ABSTRACT
SAVILLE, JASON DONALD. Virtual Reality Learning Self-Efficacy: Does the Topic of VR
Training Matter? (Under the direction of Dr. Lori Foster).
Virtual reality (VR) is increasingly being used for education and training, raising questions about
how to assess the degree to which people feel competent learning through VR. In 2022, Saville
and colleagues developed the Virtual Reality Learning Self-Efficacy Scale (VRLSE). The
current experiment builds on their work. VR can be used for a wide range of training programs
that vary with respect to the skill type and learning outcomes targeted. Whether the training
content affects pre-training self-efficacy when VR is used for instructional purposes remains an
open question. The present experiment tested whether the skill type and learning outcome
targeted by a training program affect (a) how VRLSE scale items are interpreted; and (b) self-
efficacy beliefs. A total of 831 participants recruited from the online research platform Prolific
were randomly assigned to one of seven conditions resulting from a 2 (Skill Type: interpersonal
or technical) x 3 (Learning Outcome: cognitive, skill-based, or affective) fully crossed factorial
design plus a control group. Participants read about a hypothetical VR training program and
provided ratings for VRLSE, potential moderators, and demographic items. Those in the control
group read a generic vignette that did not specify skill type or learning outcome of the VR
training. Those in the other six conditions read a vignette for VR first aid training highlighting
one skill type and one learning outcome. Results confirmed prior work indicating the best-fitting
model for the VRLSE scale is hierarchical, with one overall VRLSE factor and two subfactors of
Learning and Interaction (Saville et al., 2022). Additionally, the VRLSE scale demonstrated
measurement equivalence/invariance across all conditions. Finally, neither skill type nor learning

outcome significantly affected the interpretation of VRLSE items or VRLSE beliefs themselves.
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CHAPTER 1: INTRODUCTION

Every year, the world’s organizations spend hundreds of billions of dollars (USD) on
training programs and initiatives (Bouchrika, 2020). Organizations around the globe seek to train
individuals as efficiently and effectively as possible. There is no one-size-fits-all solution, and
training designers may turn to a growing list of different and exciting technologies to help
facilitate successful learning experiences. Virtual Reality (VR) is one such technology, which is
growing in popularity (Alsop, 2022). Empirical attention is needed to fully understand how best
to utilize VR for learning.

Learning technologies like VR are only one component leading to successful training.
Individual characteristics, such as locus of control (Colquitt et al., 2000), conscientiousness
(Colquitt et al., 2000), and motivation to learn (Goldstein & Ford, 2002; Noe, 1986; Quifiones,
1997; Salas et al., 2012) also play an important role in training effectiveness (Bell et al., 2017).
An especially important individual characteristic is self-efficacy, which reflects the confidence
individuals have that they can succeed at something. There is a rich literature establishing the
importance of self-efficacy beliefs for training outcomes such as learning and job performance
(e.g., Gist et al., 1991, Kirkpatrick, 1967; Noe, 1986). Additionally, several studies have
established relationships between self-efficacy to use specific technologies, such as computers,
and training outcomes such as learning engagement and learning performance (e.g., Chen, 2017;
Compeau & Higgins, 1995; Gist et al., 1989). However, there is a dearth of research examining
self-efficacy to use VR to learn. This is surprising, as the strengths and use cases of VR as a
learning and training technology have been investigated for several decades.

Recently, a Virtual Reality Learning Self-Efficacy (VRLSE) scale was developed to help

address this gap in the literature (Saville et al., 2022). As a nine-item assessment, the VRLSE



scale stands as an instrument that could be deployed by organizations to assess employee
readiness for VR training even before the training itself has been designed. The advantage of this
early intervention is driven primarily by potentially significant time and resources saved: if
organizations decide to use VR to train their employees, and if employees subsequently exhibit
low confidence to learn using VR, employers can engage in targeted interventions to bolster
those beliefs. Thus, a simple deployment of the VRLSE scale may have significant benefits for
employers looking to maximize the outcomes of costly training programs.

The current study seeks to replicate and build upon Saville et al.’s (2022) currently
unpublished VRLSE work. Recognizing the wide range of material that can be taught through
VR, the present study examines individuals’ self-efficacy to learn different types of material
through VR training targeting a range of learning outcomes. Specifically, the purpose of this
study is to: 1) confirm the previous factor structure of the Virtual Reality Learning Self-Efficacy
scale using a new sample; 2) test whether the VRLSE scale structure remains the same when
utilized for different training programs that vary with respect to skill type and learning outcome;
and 3) experimentally examine whether virtual reality learning self-efficacy beliefs are affected
by the skill type and learning outcome targeted by a VVR-based training program.

Virtual Reality Training

Recent decades have seen training program designers shift from viewing trainees as
passive recipients of information to viewing them as having an active role in their own learning
(Bell et al., 2017). This shift has been facilitated by technology being woven into training that
allows people to have more control over their learning (Noe et al., 2014). Rapid technological
advances have allowed for exciting new possibilities for learning technologies to be incorporated

into training, such as game-based learning (Graafland et al., 2019; Hendrix et al., 2016; Sousa &



Rocha, 2019; Spain et al., 2021), augmented reality (Barsom et al., 2016; Kaplan et al., 2021,
Wang et al., 2017; Wang et al., 2018 ), and VR (Abich et al., 2021; Jensen & Konradsen, 2018;
Lackey et al., 2016; Li et al., 2017).

VR is not a new technology by definition, nor is VR new to the training domain.
However, increased commercial availability and affordability have allowed VR to be more
accessible than in the past. Although there are many conceptualizations of what constitutes VR, |
utilize the definition, “the sum of the hardware and software systems that seek to perfect an all-
inclusive, sensory illusion of being present in another environment” (Biocca & Delaney, 1995, p.
63). As such, I refer specifically to technologies that make use of head-mounted displays to fully
immerse a user in the virtual environment.

VR has been investigated in various learning domains of analytical problem-solving,
interpersonal skills, procedural-practical knowledge, declarative knowledge, behavioral change,
language learning, and others (Radianti et al., 2020). Research suggests VR is not equally
effective at targeting all learning outcomes (see Jensen & Konradsen, 2018). For example, one
study investigated cognitive learning outcomes of spatial awareness and factual information after
learning about a historical site (Rasheed et al., 2015). Some participants were able to explore the
historical site using VR, whereas another group of participants received classroom instruction
about the site. After the learning experiences, all participants completed a written exam. The
written exam revealed participants in the VR exploration condition scored higher on spatial
awareness of the historical site, but lower on factual data items than participants in the classroom
instruction condition (Rasheed et al., 2015). Another study examined the use of VR for

interpersonal skill acquisition (Gutiérrez-Maldonado et al., 2015). Authors compared VR and



desktop computer formats for teaching eating disorder diagnostic interview skills; no significant
differences in skill acquisition were found (Gutiérrez-Maldonado et al., 2015).

Other research suggests VR can be beneficial when the outcome of interest is affective or
involves evoking emotions (Jensen & Konradsen, 2018). For example, a randomized controlled
trial was used to investigate VR exposure therapy for the treatment of social anxiety disorder
(Anderson et al., 2013). Results indicated individuals who experienced VR exposure therapy
significantly improved on clinical measures over and above untreated individuals on the waitlist.
Additionally, when the same measures were used at a 12-month follow-up, participants who
received VR exposure therapy demonstrated similar improvement compared to those who
received active group therapy (Anderson et al., 2013).

In sum, research regarding VR’s effect on learning outcomes is mixed. VR can be
effective, but it is not always the best choice to maximize training outcomes. More work is
needed to identify the conditions under which VR is more or less appropriate for training.
Self-Efficacy

The success of a training program depends not only on the technology utilized, but also
on individual differences such as pre-training attitudes and beliefs. In other words, the attitudes
and beliefs that individuals hold before training affect success during training. In particular, self-
efficacy beliefs have been shown to play an important role in training effectiveness (Kirkpatrick,
1967; Noe, 1986). Self-efficacy, which has been studied at length (Bandura, 1977; Bandura,
1994/1998; Schunk, 1995; Stajkovic & Luthans, 1998; Talsma et al., 2018), refers to an
individual’s belief in their own ability to accomplish something (Bandura, 1997).

Self-efficacy theory was and is significantly influenced by social learning theory, which

posits that behavior is often learned through observation, factoring in individual interpretation



external to the observation itself (Bandura & Walters, 1977). The most famous examples of
social learning theory in action are the Bobo doll experiments, also conducted by Bandura, in
which children’s decisions to imitate an adult’s aggressive actions towards a doll were studied
(Bandura et al., 1961). Drawing upon social learning theory, Bandura posited that self-efficacy is
built primarily through 1) positive role modeling and 2) positive feedback and encouragement
from others, as well as 3) individual mastery experiences and practice and 4) the interpretation of
individual physical and emotional states (Bandura, 1977).

Self-efficacy beliefs are contextual to a specific topic or domain, as a given individual
has different levels of confidence in different abilities in different contexts (Bandura, 2006). One
such self-efficacy belief is training self-efficacy, or confidence in learning situations and learning
new material (Noe, 1986). Training self-efficacy has long been considered an important
antecedent of training performance (Gist, 1987; Latham, 1989; Tannenbaum et al, 1991).
Research has highlighted individuals with high self-efficacy often outperform those with low
self-efficacy (Gist et al., 1991). Additionally, self-efficacy can be better than past performance in
predicting future performance (Gist et al., 1991). Although some training models suggest self-
efficacy affects performance directly, other models have conceptualized training self-efficacy as
primarily increasing motivation to learn, which in turn predicts performance (Noe, 1986).
Specifically, individuals with higher training self-efficacy are often more motivated to learn
information and behavioral skills than their counterparts with lower training self-efficacy. This
increased motivation to learn results in more information being acquired and higher performance
on skill-based assessments (Noe, 1986).

The theoretical association between training self-efficacy and motivation to learn has

been empirically examined. In one study, subjects were told they would be participating in a



training relating to an air defense task, and that their score on a pre-training knowledge test
would determine if they were assigned to either a “remedial” or “advanced” training (Quinones,
1995). In actuality, participants were randomly assigned to one of two identical trainings after
the knowledge test, irrespective of their scores. Before the training programs, participants rated
their training self-efficacy and motivation to learn. Results revealed a significant relationship
between condition assignment and subsequent training self-efficacy: individuals assigned to the
remedial training condition exhibited significantly lower training self-efficacy than those
assigned to the advanced training. Training self-efficacy increased motivation to learn, which in
turn had a positive effect on learning, behavioral outcomes, and trainee reactions (Quinones,
1995).

One self-efficacy belief that is very similar to training self-efficacy is learning self-
efficacy. Learning self-efficacy involves students’ appraisals of their capabilities to apply their
knowledge to acquire new skills (Schunk, 1987). I did not find any prior work that compares and
contrasts training self-efficacy and learning self-efficacy. The two variables are conceptualized,
defined, and measured similarly. I will use the term “learning self-efficacy” moving forward to
refer to both types of self-efficacy, as learning takes place in both educational institutions and the
organizational training environment.

In addition to learning self-efficacy, other beliefs such as technology self-efficacy have
demonstrable effects on elements of training effectiveness. Technology self-efficacy was
originally conceptualized to represent an individual’s belief they can successfully utilize
technology in general (Kass, 2014). However, given the domain specificity of self-efficacy,
technology self-efficacy is most often measured by examining beliefs about specific

technologies. Self-efficacy relating to specific technologies is what | refer to when | use the term



technology self-efficacy. Technology self-efficacy scales have been developed to cover a range
of areas including computer self-efficacy (Compeau & Higgins, 1995), internet self-efficacy
(Jokisch et al., 2020), mobile technology self-efficacy (Menon et al., 2017), online technologies
self-efficacy (Miltiadou & Yu, 2000), and information technology self-efficacy (Hwang, Lee, &
Shin, 2016).

One of the most influential technology self-efficacy scales comes from Compeau and
Higgins (1995), whereby the authors designed and validated a computer self-efficacy scale that
captures individuals’ beliefs concerning their abilities to competently use computers. Prior work
has demonstrated computer self-efficacy is positively related to the decision to use computers
(Hill et al., 1987), actual usage and enjoyment of computers (Compeau & Higgins, 1995),
computer skill mastery (Gist et al., 1989), perceived ease of use of computers (Venkatesh &
Davis, 1996), and learning performance and engagement (Chen, 2017). Additionally, computer
self-efficacy has been found to be negatively related to computer anxiety (Compeau & Higgins,
1995; Wilfong, 2006) and computer anger (Wilfong, 2006). Therefore, in addition to the positive
benefits of technology self-efficacy, strong technology self-efficacy beliefs may provide a buffer
against negative interactions with technologies.

While measures have been developed to assess self-efficacy as it relates to a range of
technologies, a VR self-efficacy measure has yet to be mainstreamed. However, as discussed
next, there has been progress in this area upon which to build.

Virtual Reality Learning Self-Efficacy

Recently, Saville et al., (2022) created and validated the Virtual Reality Learning Self

Efficacy (VRLSE) scale, defining VRLSE as the belief that oneself is capable of successfully

using virtual reality technology to learn different topics. Saville et al.’s (2022) VRLSE scale was



specific with respect to technology in that it is precisely focused on VR. However, it was
designed to be generic with respect to training content — that is, it measured self-efficacy to learn
any number of training topics through VR. Accordingly, the vignette preceding the VRLSE scale
did not specify the content of the training program. Instead, the vignette asked participants to
imagine they are in an educational/training program to learn a new skill, and that the program
would use VR to teach them new things. Subsequently, respondents were asked to use a five-
point Likert-type scale ranging from “Not at all confident” to “Totally confident” to rate their
responses to items such as “How confident are you that you could use VR to learn and master
difficult concepts without asking for help?”

Saville and colleagues utilized the online research platform Prolific (Prolific, 2023) to
survey residents of the United States on 60 potential VRLSE items alongside measures of related
constructs. Validation efforts used exploratory factor analysis to reduce the number of VRLSE
scale items to nine. Confirmatory factor analysis for the resulting nine-item VRLSE scale
revealed the best fitting model was hierarchical. Two first-order factors emerged, which the
authors labeled Learning and Interaction. Learning and Interaction both load onto a second-order
factor, VRLSE. For this reason, the VRLSE scale produces an overall score and/or two subfactor
scores.

The Learning subfactor refers to beliefs individuals hold about successfully using VR to
learn about a topic, whereas the Interaction subfactor refers to beliefs about successfully
interacting with the VR system itself (Saville et al., 2022). A parallel can be drawn between the
Learning subfactor and learning self-efficacy, as well as between the Interaction subfactor and
technology self-efficacy. Additionally, Saville and colleagues (2022) established convergent and

discriminant validity for the VRLSE scale by computing correlations between VRLSE and



scores on several other measures, such as the Big Five Inventory version 4a (John et al., 1991).
Results indicated the VRLSE scale demonstrated acceptable convergent and discriminant
validity and was less associated with socially desirable responding than the other scales included
in the research (Saville et al., 2022).

Skill Types and Learning Outcomes

The self-efficacy beliefs individuals hold before or during training do not exist in a
vacuum. Training programs are not all created equally, and it is possible people feel more
confident using VR in some training programs than in others. One way trainings may differ from
one another is with respect to the skill type being taught. In addition, training programs also vary
with respect to the learning outcomes targeted.

The term “skill type,” as used in this paper, refers to the learning domain itself. Training
may be focused on hands-on “technical” skills or on relational “interpersonal” skills. Technical
skills often involve working with data and things like equipment. Interpersonal skills often
include communication and relating to others. The dichotomy of technical and interpersonal
skills is found repeatedly in published research spanning a multitude of fields including but not
limited to applied psychology (Lievens & Sackett, 2012), education (e.g., Bedwell et al., 2014),
psychotherapy (e.g., Bennett-Levy et al., 2009), medicine (Fletcher et al., 2002; Yule et al.,
2006), biology (Farrell et al., 2021), and information technology (Young, 1996). Some refer to
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technical skills as “hard skills,” and to interpersonal skills as “soft skills,” “non-technical skills,”
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“people skills,” “transferable skills,” “social skills,” or “generic competencies” (Matturro et al.,
2019). A common trend among these conceptualizations is the emphasis that both technical and
interpersonal skills are necessary for high performance in various professional roles and

environments.
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VR has been used to train technical skills, including but not limited to surgical techniques
(Moorthy et al., 2003), construction (Osti et al., 2021), driving an automobile (Ropelato et al.,
2017), and welding (Byrd et al., 2015). Additionally, VR has been used to train interpersonal
skills such as job interview skills (Schmid Mast et al., 2018), public speaking (Anderson et al.,
2005), and conversational skills for individuals with schizophrenia (Ku et al., 2007).

In addition to differences in skill types, VR training may also vary with respect to the
learning outcomes targeted. Learning outcomes are addressed at length in the influential work of
Kraiger, Ford, and Salas (1993). Drawing on the taxonomies developed by Bloom (1956) and
Gagne (1984), as well as other prior theory and research, Kraiger and colleagues devised three
categories of outcomes that make up learning: cognitive, skill-based, and affective. Cognitive
learning outcomes include verbal knowledge, knowledge organization, and cognitive strategies
(e.g., learning factual information about how bicycles work). Skill-based outcomes include
compilation and automaticity (the processes through which skills are learned and mastered; e.g.,
applying knowledge and practicing how to ride a bicycle). Affective outcomes include both
attitudes and motivations (e.g., motivation to practice riding a bicycle even after falling).

Knowing VR can be used to train different skill types and learning outcomes raises
interesting questions about whether people feel more efficacious about learning some training
content using VR than others. Self-efficacy to learn using VR should be examined in particular
learning contexts that vary with respect to skill type and learning outcome. This is pertinent for
organizations seeking to deploy the VRLSE scale and will indicate whether it is important to
specify skill type and/or learning outcome before measuring people’s VRLSE. To this end,
Saville and colleagues (2022) suggested future implementations of the VRLSE scale be

contextualized to specific learning domains.
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Hypothesis and Research Questions

Addressing this suggestion, the present study explores if virtual reality learning self-
efficacy is influenced by skill type and/or learning outcome. An important first step is to
replicate the VRLSE scale structure found by Saville et al. (2022). Saville et al.’s (2022) results
indicated an acceptable confirmatory model fit was achieved when the VRLSE scale was tested
as a second-order hierarchical model. Thus, I predict the same model will successfully replicate
when a similar vignette and items identical to those used by Saville et al. (2022) are provided to
participants in a new sample. As in the previous study, | expect the second-order hierarchical
model to fit better than one- and two-factor model solutions.

Hypothesis: A hierarchical factor structure for the Virtual Reality Learning Self-Efficacy

Scale consisting of two first-order factors and one second-order factor will fit

significantly better than a one-factor or two-factor solution.

As noted, Saville et al.’s (2022) VRLSE scale assessed VR learning self-efficacy
generally; it was agnostic to skill type and learning outcome. This is evidenced by the VR
training vignette preceding the scale items. The vignette was generic in nature, describing no
particular training topic. In addition to attempting replication with a generic VR training
vignette, this study examines VRLSE for specific kinds of VR training. Rather than changing the
scale items, the type of VR training under consideration can be specified in the vignette
preceding the VRLSE scale, which can be written to prompt respondents to think about any
number of VR training programs that vary with respect to the skill type and/or learning outcomes
targeted.

Importantly, before testing whether skill type and learning outcome affect VRLSE

beliefs, measurement equivalence must be established. Measurement equivalence/invariance

(ME/I) analyses provide a way to test whether different groups of people interpret scale items
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identically (Putnick & Bornstein, 2016). For example, a common use of ME/I analyses is to
ensure scales translated into different languages still function the same as the original validated
measure (Schmitt & Kuljanin, 2008).

In the current context, ME/I is established if the VRLSE model hypothesized above
emerges, regardless of the type of training under consideration. It is possible the skill type and/or
learning outcome targeted by a training program could affect the way in which respondents
interpret scale items. If this is the case, then the identified model solution for general VRLSE is
not appropriate for all skill types and learning outcomes, and VRLSE scale scores cannot be
directly compared across VR training programs.

In short, in addition to confirming the factor structure using a generic VR training
vignette, this study also examines whether VRLSE scale items are interpreted the same by
prospective trainees regardless of the VR training program's skill type and learning outcome.

Research Question 1: Does the Virtual Reality Learning Self-Efficacy scale demonstrate
measurement equivalence/invariance across different skill types and learning outcomes?

If ME/I is demonstrated, mean differences will be explored between groups to examine
whether skill type and/or learning outcome affect the strength of VRLSE beliefs. At present,
there is not sufficient research and theory to justify firm hypotheses regarding the effects of skill
type and learning outcomes on VRLSE. Nevertheless, exploration of this topic is warranted.
Given that self-efficacy beliefs are affected by the types of activities being appraised, the mode
of capability being considered (e.g., cognitive, skill-based, or affective), and situational
differences (Bandura, 2006), there are reasons to believe VRLSE could be affected by skill type
and learning outcome.

For example, suppose some people have used VR in the past to learn technical skills.

These people may develop strong confidence in their ability to use VR to learn technical skills,
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yet due to lack of exposure only have moderate confidence in their capacity to use VR to learn
interpersonal skills. A finding such as this is plausible, as direct experience is one of the main
sources of self-efficacy beliefs (Bandura, 1977). On the other hand, VRLSE could be higher for
training targeting interpersonal rather than technical skills if trainees are especially prone to
doubting their ability to learn to interact with data or things like equipment in the absence of
“hands-on” experience.

Similarly, the learning outcome targeted by a training program could matter for VRLSE.
For example, someone who believes VR to be poorly suited for the task of learning factual
information may exhibit higher confidence to use VR for a behavior-based outcome, such as
learning how to ride a bicycle. Additionally, individuals could experience either confidence or
skepticism at the idea of VR being used for affective outcomes, such as producing motivation to
continue practicing riding a bicycle. In short, there are a number of ways skill type and learning
outcome could systematically result in different levels of VRLSE between participants. To date,
this possibility remains unexplored.

Given the hierarchical nature of the VRLSE scale, VRLSE mean differences are
examined with respect to individuals’ beliefs about their capacity to (1) overall, learn through
and interact with virtual reality (Overall scale), (2) learn through virtual reality (Learning
subfactor), and (3) interact with virtual reality (Interaction subfactor).

Research Question 2: Does skill type (technical vs. interpersonal) affect the following

aspects of virtual reality learning self-efficacy:

RQ2a: Overall virtual reality learning self-efficacy?

RQ2b: Beliefs about capacity to successfully learn through virtual reality?

RQ2c: Beliefs about capacity to successfully interact with virtual reality?
Research Question 3: Does learning outcome (cognitive vs. skill-based vs. affective)
affect the following aspects of virtual reality learning self-efficacy:

RQ3a: Overall virtual reality learning self-efficacy?

RQ3b: Beliefs about capacity to successfully learn through virtual reality?
RQ3c: Beliefs about capacity to successfully interact with virtual reality?
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Research Question 4: Do skill type and learning outcome interact to affect the following
aspects of virtual reality learning self-efficacy:

RQ4a: Overall virtual reality learning self-efficacy?

RQ4b: Beliefs about capacity to successfully learn through virtual reality?

RQ4c: Beliefs about capacity to successfully interact with virtual reality?
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CHAPTER 2: METHODS

Participants

Following recommendations by MacCallum and colleagues (1999) for determining
necessary sample size for factor analysis, | examined scale communalities and the ratio of
variables to factors within the VRLSE scale reported by Saville et al. (2022) and determined a
group size of (n = 100) for each of the seven conditions would be sufficient for this study’s
purposes. An initial set of participants (N = 875) was recruited for this study via the online
research platform Prolific (Prolific, 2023). Inclusion criteria required individuals provide
consent, be 18 years of age or older, be residents of the United States, and not be students or
employees of the university conducting this study. Participation in the study was estimated to
take 8 minutes, but no minimum response time was required for payment to be rendered.
Participants who submitted valid and complete data received $1.07 USD through Prolific, which
corresponded with an hourly rate of $8.00 USD for the estimated completion time of 8 minutes.
The median time for participants to complete all study materials was 4.53 minutes,
corresponding to an hourly rate of $14.16 USD.

A total of (n = 44) individuals were excluded from data collection and/or data analysis
for: not meeting participation criteria (n = 32), not completing 100% of survey items (n = 2),
incorrectly responding to an instructed response item that read, “Please select ‘A little
confident,”” (n = 5), or answering “No” to a dichotomous item which asked participants whether
their data should be used (n = 5; Meade & Craig, 2012). This resulted in a final dataset of (N =
831), which allowed for groups sizes to exceed the recommended (n = 100) for each of seven
conditions. Additionally, the final dataset exceeded the necessary sample size indicated by a

power analysis (G*Power; Faul et al., 2007) conducted for Research Questions 2-4 for an
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ANOVA with fixed effects and interactions. Specifically, the power analysis suggested the
sample size of (N = 831) would be able to detect a small-to-medium effect size of .1079 with a
power of .80 at a = .05.

Participant ages ranged from 18 to 93, with an average age of 39.29 (SD = 14.33). When
asked about which gender they most closely identify with, 47.3% of the final sample identified
as female, 51.3% as male, and 1.4% as non-binary. Concerning ethnicity, 8.8% of participants
identified as Hispanic or Latino/a/x and 91.2% of participants identified as not Hispanic or
Latino/a/x. Concerning racial identity, 7.7% of participants identified as African, African
American, or Black; 6.6% as Asian or Asian American; 79.3% as European, European
American, or White; 0.1% as Native American or Alaskan Native; 0.2% as Native Hawaiian or
Pacific Islander; and 5.4% as multi-racial. Additionally, 0.7% wrote in identities of Hispanic,
Latino, Mestizo, Mexican/Chicano, and South American.

Regarding highest level of education attained, 0.7% of participants reported having
completed less than high school, 1.0% some high school; 12.0% high school diploma or
equivalent; 2.3% vocational training; 18.9% some college; 10.8% associate degree; 32.4%
bachelor’s degree; 3.7% some graduate school; 13.6% master’s degree; 2.2% applied or
professional doctorate degree; and 2.4% doctorate degree. When asked about current student
status, 10.3% identified being full-time students, 4.6% as part-time students, and 85.1% as not
being students. Regarding current employment status, 51.7% of participants identified being
employed full-time (35 or more hours a week); 17.2% as employed part-time (less than 35 hours
per week); 11.2% as not employed and looking for work; 12.9% as not employed and not

looking for work; and 7.0% as retired.
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Design

This study included seven conditions corresponding to seven VR training vignettes
preceding the VRLSE scale. An overview of the skill type and learning outcome associated with
each condition can be found in Table 1, and all vignettes can be found in Appendix A. The first
condition represented general VRLSE, whereby a generic VR training vignette was administered
to one participant group to enable Hypothesis 1’s examination of the VRLSE scale’s factor
structure when skill type and learning outcome are not specified.

The generic VR training vignette used in Saville et al. (2022) for the VRLSE scale was
modified in this study. In the prior study, the vignette referred to “an education/training
program.” In the present work, the generic VR training vignette refers simply to “a training
program.” Additional information defining immersive VR technology was also included in all
vignettes to ensure all respondents understood this terminology. The remaining six conditions
resulted from a 2 (skill type: interpersonal, technical) x 3 (learning outcome: cognitive, skill-
based, affective) fully crossed experimental design. Manipulation of skill type and learning
outcome occurred within the vignette preceding the VRLSE scale, with each vignette focused on
one skill type and one learning outcome.

Skill type and learning outcome were manipulated within the common learning domain
of first aid, where a variety of skills and learning outcomes can be taught and targeted. First aid
includes important technical and interpersonal skills and can be applied outside of work as well
as in the workplace across a variety of industries and organizations. First aid was selected as a
domain because it is not one most people would consider themselves to be experts in. This is
evidenced by a survey conducted by the American Heart Association (2017) which asked 2,003

workers across various industries in the U.S. about their first aid experience. Results of the
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survey indicated 33% of U.S. employees have never been trained in first aid or received
cardiopulmonary resuscitation/automated external defibrillator (CPR/AED) training, yet more
than 90% of those surveyed reported they would take first aid training if offered by their
employer (American Heart Association, 2017).

Vignettes described VR training programs that teach either interpersonal or technical first
aid skills and target learning outcomes that are either cognitive, skill-based, or affective, as
classified by Kraiger, Ford, and Salas (1993). Virtual reality learning self-efficacy served as the
dependent variable in this study.

Measures
Virtual Reality Learning Self-Efficacy

Saville et al.’s (2022) nine VRLSE items (a = .95), presented in a random order, assessed
participants’ virtual reality learning self-efficacy. The item stem, “How confident are you that
you could ...” precedes the set of items. VRLSE has two subfactors: Learning (five items; o =
.91) and Interaction (four items; o = .93). An example item from the Learning subfactor is, ...
without any doubt, effectively use VR to learn about the program topic,” and an example item
from the Interaction subfactor is, “... easily learn how to operate VR controllers.” Participants’
VRLSE scores were calculated in three ways: as the average response value for all VRLSE
items, the average response value for the Learning subfactor items, and the average response
value for the Interaction subfactor items. Higher average values indicate higher levels of
VRLSE. VR training vignettes for each participant group are shown in Appendix A. All VRLSE
items can be found in Appendix B.

Saville and colleagues (2022) validated the VRLSE measure using a 5-point Likert-type

scale, with response options of “Not at all confident” (1), “Slightly confident” (2), “Somewhat
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confident” (3), “Moderately confident” (4), and “Completely confident” (5). However, research
has demonstrated that although numeric response options may have equal intervals between
response options, the choice of words for written scale anchors may not be interpreted as equally
spaced (Casper et al., 2020). Although the original VRLSE response options of “Slightly
confident” (2) and “Moderately confident” (4) were selected by Saville et al. (2022) to represent
25% and 75% confidence respectively, the work of Casper and colleagues (2020) suggests
individuals interpret these responses as 38% and 55%, respectively. As such, Saville et al.’s
(2022) written anchors were replaced with anchors Casper et al. (2020) demonstrated to be more
equally spaced. The new written anchors were, “Not at all confident” (1), “A little confident” (2),
“Somewhat confident” (3), “Very confident” (4), and “Totally confident” (5).
Exposure to Virtual Reality

Three items were developed to assess participants’ prior exposure to VR (a = .89; see
Appendix B). These items asked participants to use a series of 5-point Likert-type response
scales to self-report their current familiarity with VR, frequency of use of VR, and level of
expertise with VVR. Participants reported an average of 2.16 (SD = 0.94), on a 5-point scale where
higher scores represent greater levels of familiarity, frequency of use, and expertise using VR.
Exposure to First Aid

Three items were developed to assess participants’ prior exposure to first aid (o= .81; see
Appendix B). These items asked participants to use a series of 5-point Likert-type scales to self-
report their current familiarity with first aid, frequency of use of first aid, and level of expertise
with first aid. Participants self-reported an average of 2.53 (SD = 0.85), on a 5-point scale where

higher scores represent greater levels of familiarity, frequency of use, and expertise with first aid.
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VR Sickness

One item asked participants to report the total number of hours of experience with using
VR. Participants who provided a response greater than zero hours (n = 548, 65.94%), were
asked, “Have you ever gotten physically sick while using VR?” This item used a 5-point Likert-
type scale, with possible options of, “No” (1), “A little bit sick” (2), “Somewhat sick” (3), “Very
sick” (4), or “Extremely sick” (5). The average response to this item was (M = 1.35, SD = 0.68),
suggesting participants typically had not previously gotten sick from using VR, and those that
did only experienced mild sickness.

Manipulation Checks

Two items shown in Appendix B were included to encourage participants’ awareness of
the specific skill type and learning outcome (or lack thereof) present in their VR training
vignette. Correct responses to both items were required to proceed. Instructions for the two items
read, “Please answer the next two questions based on the training scenario above. The correct
answer for each item will be required to ensure that you understand specific elements about the
training before proceeding.” If an incorrect response was given for one or both items, the survey
system indicated an incorrect response was chosen and asked participants to choose again until
the correct answer was selected.

The first item assessed awareness of skill type. It read, “What topic will the training
cover?” Possible responses included “No topic specified” (0), “Technical aspects of first aid” (1),
and “Interpersonal aspects of first aid” (2). The second item, assessing awareness of learning
outcome, read, “How will learning be assessed in the training?” Possible responses included,

“No learning assessment specified” (0), “Multiple-choice knowledge test about first-aid
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terminology, principles, and theories” (1), “Role-play scenario demonstrating skills taught in the
training” (2), and “Survey asking for ratings about attitudes” (3).
Attention and Data Quality Checks

One instructed response item assessed attention. This item, designed to mirror adjacent
items and randomly presented amongst the VRLSE items, read ... please select ‘A little
confident,”” with possible response options of “Not at all confident” (1), “A little confident” (2),
“Somewhat confident” (3), “Very confident” (4), and “Totally confident” (5).

One dichotomous item adapted from Meade and Craig (2012) assessed data quality. This
question read, “Please consider how carefully you have responded to items in this study. In your
honest opinion, should we use your data? You will be compensated regardless of your answer,
but your honesty helps to improve our work.” Response options were “No” (0) and “Yes” (1).
Procedure

Individuals self-selected to participate in this study using the online research platform
Prolific (Prolific, 2023), which directed them to the online survey platform Qualtrics (Qualtrics,
2023). The survey platform could be accessed from a computer, tablet, or smartphone.

First, participants read an informed consent document that provided information on the
study protocol and described the study as an investigation into attitudes toward different learning
techniques. Those who wished to participate affirmed they met the inclusion criteria and
provided electronic consent. After providing consent, participants were randomly and evenly
assigned to view one of seven VR training vignettes for the Virtual Reality Learning Self-
Efficacy scale (see Appendix A). Two manipulation checks were shown on the same page as the
vignette, such that participants could review their assigned vignette while answering the

manipulation check items.



22

The VR training vignette for general VRLSE was generic and did not provide
participants with information on any specific skill type or learning outcome in the hypothetical
training program. The other six vignettes described the focus of the training program as teaching
either a technical or interpersonal skill type within the domain of first aid. Additionally, these six
vignettes each gave an example of either a cognitive, skill-based, or affective learning outcome
VR would be used to help achieve. To reinforce the targeted learning outcome, each vignette
specified what kind of assessment would be administered at the end of training.

As shown in Appendix A, technical skill type was operationalized as a training program
focused on the technical aspects of first aid. Interpersonal skill type was operationalized as a
training program focused on the interpersonal aspects of first aid. Cognitive, skill-based, and
affective learning outcomes associated with technical aspects of first aid were respectively
described as: (1) learning information about technical aspects of first aid (e.g., the name and
location of different parts of the body that are affected when someone is choking), (2) learning
technical, hands-on first aid skills (e.g., strategies to assist someone who is choking, depending
on characteristics of the situation), and (3) changing attitudes related to the technical aspects of
first aid (e.g., boosting confidence for doing things such as applying any known technical first
aid techniques when someone is choking).

Cognitive, skill-based, and affective learning outcomes associated with interpersonal
aspects first aid were: (1) learning information about the interpersonal aspects of first aid (e.g.,
information such as why it is important to obtain consent for helping a person in distress, as well
as the laws surrounding the consent process), (2) learning interpersonal first aid skills (e.g., how
to obtain consent to provide care to someone in distress, including what to say and how to say it

under different circumstances), and (3) changing attitudes related to interpersonal aspects of first
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aid (e.g., boosting confidence for doing things such as approaching someone in distress to ask for
their consent to provide care).

After inputting the correct response to both manipulation check items, participants
proceeded to the next survey page. Participants were informed they would review the same
vignette they had just read, and that it would be repeated to enable them to reference the vignette
while responding to new study instructions. On the following page, the same assigned vignette
they already viewed was displayed again; in addition, participants were presented with
instructions for responding to nine VRLSE items located on the same page. These items were
displayed in a random order on one screen, along with the instructed response item. On the next
screen, participants completed seven demographic items, presented in random order, assessing
gender, ethnicity, race, age, highest level of education attained, student status, and employment
status. Prior exposure to VR was assessed directly after the demographic items, and if
participants reported more than 0 hours of experience with VR, they were asked one item
assessing if they had ever gotten physically sick while using VR. First aid exposure was assessed
following all VR items. The data quality check item appeared on its own page after all other
items were presented. All items in the study, except for the instructed response item, required a
response to proceed. Once all items were completed, participants were thanked and automatically

directed back to Prolific.
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CHAPTER 3: RESULTS
Confirming VRLSE Factor Structure

| hypothesized the greatest model fit for the VRLSE scale could be achieved via a
hierarchical model containing one second-order factor of overall VRLSE and two first-order
factors of Learning and Interaction. In this model, five items correspond to the Learning
subfactor and four items correspond to the Interaction subfactor. This hypothesis was tested by
conducting a series of confirmatory factor analyses (CFASs) utilizing data from the general
VRLSE condition (n = 120). Fit statistics were assessed for each model, and qualitative
consideration was given of multiple fit indices. While being cautious of relying exclusively on
distinct cutoff scores, the guidelines used for good model fit included a non-significant Chi
square test, SRMR values less than or equal to .08, RMSEA values less than or equal to .08, and
CFl and TLI values each greater than or equal to .95 (Hu & Bentler, 1999; MacCallum et al.,
1996).

The first CFA model tested was a forced two-factor solution, with five items
corresponding to the Learning factor and four items corresponding to the Interaction factor.
Results indicated the Chi-square test was significant and RMSEA was greater than .08, but other
fit indices utilized were within recommended boundaries (see Table 2). As the Chi-square test is
especially sensitive to Type | error as sample size increases, this was not an unexpected result.
However, further investigation was given to the RMSEA value of .11, 90% CI [.07, .14]. Prior
simulation research has indicated that RMSEA is often upwardly biased (Shi et al., 2019).
Additionally, model simulations performed by Curran and colleagues (2003) indicate that when
sample sizes are less than n = 200, the lower bound of the RMSEA confidence interval often

exceeds the expected value, yet the expected value did not exceed the upper bound of the
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confidence interval in any model. Finally, investigations of the impact of fit statistic
disagreement on model conclusions indicate that it is more concerning to have a “bad” CFI value
paired with a “good” RMSEA value than vice versa (Lai & Green, 2016). Given these prior
guidelines, I conclude that this model does demonstrate acceptable fit, which is consistent with
the results of Saville et al. (2022). However, the model demonstrated a high covariance between
the two factors (X =.92), which indicates a common factor may underlie the data. To investigate
this, the second model tested was a forced one-factor solution (see Table 2).

A review of the fit statistics for the one-factor model appears to indicate a worse-fitting
model than the two-factor solution. A likelihood ratio test (LRT) was conducted to statistically
compare model fit between the two-factor and one-factor solutions (MVuong, 1989). To facilitate
this, a two-factor model with factor covariance constrained to 1.0 was specified as the nested
model to functionally represent a one-factor model, whereas a two-factor model where factors
were free to co-vary was specified as the complex model. The chi-square test of differences for
the LRT was significant, x2 (19, n = 120) = 31.62, p < .01, indicating a two-factor solution
provides significantly more information than a one-factor solution (Vuong, 1989).

With the high covariance between factors yet unresolved, the final model tested was the
hypothesized hierarchical model, where five items were loaded onto the Learning factor, four
items were loaded onto the Interaction factor, and both the Learning and Interaction first-order
factors were loaded onto a second-order factor of VRLSE. The hierarchical model was specified
using the marker method, whereby loadings of Learning and Interaction onto VRLSE were
constrained to 1.0 and the loading of the first item from each subfactor was also constrained to
1.0. Fit statistics exhibited similar patterns as for the two-factor model. Specifically, the

hierarchical model exhibited a significant Chi-square test and an RMSEA point estimate of .11,
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90% CI [.08, .15] which lay above prior recommendations, while other fit statistics fell within
recommended boundaries. For the same reasons as previously discussed for the two-factor
model, the hierarchical model was deemed to demonstrate acceptable model fit (see Table 2).

Internal consistency was assessed via Cronbach’s alpha for the Learning first-order factor
(oo=.91), Interaction first-order factor (a. = .93), and overall scale of VRLSE (a = .95), with prior
literature recommending Cronbach’s alpha values greater than or equal to .70 (Nunnally, 1978).
Cronbach’s alpha values as high as these might otherwise warrant greater examination for
redundancy within the scale. However, the limited number of items in each of the factors and
overall scale do not suggest greatly inflated alpha values. Additionally, reducing the number of
items in the measure to fewer than the nine items proposed by Saville et al. (2022) may result in
lost variance. Taken together, these considerations and statistical analyses indicate sufficient
evidence for a hierarchical VRLSE model solution outperforming one-factor or two-factor model
solutions. This study’s hypothesis is therefore supported.
Establishing Measurement Equivalence/Invariance

After confirming the factor structure and fit of the hypothesized model for the general
VRLSE condition, RQ1 concerning ME/I across skill types and learning outcomes was
investigated. To do so, ME/l was examined across all seven vignettes of the VRLSE scale, which
differ across skill type and learning outcome and include the general VRLSE condition. ME/I
analyses function iteratively by: (1) constraining model parameters within a measure’s structural
equation model, and (2) statistically comparing the fit of each iterated model against the fit of the
previous model to determine if there is significantly different model fit. Model comparisons are
assessed via a likelihood ratio test (LRT), with ME/I indicated by a non-significant Chi-square

value. If a significant Chi-square value is found, the difference in CFI (ACFI) is used to assess if
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the change in model fit is meaningful. Past work has considered a change in CFI of greater than
.01 (ACFIs > .01) to be a meaningful change in model fit for ME/I (Cheung & Rensvold, 2002).

Following suggestions from Vandenberg and Lance (2000), Schmitt and Kuljanin (2008),
and Chen et al. (2005), ME/I was investigated in multiple ways: configural equivalence
(equivalent factor structure across groups), first-order metric equivalence (equivalent factor
loadings of items onto first-order factors), second-order metric equivalence (equivalent loadings
of first-order factors onto VRLSE), first-order scalar equivalence (equivalent intercepts for all
items), and second-order scalar equivalence (equivalent intercepts of first-order factors). For
each subsequent model, the constraints of the previous model were retained. Although there are
other forms of ME/I (namely residual equivalence and structural equivalence), equivalence at the
configural, metric, and scalar levels is what is necessary to compare latent factor means or
observed factor means (Schmitt & Kuljanin, 2008).

To this end, all seven participant groups were used in a series of multi-group
confirmatory factor analyses (MG-CFAs), progressively testing each level of ME/I using an LRT
to compare each new model to the previous model. Results of the ME/I models and tests can be
found in Table 3. All fit statistics for each iterative model were within recommended boundaries
except for significant Chi-square tests and RMSEA point estimates, and LRTs performed did not
produce any significant Chi-square tests of differences. Most reasoning presented previously for
acceptable model fit despite these two indicators are still applicable. However, prior work has
indicated that less is known about the implications about disagreement between CFI and
RMSEA within multi-group analyses (Lai & Green, 2016). Despite this consideration, the
RMSEA confidence interval improvement moving from single- to multi-group analysis

combined with other well-performing fit indices lead to the conclusion that each iterative model
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demonstrated acceptable fit. Research Question 1 was therefore answered in the affirmative: the
VRLSE scale demonstrates ME/I across different skill types and learning outcomes.
VRLSE Mean Score Comparisons

Mean differences in VRLSE calculations between conditions were explored to address
Research Questions 2-4, which concern whether skill type and/or learning outcome affect
Learning, Interaction, and/or overall VRLSE. However, prior to examining mean scores of
VRLSE between participant groups, prior exposure to VR and prior exposure to first aid were
examined to determine whether they were confounded with this study’s manipulation. Two one-
way ANOVAs were conducted across the seven conditions to determine whether prior exposure
to virtual reality or first aid significantly varied by condition. There were no significant
differences between conditions for prior exposure to virtual reality [F(6, 824) = .41, p = .87] or
prior exposure to first aid [F(6,824) = 1.25, p = .28].

Next, the means, standard deviations, and correlations of study variables were calculated
(see Table 4), including three calculations of VRLSE scores. The results of the correlation
analyses revealed moderate, positive, significant correlations between VR exposure and each of
the three VRLSE calculations, indicating that individuals who had greater prior exposure to VR
had higher VRLSE scores. Given this result, VR exposure was included as a covariate in the
following three 2 (skill type) x 3 (learning outcome) factorial ANCOVAsS.

A breakdown of each of the three VRLSE score averages for each condition can be found
in Table 5. Averages ranged from a low of 3.29 (out of a possible 5) for the Learning score in the
Technical and Affective condition to a high of 3.76 for the Interaction score in the Interpersonal
and Affective condition. To investigate Research Questions 2-4, the main effects and interaction

effects of skill type and learning outcomes on the VRLSE scores were examined.
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Results revealed skill type does not significantly affect overall VRLSE (RQ2a; Table 6)
and it does not significantly affect the learning (RQ2b; Table 7) or interaction (RQ2c; Table 8)
aspects of VRLSE. Similarly, results revealed no significant effect of learning outcomes on
overall VRLSE (RQ3a; Table 6), learning (RQ3b; Table 7), or interaction (RQ3c; Table 8). In
addition, there was also no significant interaction effect between skill type and learning outcome
on overall VRLSE (RQ4a; Table 6), learning (RQ4b; Table 7), or interaction (RQ4c; Table 8). In
summary, neither skill type nor learning outcome significantly affected VRLSE scores before or
after controlling for prior VR exposure.
Additional Analyses

Though not the focus of this study, several noteworthy relationships pertaining to gender
and age emerged. As indicated by the significant correlations in Table 4, gender appears to play a
role in VR-related attitudes and experiences. Specifically, gender was positively correlated with
VR exposure. In other words, men were more likely to have prior experience with VR. Gender
was also positively related to Learning, Interaction, and overall aspects of VRLSE, suggesting
men had greater confidence in using VR for learning. To account for men’s greater VR exposure,
partial correlations were calculated. The significant correlations between gender and VRLSE
persisted for Learning (r = .08, p < .05), Interaction (r = .18, p < .01), and overall VRLSE (r =
.14, p <.01) when controlling for VR exposure, though the magnitude of each correlation was
reduced from those shown in Table 4.

Age was negatively correlated with VR exposure (r = -.24, p <.05) and with Interaction
(r=-.15, p<.05) and overall (r =-.11, p <.05) components of VRLSE. This suggests older
individuals were less likely to have experience with VR and exhibited less confidence in

interacting with VR technology. Partial correlations between age and VRLSE exposure revealed
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there was no significant correlation between age and Interaction or overall VRLSE after
controlling for VR exposure. There was a significant and positive correlation between age and
Learning (r = .07, p <.05) which did not exist prior to controlling for VR exposure, but this
correlation was minimal. This means that age alone should not generally be used as an indicator

of VRLSE. Instead, VR exposure may be a more meaningful variable.
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CHAPTER 4: DISCUSSION

Self-efficacy beliefs shape important training outcomes such as learning and job
performance (Gist et al., 1991; Kirkpatrick, 1967; Noe, 1986). Additionally, proactively
managing self-efficacy beliefs can improve training experiences. However, self-efficacy beliefs
are context-specific. Bandura (2006), who emphasized the importance of tailoring self-efficacy
scales to specific contexts, noted: “One cannot be all things, which would require mastery of
every realm of human life” (p. 1). As such, measures of self-efficacy have historically tapped
into a wide range of topics, including the confidence individuals have to successfully use specific
technologies. One technology that has not been widely studied in relation to self-efficacy is VR.
As VR is increasingly being used to help achieve personal and organizational training goals,
there is a need to better understand and measure self-efficacy to use VR.

The current study sought to explore VRLSE, which was first conceptualized by Saville
and colleagues (2022) and best represented by a hierarchical model. Successful replication is an
important step in gathering additional validity evidence for measurement scales. Thus, |
predicted the VRLSE model structure established by Saville et al. (2022) would successfully
replicate in a new sample. The data in this study supported the hypothesized model. As a result,
VRLSE can be measured in three meaningful ways by calculating: 1) the average of the five
Learning items, 2) the average of the four Interaction items, and 3) the average of all nine scale
items. The complete VRLSE scale, including instructions for measurement and scoring, may be
found in Appendix C.

This study also began to examine whether one’s VRLSE changes depending on the skill
type or learning outcome targeted by a training program. To examine this question, ME/I was

first tested, with the data indicating neither skill type nor learning outcome significantly affect
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how individuals interpret scale items. In addition, analyzing mean score differences between
conditions revealed VRLSE did not significantly vary across skill types and learning outcomes,
even after controlling for prior exposure to VR. These results suggest one’s sense of VRLSE
may be stable across different training contexts.

Participants in this study, on average, demonstrated moderate confidence to successfully
use VR to learn in their respective trainings. This was true whether VRLSE was calculated as
Learning (M = 3.39, SD = .86), Interaction (M = 3.65, SD = .91), or overall VRLSE (M = 3.51,
SD = .84). Additionally, the standard deviation values of the three VRLSE means indicate there
is variation between individuals’ VRLSE beliefs, perhaps driven by individual differences. This
variation between individuals confirms this study’s findings are not due to a floor effect, where
most of the participants have very low VRLSE, or a ceiling effect, where most of the participants
have very high VRLSE.

Though not the primary focus of this study, the data also yielded noteworthy findings
concerning age, gender, and VRLSE. The significant negative correlation between age and
VRLSE scores indicates older individuals have lower VRLSE than younger individuals;
however, this appeared to be largely explained by differences in prior VR exposure. The
significant correlation between gender and VRLSE scores indicates men are more likely than
women to have higher levels of VRLSE. While the correlations between gender and VRLSE
scores remained significant after accounting for VR exposure, the magnitude of each partial
correlation was small (r <.18).

While there is no prior research exploring gender’s relationship with VRLSE, there is a
body of work concerning gender and technology self-efficacy. Specifically, past research

suggests men are more likely to have higher levels of technology self-efficacy than women
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(Busch, 1995; Whitley, 1997). However, research has also found it may be gender roles and not
gender that drives the gap in self-efficacy. Huffman and colleagues (2013) surveyed university
students on technology self-efficacy and the degree to which students related to items about
traditionally masculine traits. Results of the work indicated men exhibited significantly higher
technology self-efficacy than women, but this relationship was mediated by masculine gender
roles over and above the influence of computer hassles or perceived structural support from the
university (Huffman et al., 2013).

The rich literature on stereotype threat (Spencer et al., 2016; Steele & Aronson, 1995)
also helps to elucidate gender and age disparities within this work. Stereotype threat exists when
an individual, who is aware of a negative stereotype of a group they perceive themselves to
belong to, is concerned about being judged negatively based on the stereotype (Spencer et al.,
2016). Mental processes related to this awareness, such as active behavior monitoring to avoid
stereotyped actions, drain cognitive resources that could otherwise be allocated for performance.
This can lead to performance differences, or exacerbate existing differences, between groups that
would not have been present to the same degree had the stereotype not been cued amongst
stereotyped group members (Spencer et al., 2016).

In the context of the current work, the robust effects of stereotype threat could contribute
to disparities in the confidence that women and older individuals feel to succeed in using VR for
learning. Considering this alongside the correlation between gender and VRLSE, as well as
between age and VRLSE, there is value in looking beyond simple demographics when
predicting, measuring, or bolstering VRLSE. Variables such as gender roles, stereotype threat,

and VR exposure may all contribute to apparent gender and age differences in VRLSE scores.
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This study also found moderately strong correlations between VR exposure and all
measurements of VRLSE. Perhaps a promising avenue for bolstering VRLSE is to increase
individuals’ exposure to VR. This is consistent with prior research identifying direct experiences,
and especially enactive mastery experiences that provide individuals with knowledge and
strategies for effective action, are strong sources of self-efficacy beliefs (Bandura, 1977,
Bandura, 1997). However, it is also possible this relationship operates in the other direction.
Individuals with higher VRLSE may be especially inclined to seek out VR experiences as
compared to those with lower VRLSE. Future work should explore if this relationship is
bidirectional to elucidate additional opportunities for successful training.

Theoretical Implications

The current work furthers self-efficacy theory (Bandura, 2006), which posits individuals
do not feel equally confident across all situations, and confidence beliefs depend on contextual
factors. This study showed skill type and learning outcome do not significantly affect learners’
experience of VRLSE. This finding is of theoretical importance because it provides boundary
conditions on the extent to which self-efficacy beliefs are contextualized. Put another way, there
are limits on the degree to which context affects learners’ perceptions of confidence in different
environments.

The data provided in this study help us to better understand the nature of VRLSE, which
can be conceptualized as a unitary construct, and at the finer-grained facet level. The hierarchical
model of VRLSE has been demonstrated twice — first in an unpublished manuscript which
developed and validated the VRLSE scale (Saville et al., 2022) and now in the current study.
Findings suggest people’s overall sense of VRLSE stems from a consideration of their ability to

wield VR hardware as well as the ability to employ that hardware for learning purposes. The
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high correlation between Learning and Interaction within a two-factor model indicates that,
while distinct, these two perceptions often coincide. As such, this study informs developing
theory on VRLSE as a construct. With this statistical model and measure in place, we can begin
to examine VRLSE more thoroughly as it relates to other constructs in its nomological network.
Practical Implications

The creation of a concise, nine-item measure of VRLSE presents opportunities for future
VR trainings. Self-efficacy beliefs are known to influence training outcomes. Additionally,
creating VR training with content that engages participants requires a great deal of time and
money. The VRLSE scale may provide a low-cost solution to assessing individuals’ readiness
prior to training, potentially saving significant organizational resources associated with
developing and deploying VR training.

The VRLSE scale can be used in two primary ways. First, it can be used to measure an
individual’s VRLSE in general, outside of the context of a specific training program. For
example, a practitioner may want to know the workforce’s VRLSE in general before deciding
whether to develop a training using VR or a more conventional training method. If that
practitioner knew their employees exhibited very low levels of VRLSE and there were limited
opportunities for intervention, a more traditional training method may be a better choice.
Alternatively, a researcher may wish to measure VRLSE in general for the purpose of evaluating
an intervention’s ability to bolster VRLSE, and/or to explore relationships with other constructs
of interest. To measure VRLSE in general, users of the scale should administer the nine items
with a VR training vignette that does not highlight specific learning topics.

Second, this scale can be used to measure how efficacious someone feels to use VR to

complete a specific training program. For example, a trainer may wish to deploy the scale in
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advance of a training that has already been developed. In this instance, VRLSE could serve as an
early predictor of training success, and the trainer could decide whether an intervention to boost
VRLSE before training is necessary. To measure training-specific VRLSE, users of the scale
should administer the nine items with a description of the specific training topic(s).

By examining VRLSE scores prior to training, either as VRLSE in general or as training-
specific VRLSE, organizations can learn more about what aspects of VR training reduce
learners’ confidence. For example, perhaps a sample of potential trainees exhibits low scores on
the Learning factor, yet high scores on the Interaction factor. This may suggest people are
confident in interacting with VR technology but have less confidence in their ability to wield VR
technology for learning purposes. In this instance, there may be something other than the
technology itself that is causing doubts about the ability to master material in VR.

Alternatively, perhaps individuals exhibit strong Learning scores, yet low scores on
Interaction. This information would be useful, as it suggests learners are not confident in their
ability to wield the VR technology itself. Organizations could then focus on efforts to bolster
confidence in VR as a platform, for example through direct exposure or education about how
many different people achieve benefits or enjoyment from VR technology. From these examples,
it is clear there is useful information to be gained through the measurement of Learning,
Interaction, and overall VRLSE.

Limitations and Future Directions

The current work indicates that skill type and learning outcome do not significantly affect
VRLSE beliefs. However, there are a few caveats to this finding. First, it is unclear whether these
results would replicate if a different domain was chosen. First aid was selected as the domain for

this study because it includes both technical and interpersonal aspects that are applicable across
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industries, and because most people are not experts in first aid. In this study, participants
possessed a wide range of experience with first aid, indicated by the composite variable of first
aid exposure. Participants also did not have significantly different levels of first aid exposure
across conditions. Analyses did not identify any differences in model fit or VRLSE scores
between the generic VR training vignette condition and other conditions, despite the generic
condition not mentioning first aid at all. Additionally, while the original study of VRLSE did not
investigate measurement equivalence or between-group comparisons, the work of Saville and
colleagues (2022) did establish the hierarchical model of VRLSE acceptably fit the data when
the vignette was purposefully generic. While each of these considerations suggests that the skill
type and learning outcome results of this study are not unique to the domain of first aid, future
research outside the domain of first aid would be useful.

Second, this study makes no claims about the degree to which any trends identified in this
work do or do not exist for training mediums other than VVR. For example, the finding that skill
type and learning outcome do not significantly affect VRLSE attitudes may or may not be
consistent with how skill type and learning outcome affect self-efficacy beliefs in non-VR-based
training — an unexamined topic worthy of investigation in its own right. Instead, the current work
is focused exclusively on individuals’ appraisal of VR trainings.

Another limitation is participants were not presented with a real training using VR.
Further, 34% of participants (n = 283) did not have any prior experience with VR. These are
noteworthy limitations, as technology self-efficacy is sometimes assessed after individuals have
an experience with the technology. However, self-efficacy beliefs do not require prior
experience. We as individuals may hold beliefs about our ability to succeed at utilizing different

technologies or participating in various tasks or activities without having prior experience with
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those things. For example, someone who has never been employed likely has beliefs, positive or
negative, about their confidence in being able to succeed in their first role. Additionally,
someone who has never used a new handheld tablet may have high confidence in successfully
using the tablet based on their experience with other handheld technologies. Finally, perhaps
someone who has a long history of using VR for gaming purposes believes they would excel at
adapting to a VR system (i.e., the Interaction factor), but has low confidence they would be able
to learn using VR (i.e., the Learning factor). As such, it is important for organizations
implementing VR training to consider that beliefs are being formed by VR veterans and non-
users alike, and these beliefs may impact the success of the training.

This study approaches self-efficacy from the lens of Bandura’s work, in which self-
efficacy beliefs are specific, nuanced, and contextual in nature. However, there is significant
research that has been performed on the variable of generalized self-efficacy. For example, the
work of Judge and colleagues have investigated the trait of core-self evaluations, which
integrates self-esteem, locus of control, generalized self-efficacy, and low neuroticism (Judge,
2009; Judge & Bono, 2001). Meta-analytic work has typically found generalized self-efficacy to
perform well as a predictor of job performance, especially in concert with the remaining facets of
core self-evaluations (Judge & Bono, 2001). While generalized and specific self-efficacy beliefs
do not inherently exist at odds with one another, there are additional considerations for practical
application of contrary theoretical approaches.

One potential next step for this work includes having VRLSE, along with generalized
self-efficacy and other various other constructs that comprise self-efficacy’s nomological
network, measured within an organizational context where VR is used to deliver training. Future

work could examine how VRLSE relates to outcomes such as amount of information learned,
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learning engagement, and job performance by deploying the VRLSE scale for individuals who
will go on to participate in a real organizational training. In particular, future work could also
investigate whether VRLSE has predictive ability over and above that of generalized self-
efficacy for organizational outcomes. This applied investigation of VRLSE would assist in
identifying the role of VRLSE in predicting outcomes of interest for organizations, as well as
increase the defensibility of VRLSE both as a construct and as a measure.

Additionally, future work should examine the interplay between Learning and Interaction
components of VRLSE. It is possible Interaction provides a ceiling effect for beliefs to
successfully wield VR technology for Learning. Perhaps an individual is not able to feel very
confident in their ability to use VR to learn if they are not also very confident in interacting with
VR equipment. Future work examining the relationship between Learning and Interaction may
shed light on whether interventions designed to bolster Interaction scores will also boost
Learning scores as well.

It is also possible that the extent to which VRLSE beliefs can be strengthened is
dependent on whether an individual believes they have the capability to improve their own
abilities — the extent to which the individual has a “growth” or “fixed” mindset. Prior research
has investigated the relationship between growth mindsets and self-efficacy in other contexts.
For example, Burnette and colleagues (2019) studied the relationship between growth mindset
and entrepreneurial self-efficacy for students. In the study, some students were assigned to view
modules across multiple weeks that reinforced the idea of a growth mindset, in which
entrepreneurial ability could increase over time. Other students were assigned to an attention-
matched control condition where they learned about entrepreneurship myths. Groups did not

differ on entrepreneurial self-efficacy or growth mindset at the time of the pretest, but
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individuals assigned to the growth mindset condition reported significantly greater growth
mindset and entrepreneurial self-efficacy scores at post-test and later follow-up than those in the
control condition.

While these results are primarily a reflection of the effects of a growth mindset
intervention, and not of growth mindset itself, on entrepreneurial self-efficacy, they do provide
useful considerations. In particular, future work could examine whether increasing VRLSE is
more effective for individuals with greater growth mindsets. This investigation would better
inform decisions surround VRLSE interventions and whether the growth mindset of individuals
should also be bolstered to indirectly support positive training outcomes.

In conclusion, this study offers considerations for both research and practice concerning
virtual reality training. As described in this work, the VRLSE scale established by Saville and
colleagues (2022) serves as a promising tool for assessing VR training readiness. By deploying
this scale and capturing Learning, Interaction, and overall VRLSE scores, organizational leaders
can gain a better understanding about learners’ confidence to succeed in VR training. This
insight may help to predict training success and to identify intervention opportunities aimed at
strengthening individuals’ confidence to learn using VR. As such, the VRLSE scale has the

potential to facilitate successful VR training programs if adopted in organizations.



Table 1.

Summary of VR Training Vignette Conditions

Condition Skill Type Learning Outcome

1 Not Specified Not Specified

2 Technical Cognitive

3 Technical Skill-Based

4 Technical Affective

5 Interpersonal Cognitive

6 Interpersonal Skill-Based

7 Interpersonal Affective

Note. The full text of each vignette may be found in Appendix A.
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Table 2.

VRLSE Confirmatory Factor Analysis Model Fit

42

Models ¥2 df p CFlI TLI RMSEA SRMR
1. Forced Two-Factor 61.50 26 <01 .97 .95 11 1.07, .14] .03
2. Forced One-Factor 94.11 27 <01 .93 91 141.11, .18] .04
3. Hierarchical 61.50 25 <01 .96 .95 11 [.08, .15] .03

Note. Bracketed RMSEA values correspond to a 90% confidence interval at p = .05.
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Table 3.

VRLSE Model Measurement Equivalence/Invariance Testing

Model Fit Comparison
Models Y df p CFI TLI RMSEA SRMR Model v df p AyY? Adf ACFI
1. Configural 412,71 175 <01 .96 .95 .11[.09,.12] .03 - - - - -
Equivalence
2. Metric 454,73 217 <01 .96 .96 .10[.08,.11] .06 1 454,73 217 A7 4201 42 0
Equivalence
(first-order)
3. Metric 45473 223 <01 .96 .96 .09[.08,.11] .06 2 45473 223 1 00 6 <01
Equivalence
(second-order)
4. Scalar 49580 265 <.01 .96 .97 .09[.07,.10] .06 3 49580 265 .51 41.07 42 0
Equivalence
(first-order)
5. Scalar 506.07 277 <.01 .96 .97 .08[.07,.10] .07 4 506.07 277 59 10.27 12 0
Equivalence

(second-order)

Note. Bracketed RMSEA values correspond to a 90% confidence interval at p = .05.



Table 4.

Descriptive Statistics Across All Conditions

44

Variable M(SD) 1 2 3 4 5 6 7 8
1. Gender - --
2. Age 39.47(14.33) -.06 --
3. VR Exposure 2.16(.94) 19** - 24%* --
4. First Aid Exposure 2.53(.85) -.14%* 11** .07 -
5. VR Sickness 1.35(.68) -.05 S12%%  12%%  -06 -
6. VRLSE Overall 3.51(.84) 22%* -11*%* 54** .04 -.09* --
7. VRLSE Learning 3.39(.86) 16** -.06 A48** .08* -.14* 96** --
8. VRLSE Interaction 3.65(.91) 25%* - 15%* 56** .00 -.02 95%* 82** --

Note. n = 819. Calculations of average VRLSE scores include participants in all seven conditions. Gender was coded as 0 for

female and 1 for male. Due to the low sample size of other gender responses (n = 12), only those who identified as female or

male are included in this table.

*p < .05. **p <.01,



Table 5.

Virtual Reality Learning Self-Efficacy Scores by Condition

45

Overall Score

Learning Score

Interaction Score

Condition n M(SD) M(SD) M(SD)
Generic VR Training Vignette 120 3.44(.89) 3.31(.91) 3.60(.95)
Interpersonal First Aid / Cognitive 119 3.49(.77) 3.38(.79) 3.61(.86)
Interpersonal First Aid / Skill-based 120 3.52(.80) 3.39(.85) 3.70(.87)
Interpersonal First Aid / Affective 119 3.61(.79) 3.49(.82) 3.76(.84)
Technical First Aid / Cognitive 118 3.57(.76) 3.45(.76) 3.72(.85)
Technical First Aid / Skill-based 119 3.50(.95) 3.43(.95) 3.59(1.02)
Technical First Aid / Affective 116 3.43(.93) 3.29(.96) 3.60(.99)

Note. Scores are calculated as the average of VRLSE items, with a possible range of 1 to 5. Higher scores indicate greater VRLSE.
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Table 6.

Virtual Reality Learning Self-Efficacy (Overall) by Skill Type and Learning Outcome Controlling for VR Exposure

Source SS df MS n2 F p
Corrected Model 179.20 7 25.60 .30 51.03 <.01
Intercept 785.53 1 785.53 .66 1565.95 <.01
VR Exposure 176.13 1 176.13 .30 351.11 <.01
Skill Type .04 1 .04 <.01 .08 77
Learning Outcome .07 2 .03 <.01 .07 94
Skill Type x Learning Outcome 2.44 2 1.22 01 2.43 .09
Error 412.84 823 .50

Total 10820.46 831

Corrected Total 592.04 830

Note. R? =.30; N = 831.
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Table 7.

Virtual Reality Learning Self-Efficacy (Learning) by Skill Type and Learning Outcome Controlling for VR Exposure

Source SS df MS n2 F p
Corrected Model 149.25 7 21.32 24 37.37 <.01
Intercept 770.93 1 770.93 .62 1351.07 <.01
VR Exposure 145.72 1 145.72 24 255.38 <.01
Skill Type .01 1 .01 <.01 .02 .88
Learning Outcome .08 2 .04 <.01 .07 .93
Skill Type x Learning Outcome 2.90 2 1.45 .01 2.55 .08
Error 469.61 823 .57

Total 10177.68 831

Corrected Total 618.86 830

Note. R = .24; N = 831.
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Table 8

Virtual Reality Learning Self-Efficacy (Interaction) by Skill Type and Learning Outcome Controlling for VR Exposure

Source SS df MS n2 F p
Corrected Model 221.67 7 31.67 32 55.48 <.01
Intercept 803.98 1 803.98 .63 1408.64 <.01
VR Exposure 218.19 1 218.19 32 382.29 <.01
Skill Type 10 1 10 <.01 18 .68
Learning Outcome 24 2 12 <.01 21 81
Skill Type x Learning Outcome 2.54 2 1.27 .01 2.23 A1
Error 469.73 823 57

Total 11788.69 831

Corrected Total 691.39 830

Note. R = .32; N = 831.
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Appendix A

Virtual Reality Learning Self-Efficacy Vignettes
This appendix includes the seven VR training vignettes for Virtual Reality Learning Self-
Efficacy (Saville et al., 2022). Each participant was randomly assigned to read and respond to
one vignette. One vignette was generic and did not specify a content area, skill type, or learning
outcome. The remaining six vignettes focused on the domain of first aid and include one skill
type (interpersonal, technical) and one learning outcome (cognitive, skill-based, affective). Each

vignette was followed by equivalent instructions for providing VRLSE item ratings.

Generic VR Training Vignette

Imagine you are a participant in a training program. The training program uses immersive
Virtual Reality (VR) to teach participants new things. Training using immersive VR has each
trainee put on a headset directly over their eyes and use two handheld controllers to interact with
a simulated environment.

Picture yourself in the training program just described. For the following items, please
rate your confidence on a scale of "Not at all confident" to "Totally confident."”

How confident are you that you could...

Technical First Aid, Cognitive

Expertise in first aid requires different knowledge, skills, and attitudes. Some are
technical and hands-on, while others are interpersonal, necessitating effective interactions with
other people. Imagine you are a participant in a training program to learn information about the

technical aspects of first aid. The training program uses immersive Virtual Reality (VR) for
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learning. Training using immersive VR has each learner put on a headset directly over their eyes
and use two handheld controllers to interact with a simulated environment. The training will
cover information such as the name and location of different parts of the body that are affected
when someone is choking. Learning will be assessed after the training via a multiple-choice
knowledge test where you are required to answer questions about terminology, principles, and
theories underlying the technical aspects of first aid.

Picture yourself in the training program just described. For the following items, please
rate your confidence on a scale of “Not at all confident" to "Totally confident."”

How confident are you that you could...

Technical First Aid, Skill-based

Expertise in first aid requires different knowledge, skills, and attitudes. Some are
technical and hands-on, while others are interpersonal, necessitating effective interactions with
other people. Imagine you are a participant in a training program to learn technical, hands-on
first aid skills. The training program uses immersive Virtual Reality (VR) for learning. Training
using immersive VR has each learner put on a headset directly over their eyes and use two
handheld controllers to interact with a simulated environment. The training will cover technical
skills such as strategies to assist someone who is choking, depending on characteristics of the
situation. Learning will be assessed after the training via a role-play scenario where you are
required to demonstrate technical skills taught in the training program.

Picture yourself in the training program just described. For the following items, please
rate your confidence on a scale of "Not at all confident" to "Totally confident."

How confident are you that you could...
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Technical First Aid, Affective

Expertise in first aid requires different knowledge, skills, and attitudes. Some are
technical and hands-on, while others are interpersonal, necessitating effective interactions with
other people. Imagine you are a participant in a training program focused on attitudes related to
the technical aspects of first aid. The training program uses immersive Virtual Reality (VR) for
learning. Training using immersive VR has each learner put on a headset directly over their eyes
and use two handheld controllers to interact with a simulated environment. The training seeks to
boost confidence for doing things such as applying any known technical first aid techniques
when someone is choking. Learning will be assessed after the training via a survey asking you to
rate your attitudes related to engaging in technical aspects of first aid.

Picture yourself in the training program just described. For the following items, please
rate your confidence on a scale of "Not at all confident"” to "Totally confident."”

How confident are you that you could...

Interpersonal First Aid, Cognitive

Expertise in first aid requires different knowledge, skills, and attitudes. Some are
technical and hands-on, while others are interpersonal, necessitating effective interactions with
other people. Imagine you are a participant in a training program to learn information about the
interpersonal aspects of first aid. The training program uses immersive Virtual Reality (VR) for
learning. Training using immersive VR has each learner put on a headset directly over their eyes
and use two handheld controllers to interact with a simulated environment. The training will

cover information such as why it is important to obtain consent for helping a person in distress,
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as well as the laws surrounding the consent process. Learning will be assessed after the training
via a multiple-choice knowledge test where you are required to answer questions about
terminology, principles, and theories underlying the interpersonal aspects of first aid.

Picture yourself in the training program just described. For the following items, please
rate your confidence on a scale of "Not at all confident" to "Totally confident.”

How confident are you that you could...

Interpersonal First Aid, Skill-based

Expertise in first aid requires different knowledge, skills, and attitudes. Some are
technical and hands-on, while others are interpersonal, necessitating effective interactions with
other people. Imagine you are a participant in a training program to learn interpersonal first aid
skills. The training program uses immersive Virtual Reality (VR) for learning. Training using
immersive VR has each learner put on a headset directly over their eyes and use two handheld
controllers to interact with a simulated environment. The training will cover interpersonal skills
such as how to obtain consent to provide care to someone in distress, including what to say and
how to say it under different circumstances. Learning will be assessed after the training via a
role-play scenario where you are required to demonstrate interpersonal skills taught in the
training program.

Picture yourself in the training program just described. For the following items, please
rate your confidence on a scale of "Not at all confident" to "Totally confident."”

How confident are you that you could...
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Interpersonal First Aid, Affective

Expertise in first aid requires different knowledge, skills, and attitudes. Some are
technical and hands-on, while others are interpersonal, necessitating effective interactions with
other people. Imagine you are a participant in a training program focused on attitudes related to
the interpersonal aspects of first aid. The training program uses immersive Virtual Reality (VR)
for learning. Training using immersive VR has each learner put on a headset directly over their
eyes and use two handheld controllers to interact with a simulated environment. The training
seeks to boost confidence for doing things such as approaching someone in distress to ask for
their consent to provide care. Learning will be assessed after the training via a survey asking you
to rate your attitudes related to engaging in interpersonal aspects of first aid.

Picture yourself in the training program just described. For the following items, please
rate your confidence on a scale of "Not at all confident"” to "Totally confident."”

How confident are you that you could...
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Appendix B

Survey Items
This appendix includes all survey items excluding VRLSE items, which may be found in
Appendix C.
Participant Exclusion Criteria
This item was asked alongside informed consent:
1. Are you a student or employee of [UNIVERSITY]?
a. No
b. Yes
This item was randomly inserted among VRLSE scale items:
2. Please select “A little confident”
a. Not at all confident
b. A little confident
c. Somewhat confident
d. Very confident
e. Totally confident

This item was asked following all other survey items:

3. Please consider how carefully you have responded to items in this study. In your
honest opinion, should we use your data? You will be compensated regardless of your
answer, but your honesty helps to improve our work.

a. No

b. Yes



70
Manipulation Checks

These items were shown immediately after the initial vignette was presented. This
allowed participants to refer to the vignette while answering. Instructions preceding the
manipulation check items are as follows:
“Please answer these two questions based on the training scenario above. The correct
answer for each item will be required to ensure that you understand specific elements about the
training.”
1. What topic will the training cover?
a. No topic specified
b. Technical aspects of first-aid
c. Interpersonal aspects of first-aid

2. How will learning be assessed in the training?
a. No learning assessment specified
b. Multiple-choice knowledge test about first-aid terminology, principles, and

theories
c. Role-play scenario demonstrating skills taught in the training
d. Survey asking for ratings about attitudes
Demographic Items

1. Which gender do you most closely identify with?
a. Female
b. Male
c. Non-binary

d. Self-describe:
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2. What is your ethnicity?
a. Not Hispanic or Latino/a/x
b. Hispanic or Latino/a/x
3. Which race do you most closely identify with?
a. African, African American, or Black
b. Asian or Asian American
c. European, European American, or White
d. Middle Eastern, North African, or Arab American
e. Native American or Alaskan Native
f. Native Hawaiian or Pacific Islander
g. Multi-racial
h. Self-describe:
4. What is your age?
This item asked participants to select their age from a drop-down list. Response options
include “younger than 18,” each numeric year from 18 to 100, and “100+.”
5. What is the highest level of education you have attained so far?
a. Some high school
b. High school diploma or equivalent
c. Vocational training
d. Some college
e. Associate degree (e.g., AA, AE, AFA, AS, ASN)
f. Bachelor’s degree (e.g., BA, BBA BFA, BS)

g. Some graduate school
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Master’s degree (e.g., MA, MBA, MFA, MS, MSW)

Applied or professional doctorate degree (e.g., MD, DDC, DDS, JD, PharmD)
Doctorate degree (e.g., EdD, PhD)

Other (please specify):

6. Are you currently a student?

a.

b.

C.

No
Yes, part-time

Yes, full-time

7. What is your current employment status?

a.

b.

C.

d.

e.

Not employed and not currently looking for work
Not employed and currently looking for work
Employed part-time (less than 35 hours per week)
Employed full-time (35 or more hours per week)

Retired

Exposure to Virtual Reality

1. How would you rate your current familiarity with VR?

a.

b.

e

®

Not at all familiar
Slightly familiar
Somewhat familiar
Moderately familiar

Extremely familiar

2. How often do you currently use VR?

a.

Never



b.

o

@
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Seldom
Some of the time
Frequently

Constantly

3. How would you rate your current level of expertise in VR?

e.

VR Experience

Very low
Below average
Average
Above average

Very high

1. How many total hours of experience do you have with using VR?

Numeric response: if the response was greater than 0, items 2 - 4 were asked.

2. Have you taken a training that used VR to teach you new things?

a.

b.

No

Yes

3. How many years has it been since you have used VR?

Dropdown from “less than I year” to 99+

4. Have you ever gotten physically sick while using VR?

a.

b.

o

No
A little bit sick
Somewhat sick

Very sick
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e. Extremely sick
This item was open-ended:
5. In your own words, how would you describe your prior exposure or experience with
immersive virtual reality (with a headset and controllers)?
First Aid Exposure

1. How would you rate your current familiarity with first aid?
a. Not at all familiar
b. Slightly familiar
c. Somewhat familiar
d. Moderately familiar
e. Extremely familiar

2. How often do you currently use first aid?
a. Never
b. Seldom
c. Some of the time
d. Frequently
e. Constantly

3. How would you rate your current level of expertise in first aid?
a. Very low
b. Below average
c. Average
d. Above average

e. Very high



First Aid Experience
1. Have you had any first aid training before?
a. No
b. Yes
If the response to item 1 was yes, item 2 was asked.
2. How many years has it been since you have taken a first aid training?

Dropdown from “less than I year” to “99+”
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Appendix C

Virtual Reality Learning Self-Efficacy Scale (VRLSE)

For the following items, please rate your confidence on a scale of "Not at all confident" to

"Totally confident."

How confident are you that you could...
1. ... without any doubt, effectively use VR to learn about the program topic.
2. ...use VR to learn and master basic concepts related to the program topic on your own.
3. ...use VR to learn successfully.
4. ... complete the program material in a timely manner.
5. ... use VR to learn and master difficult concepts without asking for help.
6. ... easily learn how to operate VR controllers.
7. ... easily learn how to use a VR headset.
8. ... successfully navigate in a VR environment on your own.

9. ... successfully interact with virtual objects in VR.

Note. Items should be randomly ordered and administered on a five-point Likert-type scale, with response
options of “Not at all confident” (1), “A little confident” (2), “Somewhat confident” (3), “Very confident”
(4), and “Totally confident” (5). Items 1-5 correspond to the Learning factor and items 6-9 correspond to
the Interaction factor. Scores can be calculated as the average of Learning items, Interaction items, and all
nine items for an overall VRLSE score.



