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A B S T R A C T   

3D dynamic visualization technologies are increasingly used in studying residents’ preferences for urban plan-
ning and design scenarios. The techniques help concentrate respondent attention and improve the measurement 
quality of environmental preferences. However, little is known about differences in measurement quality be-
tween different 3D dynamic visualization modes. This paper applies two modes – a self-navigation mode and a 
video mode - in a virtual environment-based stated choice experiment with the aim of measuring neighborhood 
public spaces preferences. Based on data from 276 experiment participants and applying conditional and mixed 
logit techniques, we find no statistically significant differences in the model fit between the two modes. Out of six 
public space attributes, only one shows statistically significant differences in valuation between modes, namely 
‘vertical green’. Our results suggest that the choice between video and self-navigation modes can be based on 
other (secondary) considerations, i.e., required sample size, respondents’ experiences with navigation interfaces, 
the specific goals of the study or application in practice, and the costs and effort needed to conduct the 
experiment.   

1. Introduction 

3D dynamic visualization technologies play an increasingly impor-
tant role in participatory approaches to urban planning and design (Gill 
& Lange, 2015; Portman, Natapov, & Fisher-Gewirtzman, 2015). These 
technologies offer the ability to virtually simulate design alternatives in 
a comprehensive and intuitive way for evaluation before actual imple-
mentation (Jamei, Mortimer, Seyedmahmoudian, Horan, & Stojcevski, 
2017; Lu, Tomkins, Hehl-Lange, & Lange, 2021; Rid, Haider, Ryffel, & 
Beardmore, 2018). At the same time, both in spatial preference studies 
and design practice, there is an increasing need to involve large numbers 
of participants and obtain specific, instructive knowledge of their pref-
erences. Public space is one of the important topics in environmental 
preference studies. The communal nature of public space strengthens 
the need for public participation and scientific approaches to understand 
participators’ preferences during the design process. Consequently, the 
stated choice (SC) experiment has been increasingly used in environ-
mental preference studies (e.g. Timmermans, Arentze, & Joh, 2002; 
Aspinall et al., 2010; Alves, Peter, Catharine, & Takemi, 2011; Jansen, 
Coolen and Goetgeluk, eds., 2011). Traditionally, SC experiments are 
designed with only textual descriptions. There is, however, increasing 

evidence that the use of 3D dynamic visualization tools in combination 
with SC experiments can improve the quality of measurement (Bateman, 
Day, Jones, & Jude, 2009; Mokas, Lizin, Brijs, Witters, & Malina, 2021; 
Patterson, Darbani, Rezaei, Zacharias, & Yazdizadeh, 2017) and make 
experiences more enjoyable (Heft & Nasar, 2000). This has raised in-
terest in combining the visualization tools with the experimental 
technique. 

In built environment studies, the combination of 3D dynamic visu-
alization tools with SC experiments is still in an experimental stage. 
Immersive virtual reality (IVR) and non-immersive video are two main 
modes applied in existing research (Bateman et al., 2009; Birenboim 
et al., 2019a; Kasraian et al., 2020; Reichhart & Arnberger, 2010; Rid 
et al., 2018; Van Vliet et al., 2021; Lu et al., 2021). In the IVR mode, 
users head-mounted displays, such as VR glasses, fully immerse them in 
a virtual spatial environment rendered based on a 3D model of that 
environment. Although IVR offers the promise of simulating reality, the 
feasibility of using it for SC experiments is limited. IVR requires lab fa-
cilities meaning that participants have to come to the lab. Hence, real-
izing the large sample sizes required for SC experiments is very costly 
and, in practice, not feasible. 

The virtual environments can also be presented in videos that 
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simulate a walk through the environment based on a pre-designed route. 
In contrast to IVR, the videos can be made available online and played 
on each participant’s screen. Hence, this mode allows the large sample 
sizes needed for an SC experiment. Although feasible, using these 3D 
dynamic visualization techniques in an SC experiment creates chal-
lenges. In a conventional SC experiment, the choice alternatives are 
presented simultaneously to facilitate comparison (Hensher, Rose, & 
Greene, 2015). Although in several studies multi-window display in-
terfaces were designed with play and pause buttons respectively (e.g. 
Reichhart & Arnberger, 2010; Rid et al., 2018; Van Vliet et al., 2021), it 
is unclear whether respondents watch the alternatives simultaneously or 
sequentially, and how this influences the result. Furthermore, a poten-
tial disadvantage of the video mode is the predefined route which re-
stricts the interaction between respondents and the virtual environment 
(Heft & Nasar, 2000; Reichhart & Arnberger, 2010). 

In this paper, we introduce an online 3D dynamic mode that allows 
self-navigation with a mouse or keyboard without the limitation of a lab, 
as a potential improvement of the video mode and we compare it to the 
baseline, which is the video mode. Whereas the use of video is well- 
established, there is much less experience with an online self- 
navigation mode for the purpose of preference measurement. Further-
more, we develop an application of an SC experiment where the choice 
alternatives are presented sequentially instead of simultaneously. 
Although this circumvents the above-mentioned problem of simulta-
neous presentation, it may introduce presentation-order bias. To eval-
uate the usefulness of this approach, we analyze presentation-order bias 
based on choice data obtained. As a case, we consider the design of 
neighborhood public spaces. 

Therefore, the main aim of this paper is to compare the two pre-
sentation modes in terms of their performance when measuring envi-
ronmental preferences in an SC experiment. Three research questions 
are raised based on the research aim: i) how to develop and bring a self- 
navigation mode SC experiment online? ii) how to design choice tasks 
where the choice alternatives are presented sequentially to facilitate the 
3D dynamic visualization modes? and iii) what methods can be used to 
compare the performance of the two presentation modes? To address the 
research questions, we design and apply an online SC experiment 
focused on measuring individuals’ preferences regarding design attri-
butes of neighborhood public spaces. Two experimental groups received 
the same 3D dynamic virtual environments and choice tasks but 
different presentation modes, i.e., with and without the ability of self- 
navigation. To identify the effects of mode on preference measure-
ments, a mixed logit model and a heteroscedastic multinomial logit 
model of individuals’ neighborhood public space choices are estimated. 
The experiment involved a sample of 276 (undergraduate) students from 
xxx masked for blind review. 

The remainder of the paper is structured as follows. First, Section 2 
provides a review of the existing literature on neighborhood public 
space preference research and applications of 3D dynamic visualization 
technologies. Section 3 describes the design of the experiment and the 
presentation modes. Section 4 introduces the discrete choice models 
used to analyze the data and compare the modes. Section 5 then presents 
the results. The last two sections conclude with a discussion of the 
findings and contribution to urban and landscape preference research. 

2. Literature review 

This section discusses the literature on key spatial attributes which 
influence public space preferences, followed by studies on the use of 3D 
dynamic visualization in SC experiments in built environment research 
and a review of previous comparisons of presentation modes. 

2.1. Preferences for neighborhood public spaces 

Public-space preference research has a long history. A general aim of 
this research is to analyze the factors that influence preferences for 

planning and design aspects of public space. Spatial design factors that 
have been found to influence public space preferences include the size of 
public spaces (e.g. Giles-Corti et al., 2005; Kaczynski, Potwarka, & 
Saelens, 2008; Schipperijn, Bentsen, Troelsen, Toftager, & Stigsdotter, 
2013), pavement surface (e.g. Djekic, Djukic, Vukmirovic, Djekic, & 
Dinic, 2018), presence of water elements (e.g. Eisenberg & Polcher, 
2019; Nordh, Hartig, Hagerhall, & Fry, 2009), and presence of trees and 
other green vegetation (e.g. Dunton, Almanza, Jerrett, Wolch, & Pentz, 
2014; Gehl, 2011; Whyte, 1980). Furthermore, several authors argued 
that the design of building facades including vertical greening is an 
overlooked factor which would be interesting to investigate (e.g. Kas-
raian et al., 2020; Ling & Chiang, 2018; Perini, Ottelé, Haas, & Raiteri, 
2013). In addition, the height of surrounding buildings affects how 
people experience public spaces (e.g. Ewing & Handy, 2009; Samava-
tekbatan, Gholami, & Karimimoshaver, 2016). 

The SC experiment is a well-established tool to measure preferences 
in built environment research. In these experiments, people are asked to 
choose from several hypothetical alternatives presented (in our case 
public spaces). These alternatives are being varied in terms of a set of 
spatial attributes. Using an orthogonal combinatory experimental 
design, all attributes are statistically independent of one another, which 
makes it possible to identify the separate effects of attributes on pref-
erences based on the choice data obtained. 

2.2. The use of 3D dynamic visualization in stated choice experiments 

In the context of built-environment preference research, both a well- 
designed preference measurement method and intuitive ways to present 
design alternatives are needed. The use of a choice task is a specific 
feature of the SC experiment. Another approach, which has a longer 
tradition in preference research, is the stated preference (SP) experiment 
where alternatives are not presented in choice sets, but respondents are 
asked to evaluate each alternative on a rating scale. The family of 
techniques including SC and SP is generally known as conjoint analysis 
and the application of visualization techniques is relevant for conjoint 
analysis in general. Our focus is on the SC experiment, because it has the 
advantage that respondents are forced to trade-off the attributes in 
making a choice, so that actual preferences are revealed. 

In conventional conjoint studies, attributes are represented verbally 
posing high demands on individuals’ ability to cognitively create an 
image of the spatial elements. To alleviate this limitation, the use of 
virtual environments to present alternatives has received increased 
attention in the past decades. Visualization approaches that have been 
developed and used in previous public-space studies are in increasing 
order of realism the following: still images (e.g. Aspinall et al., 2010; Van 
Hecke et al., 2018) and 3D dynamic visualization using video, 
self-navigation on screen, or IVR (e.g. Borgers, Brouwer, Kunen, Jes-
surun, & Janssen, 2010; Farooq, Cherchi, & Sobhani, 2018; Lu et al., 
2021). A limitation of using still images is that only a small part of the 
environment can be depicted and some attributes are inevitably being 
made more salient than others. Thus a small variation in how spatial 
attributes are presented on pictures may affect the results (Van Hecke 
et al., 2018). 

By using 3D dynamic visualization approaches, such as video, self- 
navigation, or IVR, these limitations of using still images can be avoi-
ded. Studies have reported that the use of IVR environments can help 
concentrate respondents’ attention, achieve a greater sense of presence 
(Birenboim et al., 2019), and improve the model fit (Patterson et al., 
2017). However, IVR requires higher cost and has a high entrance bar-
rier (Birenboim et al., 2019; Farooq et al., 2018). Therefore, researchers 
have looked for other ways that do not have these drawbacks while still 
maintaining the advantages of IVR. 

Video, as well as self-navigation on screen, are two modes that 
impose lower cost and allow a larger sample size (required for conjoint 
analysis) while still offering the benefits of 3D dynamic virtual envi-
ronments. In this mode, participants can explore and to some extent 
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experience the environment by watching an animated walk-through 
video. Recently, literature has emerged describing conjoint studies 
that combine the SC experiment with such videos of virtual environ-
ments to present alternatives (e.g. Van Vliet et al., 2021). 

In contrast, only a little attention has been paid to another 3D dy-
namic mode - self-navigation, sometimes called non-immersive VR or 
navigation VR (e.g., Jamei et al., 2017; Paes, Arantes, & Irizarry, 2017). 
A self-navigatable virtual environment on screen allows people to freely 
‘walk’ through the virtual environment, usually controlled with a 
keyboard or a mouse. Although this mode may solve some limitations of 
the video, we can find only one example that combined this mode with 
an SC experiment in built-environment preference research (Patterson 
et al., 2017). In that research, neighborhood street preferences were 
studied using a self-navigation game. Respondents, however, were only 
able to do the experiment offline using the laptop provided by an 
interviewer. To the best of our knowledge, there are no other studies in 
built-environment research that combined an online self-navigation 
approach with an SC experiment which are scalable to large sample 
sizes. 

2.3. Comparison of presentation modes for stated choice experiments 

The increasing use of virtual environments calls for more research on 
their added value for measuring preferences. Comparative studies that 
have been reported in the literature have used several performance in-
dicators to evaluate presentation modes. These indicators cover mainly 
two aspects, namely data quality and participants’ experience/conve-
nience. Regarding data quality, the modes are compared on indicators of 
goodness-of-fit of the model estimated on obtained choice or preference 
rating data, the significance of the attributes and sign of coefficients 
(Arentze, Borgers, Timmermans, & DelMistro, 2003; Bateman et al., 
2009; Farooq et al., 2018; Kasraian et al., 2020; Mokas et al., 2021; 
Patterson et al., 2017; Rid et al., 2018; Shr, Ready, Orland, & Echols, 
2019). Furthermore, measuring the reliability of estimations by 
repeating the experiment and comparing the results has been used 
(Bateman et al., 2009; Birenboim et al., 2019b; Weir, 2005). Regarding 
experience/convenience, different modes have been compared on cost 
and respondents’ subjective experiences such as cognition ability, 
enjoyment, and spatial perception (Bailey, Brumm, & Grossardt, 2002; 
Heft & Nasar, 2000; Herbert & Chen, 2015; Nishio & Ito, 2020; Paes 
et al., 2017; Van Leeuwen, Hermans, Jylhä, Quanjer, & Nijman, 2018). 

In terms of the visualization techniques considered, different com-
parisons are reported. Some studies have compared a 3D dynamic 
visualization mode (video, self-navigation, or IVR) with the traditional, 
text-only SC experiment. The results of these studies generally show that 
3D dynamic visualization modes result in higher model goodness-of-fit 
(e.g. Bateman et al., 2009; Patterson et al., 2017). Regarding the com-
parison of 3D dynamic visualization and still images, the literature offers 
contradictory findings. Some researchers found better model outcomes 
with the dynamic mode compared to a still image (Bateman et al., 2009; 
Birenboim et al., 2019; Patterson et al., 2017). However, others have 
argued that although the degree of realism is increased, the large 
number of details shown in the video makes it more difficult for the 
respondents to formulate their preferences in a consistent manner (Rid 
et al., 2018). There are also studies where three different modes are 
compared. Farooq et al. (2018) investigated differences between text, 
video (animation as they call it) and IVR mode in an SC experiment of 
autonomous vehicles. They found that IVR provides the highest level of 
understanding of the scenario and the best model fit. Mokas et al. (2021) 
compared text, video and IVR modes in an SC experiment where re-
spondents were asked to choose their most preferred future streetscape 
alternatives. In line with Farooq et al. (2018), the results indicate that 
both video and IVR reduce the randomness in making choices, as indi-
cated by a scale parameter. Regarding the effects of mode on attribute 
evaluation, previous studies found that attributes might increase in 
perceived importance (i.e. coefficients with larger absolute values) 

when they are presented visually instead of verbally (e.g. Jansen, Bou-
meester, Coolen, Goetgeluk, & Molin, 2009), and when presented 
dynamically instead of statically (Heft & Nasar, 2000). Furthermore, 
larger values of parameters of green elements were obtained in video 
and IVR mode compared to text mode(Mokas et al., 2021). However, 
concerning a comparison between video mode and its possible improved 
mode – online self-navigation, no previous study has been done. 

In traditional text-only SC experiments, presentation order effects 
have been found as sometimes respondents display a tendency to choose 
the alternative appearing in the first (left) or last (right) position in a 
choice set (Chrzan, 1994). In a self-navigation, IVR or video mode, re-
spondents need to explore the virtual environments successively. The 
presentation order may then generate primacy (first option) or recency 
effects (the last option). It is not clear if or to what extent these biases 
occur in a sequential mode. 

As this brief review indicates, there is an increasing interest in 
combining 3D dynamic visualization techniques with conjoint analysis 
and evidence that using this mode rather than the traditional text only 
mode may increase the quality of preference measurement and re-
spondents’ experiences. Although there is accumulating experience with 
using these visualization techniques in combination with preference 
rating tasks, the application in SC experiments is still limited. Experience 
with using a self-navigation mode, which in theory should solve the 
limitations of the video mode, is even more limited in the context of 
preference research. In the present study, therefore, we develop a 
method to use these modes in an online SC-experiment. We compare the 
modes comprehensively on indicators of data quality (including 
presentation-order bias) and respondents’ subjective evaluation. 

3. Experiment design 

To measure user preferences of public-space characteristics in the 
two presentation modes of interest in this study, data are collected based 
on an SC experiment. The main steps of experiment generation and 
execution are shown in Fig. 1. We consider the street block as the spatial 
unit of the choice alternatives. As the data are collected in the 
Netherlands, the main design of the street block used in the experiment 
mimics the style of an average Dutch neighborhood (Birenboim et al., 
2019; Patterson et al., 2017; Van Dongen & Timmermans, 2019). The 
main public space in the street block used for the experiment has a 
rectangular plan and is surrounded by residential buildings with one 
side open to the street. The street has a vehicular lane, bicycle lane, and 
a pedestrian sidewalk and parking spaces on two sides. 

In this study, the alternative designs of the street block constructed 
vary in terms of seven attributes, each with two levels (Table 1). Given 
the number of attributes and levels, a full factorial design that requires 
27 = 128 alternatives is infeasible for the experiment. The L8 (for 27) 
orthogonal array based on the Taguchi method was used and eight al-
ternatives were generated accordingly (Taguchi & Konishi, 1987; 
Hensher et al., 2015). This orthogonal fractional factorial design reduces 
the number of alternatives required strongly. At the same time, the at-
tributes remain independent from each other which allows an unbiased 
statistical estimation of the main effects of the attributes. The alterna-
tives were firstly 3D-modeled using Sketch-up and then imported to 
Unreal Engine 4 (a game development software for the generation of 
virtual environment, animation and user interaction) to add environ-
mental details such as vegetation, dynamic water ripples, and automo-
biles. User interfaces for the self-navigation and video modes were also 
developed in Unreal Engine 4. 

As an example, Fig. 2 shows the layout according to one of the 
configurations (alternative 4). Fig. 3 shows the eye-level view from point 
A (see Fig. 2) of all eight alternatives. We use a vector X = [X1 X2⋯X7] to 
represent the underlying different attribute combinations of each 
alternative. The elements of the vector indicate the levels of attributes. 
For example, in alternative 1, X1 has the value 0. That means the level of 
‘size of the open spaces’ is 0, which is 750 m2. 
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Each respondent received two choice sets in total. Each choice set 
contains two alternatives. The four alternatives shown to each respon-
dent were randomly selected and randomly combined in the choice sets. 
The final virtual environments were released and embedded in online 
questionnaires, respectively in HTML5 format for self-navigation mode 
and MP4 format for video mode, with itch.io and YouTube as online 
platforms. For examples of video and self-navigation mode, please see 
the links in Appendix A. In the beginning of self-navigation mode, a brief 
guide was presented to instruct users on how to use the keyboard to 
navigate (Fig. 4). 

To develop the 3D dynamic visualizations, approaches developed in 
previous studies were used (Borgers et al., 2010; Farooq et al., 2018; 
Jamei et al., 2017; Lu et al., 2021; Paes et al., 2017; Patterson et al., 

2017; Van Vliet et al., 2021). Time length (duration) and the waling 
route are two important considerations in video development. The time 
length of each video was originally set to 105, in order to prevent arousal 
of fatigue, while still allowing all spatial elements to be perceivable. 
Regarding the route, a camera route that simulates a first-person 
perspective is designed. The camera starts moving from one side of 
the street, ‘walking’ into the squared open space, ‘looking’ around, and 
ends on the other side of the street (see the dotted line in Fig. 2). In this 
way, the seven spatial attributes can all be well perceived and have a 
relatively equal time of close range presentation. Before the final 
experiment, the videos and animations were tested by 10 volunteered 
colleagues to see whether the attributes are easily perceivable and the 
time length is acceptable, as well as the convenience of operation. Based 
on their feedback, we finally cut down each video to 95 s, slightly 
increased the speed, and fine-tuned the saturation, placement of vege-
tation as well as some neighborhood details. The start location is the 
same in the two modes. In the video mode, respondents clicked the play 
button and the videos containing the different alternatives were dis-
played successively. Respondents could explore each alternative by 
watching the video that simulated the walk with a pre-designed route. In 
the self-navigation mode, respondents also explored two times two al-
ternatives in succession. The difference is that they were able to control 
the route by themselves using the arrow keys or ‘A, S, D, W’ keys of the 
keyboard, and rotation of the viewpoint by mouse without limitation of 
time. 

Fig. 1. Flowchart of the stated choice experiment design and execution.  

Table 1 
Attributes and level of virtual public spaces.  

Attribute Level 1 Level 0 

X1 Size of the open space 1500m2 750m2 

X2 Surface of the open space grass pavement 
X3 Water yes no 
X4 Trees yes no 
X5 Grass along the street yes no 
X6 Vertical greening on facades yes no 
X7 Average number of surrounding building stories six stories three stories  

Size of the open 
space 1500m2

Surface of the open 
space Grass

Water Yes
Trees Yes
Grass along the 
street Yes

Vertical greening No
Average number of 
building stories 3 

Fig. 2. Layout of alternative 4.  
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Alternative 1        Alternative 2       

Alternative 3      Alternative 4      

Alternative 5      Alternative 6      

Alternative 7      Alternative 8      

Fig. 3. The design of eight alternatives for the stated choice experiment.  

Fig. 4. Screenshot of self-navigation (left) and video mode VR (right).  
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In both mode conditions, the further set-up of the experiment is the 
same. After exploring and rating each of a set of two consecutive al-
ternatives, illustrative screenshots of the two alternatives were shown 
side by side to assist the person in recalling the spaces explored. Then 
they were asked to choose the preferred alternative out of the two by 
answering the question: ‘In general, which of the two street blocks do 
you find more attractive?’ 

After having completed the choice tasks, respondents were asked to 
report their experience. Three questions were asked in both modes about 
the extent they experienced dizziness (Have you experienced any 
noticeable dizziness exploring the virtual environment? 0 = no, 1 = yes), 
enjoyment (To what extent did you enjoy the virtual environment? 5- 
point scale with ‘1 = to a very small extent’ and ‘5 = to a very large 
extent’), and authenticity (How real did it feel? 5-point scale with ‘1 =
very unreal’ and ‘5 = very authentic’). 

4. Analysis framework 

The comparison of the two modes is conducted in three parts of the 
analysis (Fig. 5). In this section, the multinomial logit model and the 
mixed logit model (Section 4.1), and the heteroscedastic conditional 
logit (HCL) model (Section 4.2) are introduced. In addition, the main 
considerations regarding the comparison of presentation modes are 
dealt with (Section 4.3). The subjective evaluation will be discussed in 
the next section (Section 5.2). 

4.1. Multinomial logit model and mixed logit model 

To analyze the choice data, we use the random-parameters Mixed 
Logit model (ML) which is an extension of the Multinomial Logit model 
(MNL) that allows heterogeneity in taste parameters (McFadden, 1973; 
Hensher et al., 2015). The MNL is based on random utility theory and 
assumes that the utility Ui for an alternative i, consists of a structural 
component Vi and a random error component εi. Thus, the utility of a 
certain alternative i can be expressed as: 

Ui = Vi + εi (1) 

The structural component depends on the way individuals combine 
their part-worth utilities on attributes. Typically, a linear compensatory 
model is assumed as: 

Vi =
∑

k
βkxik (2)  

where xik represents the value on attribute k of alternative i, βk is an 
attribute-specific scaling parameter and βkxik is also known as the part- 
worth utility of alternative i related to attribute k. 

As explained, in our case, four different alternatives (public spaces) 
are presented in choice sets of two alternatives and are presented suc-
cessively to each individual. Based on Eqs. (1) and (2), the utility 
function of individual q for a public space alternative i that allows the 
estimation of interaction effects of mode on the evaluation of attributes 
can be specified as follows: 

Uiq = β0n+ βmodeMqn+
∑

k

(
βkxik + βmode,kMqxik

)
+ εiq (3)  

where n is a binary variable indicating whether the alternative of a 
choice set was presented as first, β0 is the first-option choice bias, and M 
is a dummy variable indicating the presentation mode. The first-option 
choice bias parameter has specific significance in the context of this 
experiment. Since the choice alternatives are sequentially presented and 
explored by the respondent, a recency, as well as primacy effect, may 
occur. If a recency effect dominates, β0 will be negative (the second 
alternative is the last and hence most recent one), whereas if the primacy 
effect is dominant, the parameter will be positive. In the dummy coding 
of mode, we arbitrarily use self-navigation as the base (Mq = 0, in case of 

video, and = 1, in case of self-navigation). βmodeMqn represents an 
interaction effect of mode on this first-option bias. βmode, k represents the 
interaction effect of mode on the evaluation of attribute k. Given this 
formulation, β0 represents the first-option bias in the video mode and 
βmode the change in the bias when the self-navigation mode is used 
instead. 

In the MNL model, the probability that alternative i is chosen out of J 
alternatives is defined as: 

Pi =
exp(Vi)

∑J
j=1exp

(
Vj
) (4)  

where Vi is the structural utility component defined by Eqs. (2) and (3). 
The mixed logit (ML) model is an extension of the MNL model which 

assumes random parameters to account for heterogeneity in preferences 
between individuals (Hensher & Greene, 2003, Hensher et al., 2015). In 
the mixed logit model, the utility of person q for alternative i is defined 
as: 

Uiq =
∑

k
βqkxiqk + εiq (5)  

with 

βq ∼ f (β|θ) (6)  

where the xiqk indicates the kth attribute of alternative i in respondent q. 
θ are parameters of the distribution of βq ‘s over the population, e.g., the 
mean and variance of βq. The probability P of individual q choosing 
alternative i is defined as: 

Piq =

∫

βq

(
∏T

t=1

(
Piqt|βq

)
f
(
βq|Mq

)
)

dβq (7)  

where Mq is the presentation mode and t is the first or the second choice 
set. 

4.2. Heteroscedastic conditional logit (HCL) model 

Apart from heterogeneity in taste parameters, a possible scale effect 
should be taken into account because the error variances may differ 
between the two experimental groups. We estimate a scale parameter 
(λq) to test for difference in the size of error variance. For normalization, 
the scale parameter of one of the groups must be set to one. E.g., when 
the first group is taken as the base, a scale value larger (smaller) than one 
then would indicate a smaller (larger) size of the error variance in the 
second group. A Heteroscedastic Conditional Logit (HCL) Model is an 
extension of the basic MNL model that allows one to estimate the scale 
parameter simultaneously with the taste parameters. The HCL model is 
given by(Bradley & Daly, 1994): 

Piq =
exp
(
λqViq

)

∑J
j=iexp

(
λqVjq

) (8)  

where λqis the scale parameter. The general model parameterizes λq as 
exp.(Zqγ) where Zq is a vector of explanatory variables and γ is a vector of 
parameters reflecting the influence of those characteristics on the error 
variance. In the present case, there is just a single explanatory variable, 
namely the identifier of experimental group, Mq. 

4.3. Comparison of visualization modes 

The above modeling framework allows us to measure the quality of 
the preference measurement for the different presentation modes on 
indicators also used in previous studies (e.g. Bateman et al., 2009; 
Birenboim et al., 2019; Van Leeuwen et al., 2018). The mode that offers 
the better data quality is the mode that has the following characteristics: 
a smaller size of the error variance captured by the (inverse of) the scale 
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parameter estimated from the HCL model; higher face validity (param-
eter estimates that are in expected directions and statistically signifi-
cant) and that reduce the size of the first-option bias (positive or 
negative) as represented by the mode interaction effect on the constant. 
Smaller error variance indicates higher model fit and general impor-
tance of the attributes for the mode concerned. Interaction effects be-
tween mode and spatial attributes furthermore allow us to test the effect 
of mode on the evaluation of attributes. Assuming that the self- 
navigation mode has higher validity, the absence of such interaction 
effects would indicate that the video mode is a useful alternative. 
Finally, the increase of model fit when ML is used instead of MNL gives 
an indication of the amount of heterogeneity. In addition, subjective 
evaluations are considered to compare respondents’ using experiences. 
A lower level of dizziness, higher level of enjoyment and authenticity 
indicate a better visualization mode regarding experience. 

5. Results 

5.1. Sample characteristics 

A total of 294 questionnaires were completed in December 2020. 
Questionnaires where all scale questions were answered with the same 
scores were removed. We also dropped observations where a respondent 
used less than 7 min to complete the questionnaire. Reason is that the 
preliminary tests showed infeasibility to answer all the questions seri-
ously within such a limited time. The final sample consists of 276 re-
spondents who are third-year undergraduate students from the 
Department of Built Environment, (Name of the University is masked for 
blind review). Respondents have not yet chosen a specific major and 
have no background in 3D modeling or planning/design projects. They 
were randomly allocated to an experimental group (135 in the self- 
navigation mode group and 141 in the video mode group). The char-
acteristics of the sample are summarized in Table 2. These characteris-
tics are selected because they are found to be associated with spatial 

preferences in previous studies (e.g. Alves et al., 2011; Birenboim et al., 
2019; Schipperijn et al., 2013). The t-test (for age) and Chi-Square tests 
indicate that there is no statistically significant difference in age, gender, 
ethnic group, disabilities, and whether he/she has a private garden be-
tween the two experimental groups. 

5.2. Subjective evaluation of two modes 

In this section, we consider the subjective evaluation of the two 
presentation modes. The results in Table 3 show that 10.4% of the re-
spondents experienced dizziness in the self-navigation mode compared 
to 5.7% in the video mode. The difference is statistically significant. As 
for enjoyment and authenticity, the video mode shows a slightly higher 
mean score for both aspects (the differences are statistically significant). 
These results indicate that the video mode has positive effects on 
experience and perception. Regarding completion time, the video mode 
takes a statistically significant shorter time to complete. In addition, the 
correlations between socio-demographics (see the list of socio- 
demographics in Table 2) and subjective evaluations of self-navigation 
mode and video mode are tested. We find that only gender has a sta-
tistically significant correlation with the evaluation of authenticity in 
the self-navigation mode. The value of Spearman’s correlation is equal 
to − 0.231 (p < 0.01), indicating that male respondents on average gave 
lower scores for authenticity in the self-navigation mode, compared with 
female respondents. 

5.3. Error variance of two modes 

To test the difference in scale of the error variance between the two 

Fig. 5. Flowchart of the analysis framework to compare visualization modes.  

Table 2 
Sample characteristics (N = 276).  

Variable Levels Total Self- 
navigation 

Video t or Chi- 
Square 

Sig 

Age Mean 21.49 21.56 21.43 0.768 0.443 
Gender %Male 58.70 56.30 60.99 0.627 0.428 

Ethnic group 
% 
Dutch 77.90 79.26 76.60 0.284 0.594 

Disabilities %Yes 3.62 4.44 2.84 2.111 0.348 
Private 

garden %Yes 75.72 76.30 75.18 0.055 0.814 

Total % 100 48.91 51.09    

Table 3 
Subjective evaluation of two presentation modes.  

Evaluation Self- 
navigation 

Video Pearson Chi- 
square (Sig.) 

Dizziness Yes 10.4% 5.7% 8.295*** 
(0.004) 

Enjoyment (1 = low, 5 =
high) 

Mean 3.170 3.330 24.453*** 
(0.000) Std. 

Deviation 
1.107 0.942 

Authenticity (1 = low, 5 
= high) 

Mean 2.340 2.640 38.840*** 
(0.000) Std. 

Deviation 
0.945 0.870  

T-test for Equality of Means(Sig.) 
Time to complete the 

questionnaire 
(minutes: seconds) 

Mean 16:07 12:01 5.190*** 
(0.000) Std. 

Deviation 
07:11 05:04  
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modes, the Heteroscedastic Multinomial Logit (HCL) was estimated 
using a maximum likelihood method in Stata. The coefficient of the scale 
parameter is γ = 0.046 (p = 0.788), taking self-navigation mode as the 
basis (γ = 0). The scale parameter, λ, is equal to the exponent of this 
term, which is 1.047. We can conclude that, compared to the video 
mode, the self-navigation mode has no statistically significant difference 
in the scale of the beta parameters. Technically, this means that the 
ordinary MNL and ML models can be used without a need for scale 
correction of the beta parameters. Substantially, it provides evidence 
that the error variance (an indicator of measurement quality) does not 
decrease (or increase) when the self-navigation mode is used instead of 
the video mode. 

5.4. Choice data modeling results 

The choice data were analyzed using Nlogit 6. We firstly estimated 
the MNL model and then the mixed logit (ML) model. Recall that the 
model apart from 7 attributes also includes a mode-constant and mode- 
attribute interaction terms (M = 1, for self-navigation and M = 0 for the 
video). The mode-attribute interaction coefficients can be interpreted as 
the increase of utility for spatial attribute k in the self-navigation mode 
compared to the video mode, ceteris paribus. The coefficient of the 
mode-constant interaction indicates whether individuals in the self- 
navigation mode are more likely to select the first alternative relative 
to the second, all else being equal, that is, whether self-navigation will 
increase the first-option choice bias. 

Table 4 shows the estimation results for both the MNL and ML model. 
For the ML model, a normal distribution of the error terms and 500 
Halton draws were used. The seven spatial attributes and seven inter-
action variables were entered in the ML model as a random parameter in 
a stepwise manner. In the final ML model, only the parameters with a 
significant standard deviation are included as random parameters. 
Furthermore, only significant mode-attribute interaction variables were 
kept in the final model. As it appears, only one attribute (surface of the 
public space) shows significant taste variation. The Adjusted Rho- 
squared indicates a slight improvement of the model fit of the ML 
model (0.453) compared to the MNL model (0.450). This indicates that 
heterogeneity in taste parameters is only modest. With respect to first- 
option bias, we find no significant effect of presentation mode. The 
first option-choice bias coefficient is not statistically significant either, 

which means that in both modes, the presentation order of the two al-
ternatives does not affect the choice made. Regarding main effects of the 
attributes, the results indicate that in both modes, individuals (students) 
have higher preferences for public spaces with a grassed surface 
(compared to a pavement surface), water (compared to no water), trees 
(compared to no trees), and vertical green (compared to no vertical 
green). The coefficient for ‘trees’ has the largest absolute value, sug-
gesting that, of the attributes varied in the experiment, the presence of 
trees is the most important characteristic that makes a public space more 
attractive. Furthermore, ‘surface of the public space’ is the only attribute 
for which the standard deviation of the coefficient is statistically sig-
nificant. This indicates that there are significant differences in the 
evaluation of surface between individuals, whereas for the other attri-
butes we cannot reject the null hypothesis of homogeneity of prefer-
ences. We see that only the interaction between mode and vertical green 
is statistically significant at 5% alpha level. In the self-navigation mode 
vertical green is valued much more positively than in the video mode.1 

6. Discussion 

The estimation result of the HCL model shows that there is no sig-
nificant difference in error variance between the two modes. This means 
that the use of the self-navigation mode does not provide the expected 
benefits of lowering choice randomness. The results also show that the 
first-option choice bias coefficients are not significant, which means that 
in both modes respondents did not show a tendency to prefer the first or 
second alternative. Despite the fact that respondents had the freedom 
and no limitation of time to roam the scenes in the self-navigation mode, 
no change in the first-option choice bias was found in this mode. Pre-
senting screenshots to the participants of the two public space alterna-
tives which they just had explored in the choice selection page could be 
the reason why a recency or primacy effect is avoided. 

Regarding the influence of representation mode on the evaluation of 
spatial attributes, for most attributes we found no mode effect. The only 
exception is vertical green. The self-navigation mode led to an increase 
in the utility assigned to vertical green on facades around the public 
spaces compared to the video mode. One possible explanation for this is 
that respondents can interact more actively with the environment. In 
self-navigation mode, respondents are allowed to control the viewing 
point of the virtual environment by themselves, whereas in video mode 
the field of view and the route are pre-designed. Thus, it is possible the 
green facades became more salient when people look at them closer and 
from different perspectives. This finding provides further evidence that 
an interactive point of view influences the results of an SC experiment 
based on 3D virtual environment (Birenboim et al., 2019; Reichhart & 
Arnberger, 2010). The finding that the attribute ‘vertical green’ rises in 
importance when self-navigation is possible, suggests that also other 
spatial attributes that we did not vary in the experiment may be 
perceived differently depending on the presentation mode. For example, 
spatial elements that were set as constant in our experiment, such as the 
presence of bushes or flowering plants, street width, lighting environ-
ment and presence of benches. As for the subjective evaluation of the 
two modes, our results suggest that the video is the preferred mode as it 
leads to less dizziness and higher degrees of enjoyment and perceived 
authenticity. 

Regarding the subjective evaluation of two modes, the longer 
loading time caused by big file size in self-navigation mode and higher 
complexity of operation compared to video mode may have decreased 
the fun of exploring. Besides, the HTML5 format used in the self- 
navigation mode limited the animation and rendering of plants 

Table 4 
Model estimation of public spaces choice data.   

MNL model ML model 

Coefficient Standard 
error 

Coefficient Standard 
error 

First-option choice bias  − 0.223 (0.172)  − 0.240 (0.190) 
Self-navigation mode  − 0.081 (0.171)  − 0.111 (0.277) 
Surface of the public 

space  
1.149*** (0.167)  1.276*** (0.177) 

Size of the open space  0.069 (0.163)  0.078 (0.240) 
Water  0.459*** (0.176)  0.496*** (0.192) 
Grass alone the street  0.262 (0.166)  0.280 (0.180) 
Tree  2.648*** (0.228)  2.910*** (0.324) 
Vertical greening on 

facades  0.694*** (0.230)  0.727*** (0.248) 

Average number of 
surrounding building 
stories  

0.079 (0.170)  0.105 (0.191) 

Vertical greening on 
facades* Self- 
navigation mode  

1.352*** (0.352)  1.496*** (0.398) 

Std.Dev. of Surface of 
the public space 

/ /  0.994** (0.458) 

Log likelihood function − 207.585 − 206.663 
Rho-squared 0.455 0.458 
Adj. Rho-squared 0.450 0.453 

***, **, * Significance at 1%, 5%, 10% level. 

1 To analyze the effect of demographics, we tested the three-way interactions 
between demographics (see the first column of Table 2), presentation mode, 
and seven spatial attributes in the ML model. However, the test did not yield 
any significant results. 
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somewhat. We cannot rule out the possibility that these software-related 
factors had an influence on the subjective evaluation of enjoyment and 
authenticity. 

In the context of planning and design participation, the two modes 
tested show their strengths and weaknesses. The video mode is easier to 
develop. Compared with the navigation mode, the video files are smaller 
in size, simpler to operate and quicker to complete for respondents. 
These features are beneficial to collect data on preferences of a large 
number of participants online. Thus, for the case of selecting or evalu-
ating planning/design alternatives, especially when the target users are 
unskilled in navigation, video mode would be a better option. At the 
same time, the pre-designed route limits the interaction of the re-
spondents with the virtual environment. In the self-navigation mode, 
exploring the route is controlled by participants themselves, which in-
creases the possibility of knowledge gathering. For example, by 
analyzing the footprint and time spent of each participant, attractive/ 
unattractive locations (e.g. heat maps) and related design attributes can 
be revealed. Hence, the self-navigation mode is a more suitable tool to 
investigate participants’ behavior in-depth and co-create design solu-
tions for urban regeneration. 

Our study has some (other) limitations that should be mentioned. 
First, the respondents are university students who have a similar socio- 
demographic background. An advantage is that the group is homoge-
neous which increases the power of the analysis. Our respondents might 
have more experience with keyboard navigation than other groups in 
the population, but they evaluated video mode with lower dizziness, 
higher enjoyment and authenticity than the self-navigation mode. This 
strengthens the results because, for other groups in the population who 
might have less experience of navigation, the video mode would prob-
ably be even more preferred. Even so, repeating this study including 
other population groups is important to obtain complementary evidence 
of how the choice between different 3D visualization modes influences 
the measurement. Second, applying our methodology to other built 
environment contexts than neighborhood public space would offer more 
insight into the perception of virtual environments depending on pre-
sentation mode. Third, the spatial attributes considered are limited. In 
future research, we suggest to also include other spatial attributes to 
investigate which attributes are more sensitive to self-navigation and 
which are not. Apart from spatial attributes, the influence of other 
people in public spaces is another important dimension that we did not 
test in this experiment. As Gehl’s (2011) and Whyte’s (1980) theory 
suggested, the presence and behavior of other users can greatly influ-
ence individuals’ experiences in public spaces. Thus, developing the 
technics to simulate other users in a virtual environment and exploring 
the influences of other users are highly recommended as future research 
topics. Finally, as mentioned, the performance of high-quality online 
self-navigation mode is restricted by the software. The rendering details 
are more limited in the self-navigation mode than in the video mode. 
Even so, we also see the potential of self-navigation if the above limi-
tations can be overcome. The mode shows higher sensitivity to specific 
spatial attributes such as vertical greening. The freedom to navigate also 
makes it possible for researchers to learn user preferences by recording 
and analyzing virtual exploring routes. 

7. Conclusions 

In this paper, we compared self-navigation and video mode to pre-
sent alternatives in a stated choice experiment focused on neighborhood 
public spaces. Our major findings are the following. First, the sequential 
presentation of choice alternatives which supports the high-level rep-
resention modes does not necessarily generate presentation-order bias in 
the choice experiment. Second, the self-navigation mode, which solves 
some limitations of the video mode, does not improve the model fit. 
Third, no significant interaction effect was found between most of the 
spatial attributes and presentation mode except ‘vertical green’, which 
was valued as more important in the self-navigation mode. In addition, 

video mode showed a higher level of enjoyment and authenticity, fewer 
feelings of dizziness, and a shorter time to complete. 

Based on these findings, we can conclude that when choosing from 
different Dynamic 3D visualization approaches for an SC experiment, 
both video mode and self-navigation mode are feasible regarding 
administration and estimation results. The self-navigation mode pro-
vides the possibility to navigate in online visualized public spaces, which 
has important advantages for participatory design. Thus, for optimal 
design, participant route and behavior studies, the self-navigation mode 
could be an interesting approach to gather public’s preferences online. 
However, the application of this mode is more time-consuming and re-
quires higher game-engine (e.g. Unreal Engine 4 and Unity) skills. Video 
mode, which is more convenient to operate and takes a shorter time for 
respondents to complete, shows similar estimation results. Our findings 
suggest that for selecting or evaluating planning/design alternatives that 
seek a large sample size and low cost, or targeting individuals who lack 
experience of navigation interfaces such as the elderly or children, the 
video mode is a useful alternative. 

Our findings contribute to a better understanding of how 3D dynamic 
visualization modes combined with an SC experiment can help to un-
derstand the environmental preferences of people. The comparison 
brings new insights into differences regarding measurement quality and 
respondents’ experiences between the self-navigation and video mode. 
Our findings provide insights that are helpful for urban planners and 
designers in developing online 3D dynamic planning and design sce-
narios for spatial preference studies. 
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Appendix A 

Link to videos used in the stated choice experiment. 
https://youtube.com/playlist?list=PL8fCWkxowEqk8nwZVBun 

lTTccDXBsmcIe 
Link to a screen recording of the self-navigation mode. 
https://youtu.be/AnxwsxasSB0 
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