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While different crowdsourcing platforms promote remote data collection, experiments

in the immersive Virtual Reality (iVR) research community are predominantly performed

in person. The COVID-19 pandemic, however, has forced researchers in different

disciplines, including iVR, to seriously consider remote studies. In this paper, we present

a remote study using the Immersive Virtual Alimentation and Nutrition (IVAN) application,

designed to educate users about food-energy density and portion size control. We

report on the results of a remote experiment with 45 users using the IVAN app. In

IVAN, users actively construct knowledge about energy density by manipulating virtual

food items, and explore the concept of portion size control through hypothesis testing

and assembling virtual meals in iVR. To explore the feasibility of conducting remote

iVR studies using an interactive health-related application for nutrition education, two

conditions were devised (interactive vs. passive). The results demonstrate the feasibility

of conducting remote iVR studies using health-related applications. Furthermore, the

results also indicate that regardless of level of interactivity learners significantly improved

their knowledge about portion size control after using the IVAN (p < 0.0001). Adding

interactivity, however, suggests that the perceived learning experience of users could be

partially affected. Learners reported significantly higher scores for immediacy of control

in the interactive condition compared to those in the passive condition (p < 0.05). This

study demonstrates the feasibility of conducting an unsupervised remote iVR experiment

using a complex and interactive health-related iVR app.

Keywords: Virtual Reality, remote study, nutrition, education, interactivity, remote iVR

1. INTRODUCTION

Over the past years eXtended Reality (i.e., XR; Virtual/Augmented/Mixed Reality) has
demonstrated potential in research (Wilson and Soranzo, 2015), education (Radianti et al.,
2020), and industry (Damiani et al., 2018). With the emergence of cost-effective Head-
Mounted Displays (HMDs), immersive Virtual Reality (iVR) in particular has gained popularity
over the past few years. One of the key distinguishing affordances of iVR is its ability
to simulate realistic experiences (Blascovich et al., 2002). As argued by Bailenson (2018),
with iVR the gap between a real and a mediated experience is very small, making what
the user experiences very close to that of the real-world “A VR experience is often better
understood not as a media experience, but as an actual experience” (Bailenson, 2018, p. 46).
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The naturalness of the interaction is significantly more
pronounced with iVR compared to any other form of media
to this day (Bailenson, 2018). Therefore, when learning in iVR
people can have a similar experience to learning in the real world,
leading, in theory, to a more seamless transfer of knowledge and
skills to a real environment outside of iVR. There is a growing
body of evidence demonstrating the efficacy of iVR in training
for transferable skills in the contexts of, for example, military
(Liu et al., 2018), healthcare (Siu et al., 2016), training astronauts
(Garcia et al., 2020), and football quarterbacks (Bailenson, 2018).

Almost two decades ago, Reips (2000) argued for the
advantages of conducting remote experiments. His arguments
include access to demographically diverse populations, larger
sample sizes with high statistical power, and savings costs.
While we have witnessed a shift to remote experiments in
numerous Human-Compuer Interaction (HCI) fields (Henze
et al., 2011; Gustarini et al., 2013; Reinecke and Gajos, 2015;
Mottelson and Hornbæk, 2016), iVR studies are still often
performed in the lab with an experimenter present. As noted
by Mottelson and Hornbæk (2017), a tremendous amount
of effort goes into conducting iVR studies, from recruiting
participants, managing schedules, preparing lab environment
(physical space)/equipment (iVR-ready PCs), to conducting the
actual study.

These challenges are of course not exclusive to iVR studies,
but these studies often present additional logistical barriers,
including the need for high-end hardware and dedicated open
space (Ma et al., 2018; Kourtesis et al., 2020; Saffo et al.,
2020). This has led to most research performed in this domain
to be limited to in-person experiments with a homogeneous
population of participants (mostly University students) and small
sample sizes. These limitations often cause a lack of external
validity of research findings, and contradictory results produced
by different research. Wu et al. (2020), for example, stated that
iVR is more effective in relation to learning performance than
non-immersive counterparts. However, iVR has a greater effect
on K-12 compared to post-secondary students, and prolonged
exposure can diminish learning due to fatigue or simulation
sickness; and Makransky et al. (2019) showed iVR improves
presence but decreases learning.

The COVID-19 pandemic, however, has forced researchers in
the XR community to seriously consider remote studies. With
the emergence of modern HMDs, XR and in particular iVR, is
no longer an expensive technology only available to researchers
and industry. Over the past few years, we have witnessed
astonishing growth in the population of iVR consumers1 as
the technology is becoming affordable, easy to set up, and
standalone (i.e., not requiring powerful PCs). In addition, the
COVID-19 pandemic has also increased the iVR user-base and
the amount of time spent in iVR (Rivu et al., 2021). This
provides researchers in the iVR community with an opportunity
to conduct experiments remotely. Remote iVR studies, however,
introduce new design and methodological challenges. These
challenges include recruiting participants who own iVR devices,
designing robust virtual experiences that are user-friendly and

1https://www.xrtoday.com/virtual-reality/virtual-reality-statistics-2022/

self-explanatory, and experimental setups that do not require
the intervention of an experimenter (unsupervised) while
assuring high data quality. Leveraging the power of the crowd
by performing remote studies on crowdsourcing platforms
such as the Amazon Mechanical Turk (Mturk2), Prolific3, or
CrowdFlower4, have shown to be an effective way in obtaining
a higher diversity of participants, capturing reliable data, and
saving costs (Buhrmester et al., 2011; Mason and Suri, 2012;
Paolacci and Chandler, 2014; Rouse, 2015). As such, more
attention has been given to this data collection paradigm in the
community, particularly since the COVID-19 pandemic.

In 2017, Mottelson and Hornbæk (2017) reported that from
a sample of 250 Mturk crowd workers only 3% owned devices
capable of running iVR, and 2.2% owned Google Cardboard.
Based on an estimation of the active MTurk population on 2015
(Stewart et al., 2015), the authors estimated that at most 226
Mturk workers would own an iVR device at the time of reporting
their findings. Such a low number of iVR device owners makes it
rather difficult or unrealistic to conduct remote iVR experiments.
However, this situation has changed rapidly in recent years
due to the more widespread adoption of advanced consumer
iVR headsets such as the Oculus Quest5. A growing number
of researchers in the iVR community have now experimented
with remote studies, and have demonstrated the feasibility of
this shift in paradigm (see Section 3.1 for an overview of remote
iVR studies). Remote studies have become so in demand in the
XR community, that in 2021 a crowdsourcing platform called
XRDRN6 specifically for XR studies was introduced.

In light of this, we present and report on the evaluation of
the Immersive Virtual Alimentation and Nutrition (IVAN) app,
a health-related iVR application using a remote study paradigm.
The IVAN app is designed to educate users about food-energy
density and portion size control in iVR. In IVAN, users learn
from a virtual RegisteredDietitianNutritionist (RDN), to actively
construct knowledge about energy density by manipulating
virtual food items and explore the concept of portion size control
through hypothesis testing and assembling of virtual meals
in iVR.

In the context of this research, it is important to understand
why nutrition education matters, and how iVR can transform
it. Obesity is one of the biggest health challenges facing the
United States. Rates of overweight and obesity in the year 2020
have reached a new peak and are projected to rise for years
to come (Fryar et al., 2020). The major contributing factor to
weight gain is energy consumption in excess of the body’s daily
requirements. For an individual to correctly consume the amount
of energy for their energy needs, there is a need to consider the
amount of food and the amount of energy consumed. Therefore,
educating individuals about the energy content of food (energy
density/calorie density or the number of calories per gram of
food), and the amount of these foods consumed (the portion

2https://www.mturk.com/
3https://www.prolific.co/
4https://appen.com/
5https://www.oculus.com/quest-2/
6https://www.xrdrn.org/
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size), has been shown to lead to a reduction in dietary energy
intake (Zuraikat et al., 2018). Typically the goal of these education
programs is to help individuals understand that they can reduce
their intake of higher energy foods while increasing their intake of
lower energy foods to reduce energy intake while simultaneously
reducing feelings of hunger (Raynor and Champagne, 2016).

However, current methods for creating awareness and
educating the public are primarily based on didactic methods,
such as the use of pamphlets, handouts, and PowerPoint
presentations, typically in consultation with a Registered
Dietitian Nutritionists (RDN). Albeit effective, this form of
education is not scalable as it usually involves multiple
“intervention” sessions with a RDN, making them costly and
exclusive to people of specific socioeconomic demographics.
Moreover, there are limitations in practicing nutrition-related
skills such as portion size control in the real-world. For obvious
reasons, practicing with real food in terms of manipulating
different items to understand the energy density associated
with specific quantities can become costly and involves food
waste, albeit being a great learning activity. However, many
of these limitations can be potentially mitigated through the
use of iVR solutions which provide a way to simulate realistic
and ecologically relevant interactions and environments related
to food. Immersive VR can afford learners the opportunity to
perceive and interact with virtual objects and environments
in a natural way. Learners can physically move around,
pickup objects, and manipulate them. Indeed, interactivity
along with presence and immersion are considered as core
characteristics and unique affordances of iVR (Radianti et al.,
2020). Additionally, researchers can control and manipulate
environmental factors that can potentially influence decision
making within the iVR environment, holding these variables
constant across individuals (Blascovich et al., 2002; Cheah
et al., 2019, 2020) and thereby offering researchers opportunities
for a more nuanced understanding of factors that make
controlling portion size challenging. With recent computational
advancements (improvements to frame-rate, field of view, etc.),
iVR devices can provide a sense of immersion and realism
(i.e., presence, a feeling of being there) not possible previously,
improving the ecological relevance of the learning experience
itself as well as the data that are collected in scientific experiments
(Parsons and Rizzo, 2008).

Given the numerous advantages of unsupervised remote iVR
studies, we will be able to reach amore diverse population of users
(compared to University students conventionally used for in-lab
experiments) and thus, improve the external validity of findings.
This is of utmost importance for health related topics such as
nutrition that are not just about theoretical knowledge gain, but
also practical skills that can be repeatedly used in everyday life. In
light of this, we investigate the following research question: RQ1:
Can a health-related iVR application be successfully evaluated in
an unsupervised remote experiment?

While it is argued that the immersivity of iVR leads to a
more motivating and perceptually effective learning experience,
(e.g., Makransky et al., 2019; Zhao et al., 2020), bringing an
experience to a Head Mounted Display (HMD) does not by
default guarantee an improvement to learning experience or

outcome. The design of the experience is still at the very core
of what makes an iVR experience engaging and effective. The
look and feel (aesthetics) of an experience are undoubtedly
important design choices. However, the actions and events inside
an experience are the most influential instruments in attaining
the ultimate objectives of an immersive experience, having a
profound and lasting change in users (Bailenson, 2018). On the
one hand, these actions and events can be passive, as seen in
many examples of iVR experience based on 360-degrees images
and videos and other types, where users are practically observers
and do not directly interact with the content. On the other hand,
the actions and events can be tied to mechanics of interaction
that are utilized by the user to actively interact with the content
and explore the environment. For instance, watching a video
on how deforestation can negatively affect climate change is
not as visceral of an experience compared to an iVR one in
which the users can walk around in the nature, cut down a tree
and concretely experience the consequences of this action (Ahn
et al., 2014; Huang et al., 2021). We argue that the interactivity
of an iVR experience may affect the extent to which it can
leave a lasting behavioral change in users. In the context of
this research, this means inducing a change in the behavior of
people in relation to their ability to identify proper portions of
foods, and to apply the concept of energy density to their food
choices. Furthermore, as it is demonstrated in Section 3.1, the
majority of immersive experiences used in remote studies are
either lack or have very limited interactivity. Considering that
one of the most significant and powerful features of modern iVR
HMDs is rich, intuitive, and natural interaction, it is important to
understand the feasibility of conducting remote iVR studies using
experiences that afford rich interactions.

As a first step to explore the role of interactivity to this
end, we sought to investigate the feasibility of conducting a
remote iVR study using a highly interactive experience, and
to investigate whether interactivity would affect perceptions of
learning and learning experience between groups of users who
experienced an interactive or a passive version of our learning
app. More precisely, we sought to investigate the research
question: RQ2: Does an interactive iVR experience cause a more
positive perceived learning experience for learners than a passive
iVR experience? Therefore, we designed two versions of the
IVAN app (one interactive and one passive) were designed and
compared. The interactive version of the application required
learners to interact with and manipulate virtual food items
by for example using a virtual knife to cut them and their
virtual hands to grab them and assemble meals based on set
goal calorie amounts while listening to instructions from a
virtual RDN. In the passive version, the learners only listened
to typical, validated, educational materials related to energy
density and portion size delivered by the virtual RDN within the
immersive environment.

The rest of this article is organized as follows: Section
2 provides the necessary background on understanding the
importance of nutrition education. Section 3 provides an
overview of the literature on remote iVR studies, and the use
of digital technology for nutrition education. Section 4 presents
the remote iVR experiment performed using the IVAN app. Last,
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Section 5 concludes the article, while addressing its limitations
and the future directions for this research.

2. BACKGROUND ON NUTRITION
EDUCATION

One of the key strategies in battling weight gain and obesity is
controlling portion size. There is a direct correlation between
the portion of food that is placed in front of an individual
and the amount they consume, with larger portions leading to
higher consumption (Rolls et al., 2002; Kral and Rolls, 2004; Roe
et al., 2016). This is a phenomena referred to as the “portion
size effect” and is shown to be related to individuals’ weight
and other aberrant eating behaviors (Rolls et al., 2002; Fisher
et al., 2007; Brunstrom et al., 2008). Learning to manage the
portion size of foods has shown to help individuals lose weight
and maintain their weight loss (Raynor and Champagne, 2016;
U.S. Department of Agriculture and U.S. Department of Health
and Human Services, 2020). Nevertheless, managing portion size
and developing the competencies to identity the energy density
of portions remains a long-term challenge for individuals (Rolls
et al., 2017).

Traditional didactic methods of educating individuals on the
tenants of nutrition behavior change are typically done by RDNs
in clinical settings. Access to this care can be costly, and is
infrequently and inconsistently covered by insurance. If clinical
sessions can be completed with these nutrition professionals the
current methods of educating individuals about proper portion
size and energy density, while proven to be effective, leave much
to be desired. Specifically, the use of paper handouts, PowerPoint
presentations, and plastic food models as a part of didactic
education leave little to no opportunity for interaction with actual
foods, which is the skill that precisely needs to be learned and
practiced. Immersive VR can provide such an opportunity to
patients allowing for immediate application and reinforcement
of the hands on skills that are being taught.

It is important to note that technology has long been used in
nutrition education. There is a plethora of commercial web and
mobile applications as well as research endeavors in this domain.
For instance, West et al. (2017) has provided an overview on
this topic based on a survey study with 217 participants. Their
findings suggest that users generally consider nutrition apps to be
effective in increasing their health diet motivation and behavior,
self-efficacy and consistency in eating healthy, and desire to
set and achieve dietary goals. The work of Tallon et al. (2021)
also provides an overview of technology-based interventions in
schools for nutrition education.While Tallon and colleagues note
the feasibility of this approach, they conclude that technology
improvements are needed before we can observe any long-lasting
effects.

The ubiquity of smartphones gave rise to the idea of
mobile health (mHealth), and consequently the use of phones
for nutrition intervention/education. The work of Hingle and
Patrick (2016) for instance, shows that only in 1 month of 2016,
around 46 million US adults have used health related apps on
their smartphones, including nutrition. Most of these apps were

related to calorie counters and diet trackers. While beneficial,
Hingle et al. argue that there is a lack of rigorous scientific
evaluation of commercially available nutrition apps. On similar
grounds, Chen et al. (2018) have shown that mobile nutrition
apps can be prescribed as supplementary material by dietitians,
and have the capacity to streamline nutrition assessments while
considering the dietary records of users. Moreover, based on a
systematic review of the literature by DiFilippo et al. (2015), it is
suggested that mobile nutrition apps are in general advantageous,
but more rigorous research is needed to establish their efficacy.
DiFlilippo et al. note that while some studies have shown that
nutrition apps can help with weight loss, improved adherence
to diet monitoring, and decrease the effort in diet continuation
without an app, few studies have also shown inconsistent results
in terms of their efficacy.

Personalization has also been researched in the context of
nutrition education. In a review of the literature by Brug
et al. (1999), it is shown that considering the behavior, needs,
and beliefs of individuals are important factors in the efficacy
of educational content in nutrition interventions. In their
work, Brug et al. (1999) conclude that personalized nutrition
education is more likely to be read and remembered compared
to non-personalized standard materials. These findings are
also corroborated by Oenema et al. (2001) and Brug et al.
(2003), who have shown that tailoring web-based nutrition
interventions provides a more personalized experience and
impacts users’ motivaation and intention to change significantly
more compared to a generic intervention.

This brief overview of the literature on the use of technology
for nutrition education is only a snapshot of the vast available
literature. Notwithstanding, websites and mobile apps are
technologically incapable of enabling users to meaningfully and
naturally interact and practice with food items in a scalable way.
Virtual Reality (both desktop and immersive) can potentially
bridge this gap.

3. RELATED WORK

3.1. Remote iVR Experiments
It is widely argued that remote iVR studies provide tremendous
opportunities to recruit participants more effectively and
efficiently (Mottelson and Hornbæk, 2017), reach a more diverse
study population (Rivu et al., 2021), and conduct scientific
research particularly at times when it is not possible to perform
in-lab experiments such as during the COVID-19 pandemic
(Steed et al., 2020). Gustarini et al. (2013) however, have discussed
the challenges involved with using user-owned smartphone
devices for in-the-wild experiments, including collection and
storage of data, user device heterogeneity, recruitment (self-
selection) biases, participants’ motivation, privacy, and cheating.
Notwithstanding, numerous studies have demonstrated the
feasibility and validity of this approach in both conventional HCI
domains, (e.g., Andreasen et al., 2007; Germine et al., 2012) as
well as iVR, (e.g., Steed et al., 2016; Mottelson and Hornbæk,
2017; Saffo et al., 2020; Zhao et al., 2021).
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3.1.1. Content Production and Dissemination
According to Rivu et al. (2021) there are two main approaches
for producing content for remote experiments. The first method
is developing applications from scratch using game engines
such as Unity3D. While this approach provides developers and
researchers with autonomy over the research-specific content
they would like to produce, it requires tremendous efforts
and costs on the production side. The second method is
to use existing social iVR platforms such as VRChat7, Rec
Room8, or AltspaceVR9 to directly use their existing virtual
environments, or their software development kit (SDK) to create
a customized one. While this approach is significantly cheaper
to produce and promotes scalability, it limits the researchers by
the functionalities and features afforded by these platforms. In
addition, mechanisms for obtaining user data on these social iVR
platforms are very limited (Saffo et al., 2020). Distribution of apps
and recruitment of participants, however, seem to be significantly
more convenient in this method. Following this analysis, Rivu
et al. (2021) have suggested four main approaches for conducting
remote iVR studies: (1) distributing a standalone app directly
among participants. (2) distributing an app through existing
platforms such as Steam, Oculus Store, etc. (3) building an app
using the SDK/API of social iVR platforms (e.g., VRChat, Rec
Room, etc.) to be directly used on these platforms. (4) using the
existing environments of social iVR platforms.

3.1.2. Participants
One of the most widely addressed topics in the literature of
remote XR, and in particular iVR, pertains to understanding who
device owners are and whether they are suitable as participants
in scientific remote studies, (e.g., Mottelson and Hornbæk, 2017;
Ma et al., 2018; Rivu et al., 2021). In relation to iVR, Previous
work has shown that headset owners that are recruited for
remote experiments are not radically different from participants
used in in-lab experimental settings at universities, and the data
obtained in remote experiments are generally comparable to in-
lab counterparts (Mottelson and Hornbæk, 2017). While this
seems to be a general theme reported in the literature, some
researchers, (e.g., Zhao et al., 2021), have noted that the spatial
abilities, gender distribution, and gaming frequency of iVR device
owner population are very different than the general public.

Similar observations were made by Rivu et al. (2021), stating
that 91% of the iVR device owners in their survey identified as
gamers and were predominantly male (77%). Ma et al. (2018),
based on a curated panel of 242 Mturk users with access to
iVR headsets, have also shown that the demographics of this
panel were 60% male, 70% white, and 90% from the U.S.A.
Furthermore, it was reported that at the time of this research
(2018), only 15% of the curated population had access to
advanced iVR headsets with 6 degrees of freedom (DOF). Such
lack of diversity is also prevalent in social iVR platform users.
As noted by Rivu et al. (2021), during the recruitment process
for an experiment, they struggled with finding enough female

7https://hello.vrchat.com/
8https://recroom.com/
9https://altvr.com/

participants on Rec Room. Therefore, the external validity of any
findings reported based on remote iVR studies are questionable.
This however, does not mean that in the future when iVR
headsets become more ubiquitous, such limitations cannot be
mitigated.

From a theoretical perspective, Steed et al. (2020) have
motivate the need for a more distributed model of iVR
participant recruitment in light of generalizability of findings,
and potential access to specific and hard to reach user groups.
For a long term solution, the author suggests using governmental
scientific funding bodies to purchase and distribute headsets
among participants who are willing to participate in multiple
studies. They argue that this approach may enable us to reach
unrepresented samples and thus, improve external validity.
Ratcliffe et al. (2021a) also propose three different approaches
for recruiting remote participants for better sample quality. The
first is to establish a dedicated XR crowdsourcing community.
Recently, such a dedicated community has emerged (see text
footnote6) and is being used by numerous researchers. The
second is to leverage existing consumer communities on the
Internet, such as the popular iVR groups on social media. The
third is to create a hardware lending scheme to give access to a
wide and broad range of potential participants, similar to what is
proposed by Steed et al. (2020).

3.1.3. Feasibility and Reliability
Another theme of remote iVR pertains to the feasibility
of performing unsupervised studies, and consequently, the
reliability of the obtained data (Ma et al., 2018; Rivu et al.,
2021). For instance, the work of Steed et al. (2016) showed that a
remote data collection paradigm is a feasible method for running
experiments. However, the types of iVR devices used in this study
are already outdated and do not afford any sophisticated form
of interaction. On similar grounds, Mottelson and Hornbæk
(2017) have compared in-lab (using HTC Vive) and remote
(using Cardboard) iVR studies. The authors have concluded that
conducting remote iVR studies using user-owned smartphones
is affordable and ecologically valid. Notwithstanding, these
conclusions should be interpreted under the light of smartphone
ubiquity. The population of smartphone owners these days are
a much better representation of the general population than the
ones who own iVR devices.

From the the population of 242 Mturk iVR users curated by
Ma et al. (2018), it was reported that 144 own a Samsung Gear
headset, and as such, this device was chosen as the experimental
platform for a crowdsourced iVR experiment. Three different
experiences were used in this experiment, focusing on place
(55 participants), embodiment (59 participants), and plausibility
(56 participants) illusions. The results of their study revealed
that 98% of their participants performed the iVR task at home,
84% reported that they were alone during the experiment, and
81% reported having enough space to walk around in iVR.
These results further support the feasibility of conducting remote
iVR studies, even with sophisticated apps that require physical
movements. While insightful, the iVR experiences used in the
work of Ma et al. lack rich interactivity, while most modern iVR
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experiences utilize complex interaction mechanics that require
advanced headsets (Saffo et al., 2020).

Rivu et al. (2021) report on two case studies that demonstrate
the feasibility of performing remote iVR experiments. In the first
case study, the authors demonstrate the feasibility of sharing
a download link to an independent app among participants,
and using this method for recruiting and conducting an iVR
experiment. In the second case study, the authors have used Rec
Room, a famous social iVR platform, and built their own custom
environment for users to perform different collaborative tasks as
part of the experiment.

On similar grounds, Saffo et al. (2020) have discussed
remote studies from the perspective of social iVR. Their work
demonstrates the potential of using VRChat, a massive social VR
platform to conduct a remote iVR experiments. Ten participants
were recruited from the public room VRChat and were invited
to a private experiment room created by the researchers. While
the authors conclude that VRChat is a feasible platform for
conveniently recruiting participants for remote iVR experiments,
it has limitations in terms of what can be implemented with
the available SDK. In addition, Social iVR platforms are great
for collaborative tasks, and provide the experimenters with the
opportunity to be “there” in the virtual space. However, they
suffer from limitations such as unprofessional behaviors by
participants, and lack of program communication with external
servers for user data logging. Furthermore, Saffo et al. (2020) have
noted that a variety of iVR headsets are used by users in VRChat
which could affect the validity and reliability of experimental
data.

In a more recent work, Saffo et al. (2021) reported on their
latest experience with using VRChat for remote iVR studies. They
report on a collaborative qualitative study (tabletop collaborative
coupling) and a quantitative study (Fitt’s law). The authors report
that they have successfully replicated the findings reported in
in-lab studies, and as such, argue for the feasibility and validity
of using social iVR for conducting remote experiments. Despite
the convenience of social iVR platform for recruiting large
participants, the authors only managed to recruit 23 for the first
study and 8 for the second study. Furthermore, due to a lack
of logging functionality, the authors used video recordings and
in-game screenshots from the screen of the experimenter for
post-intervention analysis. This approach, however, would not
scale with more complex forms of data such as headset/controller
tracking, eye-tracking, physiological data, etc. In addition, Saffo
et al. (2021) have noted that in order for an experimenter to
monitor the participants in VRChat, they need to be virtually
present in the room using their avatar, which can potentially
influence the behavior of participants, and thus the reliability of
the data.

Huber and Gajos (2020) have also shown that using a remote
iVR experiment they were able to replicate findings from an in-
lab study. However, they note that in the remote study the effect
sizes were smaller and the gender distribution was skewed toward
male participants. Similar observations were made by Mottelson
et al. (2021), reporting on the validity and reliability of remote
iVR data while admitting to sampling issues (predominantly
male). These findings are also corroborated by Zhao et al. (2021).

Their research showed that their sample is male dominated, and
remote participants exhibit higher sense of direction compared
to an in-lab sample previously recruited for the same stimuli.
However, their results indicate that the reliability of the data
obtained from a remote experiments (42 participants—using the
Oculus Quest) was as good as the in-lab (22 participants—using
the HTC Vive) counterpart. The authors conclude that remote
iVR studies are a feasible and effective alternative to University
participant pools, while admitting that the lack of diversity in the
demographics of remote participants impedes researchers from
generalizing their results.

3.1.4. Challenges and Opportunities
Ratcliffe et al. (2021a) performed a survey study with 46 iVR
researchers to gain a deeper understanding of the perceived
challenges and benefits of conducting remote experiments. The
results of a thematic analysis revealed that the participants
generally think recruitment for remote studies would be easier
than in-lab and a better option for cross cultural investigations.
It was also noted that performing in-lab experiments requires
extensive organization and set up time, whereas remote studies
are potentially less time consuming, especially if they are
encapsulated (experience and data collection in the same app)
and unsupervised.

The respondents have also highlighted three major
challenges. First is about hardware (e.g., VR-ready PC,
Electroencephalography, eye-tracking, etc.). Second is about
monitoring or sensing challenges (data such as facial expressions
are lost, qualitative feedback is difficult to obtain). Third is about
data transmission and storage (issues with transmission and
collection of user data, specifically sensitive ones such as medical
data). Another concern is related to the environment in which
participants use iVR. Laboratory settings are controlled, whereas
unsupervised experiments at homes are prone to interruptions,
environmental noise, and lack of adequate and safe space.

On similar grounds, Rivu et al. (2021) report on a conceptual
framework for remote iVR studies based on the results of
an online survey with 227 participants who are iVR headset
owners, assessing their demographics, iVR setup, and attitude
toward remote participation. Rivu et al. note that the average
time people who own iVR headsets spent in iVR has increased
during the COVID-19 pandemic. Furthermore, more than 73%
of their respondents have indicated preference for participating
in remote studies during the pandemic, while 67% have indicated
that they will still prefer remote studies post-pandemic. As such,
Rivu and colleagues argue that there is a substantial demand
for remote studies, and thus, there is great potential in running
studies using this paradigm.

3.1.5. Summary
The state of the art shows a general belief that performing
remote studies will help with the heterogeneity of the sample,
and increasing the external validity of findings, defined as
the extent to which findings can be generalized to a broader
population. While this may be true for other domains in Human-
Computer Interaction, in the domain of iVR there is still an
inherent bias in the population of users who own HMDs.
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The literature shows that the majority of this population are
gamers and predominantly male, and therefore not a very good
Representative of the population. This is also corroborated
by findings from Peck et al. (2020) showing that females
are underrepresented in iVR research and as such there is a
systematic bias in the population of iVR participants.

The state of the art also shows that remote iVR is already
a feasible data collection paradigm. While the sample size in
most of the reviewed research are still rather small (compared
to other HCI studies), with the emergence of more cost-effective
HMDs such as the Oculus Quest, we expect to see a much
larger population of potential remote iVR participants in the
near future. It is estimated that by 2023, 18.81 million high-
end augmented and virtual reality HMDs will be sold10). We
also see that most researchers are in the early phases of testing
the applicability of remote iVR studies, and most often they
test the migration from in-lab to remote studies with simple
iVR experience and with very limited interaction. To the best
of our knowledge, the IVAN iVR experience we present in this
article is the first health-related iVR app with complex interaction
mechanics that has been used in an unsupervised remote iVR
study.

3.2. Virtual Reality and Nutrition Education
Studies about the implications of iVR for general education
have suggested that the immersivity and interactivity of
iVR experiences can potentially improve the performance
and self-efficacy of learners (Markowitz et al., 2018). Since
the emergence of modern cost-effective iVR headsets, more
scientific findings are being reported on the effect of iVR on
promoting motivational outcomes and offering superior learning
experiences compared to traditional desktops and real-world
experiences (Makransky et al., 2019; Zhao et al., 2020). Moreover,
there is an abundance of iVR studies that demonstrate the
efficacy of iVR in improving the learning outcome of individuals
(Chittaro and Buttussi, 2015; Alhalabi, 2016; Webster, 2016;
Lamb et al., 2018; Krokos et al., 2019; Makransky et al., 2019).

Numerous examples can be found in the literature on the use
of desktop VR applications for the delivery of nutrition-related
educational topics. For example, work by Majumdar et al. (2012)
demonstrated that VR games may be able to improve dietary
behaviors with middle-school aged youth. Others have even
shown that VR programs can also improve longer term health
outcomes such as weight loss and weight maintenance (Sullivan
et al., 2013). These trials demonstrate the far reaching potential
of VR applications to improve eating and health behaviors.

In a scoping review by McGuirt et al. (2020), the authors
provide an overview of nutrition education and behavior change
facilitated by virtual and augmented reality. Most studies
evaluated used developmental testing in lab settings, employed
descriptive or observational methods, and focus on momentary
behavior change such as food purchasing behaviors rather than
education. Of note, there appears to be a gap in the current use
of iVR technologies. This is relevant as studies have demonstrated
the ecological validity of iVR in education about nutrition-related

10https://rb.gy/4eysff

topics. In the context of food buffets for example, it is shown that
food selections made in iVR are similar to those made in real
and fake food buffets (Persky et al., 2018; Ung et al., 2018; Cheah
et al., 2020). In addition to making similar food choices to real
world situations, participants in these studies also report that the
iVR environment feels natural and decisions made during these
paradigms represent their real-world behavior (Ruppert, 2011;
Lombart et al., 2019; Siegrist et al., 2019).

Recent work has also shown that physiological responses to
food in iVR environments are similar to experiencing real-world
food cues such as food pictures, advertisements, or actual food
(Gorini et al., 2010; Ledoux et al., 2013; van der Waal et al.,
2021). In contrast to other potential desktop or smartphone based
VR applications, iVR allows food to be presented on a 1:1 scale
identical to that of the real-world, which is likely important for
training skills that specifically rely on visual perception, such as
the estimation of food portion sizes. Our review of the state of
the art applications indicates that iVR applications specifically
designed to teach about specific nutritional topics such as energy
density and portion control are to the best of our knowledge
nonexistent. Therefore, The overarching goals of this project is to
investigate the applicability and efficacy of iVR in teaching about
these topics using the IVAN application.

4. IMMERSIVE VIRTUAL ALIMENTATION
AND NUTRITION

The design of the Immersive Virtual Alimentation and Nutrition
(IVAN) app (Edwards et al., 2022) is based on established best
practices in the fields of nutrition education. Two of the members
of the authoring team are experts in nutritional sciences, while
one is also a RDN. These domain experts developed the
educational content of the app using evidence-based practices
and Academy of Nutrition and Dietetics Standard Operating
Procedures (Vermeer et al., 2014; Raynor and Champagne,
2016; Rolls et al., 2017; Zuraikat et al., 2018), which have
demonstrated effectiveness in improving portion size control
and the understanding of energy density of foods (Zuraikat
et al., 2018). These practices and procedures were translated
into interaction mechanics and actionable tasks in an interactive,
immersive environment using the constructivism learning theory
(Hein, 1991).

The IVAN app was developed using the Unity3D game engine
and optimized for the Oculus Quest head-mounted displays
(HMDs). The experience could be player in a stationary iVR
setup, and as such, the participants did not require a significant
physical space in order to complete the experience. There are
eight learning modules integrated into the IVAN app that take
the learner through the steps necessary for learning about the
concepts of calorie density (CD) and portion size control (PSC).
These modules allow the individual to directly apply, practice,
and receive feedback on the CD and PSC techniques being taught.
After putting on theHMD, and before going through the learning
modules, the learner first enters a training area in which they
receive guidance on the iVR headset, the device controllers, and
navigating the iVR environment. Furthermore, the learner has
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FIGURE 1 | The virtual Registered Dietitian Nutritionist (RDN) as an Embodied

Conversational Agent.

the option to indicate their dominant hand and adjust the height
of their virtual self in proportion to the virtual environment to
the degree they feel comfortable.

After the training, an introduction scene is loaded, during
which the learner finds themselves in the virtual office of a digital
RDN who is sitting on a chair and in front of a large TV screen
on the wall. The digital RDN (Figure 1) is represented by a
Caucasian female embodied conversational agent (Sajjadi et al.,
2019), equipped with verbal (speech synthesis) and non-verbal
behavioral cues (gestures, lip-syncing, and blinking). The digital
RDN introduces herself, as well as the activities in the iVR app
to the learner. This is followed by the first two learning modules
on the introductions to the theories of PSC and CD. In the PSC
introduction module, the digital RDN explains to the learner the
ways portions have grown over time and how they can impact
weight status. The verbal explanations of the digital RDN are
complemented with graphical and textual information presented
on the TV screen. In the CD introduction module, the concept of
CD is explained by the digital RDN, complemented with pictorial
examples of high and low-calorie foods on the TV screen.

The remaining six learning modules are hands-on activities
and are designed based on the learning theory of constructivism.
The constructivist approaches to learning advocates the idea
that we learn best when actively engaged in the learning
experience to construct knowledge, as opposed to passively
receiving information. Learners connect information with
previous knowledge and experiences to create new knowledge
(i.e., assimilation), and continuously redevelop/revise their
knowledge space based on new information and experiences
(i.e., accommodation) (Huang et al., 2010; Onyesolo et al.,
2013). Within this approach to learning, the actual acquisition
of knowledge occurs through performing hands-on activities in
a learner-centered environment (Onyesolo et al., 2013), and the
instructor (in this case a digital RDN) is only a facilitator/guide.
The third learning module focuses on teaching the learners how
the preparation of food can impact CD through an interactive
activity where they are required to prepare steamed and fried
potatoes and then compare their CD. During this activity, using

FIGURE 2 | Preparing food: boiled (left) vs. deep fried (right) potatoes.

their virtual hands the learners will grab potatoes and throw them
in a pot of boiling water and a deep fryer. The resulting dishes (a
plate of boiled potatoes and a plate of fries) are then placed on the
table in front of the learners, and the corresponding CD values
are visualized on the TV screen on the wall. This activity requires
exploration and direct activation from the learner to construct
the knowledge that how food preparation method (boiled vs.
Deep fried) affects its CD (Figure 2).

The acquired knowledge through an interactive activity about
CD is then incrementally completed in the forthcoming learning
modules. In the fourth learning module for instance, the learners
are taught about the interaction between CD and portion size
through an interactive activity that requires them to practice
serving specified calorie amounts of foods of varying CD using
a virtual knife and scale (Figure 3). In this activity, the learners
are presented with a target CD goal displayed on the TV screen.
Their task is to cut different food items using a virtual knife and
then place the food item on a virtual scale that shows its CD
value. They have unlimited number of tries to learn what portion
size of a food item corresponds to what calorie. The mechanism
for virtually cutting food items using natural hand gestures and
then measuring their CD is a good example of using iVR to
train for a skill (i.e., PSC) transferable to real-world contexts, and
is also a clear example for how knowledge can be constructed
through experimentation. This activity is followed with the fifth
learning module that shows nine food items for the learners
to be identified as low or high CD. When combined with the
previous and forthcoming activities, this learning module helps
learners gain practical experience on how to effectively control
their portion size by first identifying the CD of various food
items. The sixth learning module presents another activity that
reinforces the interactions between CD and portion size. The
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FIGURE 3 | Cutting food items with the virtual knife to meet a set calorie goal

(interactive condition).

learners are required to assemble two dishes, one of high and
one of low CD. They will then have to use the virtual scale to
contrast the calories, CD, and visual components of these two
meals, visualized on the TV screen (Figure 4). This module is
aptly named “eating more to eat less”, helping learners train for
PSC by assembling dishes with higher quantity of food but with
lower CD to construct the knowledge that you can eat more food
and at the same time consume less calories.

The last two learning modules help the learners
redevelop/revise the knowledge they have constructed so
far, through experimentation and practice. As such, the seventh
learning module provides the learners with the opportunity to
assemble their own plate to reinforce the interaction between CD
and portion size. In this module, the learners will explore and
learn the extent to which low quantities of high CD food adds
to the overall calorie of their dish. Lastly, the eighth learning
module enables the learners to actively refine their understanding
of CD in relation to different types of food through a cutting
exercise. The learners are presented with a series of single food
and meal options. They are asked to serve themselves single food
items of a certain calorie goal and assemble meals at a certain
calorie goal.

To inform the size of objects within the iVR environment,
virtual food models were designed based on the NASCO11 food
models used by RDNs in point of care settings (Thompson
and Subar, 2017). Therefore, the 3D models of food items are
realistic in size and in visual fidelity of appearance to both
clinically appropriate portion sizes and what individuals would
be shown in a real-world clinical setting. The following nine food
models used: potatoes, French fries, steamed potatoes, chicken
breast, broccoli, apple, carrots, hamburger, and cookies. The food
models were systematically designed to ensure their caloric value
correlates to their gram weight. This allowed for the models to be
cut and maintain a real-world weight and caloric estimate based
on the volume of the food model.

11https://www.enasco.com/

FIGURE 4 | Comparison of the assembled dishes based on their calorie

density.

To investigate the second research question formulated in the
introduction (RQ2: Does an interactive iVR experience cause a
more positive perceived learning experience for learners than a
passive iVR experience?), two versions of the IVAN app were
created. As was explained in this section, the interactive version
required the learners to interact with and manipulate virtual food
items by using a virtual knife to cut them and then moving their
virtual hands to grab them and assemble meals based on set goal
calorie amounts while listening to instructions from a virtual
RDN. Therefore, the IVAN app in the interactive condition fully
utilized the functionalities afforded by an iVR system. The passive
version of IVAN is similar in content, but in it, the learners only
had to listen to the virtual RDN and observe the environment to
go through the modules. Therefore, no interactions in the form
of cutting virtual food items or assembling meals were performed
by the learners. The passive version allowed the learners to
grab virtual food items placed on a table in front of them for
demonstration purposes, but they were not required nor able to
perform any meaningful actions with them in order to finish the
experience. As such, the IVAN app in the passive condition did
not fully utilize the functionalities of an iVR system.

Both conditions were devised in iVR to eliminate the potential
effect of any confounding variables as a result of comparing iVR
with a non-immersive intervention. Notwithstanding, the passive
condition of the IVAN closely and realistically (because of the
pronounced media equation effect of iVR discussed in Section
1) resembles a didactic method for learning about calorie density
and portion control, such as presentation from a RDN. As such,
this enables us to compare learning about these nutrition-related
topics in a common way with a constructive and exploratory way
that fully utilizes the power of iVR.

As part of an iterative design process, the interactive
version of IVAN was evaluated in a heuristic study with
seven experts in the field of nutrition studies to assess its
usefulness, applicability, and usability. The result of the heuristic
evaluation, details of which are not reported here, revealed
an overall positive attitude toward the IVAN. Experts found
the tool to be impressive and demonstrating potential in
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disseminating nutritional information in an engaging way and as
supplementary material.

5. REMOTE IVR EXPERIMENT WITH IVAN

In this exploratory remote study, the two versions of the IVAN
app were evaluated using a between-subject design with N =
45 remote participants, where each participant was randomly
assigned to either the interactive or the passive version of the
IVAN app.

5.1. Methodology
5.1.1. Participants
Participants who own an Oculus Quest device were recruited
remotely from academic mailing lists (Gamesnetwork, 3dui),
social networks (Reddit), and crowdsourcing platforms
(Amazon MTurk, and Prolific). These participants were
recruited previously for another remote iVR study conducted
by the authoring team of this paper, and showed interest in
participating in future remote studies. All participants were
invited to take part in this study through an email. In total, 45
participants were recruited, all of whom having prior experience
with both iVR and participating in remote research studies.
From our remote sample, 22 participants (17 males, average age
of 31.09) were randomly assigned to the interactive version (i.e.,
experimental condition), and 23 (21 males, average age of 31.39)
to the passive version (i.e., control condition) of the IVAN app.
The participants were compensated with a $20 Amazon gift card
for their participation time.

One limitation of this study was the relatively limited
sample size of 45 participants. However, given that this was
an exploratory pilot study we feel that the sample was still
sufficient to explore the potential of fully remote data collection
processes using iVR. We do note that in this study we offered
significantly more financial incentive to ensure compliance of
participants with study procedures. This is due to the fact that
participants had arguably more burden up front with the need
to follow study instructions to download and install our app on
their HMDs prior to completing all other study procedures. This
download and installation procedure is both a technical and to
some degree time consuming process. The need to pay a higher
cost contributed to our small sample size. However, we expect
that in the near future with the emergence of XR crowdsourcing
platforms as well as the ability to provide custom applications
through widely accessible digital store fronts the associated costs
of participant recruitment would be lowered.

5.1.2. Measures
The general and demographic information of participants was
measured using fifteen questions related to age, height, weight,
sex, student status, highest level of education obtained, dominant
hand, color blindness status, using glasses/contact lenses status,
race/ethnicity, household income, last time caffeine was used, last
time a meal or a snack was eaten, and the last time exercised.
The behavior, learning experience, and learning outcome of
participants were measured using a combination of instruments.
The participants’ nutrition related behavior was measured

using the adult eating behavior questionnaire (Hunot et al.,
2016), the shortened three factor eating questionnaire (Stunkard
and Messick, 1985), and the current portion control behavior
questionnaire (Spence et al., 2015). Furthermore, participants’
competencies in relation to the educational topic offered in
the iVR app was measured using the portion control self-
efficacy (PCSE) questionnaire (Fast et al., 2015), and the portion
control and energy density subscales of the weight management
nutrition knowledge questionnaire (Mikhail et al., 2020). The
perceived learning experience of the participants was measured
based on a variety of questions assessing the participants’
perception of the immediacy of control, perceived usefulness,
ease of use, presence, motivation, cognitive benefits, control and
active learning, reflective thinking, perceived learning effectiveness,
confidence, and satisfaction of the application. Definitions of these
measured variables can be found in (Lee et al., 2010).

5.1.3. Procedure
The study was approved as meeting the requirement of ethical
treatment of human subjects by the University’s Institutional
Review Board (IRB) before the commencement of data
collection.

As the data collection process was done remotely, participants
were sent an APK file (either passive or active depending on the
condition they were randomly assigned to) along with detailed
email instructions on how to install an APK on their Oculus
Quest HMD. Prior to using the iVR app, the participants were
asked to open the link to an online survey in the web browser of
their personal computer and fill in the pre-test questionnaire. The
pre-test started with the informed consent form followed by the
demographics and general information questions. Afterwards,
the participants had to fill in the eating behavior, the shortened
three factor eating, the current portion control behavior, the
portion control self-efficacy (PCSE), and the portion control and
energy density metrics. At this point, a message was shown on
the online survey, stating that the pre-test section of the survey
is finished. This message also included instructions on how to
run the APK previously installed, along with a start code that
was required to run the IVAN app. This mechanism allowed us to
make sure that the participants finish the pre-test questionnaire
before they could run the app.

After going through the IVAN app, and upon finishing all
the modules, a message inside the iVR app along with a finish
code was shown to the participants that instructed them to take
the HMD off, return to the online survey, type in the code and
continue with the post-test section of the survey. this mechanism
allowed us to make sure that the participants actually finished
going through the IVAN app before they could proceed with
the post-test. In the post-test, the perceived learning experience
of the participants were measured using the immediacy of
control, perceived usefulness, ease of use, presence, motivation,
cognitive benefits, control and active learning, reflective thinking,
perceived learning effectiveness, confidence, and satisfaction of
the application measures. These measures were followed by the
post-test repetition of the two competency metrics of PCSE
and weight management nutrition knowledge questionnaire. The
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entire process approximately took 40 min (the average time the
survey was active; i.e., from the pre to the post-test) to finish.

The code input mechanism we devised for getting into the app
and back into the survey assured that the participants could not
skip any of the steps we intended them to go through as part of
the procedure. All 45 participants completed the entire study,
and none spent a significantly different amount of time than
average to finish (less than 1/3 of the median completion time, or
more than three standard deviations of the mean complete time),
indicating that all the steps in the procedure were experienced
continuously, without any interruptions or breaks.

5.2. Analysis
Demographic variables were analyzed using the t-test (age) or
Chi-square tests (gender, income, education, race, ethnicity) to
examine if there were any differences in these variables between
the interactive and passive experience groups.

To assess if there were differences in the learning outcome
of participants in light of portion size self-efficacy (PCSE) and
weight management nutrition knowledge scores pre- and post-
test, repeated measure analyses of variance (ANOVAs) were
performed with time (pre-test/post-test) as the within-subject
factor, and condition (interactive/passive) as the between-subject
factor.

To assess differences in the perceived learning experience
metrics between the two conditions, independent sample t-tests
were conducted for the overall group average scores as well as the
group average of each subscale. For exploratory purposes, average
scores for each individual question of the perceived learning
experiences and outcome questionnaire were compared between
the two groups using independent sample t-tests.

For the knowledge measure, a total value was calculated
by summing the scores for individual items comprising each
measure. For the experience measures, individual items were
averaged and collapsed into the final metric. A priori p-value of
p < 0.05 was used to indicate significance in all cases. All the
assumptions for a repeated measure ANOVA were met in the
analyses. All the analyses were performed with IBM SPSS.

5.3. Results and Discussion
The analysis of the general and demographic information
indicates a rather homogeneous sample population in terms of
income, education, race, and ethnicity (Table 1). While we have
managed to recruit a relatively diverse populating of remote
participants in terms of education and income, similar to what is
reported in the remote iVR studies literature, our sample is also
predominantly male dominated and Caucasian.

To explore the effect of IVAN on the learning outcome, two
repeated measure ANOVAs were conduced on the influence of
two independent variables (condition: interactive, passive; and
time: pre-test, post-test) on the learning outcome measures of
participants (portion size self-efficacy, and weight management
nutrition knowledge, Table 2).

With respect to the portion size self-efficacy (PCSE), The
results showed a significant main effect for time (pre-test/post-
test): F(1,43) = 20.71, p < 0.0001, R2 = 0.325, indicating
an improvement in portion size self-efficacy from the pre to

TABLE 1 | Participants’ characteristics.

Interactive

(n = 22)

Passive

(n = 23)
t-value p-value

Age (y)
31.09

(8.1)

31.39

(10.89)
−0.01 0.91

Chi-square p-value

Gender (n) 2.60 0.27

Female 3 2

Male 17 21

Other 2 0

Income* (n) 0.24 0.88

$0–50,000 11 12

$50,001–100,000 8 8

$100,000+ 3 2

Education (n) 1.07 0.78

Highschool 3 3

Some College 8 8

Bachelor’s degree 6 9

Advanced degree 5 3

Race (n) 2.51 0.47

Asian 3 5

Black 0 1

White 13 14

Other 6 3

Ethnicity**(n)

Hispanic 2 1

Non-Hispanic 20 20

Values for age are reported as M(SD).

*n = 22 interactive; 22 passive, one participant declined to answer.

**n = 22 interactive; 21 passive, two participants declined to answer.

post-test. However, no significant main effect for condition
(interactive/passive) [F(1,43) = 1.29, p = 0.26, R2 = 0.029] or
interaction between time and condition [F(1,43) = 0.17, p =

0.68, R2 = 0.004] was shown (Figure 5). The PCSE measures
the learners competencies in relation to knowledge about portion
control using items such as one’s ability to control portion size
when eating out with others, the extent to which others can
influence how much one eats, the ability to handle eating the
right food portion regardless of the food type, etc. Our findings
indicate that the IVAN app has significantly improved the portion
size self-efficacy of participants, which was the main topic the
interactions were designed around. As such, our findings support
that learning materials in the IVAN app were specific to portion
size and energy density, exactly as we intended them to be.

With respect to the second measure of learning outcome, the
weight management nutrition knowledge scores, our results did
not indicate any significant main effects or interaction. This was
to some degree expected, as the design of the IVAN app was
primarily focused on portion size and energy density, and not on
weight management.

To discuss the implications of IVAN on knowledge
acquisition, our results suggest that iVR has the potential
to educate people about food-energy density and portion control
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TABLE 2 | Repeated measure ANOVAs on learning outcome measures.

Interactive Passive T-test

Pre-test Post-test Pre-test Post-test Time Condition Interaction

M (SD) M (SD) M (SD) M(SD)

Portion size self efficacy 38.81 (5.10) 42 (4.56) 40.65 (5.26) 43.30 (5.41) 0.000** 0.26 0.68

Weight management knowledge 68.22 (5.53) 68.31 (4.44) 66.26 (4.84) 67.78 (6.10) 0.16 0.39 0.21

**Indicates significance at p < 0.001.

FIGURE 5 | Plot diagram of portion size self efficacy.

regardless of its interactivity. While we do see an increase in the
portion size self-efficacy of people from pre to post intervention,
it is important to note that the type of knowledge gain measured
in this experiment is perceptions of self-competence. The
ultimate objective of educating people about nutrition-related
concepts using iVR is to leave a lasting effect that would manifest
itself as a change in their behavior. Although this objective
goes beyond the scope of the current study, our results suggest
a very interesting and promising finding. In classical settings
where topics such as calorie density and portion control are
taught to people with the help of a RDN (resembling the
passive condition in this experiment), multiple sessions are
recommended to see increases in the competencies of people
(Raynor and Champagne, 2016). Our results suggest that iVR
may be able to improve food-related competencies in a much
more scalable way.

Analyzing our results in light of perceived learning experience,
however, provides preliminary evidence that manipulating
interactivity could lead to different perceptions of learning
experience. The results suggest that the perceived learning
experiences of participants were marginally better in the
interactive condition (M = 4.57, SD = 0.49) than the
passive condition (M = 4.11, SD = 0.85) with respect
to the immediacy of control metric [t(41) = 2.18, p <

0.05] (Table 3), Although we do highlight the exploratory
nature of this study and the need for future confirmatory

studies. The comprising items for the interactivity metric were
as follows:

1. The ability to change the view position of the 3-D objects
allows me to learn better.

2. The ability to change the view position of the 3-D objects
makes learning more motivating and interesting.

3. The ability to manipulate the objects (e.g., pick up, cut, change
the size) within the virtual environment makes learning more
motivating and interesting.

4. The ability to manipulate objects in real time helps to enhance
my understanding.

The comparison of the individual question items for the
immediacy of control measure of perceived learning experience
is depicted in Table 4. We see that participants scored marginally
higher for two of the questions related to how immediacy
of control helps them with learning and understanding.
However, we do highlight that these results are exploratory.
As this metric is directly related to the interaction with
and manipulation of the virtual objects, we can consider
this as promising preliminary support of our manipulation
check. Furthermore, this finding seem to suggest a potential
effect of interactivity affordance on perceived learning
experience in iVR which should be explored further in
future studies.

No other differences between the interactive and passive
versions for the measured metrics were shown to be statistically
significant.

To offer an answer to RQ1: Can a health-related iVR
application be successfully evaluated in an unsupervised remote
experiment?, our results demonstrate the feasibility of conducting
a remote health-related iVR study. In light of this, we argue
that the paradigm of remote iVR experiments is a viable
approach for disseminating and evaluating educational iVR apps
that go beyond fundamental research questions pertaining to
iVR (e.g., place illusion, embodiment illusion, presence, etc.),
and instead focus on developing knowledge or competencies
in users that can be ultimately transferred to and used in
the real-world.

Furthermore, our experience with conducting a remote
iVR experiment shows that it is perfectly feasible to reach a
population of users with access to advanced iVR HMDs, capable
of running complex iVR apps. Our results also indicate that
it is feasible to conduct a remote iVR study with a complex
and highly interactive (in one condition) application. Thus,
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TABLE 3 | Perceived learning experience questionnaire total and subscales.

Interactive Passive T-test

M SD M SD t-value df p-value Cohen’s d

Average score 4.28 0.48 4.47 0.31 -1.26 31 0.21 0.47

Subscale

Immediacy of control 4.57 0.49 4.11 0.85 2.18 41 0.03* 0.66

Perceived usefulness 4.50 0.55 4.29 1.01 0.80 40 0.42 0.25

Perceived ease of use 4.53 0.45 4.71 0.29 −1.42 38 0.16 0.47

Presence 4.47 0.51 4.71 0.56 −1.43 40 0.15 0.44

Motivation 3.82 0.96 3.48 1.13 1.06 41 0.29 0.32

Cognitive benefits 4.42 0.51 4.15 1.03 1.03 40 0.30 0.33

Control and active learning 4.32 0.75 4.26 0.90 0.23 38 0.81 0.07

Reflective thinking 4.03 0.59 3.91 0.83 0.51 39 0.59 0.16

Perceived learning effectiveness 4.28 0.49 4.30 0.60 −0.15 38 0.88 0.03

Confidence 4.05 0.71 4.33 0.53 −1.38 38 0.17 0.44

Satisfaction 4.24 0.53 4.47 0.31 0.49 40 0.62 0.52

*Indicates significance at p < 0.05.

TABLE 4 | Individual questions from the immediacy of control measure.

Interactive Passive T-test

M SD M SD t-value df p-value

Q1 4.45 0.59 3.73 0.98 2.96 42 0.005*

Q2 4.64 0.58 4.23 1.19 1.44 42 0.15

Q3 4.64 0.58 4.24 0.88 1.74 41 0.08

Q4 4.59 0.50 4.10 0.94 2.16 41 0.03*

*Indicates significance at p < 0.05.

providing evidence that unsupervised remote iVR studies can
be performed with immersive experiences that require extensive
physical movements from the users (i.e., cutting virtual food
items and assembling meals). The majority of the reviewed
remote iVR research works in Section 3.1 have focused on
experiences with no to minimal interactivity. However, our
study provides evidence that remote iVR studies do not have
to be limited in interactivity, and more complex applications
can be disseminated and evaluated using the remote experiment
paradigm if they are carefully designed.

However, we are still limited to biases in the demographics
of iVR device owners, as they still seem to be predominantly
male, Caucasian, and belonging to a certain age group, similar
to what is reported in Ma et al. (2018), Huber and Gajos
(2020), Zhao et al. (2021). Notwithstanding, the characteristics
of participants presented in Table 1 indicate that using a
remote experiment paradigm, we have managed to reach out
to a diverse population of users in terms of income and
education level. We predict that in the near future, and with
the emergence of concepts such as the Metaverse (Lee et al.,
2021), consumer-grade iVR devices would reach a level of

ubiquity similar to smartphones. This will undoubtedly alter the
design, dissemination, and evaluation of iVR experiences and
help researchers in gaining access to a more diverse population
of remote participants.

To offer an answer to RQ2: Does an interactive iVR
experience cause a more positive perceived learning experience
for learners than a passive iVR experience?, our results
indicate that iVR has the potential to educate people about
food-energy density and portion size control regardless of
its interactivity. However, learners could potentially have a
better perceived learning experience, at least in relation to
immediacy of control, when they can interact with and
control the 3D objects around them in a meaningful way.
As such, interactivity seems to be partially affecting how
people perceive and react to an educational iVR experience,
although future studies are needed to further investigate this
relationship.

It is important to note that remote iVR data collection
methods pose specific challenges that can affect different
aspects of studies focusing on behavioral outcome of users,
such as the one performed in this paper. In laboratory
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settings, researchers can assess many different aspects of
users such as physiological data, skin conductance, heart-rate,
blood pressure, Electroencephalography, eye-tracking, positional
tracking data, and more, that can prove to be vital and
revealing in understanding the behavioral outcomes of users
(Ratcliffe et al., 2021b). Some of such data can be extracted
from some of the available HMDs in the market (e.g., HTC
Vive Pro Eye12, HP Omnicept Reverb13), but these devices
are often more expensive and not really of interest to the
population of users who purchase iVR devices for entertainment
purposes. We are however, capable of logging performance
as well as positional and orientational tracking data from
users’ headsets and controllers and post them to a server
for analysis. While such data can potentially pose privacy
issues (Miller et al., 2020), they can reveal useful behavioral
tendencies in participants and help us better understand the
implications of our educational intervention on their behavior
while playing.

We have learned valuable lesson from our experience with
conducting a remote iVR experiment. First, the dissemination of
iVR apps for standalone HMDs are not as easy and user friendly
compared to social iVR platforms or desktop experiences.
Participants need to install a third-party APK on their HMDs
before they can access the virtual experience. While there are
software and tools available that facilitate this process, it is
still an extra burden placed on the participant and could cause
privacy concerns. In contrast, based on our past experiences,
web-based, social, or desktop iVR apps could be directly executed
without any additional installations. However, they come at a cost
(e.g., requiring tethered HMDs—for desktop iVR apps, limited
functionality and development freedom—for social iVR, limited
visual fidelity—for web iVR).

Second, while conducting a remote iVR experience is more
efficient and cost effective in terms of equipment costs, time,
and dedicated lab space, we had to offer significantly higher
financial incentive to our remote participants. Given the length
of our experiment, and the required efforts for downloading and
installing the app, increasing the financial compensation was the
only option to attract participants.

Third, similar to other remote iVR research, we also found
it difficult to curate a representative sample with more females.
Our experience with conducting this remote study show that
there is a serious need for alternative ways to reach a larger
female population of iVR users for remote studies. Perhaps using
online communities that focus on apps specifically designed for a
certain gender or age-rage would alleviate this problem to some
extent, but it could also be a source of sampling biases. We are
hoping that emerging crowdsourcing platforms such as XRDRN,
the increasing popularity of low-cost HMDs, and hopefully the
emergece of the Metaverse would be an effective way to address
sample homogeneity issues.

Fourth, the IVAN app required participants to perform
extensive physical movements. While these movements did not
necessarily require them to physically walk, it required them to

12https://www.vive.com/us/product/vive-pro-eye/overview/
13https://www.hp.com/us-en/vr/reverb-g2-vr-headset-omnicept-edition.html

move their hands and manipulate virtual objects. We chose the
Oculus Quest HMD as the platform for running our app, and
this headset requires the users to define a so called “play area”
in which they can physically but safely move. In light of this,
we believe that the iVR technology as matured to a point where
experiments that require extensive physical movements could be
safely conducted without the supervision of an experimenter.
This opens the door for numerous opportunities for future
remote iVR experiments.

Despite some of the challenges we faced during this exercise,
we are still in agreement with other researchers in the community
that overall, the advantages of remote iVR experiments outweigh
their shortcomings.

6. CONCLUSIONS, LIMITATIONS, AND
FUTURE WORK

In this paper, we presented and remotely evaluated an immersive
VR app called IVAN aimed at educating people about the
concepts of calorie density and portion control. To explore
the applicability of iVR in nutrition-related education, two
conditions were devised where one fully utilized the features of
iVR (i.e., interactive), and the other resembled a classical way of
learning about this topics with the help of a RDN and did not
utilize the full potential of iVR (i.e., passive). The two unique
contributions of this work, based on the results of an evaluation
with 45 participants are that health-related iVR applications can
be effectively disseminated and evaluated using a remote study
paradigm, and that regardless of interactivity, experiencing the
IVAN app increases the knowledge gain of learners in light of
portion control self-efficacy.

For iVR applications with health-related topics such as
nutrition, sample size is of utmost importance for the external
validity of results. It is well-established that conducing in-lab iVR
studies are challenging due to the involved logistics (Mottelson
and Hornbæk, 2017). Consequently, studies often suffer from
samples with small sizes. Remote iVR, indeed seems to be a viable
approach to bridge this gap.We have demonstrated the feasibility
and convenience of recruiting 45 remote participants with access
to advanced iVR HMDs (i.e., Oculus Quest). While our sample
is comparable to other remote iVR studies reviewed in Section
3.1, it can still be larger and more diverse to further increase the
external validity of our findings. The study presented in this paper
was in a ways both a pilot and a feasibility study. However, our
results have enabled us to perform a (currently underway) more
informed and rigorous larger trial based on these findings.

Immersive Virtual Reality has shown to be able to cause an
increase in nutrition knowledge in a short time and an scalable
way using remote data collection paradigm. In light of this,
we conclude that our results suggest iVR to have the potential
to be used for nutrition-related education. It is important to
note however, that our study design does not compare iVR
against conventional in-person interventions with RDNs or non-
immersive apps, but rather only focuses on different versions
of iVR (manipulating interactivity) in a remote study context.
As such, our work is limited in the conclusions we can draw
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in relation to whether iVR matches or statistically outperforms
in-person interventions with RDNs, or desktop/mobile nutrition
apps. As part of the future direction of this research, however,
we are currently comparing the interactive version of IVAN
against conventional interventions with a RDN to gain a
better understanding of the efficacy of iVR in nutrition-related
education. It is also our aim to compare our current iVR version
of the IVAN against a non-immersive version to investigate
the effect of immersion on the learning and experience of
users.

Furthermore, the form of knowledge gain assessed in
this research pertains to only perceptions of competence
assessed using self-reported questionnaires. The IVAN app,
on the other hand, enables learners to explore and construct
practical knowledge and skills through hands-on activities in
the interaction condition. As such one of the limitations
of the current research is the lack of an assessment that
focuses on the development of practical skill in relation to
calorie density and portion control. Therefore, as part of the
future direction of this research, we will be using hands-
on tests prior to and after interaction with the IVAN to
explore the effect of interactivity on practical knowledge gain of
individuals.

Moreover, our results suggest that the interactivity of an
educational iVR app could have potential partial effect on the
perceived learning experience of people in light of the immediacy
of control metric. In light of this, our results seem to suggest
that the ability to perform meaningful and decisive interactions
in an educational iVR experience could be an important design
consideration that can contribute to a more positive perceived
learning experience. While interactivity adds theoretical value,
for example, from a constructivist perspective to the learning
experience, it might unfold its real value through longer terms
effects that were not part of the current study. In addition, high
interactivity in iVR applications could also manifest itself in
physical movements in the virtual world. As was reported in the
study conducted by Ma et al. (2018), 81% of their respondents
have reported access to enough space to walk around in iVR.
In addition, a large number of current iVR apps available on
popular consumer HMDs such as the Oculus Quest require
the users to setup an empty physical space as their “play area”
to be able to physically move around within that space, as
required by the mechanics of the app. As such, future design of
remote iVR experience could include richer forms of interactions
that go beyond a stationary mode. In the context of nutrition
education, this could be enabling users to physically browse a
virtual buffet or supermarket and naturally interact with virtual
food items.

Our study, albeit preliminary, suggests that interactivity
only affects one measure of perceived learning experience.
The comparisons reported in Table 3 show an interesting
but somewhat contradictory trend. While the self-reported
mean score for most of the measures are higher in the
interactive condition, we see that perceived ease of use,
presence, perceived learning effectiveness, and motivation are
marginally higher in the passive condition (albeit statistically
non-significant). A larger sample size would help future studies

in teasing apart these trends. However, interactivity was the
only dimension of iVR that was manipulated in this study.
While it could show a strong effect in relation to immediacy
of control, it may not drastically affect other measures of the
perceived learning experience. Other fundamental characteristics
of iVR, such as presence and immersion could potentially
be better predictors for perceived ease of use, presence,
perceived learning effectiveness, and motivation. As such,
more research is needed to gain a deeper understanding
of what affordances and design choices in educational iVR
applications predict the learning outcomes and experiences of
users.

It is also important to note that the measures we have
used for perceived learning experience in the context of this
research, only reflect the subjective opinion of the participants
in terms of how they feel or think their experience is affected. As
such, further research, with more objective measures of learning
experience should be performed in the future. Furthermore, as
the nature of this research was exploratory, subsequent studies
with pre-planned hypotheses should be conducted to confirm
the suggested effect of interactivity on learning experience. In
addition, to better understand the implications of our findings,
qualitative analyses of post-experiment interviews and open-
ended questions could prove to be useful. In light of this and as
part of the future direction of this research, we are planning on
utilizing a mixed-methods approach.

Furthermore, while the current study suggests the efficacy of
iVR for nutrition-related education, and the suggestive partial
role of interactivity on perceived learning experience, it falls short
in investigating the ultimate desired effect of iVR—leaving a long
lasting effect. Therefore, as part of the future direction of this
research, using a remote longitudinal study we will be examining
the extent to which learning in iVR is transferable to the real-
world as well as its potential in inducing a long lasting change in
the behavior of people. Such a study could also include physical
behavioral data such as positional and orientations tracking of
the headset and controllers, as well as performance data such
as frequency of interaction with different virtual objects, success
rate, repetitions, etc. to better understand the experiences of users
in interactive educational iVR experiences.
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