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ON THE USE OF VIRTUAL REALITY IN
MITIGATING HYPOTHETICAL BIAS IN CHOICE
EXPERIMENTS

D1 FANG, RODOLFO M. NAYGA JR, GRANT H. WEST, CLAUDIA BAZZANI,
WEI YANG, BENJAMIN C. LOK, CHARLES E. LEVY, AND HEATHER A. SNELL

Choice experiments have been extensively used in many stated preference studies and disciplines. In
order to give external validity to stated preferences, participants must behave the same in an experi-
ment setting as they do in reality. The difference between a decision made in a real experiment and a
hypothetical experiment is commonly attributed to “hypothetical bias.” In this paper, we investigate
whether virtual reality can reduce hypothetical bias in choice experiments. We conducted a set of
experiments using the Food and Drug Administration’s new Nutrition Facts Label for yogurts. Partic-
ipants were randomly assigned to non-hypothetical and hypothetical experiments, which differed in
terms of visual presentations of the product in question: text, picture, and a virtual grocery store. Given
the absence of real markets for the new label at the time of the research, we approximate the real mar-
ket with a binding choice in our non-hypothetical experiments. Our results suggest that although the
hypothetical bias with virtual reality is not statistically significantly different from those using text or
picture, it is the smallest. Among participants who did not exhibit high simulator discomfort, results

suggest that virtual reality can significantly reduce hypothetical bias in choice experiments.
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Choice experiments (CE) are arguably one of
the most popular stated preference elicitation
methods being used by applied economists in
valuing private and public goods. CE is now
extensively used in marketing, agricultural
economics, transportation, health, and envi-
ronmental economics. Willingness to pay
(WTP) values and preferences from CEs are
used to inform policy, program, or business
decisions. The advantage of a CE when evalu-
ating the potential of new products or policies
is that it allows the identification of prefer-
ences through marginal substitution between
attributes. The downside, shared by most
stated preference methods, is the real possibil-
ity of hypothetical bias, which is well docu-
mented in the literature (List and Gallet
2001; Lusk and Schroeder 2004; Chowdhury
et al. 2011; De-Magistris, Gracia, and Nayga
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2013; Bello and Abdulai 2016; Penn and
Hu 2018).

Hypothetical bias is a concept first intro-
duced by Schulze, d’Arge, and Brookshire
(1981) as “the potential error induced by not
confronting the individual with an actual situa-
tion.” It refers to the difference in valuations
made by individuals in hypothetical settings
as opposed to those made in real situations.
As valuations are often measured in terms of
WTP, many studies have found that individ-
uals overstate their WTP in hypothetical situa-
tions (List and Gallet 2001; Murphy et al. 2005;
Chowdhury et al. 2011; De-Magistris, Gracia,
and Nayga 2013; Bello and Abdulai 2016),
although some suggested that real values
could be larger than the values constructed
from hypothetical markets (Brownstone and
Small 2005; Isacsson 2007; Hensher 2010). In
some cases, researchers find no significant dif-
ference in valuations (i.e. estimated in terms of
marginal WTPs) after comparing preferences
between a hypothetical and a real choice
experiment (Carlsson and Martinsson 2001;
Lusk and Schroeder 2004).

Given the popularity of CEs in valuation
research, it is important to find ways to miti-
gate hypothetical bias in CE studies. A num-
ber of approaches have been tested and used
in the literature including cheap talk (Cum-
mings and Taylor 1999; Silva et al. 2011;
Mahieu, Riera, and Giergiczny 2012), oath
(Carlsson et al. 2013; Jacquemet et al. 2013),
consequentiality (Vossler, Doyon, and Ron-
deau 2012; Drichoutis et al. 2017), inferred
valuation (Chang, Lusk, and Norwood 2009;
Lusk and Norwood 2009; Norwood and Lusk
2011), and honesty priming (De-Magistris,
Gracia, and Nayga 2013; Howard et al. 2017).
Although methods such as inferred valuation,
honesty priming, and consequentiality have
been found effective in some empirical studies,
concerns remain because adding complexity
and additional validation could result in higher
difficulty in comprehension and fatigue for the
respondents (Bradley and Daly 1994; Cherchi
and Hensher 2015). As DeShazo and Fermo
(2002) shows, when a task exceeds the respon-
dent’s cognitive load, it could elicit inconsis-
tent choices. Worse yet, people may also use
simplifying strategies, such as skipping the
alternatives or attributes, to ease choice task
execution (Cherchi and Hensher 2015).
Accordingly, visual aids such as pictures or
images have been used in CEs in an attempt
to reduce cognitive load and further enhance
individuals’ engagement in the choice tasks
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(Alfnes, Yue, and Jensen 2010; Van Weze-
mael et al. 2014; Cherchi and Hensher 2015).

Recent technology in virtual reality (VR)
represents an important direction to poten-
tially improve the validity of findings from
CEs (MeiBner and Decker 2010; Cherchi and
Hensher 2015; Innocenti 2017). In particular,
VR uses virtual environments to present digi-
tally recreated real world activities via immer-
sive (headsets) and non-immersive (2D
computer screens) mediums (Parsons 2015).
The intuition is simple: by providing con-
trolled settings in which individuals decide
and interact, VR environments “affect the
dominant approach to laboratory experimen-
tation in economics” (Innocenti 2017, p. 72).
Moreover, immersive settings in VR are useful
in investigating information processing and
decision making adopted by individuals to
reduce cognitive load and task complexity
(Camerer, Loewenstein, and Prelec 2005; San-
chez-Vives and Slater 2005).

VR has been found effective in environmen-
tal economics studies aimed to improve consis-
tency in choices by aiding the respondent’s
comprehension as well as enhancing their
engagement and cognitive abilities (Bateman
et al. 2009; Bonsall and Lythgoe 2009; Mat-
thews, Scarpa, and Marsh 2017). For example,
Bateman et al. (2009) found that compared to
the standard presentation, preferences elicited
in VR treatments are less variable and exhibit
a significant reduction in asymmetry between
willingness to pay and willingness to accept in
the context of land use. Matthews, Scarpa,
and Marsh (2017) indicated that VR reduced
choice error, improved engagement, and
resulted in different WTP from a static picture
treatment. Despite the advantages of VR over
the traditional delivery, however, no research
has directly investigated whether VR can actu-
ally mitigate hypothetical bias in choice exper-
iment. This paper fills this critical void in the
literature.

The objective of this study is to assess
whether the use of VR in CE can reduce or
mitigate hypothetical bias. To examine this
issue, we randomly assign subjects to different
treatments that include hypothetical and non-
hypothetical CEs. In the hypothetical CE
treatments, subjects are presented with the
choice sets using text, picture, or VR. In the
non-hypothetical treatments, subjects are pre-
sented the choice sets in either text format or
VR. Given the absence of real market for the
new label at the time of the research, we
approximate the real market with a binding
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choice in the non-hypothetical treatments.
Using the context of food choices in a grocery
store, our results suggest that the use of VR in
CE does not completely eliminate, but can sig-
nificantly reduce, hypothetical bias compared
to computer based picture and plain-text
delivery among participants who did not
exhibit high VR discomfort.

General Design and Treatments’ Description

Virtual Store

VR is a computer-mediated synthetic world
that users can interactively experience
through sensory stimuli (Fiore et al. 2009).
Experiencing VR requires that the user has
some means to navigate through the virtual
world, which typically allow for interaction
not just observation. The primary sense of
vision is often dominated by having the user
wear a head-mounted display, such as Oculus
Rift”™ where the surrounding visual context
is projected onto flat surfaces. The user’s posi-
tion and orientation are then tracked so that
the visual experience is controlled by normal
user movement and by gaze direction (Fiore
et al. 2009). Navigation is achieved when the
movements of the user are translated into
movements within the virtual space.

As Innocenti (2017) noted, the key differ-
ence between VR experiments and standard
laboratory tests is the higher level of immer-
sion. Immersive settings are useful to investi-
gate the processes of information processing
and decision making adopted by individuals
to reduce cognitive load and task complexity
(Camerer, Loewenstein, and Prelec 2005; San-
chez-Vives and Slater 2005). The isolated
experience in the headset allows people to
focus solely on experimental stimuli (Lee
et al. 2003; Fox, Bailenson, and Binney 2009).
Such isolation allows focus on cognitive pro-
cesses neglected in standard experiments
(Innocenti 2017).

Our primary research question is whether
an immersive virtual grocery store can
enhance focus on the experimental stimuli
and thereby mitigate hypothetical bias. To this
end, a virtual grocery store was developed in
order to customize an existing, highly immer-
sive VR grocery store (Levy et al. 2015,
2019). The virtual store mimics a typical
small-sized grocery store, providing similar
grocery selection, shelf layout, entry, and exit.
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In the virtual grocery store, an illuminated
pathway leads to the refrigeration section
where yogurts were displayed. To implement
our experiment in VR, we customized the pre-
sentation of the yogurt choice scenarios using
the Unity VR software development platform
(Unity.com, 2020). The labels were prepared
based on the Food and Drug Administration’s
new guidelines (US Food and Drug Adminis-
tration 2016) and scanned onto the virtual
product. Figure 1 shows an example of the vir-
tual store and choice environment. Oculus
Rift’” VR headsets were employed. This
included wireless remote controls, at a unit
cost of approximately $400. Each headset
required a desktop computer to power the
device and run the VR software. We then
needed to retrofit our desktop machines with
upgraded graphics cards (approximately $100
each) that were compatible with the Oculus’™
technology.

The VR experience was piloted to a small
group of students first. Adjustments were then
made based on feedback from the pilot. In par-
ticular, we added an audio voiceover that read
the instructions. Respondents were guided on
the use of the VR remote control and the com-
plete range of motions that they could under-
take within the virtual experience. They were
free to take as long as they needed to arrive
at the designated section and to pass by
shelves filled with other groceries such as
cereal and canned food. When arriving at the
designated section, instruction appeared on
how to navigate the controller in order to
select a four-pack yogurt, view, zoom or rotate
to see the nutrition labels. In order to approx-
imate a realistic shopping experience, we
asked respondents to enter the virtual store
from a parking lot, push a shopping cart, navi-
gate to the yogurt, complete the choice tasks,
and then exit via the checkout counter. Mov-
ing avatars that represent other shoppers were
present in the store but consistent for all VR
participants. The experiment was recorded as
soon as the participant entered the store and
ended as he/she exited via the checkout coun-
ter, where he/she was greeted by an avatar
clerk.

Spatial awareness acquired in a virtual envi-
ronment has been shown to influence naviga-
tion and memory as participants who exhibit
better viewing tend to have a higher sense of
immersion (Wu et al. 2019). VR fully
immerses the user in the virtual environment
by blocking other visual inputs that might dis-
turb the experience; however, this level of
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presence can lead to the undesirable simulator
sickness (Tyrrell et al. 2018). Symptoms of
simulator sickness resemble motion sickness
to include eyestrain, headache, nausea, or
even vomiting. Because simulator sickness
could influence the cognitive transfer of
knowledge, it is natural to assume that deci-
sion making would be influenced as well. To
address the possibility of heterogeneous reac-
tions to the simulated virtual store, we
employed a questionnaire designed to

BE AWARE:
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measure the symptoms of simulator sickness
by Kennedy et al. (1993), then modified by
Tyrrell et al. (2018).

The simulator sickness questionnaire by
Kennedy et al. (1993) is considered the current
gold standard in simulator research. The ques-
tionnaire contained sixteen items on which
subjects rate the degree of severity on a four-
item scale (0 = none, 1 = slight, 2 = moderate,
3 = severe). The sixteen items can be summa-
rized into three subscales: Nausea (general

studies show that people tend to act differently when they face hypothetical decisions. In
other words, they say one thing and do something different. For example, some people
state a price they would pay for an item, but when this item becomes available in a grocery
store, they will not pay the price they said they would pay. We want you to behave in the
same way that you would if you really had to pay for the product and take it home.

e
milk/Chees
sliced Meats

n@‘<

Figure 1. Choice experiment in an immersive virtual store [Color figure can be viewed at

wileyonlinelibrary.com]

(Figure continues on next page.)
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discomfort, increased salivation, sweating,
nausea, difficulty concentrating, stomach
awareness, burping), Oculomotor Stress (gen-
eral discomfort, fatigue, headache, eyestrain,
difficulty focusing, difficulty concentrating,
blurred vision), and Disorientation (difficulty
focusing, nausea, head fullness, blurred vision,
dizzy, vertigo). We followed Tyrrell et al.
(2018) to compose a weighted score, which
reflects the total discomfort level as well as
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scores along the three subscales. This was cal-
culated by summing the scores associated with
each subscale and multiplying by an appropri-
ate weighting factor: 9.54 for Nausea, 7.58 for
Oculomotor, and 13.92 for Disorientation.
Simulator sickness was measured before and
after completing the choice tasks following
Tyrrell et al. (2018). Because there is no stan-
dardized threshold to confirm “sickness”, the
overall scores before and after are often

N

Canned Veg.
Soups
Milk/Cheesy

Sliced Mez

Figure 1. (Continued)
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compared to determine a change in comfort,
which is indicated by a binary variable, with 1
indicating increased discomfort. To be consis-
tent, this questionnaire was administered to
participants in all treatments, not just the VR
treatments. We make the entire VR survey
available in Appendix 2 in Appendix S1.

Experimental Procedures

We follow Papoutsi et al. (2015) to employ a
labeled design with three alternatives for each
choice task: one strawberry yogurt labeled
“Light,” one strawberry yogurt labeled “Orig-
inal,” and a no-buy option labeled “Neither of
these.” The only other attribute is price. The
design of our labeled CE is built upon the liter-
ature on the effect of nutritional labels on pur-
chase decisions (Balcombea, Chalakb, and
Fraser 2009; Petrovici et al. 2012). Four levels
of the price attribute were specified to approx-
imate the actual market prices for a four-cup
(6 oz each) serving package of strawberry
yogurt in the local stores: $1.65, $2.60, $3.55,
and $4.50.

We employ a three-stage sequential Bayes-
ian design to minimize the D-error following
Bliemer, Rose, and Hess (2008) and Scarpa
and Rose (2008). To obtain priors, we con-
ducted one pilot with a sample of twenty-three
students, implementing a fractional factorial
orthogonal design. To determine the number
of choice tasks, we followed ChoiceMetrics
(2012) in order to satisfy the minimum number
of de%rees of freedom and attribute level bal-
ance.” To allow for more variation, we then
opted for a design with eight choice tasks, with
each choice task having three alternatives, that
is, an original yogurt, a light yogurt, and a no-
buy alternative. The eight choice tasks were
divided in two blocks of four choice tasks each,
meaning that each respondent faced four
choice questions. This helps reduce fatigue in
respondents, which has been considered an
issue in CEs (Savage and Waldman 2008).
The twenty-three responses from the pilot

'"Namely, S * (J — 1) > = K, where S is the number of choice
tasks, J is the number of the alternatives and K the number of
parameters. Our experimental design consists of three alternatives
in each choice set: original yogurt, light yogurt, and the no-buy
option. Given our interest in preference heterogeneity, we utilized
a random parameter logit model, specifying the two product alter-
natives (with the no-buy option as benchmark) and the price attri-
bute to be random parameters. Accordingly, K is 6 because 6
parameters should be estimated: both the mean and standard devi-
ation for each alternative. The minimum number of choice tasks
necessary is then: § > =6/2 =3.
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survey were used to estimate a multinomial
logit (MNL) model in order to obtain mean
values and standard errors of parameters,
which were implemented as Bayesian priors
assuming normal distributions. We used esti-
mates from a MNL model because Bliemer
and Rose (2010) demonstrated that designs
based on MNL probabilities perform well for
a random parameter logit model despite the
difference in the asymptotic variance—covari-
ance estimator. Interested readers can see sim-
ilar examples in Bazzani et al. (2017). The
advantage of such an approach is that the
number of respondents necessary to reveal
significant coefficients is reduced to a mini-
mum. An example of the choice task is shown
in figure 2.

Before the experiment, we provided all par-
ticipants with detailed information regarding
the experiment mechanism. In particular, they
were informed that they would face four dif-
ferent choice tasks, each describing three
alternatives. In the non-hypothetical treat-
ments, respondents were informed that after
responding to the choice tasks, one of the
choice sets would be randomly chosen as the
binding choice set. It was emphasized to the
participants that each of the four choice tasks
would have the same probability to be selected
as binding. They would then be obligated to
pay for the product they chose in the binding
choice task if either of the yogurt options was
chosen and to do so at the price indicated for
the chosen product alternative. Actual yogurt
labels with nutrition facts were created, then
applied over the real light and original straw-
berry yogurt packages. Brand was not
revealed. Upon completion, participants
responded to a demographic questionnaire.
A $10 participation fee was provided to each
respondent at the end of the experiment.

We recruited students on the campus of a
state university in the US. Respondents were
randomly recruited among those who entered
and exited the school cafeteria. They were
informed of the opportunity to participate in
a yogurt experiment rather than a VR experi-
ment to avoid self-selection of tech-savvy peo-
ple. When approaching the participants,
interviewers asked them a set of screening
questions: whether they were at least eight-
een years old and whether they had purchased
strawberry yogurt in the past six months. Eli-
gible participants were then randomly
assigned to one out of five between—subject
treatments. In particular, we implemented
three hypothetical CEs: plain text (HT),
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Please select the alternative you prefer.

Strawberry Yogurt
Original

4 -6 0z. (170g) cups
NET WT. 24 oz. (680g)

Strawberry Yogurt
Light

4 -6 0z. (170g) cups
NET WT. 24 oz. (680g)

Nutrition Facts|Nutrition Facts
4 servings per container 4 servings per container
Serving size 170g | Serving size 170g
m W
Calories 150 | Calories 80
% Daily Value~ % Daily Value~™
Total Fat 1 59 2% | Total Fat Og 0%
Saturated Fat 1g 5% Saturated Fat Og 0%
Trans Fat Og Trans Fat Og
Cholesterol 5mg 2% | Cholesterol <5mg 1%
Sodium S0mg 3% | Sodium 80mg 3%
Total Carbohydrate 29g 10% | Total Carbohydrate 159 5%
Total Sugars 259 Total Sugars 11g
Includes 15g Added Sugars 30% Includes 1g Added Sugars 2%
Protein 59 10% J§ Protein 5g 10%
\‘ulamleSmcn_m \':laanlSmcg_I-S‘G
Calcium 150mg 15% | Calcium 150mg 15%
Iron Omog 0% § Iron Omeg 0%
Potassium 250mg 7% ] Potassium 250mg 7%
*The % Daily Value tells you how much a nutrent in @ serving *The % Daily Value toils you now much a nutrent in a senving
of focd contnbutes 1o a dally diet. 2000 calores a day s used of food contributes 1o a dally det. 2000 calonas a day s used
1Or genaral nutrtion aavioe. 1or genaral nutrion aavioe

$1.65
O

$3.55
O

Neither of these

Figure 2. Sample choice task [Color figure can be viewed at wileyonlinelibrary.com]

pictures (HP) and, virtual grocery store
(HVR). We conducted two non- hypothetical
CEs: virtual grocery store (NVR) and plain
text (NT). Approximately fifty respondents
were randomly assigned to each treatment,
resulting in a total sample of 256 subjects.

Hypotheses

To answer our research question, we build and
test a series of hypotheses based on these
treatments and total WTP estimates for origi-
nal and light yogurt alternatives. First, we test
whether the use of VR induces any “novel”
effect. That is, people would behave similarly
in non-hypothetical experiments, regardless
of using VR or text. Hence, we expect WTP

values from VR and text would be similar in
the non-hypothetical CEs.

HOy : WTPNYR_wTPNT =0, and
H1y: WTPNYR_wTPNT 0.

If we fail to reject HO,, that suggests there
is no difference between the two non-hypo-
thetical CEs. Next, we test whether hypo-
thetical bias indeed exists. Taking NT as the
baseline, the next sets of hypotheses are
defined as follows:

HO, : WTPHVRE_WwTPNT =0, and
H1,: WTPHVR_wTPNT > 0.
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If HO, is rejected, we can confirm that hypo-
thetical bias indeed exists in the hypothetical
VR treatment.

HO3: WTPH? —wTPNT =0, and
H1s: WTPH? —wTPNT > 0.

If HO5 is rejected, we can confirm that hypo-
thetical bias indeed exists in the hypothetical
picture treatment.

HO,: WTPHT —WwTPNT =0, and
H1,: WTPHT —wTPNT 0.

If HO, is rejected, we can confirm that hypo-
thetical bias indeed exists in the hypothetical text
treatment.

Next, we test whether VR produces smaller
WTP values compared to other hypothetical
treatments.

HOs: WTPHVR _wTpHP — ),
Hls: WTPTVR_wTpPHP < (.

If HOs is rejected, we can confirm that the
WTP values produced in HVR are smaller
than those in HP.

HOg: WTPHVR_wTPHT =0, and
Hle: WTPTVR_wTPHT 5.

If HOg is rejected, we can confirm that the
WTP values produced in HVR are smaller
than those in HT.

As we described in Experimental Procedures,
we conducted a between-subject experiment
where respondents are randomly assigned to
the different treatments. Therefore, even though
we can test the difference in WTPs between two
treatments, we cannot test the difference in
WTP between two treatments against that of
another two treatments because no participant
has conducted more than one treatment. Given
this, we cannot directly examine the reduction
of WTP in HVR against that in HP or HT with
hypothesis testing, i.e., Hy : WTP?VE — wTPN"
= WTP"" — WTPN". We do so in the regression
analysis specified next.

Model

Our model follows the one proposed by Fiebig
et al. (2010). We start with the standard
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specification where the utility of person # from
choosing alternative j in choice set ¢ is:

(1) Unjt =/))xnjt + Enjt,

where x,,; is a vector of the observed attributes
of alternative j; f is a vector of mean attribute
utility weights and homogeneous across con-
sumers, and ¢, is well-behaved (e.g. ITA) idi-
osyncratic error term. It is apparent that such
a naive model can be easily violated. There-
fore, we add to the standard specification by
allowing a vector of person n-specific devia-
tions from the mean f; that is, U,; = ( + 11,,)
Xnje + €njr, Where 1, is a vector of person spe-
cific taste difference from the mean based on
observed attributes. To further address con-
sumer heterogeneity in tastes for unobserved
product attribute, we add a scale parameter,
o, to the idiosyncratic error term, that is, U,
= (B + 1) Xuje + €njdo. This specification is sum-
marized in Fiebig et al. (2010) as a generalized
multinomial mixed logit model (GMNL):

(2)  Uni=lop+yn,+(1=y)on,|xnji + njt»

where y is bounded by [0, 1] and indicates how
the variance of residual taste heterogeneity
varies with the scale . To illustrate, when y =
1, B, = o + n,, the variance is independent of
the scale parameter related to the idiosyn-
cratic term. When y = 0, 8, = o(B + 1,,), taste
heterogeneity is proportional to the scale
parameter. Assuming the scale parameter is
heterogeneous (person specific) in the popula-
tion, o,, leads to the calculation of individual
WTP values. We made two assumptions about
the individual scale parameter. First, we let it
follow a log-normal distribution with mean 1
and standard deviation z, that is, 6,, ~ LN (1, ).
This assumes that consumer heterogeneity is
random. Second, we let o,, follow a function of
known predictors, where we assume consumer
heterogeneity is determined by reported con-
sumer characteristics. In this case, consumer
heterogeneity is assumed to be influenced by
self-reported health status, nutrition label use,
simulator sickness, and nutrition attitudes. The
focus here is not to estimate these factors sepa-
rately but to take these as inputs to better pre-
dict the scale parameter, 6,2 The first
assumption leads to Model 1 and the second
assumption leads Model 2. Following Fiebig

“For a similar application with more discussion on the scale
parameter, please refer to Fang et al. (2019).
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et al. (2010), the probability of person # choos-
ing alternative j under choice set ¢ is:

(3)  Pr(jlxul)

bl

1 i exp (Gdﬂ +ynd+(1 —y)(rdnd)x,,,-[

J
=15 exp(c?f+ynd + (1—y)on?) X

where d is the number of random draws. The
likelihood function is:

D
(4)  Lirebo)= 5> TTTTPC i)
T 7

Ve

HH eXP(Udﬁ+7”Id+(1—V)5d'1d) Xnjt

J
I ST exp(adB+ynt+ (L—y)on?) Xk
k=1

where y,;; is the decision (1 or 0). Our models
were estimated using the gmnl Package (Sar-
rias and Daziano 2017). Results presented in
this manuscript were produced with Rstudio
version 1.2.5019. Replication codes and de-
identified datasets can be found in Appendix
3 in Appendix S1.

We allowed for random effects in normal dis-
tribution for /ight and original, and a log-normal
distribution for price. We also allowed our alter-
native specific constant (ASC) for each attribute
to be random following a normal distribution
and scaled by o, In our empirical specifica-
tion, components of the utility function include
price, the different treatments, and an alterna-
tive-specific option representing either original
or the light option:

Amer. J. Agr. Econ.

Coefficient for Price was fixed at —1 and we
used the scale parameter o,,, to adjust for indi-
vidual heterogeneity. The WTP for each alter-
native was estimated directly as:

(6) WTPn]t = Gnﬂ + Yn + (1 _y)annﬂ’

rather than a ratio of the mean parameter esti-
mated for the non-monetary attributes to the
mean price parameter. In other words, our
WTP values are the regression coefficients.
Greene and Hensher (2010) recommended
fixing y at 0 to estimate the model in the
“WTP space.” Although doing so sacrifices
the flexibility of the model, it may reduce the
incidence of exceedingly large or small WTP
(Greene and Hensher 2010). Hence, we also
estimated the models with y equal to 0 as a
robustness check in Appendix 1 in Appen-
dix S1.

Results

Table 1 exhibits the overall descriptive statis-
tics of our sample and the balance among
treatments with respect to the socio-demo-
graphic variables. Two hundred and fifty six
participants were recruited from a land-grant
university, with approximately fifty partici-
pants for each treatment.* Each participant
completed four choice tasks. Using a student
sample is not uncommon in CE because stu-
dent behavior in a non-hypothetical valuation
study has been found to be similar to that of
non-students (Depositario et al. 2009). Even
though a student sample may exhibit certain

(5) Unjt = [gnﬂ +yn, + (1 —y)anﬂn] (ASCO,igma, +ASClight + Price +ASCoriginal XNT +
ASC[igh[ XNT + ASCW,’gmal x HT + ASClight x HT + Ascor,'gmal X HP +
ASC]ight X HP +ASC0riginal X HVR +ASC15gh, X HVR + Enjt

Fiebig et al. (2010) argued that allowing ASCs to be scaled could
lead to overly large estimates. However, the alternative is to assume
that consumers are homogeneous toward the “no-buy” option, which
we deem to be unrealistic. Hence, we allow the residual taste to be
heterogeneous for the “no-buy” option because some consumers
may opt out due to undesirable product attributes, whereas others
may opt out because they are unwilling to purchase a strawberry
yogurt.

skewed behaviors, it should not bias our con-
clusion given our interest in the differences in
results across treatments where respondents

“This experiment is approved by the University of Arkansas
IRB protocol# 17-04-623.
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Table 3. Main Results

On the Use of Virtual Reality in Mitigating Hypothetical Bias 153

Model 1 Model 2
Parameter estimate Std. err. estimate Std. err.
Original
ASC 27743k 0.142 2.589% 0.133
sd. (ASC) 2.81 8%k 0.639 2.897 #kk 0.576
ASC x HVR 0.635%#* 0.242 0.7627%* 0.269
ASC x HT 1.058%:* 0.328 1.017%:%:* 0.306
ASC x HP 0.878%%* 0.274 0.82] 0.213
Light
ASC 2.9995# sk 0.167 3.0] 3k 0.154
sd. (ASC) 2.498% k% 0.653 2.524%%% 0.598
ASC x HVR 0.8627% 0.25 0.756%** 0.273
ASC x HT 0.977#%* 0.285 0.806 % 0.264
ASC x HP 1.562%#%* 0.3 1.383#%% 0.264
Consumer heterogeneity
4 1.684s##:# 0.188 1.493%sk:# 0.123
T 1.143%%% 0.336 1.439%%* 0.219
Intercept 1.294%#%** 0.442 2.494% %% 0.563
Health score —0.301%#** 0.128
Nutrition importance 0.350%#* 0.121
Label use —0.543%* 0.269
Simulator sickness (binary) —0.839%%* 0.174
N 820 820
LL —519.74 —523.56
AIC 1065.48 1081.12

Note: #+* ** *Indicates significance levels at 0.01, 0.05, and 0.10. Model 1 allows the scale parameter to be drawn from a log-normal distribution. Model 2
estimates the scale parameter based on Health Score, Nutrition Importance, Label Use, and Simulator Sickness. The baseline group is non-hypothetical text

(NT). Coefficients are WTP.

are randomly assigned. As illustrated by the y*
tests, we achieved balance across treatments in
reported characteristics in age, gender, grade,
and income (p-value > 0.05). Balance was also
achieved regarding label use, self-reported
health status as well as nutrition conscientious-
ness. Overall, the majority of participants were
undergraduate students between the age of 18
and 22. A slightly larger proportion (58.80%)
of the participants were male. A majority
(71.32%) of participants reported reading the
label when they shop for yogurts. The self-
reported nutrition importance is 3.62 out of 5,
and the self- reported health status is 5.28 out
of 7, for all participants, indicating that our
sample has a higher consideration for nutrition
and health.

We also examined responses to the simula-
tor sickness questionnaire. When considering
only the post-experiment simulator sickness
score (SSC), or the continuous measure, there
is no difference across treatments. The major-
ity of those in the non-VR treatments do not
experience any discomfort. In the two VR
treatments, however, approximately twenty
in non-hypothetical and thirty in hypothetical
CE reported an increased SSC post-experiment.

Therefore, we created a binary indicator for
those who experienced increased overall SSC
post experiment. This measure is later used to
exclude participants in a robustness check. As
previously mentioned, the questionnaire
includes sixteen items in three subscales. Table
2 shows the average score for each item in the
questionnaire before and after the experiment.

Table 3 presents the main results. Model 1
allows the scale to be random following a log-
normal distribution whereas Model 2 accounts
for consumer heterogeneity determined by
known simulator sickness, label use, self-
reported health status, and nutrition conscien-
tiousness. For Model 2 in particular, we let
o, = exp(o + 6,SimSickness + 6;HealthScore
+ 83LabelUse + 54Nutritionlmp + teg), where
SimSickness indicates the discomfort induced
by the VR treatment, measured by a binary
indicator of greater weighted overall score
post experiment. To explore the possibility
that people who are health oriented may
exhibit different preference, we followed Pie-
niak, Verbeke, and Scholderer (2010) and cre-
ated an index using agreement responses
(seven-point Likert scale) to eleven statements
about the importance of health (e.g., health is
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Table 4. Robustness Check on Simulator Sickness

Model 3 Model 4
estimate Std. error estimate Std. error
Original
ASC 2.7755% %% 0.158 2.68] 0.141
Sd. (ASC) 2.807 %% 0.577 3.359% k% 0.470
ASC x HVR 0.659* 0.280 0.634 0.373
ASC x HVR x SSC 0.002 0.002
ASC x HT 0.934% 0.362 1.054%#* 0.358
ASC x HT x SSC 0.001 0.002
ASC x HP 0.638%** 0.247 0.886%* 0.309
ASC x HP x SSC —-0.001 0.001
Light
ASC 3117 0.174 3.042 %k 0.181
sd. ASC 2.61 7% 0.624 2.380%** 0.466
ASC x HVR 0.77 77 0.284 0.844* 0.372
ASC x HVR x SSC 0.001 0.002
ASC x HT 0.657* 0.287 1.012%* 0.334
ASC x HT x SSC —0.002 0.001
ASC x HP 1.283%#% 0.281 14207 0.322
ASC x HP x SSC 0.000 0.001
Consumer heterogeneity
Y 1.560%%* 0.145 1.0271 %% 0.125
T 1151 %% 0.197 0.955% % 0.184
Intercept 2.763%** 0.507 2.336%** 0.579
Health score —0.536%** 0.075 —(0.229%#%** 0.086
Nutrition importance 0.379%*:* 0.108 -0.115 0.095
Label use 0.033 0.235 0.433 0.225
N. obs 820 700
LL —508.66 —453.28
AIC 1085.02 928.79

Note: #** % *Indicates significance levels at 0.01, 0.05, and 0.10. Model 3a estimates the scale parameter based on Health Score, Nutrition Importance, and
Label Use. Model 3a includes interactions of the post-experiment SSC with each treatment. Model 3b excludes people who are simulator sick and estimates the
scale parameter based on Health Score, Nutrition Importance, and Label Use. The baseline group is non-hypothetical text (NT). Coefficients are WTP.

very important to me). The eleven values were
then averaged to create HealthScore. Further-
more, unfamiliarity with nutrition label could
diminish the effects induced by the new label,
as those who are unfamiliar may display a
lower degree of understanding toward nutri-
tion content and be less responsive to new
details than those who frequently use labels.
To explore this, each participant responded
either “never,” “infrequently,” “frequently,”
or “very frequently” to the following question
as part of the survey questionnaire: “How often
do you read nutrition information on food
labels when purchasing food products?” Cate-
gorical values were then created for the vari-
able LabelUse. Finally, we explored whether
individuals who self-report to be more nutri-
tion conscious exhibit different preferences
compared to individuals who are less nutri-
tion-conscious. Using a five-point Likert scale,
participants responded to the following ques-
tion: “How important to you is nutritional

value when making choices concerning yogurt
products?” The responses were then coded
for the Nutritionlmp variable.

Because all factors in the scale parameter
are statistically significant, we consider Model
2 as the preferred model. The baseline treat-
ment is NT, therefore its WTP is represented
by the ASC intercept. The WTP values for
other treatments are calculated by adding the
baseline coefficient and the coefficients of the
interactions. Not surprisingly, the WTP in NT
produced the smallest values: $2.589 for origi-
nal yogurt and $3.013 for light yogurt. This is
consistent with previous literature that con-
sumers tend to overstate their values in hypo-
thetical experiments (List and Gallet 2001;
Murphy et al. 2005; Chowdhury et al. 2011;
De-Magistris, Gracia, and Nayga 2013). Inter-
action terms indicate the difference between
NT and other hypothetical treatments. For
original yogurt, participants overstated their
WTP by $0.762 in HVR, $1.017 in HT, and
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Table 5. Hypotheses Testing on Hypothetical Bias

Conditional WTP Unconditional WTP
t-Statistic p-Value t-Statistic p-Value Conclusion
H1 Light 0.972 0.167 0.263 0.397 Accept
H1 Original -1.639 0.948 —-0.578 0.718 Accept
H2 Light 9.506 <0.001 5.237 <0.001 Reject
H2 Original 6.781 <0.001 4.943 <0.001 Reject
H3 Light 15.774 <0.001 10.079 <0.001 Reject
H3 Original 6.989 <0.001 5.232 <0.001 Reject
H4 Light 15.738 <0.001 10.546 <0.001 Reject
H4 Original 10.479 <0.001 8.083 <0.001 Reject
H5 Light 9.776 <0.001 9.675 <0.001 Reject
H5 Original 8.289 <0.001 8.640 0.003 Reject
H6 Light 12.450 <0.001 12.296 <0.001 Reject
H6 Original 10.965 <0.001 12.271 <0.001 Reject

Note: The baseline group is NT. Conditional t test uses WTP values from Model 2, and unconditional t test uses WTP values that were bootstrapped from the

normal distribution based on estimates from Model 2.

$0.821 in HP. For light yogurt, participants
overstated their WTP by $0.756 in HVR,
$0.806 in HT, and $1.383 in HP. These results
indicate that VR produced the smallest bias.
Table 4 presents the robustness check on
simulator sickness. The binary indicator of
simulator sickness is significant in the scale
parameter, indicating that simulator sickness
may have influenced individual preference.
We further conduct a robustness check using
a continuous post-experiment SSC instead of
a binary sickness indicator. In Model 3, we
included interactions of the continuous post-
experiment SSC with each treatment. The
results are consistent in that HVR produced
the smallest WTP in all hypothetical treat-
ments. All the interaction terms are nonsignif-
icant. We then take a more radical approach
and excluded thirty participants in VR who
exhibited higher discomfort level after the
experiment.” These results are presented in
Model 4. Not only did HVR produce the smal-
lest values, there was also no statistically sig-
nificant difference between HVR and NT for
original yogurt. Therefore, we conclude that
VR performed well in reducing hypothetical
bias when controlling for simulator sickness.
Of the four factors examined for consumer
heterogeneity, three were found to be

>Note this exclusion criterion is rigorous because we removed
people who experienced only slight discomfort as well. We also
sacrificed some power in this case because we are removing 60%
of the VR sample. However, since each participant answered four
choice sets, our number of observations is still 80 in the VR sam-
ple. The fact that we are able to detect significant and consistent
effects with a smaller sample shows that our results are robust
regardless of simulator sickness.

significant. Specifically, it is not surprising that
health attitude, self-reported health status,
and frequency of label use influence individual
preferences for yogurt purchase. This is con-
sistent with previous studies in the food choice
literature (Nayga, Lipinski, and Savur 1998;
Drichoutis, Lazaridis, and Nayga 2005; Hess,
Visschers, and Siegrist 2012; Hammond et al.
2015). Note that we cannot meaningfully inter-
pret the coefficients in the model because they
are used to estimate the scale parameter, not
the purchase choice. As previously mentioned,
Greene and Hensher (2010) recommended
fixing y at 0 to estimate the model in the
“WTP space.” Hence, we estimated the
models with y equal to 0, and the results are
presented in Appendix lin Appendix S1. The
results are largely consistent.

Discussion of Hypothetical Bias

We estimated both the conditional and uncon-
ditional individual WTPs. The Ilatter were
bootstrapped from the normal distribution
based on estimates from Model 2. We then
applied t-tests to test for significant differences
in terms of conditional and unconditional
WTP values across the treatments. The results
are shown in table 5.

Failure to reject the null hypothesis of H1
leads to the conclusion that there is no significant
difference between the two non-hypothetical
CEs. In other words, VR does not seem to induce
a novel effect compared to text treatment. Once
we confirm that there is no significant difference
between the two non-hypothetical CEs, we
choose to use NT as the baseline. Next, we test
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whether the WTP values are significantly larger  alternatives, concluding the existence of hypo-
in each hypothetical treatment compared to thetical bias in VR, picture, and text treatments.
NT, using one-sided tests through H2-H4. We Last, we examine the differences in WTP
reject the null hypotheses in favor of the values between HVR and HP and between
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HVR and HT. We show that HVR produced a
smaller WTP compared to HP and HT by
rejecting the null hypotheses of HS and Hé.
As discussed earlier, we cannot directly test
the magnitude of reduction using a two-sam-
ple t test due to the between-subject experi-
ment design. We turn to the regression
results in Model 2 for some additional insights.
Results show that although VR does not
completely eliminate hypothetical bias, it does
reduce it. To visualize this finding, WTP values
are shown in figure 3 to illustrate the results
from Model 2. The 95% confidence intervals
are also exhibited on the graph. Clearly, NT
presents the lowest WTP, and among the
hypothetical treatments, VR produces the
lowest WTP.

To illustrate how sensitive our conclusion is to
a price change, we plot the predicted probabili-
ties of purchase based on Model 2 estimates.
Figure 4 shows the simulated market shares.
The NT market share is clearly lower than all
hypothetical market shares at all price levels.
Importantly, we also observe that hypothetical
VRis closest to NT at every price level. Overall,
hypothetical VR has the lowest market share
values among all the hypothetical treatments.

Conclusion

Choice experiments are widely used by econo-
mists and other social scientists in valuing pri-
vate and public goods. Like other stated
preference methods, however, it has been
shown to produce hypothetical bias in WTP
estimates. Hence, finding ways to mitigate this
hypothetical bias in CE studies is important.
This study tests the use of VR in reducing
hypothetical bias in CE studies. To accomplish
this, we randomly assigned participants to sev-
eral treatments that include three hypothetical
CE:s that differed on the way the choice sets
are presented (i.e. text, picture, and VR) and
two non-hypothetical CEs (i.e. text and VR).
Using the non-hypothetical text treatment as
the benchmark, our results suggest that hypo-
thetical bias existed in all the hypothetical treat-
ments but that VR produces the smallest WTP
values. This is especially true when we excluded
participants who experienced simulator sick-
ness. Hence, our results suggest that VR may
mitigate hypothetical bias to some degree.

An implication of this important finding is
that lack of realism could be one of the reasons
for the occurrence of hypothetical bias in
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hypothetical choice experiments, and so the
addition of some form of realism in the form
of immersion to a virtual world using VR tech-
nology could add some realism to the choice
environment. A word of caution is, however,
warranted. The fact that discomfort in a virtual
environment could alter behavioral pattern is
worth noting because the advantage of VR is
that it can block out other visual cues that
could cause cognitive overload. However,
such “blocking” could also lead to simulator
sickness. Our results suggest that this should
be taken into account when utilizing and ana-
lyzing data using VR.

Given the evidence pointing to the existence
of hypothetical bias in stated preference studies,
non-hypothetical versions of CE have emerged
in the literature. It is, however, not always possi-
ble to conduct CE studies non-hypothetically in
real markets (Chavez et al. 2020). Hence, the
fact that we found VR, after considering simula-
tor sickness, may mitigate hypothetical bias is
important. Future research should, however,
replicate our study in other contexts to test the
robustness of our results. It would also be inter-
esting in the future to compare results from the
use of VR vis-a-vis other ex-ante techniques that
have been used in CE studies to potentially
reduce hypothetical bias (e.g. cheap talk, hon-
esty priming, consequentiality, inferred valua-
tion, oath). Our hope is that this paper will
encourage and motivate researchers using
stated preference methods to try VR to poten-
tially reduce hypothetical bias.
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