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We develop the concept of virtual experiments and consider their application to
environmental policy. A virtual experiment combines insights from virtual reality in
computer science, naturalistic decision-making from psychology, and ﬁeld experiments
from economics. The environmental policy applications of interest to us are the
valuation of wild ﬁre management policies such as prescribed burn. The methodological
objective of virtual experiments is to bridge the gap between the artefactual controls of
laboratory experiments and the naturalistic domain of ﬁeld experiments or direct ﬁeld
studies. This should provide tools for policy analysis that combine the inferential power
of replicable experimental treatments with the natural ‘‘look and feel’’ of a ﬁeld domain.
We present data from an experiment comparing valuations elicited by virtual
experiments to those elicited by instruments that have some of the characteristics of
standard survey instruments, and conclude that responses in the former reﬂect beliefs
that are closer to the truth.
& 2008 Elsevier Inc. All rights reserved.
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1. Introduction
We develop the concept of virtual experiments (VXs) and consider their application to environmental policy. A VX
combines insights from virtual reality (VR) simulations in computer science, naturalistic decision making (NDM) and
ecological rationality from psychology, and ﬁeld and lab experiments from economics. The environmental policy
applications of primary interest to us are traditional valuation tasks, but the concept is easily extended to include less
traditional normative decision making. The methodological objective of VXs is to combine the strengths of the artefactual
controls of laboratory experiments with the naturalistic domain of ﬁeld experiments or direct ﬁeld studies. This should
provide tools for policy analysis and research on decision making that combine the inferential power of replicable
experimental treatments with the natural ‘‘look and feel’’ of a ﬁeld domain.
We start by reviewing the technological frontier provided by VR (Section 2). That general review is then related to some
major issues in environmental economics (Section 3), and then ﬁnally illustrated in an application to wildﬁre risk
management (Section 4). One surprising theme for economists is that applications of this technology stress the importance
of having an underlying model that simulates the natural processes deﬁning the environment: this is not just cool graphics
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untethered to the laws of nature. Indeed, this connection is one of the methodological insights from this frontier, requiring
attention to how psychologists deﬁne a ‘‘naturalistic’’ decision-making environment (Section 2.3).
The frontier we examine also has relevance for broader debates in economics, beyond the applications to environmental
economics. It is now well known and accepted that behavior is sensitive to the cognitive constraints of participants. It has
been recognized for some time that ﬁeld referents and cues are essential elements in the decision process, and can serve to
overcome such constraints, e.g., [50], even if there are many who point to ‘‘frames’’ as the source of misbehavior from the
perspective of traditional economic theory [38]. The concept of ‘‘ecological rationality’’ captures the essential idea of those
who see heuristics as potentially valuable decision tools [24,57]. According to this view, cognition has evolved within
speciﬁc decision environments. If that evolution is driven by ecological ﬁtness then the resulting cognitive structures, such
as decision heuristics, are efﬁcient and accurate within these environments. But they may often fail when applied to new
environments.
At least two other research programs develop similar views. Glimcher [25] describes a research program, following Marr
[45], which argues for understanding human decision making as a function of a complete biological system rather than as a
collection of mechanisms. As a biological system he views decision-making functions as having evolved to be ﬁt for speciﬁc
environments. Clark [20] sees cognition as extended outside not just the brain but the entire human body, deﬁning it in
terms of all the tools used in the cognitive process, both internal and external to the body. Field cues can be considered
external aspects of such a process. Behavioral economists are paying attention to these research programs and what they
imply for the understanding of the interactions between the decision maker and his environment. For our purposes here,
this means we have to pay careful attention to the role of experiential learning in the presence of speciﬁc ﬁeld cues and
how this inﬂuences decisions.
The acceptance of the role of ﬁeld cues in cognition provides arguments in favor of ﬁeld rather than lab experiments
[30]. Where else than in ﬁeld experiments can you study decision makers in their natural environment using ﬁeld cues that
they have come to depend on? We actually challenge this view, if it is taken to argue that the laboratory environment is
necessarily unreliable [41]. While it is true that lab experiments traditionally use artefactual and stylized tasks that are free
of ﬁeld cues, in order to generate the type of control that is seen as essential to hypothesis testing, ﬁeld experiments have
other weaknesses that a priori are equally important to recognize [26]. Most importantly, the ability to implement
necessary controls on experimental conditions in the ﬁeld is much more limited than in the lab, as is the ability to
implement many counterfactual scenarios. In addition, recruitment is often done in such a way that it is difﬁcult to avoid
and control for sample selection effects; indeed, in many instances the natural process of selection provides the treatment
of interest, e.g., [31]. However, this means that one must take the sample with all of the unobservables that it might have
selected on, and just assume that they did not interact with the behavior being measured. Finally, the cost of generating
observational data can be quite signiﬁcant in the ﬁeld, at least in comparison to that cost in the lab.
For all these reasons we see lab and ﬁeld experiments as complementary, a persistent theme of Harrison and List [30].
A proper understanding of decision making requires the use of both. While lab experiments are better at generating
internal validity, imposing the controlled conditions necessary for hypothesis testing, ﬁeld experiments are better at
generating external validity, including the natural ﬁeld cues.
We propose a new experimental environment, the virtual experiment, which has the potential of generating both the
internal validity of lab experiments and the external validity of ﬁeld experiments. A VX is an experiment set in a controlled
lab-like environment using either typical lab or ﬁeld participants that generates synthetic ﬁeld cues using virtual reality
technology. The experiment can be taken to typical ﬁeld samples, such as experts in some decision domain, or to typical lab
samples, such as student participants. The VX environment will generate internal validity since it is able to closely mimic
explicit and implicit assumptions of theoretical models, and thus provide tight tests of theory; it is also able to replicate
conditions in past experiments for robustness tests of auxiliary assumptions or empirically generated hypotheses. The VX
environment will generate external validity because observations will be made in an environment with cues mimicking
those occurring in the ﬁeld. In addition, any dynamic scenarios can be presented in a realistic and physically consistent
manner, making the interaction seem natural for the participant. Thus the VX builds a bridge between the lab and the ﬁeld,
allowing the researcher to smoothly go from one to the other and see what features of each change behavior. VX is a
methodological frontier enabling new levels of understanding via integration of laboratory and ﬁeld research in ways
not previously possible. Echoing calls by others for such an integration, we argue that ‘‘research must be conducted in
various settings, ranging from the artiﬁcial laboratory, through the naturalistic laboratory, to the natural environment
itself’’ [34, p. 343].
Two necessary requirements for a successful VX are ‘‘presence’’ and ‘‘coherency.’’ Presence is the degree to which
participants have a sense of ‘‘being there.’’ When participants are present, their sensory inputs are dominated by those
generated in the VR environment. We will use the term ‘‘naturalistic’’ environment for a synthetically generated
environment that induces presence, to contrast it with genuinely natural or artefactual non-synthetic environments.
Compared to textually and pictorially generated descriptions in artefactual environments, VX includes dynamically
generated experiences. For presence to occur it is important that these experiences are physically and scientiﬁcally
coherent. Therefore, a scientiﬁcally accepted model generating the temporal sequence of cues must underlie the VR
environment experienced by the decision maker.
The potential applications for VX are numerous. Apart from simulating actual policy scenarios, such as the wildﬁre
prevention policies investigated here, it can also be used to mimic environments assumed in a number of ﬁeld data
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analyses. For example, popular ways of estimating valuations for environmental goods include the Travel Cost Method
(TCM), the Hedonic Pricing Method (HPM), and the Stated Choice Method (SCM). To mimic TCM the simulation can present
participants with different travel alternatives and observe which ones are chosen under different naturalistic conditions.
To mimic HPM the simulation can present participants with different real estate options and observe purchasing behavior,
or simply observe pricing behavior for alternative options [18]. Finally, to mimic SCM, participants can experience the
different options they are to choose from through naturalistic simulation. For all of these types of scenarios, some of the
most powerful applications of VX will involve continuous representations of dynamically generated effects of policy
changes. Visualizing and experiencing long-term effects correctly should improve short-run decisions with long-run
consequences.
In our application to wildﬁre prevention policies we use actual choices by subjects that bear real economic
consequences from those choices. In this application we present participants with two options: one simply continues the
present ﬁre prevention policies, and the other increases the use of prescribed burns. Participants get to experience two ﬁre
seasons under each policy and are then asked to make a choice between them. The scenario that simulates the continuation
of the present ﬁre prevention policies will realistically generate ﬁres that cause more damage on average and that also vary
substantially in intensity. This option therefore presents the participant with a risky gamble with low expected value (EV).
The alternative option presents a relatively safe gamble with a higher expected value, but there will be a non-stochastic
cost involved in implementing the expansion of prescribed burns. It is possible in VX to set the payoff parameters in such a
way that one can estimate willingness to pay (WTP) for the burn expansion option that is informative to actual ﬁre policy.
These values of WTP could then be compared to those generated through the popular Contingent Valuation Method (CVM)
to test the hypothesis that they should be different. Alternatively, it is possible to manipulate the payoff parameters in such
a way that one estimates parameters of choice models such as risk attitudes, loss aversion, and probability weights. We
estimate structural choice models and compare the responses in VX to those made using more standard representations of
consequences using still pictures.
In summary, we review and illustrate the use of VX as a new tool in environmental economics, with an emphasis on the
methodological issues involved. In Section 2 we introduce VR to economists with lessons for the design of VX. We also
discuss what can be learned by comparing behavior by experts and non-experts in a VX. In Section 3 we review the stateof-the-art in using visualization technologies in applications to environmental economics. Section 4 then presents a case
study in which these techniques are applied to the assessment of the consequences of wildﬁre risks and ﬁre management
options. Section 5 draws conclusions.
2. Virtual environments
2.1. Virtual reality
In a broad sense, a VR is any computer-mediated synthetic world that can be interactively experienced through sensory
stimuli. The range of senses supported nearly always includes sight and very often hearing. Touch, smell, and taste are less
often supported, unless required by the VR system’s application. For example, touch, or haptic feedback, is often provided
when using VR to develop surgical skills, e.g., [14,56].
Experiencing a VR requires that the user has some means to navigate through the virtual world. Although not strictly
required, such experiences typically allow interaction, and not just observation, such that the actions of the user affect the
state of the virtual environment. For all cases of allowed interaction, including navigation, the actions of the user must
result in a response that occurs as quickly as in the physical world. Thus, navigation should be smooth and natural. Where
interaction is allowed, the action of a user must result in a reaction in the virtual world that is appropriate, within the
framework of the virtual world’s model of truth (its physics, whether real or fanciful), and as responsive as interaction
would be with the virtual object’s real world counterpart, if such a counterpart exists.
An immersive VR refers to one that dominates the affected senses. As VR is typically visual, the primary sense of vision is
often dominated by having the user wear a head-mounted display (HMD) or enter a CAVE (a ‘‘box’’ in which the
surrounding visual context is projected onto ﬂat surfaces). The user’s position and orientation are then tracked so that the
visual experience is controlled by normal user movement and gaze direction. This supports a natural means of navigation,
as the real movements of the user are translated into movements within the virtual space.1
The realistic navigation paradigm described above works well within constrained spaces and simple movements, but is
not as appropriate for motions such as rising up for a god’s eye view and then rapidly dropping to the ground for a more
detailed view. There are HMD (see Fig. 1) and CAVE-based solutions here, but such experiences are more often provided
with either a dome screen, illustrated in Fig. 2, or a ﬂat panel used to display the visual scene. Since dome screens and ﬂat
panels are clearly less immersive than HMDs and CAVEs, experiences that are designed for these lower-cost solutions need
1
There is a difference between a Virtual World (VW) that is online and VR environments, although there are many similarities in terms of the
objectives of rendering an environment that is naturalistic in some respects. There have been some extreme statements about the differences between VR
and VW environments by those seeking to promote VW environments, such as Castronova [17, pp. 286–294]. These online worlds can quickly stir the
imagination of experimenters, but pose signiﬁcant problems for implementing critical controls on participants and the environment. Considerable work is
needed before useful and informative experiments can be run in these environments.
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Fig. 1. Head-mounted display.

Fig. 2. A dome screen.

to employ some means to overcome the loss of physical immersion and therefore presence. This is generally done through
artistic conventions that emotionally draw the user into the experience. In effect, the imagination of the user becomes one
of the tools for immersion [59]. This is somewhat akin to the way a compelling book takes over our senses to the point that
we ‘‘jump out of our skins’’ when a real world event occurs that seems to ﬁt in with the imagined world in which we ﬁnd
ourselves. Essentially, a successful VR leads to what is referred to in literature and theater as a ‘‘willing suspension of
disbelief’’ [53].
In the experiment we describe later, experimental participants interact with three-dimensional (3D) simulations using a
mouse, a keyboard, and a large, ﬂat panel monitor.
2.2. Virtual trees, forests, and wild ﬁres
Our case study considers wildﬁre prevention policies, and requires signiﬁcant attention to the modeling of virtual trees,
forests, and ﬁres. A number of methods have been proposed for generating virtual plants with the goal of visual quality
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without relying on botanical knowledge. Oppenheimer [49] used fractals to design self-similar plant models. Bloomenthal
[13] assumed the availability of skeletal tree structures and concentrated on generating tree images using splines and
highly detailed texture maps. Weber and Penn [64] and Aono and Kunii [2] proposed various procedural models. Chiba
et al. [19] utilized particle systems to generate images of forest scenes.
These and other approaches have found their way into commercial products over the last decade. When the degree of
reality that is needed can be provided without uniqueness, and where dynamic changes are limited, virtual forests are
generally created using a limited number of trees, with instances of these trees scaled, rotated, and otherwise manipulated
to give the appearance of uniqueness. For our case study, we have selected a commercial library of trees and its associated
renderer, SpeedTree.2
Computer visualizations of ﬁre and smoke are active areas of research: for example, Balci and Foroosh [7], Adabala and
Hughes [1], Nguyen et al. [47], and Stam [58]. Some of these efforts focus on physical correctness and others on real-time
performance with visually acceptable results. Our goal is the latter since we require the ﬁre to cover a large area, with no
constraints on the point-of-view from which the user views the ﬁre (close-up or far-away, in the air or on the ground). The
need for interactivity drives much of what we do, so long as this goal does not interfere with the primary requirement that
the experience be perceived as realistic.
Our approach to visualization of the ﬁre and its attendant effects of illumination, charring, denuding, and smoke is
centered on computing the illumination of an area. Our lighting model is based on the time-of-arrival of the ﬁre in a given
cell of the area being modeled. The entire area is broken up into 30  30 m2 cells, consistent with the ﬁre spread model we
are using (see Section 4.2). For the terrain appearance, the illumination is determined by a simple Gaussian falloff function.
In effect, we use a normal distribution with its peak at the time-of-arrival. Thus, the terrain starts to light up prior to the
arrival of the ﬁre and retains a glow for a period of the time after the ﬁre leaves. Its brightest red tint occurs when the ﬁre
ﬁrst arrives. This arrival is accompanied by the display of ﬂames, the height of which is determined by the state of the
ﬁre (ground or crown). The burned region is computed in a similar manner, but there is an inverse squared falloff function
determining the darkness of the charred remains.
The illumination of the trees and leaves is done in a manner nearly identical to that of the terrain, but the distance
relative to the ground attenuates the effect of the light from the ﬁre. Depending on whether or not the burn causes a crown
ﬁre determines if the leaves disappear after the burn is complete.
Fire and smoke particles appear if the ground illumination is above a certain threshold. New particles are spawned by
selecting one emitting cell (i.e., a cell on ﬁre) at uniform probability. The list of emitting cells is recomputed at each tick
of simulated time, where an hour is currently partitioned into 300 ticks. Smoke and ﬁre particles have ﬁxed lifetimes of
20 and 3 s, respectively.
The required performance for the above visual effects would be hard to achieve in a purely CPU-based solution, so the
illumination is actually handled using the graphics-processing unit. This means that our implementation requires a
relatively high-end graphics card. At present, we get acceptable performance on an NVIDIA 7900 GT card and good
performance on an NVIDIA 8800 GTX card. Of course, references to hardware performance reﬂect what can be purchased
on readily available systems as of mid-2007.

2.3. VR and expert decision making
A future extension of the methodology of VX is to compare the decisions made by experts and non-experts.
The decision-making process of expert decision makers has been studied by researchers in the ﬁeld of naturalistic decision
making [39,54]. The term ‘‘naturalistic’’ here refers to the desire to study these decision makers in their natural
environment to learn how the decisions depend on naturally occurring cues. Experts are particularly good at making
efﬁcient and accurate decisions in their ﬁeld of expertise under dynamic conditions of time pressure and high stakes.
Crucial elements in such decision making are contextual cues, pattern recognition, and template decision rules. Contextual
cues are critical to this pattern-matching process in which the expert engages in a type of mental simulation. Theories
emerging out of this literature suggest that experts employ forward-thinking mental simulations in order to ensure that the
best option is selected. We hypothesize that the VR environment can be used to generate cues that are sufﬁciently natural
and familiar that decisions will be signiﬁcantly more like those that would be generated in the ﬁeld with sufﬁcient
expertise.
Comparisons of experts and non-experts are important because in many economic policy issues the preferences and
recommendations expressed by these two groups are often in conﬂict. Nevertheless, both provide important inputs into
many policy-making processes. The conﬂict that arises between the two sets of recommendations is at least partially due to
differences in the perceptions of the problem at hand, and we hypothesize that generating experiences through VR may
serve to generate converging perceptions and therefore also recommendations.

2

SpeedTree is a product sold by Interactive Data Visualization, Inc. (http://www.speedtree.com/).
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3. The value-added of VXs
The main use of VX is to generate counterfactual dynamic scenarios with naturalistic ﬁeld cues and scientiﬁc realism.
This contrasts sharply with the standard presentation frames of the mainstay technology of environmental valuation.
The most popular method is the CVM, which presents respondents with textual and pictorial descriptions of hypothetical
counterfactual scenarios. A CVM presents information in a static manner, providing cues that are more artefactual than the
dynamic cues provided in VX. Due to the presentation frame, a CVM is also weaker in terms of scientiﬁc realism, for
the simple reason that such realism is often quite complex and difﬁcult to convey in text form. Further, in VX the
information acquisition process is active rather than passive: the respondent chooses what to view and how to view it by
moving through the environment. In the case of forest ﬁres, for example, respondents can choose whether to view the ﬁre
during a ﬂy-over or by walk-through, from a ‘‘safe’’ distance close to the burning forest.
3.1. Frontier of visualization in environmental valuations
Many environmental valuation techniques provide respondents with some visualization of the choice options.
VX provides a rich extension to such practices by adding dynamic rendering over time, properly constrained by scientiﬁc
theories that predict the future paths, possibly in a stochastic manner.
Bateman et al. [8] and Jude et al. [37] use visualization methods for coastal areas to design hypothetical choice tasks for
the respondent, with two basic designs. In the ﬁrst respondents are shown two-dimensional (2D) photo-realistic static
side-by-side images of ‘‘before and after’’ scenarios. In the second they are shown 3D visualizations, where they can do ﬂyovers of the landscapes but they have lesser realism. The idea in this method is to import geographic information system
(GIS) data for a naturally occurring area, render that area to the respondent in some consistent manner, and then use a
simulation model to generate a counterfactual land use. Fig. 3 shows some of the introductory stimuli presented to their
respondents, to help locate the property on a map, and to have a photographic depiction of the property. Fig. 4 shows the
critical ‘‘before and after’’ comparisons of the property, using their VR rendering technology. The top panel in Fig. 4 shows
the property as it is now, from three perspectives. The bottom panel in Fig. 4 shows the property in the alternative land use,
rendered from the same perspective. In this manner the respondent can be given a range of counterfactual alternatives to
consider. From interviews with coastal management organizers that were presented with these visualizations, Bateman
et al. [8] conclude that VR adds value over traditional methods.
Using VX extends this methodology by allowing participants to manipulate the perspective of the visual information
even further. Participants can wander around the property and examine perspectives that interest them. Some people
like the perspective of a helicopter ride, some like to walk on the ground, and most like to be in control of where
they go.3 It is desirable not to ‘‘force feed’’ participants with pre-ordained perspectives so that they can search and ﬁnd
the cues that are the most valuable to their decision-making process. Of course, this puts a much greater burden
on the underlying VR-rendering technology to be able to accommodate such real-time updates, but this technology is
available (as modern gaming illustrates). To an economist it also raises some interesting questions of statistical
methodology, in which participants self-select the attributes of the choice set to focus on. There is a rich literature
on choice-based sampling, and such methods will be needed for environments that are endogenously explored, e.g., see
[15, Section 14.5].
In fact, such extensions have in part been undertaken. Bishop [10] and Bishop et al. [11] allowed their respondents to
visualize a recreational area in Scotland using 3D rendering, and walk virtually wherever they wanted within that area.
They recorded the attributes of the locations the respondents chose, and then modeled their choices statistically. The
attributes of interest to them, such as how many pixels are in the foreground trees as compared to the background trees,
are not of any interest to environmental economists, and we have our own way of modeling latent choices such as these,
but the methodological contribution is clear. Moreover, these exercises were undertaken as one part of a broader
conception of what we would call a VX; for example, see [12].
One general elicitation problem that is common to many environmental issues is the temporally latent nature of the
impacts of choices made today. One example with particularly long-run consequences would be the simulation of the
effects of failing to mitigate the risk of global warming. Many researchers are providing numerical projections of these
effects, but it has been a standard complaint from advocates of the need for action that people ﬁnd it hard to comprehend
the nature or scope of the possible consequences. If we have access to VR systems that can display forests, for example, and
we have projections from climate change models of the effects of policies on forests, then one can use the VR setting to
‘‘fast forward’’ in a manner that may be more compelling than numbers (even monetary numbers).4 The need for a
simulation model of the economic effects of climate change is stressed in the Stern Review on the Economics of Climate
3
In VR one important distinction made is between egocentric and exocentric views. For our purposes, the egocentric view is most like the walkthrough perspective and the exocentric view is most like the ﬂy-over. These distinctions are explored in order to understand their impact on general
presence in the environment, as well as the impact on performance in a variety of tasks [21].
4
An equally interesting possibility might be to turn the ecological clock backward, allow participants to change past policies, and then run the clock
forward conditional on those policies instead of the ones that were actually adopted. Then the participant can see the world as it is now and compare it to
what it might have been, perhaps with greater salience than some notional future world (however beautifully rendered).
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Fig. 3. Introductory displays from Bateman et al. [8].

Fig. 4. GIS rendering of alternative land used, from Bateman et al. [8].

Change [60, p. 253]. Of course, one positive side-beneﬁt of undertaking this activity properly would be a reﬂection of the
uncertainty over those future predictions.
Finally, the immersive capacity of a full-scale VX is much greater than that in any of these studies, especially if dome
screens or HMDs are used. Since the immersive capacity depends crucially on the synchronization of the actions by
the participant and the response of the simulation, the amount of real-time updating that is required can be quite large.
This requirement increases substantially with the amount of endogenous changes that the environment is undergoing in
real time. Fast computers and high-end graphics cards will be essential for these exercises, but the rapidly increasing power
of commodity processors and graphics cards makes this cost less important over time, as the performance of today’s highend machines becomes the standard for next year’s entry level systems.
The potential value-added of including VR in the information given to participants is clear. Nevertheless, many problems
that are present in traditional valuation exercises are not resolved by the use of VR, and in some cases, responses may
become even more sensitive to the presence of these problems. We discuss some of these issues next.

Author's personal copy
ARTICLE IN PRESS
72

S.M. Fiore et al. / Journal of Environmental Economics and Management 57 (2009) 65–86

3.2. Scenario rejection: the ‘‘R’’ in VR
For some valuation scenarios the counterfactuals may produce perceptually similar consequences. In order to generate
greater statistical power, researchers may then simulate physical or economic changes that are not consistent with
scientiﬁc predictions. That is, the counterfactual scenarios may not make sense from a physical and economic perspective.
Violating such constraints, however, can lead participants to ‘‘scenario rejection.’’5 This problem is bound to be especially
severe in situations with which the participant is familiar, such as when expert decision makers are put into VR
simulations. Underlying the rendering of the visual cues there must therefore be a scientiﬁcally consistent simulation
model: in effect, putting the ‘‘R’’ into VR.
Another reason for ‘‘scenario rejection’’ may be an inappropriate, or vaguely stated, choice process. This is not a problem
speciﬁc to the VR setting but occurs for all valuation instruments. We can imagine the participant asking himself: Why am I
being asked to choose between these two options? Is this a referendum vote? If so, am I the pivotal voter? Or am I the King
(it is good to be King), who gets to say what the land use will be no matter what others think? Every one of these questions
needs some answer for the responses to be interpretable [29]. In addition, it is important to remove auxiliary motivations
for speciﬁc answers, such as moral approval by the experimenter. Carson et al. [16] and Krosnick et al. [40] report on a
replication and extension of an earlier Exxon Valdez oil spill survey. They ﬁnd that, when the response format is completely
anonymous in the sense that it is clear the experimenter cannot identify the response of any individual, the vote in favor of
the policy proposal presented drops by a signiﬁcant amount. Speciﬁcally, they considered naturalistic features of the voting
environment in America, in which respondents were given a voting box to place their private vote, and had the option of
simply not voting. The interaction of these treatments had a dramatic effect on willingness to vote for the referendum, such
that the implied valuation for the Exxon Valdez clean-up policy plummeted [27]. One could readily imagine such referenda
occurring in Second Life. The general point is that such naturalistic features of a task environment are exactly the sorts of
things that VR can handle well, and make the environment less artefactual. Speciﬁcally, since the counterfactual scenarios
can be fully played out, a VX provides the opportunity to use real consequences as a way to make the choice process salient.

4. Application: evaluating the risks of wildﬁres
The policy context we consider as an application of VXs is the assessment of how individuals evaluate the risks and
consequences of forest ﬁre. Recent policy of the US Forest Service has been to undertake prescribed burns as a way of
reducing the ‘‘fuel’’ that allows uncontrolled ﬁres to become dangerous and difﬁcult to contain, although there has been
considerable variation in policy toward controlling wildﬁre over the decades [51]. Additionally, many private citizens
and local communities undertake such prescribed burns for the same purpose. The beneﬁt of a prescribed burn is the
signiﬁcant reduction in the risk of a catastrophic ﬁre; the costs are the annoyance that smoke causes to the local
population, along with the potential health risks, the scarring of the immediate forest environment for several years, and
the low risk of the burn becoming uncontrolled. So the policy decision to proceed with a prescribed burn is one that
involves balancing uncertain beneﬁts against uncertain costs. These decisions are often made by individuals and groups
with varying levels of expertise and inputs, often pitting political, scientiﬁc, aesthetic, and moral views against each other.
Decisions about prescribed burns are not typically made directly by residents. Ultimately, however, residents exert
signiﬁcant inﬂuence on the policy outcome through the political process. The use of prescribed burns as a forest
management tool is extremely controversial politically, and for understandable reasons.6 Many homeowners oppose
prescribed burns if they are too close to their residences, since it involves some risk of unplanned damage and ruins the
aesthetics of the area for several years. Conversely, other residents want such burns to occur because of the longer-term
beneﬁts of increased safety from catastrophic loss, which they are willing to balance against the small chance of localized
loss if the burn becomes uncontrolled. And there are choices to be made about precisely where the burns should go, which
can have obvious consequences for residents and wildlife. Thus, the tradeoffs underlying household decisions on whether
to support prescribed burns involve their risk preferences, the way they trade-off short-term costs with long-term gains,
their perception of the risks and aesthetic consequences of the burns, and their view of the moral consequences of animal
life lost in human-prescribed burns versus the potentially larger losses in uncontrolled ﬁres.
The policy context of this application has most of the characteristics that one ﬁnds in other environmental policy
settings. The standard economic model of decision making, Expected Utility Theory (EUT), suggests that decisions are
5
This term is an unfortunate shorthand for situations in which the participant views the scenario presented in an instrument as incredible for some
reason, and hence rejects the instrument. There is an important semantic problem, though. If ‘‘incredible’’ just means ‘‘with 0 probability,’’ then that is
something that deserves study and can still lead to rational responses. There is nothing about a zero probability that causes expected utility theory to be
invalid at a formal level. But from an experimental or survey perspective, the term refers to the instrument itself being rejected, so that one does not know
if the participant has processed the information in it or not. This semantic issue is important for our methodology, since we are trying to mitigate scenario
rejection in artefactual instruments. Hence we do not want to view it as an all or nothing response, as it is in some literature in environmental valuation
using surveys.
6
The notion of a ‘‘prescribed burn’’ also includes allowing a naturally occurring ﬁre to spread but in a controlled manner. Some of the most
controversial wildﬁres have resulted from such ﬁres not being subject to a clear plan for control before the ﬁre began. Two particularly well-known ﬁres
that got out of control have given prescribed burns a bad name in some circles: the 1998 Yellowstone ﬁre and the 2000 Los Alamos ﬁre.
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determined by the subjective valuation of each possible outcome, perceptions of the value of outcomes over time as well as
their subjective discounted values, perceptions of the extent and distribution of the risk, and subjective risk preferences.
As discussed earlier, NDM has shown that experts employ contextual cues, pattern recognition, and template decision rules
in a very efﬁcient manner, engaging in forward-thinking mental simulations to choose the best option. We conjecture that
non-experts may learn how to judge risks through synthetic experiences using VR similar to the real experiences of experts.
4.1. Representation as a policy lottery
Forest ﬁre management options such as a prescribed burn can be viewed as choices with uncertain outcomes. In the
language of economists these options are ‘‘lotteries’’ or ‘‘prospects’’ that represent a range of ﬁnal outcomes, each with
some probability, and hence can be viewed as a policy lottery. One outcome in this instance might be ‘‘my cabin will not
burn down in the next 5 years’’ or ‘‘my cabin will burn down in the next 5 years.’’ Many more outcomes are obviously
possible: these are just examples to illustrate concepts. Contrary to decisions involving actual lottery tickets, a policy
lottery has outcomes and probability distributions that are not completely known to the agent. We therefore expect the
choices to be affected by individual differences not just in risk preferences, but also in risk perceptions.
The canonical laboratory choice task that experimental economists use to identify risk preferences in a setting like this
is to present individuals with simple binary choices. One choice option might be a ‘‘safe’’ lottery that offers outcomes
that are close to each other but different: for example, $16 and $20. Another choice option would then be a ‘‘risky’’ lottery
that offers outcomes that are more extreme: for example, $1 or $38.50. If each outcome in each lottery has a 12 chance
of occurring, and the decision maker is to be paid off from a single realization of the lottery chosen, then one cannot say
which is the better choice without knowing the risk preferences of the decision maker. In this example a risk-neutral
individual would pick the risky lottery, since the EV is $19.75, compared to the EV of $18 for the safe lottery. So someone
observed picking the safe lottery might just be averse to risk, such that the expected increment in value of $1.75 from
picking the risky lottery is not enough to compensate for the chance of having such a wide range of possible outcomes.
A risk-averse person is not averse to having $38.50 over $1, but just to the uncertain prospect of having one or the other
prior to the uncertainty being realized.
Armed with a sufﬁcient number of these canonical choice tasks, where the ﬁnal outcomes are monetary payments and
the probabilities are known, economists can estimate the parameters of alternative latent choice models. These models
generally rely on parametric functional forms for key components, but there is now a wide range of those functional forms
and a fair understanding of how they affect inferences (e.g., see [32] for a review). Thus one can observe choices and
determine if the individual is behaving as if risk neutral, risk averse, or risk loving in this situation. And one can further
identify what component of the decision-making process is driving these risk preferences: the manner in which ﬁnal
outcomes are valued by the individual, and/or the manner in which probabilities are transformed into decision weights.
There remains some controversy in this area, but the alternative approaches are now well established.
Our research may be viewed as considering the manner in which the lottery is presented to respondents, and hence
whether that has any effect on the way in which they, in turn, perceive and evaluate it. Outcomes in naturally occurring
environments are rarely as crisp as ‘‘you get $20 today,’’ and the probability of any single outcome is rarely as simple and
discrete as 12, 13, 14, or 18.
One difﬁculty with using more natural counterparts to prizes or probabilities is that control is lost over the underlying
stimuli, with consequent loss of internal validity. This makes it hard, or impossible, to identify and estimate latent choice
models. The advantage of VX is that one can smoothly go where no lab experiment has gone before: while using stimuli
that are more natural to the participant and the context, the experimenter has complete control over the actual
probabilities and outcomes.
4.2. Affecting perceived probabilities
One of the things that is immediately apparent when working with VR, but unexpected to outsiders, is the ‘‘R’’ part.
Mimicking nature is not a matter left solely to the imagination. When a participant is viewing some scene, it is quite easy to
generate images in a manner that appears unusual and artefactual. That can occasionally work to one’s advantage, as any
artist knows, but it can also mean that one has to work hard to ground the simulation in certain ways. At one affectual level
there might be a concern with ‘‘photo-realism,’’ the extent to which the images look as if they were generated
by photographs of the naturally occurring environment, or whether there is rustling of trees in the wind if one is rendering
a forest.
We utilize software components that undertake some of these tasks for us. In the case of trees and forests, a critical part
of our application, we presently use SpeedTree to undertake most of the rendering. This commercial package requires that
one specify the tree species (including miscellaneous weeds), the dimensions of the tree, the density of the trees in a forest,
the contour structure of the forest terrain, the prevailing wind velocity, the season, and a number of other characteristics of
the forest environment. We discuss how this is done in a moment. This package is widely used in many games, including
Tiger Woods PGA Tour, Call of Duty 3, and of course numerous fantasy games. The forest scene in Fig. 5 illustrates the
capabilities we needed for a walk-through, and is from the game The Elder Scrolls IV: Oblivion. The image that is rendered
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Fig. 5. SpeedTree rendering from The Elder Scrolls IV: Oblivion.

Fig. 6. Rendering of a forest from a distance.

allows for real-time updating as the participant moves through the forest, and handles light and shade particularly well
from this walking perspective. As the participant gets closer to a speciﬁc tree, it renders that in greater detail as needed.
One can also take a helicopter tour of a forest. Figs. 6 and 7 were each produced by our software that uses SpeedTree as
its underlying renderer. These are each scenes from the same forest used in our application, ﬁrst from a distance, and then
close-up. Fig. 6 displays many thousands of trees, but is based on a virtual forest covering 18.8 square miles and over 112
million trees and shrubs. So the helicopter could travel some distance without falling off the end of this virtual earth. Fig. 7
is a close-up of the same forest. The point is that this is the same forest, just seen from two different perspectives, and the
‘‘unseen forest’’ would be rendered in a consistent manner if the user chose to go there.
This last point is not trivial. There is one underlying computer representation of the entire forest, and then the
‘‘window’’ that the participant looks at is rendered as needed. In the case of the sample forest shown in Figs. 6 and 7, the
rest of the forest is rather boring and repetitive unless you are a squirrel, but one can add numerous variations in
vegetation, topography, landmarks, and so forth. All of these factors may play important roles in determining the dynamics
of the VR experience.
To add such factors and their effects on the evolution of the scenarios, one links a separate simulation software package
to the graphical rendering software that displays the evolution of a landscape. Since we are interested in forest ﬁres, and
how they spread, we can use one of several simulation programs used by professional ﬁre managers. There are actually
many that are available, for different ﬁre management purposes. We wanted to be able to track the path of a wildﬁre in real
time, given GIS inputs on vegetation cover, topography, weather conditions, points of ignition, and so on. Thus, the model
has to be able to keep track of the factors causing ﬁres to accelerate, such as variations in slope, wind or vegetation, as well
as differences between surface ﬁres, crown ﬁres, and the effects of likely ‘‘spotting’’ (when small blobs of ﬁre jump
discretely, due to the effects of wind or ﬂeeing animals).
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Fig. 7. Rendering of the same forest close-up.

Fig. 8. GIS input layers for FARSITE simulation of path of a ﬁre.

For our purposes the FARSITE software due to Finney [23] is ideal. It imports GIS information for a given area and then
tracks the real-time spread of a ﬁre ignited at some coordinate, say by lightning or arson. Fig. 8 shows the GIS layers needed
to deﬁne a FARSITE simulation. Some of these, such as elevation and slope, are readily obtained for most areas of the United
States. The ‘‘fuel model’’ and vegetation information (the last four layers) are the most difﬁcult to specify. Vegetation
information can be obtained for some sites, although it should ideally be calibrated for changes since the original survey.7
The fuel model deﬁnes more precisely the type of vegetation that is present at the location. The most recent tabulation of
40 fuel models is documented by Scott and Burgan [55]. One formal type of vegetation is water, for example, which does
not burn. One of the other fuel models is shown in Fig. 9; photographs help one identify what is described, and then the
fuel model implies certain characteristics about the speed with which a simulated ﬁre burns and spreads. In this case we
have an example of the type of fuel load that might be expected the year after hurricanes had blown down signiﬁcant forest
growth, a serious problem for the wildﬁre cycle in Florida.
The output from a typical FARSITE simulation is illustrated in Fig. 10.8 The ﬁre is assumed to be ignited at the point
indicated, and the path of the ﬁre as of a certain time period is shown. The output from this simulation consists of a series
of snapshots at points in time deﬁning what the location and intensity of the ﬁre is. We can take that output and use it for
detailed visual rendering of the ﬁre as it burns. The output from FARSITE is information on the spread of the forest ﬁre, but
7
This is an important feature of the data underlying the Florida Fire Risk Assessment System of the Division of Forestry of the Florida Department of
Agriculture & Consumer Affairs, documented at http://www.ﬂ-dof.com/wildﬁre/wf_fras.html.
8
This is an image taken from a GIS layer for Ashley National Forest, Utah, which is the geographic area that we simulate in the lab experiments
reported here.
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Fig. 9. Illustrative fuel load model from Scott and Burgan [55].

Fig. 10. Illustrative FARSITE simulation.

our rendering also uses the inputs to FARSITE to ‘‘set the stage’’ in a manner that is consistent with the assumptions used in
FARSITE. For example, we use the same topography and wind conditions as assumed in FARSITE. Thus the underlying
numerical simulation of the path and severity of the ﬁre are consistent with the visual rendering to the decision maker.
We can then take that output and render images of the forest as it burns. Using SpeedTree as the basic rendering module,
we have adapted its software for our needs. This has included the incorporation of other landscape components, smoke,
ﬁre, and the effects that ﬁre has on the appearance of the forest, both in altering illumination and causing damage.
The images in Fig. 11 display the evolution of a wildﬁre, initially from a distance, then close-up, and ﬁnally after the front of
the ﬁre has passed. These images have been generated using SpeedTree and our own programming, based on the simulated
path of the ﬁre from FARSITE, conditional on the landscape. Thus we have simulated a GIS-consistent virtual forest, with a
ﬁre spreading through it in a manner that is consistent with one of the best models of ﬁre dynamics that is widely used by
ﬁre management professionals, and then rendered it in a naturalistic manner. The participant is free to view the ﬁre from
any perspective, and we can track that; or we can force feed a series of perspectives chosen beforehand, to study the effect
of allowing endogenous information accumulation.
The static images in Fig. 11 are actually snapshots of an animation that plays out in real time for the participant. This
dynamic feature of the evolution of the ﬁre is one reason that a model such as FARSITE is needed, since it computes the path
and intensity of the ﬁre, given the conditions of the environment. The dynamic feature also adds to the experience that the
participant has, in ways that can again be studied orthogonally in a VX design. In other words, it is a relatively simple
matter to study the effects of presenting static images versus a dynamic animation on behavioral responses.
4.3. The virtual experimental task
We now have all of the building blocks to put together the task that will be given to participants in our VX. The logic
of the instrument we have developed can be reviewed to see how the building blocks ﬁt together. We focus on our
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Fig. 11. Authors’ rendering of simulated forest ﬁre.

value-added from a methodological perspective, building on existing contingent valuation surveys of closely related
matters due to Loomis et al. [43,44]. The experimental design involves a control experiment in which we present subjects
with a VR simulation of ﬁres in the Ashley National Forest, Utah, and ask them to make choices with consequences in that
VR environment. We then consider two treatments. One is a traditional ‘‘CVM-like’’ counterpart, in which the instructions
and choices are the same but we do not provide the VR simulations to the subject. Instead we show them two 2D images
from the simulated ﬁres. The idea behind this treatment is to evaluate the effect of the VR simulation experience; we refer
to this as the 2-picture treatment. The other treatment is also a still-image counterpart to our control, but here we provide
a series of 2D images showing the spread of the ﬁre over time from the VR simulation. In this way we can see the pure
effect of immersion in the VR environment, as distinct from the information provided by just seeing static time-shot images
from that environment. We refer to this second treatment as the 52-picture treatment, and it is akin to an extended CVM.
We discuss the control VR treatment ﬁrst, and then the differences in the 2-picture and 52-picture treatments. We
emphasize that the reference to CVM here is only with respect to how information is provided to the participants. All of the
treatments involve actual choices with monetary consequences that are paid out.
4.3.1. The control VR experiment
The initial text of the instrument is standard to CVM investigations, in the sense of explaining the environmental and
policy context, the design of forest ﬁre management in Florida.9 We explain the risks from wildﬁres, as well as the
opportunity cost of public funds allocated to prescribed burns already. The participant is introduced to a policy option
of expanding the prescribed burn policy from 4% to 6% of the forest area. Typical damages from the devastating 1998
wildﬁres in Florida are explained, and represented as roughly $59,000 per lost home. Other damages are discussed, such as
lost timber, health costs, and lost tourist income.
9
The policy motivation is based on Central Florida wildﬁres to make it relevant to the participants, who are all students at the University of Central
Florida. All our instructions are available at the ExLab Digital Archive http://exlab.bus.ucf.edu.
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Fig. 12. Representation of risk provided to participants.

We then speciﬁcally introduce prescribed burning as a ﬁre management tool that can reduce the frequency and severity
of ﬁres. The idea of VR computer simulation is introduced, with explanations that the predicted path depends on things
such as topography, weather, vegetation, and ignition points. Participants are made familiar with the idea that ﬁres and ﬁre
damages are stochastic and can be described through frequency distributions. The distributions that are presented to them
are generated through Monte Carlo simulations using the FARSITE model, as described earlier. The participants then
experience four dynamic VR simulations of speciﬁc wildﬁres, two for each of the cases with and without previous
prescribed burns, rendered from the information supplied by FARSITE simulations that vary weather and fuel conditions.
We selected these simulations to represent high and low risk of ﬁre damage, and the participants are told this.
Participants are told that the VR simulations are based on Ashley National Forest in Utah, and that they have a property
in this area. The simulated area is subject to wildﬁre, and they must make a decision whether to pay for an enhanced
prescribed burn policy or not, which would reduce the risk that their property would burn. The information about risks to
their property that participants receive is threefold.
First, they are told that the background uncertainties are generated by (a) temperature and humidity, (b) fuel moisture,
(c) wind speed, (d) duration of the ﬁre, and (c) the location of the ignition point. They are also told that these uncertainties
are binary for all but the last, which is ternary; hence that there are 48 background scenarios. They are also told the speciﬁc
values for these conditions that are employed (e.g., low wind speed is 1 mph, and high wind speed is 5 mph). And it is
explained that these background factors will affect the wildﬁre using a computer simulation model developed by the US
Forest Service to predict the spread of wildﬁre. Thus participants could use this information, and their own sense of how
these factors play into wildﬁre severity, to form some probability judgments about the risk to their property. We fully
appreciate that only ﬁre experts would likely have the ability to translate such information into relatively crisp
probabilities. But the objective is to provide information in a natural manner, akin to what would be experienced in the
actual policy-relevant choice, even if that information does not directly ‘‘tell’’ the participant the probabilities.
Second, the participant is shown some histograms displaying the distribution of acreage in Ashley National Forest that is
burnt across the 48 scenarios. Fig. 12 shows the histograms presented to participants. The instructions provided larger
versions, and explained slowly how to read these graphs. The scaling on the vertical axis is deliberately in terms of natural
frequencies deﬁned over the 48 possible outcomes, and the scaling of the axes of the two histograms is identical to aid
comparability. The qualitative effect of the enhanced prescribed burn policy is clear—to reduce the risk of severe wildﬁres.
Of course, the information here is about the risk of the entire area burning, and not the risk of their personal property
burning, and that is pointed out clearly in the instructions.
Third, they are allowed to experience several of these scenarios in a VR environment that renders the landscape and ﬁre
as naturally as possible. We provide some initial training in navigating in the environment, which for this software is
essentially the same as in any so-called ‘‘ﬁrst person shooter’’ video game. The mouse is used to change perspective
and certain keys are designated for forward, backward, and sideward movements. All participants in the VR treatment, and
many of those in the other ones, had experience in playing video games; so navigation was not an issue for them.
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Participants are then presented with the four scenarios and are then free to explore the environment, the path of the ﬁre,
and the fate of their property during each of these. Apart from the ability to move across space, participants also had the
option of moving back or forth in time within each ﬁre scenario.
Finally, participants are introduced to the choice problem they face. In order to make the choice salient, we pay them
according to damages to their personal property, which is simulated as a log cabin at the edge of the forest. They are given a
credit of $80 and if their cabin burns, they lose $59 (which is simply scaled down from the $59,000 value of an average
home lost to ﬁre in Florida). They have the option of paying for an enhanced prescribed burn policy, which would reduce
the risk of their property burning, but it would cost them some money up front—non-refundable in the event that their
property does not burn, of course. We presented the participant with an array of 10 possible costs for the policy, between
$2 and $20 dollars in increments of $2, all in payment for the same prescribed burn program. In each case the participant
was asked to simply say ‘‘yes’’ or ‘‘no’’ as to whether they wanted to contribute to the policy at that cost. This elicitation
procedure is recognized in the experimental economics literature as a multiple price list (MPL) [3–5], and is well known to
environmental economists from contingent valuation surveys [46, p. 100, fn. 14]. The participant was told that one of these
costs would be selected at random, using a 10-sided dice, and if prescribed burn had been selected for that cost it would be
put in place, otherwise not. After the cost was selected at random, the participant was told that we would then select each
of the background factors using the roll of a die for each factor, so that one of the 48 background scenarios would be
selected with equal probability. Thus the participant’s choices, plus the uncertainty over the background factors affecting
the severity of a ﬁre conditional on the chosen policy, would determine ﬁnal earnings.
These choice data can be analyzed as data from an MPL of discrete pairwise lottery options, except that the subjective
probabilities are not known; instead they are estimated. For comparison, panel A of Table 1 displays the payoff matrix in a
conventional instrument for eliciting risk attitudes, and is a scaling by a factor of 10 of the baseline instrument used by Holt
and Laury [35]. The participant picks option A or B in each row, and one row is selected at random to be played out in
accord with these choices. A risk-neutral participant would select the safe option A until row 5, and then switch to the risky
option B, as can be seen from the expected value information on the right of the table. A risk-averse (risk-loving) participant
would switch from option A after (before) row 5.
Panel B of Table 1 shows the comparable payoff matrix that is implied by our VX instrument, assuming that the
participant accurately infers the true probabilities of his own property burning. Of course, these are implied payoffs, and
the participant does not get to see a decision sheet in this artefactual manner: that is actually the whole point of the VX
exercise.
In panel B of Table 1 we see that the true probabilities of the cabin burning are 0.06 if there is an enhanced prescribed
burn policy in effect, and 0.29 if the participant chooses not to pay for policy.
4.3.2. The 2-picture and 52-picture treatments
The 2-picture treatment replaced the four VR simulations with two static pictures taken from the simulations. One is a
ﬂy-over picture taken from the simulation that generates the widest ﬁre spread, burning 65% of Ashley National Forest,
based on a simulation where no prescribed burn has been used to manage the forest. The other is a ﬂy-over from the
simulation that generates the smallest ﬁre spread, burning 1% of the forest, based on a simulation where prescribed burn
has been used to manage the forest. Each picture has an explanatory text. For example, for the ﬁrst picture the text is: ‘‘This
is an example of a wildﬁre in an area that has not been prescribed burned. The weather conditions are severe, the
vegetation has low moisture content and wind speed is high. About 65% of the Ashley Forest burned in this ﬁre. The house
burnt.’’ The text for the second picture is: ‘‘This is an example of a wildﬁre in an area that has been prescribed burned. The
weather conditions are benign, the vegetation has high moisture content and wind speed is low. A little over 1% of Ashley
forest burned. The house did not burn.’’ The display was akin to the type of 2D graphic art rendering that one might ﬁnd on
a reasonably sophisticated CVM instrument. No information was provided about the temporal or geographic path of the
wildﬁre.
The 52-picture treatment augmented the 2-picture instrument with several more static 2D images from the VR
environment. The difference is that these images provided ‘‘snapshots’’ of the dynamic path and intensity of the wildﬁre.
The same two extreme scenarios were employed here as in the 2-picture treatment. Images from a ﬂy-over and images
close-up to the ﬁre, to provide more detailed rendering of the intensity of the ﬁre and nearby vegetation and terrain, were
displayed side-by-side taken at time intervals 5 min and 2.5, 5, 10, 15, 20, and 24 h after the ignition of the ﬁre. In addition a
picture of the cabin at the end of the simulation, either burnt or not as the case may be, was included. For the ﬁrst scenario
each subject was also told that the cabin burnt after 6.5 h.
Detailed instructions for each treatment are available in an appendix (available on request).
4.3.3. Additional tasks and survey questions
Since the choice between expanding the prescribed burn program or not depends on each participant’s risk attitude as
well as risk perception, we also give them a standard lottery task after they are ﬁnished with the ﬁre policy. This task is
used to elicit the risk attitudes of subjects. The lottery choices we offer are those presented in panel A of Table 1, although
participants are not given the information on the EVs. Participants are paid for both of these tasks in cash at the end of the
experiment.
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Table 1
Explicit and implicit payoff matrices in experimental tasks..
Lottery A
p($20)

Lottery B
p($16)

A. The risk aversion instrument [35]
0.1
$20
0.9
0.2
$20
0.8
0.3
$20
0.7
0.4
$20
0.6
0.5
$20
0.5
0.6
$20
0.4
0.7
$20
0.3
0.8
$20
0.2
0.9
$20
0.1
1
$20
0
Lottery A
p(safe)

p($38.50)

$16
$16
$16
$16
$16
$16
$16
$16
$16
$16

0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1

p($1.00)

$38.50
$38.50
$38.50
$38.50
$38.50
$38.50
$38.50
$38.50
$38.50
$38.50

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

$1.00
$1.00
$1.00
$1.00
$1.00
$1.00
$1.00
$1.00
$1.00
$1.00

EVA

EVB

Difference

$16.40
$16.80
$17.20
$17.60
$18.00
$18.40
$18.80
$19.20
$19.60
$20

$4.80
$8.50
$12.30
$16.00
$19.80
$23.75
$27.30
$31.00
$34.80
$38.50

$11.70
$8.30
$4.90
$1.60
$1.70
$5.10
$8.40
$11.80
$15.20
$18.50

EVA

EVB

Difference

$74.31
$72.31
$70.31
$68.31
$66.31
$64.31
$62.31
$60.31
$58.31
$56.31

$62.79
$62.79
$62.79
$62.79
$62.79
$62.79
$62.79
$62.79
$62.79
$62.79

$11.52
$9.52
$7.52
$5.52
$3.52
$1.52
$0.48
$2.48
$4.48
$6.48

Lottery B
p(burn)

p(safe)

B. The implied forest ﬁre instrument assuming true beliefs
0.94
$78
0.06
$19
0.71
0.94
$76
0.06
$17
0.71
0.94
$74
0.06
$15
0.71
0.94
$72
0.06
$13
0.71
0.94
$70
0.06
$11
0.71
0.94
$68
0.06
$9
0.71
0.94
$66
0.06
$7
0.71
0.94
$64
0.06
$5
0.71
0.94
$62
0.06
$3
0.71
0.94
$60
0.06
$1
0.71

p(burn)

$80
$80
$80
$80
$80
$80
$80
$80
$80
$80

0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29
0.29

$21
$21
$21
$21
$21
$21
$21
$21
$21
$21

In order to conduct a preliminary assessment of the user experience with the virtual environment we also collected
subjective data on perceptions of presence. In VR research the concept of presence is used to assess the degree to which the
artiﬁcial environment engages participants’ senses, while capturing attention and supporting an active involvement on the
part of the user [36,66,67]. Research in this area has sought to understand how the virtual environment mediates
this experience through factors such as the ﬁdelity of the presented world, the task executed in the environment, and the
interactions required by the task. Concepts such as involvement and immersion are additionally used to capture the degree
to which the user’s experience is altered by the VR environment. Involvement has to do with user attention on the
presented stimuli, and immersion describes ‘‘a psychological state characterized by perceiving oneself to be enveloped by,
included in, and interacting with an environment that provides a continuous stream of stimuli and experiences.’’ [66,
p. 299]. For our initial assessment, we used 23 appropriate tasks from a 32-item questionnaire reported in [66].10 Using
principal-components analysis, they found a best ﬁt with a four-factor model consisting of Involvement, Adaptation/
Immersion, Sensory Fidelity, and Interface Quality. An appendix (available on request) lists the factors and the
corresponding questions used to identify the factor.
We also ask some questions about prior exposure to VR simulations via video games. We suspect that such experience
inﬂuences the ease with which a user navigates the environment, and that this has consequences for the extent to which
participants feel a sense of presence. In addition we have observations on the time that the participant uses in the paid
navigation test as a measure of the ease of navigation.

4.4. Results
We report ﬁndings from a laboratory experiment undertaken using GIS data from the Ashley National Forest in Utah.
Our participants were recruited from the student population of the University of Central Florida. The complete session
consisted of (a) the wildﬁre policy task described above; (b) a traditional risk aversion instrument in the form of a lottery
choice; and (c) a demographic survey and the Presence and game experience questionnaires. The purpose of the traditional
risk aversion task was to provide independent estimates of risk attitudes, so that we could draw inferences in the main wild
ﬁre task about beliefs without the two being confounded. That is, we assume for the purposes of identiﬁcation that the risk
attitudes used in the two tasks are the same, and then draw inferences about the interaction of beliefs and risk attitudes in
the wildﬁre task. The same logic of combining experimental tasks has been used elsewhere to draw inferences about the
10

We did not include items that referred to auditory and other sensory experiences since they were not part of our VR environment.
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Fig. 13. Distribution of willingness to pay for prescribed burn.

discount rate deﬁned over the present value of utility streams, and is becoming common in behavioral econometrics,
e.g., see [6].
We recruited a total of 45 subjects, and each participated in the session individually. Our design involved 15 subjects
participating solely in the VR control, 17 subjects participating in the 2-picture treatment and then the 52-picture
treatment, and 13 subjects participating in the 52-picture treatment and then the VR control. Thus we have 28 subjects in
the VR control overall, 17 subjects in the 2-picture treatment, and 30 in the 52-picture treatment. There are 75 sets of
observations (45 from the participant’s ﬁrst set of choices, and 30 from their second set of choices, when the treatments
included two sets). We check for order effects in our statistical analysis. Each set of observations consists of choices for the
10 rows in the MPL for prescribed burns. Average earnings in each session were $90.68, including a $5 show-up fee.
The average earning for the main prescribed burn choice was $62.71, with a standard deviation of $22.32. Each session
lasted roughly 1 h.
Fig. 13 displays kernel densities of the raw responses in our main task, in the form of the maximum willingness to pay
for the prescribed burn option. The maximum WTP is simply the switch point in the MPL table, assuming that subjects
choose to have prescribed burn on the lower rows with lower WTP, but switch to no prescribed burn at some higher WTP.
These results suggest some differences between the VR control and the two treatments, with WTP being lower in the VR
setting. The two CVM treatments, 2-pictures and 52-pictures, appear to generate the same WTP. On the other hand, these
raw results might be confounded. First, it is possible that risk aversion is smaller in the VR sample, so that the lower WTP is
simply due to their greater reluctance to reduce the risk by paying for the prescribed burn. Or perhaps the VR environment
led the subjects to have lower subjective probabilities about the chances of a wildﬁre affecting their virtual cabin. The same
confounds also suggest that the apparent similarity of responses under the two CVM treatments (2-pictures and
52-pictures) might be illusory, and might reﬂect differences in the perceived probabilities that are roughly offset by
differences in risk attitudes.
For these reasons, inferences about the effects of the treatments require structural estimation of a latent model of
behavior, to allow us to make inferences about the effect of the treatments on perceived probabilities. The general
econometric methods employed here are explained in detail in Harrison and Rutström [32], and the particular application
to estimate subjective beliefs is explained in detail in [3]. For pedagogic reasons we begin by writing out the model to be
estimated under the assumption that we are dealing only with choice tasks in which the probabilities of outcomes are
known, as in our risk aversion task from Holt and Laury [35]. Then we describe the extension to estimate subjective
probabilities since these are not given in our prescribed burn choice task.
4.4.1. Estimating risk attitudes with known probabilities
We assume a CRRA utility function11 deﬁned over lottery prizes y as
UðyÞ ¼ ðy1r Þ=ð1  rÞ

(4.1)

where r is the CRRA coefﬁcient and yX0. With this speciﬁcation, and for yX0, r ¼ 0 denotes risk neutral behavior, r40
denotes risk aversion, and ro0 denotes risk loving. All arguments of utility are deﬁned as the gross earnings from each bet,
as deﬁned in Table 1, so they are non-negative.
11
This is simply a convenience assumption since it is a popular and tractable functional form. Other functional forms could easily be incorporated in
this type of analysis.
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The utility function (4.1) can be estimated using maximum likelihood and a latent structural model of choice, such as
EUT. Let there be K possible outcomes in a lottery; in our lottery choice task K ¼ 2. Under EUT the probabilities for each
outcome k in the lottery choice task, pk, are those that are induced by the experimenter, so expected utility is simply the
probability-weighted sum of the utility of each outcome in each lottery i:
EUi ¼ Sk¼1;K ½pk uk 

(4.2)

The EU for each lottery pair is calculated for a candidate estimate of r, and the index

r EU ¼ EUB  EUA

(4.3)

calculated, where EUA is the safer lottery and EUB is the riskier lottery. Indifference was not a choice option in these
experiments. The index (4.3), based on latent preferences, is then linked to the observed choices using a standard
cumulative normal distribution function F(  ). This ‘‘probit’’ function takes any argument between 7N and transforms it
into a number between 0 and 1. The agent chooses lottery B if r EU+e40, where e is a normally distributed error term with
mean zero and variance s2. Thus we have the probit link function, showing the probability that B is chosen, as
probðchoose lottery BÞ ¼ pðr EU þ 40Þ ¼ pð=s4  r EU=sÞ ¼ Fðr EU=sÞ

(4.4)

The latent index deﬁned by (4.3) is linked to the observed choices by specifying that the B lottery is chosen when r EU412,
which is implied by (4.4).
Thus the likelihood of the observed responses, conditional on the EUT and CRRA speciﬁcations being true, depends on
the estimates of r given the above statistical speciﬁcation and the observed choices. The log likelihood is then
ln Lðr; y; XÞ ¼ Si ½ðln Fðr EUÞIðyi ¼ 1ÞÞ þ ðln Fð1  r EUÞIðyi ¼ 1ÞÞ

(4.5)

where yi ¼ 1(1) denotes the choice of the option B (A) lottery in lottery task i, I(  ) is the indicator function, and X is a
vector of individual characteristics reﬂecting age, sex, and so on, as well as treatment variables. When we pool responses
over subjects the X vector will play an important role to allow for some heterogeneity of preferences.
To allow for subject heterogeneity with respect to risk attitudes, the parameter r is modeled as a linear function of
observed individual characteristics of the subject. For example, assume that we had information only on the age and sex of
the subject, denoted Age (in years) and Female (0 for males, and 1 for females). Then we would estimate the coefﬁcients a,
b, and Z in r ¼ a+b Age+Z Female. Therefore, each subject would have a different estimated r, r^ , for a given set of estimates
of a, b, and Z to the extent that the subject had distinct individual characteristics. So if there were two subjects with the
same sex and age, to use the above example, they would literally have the same r^ , but if they differed in sex and/or age they
would generally have distinct r^ . In fact, we use four individual characteristics in our model. Apart from age and sex, these
include binary indicators for subjects who self-declare their ethnicity as hispanic, and their college major as business. Age
is measured as years in excess of 19, so it shows the effect of age increments.
An important extension of the core model is to allow for subjects to make some errors. The notion of error is one that
has already been encountered in the form of the statistical assumption (4.4) that the probability of choosing a lottery is not
1 when the EU of that lottery exceeds the EU of the other lottery.12 By varying the shape of the link function implicit in
(4.4), one can informally imagine subjects who are more sensitive to a given difference in the index r EU and subjects who
are not so sensitive. We use the Fechner error speciﬁcation of Becker et al. [9] and Hey and Orme [33]. It posits the latent
index

r EU ¼ ðEUB  EUA Þ=m

(4.30 )

instead of (4.3), where m40 is a structural ‘‘noise parameter’’ used to allow some errors from the perspective of the
deterministic EUT model. As m-N this speciﬁcation collapses r EU to 0, so the probability of either choice converges to 12.
So a larger m means that the difference in the EU of the two lotteries, conditional on the estimate of r, has less predictive
effect on choices. Thus m can be viewed as a parameter that ﬂattens out, or ‘‘sharpens,’’ the link functions implicit in (4.4).
This is just one of several different types of error story that could be used, and Wilcox [65] provides a masterful review
of the implications of the strengths and weaknesses of the major alternatives. Thus we extend the likelihood speciﬁcation
to include the noise parameter m. Additional details of the estimation methods used, including corrections for ‘‘clustered’’
errors when we pool choices over subjects and tasks, are provided by Harrison and Rutström [32].
4.4.2. Recursive estimation of risk attitudes and subjective beliefs
The responses to the prescribed burn task can be used to generate estimates about the belief that each subject holds if
we are willing to assume something about how they make decisions under risk. Using the two experimental tasks in our
design, we recursively estimate the subjective probability of a wildﬁre burning the property of the subject, along with other
parameters of the model deﬁning the risk attitudes of the subject. Consider the schema in Panel B of Table 1, where the
subject has to consider lotteries A and B, but where we now substitute the subjective probability instead of the true
12
This assumption is clear in the use of a link function between the latent index r EU and the probability of picking one or other lottery; in the case of
the normal CDF, this link function is F(r EU). If the subject exhibited no errors from the perspective of EUT, this function would be a step function: zero
for all values of r EUo0, anywhere between 0 and 1 for r EU ¼ 0, and 1 for all values of r EU40.
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probability shown in Panel B. The EU of the safer lottery A is
EUA ¼ pA Uðpayout if cabin burns j pay for prescribed burnÞ
þ ð1  pA ÞUðpayout if cabin is safe j pay for prescribed burnÞ

(4.6)

where pA is the subjective probability that the cabin will burn if one opts for the prescribed burn and chooses lottery A. In
Panel B of Table 1 this probability is shown as 0.06, the true probability, but our subjects do not know that probability, and
the whole point of the experiment is to determine the effect of the instruments on their subjective probability. The payouts
that enter the utility function are deﬁned by the net earnings for different levels of cost for the prescribed burn, and are
shown in Panel B of Table 1. For the ﬁrst row, for example, the cost of the prescribed burn is $2; so these payouts are $78
( ¼ $80–$2) and $19 ( ¼ $21–$2), and we have
EUA ¼ pA Uð$19Þ þ ð1  pA ÞUð$78Þ

(4.60 )

We similarly deﬁne the EU received from a choice of the riskier lottery B, not to purchase the prescribed burn:
EUB ¼ pB Uðpayout if cabin burns j do not pay for prescribed burnÞ
þ ð1  pB ÞUðpayout if cabin is safe j do not payfor prescribed burnÞ

(4.7)

This translates for each row of Panel B of Table 1 into payouts of $80 and $21; so we have
EUB ¼ pB Uð$21Þ þ ð1  pB ÞUð$80Þ

(4.70 )

for this option. We observe the decision to purchase the prescribed burn by the subject at different cost levels for the
prescribed burn, so we can calculate the likelihood of that choice given values of r, pA, pB, and m.
We need estimates of r to evaluate the utility function in (4.6) and (4.7); we need estimates of pA and pB to calculate the
EU in (4.6) and (4.7), respectively, once we know the utility values; and we need estimates of m to calculate the latent
indices (4.30 ) that generate the probability of observing the choice of lottery A or lottery B when we allow for some noise in
that process.13 The maximum-likelihood problem is to ﬁnd the values of these parameters that best explain observed
choices in the prescribed burn task as well as observed choices in the risk aversion task.
In effect, the risk aversion task allows us to identify r under EUT, since pA and pB play no direct role in explaining
the choices in that task. Individual heterogeneity is allowed for by estimating the r parameter as a linear function
of demographic characteristics, and this also allows us to separately identify both pA and pB.14 We include dummy
variables for the VR, 2-picture, and 52-picture treatments to ascertain their effect on the estimated subjective probabilities
pA and pB.
The estimates indicate that our subjects are risk averse. The default estimate is r ¼ 0.57, which implies risk aversion
since r40 and the estimate is signiﬁcantly different from zero. Thus, our subject pool is modestly risk averse, consistent
with substantial evidence from comparable subject pools [28,35]. In our case, these estimates are used to recursively
condition the inferences about beliefs, which are the main focus of the experimental design.
The estimates for the determinants of the subjective probabilities that the cabin will burn, pA and pB, are the main focus
of this experimental design. Let us initially discuss the estimates for the ‘‘risky lottery,’’ pB, in which there is no prescribed
burn in place. The 2-picture treatment, with its traditional information method, has an estimated subjective probability of
0.49. The 52-picture treatment increases this to 0.52 and the VR treatment lowers it to 0.25, quite close to the true
probability of 0.29. The effect of the VR treatment is signiﬁcant (p-values ¼ 0.048). Thus we ﬁnd evidence that the VR
treatment affects subjective probability estimates compared to the 2-picture and 52-picture treatments, but that the static
representation of the dynamic information in the 52-picture environment does not affect those estimates.
The effects for the estimated subjective probability for the ‘‘safe lottery,’’ pA, in which there is a prescribed burn in place,
are much more muted. In part this may be due to the overall estimate for this probability being so low, since the true
probability is only 0.06. The estimate for the 2-picture treatment is estimated to be 0.19. The VR and 52-picture treatments
have no statistically signiﬁcant effect, and the estimated probabilities are 0.05 and 0.22, respectively. Although the VR
treatment is closer to the true probability, these subjective probabilities are not estimated with sufﬁcient precision for that
to be a statistically signiﬁcant difference in treatments.
Finally, Fig. 14 shows kernel densities of the results from asking subjects about the virtual environment, using the
Presence Questionnaire. We translate the responses to the indices measuring the four factors explained earlier; hence these
indices correspond to the scale of 1–7 used by the subjects on the original survey instrument, where 7 indicates the
strongest acceptance of the VR. Research on presence has used indices of this kind in a variety of ways, ranging from
13
Since the focus of the estimation is on the subjective probability, it is important to ensure that the estimates of p lie in the closed interval [0, 1]. It is
straightforward to constrain the estimates to the open unit interval, which is sufﬁcient for our purposes, by estimating the log-odds transform k of the
parameters we are really interested in, and converting using k ¼ 1/(1+ep). This transform is one of several used by statisticians; for example, see RebeHesketh and Everitt [52, p. 244]. These commands use the Delta Method from statistics to calculate the standard errors correctly; see Oehlert [48] for an
exposition and historical note.
14
Even if the monetary prizes of the lotteries are the same across subjects, (estimated) risk attitudes are not, so the utility values of the prizes differ
across subjects. With enough heterogeneity, it is as if we had varied the monetary prizes for a given subject with a given risk preference, and thereby
identiﬁed the probabilities.
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Kernel densities of factors derived from Presence Questionnaire; N = 28 subjects
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Fig. 14. Indices of presence in the virtual environment.

comparisons of differing VR environments, to manipulations within particular environments, to investigations of how a
speciﬁc environment produces differences across a given set of presence questions. For example, Lin et al. [42] found
signiﬁcantly increasing reports of experienced presence with increases in ﬁeld of view presented in a driving-simulatorbased virtual environment. Sutcliffe et al. [61] compared a different set of virtual environments and evaluated the
experienced presence across these environments to make claims about which produced more. They compared a highly
immersive VR CAVE, an Interactive Workbench, and a Reality Room; they found overall average presence scores ranging
from 4.9 for the CAVE, 4.6 for the Interactive Workbench, and 4.4 for the Reality Room, with the data showing that presence
scores in the CAVE were signiﬁcantly greater. Others have used the presence indices to determine whether their VR system
produced scores that differ signiﬁcantly from the neutral value of the scale, with the neutral value being ‘‘4.’’ For example,
in a study of a simulator to train aircraft fault inspection Vora et al. [63] found that their system scored signiﬁcantly greater
than the neutral value on approximately only 50% of the questions; see Vembar et al. [62] for a similar analysis using VR for
medical training. As such, we are encouraged that our scores produced average values ranging from 4.81 to 5.83 for the
sub-components, suggesting that participants did report high levels of presence within our VX.

5. Conclusions
We have introduced the concept of virtual experiments (VXs) as a way to introduce natural cues into a lab decision task,
providing a bridge over the methodological gap between lab and ﬁeld experiments. VX has the potential to generate the
internal validity of controlled lab experiments with the external validity of ﬁeld experiments. The central aspect of the
VX methodology is a VR environment that makes participants experience a sense of presence, a psychological state of
‘‘being there.’’ This sense depends on the degree of involvement that participants experience as a consequence of focusing
attention on the set of stimuli and activities generated by the VR simulation. Presence also depends on immersion, the
perception that one is enveloped by, included in, and interacting with a continuously stimulating environment.
In a VX, participants can experience long-run scenarios in a very short amount of time, and many counterfactual
scenarios can be generated. In order for such counterfactual simulations to be coherent it is important to use scientiﬁcally
accurate and validated models, such as the ﬁre prediction model FARSITE. The application we discuss here is the prevention
of forest ﬁre risks, a signiﬁcant economic problem in many parts of the world. Using VX we can elicit beliefs under
conditions that generate important ﬁeld cues, and we can model counterfactual scenarios that cannot be implemented in
the ﬁeld. Our study results are encouraging, and demonstrate the feasibility and application of this new methodological
frontier. By comparing our treatments we conclude that the immersive aspect of the VX has the effect of generating
subjective beliefs that are closer to actual risks. Our 52-picture treatment showed no effect from the provision of dynamic
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information even without immersion. We conclude that VX holds promise as an experimental method in the ﬁeld
of environmental and resource economics, where actual ﬁeld experiments are rare, and where ﬁeld events often evolve
over long time horizons.
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