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A B S T R A C T   

Stated preference methods such as discrete choice experiments (DCEs) are used to elicit re-
spondents’ preferences and willingness to pay (WTP) for environmental goods or services whose 
value cannot be observed in actual markets. However, DCEs may deliver biased estimates because 
of respondents’ unfamiliarity with the hypothetical scenarios to be valued. There is evidence that 
visualization techniques can enhance respondents’ cognitive ability and improve the evaluation 
and interpretation of complex information. We leverage recent technological advances to create 
an immersive virtual reality environment delivered to respondents via a head-mounted display in 
order to conduct a split split-sample experiment on the value of urban greenery (i.e., trees, bio- 
retention planters) using three different presentation formats (text only; video; virtual reality). 
We find that (i) respondent certainty can be increased by employing more immersive visualiza-
tion techniques such as virtual reality, and that (ii) the presentation format has a significant 
impact on WTP estimates for different types of urban green and can change respondents’ rank 
order for the urban green options considered in the study.   

1. Introduction 

Valuation methods in environmental economics are divided into two main core categories: Stated preference (SP) and revealed 
preference (RP) methods. While the RP method relies on observations of consumers’ actual behavior for identifying consumers’ 
preferences and the value of an environmental good, the SP method relies on data that comes from consumers’ responses to at least 
partially hypothetical questions, to elicit the value of changes in environment goods (Kjær, 2005). 

A widely used SP method is the Discrete Choice Experiment (DCE). Respondents in a DCE are assumed to act rationally, following a 
choice strategy that maximizes their utility (Hanemann, 1984). However, SP techniques have long been criticized because, in reality, 
this assumption is frequently violated. For instance, it has been shown that respondents might be uncertain when making choices (Beck 
et al., 2016; Dekker et al., 2016; Lundhede and Thorsen, 2009). Because respondent uncertainty can lead to biased value estimates and 
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consequently to potentially wrong conclusions from DCEs (Li and Mattsson, 1995), studies in SP have tried: (i) to explain the un-
derlying reasons for respondent uncertainty (Li and Mattsson, 1995; Wang, 1997), and (ii) to account for respondent uncertainty into 
modeling (i.e., Hensher et al., 2012; Lundhede and Thorsen, 2009; Welsh and Poe, 1998). 

In order to explicitly estimate respondents’ uncertainty in DCE, follow-up questions are being used, in which respondents are 
allowed to express their certainty level about a decision (Li and Mattsson, 1995). Similar to contingent valuation literature, 
post-decisional choice certainty questions are integrated into surveys (i.e., Hensher et al., 2012; Lundhede and Thorsen, 2009), either 
in the form of a numeric scale or text statements (Olsen et al., 2011). To date, the integration of stated certainty into modeling remains 
controversial. For instance, Kosenius (2009) and Lundhede and Thorsen (2009) experimented with different recoding approaches. 
Overall, they found that none of the recoding approaches had a significant impact on the attribute WTP estimates. On the other hand, 
Hensher and Rose (2012), following a similar approach to Li and Mattsson (1995), weighted the observations according to the cor-
responding level of self-reported certainty, they showed an improved model fit. 

In order to implicitly estimate respondents’ uncertainty in DCE, variations in the scale parameter are assessed. Scale heterogeneity, 
also known as heteroscedasticity, and its importance on modeling human choices has been studied by many researchers (Scarpa et al., 
2003); Scale heterogeneity “is defined as variation across individual decision-makers in the impact of factors that are not included in the 
model, relative to the impact of factors that are included” (Hess and Train 2017). Swait and Louviere (1993) and Breffle and Morey (2000) 
were some of the first authors who provided insights into scale heterogeneity by integrating the scale parameter in their modeling 
efforts. These studies outline that the scale parameter reflects the variation of randomness from the perspective of the individual 
decision-maker, which can thereby be (partly) interpreted as the degree of uncertainty for a choice (Thiene et al. 2015) or the analyst’s 
uncertainty in estimating what determines the preferences of the respondent. 

Traditionally, most SP studies have described the alternatives and attributes with a text matrix. Hence SP techniques rely on an 
individual’s imagination to recreate an environmental good, which can lead to higher uncertainty due to poor evaluability and lack of 
realism (Bateman et al., 2009; Farooq et al. 2018); as such, choice tasks may be equivocal and difficult to understand (Cherchi and 
Hensher 2015). Past studies have tried to quantify the limitations of an individual to process information and the consequences of these 
limitations on choice behavior. A number of studies have found that increased task complexity (i) is associated with preference 
ambiguity (Arentze et al., 2003), and (ii) prevents respondents from selecting their most preferred choice in DCE (Swait and Ada-
mowicz, 2001). Other studies have reported that when individuals’ uncertainty vis-à-vis their choices increases, they have less 
deterministic choices (Beck et al., 2013). Several economics papers relate many of the limitations in SP to choice complexity and 
uncertainty (Champ et al., 1997; Ready et al. 1995). More specifically, Mazzotta and Opaluch (1995) demonstrated that increased 
complexity increases the stochastic component of the function used to model the respondents’ choices. 

Visualization techniques such as photos that enhance respondents’ cognitive ability and improve the evaluation and interpretation 
of complex information could be a key element to improve evaluability and mitigate some of the related bias within DCE (Kanninen, 
2007). An early study by MacGregor and Slovic (1986) that employed visual tools showed that the judgmental performance of re-
spondents was correlated to different presentation formats. Lipkus and Hollands (1999) demonstrated that pictorial presentation 
techniques could improve the awareness of (numerical) risk. Uggeldahl et al. (2016) showed that presenting choice set alternatives in 
picture format reduced the error variance compared with the text survey. Labao et al. (2008) showed for a contingent valuation study 
that differences between the photograph specifications (i.e., color versus black and white) had influenced respondents’ willingness to 
pay (WTP), finding a higher WTP for the color format. They claim that this was due to better evaluability of information in the 
color-format case. In contrast, Hurtubia et al. (2015) conducted a DCE to reveal preferences for urban design. They concluded that 
while images have several advantages, new biases may be induced, i.e., the temperature of colors was found to affect respondents’ 
choices during the photomontage phase. 

More recently, some studies rely on dynamic computer-generated environments (videos). A conjoint analysis study by Dijkstra 
(2003) demonstrated that while a verbal description of a product might lack realism, the use of visual aids, such as video, both im-
proves the understanding of information by the respondents and increases the reliability of the results. Although Orzechowski et al. 
(2005) found that the multimedia treatment group had a lower error variance, which they interpreted as less inconsistent, they 
highlighted that there were no important differences between the verbal and multimedia presentation. A seminal experiment was 
carried out by Bateman et al. (2009), who performed a choice experiment with the aid of a video to elicit preferences for a land-use 
case.1 After splitting the respondents into control and treatment groups, they concluded that the “evaluability” of the choice sets was 
enhanced in the treatment video group. This view is supported by Matthews et al. (2017), who performed a choice experiment analysis 
to identify the respondents’ priorities for different coastal erosion management strategies using video scenarios that were delivered via 
an online survey. They find that while the photorealism of the presentation format they used was limited, the choice error was reduced 
in the video treatment sample. In contrast, another DCE study by Rid et al. (2018) showed that the choice sets presented in 3D still 
images were more comprehensible compared to computer-generated video while analyzing housing development alternatives. 

In Virtual Reality (VR), participants experience immersive scenarios through a head-mounted display that blocks off all visual 
stimuli from the outside world. Participants enter a VR platform and can navigate in the virtual environments with the use of auxiliary 

1 We note that Bateman et al. (2009) describe their video as a “virtual reality” environment, which is in line with the terminology used in the early 
2010s for 3D computer environments that are seen by respondents on a standard computer screen. However, the term Virtual Reality is nowadays 
predominately used for immersive virtual environments that are experienced by means of head-mounted displays that completely block off visual 
stimuli from the outside world, whereas nowadays the Bateman approach would best be described as a computer-generated video. This is the 
terminology that we follow in this manuscript. 
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devices, for example, a controller glove. Recently, VR has become a research tool for scientists to allow them to both convey complex 
information and control for visual attributes, with various studies from several fields, i.e., experimental economics, architecture, 
cognitive psychology, and health care, among others, using VR to study topics such as racial prejudice and discrimination (Vang and 
Fox, 2014), rehabilitation systems and health outcomes (Rose et al. 2018), and preferences for housing design variations (Orzechowski 
et al., 2000). It has been shown that VR can better inform researchers due to (i) higher immersion of the participants, and (ii) the 
researchers’ higher control over the experimental design process (Cummings and Bailenson 2016). Bohil et al (2011) argue that re-
searchers can manipulate stimulus inputs so that they maximize respondent’s illusion of being immersed. The perception of “presence” 
caused by the immersive experience could activate the participants’ senses, allowing them to reveal unconscious physiological be-
haviors, which are created by the distinct feeling of “being there”. The latter is also demonstrated by Xu et al. (2020), who show that 
participants experienced a high degree of presence in the VR environment when compared to a real-life benchmark. 

Specifically with regard to the use of VR in choice modeling, there is a limited but emerging set of experiments that use VR to 
convey complex information: Patterson et al. (2017) performed a VR DCE to elicit preferences for neighborhood characteristics related 
to transportation. They suggested that VR can attract respondents’ attention and may be employed in research related to urban 
planning. Birenboim et al. (2019) conducted a conjoint experiment employing a VR environment, finding a greater sense of presence 
created by the VR environment compared to still images, supporting the idea that VR results in an improved level of realism compared 
to traditional presentation formats. 

In summary, the existing literature points toward presentation formats impacting on respondents’ uncertainty and WTP, and there 
is some limited evidence on the impact of computer-generated videos experienced via standard computer screens on respondents’ 
uncertainty in discrete choice experiments for environmental goods. However, to the best of our knowledge, no study, to date, has 
addressed respondent uncertainty in choice experiments for environmental goods when participants are using a head-mounted VR 
display as a novel immersive presentation format, and has compared this uncertainty to the one associated with other presentation 
formats such as text and computer-generated video. Moreover, as far as we know, no study in the field of environmental economics has, 
to date, compared VR-elicited willingness to pay (WTP) with that of other presentation formats such as text and video. 

Consequently, the main objectives of our study are: i) to quantify the effect of the presentation format on the mean marginal WTP 
over all respondents, and ii) to quantify both implicitly and explicitly the effect of the presentation format on respondents’ (un)cer-
tainty: Implicitly, by estimating a pooled model with fully correlated parameters and by quantifying the effect of each presentation 
format on the error variance. Explicitly, by estimating the self-reported certainty mean for each of the presentation formats and testing 
for potential differences between certainty means; and by estimating whether high stated certainty is related to a significantly lower 
error variance for each of the different subsets. 

In other words, we are interested in finding out whether there are significant differences in mean marginal WTP estimates elicited 
by VR compared to other presentation formats, and whether WTP estimates derived from VR can be regarded as more accurate to those 
from other formats as respondents are less uncertain about their choices. 

To do so, we first test whether the presentation format has an effect on respondents’ uncertainty, using a comparative study be-
tween three different presentation formats (i.e., text, video, VR) with a split-sample approach. We then use the same experimental data 
to test for variations of respondents’ WTP according to the presentation format. 

We find that stated certainty is significantly higher for participants in the VR experiment compared to the text-based experiment, 
that both multimedia presentation formats (video and VR) have a lower associated error variance, with VR displaying the lowest, and 
that the WTP estimates are significantly influenced by the presentation tool. 

The remainder of this paper is organized as follows: Section 2 introduces the theoretical framework used to quantify respondent 
uncertainty, and explains both the Virtual Reality environment and the econometric model used. Section 3 presents the collected data 
and reports the regression results and WTP estimates. Section 4 discusses the effects of attributes and presentation formats on model 
estimates and WTP. Section 5 concludes. 

2. Method 

2.1. Discrete choice experiment 

Traditionally in DCEs, respondents are asked to make a choice between hypothetical alternatives, characterized by several attri-
butes and levels which are determined during the experimental design. DCEs allow the analyst to observe the trade-offs between the 
attributes and to estimate the marginal rate of substitution. The attributes and levels that are used in our DCE and the relevant methods 
for the exploration and comparison of the different survey formats employed are described below. 

2.1.1. Attribute selection 
In order to select the relevant attributes and levels, we followed three main principles. The attributes were policy-relevant (Jeanloz 

et al., 2016), and reflected public interests and needs, and they could be developed for both text, video, and the VR survey. The latter 
principle was an important specification since the aim of this study is to compare different presentation formats. Our study emphasizes 
the appearance of the urban green; therefore, only those attributes that are directly related to the aesthetic perception were selected for 
the DCE. After selecting a number of relevant attributes, the questionnaire was developed based on consultations with technical and 
policy experts. During the first focus group discussion (N = 6), in collaboration with the experts (i.e., architects, economists), we 
narrowed down the attributes to a set. Throughout the second focus group (N = 15), participants were asked to fill out a draft 
questionnaire and rank the remaining attributes from best to worst. They also provided comments about potential biases, the chosen 
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payment vehicle, the complexity, and the format of the questionnaire. Moreover, as one of the objectives of this paper is to estimate 
WTP, we also included monetary cost as an attribute. The experts were asked to give their personal opinion on what their WTP is for 
different reanimation scenarios that were presented to them. The price levels were determined based on their responses, plausibility, 
and realism. We did this in order to reduce the risk of strategic behavior (Bateman et al., 2002). Finally, based on the review of the 
descriptions from the experts and the literature, the developed experiment contained the four most substantial attributes and their 
corresponding levels (Table 1). In this paper, the “tree canopy and spacing”, the “bioretention planters” and “side of the street” are 
specified as dummy variables, and the “cost” as a continuous variable. 

2.1.2. Experimental design 
The number of attributes and their corresponding levels result in 64 possible combinations of hypothetical management options. An 

important practical implication is that the use of VR did not allow for a large data sample, as respondents had to come to the laboratory 
to avoid any location bias. Thus, we limited the number of selected attributes to four and applied a Bayesian efficient design aiming to 
reduce the required sample size. We followed a two-step design approach utilizing the Ngene software ChoiceMetrics (2017) First, an 
optimal efficient design with 12 choice sets and with an equal representation of each attribute level was created (Rose and Bliemer 
2014). Since we had no prior information on the attribute coefficients and no research had attempted to estimate the values for changes 
in green infrastructure (GI) management scenarios, a pilot study (N = 120) was conducted, and a Conditional Logit model was esti-
mated using R software (Hess and Palma, 2019). In the next step, in order to optimize a reasonable number of survey questions, a 
Bayesian D-efficient design was employed using the software Ngene ChoiceMetrics (2017). The developed design takes into account 
the expected sign of the estimated parameters, which also leads to the elimination of dominant alternatives. The Bayesian design was 
calculated based on Gauss pseudo-random draws, and the primary reason for selecting that approach over a fractional efficient design 
is the diminished standard error, which not only allows for smaller sample sizes (Bliemer and Rose, 2011), but also produces estimates 
that are less sensitive to mis-specification of the priors. The procedure above resulted in 12 choice sets and indicated approximately the 
minimum sample size (N = 52) that was required for the experiment in order to obtain enough statistical power for the hypothesis 
testing on the model coefficients ChoiceMetrics (2017). For each choice set, a three-option layout was created where respondents had 
to choose their most preferred option between two future streetscape alternatives and one status-quo option for those who didn’t want 
any additional street intervention. We included the status-quo so that respondents could choose for no additional environmental 
interventions in their neighborhood, which also entails no additional costs. The status-quo option is often used in DCE in order to 
increase the realism of the decision as it allows the respondents to stay with the current design. Excluding the status-quo from the 
design of hypothetical studies has moreover shown an increase in hypothetical bias (Alemu and Olsen, 2018). 

2.1.3. Questionnaire design 
The survey was synthesized in four parts. In the first part, we included guidelines about the structure of the experiment and “warm 

up” questions about GI. According to Bateman et al. (2002), “warm up” questions allow the respondents to become familiarized with 
the policy under examination and to comprehend better the choice sets. Secondly, the respondents were introduced to the valuation 
scenario and the hypothetical market. We highlighted to them that, in general, participants tend to choose a more expensive alter-
native than they would do in a real situation. We did as such because cheap talk has been shown to reduce hypothetical bias 
(Cummings and Taylor 1999). The background context of the choices introduced the residents to the experimental scenarios by asking 
them to imagine that they live in the neighborhood and that the municipality is planning to reanimate the area. Since the purpose of 
the study was to compare different presentation formats, the participants were divided into three groups to which the display format 
was randomly assigned: the control text-only group, the first treatment group (video fly-through), and the second treatment group 
(VR). The respondents were asked to answer 12 choice sets in total. Each choice set consisted of two hypothetical GI strategies that 
were reflecting the varying values of the selected attributes and the status quo. In the third section, debriefing questions were asked 
according to Bateman et al. (2002). Finally, the last and fourth section was related to socio-economic characteristics (i.e., income, 
gender, and age) (Bateman et al., 2002). 

Since we were interested in analyzing the individual stated certainty, an additional question at the end of each choice set asked 
participants to rate how certain they were of their answer on a scale from 1 (very uncertain) to 10 (very certain). The 12 choice 
questions were presented in a randomized order to reduce potential order bias. The developed survey design was pre-tested on a group 
of academics and students, and in response to their feedback we created the final survey. 

2.1.4. 3D modeling development 
Based on the experimental design and the resulting text-based matrices, corresponding2 VR scenarios were created with Unity3D 

software creating an “average-looking Flemish street”. It has been shown that because people become attached to certain places (Low 
and Altman, 1992), the development of a virtual (imaginary) environment could eliminate bias related to the effect of place attach-
ment on people’s preferences. The scenarios were always showing the same street from the first-person point of view, only changing 
each time the selected attributes and levels. Emphasis was given to designing an immersive environment, including 3D objects3 such as 
buildings, trees, wind (animation), and city sounds. We produced 3D renderings for both video display and a sequence of immersive 

2 In order to confirm whether respondents find the text-matrix and visual presentation formats to be corresponding, we pilot-tested this with N =
38. All respondents agreed that the text-matrix and the visual formats were corresponding.  

3 Buildings, type of trees, and sounds are reflecting as close as possible the Flanders region in Belgium. 
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environments in VR, where participants could experience the different street scenarios through the head-mounted display Oculus Rift. 
The VR users could enter in the Oculus platform to navigate in the exported game. The direction of view in VR was controlled by the 
participant’s head position, while the movement was controlled with a wireless joystick, which allowed them to navigate freely (by 
teleport) in the 25 street designs. In addition, a fast teleport point was added, allowing the respondents to be directly transferred to the 
end of the street. This specific feature was applied because some of the virtual environments were displayed multiple times, and we 
wanted to reduce the respondents’ possible fatigue in the VR space. For the video treatment group, 25 video sequences were created. 
The rendering files were exported in order to be reproduced as a.mp4 file via the Qualtrics software, and the length of the videos was 
18 s. Buttons such as “start” and “pause” were displayed, allowing the users to view the videos again if needed. 

In each VR-based choice set, only the attributes of interest differ, while the rest of the infrastructure, including the surrounding 
buildings, sounds, and animations remain unchanged. To enhance the realism and develop a user-friendly interface, a part of the 
choice sets was first presented to a number of users (N = 20) whose feedback assisted us to further improve the virtual experience (see 
Fig. 1). We improved the choice set transition, the (teleport) navigation in VR to reduce possible nausea effects compared to the initial 
joystick used for navigation, the animation and realism of trees by randomizing them so that each tree looks unique, the explanatory 
canvases to assist the user in VR, and the lighting, shadowing, and sky, making them more realistic. 

2.1.5. Respondent recruitment and questionnaire distribution 
The respondents were recruited using two methods: advertising via local newspapers and television, and through emailing local 

university staff. A total of 180 respondents participated in the survey (aged 18 years and older). The survey was conducted at Hasselt 
University (Belgium) over a period of 3 weeks in a properly equipped classroom. As an incentive for participation, each respondent was 
given food, beverages, and a chance to win a €50 voucher. We used a split-sample approach. Participants were randomly allocated to 
one of the computer screen displays to complete the text-only, the video, or the VR survey. While exactly the same scenarios were 
presented to all three groups, the intro-phrasing of each VR choice set question was slightly differentiated, providing additional in-
structions about how respondents should use the head-mounted display. To ensure that respondents remembered the correct order of 
the alternatives in each choice set, images that were taken from the corresponding virtual environment were illustrated in the 
questionnaire. An example of a choice question in the three different formats is shown in Fig. 2. The survey was self-administered, but 
interviewers were present to assist if required. All three surveys could be completed both in English and in Dutch. 

The survey was administered to the participants in groups of 5–12, and the survey ran on identical computers with identical 
screens. Participants were not allowed to communicate with each other. 

2.2. Scale heterogeneity 

The scale parameter (λ) is an implicit uncertainty measure and is inversely proportional to the variance of the error term (Bateman 
et al., 2002; Ben-Akiva and Lerman 1985), meaning that the higher the value of λ, the smaller the idiosyncratic error, and therefore the 
higher the respondents’ certainty. Expecting that the variance of the stochastic component will vary across the respondents, one could 
model scale by including individual characteristics that can influence the error variance (i.e., income) or by using dummy variables to 
define subsamples. The scale parameter itself cannot be identified directly. It is compared in relative terms between two or more 
groups of examination. In our study, one control (the text) and two treatment groups (video and VR). 

Various choice models exist that allow for scale or preference heterogeneity. One model, which is widely known for allowing 
preferences to vary, is the random parameter logit model or mixed logit (MXL) model (Train, 1998). However, MXL models that allow 
for full correlation among coefficients are less common in the literature. 

Table 1 
Selected attributes and levels.  

Attribute Level Interpretation 

Tree canopy and 
spacing  

1. Many high canopy trees The four levels correspond to the combination of two design properties: the tree canopy, which is the 
shaded area under the tree created by the leaves and the tree-spacing along the streets.  2. Few high canopy trees  

3. Many low canopy trees  
4. Few low canopy trees 

(base level) 
Bio-retention 

planters  
1. Many planters The two levels correspond to the density (many or few) of planters along the street with evergreen plants 

and shrubs  2. Few planters (base 
level) 

Side of the street  1. One (base level) Streets are designed to accommodate the side green (trees, shrubs) either from one or both sides of the 
street  2. Two 

Price  1. €5 Monthly additional environmental tax payment  
2. €10  
3. €20  
4. €50  
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2.3. Estimation of MXL with scale parameter 

In a standard logit model, the observed preferences β do not vary across individuals n, and the effects of unobserved preferences and 
attributes are captured by εnit. However, the unobserved preference heterogeneity in discrete choice modeling is an important source of 
error variability. The MXL model takes into account the respondents’ preference heterogeneity as it allows marginal utility coefficients 
to be distributed randomly between respondents (Hess, 2010). The β’ s are distributed with density (β|b,) and the true utility of each 
individual n, for the alternative i in the choice set t, is denoted as: 

Unit = Vnit + εnit = β
′

xnit + εnit (1)  

where utility (U) is a function of: the error term εnit, which is assumed to have an IID extreme value type I distribution, meaning that 
there is no correlation in the stochastic term across alternatives and across choices; and the deterministic component V = f (xnit, yn, |β), 
where f is a function which includes xnit, a vector of the attribute levels of the alternatives (urban green characteristics), and the 
alternative-specific constant (ASC) that controls for left-right bias and yn which includes the participants’ socio-economic charac-
teristics. Further interpretations of the model are discussed by Ben-Akiva and Bolduc (1996) and Revelt and Train (1998). The Gumbel 
distribution is assumed to allow the researcher to measure the utility function, as the true utility function cannot be directly estimated. 
Introducing the scale parameter λn, the utility of an individual n can be adjusted as: 

Unit = λntVnit + εnit (2) 

The resulting unconditional probability of choosing alternative i over another, j, for a MXL model is given by: 

Pni =

∫ {[∏T

t=1

(
exp
(
λ
(
β

′

nxnit
))

∑
jexp

(
λ
(
β′

nxnjt
))

)

ϕ(βn|b,W)

]

dβ

}

(3)  

where ϕ(β|b,W) reflects a density function with mean b and covariance Ẉ (Train, 2009), and the random β’ s allow for preference 
variation across individuals. 

The model contains the scale parameter λ which is inversely related to the variance of the error term in the utility function: as the 
scale parameter goes up, the variance of the error term goes down and vice versa (Ben-Akiva and Lerman 1985; Swait and Louviere 
1993). The relationship between variance and the scale parameter is given by: 

λnt = e(γQnt) =
π2

6var(εnt)
(4)  

where Qnt is a vector of variables linked to the individual n and the choice set t that are hypothesized to influence the scale parameter; 
and where γ is a vector for the corresponding parameters. In this paper, Q contains the following variables: the stated choice certainty,4 

the choice set order, and the presentation format. 
Given that the analyst introduces a distribution for the random parameters, the model parameters are estimated by maximum 

simulated likelihood estimation. Essentially, the maximum likelihood tries to find those coefficients that deliver the highest probability 
in obtaining the observed sample (Grafton et al., 2008): 

LL=
∑N

n=1
ln

(∫ (∏T

t=1

(
exp
(
λ
(
β

′

nxnit
))

∑
jexp

(
λ
(
β′

nxnjt
))

))

ϕ(βn|b,W)dβ

)

(5) 

Fig. 1. Participants give their feedback to improve the VR experience.  

4 Based on Ethier et al. (2000) and Poe et al. (2002) we used a cut-off point of 7 in the 10-point certainty scale. Respondents whose certainty 
statement was below 7 were recoded as “less certain”, and those who chose above or equal to 7 as “certain”. 
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Fig. 2. Example of the choice sets presented to the respondents for the text, video, and VR, respectively.  
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The simulated probabilities are approximated through simulation for any given value of (b,W). 

2.4. WTP space 

To derive WTP values for the attributes, a common approach in a DCE is the estimation of models in the preference space using a 
fixed price coefficient across individuals to avoid complications related to assigning a specific distribution to a random price parameter 
(i.e., for instance, in a normal distribution, draws close to zero can result in undefined mean WTP for all attributes (Hensher and 
Greene, 2003; Train and Weeks, 2005). However, fixing the price coefficient is a restrictive assumption as it assumes that the scale 
parameter is identical for all individuals (Train and Weeks, 2005). 

Estimating models in WTP space while allowing for fully correlated random parameters addresses these problems as the mWTP 
coefficients are directly estimated (Train and Weeks, 2005). Therefore, in these models, it is possible to account both for preference 
heterogeneity and scale heterogeneity. For this reason, we apply a MXL model in the WTP space with fully correlated random 
parameters. 

More specifically, we specify the model in the WTP-space (Hess and Train 2017): 

Unit = − βp
npnit + βp

nwtp′

nXa
nit + εnit (6) 

In the utility expression above, βp
n is the price coefficient, pnit represents the price attribute, Xa

nit is a vector of the non-price pa-
rameters, and wtpn that is defined as wtpn = − βα

n/βp
n with βp

n the coefficient of an attribute, reflect the respondents’ WTP for the non- 
price attributes. Using this model specification one can estimate the WTP distribution parameters and interpret them directly. 

All utility coefficients, including the ASCs and cost are modelled as random parameters. The non-price parameters were assumed to 
follow a normal distribution and the price parameter a negative log-normal distribution. 

Table 2 
Pearson’s chi-squared test for socio-economic differences between the control and treatment groups.   

Text Video VR Chi-squared P-value 

Frequency Percent Frequency Percent Frequency Percent 

Age 
Younger than 30 34 56 30 50 28 47   
30–39 15 25 16 27 14 23   
40–49 4 7 6 10 6 10 4.8 0.78(NS) 
50–59 2 3 5 8 4 7   
60 yrsand older 5 8 3 5 8 13   

Gender 
Male 28 47 30 50 31 52   
Female 32 53 30 50 29 48 0.31 0.85(NS) 
Non-binary – – – – – –   

Education 
Less than high school degree – – 1 2 1 2   
High school degree 13 22 8 13 6 10   
Bachelor’s degree 11 18 15 25 9 15 7.86 0.44(NS) 
Master’s degree 25 42 22 37 32 53   
Doctoral degree 11 18 14 23 12 20   

Employment 
Full-time 27 45 35 58 31 52   
Part-time 4 7 4 7 7 12   
Student 22 37 19 32 15 25 11.01 0.3(NS) 
Retired 5 8 1 2 6 10   
Self-employed 2 3 – – 1 2   
Unable to work – – 1 2 – –   

Income 
Less than €1000 5 8 2 3 3 5   
€1000–€1999 3 5 5 8 6 10   
€2000–€2999 16 27 12 20 11 18   
€3000–€3999 6 10 13 22 12 20 19.94 0.06(NS) 
€4000–€4999 19 32 16 27 17 28   
€5000–€5999 2 3 9 15 10 17   
€6000 and more 9 15 3 5 1 2   

Note: NS indicates that the probability value is not significant at a conventional 95% level. 
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3. Results 

3.1. Socio-demographics and choice shares 

A summary of the socio-economic characteristics of the participants and the distributions of the respondents across the three survey 
samples is shown in Table 2. In total, 180 participants took part in the experiment with a mean age of 33.71 years (s.d 13.87, range 
18–76 years); 49.4% males and 50.6% females. To ensure that the possible differences in the econometric output are not due to 
different socio-demographic characteristics between the samples, the distributions of each variable for the different splits were tested 
using the chi-square test. Performing the test, we failed to reject the null hypothesis of equal proportions shown for each socio- 
demographic variable in each sample (text, video, and VR), which suggests that the three samples are comparable and the differ-
ences between groups are associated with the different presentation formats. 

3.2. Implicit and explicit quantification of the effect of the treatments on (un)certainty 

In order to analyze the 2160 choice observations (180 respondents * 12 choice sets per respondent), nine MXL models were 
estimated. Table 3 provides an overview of the parameter estimates and model diagnostics. For the initial model results, we pooled the 
data from all three experiments and we estimated an MXL with all parameters set as random and uncorrelated (Model 1) and two MXL 
models with random and correlated coefficients (Model 2 and Model 3). Models 2 and 3 incorporate random scale as they allow for 

Table 3 
Results from modeling scale variation in the MXL pooled models.   

POOLED DATA 

MXL (Model 1) MXL with correlated parameters (Model 
2) 

MXL with correlated parameters, interaction & scale 
(Model 3) 

Estimate t-ratio Estimate t-ratio Estimate t-ratio 

ASC_1 2.6102*** 8.39 4.0568*** 5.55 3.2968*** 4.24 
ASC_2 2.7957*** 8.98 4.2977*** 5.90 3.5733*** 4.51 
many high canopy 0.8839*** 4.69 1.3398*** 4.24 1.0271*** 3.65 
few high canopy 1.2185*** 7.13 1.4091*** 6.21 1.3387*** 5.69 
many low canopy 1.1250*** 6.45 1.2164*** 5.16 1.0710*** 4.53 
few low canopy (base level) – – – – – – 
many planters 0.4611*** 4.45 0.7105*** 4.31 0.7278*** 4.79 
few planters (base level) – – – – – – 
one side (base level) – – – – – – 
both sides 2.0652*** 11.40 2.1084*** 8.16 1.9475*** 6.45 
price(ln) − 1.9766*** − 24.75 − 1.7392*** − 14.61 − 1.7527*** − 13.62 

Interactions – – – –   
ASC_text – – – – 1 – 
ASC_video – – – – 0.6249 1.04 
ASC_VR – – – – 1.7331** 2.61 

S.D 
Sd_ASC_1   0.3777 0.84 1.0023** 2.90 
Sd_ASC_2   0.0886 0.50 0.0527 0.23 
Sd_many high canopy 1.4291*** 7.53 1.9618*** 6.89 2.1077*** 6.53 
Sd_few high canopy 0.8292*** 4.24 0.5824* 2.17 0.7302** 3.22 
Sd_many low canopy 0.7818*** 3.75 0.2719 0.94 0.9308*** 4.06 
Sd_few low canopy – – – – – – 
Sd_many planters 0.6484*** 4.68 0.3896* 2.51 0.0244 0.16 
Sd_few planters – – – – – – 
Sd_one side – – – – – – 
Sd_both sides 1.2217*** 9.17 0.6117* 2.46 1.2463*** 4.32 
Sd_price 0.7216*** 12.61 0.0056 0.08 0.4612*** 5.89 

Scale 
Text – – – – 1 – 
Video – – – – 1.0149*** 6.18 
VR – – – – 1.3179*** 5.22 

Model fit 
Observations 180  180  180  
LL − 1218  − 1174  − 1160  
Adj-ρ2 0.48  0.4868  0.491  
AIC 2463.64  2435.55  2415.61  
BIC 2543.13  2685.38  2688.15  

AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion. 
Note: * indicates significance at 95% level, ** at 99% level and *** at 99.9% level. 

I. Mokas et al.                                                                                                                                                                                                          



Journal of Environmental Economics and Management 109 (2021) 102509

10

correlation between all parameters. The differences between Model 2 and Model 3 are that Model 3 includes additional interaction 
variables between the presentation format and the ASCs, and that it also allows for scale differences due to the experiment type. All 
choice models were estimated using the R software (Hess and Palma, 2019) with 1000 Halton draws which were sufficient to stabilize 
the results.5 

The estimated magnitude of the coefficients reflects the marginal impact on utility. Moreover, a large standard deviation (Sd) of a 
random parameter indicates a wide variation in the participants’ preferences. For example, in Model 1, we observe a strong preference 
for “few high canopy trees” for “both sides” of the street; and the random variable “Sd_many high canopy” is both significant and larger 
than the other random variables, indicating wide variation in preferences for “high canopy”. Similar results are found in Model 2 and 3 
that allow also for correlation between the parameters. 

The ASC were included in the models to capture the average effect of the unobserved factors that are not included (Train, 2009). 
While a statistically significant and positive parameter estimate for ASC indicates that the respondents favor the “no-management” 
option, adding two alternative-specific constants indicates whether the participants are more likely to choose the depicted left or right 
scenario. Both constants are statistically significant (for all models) and the magnitudes of the coefficients are not statistically 
significantly different, meaning that we do not find evidence respondents favor the left or right alternative. In addition, the interaction 
term between the ASC and the presentation format was significant only for the interaction between the ASC and the VR indicating that 
the VR group is more likely to prefer an alternative scenario over the status-quo. 

For the pooled models (Models 1, 2 and 3), all estimates for the GI characteristics are statistically significant at the 1% level. 
Positive signs were obtained for coefficients associated with GI attributes, as people are expected to have a higher preference for a 
street with more urban green. A negative sign was obtained for “price”. Allowing for full correlation amongst coefficients increases the 
simulated log-likelihood from − 1218 (Model 1) to − 1174 (Model 2) and to − 1160 (Model 3) in the case where we allow for scale to 
differ between the different presentation formats. Similarly, the adjusted ρ2 results indicate that Model 2 and Model 3 fit the data better 
compared to Model 1. Moreover, when estimating the scale parameter of video and VR relative to the text subset (Model 3), we see 
scale differences (Fig. 3). Scale is statistically significant and has a positive sign, both for video and VR subsets compared to the text 
sample, implying lower error variance. 

Turning to the explicit quantification of respondents’ (un)certainty, we first calculated the mean of the stated certainty measure for 
a particular participant and we used this participant-level measure as an independent unit of observation to create the boxplot for each 
presentation format (see Fig. 4). This was done in order to account for the fact that the 12 statements of response certainty (i.e., one for 
each choice set) from a particular respondent are correlated. Visually, the results suggest that the average certainty scores between the 
control and the two treatment groups are similar, with mean stated certainty being lower in the text setting and higher in the VR 
setting. 

To quantify the effect of presentation formats on choice certainty, we test whether the true difference in mean stated certainty 
between the different presentation formats is equal to 0, while the alternative hypothesis suggests that the true difference in means is 
different to 0. 

The results for text versus VR suggest that the difference in means is statistically significant and that there is evidence that the mean 
choice certainty of the VR sample is larger compared to the mean choice certainty of the text sample. On the other hand, t-values of 
0.65 and 1.304 are demonstrating that the distributions of choice certainty are similar for the text versus video and video versus VR, 
respectively (see Table 4). 

Additionally, to more precisely capture the effect of respondent certainty and choice set order, we further parameterize choice 
certainty and choice set order through a scale function for each of the three subsets of data (text, video and VR) (see Table 5). Similar to 
Models 2 and 3 presented in Table 3, the models displayed in Table 5 are estimated with fully correlated parameters. For all the random 
coefficients we assume that they are normally distributed except the cost attribute that follows a log-normal distribution. In addition, 
Model 5, 7 and 9 account for stated certainty and choice order for each of subsets, respectively. 

The estimated positive parameters for the stated certainty found in all conditions confirm that choices where respondents are 
certain result in smaller error variance. When comparing Model 5 (text), Model 7 (video) and Model 9 (VR), we see that for the video 
treatment when a certainty scale is added, most of the other explanatory variables become statistically insignificant. This implies that 
certainty has a strong effect on the estimation of the model. Moreover, in all conditions, the estimated negative, but insignificant, 

Table 4 
T-tests for differences in mean stated certainty between the presentation formats.   

Text vs. Video Text vs. VR Video vs. VR 

D-value t-value D-value t-value D-value t-value 

Stated certainty 0.12 0.65 0.35* 2.017 0.23 1.304 

Note: * indicates significance at 95% level, ** at 99% level and *** at 99.9% level. 

5 The estimation of the MXL models with correlated random parameters require the estimation of a much larger number of parameters compared 
to a MXL without correlated parameters. This increases significantly the computational time. Therefore, we tested for differences in model results 
moving from 500 to 1000 Halton draws. Results showed that the estimated parameters and model diagnostics were relatively stable across the 
models and, thus, we did not further increase the number of Halton draws beyond 1000. 
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parameter for choice set order6 indicates a weak evidence of a possible fatigue effect (Bradley and Daly, 1994). 
Looking at the Sd coefficient estimates, for example, for the GI option for “many planters”, we see that Sd is reduced from the Model 

4 (text) to the Model 8 (VR). This implies that for this GI option, we see a less heterogeneity in preferences in the VR group compared to 
the text group. On the other hand, the Sd for the GI option “both sides” is larger in the text group compared to the VR group, which 
implies a larger heterogeneity in preferences for the text group. In addition, comparisons of the distribution of the random correlated 
price coefficients across the presentation formats show that both for video and VR there is a wider variation in the “price” compared to 
the text. 

We conduct a likelihood ratio (LR) test to test the equality of preferences between samples of data (Swait and Louviere, 1993). Since 
all the models share common distributional assumptions, we can compare the simulated at convergence log-likelihood (LL) estimates. 
The LL test is calculated as twice the difference of the pooled log-likelihood value and the sum of the subset log-likelihood values: 

Fig. 3. The scale parameter is increasing from text to video and from video to VR in MXL with correlated parameters.  

Fig. 4. Boxplot of stated certainty for the different presentation formats.  

6 The choice set order is coded as an integer from 1 to 12. 
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Table 5 
MXL results for the subgroups.   

Text Video VR 

MXL with correlated 
parameters (Model 4) 

MXL with correlated 
parameters and scale (Model 
5) 

MXL with correlated 
parameters (Model 6) 

MXL with correlated 
parameters and scale (Model 
7) 

MXL with correlated 
parameters (Model 8) 

MXL with correlated 
parameters and scale (Model 
9) 

Estimate t-ratio Estimate t-ratio Estimate t-ratio Estimate t-ratio Estimate t-ratio Estimate t-ratio 

ASC_1 5.0714*** 3.89 1.8202*** 3.69 3.6332** 2.79 1.3167 1.23 4.6109*** 4.16 1.8675* 2.49 
ASC_2 5.4475*** 4.09 1.9805*** 3.91 3.8054** 2.95 1.3546 1.23 4.8642*** 4.42 1.7076* 2.46 
many high canopy 0.5082 1.18 − 0.1438 − 1 1.5268** 3.27 0.1685 1.15 4.0050*** 7.25 0.6027* 2.49 
few high canopy 0.4065 1.27 0.1452 1.42 2.1334*** 4.57 0.3582 1.26 3.2475*** 6.54 0.7138* 2.53 
many low canopy 1.6397*** 3.84 0.4739** 3.13 1.3814*** 3.40 0.2920 1.21 1.5630* 3.19 0.1305 1.86 
few low canopy (base level) – – – – – – – – – – – – 
many planters 0.8543** 2.80 0.2065* 2.33 0.6685* 2.41 0.1792 1.28 1.1992*** 3.65 0.1638* 2.08 
few planters (base level) – – – – – – – – – – – – 
one side (base level) – – – – – – – – – – – – 
both sides 2.4838*** 4.89 1.0423*** 4.18 2.2497*** 4.98 0.3195 1.24 4.8719*** 6.48 1.0424** 2.57 
Price(ln) − 1.6413*** − 10.05 − 2.6993*** − 12.71 − 1.7174*** − 10.56 − 3.0034*** − 3.83 − 1.3170*** − 5.87 − 2.6011*** − 6.80 

S.D 
Sd_ASC_1 1.1615* 2.23 0.5019*** 4.01 0.2334 0.64 0.0584 0.78 2.2712*** 5.56 0.2537* 2.24 
Sd_ASC_2 0.1217 0.26 0.0464 0.66 0.1151 0.26 0.0425 0.88 0.4259 1.19 0.0020 0.10 
Sd_many high canopy 2.5535*** 4.70 0.8807*** 3.98 2.1378*** 4.36 0.3123 1.23 4.5858*** 3.99 1.1011** 2.62 
Sd_few high canopy 0.9289* 2.54 0.1947* 2.26 0.6761 1.66 0.2140 1.24 2.0682*** 5.15 0.5875* 2.55 
Sd_many low canopy 1.3341** 3.41 0.1383 1.11 0.5037 1.24 0.0534 0.98 1.2975*** 4.02 0.1739* 2.18 
Sd_few low canopy – – – – – – – – – – – – 
Sd_many planters 0.7633** 3.00 0.0013 0.02 0.6320* 2.22 0.0249 0.62 0.3333 0.98 0.1861* 2.40 
Sd_few planters – – – – 0.0000 – – – – – – – 
Sd_one side – – – – 0.0000 – – – – – – – 
Sd_both sides 0.4001 1.35 0.6143*** 3.93 0.6625* 1.99 0.2561 1.28 0.0145 0.04 0.2906* 2.56 
Sd_price 0.1673 1.71 0.3081*** 5.49 0.5329*** 6.22 0.4221*** 5.13 0.5451*** 5.99 0.4940*** 12.41 

Scale – – – – – – – – – – – – 
Certainty below 7 – – 1 – – – 1 – – – 1 – 
Certainty over 7 – – 1.6012*** 5.51 – – 2.6231** 3.32 – – 3.3994*** 6.68 
Scale choice order – – − 0.9694 − 0.79 – – − 0.0604 − 0.20 – – − 0.0481 − 0.39 

Model fit 
Observations 60  60  60  60  60  60  
LL − 424  − 419  − 381  − 366  − 303  − 295  
Adj-ρ2 0.4086  0.4121  0.4629  0.4792  0.562  0.5686  
AIC 935.6  930.1  849.62  823.86  692.94  682.49  
BIC 1137.09  1140.74  1051.11  1034.5  894.42  893.13  

AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion. 
Note: * indicates significance at 95% level, ** at 99% level and *** at 99.9% level. 
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LLtest = − 2(LLA&B − (LLA + LLB))

LLA and LLB are the final log-likelihoods for all of the possible combinations of subsets (text, video or VR), and LLAB for the pooled MXL 
models.7 

When comparing the log-likelihood values between the pooled models that allow for scale differences, and the presentation format 
specific models, the hypothesis of equal model fit across samples is rejected at the 0.01% significance level8 (Table 6). In other words, 
the estimation of presentation-format specific-models leads to significant gains in model fit when compared to the scaled pooled 
models. This provides evidence that preferences are different across the three split samples, leading further to the conclusion that the 
presentation formats do affect the preference coefficients in the choice sets. We note that the beta and scale parameters are 
confounded, and thus, it cannot be determined whether the differences arise due to the scale parameters, beta parameters or both. 

3.3. Marginal willingness-to-pay for the different urban green characteristics 

Similar to section 3.2 where we estimated the models in the preference space, allowing for correlation between the parameters, in 
this section, we estimate the WTP space models. Compared to the preference space models, the WTP space models differ only in the 
distributional assumptions of the parameters. The preference space models assume normal distribution for all the parameters except 
for the price that follows a log-normal distribution. On the contrary, in the WTP space, the WTP coefficients are the product of the log- 
normal with a normal distribution. 

Table 7 shows the different mWTP values for the attribute levels that were statistically significant for the three models. For all 
models, we found a significantly higher mWTP for changing the baseline case into a street with greenery to “both sides”. Having “many 
bio-retention planters” was the least preferred option when compared with the rest of GI attributes. 

Participants who took the text survey are willing to pay more for the “low tree canopy” strategy (10.69 €/month) than the groups 
who completed the video (6.51 €/month) and VR survey (5.57 €/month). Mean mWTP for the “many high canopy” GI option is 
significantly larger for the video and VR groups (6.55 €/month and 9.9 €/month respectively) when compared to the text group (3.7 
€/month). This indicates a reversal in preferences when going from the text to a multimedia survey. This point is more vivid in Fig. 5 
that compares the mean mWTP results (€/month) for the GI attributes across the three experiments. The standard errors are displayed 
to enable straightforward comparisons among the estimates of the three presentation formats. 

A parametric test was conducted to assess whether the mWTP value for each attribute is statistically different among the three 
groups. Table 8 shows that all the differences - except the ones for “both sides” – are statistically significantly different when comparing 
the text group to the treatment groups (video and VR). When comparing the two visual groups to each other (video and VR), only one 
variable was found to be statistically different (“many high canopy”). 

4. Discussion 

Despite the fact that a standard MXL model with uncorrelated utility coefficients is one of the most frequently applied models in 
environmental valuation, it is a relatively restrictive model as it implies that the scale parameter is fixed. In this research, a MXL model 
with fully correlated parameters is specified, allowing for all sources of correlation, including scale heterogeneity. 

In our study, we compared the choices of the respondents between the different presentation formats in two ways. First, in an 
implicit way, by testing whether the scale is significantly affected by the presentation format, and second, in an explicit way, through 
individual stated choice certainty. The implicit estimation of respondents’ uncertainty provides some evidence for our hypothesis that 
the visual representation using either video or VR of the choice sets reduces uncertainty. When explicitly estimating the effect of visual 
representation on respondents’ stated certainty levels, we find that stated certainty between text and VR differs significantly. More-
over, when we capture the effect of respondents’ stated certainty using a scale function approach, our results show that the scale 
parameter for more certain groups is positive and statistically significant compared to the base (less certain) groups in all conditions. 
Finally, when comparing the scale coefficient of the group of certain respondents across the three presentation formats, we find that 
certain respondents in the VR group yield the largest scale parameter. 

Taken together, these results provide some support to our hypothesis that VR reduces the randomness in making choices. With 
regard to the dynamic visualization (video) for the presentation of the choice sets, the present findings are consistent with other 
research that found that video formats are associated with lower error variance and, therefore, less random responses (Bateman et al., 
2009; Matthews et al. 2017; Rid et al., 2018). However, our results suggest that the choice set representation with an immersive VR 
environment reduced the respondents’ uncertainty, and thus, improved the evaluability for the urban green options compared to a 
representation with video on a computer screen. Based on our findings, we argue that information completeness regarding the po-
tential strategies can make participants more certain about their choices. A potential explanation for this observation is that while in 
the text version, the participants have to construct the scenarios in their mind, a representation with video or VR enhances familiarity 

7 To estimate the pooled model we, first, merge the dataset of the subsets A and B (i.e., text and video datasets). Then, a pooled model, based on 
this merged dataset, which imposes parameter equality is estimated. For the same pooled model, a grid search for the scale parameter that optimizes 
the log-likelihood is performed.  

8 Since the hypothesis of beta parameter equality is rejected, according to Swait and Louviere (1993), we do not proceed to the second step which 
is to test for differences in relative scale parameters. 
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Table 6 
LL test shows that preferences are different across the three split samples.  

Subset combinations(A)-(B) LLA LLB LLA&B (λA ∕= λB) LR-test p-value Reject H0: βA = βB 

(Text) - (Video) − 424 − 381 − 837 63 0 yes 
(Text) - (VR) − 424 − 303 − 763 72 0 yes 
(Video) - (VR) − 381 − 303 − 702 36 0 yes  

Table 7 
Average mWTP in €/month across respondents for the different sub-groups.  

Variable Text Video VR 

WTP space Correlation WTP space Correlation WTP space Correlation 

mWTP t-ratio mWTP t-ratio mWTP t-ratio 

ASC_1 6.12*** 4.07 4.48* 2.00 3.39* 2.24 
ASC_2 6.1*** 4.15 4.59 1.98 3.88* 2.41 
many high canopy 3.7** 2.88 6.55*** 3.79 9.9*** 6.75 
few high canopy 2.64** 3.13 7.07*** 4.31 7.39*** 7.94 
many low canopy 10.69*** 6.76 6.51*** 3.66 5.57*** 3.86 
many planters 1.38 1.47 3.25*** 3.39 3.35*** 3.38 
both sides 12.7*** 12.14 11.45** 2.68 15.87*** 7.70 
Price(ln) − 1.58*** 7.89 1.47*** 5.58 0.8** 3.03 

S.D 
ASC_1 2.57*** 3.69 0.15 0.19 1.75 1.87 
ASC_2 0.17 0.66 0.16 0.54 0.36 1.31 
many high canopy 11.7*** 12.45 9.89*** 3.37 13.4*** 8.07 
few high canopy 1.51 1.91 0.75 0.44 7.07*** 6.08 
many low canopy 0.51 0.33 3.35** 2.63 4.26** 2.92 
many planters 0.67 0.68 3.98** 2.75 3.9*** 5.28 
both sides 2.505*** 4.73 6.85*** 3.42 4.11*** 5.14 
Price(ln) 1.187*** 5.87 0.34* 2.50 0.26** 2.59 

Model fit 
LL − 435  − 387  − 314  
Adj-ρ2 0.3949  0.455  0.5472  
AIC 957.29  862.14  716.37  
BIC 1158.78  1063.63  917.86  

AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion. 
Note: * indicates significance at 95% level, ** at 99% level and *** at 99.9% level. 

Fig. 5. Mean mWTP by presentation format. Error bars represent the standard errors.  
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with the attributes in the choice sets because of the additional visual information provided, which allows to process and evaluate the 
information more systemically. 

Similar to our results, but in a pictorial versus text choice experiment, Uggeldahl et al. (2016) show that pictures in choice set 
alternatives were associated with lower error variance, arguing that this was due to a decline in complexity of the choice scenarios. 
Among other studies that have investigated the impact of visual (picture) experiments on the scale parameter, Townsend and Kahn 
(2014) argue that visual preference heuristics for higher choice complexity cases can induce choice overload compared to textual 
stimuli, meaning that visual info may also have an adverse effect on randomness. Similarly, Shr et al. (2019) show that the provision of 
images makes the respondents’ answers more random compared to the text sample, and Orzechowski et al. (2005), in a pictorial versus 
verbal representation of choice sets, state that while some attribute levels may be perceived better with images, they did not reveal any 
significant differences between the two formats. 

The contradictory results in the literature may be explained by the fact that written and visual information is processed differently 
by different respondents, as some people tend to engage better with a verbal description and others with visual stimuli. This might be 
an intrinsic, general feature of a respondent, or depend on the object that is valued or both. More specifically, Jansen et al. (2009) state 
that words may be processed sequentially in a verbal system. Thus, the information could be more rational and logical, whereas images 
can be handled simultaneously, eliciting in the human brain a direct and almost automatic response of whether or not one likes the 
image. We argue that, even though much more information is provided in the multimedia representation of the choice sets, some of 
which may not be relevant, by visualizing a street design, participants are able to understand their preferences better, especially in VR 
where they can experience the street close to as if it was real. Braga and Starmer (2005) refer to that as “value learning”, meaning that 
simulating goods in an experimental laboratory may help participants to get “closer” to a similar consumption experience. 

In addition, we showed that the preference reversal is based on the structure of the decision task, in our case presentation tool, and 
we attribute this to cognitive and perceptual processing (Howes et al., 2016). It can be argued that the framing and the 3D design for 
the attributes and levels can influence the results. For instance, people’s preferences for greening might be influenced by how nice the 
high-canopy trees look like compared to the low-canopy. However, as long as the virtual environment is a fair representation of the 
potential urban green policy, it is prudent to assume that it will more accurately elicit the preferences and WTP of the participants. 
Respondents are able to experience the potential future policy plans from, literally, different perspectives in a more realistic way. 

We would also like to stress that although we used a split sampling approach, and the treatment groups are formed based on 
participants’ shared attributes or characteristics such as income and age, extrapolating the results of our study to the Belgian level 
should be conducted with great care. Our study is subject to selection bias as people interested in urban green and/or VR were perhaps 
more likely to participate in the lab-experiment. This could influence the elicited preferences, and consequently the WTP values. Also, 
highly educated people (above high school diploma) were overrepresented (86% in our sample versus 48.2% in the Belgian popu-
lation) (Statbel 2018), and are likely to be more concerned about green environments (Gifford and Nilsson, 2014). 

Finally, we note that while current VR experiments are limited to laboratory environments, recent technological developments in 
the field of standalone VR devices and mobile internet will enable researchers to conduct VR experiments outside of the laboratory in 
the future. This will not only open up the opportunity to mainstream the application of VR in DCE, but will also help to mitigate issues 
of self-selection bias. 

5. Conclusion 

In our study, we used a split-sample approach to reveal the effect of presentation formats on respondents’ choices using two 
metrics, which provide implicit and explicit evidence. The implicit approach relied on identifying the scale parameters by means of an 
MXL that takes into account both preference and scale heterogeneity. The explicit approach relied on self-reported choice certainty 
that respondents stated after every choice set across all treatments. 

To the best of our knowledge, this study is the first attempt to elicit and compare willingness to pay via VR with traditional 
presentation formats, and to estimate the impact of VR as a novel presentation format on respondents’ uncertainty. We highlight three 
core findings: (1) Stated certainty is significantly higher for participants in the VR experiment compared to the text version. (2) both 
multimedia presentation formats (video and VR) had a lower associated error variance, with VR displaying the lowest. We conjecture 
that this could be due to the improved evaluability of the video and VR format that leads to reduced respondent uncertainty when they 
make choices (3) The mWTP estimates are significantly influenced by the presentation tool. 

Focusing specifically on the estimates for the mWTP, the representation of the choice sets in different presentation formats resulted 

Table 8 
T-test to test mWTP differences across experiments.  

Variable Text vs. Video Text vs. VR Video vs. VR 

D-value t-value D-value t-value D-value t-value 

many high canopy − 2.86*** − 2.46 − 6.22*** − 8.71 − 3.36*** − 3.656 
few high canopy − 4.43** − 3.16 − 4.76*** − 12.12 − 0.32 − 0.239 
many low canopy 4.18*** 5.12 5.12*** 7.8 0.94 0.901 
many planters − 1.88*** − 9.27 − 1.97*** − 6.17 − 0.09 − 0.38 
both sides 1.24 0.29 3.18 − 1.79 − 4.42 − 1.18 

Note: * indicates significance at 95% level, ** at 99% level and *** at 99.9% level. 
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in a reversed rank order for a set of attributes. Such a preference reversal emerged predominately between the text and multimedia 
(video, VR) representation of the choice set. We explain this with a potential overvaluation or undervaluation of attributes in the less- 
realistic environments because of respondents’ need to rely on their imagination for constructing a visual representation of a scenario. 

While we capture preference and scale heterogeneity in our study, quantifying additional forms of heterogeneity, such as pro-
cessing heterogeneity (see Campbell et al. 2018), could lead to more robust results, reducing at the same time the risk that the un-
observed heterogeneity is only partially explained. 
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