the accuracy, or error, do not improve. In the current experiment, three (3) dense layers
had the highest accuracy for the prediction. In parallel with this sequence of nodes, the Excel
Reader node added to read the data as a .xlsx file. The reader node then is connected with the
preprocessing nodes, Shuffle, Normalizer, and Partitioning nodes. After that, the two sequences
are connected to Learner (classification/regression) node. Next, the Partitioning and Learner nodes
are connected to Predictor (classification) or Predictor (regression) nodes. Finally, the Scorer node,
for classification, and Numeric Scorer node, for regression is added. Figure 87 below illustrates
the DL workflow for classification to predict VV and SS, while Figure 88 illustrates the DL
workflow for regression to predict β/α, NASA TLX, and PQ. Table 20 summarizes the DL learner
nod configuration for predicting the five outputs, VV, SS, β/α, NASA TLX, and PQ.
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Figure 87: Deep Learning Workflow for Classification to Predict VV and SS.

Figure 88: Deep Learning Workflow for Regression to Predict β/α, NASA TLX, and PQ.

The nodes, Partitioning, Dense Layer, and Learner needed configurations. Therefore, for
the Partitioning node, data was partitioned for training/validation and testing. For the Dense Layer,
the number of output units is 10, the learning rate is 0.01, the weight initialization strategy is
Sigmoid_Uniform, and the activation function is TanH.
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For the Learner node, three windows need configurations, (1) learning parameter, (2) data
parameter, (3), and output layer parameter. There are different options for these parameters to set.
The first window, learning parameters, define the learning parameters to train the network. While
the second window, the data parameter, defines how data is used to train the model. The third
window, the output layer parameter, defines the parameters used for the output, which are learning
rate, initialization strategy, and loss function. The configuration of the three windows for
predicting the participants’ verbal-visual ability, simulation sickness, level of attention (β/α),
NASA TLX, and PQ are shown in Table 20.
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Table 20: Deep Learning Learner Configurations.
Learning Parameter
Target
Output

Data Parameter

No. of
training
iterations

Optimization
algorithm

VV

10,000

Stochastic
Gradient
Descent

1,000

5

SS

1,000

Stochastic
Gradient
Descent

1,000

β/α

1,000

Stochastic
Gradient
Descent

NASA
TLX

1,000

PQ

1,000

Output Layer Parameter
Weight
Initialization
Strategy

Loss
Function

0.01

ReLu

Sum of
Squared
Errors

2

0.001

Sigmoid_Uni
form

Sum of
Squared
Errors

1,000

2

0.01

Sigmoid_Uni
form

Sum of
Squared
Errors

Stochastic
Gradient
Descent

1,000

2

0.01

Sigmoid_Uni
form

Sum of
Squared
Errors

Stochastic
Gradient
Descent

1,000

2

0.01

Sigmoid_Uni
form

Sum of
Squared
Errors

Batch
Size

Epochs
number
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Learning
Rate

The objective of this workflow is to predict the participants' verbal-visual abilities,
simulation sickness, level of attention (β/α), mental workload (NASA TLX), and sense of presence
in VE (PQ) based on the features, inputs. When predicting verbal-visual ability and simulation
sickness, the “classification” model was applied for the Learner and Predictor nodes since these
outputs are nominal and classified and classes. On the other hand, when predicting the level of
attention (β/α), metal workload (NASA TLX), and the sense of presence in VE (PQ), the
“regression” model was applied for the Learner and Predictor nodes since these outputs are not
categorized. The confusion matrixes found in the Scorer node indicate that the accuracy for
predicting:
•

If a participant is verbalizer, neutral, or visualizer based on gender, task features, and
brainwaves is 72.853%. However, when “age” is added as input, the accuracy increased to
82.496%.

•

The level of simulation sickness based on gender, computer/gaming experience, task
features, and brainwaves is 87.153%. However, when “age” is added as input, the accuracy
increased to 96.319%.
By comparing the accuracy percentage of predicting the participants' verbal-visual abilities

and simulation sickness using MLP and DL, we can see that DL has higher accuracies for
predicting verbal-visual abilities and simulation sickness. For predicting the verbal-visual abilities,
the MLP model achieved an accuracy of 65.964% and 72.609% (when added aga as input). In
comparison, the DL model achieved an accuracy of 72.853% and 82.496% (when added aga as
input). On the other hand, the MLP model predicted the simulation sickness with an accuracy of
85.694%. The accuracy of 93.264% (when added age as input) was achieved, while the DL model
achieved an accuracy of 87.153% and 96.319% (when added age as input).
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On the other hand, for predicting the level of attention (β/α), metal workload (NASA TLX),
and the sense of presence in VE (PQ), different metrics are used to estimate the results of the
prediction, such as mean-absolute-error (MAE), mean squared error (MSE), and root-meansquared-error (RMSE), Therefore, the statistics found in the Numeric Scorer node for predicting
β/α, NASA TLX, and PQ based on gender, task features, and brainwaves are shown in Table 21
below. The formulas of MAE, MSE, and RMSE are shown in Equations (6), (7), and (8).

Table 21: Statistics of β/α, NASA TLX, and PQ for Deep Learning.
Metrics

β/α

NASA TLX

PQ

MAE

0.019

0.191

0.169

MSE

0.001

0.057

0.047

RMSE

0.032

0.24

0.217

MSE is one of the most preferred metrics for regression tasks. It tells how far the
predictions are from the actual points by calculating the average of the squared error. From the
table above, we can see that the MSE of the β/α model is low (0.001), which indicates that the
model works well. Furthermore, the MSE of predicting NASA TLX, and PQ scores are (0.057)
and (0.047), respectively. These low MSE values indicate that the DL prediction models for
predicting β/α, NASA TLX, and PQ scores are reliable.
Table 22 below illustrates how the DL models performed on predicting β/α, NASA TLX,
and PQ by showing samples of the actual values of β/α, NASA TLX, and PQ and the predicted
ones. The Denormalizer node was added to the Deep Learning workflow to de-normalize the
output and transform it back to its original range.
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Table 22: Samples of testing scenarios of actual vs. predicted values of β/α, NASA TLX, and PQ
using Deep Learning.
Target Output

Scenario
Number
3
5
7
11
15
16
18
25
29
30

Actual Value

Predicted Value

Error %

2.239
3.032
2.557
2.677
2.769
3.005
3.051
3.684
2.992
3.530

2.238
3.028
2.553
2.691
2.748
3.028
3.024
3.728
3.030
3.477

0.064
0.109
0.175
0.516
0.752
0.771
0.887
1.193
1.269
1.482

Metal Workload
(NASA TLX)

4
5
7
15
17
19
20
24
35
39

6.5
6.5
6.5
6.5
7.7
6.5
6.5
6.5
6.5
6.5

6.50
6.50
6.50
6.51
7.71
6.51
6.51
6.49
6.52
6.52

0.03
0.03
0.06
0.08
0.09
0.12
0.12
0.16
0.33
0.35

Sense of Presence
in VE (PQ)

1
3
7
12
18
25
29
30
33
36

5.1
5.1
5.1
5.1
5.1
5.1
5.1
5.1
5.1
5.1

5.100
5.099
5.102
5.097
5.104
5.095
5.106
5.106
5.106
5.107

0.007
0.012
0.042
0.054
0.077
0.102
0.116
0.119
0.125
0.140

Level of Attention
(β/α)
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By comparing the MSE of predicting the participants' level of attention (β/α), metal
workload (NASA TLX), and the sense of presence in VE (PQ) using MLP and DL, we can see
that both models performed well. The MSE of predicting β/α, NASA TLX, and PQ using MLP is
(0.001), (0.053), and (0.046), respectively. On the other hand, the MSE of predicting β/α, NASA
TLX, and PQ using DL is (0.001), (0.057), and (0.047). Table 23 below summarizes and compares
the performance of predicting samples of testing scenarios of β/α, NASA TLX, and PQ using MLP
and Deep Learning. The scenario numbers of the samples in the table below follow the deep
learning scenario numbers.
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Table 23: Performance Comparison of MLP and Deep Learning to Predict β/α, NASA TLX, and
PQ.
Predicted Values

Error %

Target
Output

Scenarios
Number

Actual
Values

MLP

DL

MLP

DL

β/α

3
5
7
11
15
16
18
25
29
30

2.239
3.032
2.557
2.677
2.769
3.005
3.051
3.684
2.992
3.530

2.625
2.903
2.550
2.524
2.393
3.053
3.160
4.211
3.091
3.757

2.238
3.028
2.553
2.691
2.748
3.028
3.024
3.728
3.030
3.477

17.22
4.23
0.26
5.72
13.56
1.60
3.56
14.31
3.33
6.46

0.064
0.109
0.175
0.516
0.752
0.771

NASA
TLX

4
5
7
15
17
19
20
24
35
39

6.5
6.5
6.5
6.5
7.7
6.5
6.5
6.5
6.5
6.5

6.69
6.70
6.73
6.66
7.97
6.68
6.72
6.73
6.73
6.71

6.50
6.50
6.50
6.51
7.71
6.51
6.51
6.49
6.52
6.52

2.91
3.11
3.57
2.48
3.53
2.79
3.35
3.49
3.48
3.24

0.03
0.03
0.06
0.08
0.09
0.12
0.12
0.16
0.33
0.35

PQ

1
3
7
12
18
25
29
30
33
36

5.1
5.1
5.1
5.1
5.1
5.1
5.1
5.1
5.1
5.1

5.237
5.227
5.039
5.232
5.232
5.055
5.231
5.201
5.230
5.070

5.100
5.099
5.102
5.097
5.104
5.095
5.106
5.106
5.106
5.107

2.677
2.486
1.194
2.582
2.584
0.885
2.566
1.990
2.540
0.594

0.007
0.012
0.042
0.054
0.077
0.102
0.116
0.119
0.125
0.140
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0.887
1.193
1.269
1.482

CHAPTER 7 CONCLUSIONS AND FUTURE RESEARCH

7.1 Introduction
Due to the improvements in the advanced technologies that we have nowadays, there is a
potential to solve different problems in various disciplines. EEG, for instance, allows researchers
to study the electrical activity generated by the human brain. These advances give researchers the
needed tools to examine and understand individuals’ responses to events and stimuli. Moreover,
other technologies, such as VR and EA, provide tools for researchers to acquire and analyze
massive data. VR technology can be utilized as an innovative training tool that can increase
training/education outcomes. VR has been used with diverse applications in different industries,
such as healthcare, entertainment, construction, education, and more.

7.2 Conclusions and Discussions
At first, an extensive literature review was conducted to understand the current research
efforts on utilizing advanced technology in cognitive engineering and VR and what challenges,
tools, limitations, and efforts can be found and used to understand human performance,
engagement, and attention. It was found that there is a lack of studying the EEG signals to assess
human performance and attention during complex and realistic interaction tasks in virtual
environments. It was found that previous researches have used traditional data management tools
to analyze data. There is a need to utilize more advanced tools, such as EA, to handle the
considerable amount of data that can be generated using modern technologies, such as VR and
EEG sensors. The combination of these technologies can address several research questions related
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to cognitive engineering and the human brain, and it can be used to discover the brainwaves and
human performance.
The literature showed that VR and EEG technologies had offered new and innovative
opportunities for the development of brain assessment and study. In this research, VR technology
was utilized to allow participants to interact with artificial environments, Engineering Building II
at UCF, and its objects while performing fire safety evacuation training. OpenSim was used to
build the virtual Engineering Building II with its two versions. Two versions were built to allow
the researcher to study the differences between participants.
Participants were asked to complete a virtual safety evacuation training, and they were
randomly assigned in either virtual environment 1or 2. Based on five factors that were found in
the literature, changes have been applied to virtual environment 2. The five factors that may affect
attention are stimuli colors, object size, shape, complexity, and noise. Therefore, five main
differences between the two environments have been implemented. The posters' colors in
Environment 2 were changed to red, for the background, and white, for the foreground. Also, the
size of some of the task boxes was twice more prominent than the original size.
Furthermore, the shape of the wastebasket in Environment 2 was replaced with two unusual
shaped baskets. The level of complexity was manipulated by altering the way the information in
posters in the virtual environments was presented, bullet-style, or paragraph. Finally, a fire alarm
took place at the end of Environment 2.
The physiological measure, EEG, was utilized to measure brain activities. EEG measure is
one of the most effective and widely used measures across various research domains in engineering
cognitive (Tao et al., 2019). In this research, the EMOTIV EPOC+ headset with its 14 channels
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was used to collect the EEG signals. This device is a useful and successful tool to be used in real
and virtual environuts. It has been used in different applications due to its accessibility (Hooda,
Das, & Kumar, 2020). EmotivPRO software was utilized to acquire and save the EEG signals.
Oculus Rift, a VR headset, was used to allow participants to be fully immersed in the virtual world.
Besides the objective measure, EEG, subjective measurements, VVQ, NASA TLX, PQ,
and SSQ were collected. VVQ was used to assess participants’ visual/verbal abilities. NASA TLX
is a personal assessment tool that is widely used to measure mental workload for participants while
they are performing a task. PQ is another subjective tool to measure presence in VE’s. The
publishers of PQ stated that presence is a normal awareness phenomenon that requires directed
attention. Thus, how much presence a participant reports in VE is based on how much attention
he/she applies on the VE (Witmer & Singer, 1998). Finally, SSQ was used to assess sickness that
participants experience due to exposure to the virtual environment.
The result of NASA TLX and PQ revealed that five factors, which are colors, object size,
shape, complexity, and noise that was applied to the other virtual environment have affected the
level of participants’ mental load and the sense of presence in VE. The six scales of NASA TLX
and PQ were higher for participants in environment 2 comparing with those in environment 1.
After analyzing the subjective measurements, human brainwaves were studied. Therefore,
in the beginning, three epochs from each participant were extracted and studied. The three epochs
were chosen based on where the attention factors were applied in the virtual environments. In
Epoch 1, the difference between the two virtual environments was the color of a poster. In Epoch
2, the differences between the two virtual environments were a poster color, a box size, a
wastebasket shape, and the way the instruction is presented in the poster, a paragraph in VE 2, and
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a bullet style in VE 1. In Epoch 3, the difference between the two virtual environments was the
noise that was added to environment 2, while environment 1 was completely silent.
For the three epochs, the EEG signals of each channel were analyzed individually. As a
result, the researcher was able to discover brainwaves that are responsible for attention. The EEG
signal analysis in Epoch (1) and (2) revealed that in the frontal channels, F4 and F8, (β/σ) power
ratio for participants in VE 2 was higher than the power ratio of participants in VE 1. Also, delta
(δ), theta (Ѳ), beta (β), gamma (γ) bands were higher in frontal channels, FC5, F8, and AF4 for
participants in VE 2 comparing with those in VE 1 in Epoch (1) and (2), and (3). This result is in
agreement with previous literature stating that β/α power ratio increases during brain activation.
Also, delta (δ), theta (Ѳ), beta (β), and gamma (γ) waves increase during concentration and
cognitive activities.
Brainwaves of participants produced during 15 seconds in Epoch 2 and data collected from
demographics, VVQ, NASA TLX, PQ, and SSQ were further studied using EA techniques. The
15 seconds of Epoch 2 was chosen as it was the time where participants paid attention to the poster
to read, while the rest of the epoch was to learn safety procedures. The analysis of the first 15
seconds showed that the β/α ratio is higher in VE 2 in one of the frontal channels (F8), which
indicates that participants in VE 2 had a higher level of attention comparing with those underwent
to VE 1. KNIME software was used to utilize different EA techniques, k-means, KNN, t-SNE,
MLP, and DL algorithms. K-means revealed that the analyzed data is different, and there are
different clusters. It was found that the KNN algorithm had poor performance due to the high
dimensionality and non-linearity of the data, and one way to overcome this issue is to increase the
amount of data dramatically. The t-SNE experiment revealed that the data could be linearized with
higher models such as Deep Learning and MLP. Finally, MLP and DL were applied to predict the
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participants’ verbal-visual abilities, simulation sickness, level of attention (β/α), mental workload
(NASA TLX), and sense of presence in the VE (PQ). First, by utilizing the MLP algorithm, the
model was able to predict the participants’ verbal-visual abilities with 72.609% accuracy and to
predict the participants’ simulation sickness levels with 93.264% accuracy. On the other hand,
when utilizing DL, the accuracy of predicting participants’ verbal-visual abilities and simulation
sickness was 82.496% and 96.319%, respectively. Therefore, we can see that the performance of
DL on predicting the participants’ verbal-visual abilities and simulation sickness was higher than
the MLP model.
Moreover, the level of attention (β/α), mental workload (NASA TLX), and the sense of
presence (PQ) were predicted using MLP and DL techniques. These outputs are continuous, so
regression models were used. Therefore, a different metric, other than “accuracy” was used to
evaluate the prediction model performance. The mean squared error (MSE) of predicting β/α,
NASA TLX, and PQ scores using MLP were (0.001), (0.053), and (0.046), respectively. On the
other hand, the MSE of predicting β/α, NASA TLX, and PQ scores using DL were (0.001), (0.057),
and (0.047), respectively. These low MSE values indicate that the models for predicting β/α,
NASA TLX, and PQ scores were reliable.

7.3 Research Contribution
Understanding human performance and attention play an essential role in different areas,
such as education, training industries, and more. The traditional analytical methods cannot
discover the underlying factors in a vast data set that can be generated using modern technologies,
such as VR and EEG sensors. In this research study, EA was utilized to investigate human
performance by studying brain attention, simulation sickness, mental workload, and verbal/visual
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ability. By utilizing the proposed system, engineers will have systems that can assess participants'
performance during training sessions, and more importantly, enable them to perform the necessary
adjustments. ML algorithms, such as Independent Component Analysis (ICA), K-means, kNearest Neighbor (KNN), t-SNE, MLP, and deep learning, were used to perform signal analysis,
clustering, classification, and predicting. This research was able to do for the first-time specific
mappings with mental loads and a sense of presence performance.
By using EEG signals, with the advanced engineering analytics tools, engineers will be
able to improve engineered systems and VR experience. These tools will make it possible to
understand how engagement and attention of trainees attending a VR based application can be
affected. These advances will provide engineers systems that can predict the level of simulation
sickness of participants before it even occurs by studying their EEG pattern using artificial and
deep neural networks. It is important to know the participants’ verbal/visual ability, sense of
presence, and level of attention. This mapping can help to manipulate the interfaces to present
suitable information

7.4 Research Limitations
In research, there is a high possibility of limitations due to constraints that are beyond the
researcher's ability to overcome. Some limitations of this current research are essential to be
outlined since they are related to the future direction in research. In this research, the main
limitations are:
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•

Participants were allowed to spend as much time as they wanted, during the experiment,
and when they tried to find the Exit. This flexibility might lead participants not to be
attentive.

•

Moreover, during the virtual experiment, participants were allowed to repeat the questions
and answer them correctly if they missed it for the first time. A single chance to answer the
question may encourage and force participants to pay the highest level of attention to read
instructions, understand them, and answer questions correctly.

•

Due to Coronavirus (COVID-19), the researcher was unable to perform an experiment to
validate the results.

•

The number of participants was also a limitation of this research study due to COVID-19.
More participants would have improved the result of the VR experiment and the EA
analysis.

•

Furthermore, the good contact quality that the Emotiv EPOC+ headset sensors should have
provided is another limitation of this research study. The headset is not a comfortable gear
to be prepared and fitted on participants' heads, especially on females. It assumes that one
size fits all individuals, which is not quite right. Also, its electrodes may not perform well
and provide high contact quality as needed. Therefore, several participants were excluded
from the study due to the low contact quality they had.

•

The controllers of the Oculus Rift, the virtual reality headset that was used in this research,
are not compatible with the Firestorm Viewer, the software used to create the virtual
environment. This condition may affect the level of immersion that participants felt in the
VEs. Hence, it may affect the presence level. The Oculus motion controllers play an
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important role in how participants experience the virtual world. It may affect the level of
immersion that participants felt in the VEs.
7.5 Future Research
Despite the limitations mentioned above, the present research showed powerful outcomes
of utilizing EA, VR, and EEG, and it provides initial direction for future studies that should pay
attention to the limitations. For instance:
•

Eye-tracking can be used to collect participants' eye movements and blinks. It will help
researchers to identify where a participant is looking. Hence, it will improve the noise and
artifacts removal processes.

•

Recording the electrical signals of participants' hearts also is another measurement that
could help understand human attention and performance. Heart rate can be employed with
the EEG signals and eye-tracking to recognize and analyze patterns of the participants'
visual attention.

•

An updated version of Firestorm Viewer may be released to support the VR headset motion
controllers. By doing so, participants will be able to increase the level of presence and
immersion in the virtual world.

•

Future studies should have more variances between environments to allow participants to
produce a notable difference in the level of attention and engagement to be analyzed and
studied. One possible way to allow participants to produce a different level of attention is
to let participants in one group wearing a VR headset, and participants in the other group
complete the tasks on a desktop monitor, for instance. This result could indicate the
advantages of using VR headsets.
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•

The utilization of Big Data due to the structured and unstructured characteristics of the data
is essential to research (Rabelo, Bhide, & Gutierrez, 2018; Segarra et al., 2016). Also, the
implications of this research can be used in user interfaces for multiple-resolution modeling
(MRM) (Kim, Lee, Marin, Lee, & Rabelo, 2018), and Live-Virtual-Constructive (LVC)
(Jung et al., 2019) simulations, and training for the Internet of Things (IoT) (Nagadi et al.,
2018).
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