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Abstract: Workplace safety remains a concern in the construction industry as fatality rates continue to rise. While hazard recognition
training programs have been implemented using multimedia-based modules, their effects have not been broadly reflected on construction
sites. In an effort to provide realistic and engaging training, a recent focus on virtual reality (VR) for an immersive learning experience has
been shown to offer benefits to improve traditional lecture-based training. Such virtual environments can be especially useful for simulating
hazard recognition tasks that are inaccessible in real-life settings due to the potential dangers they pose for trainees. However, due to the focus
on applications for performance assessment and procedural training, strategic elicitation of emotional arousal, which has been shown to be
a precursor to desired learning outcomes in hazard recognition training, has not been explored for construction-specific VR applications.
To guide the development of such VR environments that target emotional arousal for learning, this study used opinion mining to catalogue the
features that yield or inhibit an emotional reaction in similar video simulations posted on a public video sharing platform (YouTube). Design
insights such as the need to provide agency in the simulations, introducing nonplayer characters in the scene, and the like, are presented. Here
the authors discuss specific implementation strategies derived from the study findings that developers can use to elicit emotional arousal in a
construction-specific virtual environment. DOI: 10.1061/JCEMD4.COENG-13245. © 2023 American Society of Civil Engineers.

Practical Applications: Virtual reality (VR) training programs are increasingly being used in the construction industry to improve hazard
recognition and reduce fatalities. VR provides an immersive learning experience that can simulate tasks that would be dangerous for trainees
to perform in real life. However, previous VR training programs did not focus on leveraging emotional arousal, which has been shown to be
beneficial for learning outcomes. This study used natural language processing to analyze user comments and identify key features that lead to
an emotional reaction in virtual simulations on YouTube, and provided insights and strategies for developers to create construction-specific

VR environments that elicit emotional arousal.

Introduction

Construction fatality rates remain the highest among US industries,
accounting for almost one in five work-related deaths (BLS 2018).
Studies have found workers on job sites to be unprepared to iden-
tify (Perlman et al. 2014; Albert et al. 2014b) and manage (Jeelani
et al. 2017) risks appropriately. While safety practitioners and
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academics have focused on improving hazard recognition skills of
workers through training modules, their expected effects have not
been broadly reflected on the construction site (Mostafa et al.
2016). Indeed, most training modules validated in the literature
either provide only inferential evidence on improving hazard rec-
ognition skills or lack the requisite external and ecological val-
idity (Albert et al. 2014b; Jeelani et al. 2020; Bhandari et al. 2019).
Additionally, a number of these training modules neither transfer
knowledge nor facilitate long-term retention of information due to
poor delivery methods (Demirkesen and Arditi 2015) because they
do not incorporate the settings and context in which adults engage
with learning (Mostafa et al. 2016). Finally, traditional safety train-
ing programs that do not generate sustained interest can leave work-
ers with a negative attitude towards safety (Haslam et al. 2005).
To combat the aforementioned limitations, recent efforts have
sought to explore the potential of virtual reality (VR) to provide
workers with an immersive and effective learning experience
(Jeelani et al. 2020; Eiris et al. 2018; Pham et al. 2018; Zhang
etal. 2020). VR has shown the potential to offer benefits to improve
upon traditional lecture-based training (Aggarwal et al. 2006; Farra
et al. 2013; Mastli and Zhang 2017), providing a more realistic and
engaging training experience by inducing a sense of presence,
which produces the sense of being in a coherent virtual space with
the capability to perceive and react to sensory stimuli (Slater 2003).
This is especially useful in situations where placing workers in real-
life settings would be highly dangerous or logistically impossible
(Kaplan et al. 2020). VR has also been shown to increase emotional
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arousal (Balban et al. 2021), which can in turn facilitate learning
through neuroplasticity (Duman 2004; Green and Bavelier 2008).
VR is highly effective in generating and sustaining targeted emo-
tional arousal in a number of contexts, such as gaming, art, enter-
tainment, and training (Bates 1992; Cheok et al. 2009; Hawkins
1995; Lateef 2010; Riva et al. 2007; Steadman et al. 2006). This
is relevant because emotional engagement in a learning environ-
ment is a critical antecedent to improved learning outcomes
(Deppermann et al. 2014; Sagayadevan and Jeyaraj 2012; Simpson
and Marshall 2010). From the construction safety training context,
maintaining contextually appropriate emotional arousal is benefi-
cial as it can not only facilitate self-driven or intrinsic motivation
to learn (Bradley et al. 1992; Cahill and McGaugh 1998; Goetz
et al. 2007) but also condition risk-taking behavior (Bhandari and
Molenaar 2020; Loewenstein et al. 2001).

Despite the potential of VR to leverage emotional arousal, the
literature on VR’s potential for safety training has not explored a
systematic strategy to elicit a targeted emotional reaction in the sim-
ulation. In other words, these training modules do not address why
adults learn or how knowledge is retained. While there has been
user-experience research in VR generally, no studies have explored
the generation of integral emotions in the context of hazardous and
potentially fatal conditions that are the focus of construction safety
research. Therefore, continued innovation to accurately replicate
construction work environments and their associated risks in a real-
istic and emotionally engaging manner in VR can unlock new, and
potentially better, modes of safety education that translate into re-
duced safety-related construction incidents.

To guide the development of emotion-eliciting VR-based hazard
recognition training experiences, this study uses an opinion-mining
approach to catalog the features that yield or inhibit an emotional
reaction in other, nonconstruction virtual experiences that simulate
similar high energy hazards and their consequences. YouTube was
chosen as the source for these videos as it allows the public to watch
and comment on various videos, including those targeted in this
work. The comments section offers a wealth of information about
the elements in those videos that elicit various reactions from view-
ers (Yasmina et al. 2016). The findings of this study can be used by
safety practitioners and researchers to design, develop, and test
construction-specific VR simulations that target emotional arousal
to facilitate learning outcomes.

Background

Safety Training in the Construction Industry

Existing construction training programs have been criticized for
their lecture-based, impersonal, and unengaging delivery methods
(Mostafa et al. 2016; Demirkesen and Arditi 2015). This approach
incorrectly assumes that learning is a passive activity and that all
learners in an environment are alike in strengths, weaknesses, and
personal expectations (Jeelani et al. 2020). Unsurprisingly, most
adult learners need a clearly established purpose in learning. Such
standardized training sessions lead to irrelevant information, poor
instruction, lack of motivation, and emotional frustration (Hannum
2009). Over the past decade, several studies have confirmed the
limitations of traditional training programs, which have resulted in
construction workers being unable to identify, on average, half the
hazards on a job site (Albert et al. 2014a).

VR has emerged as a leading platform for a new generation of
safety training programs. It has the potential to deliver a safe learn-
ing option for workers in an ecologically valid environment, as it
enables immersion in a realistic work setting, thereby allowing
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workers to interact with hazards and potential consequences with-
out being exposed to any actual risk. This philosophy is rooted in
the knowledge that human beings are more cautious and risk-averse
after experiencing some direct or indirect loss (Shum and Xin
2020). Furthermore, training in environments that closely replicate
the actual work environment has been shown to result in better re-
sults in practice (Cockrell 1979; Kowalski-Trakofler and Barrett
2003). This indicates the potential for VR to circumvent the lim-
itations posed by traditional safety training seminars by making
hazards, likelihood of accidents, and potential severity of nega-
tive outcomes less abstract and more experiential. Additionally,
VR-based approaches have been shown to support training by sim-
ulating an ecologically valid scenario in other domains (Lopez
et al. 2016; Paljic 2017). This has inspired safety academics and
practitioners to implement VR-based technologies to leverage
their potential in improving the safety skills of the workforce in
the construction industry (Perlman et al. 2014; Hadikusumo and
Rowlinson 2002; Park and Kim 2013; Zhao and Lucas 2015).
However, the efficacy of VR for safety training purposes in occupa-
tional settings can be further enhanced by incorporating emotional
engagement strategies that support improved learning outcomes
and long-term learning (Cahill and McGaugh 1998; Pekrun et al.
2002). Thus, the literature highlights the potential for VR to provide
meaningful advancements in current safety training programs.

Emotional Arousal to Facilitate Training in VR

The importance of emotion elicitation in learning contexts has been
deeply explored in the literature (Chung et al. 2015; Immordino-
Yang 2015). What has been consistently demonstrated is that
learners who experience emotional engagement during a learning
experience not only achieve learning objectives more rapidly but
also recall knowledge more readily (Chung et al. 2015; Mayer and
Estrella 2014; Plass et al. 2014; Um et al. 2012). For example,
a study by (Kim and Kines 2018) found that the use of emotionally
arousing video scenarios in safety training is effective in increas-
ing the safety knowledge and intentions of construction workers.
Similarly, Bhandari et al. (2019) found that construction workers
who receive safety training that includes an emotional component
(e.g., personal stories from workers who have experienced acci-
dents) have better safety knowledge and attitudes compared with
those who receive training that is purely cognitive (i.e., knowledge-
based) (Salame and Goransson 1989). Furthermore, emotional
arousal has been shown to generate motivation and promote
detail-oriented problem solving Pekrun et al. (2002) and Pittenger
and Duman (2008). There are many schools of thought on why
these relationships are observed, from flashbulb memory theory
(Finkenauer et al. 1998) to theories that consider neurobiological
effects of emotional arousal (McGaugh 2000; Kuo et al. 2007) on
learning and memory. In occupational environments, Wang and
Liao (2021) found emotional arousal to significantly mediate
and affect attention. This highlights the necessity of developing
training environments that yield targeted emotional arousal for im-
proved learning outcomes (Mauri et al. 2015; Lang et al. 1995).

In a construction engineering and management (CEM) con-
text, Bhandari and Hallowell (2017) found that hyper-realistic
re-creation of common workplace injuries can generate targeted
emotional arousal among construction workers. The elicitation of
such emotions not only improves learning outcomes (Bhandari
et al. 2019) but also conditions risk-taking behavior (Tixier et al.
2019). However, due to the logistical challenges associated with
developing hyper-realistic re-creations, it is difficult to adopt such
replications across different sectors of the industry in a cost-
effective manner. Alternatively, VR presents an opportunity to
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replicate realistic visceral emotional experiences in a cost-effective
manner without actually causing harm but generating life-long
motivation for learning. These key findings provide the impetus
for a deeper introspection on the capability of VR-based learning
modules that effectively generate and sustain emotional engage-
ment among learners in learning environments.

VR’s ability to elicit emotional arousal in order to support spe-
cific outcomes has been well studied in other domains like medical
and military training (Jones et al. 2002; Shilling et al. 2002; Ulate
2002; Altgassen et al. 2010). One such study reported that during a
military training simulation, participants in the “high arousal” con-
dition were significantly better at encoding and recalling objects
presented in the virtual environment (Shilling et al. 2002). The
entertainment industry has also long recognized the use of emotion
to effectively immerse a user in a virtual scenario (Ravaja et al.
2006; Villani et al. 2018) and VR’s role in eliciting higher levels
of emotional engagement in those scenarios (Kim et al. 2018).
For example, in a comparison between film viewing in VR and
traditional two-dimensional (2D) conditions, Ding et al. (2018) re-
ported a greater emotional effect when subjects watched the film
in VR. While VR has been shown to elicit higher arousal when
compared with videos or pictures in construction contexts as well,
the development of analogous VR experiences for construction-
specific applications has not been explored as a way to leverage the
potential for learning that follows an emotionally arousing experi-
ence. Therefore, by using emotionally engaging experiences from
other areas, researchers in the construction domain can explore de-
sign strategies to develop an emotional VR experience for hazard
recognition training.

Finally, existing frameworks such as Krathwohl’s affective
taxonomy (Morshead 1965) can be useful in evaluating the im-
pact of emotional experiences in virtual reality (VR). The affec-
tive domain consists of five levels of emotional development:
receiving, responding, valuing, organizing, and characterizing,
which are ordered by the principle of internalization or the pro-
cess whereby a person’s affect toward an object passes from gen-
eral awareness to a point where the affect is “internalized” and
consistently guides or controls the person’s behavior (Seels and
Glasgow 1990).

Gonzalez and Hernandez (2014) examined the use of Krawthol’s
taxonomy in the development of a virtual reality safety training pro-
gram for construction workers and found the program to be effec-
tive in increasing participants’ knowledge of safety protocols and
in promoting safe behaviors on the job. While traditional and con-
temporary VR may have evolved certain aspects of this hierarchy,
such as the receiving stage, by presenting information to be learned,
emotional and interactive construction VR may provide an oppor-
tunity to scaffold construction practitioners to higher forms of
learning by engaging and experiencing emotional stimuli in a
realistic VR setting. Therefore, future researchers may use such
accepted taxonomies to evaluate the impact of construction-specific
emotional VR for safety training.

Knowledge Gap

In recent years, VR-based training models have shown how they
can be used to counter the limitations of traditional training pro-
grams. However, there is an opportunity to further increase their
impact by enhancing emotional experiences in the simulation
through scientifically validated virtual features (e.g., learning
objectives, animation, visual and auditory realism, immersion,
presence).

While the literature has shown the potential for VR and the
effects of emotions on learning, there is little evidence on which
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features in a construction-specific virtual environment can be
systematically designed to trigger emotional arousal among indi-
viduals. Because this knowledge is not well understood, VR’s
potential has been limited to assessment, design reviews, and pro-
cedural training in the construction industry (Azimi et al. 2018;
Jenkins et al. 2020; Su et al. 2013; Teizer et al. 2013). By gathering
evidence on how other domains have elicited emotional responses
in virtual experiences, researchers can initiate a strategic explora-
tion into how similar features can be embedded in hazard recog-
nition training simulations. Identifying features that can achieve
emotional arousal in VR will enable future researchers to design
construction-specific VR environments in accordance with these
features and test their ability to elicit desired outcomes in the tar-
geted user group of construction professionals. The following re-
search questions are addressed:

RQ 1: What are the features in the selected videos that lead to an
emotional response?

RQ 2: What are the features in the selected videos that lead to
disengagement from the experience?

Methodology

Publicly available data obtained from social media platforms are
often used when obtaining objective data is either infeasible or
impossible (Amarasekara and Grant 2019; Miller 2015). Such data
provide an opportunity to access reactions of the general population
through their virtual interactions and responses to social engage-
ments. User reactions are comparable to user feedback, which is
important for making design decisions to improve human-centered
interfaces where the end user’s experience guides iterative design
development (Johnson 1998; Kuniavsky 2003). Specifically in con-
struction, researchers have studied the efficacy of social media plat-
forms to provide valuable insight and the potential for industry to
leverage such insight for making decisions (Kim et al. 2014; Tang
et al. 2017).

YouTube has emerged as a popular social media platform for
research purposes as it allows researchers to extract the large num-
ber of user comments that may offer insights into reactions to con-
textually appropriate video(s) (Yasmina et al. 2016). While there
were initially concerns regarding the reliability of comments due
to spam and redundant content, researchers have used filtering al-
gorithms to successfully utilize data gathered from YouTube for
content analysis to identify certain exploratory and confirmatory
patterns of human interactions, cognition, and behavior (Kim et al.
2010; Yoo and Kim 2012). Content analysis is a method that en-
ables researchers to make inferences by objectively and system-
atically identifying specified characteristics of messages (Holsti
1969). For example, Paek et al. (2010) performed content analysis
on comments left on 934 antismoking videos posted on YouTube
to identify how individuals reacted to various psychological and
informational features in those videos.

We used this approach to first filter and then analyze comments
posted on YouTube videos simulating hazardous situations to em-
pirically identify the features that yield emotional responses from
viewers. To achieve our research objectives, machine learning al-
gorithms were used to analyze characteristics of the comments and
extract semantic patterns, which have been established in other
domains (Agrawal and An 2012; Sarakit et al. 2015; Savigny and
Purwarianti 2017). Additionally, a qualitative analysis was per-
formed to interpret and seek an understanding of the initial outputs
from the machine learning algorithms (Chang et al. 2009; Creswell
and Poth 2007). The qualitative discourse presented allowed us to
critically discuss the different features identified and why they lead
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to engagement or disengagement among viewers. Additionally, the
qualitative findings provide a rationale for the inferential evidence
reported from objective analysis. These findings may provide
design guidance for future VR programs that deliver construction-
specific learning experiences while generating the requisite emo-
tional engagement.

We recognize that the videos selected were not construction-
specific. This was because this study serves as an initiation for ef-
forts that will support future development and more rigorous testing
of initial findings. Due to the low number of construction-specific
simulations of hazardous scenarios, constraining the selection cri-
teria would have limited the range of responses and consequently
made it difficult to draw meaningful conclusions. Therefore, we
elected to leverage more popular videos but chose ones that closely
replicated scenarios of interest—namely, hazardous situations—
that could guide the implications for developing construction-
specific emotional VR simulations. Since this paper does not make
claims about the direct impact of design decisions on eventual
construction-specific training, the specific differences in the con-
text of the simulations are not relevant to the validity of the findings
presented. In addition to enabling exploratory research, the selec-
tion of nonconstruction simulations enabled us to adopt a positivist
approach to identifying aspects that trigger emotional reactions by
avoiding any biases or expectations they may have or expectations
that may influence the findings. Instead, the nonconstruction videos
allowed for novel themes that naturally emerged from the data. This
data-driven approach provides a robust foundation for the develop-
ment of construction-specific VR.

We also want to note that this paper does not make claims about
the intensity of arousal based on the different modes of consump-
tion available to viewers posting comments, such as television,
mobile phones, or VR headsets. Instead, the paper inquires about
the aspects of the content consumed that elicited an arousing re-
sponse among its consumers. While a difference in intensity may
be hypothesized based on how the content was consumed, that is
not within the scope of this paper’s research question.

Natural Language Processing (NLP)

While a large quantity of data offers an opportunity to conduct an
in-depth analysis, it also poses some challenges. Similar to those
on other social media platforms, YouTube comments are short
and informal, with numerous accidental and deliberate errors and
grammatical inconsistencies. A manual analysis of such data using
human coders would not only be highly inefficient but also be un-
reliable, given the difficulty in achieving inter-rater consistency due
to irregularities in the understanding and use of language (Gergen
2015). Therefore, natural language processing (NLP), a subfield of
linguistics and artificial intelligence dealing with analyzing and
understanding language in a form that is natural to humans, was
used in the exploratory tests performed in this study. (Table 1 pro-
vides the relevant terminology.)

Although a novel method, there is precedent in the literature for
the use of NLP to extract insights from social media platforms such
as Youtube and Twitter based on textual content analysis (Liu 2012;
Severyn et al. 2014; Kolhatkar et al. 2020; Miiller et al. 2023; Das
et al. 2019).

Social media platforms provide access to a large and diverse set
of data, including a wide range of comments from individuals with
different backgrounds, cultures, and viewpoints. Such data are typ-
ically unstructured and written in natural language, which well suits
them for NLP techniques that can process and analyze text data.
NLP algorithms can be used to identify patterns, trends, and
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Table 1. Relevant terminology

Term Definition

Document Unit of text in a data set for NLP algorithms

Comments-data set Data obtained from YouTube consisting of
comments posted publicly in response to

selected videos

Topic-words Output from NLP algorithm of semantically
similar words in a piece of text indicating a

common topic

Topic-labels Inference on the topic being discussed based
on topic-words produced by the NLP

algorithm

VA-space Two-dimensional space with all comments
from the comments-data set plotted based on
their valence (V) and arousal (A) rating

obtained in data analysis

VA-quadrants Four quadrants of two-dimensional VA-space:
“positive valence-low arousal,” “positive
valence-high arousal,” “negative valence-low

arousal,” and “negative valence-high arousal”

sentiments in social media comments, which can be helpful for
understanding how people feel about a particular topic or issue.

Furthermore, similar NLP methodologies have been used in the
construction domain (Tang et al. 2017; Damirchilo et al. 2021; Lee
et al. 2019). While such data consist of a high amount of noise or
unrelated content, with programmatic methods to filter this out,
NLP provides an opportunity to streamline the analysis of big data
(Alberto et al. 2015), thereby significantly enhancing the internal
validity of the reported findings.

NLP Toolbox

A significant portion of the research protocol used NLP algorithms
to clean, structure, and analyze the data set of YouTube comments.
The next section outlines the algorithms used and how they were
trained. The set of algorithms and the approach shown has been
used extensively (e.g., Zhang and El-Gohary 2016; Liu 2012;
Serrano et al. 2020) on similar data sets (Kim et al. 2014; Yoo and
Kim 2012). For brevity, these algorithms are referred to here as they
were labeled in the data analysis, which is in parentheses.

Filtering Out Spam and Off-Topic Comments (Filter_Clean)

Typical sets of comments from YouTube contain some unwanted
ones that could be classified as either spam or off-topic. Spam com-
ments provide malicious/bare URLSs or illegible and automatically
generated text. Similarly, off-topic comments are ones that have
very little informative content—e.g., those containing single words.
Neither category of comments helped answer the research ques-
tions posed in this study, and it was important to distinguish
them from on-topic, meaningful comments. Hence, we used a filter
(filter_clean) that uses machine learning algorithms trained on a
training data set to automatically classify text into one or more
classes such as spam or useful (Asiri 2018). Here, the SenTube
corpus (Uryupina et al. 2014) was chosen as our training data.
It contains user-generated comments from YouTube and has been
annotated for spam filtering. We extracted a subset “SenTube_
Spam” from the original data set, yielding a training data set of
8,866 comments with inter-rater agreement scores of 0.94 and 0.56
for “spam” and “off-topic” labels, respectively. These ratings were
considered acceptable given the complexities and disparities in the
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range of comments found under YouTube videos (Uryupina et al.
2014).

For the machine learning classifier, we adopted the logistic re-
gression (LR) model to classify text as spam or not spam. Using LR
was appropriate here since the outcome variable would be binary.
However, before using LR to classify our own (unseen) data, it was
necessary to validate its performance. To do so, we benchmarked its
accuracy on a known data set, where we trained the LR classifier
on 80% of our SenTube_Spam data set and tested it on the remain-
ing 20% to achieve an acceptable accuracy of 76%. The LR clas-
sifier developed using SenTube_Spam was finally used on our
comments data set to filter out spam comments and retain the com-
ments labeled as not spam for the next steps, which are described
in subsequent sections. Additionally, all “stop words,” or words that
are most common in a particular language and add very little to the
semantic value (e.g., it, for, then, the), were first removed from
the -data set using the Natural Language Toolkit (NLTK) library
(Babanejad et al. 2020; Bird et al. 2009). This was done to avoid
skewing the outcome by incorporating words that do not provide
context about the emotional content of a document.

Valence-Arousal Scores (get_VA)
Valence (positive versus negative) and arousal level (activating ver-
sus passive) along with dominance (degree of control) are key di-
mensions of emotions (Osgood et al. 1957; Russell 1980, 2003).
The valence dimension shows overall emotional polarity; that is,
is the person experiencing more pleasant than unpleasant feelings
towards a stimulus? The arousal dimension indicates the degree to
which an individual is experiencing the discrete emotions, such as
happiness, sadness, anger, joy, and surprise (Russell 1980).
From the National Research Council of Canada (NRC) comes
NRC-VAD, an emotion knowledge base of valence, arousal, and
dominance (VAD) numerical vectors for about 20,000 English
words, with scores for V, A, and D ranging from 0 to 1 (Mohammad
2018). For instance, the VAD vector of “success” is represented
as (0.96, 0.88, 0.98), indicating valence, arousal, and dominance
scores, respectively. Similarly, “crying” is represented as (0.15,
0.70, 0.21), indicating high arousal but a negative valence. How-
ever, for the purposes of this study, the two dimensions of valence
and arousal themselves served as strong indicators of how indi-
viduals perceive, adapt, respond, accept, and apply new knowl-
edge (Bischoff-Grethe et al. 2008; Parthasarathy and Busso
2017; Schechtman et al. 2010). Thus, the dominance scores were

eliminated and only the valence and arousal scores were considered
in the get_VA algorithm.

Topic-Words Algorithm (Topic_Modeling)

Topic modeling in NLP refers to the task of identifying topics that
best describe a set of textual data. The output of this algorithm is a
set of topic-words, or words that are semantically similar in a given
context, indicating a topic. In this study, the topic-modeling task
was leveraged to obtain an indication of the topic being discussed
for comments reflecting a common emotional response to a particu-
lar video. However, simply extracting the most frequent words in a
document is not very useful. A better approach is to identify more
meaningful words that represent the underlying semantic theme of
the document. Thus, the topic_modelling algorithm was used here
to obtain topic-words for the comments-data set.

We employed the well-established and popular technique of
topic modeling called latent Dirichlet allocation (LDA) (Blei et al.
2003), which is a generative probabilistic model in which every
document is a combination of topics and the combination of words
signifies the topics.

We used the LDA with the online variational Bayes algorithm,
from the Scikit-learn library (Pedregosa et al. 2011), with the num-
ber of topics and the number of words in a topic set to 10 and all
other parameters set to default.

Research Protocol

Fig. 1 illustrates the research protocol, which is elaborated in the
following sections.

Step 1: Select Videos and Download Comments
We were interested in the features of a video that supported or de-
terred engagement and emotional arousal in the viewer (Table 2 is a
list of selected videos). Videos from YouTube were selected based
on certain features that best aligned with the research goal of iden-
tifying psychological and technological features that affect view-
ers’ emotional engagement in virtual simulations. The following
characteristics were sought in the videos selected by the authors:
* Single event simulation: This filter eliminated videos that were
simulations of multiple situations (e.g., driving to the store
and walking inside the store to purchase items) instead of single
ones (e.g., driving to the store) to avoid studying comments
with varying focus points. This feature avoided capturing con-
founding effects in the data set.

Human
3 YouTube API , inference using,
§ Facepager “hlxcr (‘l(‘.‘"{] ” Get_VA ” l Topic_modeling l topic-words
N N 0
2 Obtain valence Label
< S 0 Dro- ssi
g Select videos & o Pre-processing | | o usal j—e{ comments Obtain L VA-quadrants
= extract comments of comments topic-words )
s scores with topics
» v i i . - v
2 ' omments Topic-labels for
8l comments-dataset Clean sco\r('{: {:)r scattered in valence | /"Topic-words for \';\-q[:mdmn(s for
S ) comments-dataset mment and arousal space VA-quandrants each video
comments (VA-space)

Fig. 1. Research protocol.
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Table 2. Videos selected from YouTube

Relevance to RQ

URL Notation
https://www.youtube.com/watch?v=f_pFe3Jglvw car_flood
https://www.youtube.com/watch?v=xjnnuubKS_s plane_ride

https://www.youtube.com/watch?v=kOnWwE9Qq0s plane_crash

https://www.youtube.com/watch?v=pkO0jUF-e8M

https://www.youtube.com/watch?v=gOc1dAcfCfk car_texting

https://www.youtube.com/watch?v=Vpj-J{DU-4M

weather_tornado

escape_blocked

Simulates the emotional experience following the mistake of driving
into a flooded area

Simulates the emotionally intense experience of a turbulent plane ride
Simulates the emotionally intense experience of surviving a turbulent
plane crash from a first-person perspective

Simulates the experience of being caught in a tornado

Simulates an accident following a driver who continues texting while
driving

Simulates the panic of being caught in a high-rise with jammed
elevators and doors

» First person point of view: This characteristic required the vid-
eos to be in the first-person perspective. This was important
to support the development of simulations for VR-based train-
ing programs which would inevitably situate individual workers
(e.g., first-person perspective) in a virtual environment with a
head-mounted display (e.g., HTC Vive, Oculus Quest, Valve In-
dex) for an immersive experience with high ecological validity.

* Experience of consequences: Videos that simulate hazardous
situations (e.g., tornadoes and car accidents) with unfortunate
and negative consequences (e.g., death, injury, or property dam-
age) were selected to capture the emotional reactions and/or
disengagements of users within the experience. This aligned
with safety-based VR training programs that seek to generate
emotional arousal to condition behavior and improve learning
outcomes.

e Virtual, not real: Videos selected were all virtual simulations
using virtual objects as opposed to reality-captured videos of
reenactments using real people/environments. This was done
because emotional reactions to real actors as opposed to virtual
characters might be different and VR experiences that afford
interactions are predominantly developed using virtual artifacts
and characters.

After selecting the videos listed in Table 2, their posted com-
ments were gathered using the YouTube application programming
interface (API). The API was accessed using Facepager software,
which enables accessing publicly available data from YouTube,
Twitter, and other social media platforms (Jiinger and Keyling
2020).

Step 2: Preprocess the Comments-Data Set

Before analyzing the data set, the filer_clean algorithm was used to
remove any inconsistencies in formatting to enable a systematic
analysis and also to remove comments that did not add value to
the discussion based on the video, generally referred to as spam.
As noted, this step enabled us to eliminate spam and “stop- words”
from comments, which were not informative.

Step 3: Obtain Valence and Arousal Scores for the Data Set

Valence and arousal scores were obtained from the get_VA algo-
rithm previously described. For a comment sequence consisting of
n words, d = {wl,w2, ..., wn}, the VAD vectors for each of its
words was referred to using the NRC-VAD; thus, an overall va-
lence, arousal, and dominance score for the comment was obtained
by computing the average of the score of all the individual words.
The average was calculated by dividing the sum of VAD scores for
words in a comment by the number of words in that comment. This
approach has been validated (e.g., Taboada et al. 2011). Once gen-
erated, the valence and arousal scores were mapped onto the two
dimensions of valence and arousal rating to explore the distribution
of the valency and arousal of the comments. This two-dimensional
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space defined by valence and arousal scores is referred to as
“VA-space” in this paper.

Next, the VA-space was divided into four separate categories
based on the valence and arousal scores (i.e., positive valence-low
arousal, positive valence-high arousal, negative valence-low arousal,
and negative valence-high arousal) similar to the four quadrants of
Posner’s circumplex model (Posner et al. 2005). Organizing the
comments based on the combination of valency and arousal en-
abled the authors to explore the shared underlying antecedents that
may have led to observed emotional reactions.

Before moving on to the next step, considering the negative
valence of the videos and after a manual review, comments in the
positive half of the valence dimension (rating >0.5) were removed
from further analysis. It was decided to ignore these comments,
as they generally praised the video but did not provide insight
into its content. Also, the fact that these comments had a positive
valence indicated that they were not specifically reactions to the
content, which were naturally negative in valence.

Step 4: Obtain Topic-Words for Each Quadrant of
VA-Space

After eliminating comments with a positive valence score, the LDA
topic_modeling algorithm was applied to the remaining subset of
comments organized according to the comments’ shared emotional
scores in the two quadrants of the VA-space (low valence-low
arousal and low valence-high arousal).

The output produced was a cluster of words that occurred to-
gether in each of the two quadrants according to a certain topical
pattern. These topic-words had an internal consistency—they often
appear together in the documents and/or do not typically appear
outside that cluster of semantic space. In this manner, topic-words
were obtained for the two categories of reaction (i.e., the two quad-
rants of the VA-space) for all videos individually. The following is
an example of the topic-words obtained for comments in a quadrant
defined by low valence and low arousal scores for a car crash video:
phone, driving, looking, text, crash, turn, man, going, guy, scared.
As can be seen, the topic-words do not semantically or syntactically
form a meaningful sentence but are indications of the common
topic of the comments being analyzed. It should be noted here that
the context of the video and the guiding question are important in
interpreting a potential topic from the output of the NLP algorithm
(Chang et al. 2009). Thus, after obtaining topic-words for each
quadrant in each video’s circumplex, we sought qualitative human
inference to label the topics for each quadrant, relying on the
indication of topic-words obtained in this step.

Step 5: Label VA-Quadrants with Topic (Topic-Labels)
Based on Topic-Words

After the topic-words were obtained for each cluster of comments,
human inference was required to identify the underlying common
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topic suggested by the topic-words (Chang et al. 2009). Under-
standing the context based on which topic-words have been gen-
erated is crucial to extracting relevant themes or “topic-labels.”
Such “themes” based on contextual understanding mimic a quali-
tative thematic coding process, which is inherently subjective, to
identify themes that are not evident in the objective data (Maxwell
2016; Creswell and Poth 2007).

Similarly, contextual knowledge around the video scenario is
important in deriving topic-labels. Thus, the video was carefully
re-evaluated in conjunction with the newly derived topic-words
to interpret the underlying topic, which clusters them in semantic
space. Further, specific goals have a significant impact on how this
step of topic labeling is carried out. Therefore, a deductive method
was adopted to structure the coding based on tags that were rele-
vant to the research question, but the codes for each tag were
coded inductively based on the comments posted for each video
(Maxwell 2016; Guest et al. 2011). For example, the authors first
read the topic-words derived for a particular VA-quadrant posted
for Video X followed by watching the entire Video X.

Next, we read the topic-words and referred to the comments
that they related to for a holistic understanding of the comments in
addition to the topic-words. Then, to deductively label the topic-
words, we coded a group of topic-words based on three queries
after reaching consensus:

e Are the comments content or video related?

*  What is the key characteristic discussed in the comments?

e What is the effect expressed in the comments as it relates to the
key characteristic?

The three tags together constituted the topic-label for a quadrant
of comments posted for a particular video which were coded induc-
tively from exploration of the raw data (Creswell and Poth 2007).
Fig. 2 shows the process of labeling a quadrant based on the topic-
words.

Responses to the first query, “Are the comments content or
video related,” provided information about whether the cluster of
comments were discussing features of the video itself or the
contents of the video. A topic labeled “video” contained comments
generally discussing the quality or effectiveness of the video,
whereas a topic labeled “content” contained comments discussing
its specific contents. Responses to the next query, “What is the key
characteristic discussed in the comments,” revealed information
about the fundamental feature being discussed in the cluster of
comments. A full list of key features coded for all comments is

Topic-words

Query 1

Video or content
related?

Key Aspect?

Video or Content
related

Selected aspect * Selected effect

Topic Label
(relation/aspect/effect)

Fig. 2. Systematic approach to labeling topics based on topic-words.
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Table 3. Codes for key features discussed in a set of topic-words

Key feature Description

Audio cues Auditory cues of abstract or remote occurrences

Bad graphics Graphical quality of video

Missing virtual Presence of virtual character in experience
character mistake

Mistake Mistake being made is simulated in the video
Sound effect Sound and audio in the video

Unattempted fix Insufficient options portrayed as solution to a

problem unexplained constraint

Unexplained
constraints

Certain rules of the virtual world not explained

Unreal characters Realism of the video’s characters

Unreal consequence  Realism of an action’s consequences simulated

Virtual character
consequence

Virtual character experiencing the consequence of
an event

Realism of virtual character’s interaction with its
environment virtual interaction

Virtual character
uninvolved

Virtual interaction First player’s ability to interact with objects in the

virtual world

Visual cues Visual cues of abstract or remote occurrences

provided in Table 3. Lastly, the effect tag from the third query
abstracted the general reaction expressed in the cluster of com-
ments. These ranged from intense emotion to disappointment to
disengagement.

Results

Descriptive Statistics

From the selected videos, 8,043 comments were downloaded using
Facepager (Jiinger and Keyling 2020). The preprocessing of the
comments using filter_clean reduced the entire data set from 8,043
to 2,413. While this seems as though a majority of the data set was
eliminated at this stage, it should be noted that spam comments
are commonplace on social media platforms (Alberto et al. 2015;
Sureka 2011) and even when they are not malicious, many can be
irrelevant to the video, rendering them uninformative in terms of the
research questions.

After processing and filtering the data set, the authors first de-
termined the valence and arousal scores of the comments for each
video. Next, the topic-words were obtained for each quadrant of the
VA-space and finally, the topic-labels were obtained by referring
to the topic-words of a quadrant and corresponding comments from
the comments-data set (Table 1). The following sections detail
these results in chronological order.

Valence and Arousal Scores

As noted previously, the valence and arousal scores obtained from
the get_VA algorithm were plotted along the Valence and Arousal
dimensions in values of 0 to 1. Each data point on the plot in Fig. 3
depicts a comment from the selected videos (Table 2 lists the video
notations).
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1.00 -

video
. * car_texing
* escape_911
* plane_crash
* plane_ride
. * weather_flood
* weather_tornado

0.50 -

Arousal

0.25-

0.00 -

0.00 0.25 0.50 0.75 1.00
Valence

Fig. 3. Distribution of comments on Valence and Arousal dimensions
(VA-space).

It is clear from the scatter plot of comments along the Valence
and Arousal dimensions that a majority of the comments fell in the
negative half of the valence dimension (Rating <0.5). This result
was consistent with the type of video selected, portraying an un-
desirable situation and the consequences of events that occur in that
situation. For example, during an experience in which the user gets
into a car accident or loses a friend due to driving into a flooded
area, negative valence responses are expected.

Topic-Words for Each Quadrant

After the comments were plotted along the Valence and Arousal
dimensions (VA-space), the topic-words for each video’s quadrants
were obtained by applying the topic_modeling tool to cluster
words in the semantic space. As described previously, comments
with a positive valence score were eliminated, leaving two VA-
space quadrants: “low valence-low arousal” and “low valence-high
arousal.”. Table 4 lists the unique topic-words obtained for all
videos selected for analysis. These topic-words indicate the topic
of discussions for the cluster of comments that elicited a reaction
defined by the quadrants they lie in.

Underlying Topics (Topic-Labels)

The topic-words (Table 4) obtained represent the words that appear
together in the comments and predicted to generally refer to the
same topic for this reason. However, such pure text data are nat-
urally complex and may pick up on idiosyncratic correlations of
the words in a set of comments. Thus, conceptually spurious words
can appear together not because they are related to other words in
a topic semantically but because they are demographically corre-
lated. For example, the following topic-words were obtained for a
car crash video: speeding, fault, horseman, guy, steer, hit, deploy,
and airbag. it is clear, after getting a contextual understanding
of the video, that this topic generally refers to a car accident.
However, the topic-word “horseman” seems out of place and un-
related to the underlying topic. One of the reasons for the anomaly
could be a cultural reference that places the word demographically
close to the topic without any real relevance to it. This limitation of
topic-modeling algorithms requires some human inference to ana-
lyze the topic-words with prior knowledge of the context of the
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Table 4. Results of topic-words for all selected videos

Video Topic-words

car_texting speeding, steer, red, fault, hit, horseman,

deploy, guy, airbag, disguise

weather_flood door, claustrophobic, hard, happen, escape,

beast, crying, idiot, deep

escape_911 acting, jump, engine, voice, hit, scared,

disrespectful, suicide, loud, smoke, volume

weather_tornado realism, house, rug, love, rebuild, position,

gives, destroying, anxiety

plane_ride thing, screaming, happy, scared, hell, girl,

body, die

plane_crash scare, survive, simulation, physics, landing,
explode, wreck, strip, crash, mention,

accident, ironic

videos and the goals of classifying topics. Thus, topic-labels were
inferred from the topic-words for each VA quadrant (van Kessel
2019; Chang et al. 2009).

To systematize the inference process for the purposes of this
study, topic-labels were obtained by answering the three queries
outlined in Step 5 of the research protocol (Fig. 1). The resulting
labels for each comment constituted three codes corresponding to
the three queries. As an example, the topic-label is provided here
for comments plotted in the low valence-low arousal quadrant of
the car_texting video with the following topic-words: phone,
driving, looking, text, crash, turn, man, going, guy, scared. These
were labeled content, mistake, and emotional for the three queries
that constituted the topic-label. The content tag was selected be-
cause the comments in this cluster were generally in relation to a
specific event in the video where the virtual character gets into an
accident by virtue of texting while driving. The key feature of the
video that these comments are reacting to is the mistake of texting
while driving, which eventually leads to an accident.

And finally, the effect query was tagged as emotional because
most comments in this cluster are expressing anger or some form
of emotion in reaction to the mistake that the character makes in the
simulation. More examples of topic-labels for a group of topic-
words from other videos are presented in Table 5.

Discussion

The purpose of this study was to inform the design of virtual sim-
ulations specific to the construction industry by leveraging reac-
tions posted by individuals in the YouTube comments section.
While development of VR environments has been explored in
other domains, the findings often inform VR development in gen-
eral but not for specific scenarios like the hazardous situations that
were of interest in this study (Hudson et al. 2019). For example,
it has been found that social interactions, virtual avatars, and eye
contact elicit arousal; however, these findings are reported to im-
prove storytelling in VR (Monteiro et al. 2018; Ho and Ng 2022),
not to develop hazardous scenarios. While prior findings provide
value, they do not provide similar aspects to be included in a haz-
ardous training simulation, which has limited the development of
emotionally arousing VR simulations for construction training.
This is a key distinction because there is a fundamental difference
in what humans perceive and pay attention to in a hazardous envi-
ronment compared with a nonthreatening environment. Aspects
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Table 5. Examples of topic-labels

Topic-label
Topic-words Content/video Key feature Effect
guy, water, door, dude, watching, best, omg, crying, really Content Virtual character consequence Aroused emotion
scared, guy, happen, sup, bad, crying, saw, died, freaked, deep Content Virtual character consequence Aroused emotion
window, break, open, windows, door, seat, roof, water, use, situation Content Unattempted fix Disappointed

that may not be salient in a nonthreatening scenario may suddenly
become salient in a hazardous situation and vice versa. This has
been thoroughly explored in research on relevance realization,
which investigates how the context of our environment dynamically
affects our perception and attention systems (Vervaeke et al. 2012;
Vervaeke and Ferraro 2013). It is not obvious that aspects reported
in the literature are salient and consequently worth developing for
a hazardous environment. It would be unwise and inefficient to al-
locate resources to these aspects before investigating what is appro-
priate and salient to users in a hazardous scenario. The findings of
this study, on the other hand, focus on aspects of the simulation
during hazardous scenarios to extract higher-order patterns that can
be implemented in construction-specific VR development to elicit
realistic reactions.

Therefore, comments posted about hazardous simulations that
have high external validity were used because they are not typically
restricted to a target population. Thus, finding relevant and scien-
tifically validated patterns can be highly applicable to the general
population (Savigny and Purwarianti 2017; Uryupina et al. 2014).

Considering the differences among selected videos and the
topic-labels obtained for them, certain patterns were identified that
provided exploratory evidence of a particular video’s ability to
emotionally engage viewers and also features that led to disengage-
ment. These patterns, if confirmed by future researchers, could
inform the design of construction-specific virtual simulations,
especially where engagement, attention, and emotional arousal in
the user are desired. This discussion is structured around these
major patterns and their implications for the design of construction-
specific virtual simulations.

Pattern 1: Role of Nonplayer Characters in Generating
Engagement

Virtual characters in a simulation that are not embodied or con-
trolled by the user are called nonplayer characters (NPCs)
(Warpefelt 2016). Our findings revealed that there was a difference
across the videos in how viewers responded to NPCs placed in the
virtual environments. Videos that required NPCs to interact with
viewers generated higher levels of emotional engagement than vid-
eos in which NPCs had no interaction or communication with view-
ers. For example, when examining the topic-labels generated from
the car_flood video (Table 5), which simulated NPCs interacting
with viewers through a casual conversation, there were sympathetic
and empathetic responses from viewers when the NPC encountered
a negative event. Topic-labels such as “virtual character conse-
quence” were observed for this video experience that indicated
words such as friend, guy, help, crying, and scared. Comparatively,
the plane_crash video, which did not have NPCs interacting with

viewers, generated more humorous, sarcastic, or even aggressive
comments. Topic-labels such as “disengagement” and “unrealism”
reflected jokes being made about the suffering virtual character,
which highlighted the difference between the emotional engage-
ment and experience of the viewers of the two videos showing sim-
ilar simulations.

In the literature, the function of NPCs in VR applications to tar-
get emotional arousal of construction workers has not been vali-
dated or discussed in detail. Considering the difference virtual
avatars can make in emotional engagement, which is a primary
antecedent to learning, the authors propose the following (a sum-
mary is provided in Table 6):

e Integration of virtual construction workers and their involve-
ment in a safety incident to trigger an emotional reaction.

» Establishing a connection to achieve social immersion with
virtual construction workers in order to maintain the user’s
engagement. This could be done through a scripted personal
conversation with the virtual character as in the escape_blocked
video. Failure to establish a connection with the virtual character
could lead to a missed opportunity for emotional arousal in a
construction simulation when, for example, a safety incident
negatively affects the NPC.

e Integration of artificial intelligence to introduce believable
agents who behave in a believable manner in the audience’s
perception (Mateas 1999).

Pattern 2: Relevant Realism to Avoid Disengagement

Another observed pattern related to the effect of realism on the
viewer is relevant realism to avoid disengagement This pattern
relates to the production of the simulation itself rather than the
content of the video, as indicated by the topic-labels. The quality
of the physics engine of the simulation was indicated to be impor-
tant. A bad physics simulator was seen to disengage viewers from
the scene. Similarly, related to production of the content, graphic or
visual realism emerged as an important consideration in maintain-
ing engagement. Disengagement from videos with poor graphic
quality was observed because it became the topic of the viewers’
attention as reflected in their comments. However, some studies
have proposed that physical realism is not important for presence
in virtual environments (Loomis 1992; Rosenberg 1994). This dis-
agreement may be due to variations in the content of the simula-
tions. The value of graphical realism needs to be further tested for
its relevance in engagement as it relates to triggering emotional
arousal. This is an important design decision given that physical
realism is a potentially significant cost in terms of computing
capability, which is a limited resource. Therefore, VR designers

Table 6. Summary of design implications for construction-specific VR from Pattern 1

Design insight

Example

Integrate virtual characters
Establish connection with virtual characters
Introduce BA using artificial intelligence

Presence of virtual construction workers conducting various tasks on the virtual construction site
Trigger casual scripted conversation by virtual character when in the vicinity of the user
Enable BA capabilities for some virtual construction workers
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may benefit from looking at specific use cases of the experience

rather than adopting umbrella design strategies.

In addition to the quality of the simulation, realism in terms of
the user’s ability to manipulate the environment was also observed
as a potentially important influencing factor in the viewer’s pres-
ence in the virtual world. Videos that simulated the player’s inter-
action with virtual objects in the environment were marked with
labels that indicated higher engagement of the viewer as opposed
to videos where the user was merely a point of view with no ability
to manipulate the virtual environment. This is supported by evi-
dence in the literature on virtual presence that proposes interaction
in a virtual environment to be instrumental in establishing presence
(Loomis 1992; Rosenberg 1994).

Following are some implications for designing construction-
specific VR experiences based on findings about the value of real-
ism in a virtual environment (a summary is provided in Table 7):
* A good physics engine must be used in the development of

the VR experience. The physical rules are especially important
for simulating a hazard recognition task, since it has been shown
to improve performance when workers use Haddon’s energy
classification to identify hazards (Haddon 1973; Albert et al.
2014b).

» the development effort must focus time and resources on the
development of realistic physical features of the environment.

e Internal discomfort like excessive heat, exhaustion, and heat
stroke should be simulated in the virtual experience by consult-
ing with construction workers and aiming to simulate their per-
ceptual experience in those situations.

» To stimulate a realistic auditory experience in addition to visual
realism, three-dimensional spatial ambient sound recorded on a
real construction site can be integrated into the immersive virtual
construction experience.

» Users prefer to have agency to interact with virtual objects and
have an impact in the virtual world. In a hazard recognition task,
allowing the user to have an impact on the probability of a haz-
ard causing an accident could be facilitated by this capability.

Pattern 3: Importance of Logical Consistency

The third pattern highlights the importance of maintaining logical
consistency in a simulation. Unrealistic consequences or illogical
occurrences lead to disengagement and act as a deterrent to trigger-
ing emotional arousal. An example of this was observed in the
weather_tornado video, where a piece of furniture remained still
during a tornado when in reality it would have been thrown by
the tornado’s centrifugal force. This type of illogical event seemed
to disengage the viewer’s attention. Logical consistency in a sim-
ulation could be especially important if the user were familiar with

Table 7. Summary of design implications for construction-specific VR
from Pattern 2

Design insight Example

Good physics engine Integration of physics engine in

the game development software

Render models with realistic
textures and include ambient 3D
sound recorded on a real
construction site using
ambisonic microphones

Simulate perceptual discomfort for
nonobvious symptoms of
hazardous environment

Provide agency to the user in a
virtual world

Ability to avoid an accident by
managing a hazard on a virtual
construction site

the situation being simulated. Similarly, sometimes limited sensory
access to a virtual world leads to some characteristics of the expe-
rience seeming illogical. For example, in the weather_flood video,
viewers seemed to disengage because it was not clear why someone
stuck in a car during a flood would not try to open the door. How-
ever, addressing how water pressure on the door would make it
difficult to open during a flood might have resolved this issue
among viewers to avoid disengagement. This highlights the impor-
tance of addressing nonobvious and especially nonvisual features
of the environment such as pressure. Without the simulation of such
nonobvious features, the virtual environment might seem unnatural,
risking disengagement.

The findings regarding the importance of addressing nonvisual
or nonobvious features in the simulation highlight the importance
of involving features of the construction site in the environment,
which might be beyond the scope of visual and auditory sense
perception afforded by typical VR systems. Many aspects of
the construction environment, especially ones that have a direct
effect on construction site safety are nonobvious, nonphysical,
or nonvisual.

Examples of these include suboptimum weather conditions,
hazards due to gravitational or stored potential energy (Albert et al.
2014b), and other working conditions that are imperceivable to vi-
sion or hearing. A potential approach to addressing these features
of the environment is to introduce them in a scripted dialogue with a
virtual character in the environment. However, there is an apparent
limit to the number of characteristics that can be introduced through
dialogue and that can be held in the user’s working memory. Thus,
technologies that enable haptic feedback and other sensory stimuli
in VR could be helpful in conveying some of these characteristics.
In the simulation of a construction environment for hazard recog-
nition training, it seems essential to involve sensations beyond sight
and hearing due to the numerous nonphysical sources of hazards
as showcased in the hazard energy wheel by Haddon (1973) and
specifically in construction by Albert et al. (2014b). Thus, involve-
ment of technologies like haptic feedback are especially relevant to
guiding subsequent studies that explore their effect on safety learn-
ing (a summary is provided in Table 8).

Limitations

The primary limitation of this study is the reliance on nonconstruc-
tion simulations due to the lack of construction simulations
of hazardous scenarios to target emotional arousal. However,
VR development is labor-intensive and VR learning requires sub-
stantial professional resources that can be hard to access. Therefore,

Table 8. Summary of design implications for construction-specific VR
from Pattern 3

Design insight Example

Resolve logical fallacies in the
simulation

Involving a SME in the design
process to verify the validity of
the virtual world

Introduce nonobvious
characteristics of the environment
in a dialogue with a virtual
character

Introduce high temperatures by
scripting virtual construction
workers who complain about
the heat or mention discomfort
due to the heat

Introduce nonvisual characteristics
of the environment using additional
technologies

Use haptic feedback gloves to
simulate vibrations of a concrete
vibrator; use heat fans to
simulate high temperatures
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even though the design decisions in this paper may not make
construction-specific claims about effects on construction learners,
they can provide relevant guidance based on existing evidence to
help future researchers use their VR development resources wisely,
especially in the development of industrial use cases of VR that aim
to elicit emotional arousal.

Secondly, the study relied on a sample of anonymous com-
menters on YouTube, which may not be representative of the
population of interest, which is construction workers. However,
future researchers can leverage these findings to develop construc-
tion simulations and gather feedback from construction workers
using robust quantitative and qualitative measurements afforded
in an experimental setting. These efforts will not only enable
construction-specific feedback but may also encourage future
use of nontraditional data like YouTube comments for the design
of simulations based on intended emotional reactions.

Overall, the study was limited by its exploratory nature. Its
results provide evidence of some design implications for
construction-specific VR simulations, but further research is
needed to confirm its findings and establish their generalizability.
In particular, future research should focus on gathering feedback
from construction practitioners on context-relevant virtual environ-
ments to assess the impact of design decisions on learning out-
comes in a construction-specific context.

Conclusion

In an effort to address the limitations of traditional lecture-based
hazard identification training by introducing immersive VR envi-
ronments, this study’s findings inform the design of such environ-
ments to leverage emotional arousal and maintain users’ attention.
The contribution of this work is a novel approach to deriving feed-
back from users of virtual simulations from other domains by ana-
lyzing comments about YouTube videos that resemble the desired
training environment.

The patterns identified in the reactions to specific features of the
videos provide evidence for certain design decisions to be made
in developing a construction-specific virtual environment. The rec-
ommended design implementations relate to nonplayer characters
(NPCs), realism of the virtual environment, logical validity of the
environment, and integration of additional technologies to simu-
late sensations beyond visual and auditory perception. Based on the
patterns that were observed, the authors report design implications
for a construction-specific VR environment where an emotional
reaction is desired.

This work makes two primary contributions. First, it contrib-
utes to the construction research body of knowledge by defining
a method to leverage NLP strategies to make sense of large data
sets of unstructured human-generated comments. Second, it may
inform subsequent construction safety training research targeting
VR to replicate the kinds of scenarios that can be hazardous.

While the findings of this work have not yet been validated by
construction-specific VR safety research, they offer usable, and
evidence-based, development strategies to inform the development
of virtual construction simulations based on findings from other
relevant domains.
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