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Abstract 
 
Many policy issues, and the choice of management and funding options to address 
them, have elements of risk and uncertainty associated with them. Choice experiments, 
such as those conducted in choice modelling (CM), may need to frame tradeoffs in 
light of this information. The goal of the research reported in this paper is to explore 
some methodological issues for identifying and treating uncertainty in the application 
of CM experiments. A review of theoretical models and one case study application in 
the CM technique reported by Roberts et al (2008) suggests that inclusion of 
uncertainty information in the choice sets should influence responses significantly. 
However, key challenges that remain are to define and describe the elements of risk 
and uncertainty that are to be included in a choice experiment, to communicate the 
issues to respondents, and to develop appropriate forms of analysis. 
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  1.    Introduction 

 

Choice modelling1  (CM) is a stated preference non-market valuation technique 
typically used to estimate values for improvements or losses in environmental 
condition where data are not available from markets (Louviere et al. 2000; Bennett 
and Blamey 2001). While it shares some similarities with the contingent valuation 
method (CVM), with both techniques capable of assessing non-use values, CM 
involves the use of multiple choice sets that are distinguished by variations in the 
levels of underlying attributes. A key advantage of the CM technique over the CVM is 
the ability to frame complex tradeoffs to respondents, with a rich set of subsequent 
data that allow better understanding and prediction of respondent behaviour (Rolfe et 
al. 2000). 

A key challenge in designing a CM experiment is to limit the complexity of the choice 
options so that they can be feasibly completed in a survey format by respondents 
(Carson et al. 1994). This is typically done by condensing key issues into a small set 
of attributes varying over a discrete number of levels and minimizing the number of 
choice alternatives (Louviere et al. 2000, Bennett and Blamey 2001). An additional 
way of reducing complexity has been to minimize issues of risk and uncertainty 
associated with choice outcomes, even though uncertainty is a key feature of many 
environmental systems (Roberts et al 2008). In this paper the potential for including 
risk and uncertainty aspects more directly in CM experiments is reviewed.  
 
There is an extensive literature in economics on risk and uncertainty, including 
applications in environmental economics. However, there has been very limited direct 
application of the CM technique to issues involving risk and uncertainty of outcomes. 
In part, this is because some consideration of risk and uncertainty is built into the 
framework of non-market valuation. The assessment of non-market values can 
include option values and quasi-option values in a total value framework, where the 
choices that people make to protect environmental assets may be driven by a complex 
group of reasons, including attitudes to risk and uncertainty of environmental 
outcomes. As well, the inclusion of non-market values into an evaluation framework 
such as cost-benefit analysis often is combined with some assessment of the 
likelihood of occurrence of different scenarios. 
 
While some aspects of risk and uncertainty around environmental outcomes can be 
handled in a broader economic framework, other issues around risk and uncertainty 
may be integral to the performance of a CM experiment. In most non-market CVM 
and CM studies, researchers assume that the different scenarios presented to 
respondents can be achieved, and that respondents are certain about their underlying 
preferences. While researchers do not know the underlying preferences of respondents 
with certainty, the Random Utility Theory (RUT) underpinning both CM and CVM 
                                                        
1 These are also known as discrete-choice experiments or choice-based conjoint analysis. 
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frameworks provides a mechanism for distinguishing between the deterministic and 
random error components of choices (McFadden 1973). 
 
The conduct of a CM (or CVM) experiment may involve different layers of 
uncertainty ranging from the analyst through to the environmental issue being 
addressed (Figure 1). Issues around risk and uncertainty with stated preference 
experiments can be distinguished into four key groups: 

1. Analysts do not know exactly what drives choice responses, 
2. Respondents may be uncertain or confused about the choice sets, or 

misunderstand the information presented, 
3. Respondents may be uncertain about the case study issues, 
4. Choice profile(s) do not accurately reflect the uncertainty that future 

outcomes that are depicted will occur, and how this uncertainty may vary with 
different management and policy options. 

 
Figure 1.  Uncertainty in key assessment stages in CM experiments 
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Researchers have focused most attention on issue 1, with the development of the RUT 
and the associated Random Utility Model to underpin the application of both CM and 
CVM techniques. There has also been some attention devoted to issue 2, with data 
routinely collected in most CM experiments about respondent experiences in 
completing choice tasks, and this information sometimes being used in the modelling 
stages. Issue 3, where respondents may not have accurate or realistic views of risks 
and uncertainties, has been explored in the context of information disclosure such as 
the presentation and communication of risk scenarios and how respondents’ risk 
perceptions are updated with more information. Issue 4 has typically been 
downplayed in CM experiments, with choice sets normally described in ways that 
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suggests that outcomes and potential improvements could occur with certainty. 
 
Standard utility theory would suggest that higher values are associated with policy 
options that have lower risks and uncertainty of adverse impacts. This suggests that 
stated preference studies which include risk and uncertainty information more 
explicitly into the choice alternatives may provide more accurate feedback about 
community preferences. Some CM applications (e.g. Roberts 2008) are moving from 
a simple focus on potential outcomes to also consider preferences for the management 
options and policy pathways used to achieve the outcomes. In these cases, there is an 
increased need to distinguish differences between the management options and policy 
pathways, with varying levels of risk and uncertainty a key factor.  
 
The goal of the research reported in this paper is to explore some methodological 
issues for identifying and treating uncertainty in the application of CM experiments. 
The sensitivity of CM value estimates to varying levels and representations of risk 
and uncertainty information will be a key issue around this research. This research 
also aims to develop a way to communicate risk and uncertainty information to CM 
respondents in an effective manner to derive ex ante value estimates that can better 
predict behaviour. The aim of this research report is to scope the issues around 
incorporating risk and uncertainty in economic analysis that are of relevance to CM 
applications. This is done through a comprehensive literature review. 
 
This report is structured as follows. In the next section, a historical overview of the 
treatment of risk and uncertainty in the literature is outlined. Definitions of risk and 
uncertainty and economic theories are discussed in this context. Section 3 details the 
economic models and methods used in previous studies to incorporate risk and 
uncertainty, with an emphasis on the CV studies. In Section 4, a discussion of the 
implications of risk and uncertainty issue in the GBR resource management is 
provided. The potential research issues/ research design in the CM context is also 
briefly explored in this section.  
 

2.    An Overview of Risk and Uncertainty 

 
The terminology used and the definitions of risk and uncertainty are often overlapping. 
Knight (1921) was among the first to distinguish between risk and uncertainty through 
the concepts of known and unknown probabilities. According to Knight, risk is 
characterised by the presence of a unique, additive and fully reliable probability 
distribution. In other words, risk is present if a probability can be assigned to future 
events. In contrast, uncertainty is present if the likelihood of future events is indefinite 
or incalculable (Knight 1921). The distinction between whether probability is known 
or unknown has also been discussed in other formats such as ambiguous vs. 
unambiguous probability (Ellsberg 1961) and precise or sharp vs. vague probability 
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(Savage 1954). 
 
Most environmental and health risks are made up of both exogenous and endogenous 
components. The traditional approach was to assume that risks faced by an individual 
were exogenous. More recently several authors have argued that many risks can be 
controlled by an individual or household through self-protection, making the risks 
endogenous (Bateman et al 2005; Shogren 1990; Shogren and Crocker 1991; Agee 
and Crocker 1994). For instance, morbidity and mortality risks associated with 
drinking contained with arsenic can be reduced through actions the household might 
take, including drinking bottled water, installing filters or moving away from an area 
with high arsenic concentration in the drinking water source (Shaw et al 2005). Both 
exogenous and endogenous risk can vary across individuals.  
 
Environmental policy and economic issues can involve uncertainty in a number of 
ways. The most important aspect of uncertainty arises when the probability of an 
environmental outcome is unknown. This ‘technical’ uncertainty characterises a 
number of environmental issues such as climate change and biodiversity loss where it 
is often difficult to assess the precise factors that cause damage, the likelihood of 
future losses occurring and the effectiveness of potential management actions. 
 
There are a number of other types of uncertainty to consider in an economic analysis 
of environmental issues, particularly for a stated preference experiment. As 
summarised in Figure 1, it is difficult to frame the actual levels of risk and uncertainty 
into choice tradeoffs, respondents may be uncertain about the case study of interest or 
about how to answer the choices in an experiment, and the analyst may be uncertain 
about the reasons why respondents have made different choices.  
 
Second, response uncertainty in stated preference experiments may be caused by 
conflicting information. This can happen when experts themselves are not clear about 
the risk magnitude (Fox and Tversky 1991). Third, because in many cases outcomes 
are stochastically related to actions, uncertainty can arise when the policy outcome is 
unknown or when respondents have varying views (subjective risk perception) on 
how effective the proposed actions will be. Finally, there are also cases when 
respondents are not sure about their preferences, commonly referred to as preference 
uncertainty. The difficulties that people have to assess quantitative information 
accurately and the uncertainty that this may induce has been previously noted by 
Ellsberg (1961) and Tversky et al (1988). 
 
Different aspects of uncertainty can also be self-reinforcing. Uncertainty about the 
probability of environmental risks and about the effectiveness of policy intervention 
may have an impact on respondents’ preference uncertainty. Studies show that the 
framing and the amount of information about the process causing the risk can 
influence both perceptions and behaviour. In their contingent behaviour studies, 
Viscusi et al (1987) and Weinstein et al (1989) found a link between risk perceptions 
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and behaviour. On the other hand, people’s perceptions of risk and uncertainty depend 
in part on their preferences (Smith 1992). As Smith (1992) argued, people’s 
preferences influence how they acquire this information, form risk perceptions, and 
value actions intended to reduce the perceived risk. Studies have also found that 
cognitive factors influence respondent’s understanding of risk information, especially 
when the experimental situations introduced multiple-risk sources (Viscusi et al 1987; 
Magat et al 1988).   
 
In the literature, attempts have been made to establish the connection between risk 
perceptions and values. The expected utility (EU) theory (von Neuman and 
Morgensern 1947) and the subjective expected utility (SEU) theory (Savage 1954) are 
the central framework for the economist’s analysis of choice under risk and 
uncertainty. In both the EU and SEU models, choices are made so as to maximise the 
expected value of an individual’s utility. This can be illustrated in the following 
equation: 
 

{ }( ) ( ) i

n

i
i pxUpxV ∑

=

=
1

,                         (1) 

where V(.) is the individual’s ex ante welfare, U(.) is the individual’s ex post utility 
function, xi is a vector of goods and services in the ith state of the world, and pi is the 
probability that the ith state of the world will actually occur (Shaw and Woodward 
2008).  
 
In EU theory, the utilities of outcomes are weighted by their probabilities. While an 
underlying assumption of EU theory is that the probabilities of outcomes are known, 
SEU theory is used when probabilities are not known by the decision maker. In other 
words, application of the SEU theory recognises the importance of subjective or 
perceived risks. With SEU theory, preferences can be represented by a numerical 
expected utility that uses subjective probabilities of states (which may differ across 
people) to weight consequence utilities (Camerer and Weber 1992). A key challenge 
then is to define and determine the subjective probabilities. Options range from using 
some ‘objective’ assessment that might be provided by experts through to respondent 
perceptions, even though the latter may not correspond well to reality (Slovic 1987). 
Bateman et al (2005) argued that in terms of WTP for a risk reduction, the relevant 
measurement of risk is people’s subjective assessment of risk, rather than a 
scientifically observed measure.  
 
As can be seen in Equation (1), the EU and SEU are linear in the probabilities that 
characterise risks, with an underlying assumption that individuals do not have 
preferences over probabilities. However, some research suggests individuals often do 
not behave in a manner consistent with the EU/ SEU framework. There are two main 
reasons for this. First, decision makers often do not treat probabilistic outcomes or 
events in the standard additive manner as required in the EU and SEU models. Instead, 
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disproportionately more weight is given to low probability and high consequence 
events (Shaw and Woodward 2008). Second, people regularly demonstrate an 
aversion to ambiguity, preferring situations with clear probabilities to those in which 
the probabilities are uncertain (Ellsberg 1961).  
 
To address the limitations of the EU and SEU models, alternative risk models have 
been explored and tested in the experimental settings. These include prospect theory 
(Kahneman and Tversky 1979), the rank dependent expected utility theory (Quiggin 
1982), and the prospective reference theory (Viscusi 1989). The prospect theory and 
the rank dependent expected utility theory assume that people transform expected 
probabilities into decision weights, but there is not a direct mapping process. Instead, 
people tend to underweigh outcomes that are considered highly probable, and to 
overweigh outcomes that have low probability of occurrence.  
 
The prospective reference theory recognises that individual’s risk perceptions reflect 
each individual’s prior beliefs, the information they receive about the process, and the 
relative degree of confidence they assign to each decision (Viscusi 1989). According 
to the theory, respondents combine personal prior estimates of the effectiveness of the 
stated intervention with the effectiveness stated in CV instruments to obtain a 
posterior estimates of the risk reduction for which they report willingness to pay  
(WTP). Specifically, Viscusi (1989) suggested that prior beliefs about the good may 
influence respondents’ WTP in stated preference experiments, thereby providing an 
explanation for observed non-linearity between WTP and reduction in mortality risks. 
Similar results were reported by Corso et al (2001) who found in a study about travel 
risks that perceptions about the effectiveness of airbags positively affects WTP for 
risk reductions. Using data about individuals’ preferences among health insurance 
plans, Marquis and Holmer (1996) found that the model which assumes people 
evaluate gains and losses relative to a reference rather than final outcomes, treat gains 
and losses asymmetrically, and process certain and uncertain outcomes separately 
provides a better fit than the standard utility model. 
 

3.    Methodologies  to  Incorporate Risk  and Uncertainty 

in stated preference techniques 

 
Incorporating risk and uncertainty in respondent decision processes in CV studies has 
been explored in the context of both actual risks and the effects of different 
information programs. In this section, methods used to incorporate risk and 
uncertainty is reviewed in detail, with an emphasis on those used in CV studies. 
Following the information summarised in Figure 1, these include the use of RUT to 
address uncertainty from the analyst’s perspective (issue 1), modelling respondent 
uncertainty about the choice profiles (issue 2), minimising respondent uncertainty 
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through information disclosure (issue 2 and 3), and incorporating uncertainty 
information explicitly in choice questions (issue 4). 
 

3.1 Uncertainty from Analyst’s Perspective 

 
As the key theoretical underpinning of CV and CM studies, the RUT addresses issues 
of randomness and uncertainty from the analyst’s perspective (McFadden 1973). The 
RUT postulates that, from the point of view of the analyst, an individual’s utility 
consists of a deterministic component plus an unobservable random error term. This 
can be expressed as: 

iU iV= iε+                                            (2)                  

where Ui is the latent, unobserved utility for choice alternative i; Vi is the systematic, 

observable or “explainable” component of the latent utility for option i; and  i is the 

random or “unexplained” component of the latent utility associated with option i 
(Bennett and Blamey 2001). Because of the random component, the researcher can 
never expect to predict preferences perfectly. This leads to expressions for the 
probability of choice: 

                  ( ) ( )][)( jjii VVPiP εε +>+=                        (3)                

for all j options in the choice set.    
 
The random component arises either because of randomness in the preferences of the 
individual or the fact that the analyst does not have the complete set of information 
available to the individual. While RUT recognises that there is uncertainty in the 
observation of preferences, it does not distinguish among potential sources of the 
random component (Figure 1). Only one element of random effects may derive from 
the analyst not having complete knowledge of an individual’s preferences. 
Randomness in the preferences of an individual may be due to the individual’s 
uncertainty or confusion about the choice sets and misunderstanding of the 
information in the choice sets (issue 2, see Figure 1), or individual’s uncertainty about 
the case study (issue 3). In other cases, respondents are not provided with full 
information in relation to uncertainty associated with future policy scenarios or 
potential success of different management options in the choice profiles (issue 4).  
 

3.2 Modelling Respondent Uncertainty 

 
Respondent uncertainty about preferences and choices has been noted in many CV 
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studies (Ready et al 1995; Blamey et al 1999). Suggested reasons include 
unfamiliarity with the public good that is to be valued, the hypothetical nature of CV, 
being unable to make tradeoffs between the environmental amenity and the monetary 
good, and a lack of understanding of the contingency in question and the policy 
instrument proposed for addressing the environmental spill over (Shaikh et al 2007). 
Low credibility of sources of information can also create an important kind of 
ambiguity (Einhorn and Hogarth 1985) leading to respondent’s preference uncertainty.  
 
A number of methods have been developed in CV studies to identify and model 
respondent uncertainty. Some researchers have embedded information about 
respondent uncertainty directly in the response options to the valuation question 
(Ready et al 1995; Blamey et al 1999; Wang 1997; Welsh and Poe 1998; Alberini et al 
2003). For example, Ready et al (1995) developed a polychotomous choice question 
format where the respondent can answer one of six responses to a CVM trade-off: 
definitely yes, probably yes, maybe yes, maybe no, probably no and definitely no. 
They found that allowing for respondent ambivalence increased estimated WTP 
relative to forcing respondents to answer yes or no in a standard dichotomous choice 
question. Blamey et al (1999) used a dissonance-minimising format which allowed 
respondents to express multiple attitudes in the CV questions in order to reduce the 
occurrence of yea-saying. Results suggest that when respondents are ambivalent or 
uncertain, allowing for this to be expressed has a significant impact on value 
estimation. 
 
Respondent uncertainty can also be identified in the data analysis stage. In a number 
of CV studies follow-up” questions were asked of respondents about how certain or 
confident they were of their previous “yes”/“no” answers (Li and Mattson 1995; 
Champ et al 1997; Johannesson et al 1998; Loomis and Ekstrand 1998; van Kooten et 
al 2001). In these studies, the degree of confidence of respondents has been elicited 
either through descriptive word scales (e.g. definitely yes, probably yes, probably no, 
definitely no) or through numerical certainty categories. The certainty scale can then 
be directly used as an estimate of the probability of paying their bid amount (Li and 
Mattson 1995; Loomis and Ekstrand 1998). These studies found that incorporating 
uncertainty in the analysis generated more consistent predictions for respondents who 
reported greater confidence in their answers. 
 
Even though the numerical certainty categories appear to have the potential to 
improve the estimation efficiency, certain conditions must hold (Loomis and Ekstrand 
1998). First, respondents must be able to assess the certainty of their valuation with 
some degree of accuracy. Second, they must also interpret the certainty scale 
equivalently. However, both these two conditions do not necessarily hold. For some of 
their models, Loomis and Ekstrand (1998) found the explicit incorporation of the 
certainty variable may introduce additional variance into analysis.  
 
Follow-up questions have also been asked in CM studies about the level of confidence 
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or certainty that respondents hold when answering the choice questions. This can be 
used to help explain decision pathways. For instance, Blamey et al (2000) used nested 
logit models to show that decision pathways can be explained by the level of 
confusion/ understanding of respondents about the choice sets. In that study, 
respondents were more likely to choose the Status Quo option over an improvement 
option if they identified that the choice sets were confusing. 
 
 

3.3 Information Disclosure 

 
Efforts have been made in stated preference experiments to reduce or minimise the 
uncertainty of respondents about choice profiles (issue 2) or about case study issues 
(issue 3) through information disclosure. Some studies focus on the presentation and 
communication of risk scenarios and how this affects stated behaviour and real 
behaviour. It has been argued that people have limited appreciation for small 
probabilities (Frederick and Fischhoff 1998; Viscusi 1998), and this will affect their 
understanding of the magnitude of risk reduction and hence their WTP. A number of 
risk communication tools such as tables, graphs, risk ladders and pie charts have been 
developed to convey information about probabilities and risks. In a study conducted 
by Corso et al (2001), respondents in each sub sample were presented with one of 
three visual aids (a logarithmic scale, a linear scale and an array of dots) or no visual 
aid. The visual aids were used to describe an annual risk reduction of 1/10000 or 
0.5/10000. Results showed that WTP was sensitive to the magnitude of risk reductions 
for the subgroups exposed to the dots and the logarithmic risk ladder, but not sensitive 
for the group that received no visual aid.  
 
Smith et al (1995) investigated the effects of different risk information booklets on 
households’ decisions to undertake mitigation from the lifetime risks of lung cancer 
from radon. Two features of risk information were identified. The first involved 
quantitative information about the lifetime risks of lung cancer from radon, and the 
second emphasised government action guidelines and instructions for protection 
versus one that encouraged personal judgment and evaluation. By comparing these 
quantitative and qualitative approaches, the effects of different risk information 
treatments on mitigation behaviour were then examined through multinomial logit 
model specifications. 
 
Bateman et al (2005) examined how WTP for Ultra Violet Radiation health risk 
reduction varied according to an exogenous element of realised risk after controlling 
for the endogenous behaviour which affects the realised level of risk. Risk was 
reflected in the actual behaviour of individuals and variations in risk levels were 
provided through design of the sampling frame. Survey respondents in four countries 
with significant differences in scientifically established risk levels were provided with 
both a private and public good scenario for risk reductions. Results showed that 
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variation in WTP across these countries is entirely consistent with changes in 
exogenous risk levels.  
 
Other studies have explored how respondents’ risk perceptions can be influenced by 
information disclosure. These studies have focused on risk communication through 
eliciting information about individual subjective distribution of risks and exploring 
how these subjective distributions change in the face of new information. In their 
experimental studies, Shaw et al (2006) used four treatments with varying 
presentations of the health risk information to examine the effects of risk presentation 
on auction bids for a healthy product. While one of the treatments did not have any 
information on risk, the second presented conflicting risk information with ambiguity 
in the form of a conflicting second “expert” opinion. The other two treatments had 
“clear” risk information about health risk reductions. Results show that the subjects’ 
maximum WTP for a product varies depending on the amount of information about 
the product’s health risk reductions that they are given, which influence their risk 
perceptions (subjective risks). Ambiguity in these risks led to a lower WTP.  
 
Cameron (2005a) explored how people update their beliefs in the face of new and 
sometimes conflicting information on climate change risks. In her experimental 
design, information on both the mean and dispersion of the individual’s subjective 
distribution for future annual average temperature was elicited. The dispersion of 
distribution (variance) was approximated through elicitation of “high” and “low 
guesses” to capture individual’s uncertainty about future conditions. Individual 
updated subjective risks were explored as a function of individual priors, the nature of 
external information, and individual attributes. Weights that individuals place on the 
opinions of government scientists and environmental groups were estimated. Results 
showed that people may update their expectations for annual temperatures in an 
approximately Bayesian fashion, but variances change in other ways. In addition, the 
source and nature of external information, as well as its collective ambiguity, can have 
varying effects across the population.  
 
In another paper, Cameron (2005b) showed how people’s updated perceptions about 
climate change affect their willingness to support climate change mitigation programs. 
In particular, individual posterior subjective distributions for future climate conditions 
are combined with stated choices over alternative climate policies to estimate 
individual option prices for climate change mitigation. Using a small convenience 
sample, the desired welfare measures were calculated based on the expected indirect 
utility-difference function. It was found that individuals’ WTP for climate change 
mitigation is sensitive to both expected future conditions and uncertainty about future 
conditions.  
 
Aadland et al (2007) developed a Bayesian approach to model the elicitation of WTP 
for public goods within the context of a CV survey. WTP was elicited in the presence 
of agent uncertainty and other information signals such as referendum prices and 
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cheap-talk scripts. The model was further tested and proved in an experimental setting 
which showed that the interaction between anchoring (prior distribution over 
uncertain WTP) and the information prompt (in the form of cheap-talk scripts) creates 
a systematic bias in WTP. The direction and magnitude of the bias in dichotomous 
choice formats depends on the distribution of initial WTP (subjects’ priors) relative to 
the announced opening price in the questionnaire.  
 
 

3.4 Explicit Incorporation of Uncertainty in Choice Questions 

 
In previous CM studies, choice sets are normally described in ways that suggest that 
outcomes could occur with certainty. As shown in Figure 1, these choice profiles may 
not reflect uncertainty associated with future policy scenarios or potential success of 
different management options (issue 4). Roberts et al (2008) are among the first to 
introduce probabilistic outcomes explicitly into the CM survey design and to examine 
how this uncertainty affects the preferences of respondents for environmental 
improvements. They used a split-sample design where one group of respondents was 
asked to choose among environmental outcomes with certainty while the other group 
was presented with choice questions in which the levels of attributes were associated 
with some probability. There were substantial differences in the value estimates 
generated from these two survey formats, confirming that including risk and 
uncertainty in CM significantly affects people’s preferences for environmental goods.  
 
In contrast to the predictions of prospect theory (Kahneman and Tversky 1979) and 
the rank dependent expected utility theory (Quiggin 1982), the results of Roberts et al. 
(2008) showed that respondents overweighted the probabilities of likely events and 
underweighted the probabilities of unlikely events. This had implications for the WTP 
to reduce the probability of algal blooms in their study, with respondents having 
higher WTP for scenarios that reduced the uncertainty of outcomes. Among the 
reasons suggested for differences in WTP between certainty and uncertainty states 
were (a) increased complexity inducing more critical analysis, (b) respondents may be 
uncomfortable with some perceptions about risky outcomes, and (c) uncertain 
outcomes may appear more realistic than ones presented with certainty. 
 
 

4.    Implications for GBR and CM Design 

 
The GBR is under mounting pressure due to increasing human activities such as 
recreation, fishing, shipping, and agricultural and urban development. There are 
concerns about impacts in the GBR area, the effects of poor water quality entering the 
region and the potential for adverse climate change pressures (Rolfe et al 2008). The 
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government has already taken actions to help reduce the pressures impacting on the 
condition of the GBR. Current activities include improving water quality through 
better management of land-based activities, increasing the area of green zones and 
controls on recreation and fishing activities, and plans to mitigate climate change 
impacts through carbon emission reductions (Rolfe et al 2008).  
 
A non-market valuation case study of improved protection for GBR resources can 
illustrate a number of uncertainty issues. First, natural variability and its potential 
impacts on the natural resources in the GBR are not well understood even within the 
scientific community.  Second, the interactions between the natural processes (e.g. 
global climate change) and human activities are unclear. Third, the effectiveness of 
policy intervention or management options is uncertain. These uncertainties will have 
an impact on the risk perceptions of people, and the ambiguity around risk perceptions 
thus derived will lead to preference uncertainty. In other words, the uncertainty 
attached to the potential environmental and policy outcomes can be expected to play a 
large role in value estimates.     
 
There are several possible ways to test for the impacts of information about 
uncertainty on value estimation in CM experiments. The most direct method would be 
to include the probability of environmental outcomes occurring in the choice 
alternatives. This approach could treat the likelihood of an outcome occurring as 
another attribute within the choice profiles. A split-sample format can be used with 
one version including the probability information and the other version excluding it. 
By comparing the WTP derived from the two survey formats, the effect of uncertainty 
on elicited preferences can be investigated.  
 
The second main option is to provide information about the likelihood of outcomes 
occurring in the framing statements for an experiment. This has the disadvantage of 
being uniform, as the likelihood of outcomes is not specific to each choice alternative.  
 
The third main option is to collect information about the level of uncertainty that 
respondents have in their choices after the choice sets have been completed. Again, it 
would be difficult to distinguish how perceptions vary across choice sets or between 
choice profiles, limiting the usefulness of this approach. 
 
A number of other methodological issues around uncertainty can also be tested in 
experimental settings. One key area is to identify the most appropriate communication 
tools and visual aids to present information about risk and uncertainty issues for 
environmental issues. A second issue is to identify how perceptions of risk and 
uncertainty may vary across different environmental issues, thresholds and pressures. 
A third is to identify how perceptions about risk and uncertainty may change with 
information presented in a survey format. 
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5.    Conclusions 

 
Stated choice experiments typically frame choice scenarios with complete certainty, 
even though case study situations can rarely be defined so precisely. A key question 
therefore is whether the responses to choice scenarios will be different when 
information about the levels of risk and uncertainty associated with the different 
options is included in the choice task. There are a number of theoretical models about 
decision processes which suggest that results should different. One case study 
application in the CM technique reported by Roberts et al (2008) confirms that 
inclusion of uncertainty information in the choice sets does influence responses 
significantly. 
 
Significant challenges remain. A key difficulty is to define and describe the elements 
of risk and uncertainty that are to be included in a choice experiment, as these are 
likely to extend over a number of elements of the selected case study and the 
associated management options. A second challenge is to include risk and uncertainty 
issues within choice experiments in ways that are understandable to respondents, 
while a third is to analyse the results where various elements of uncertainty in the 
responses given need to be identified separately. 
 
For the GBR case study of interest, the consideration of risk and uncertainty will 
focus on the relationship expected between the types of management actions and 
certainty with which outcomes are achieved in the GBR (Rolfe et al 2008). In the 
policy context, this approach has relevance because some policy options have high 
levels of certainty of outcomes but be expensive to implement in both financial and 
political terms, while other options may be much cheaper but have less certain 
outcomes. In this project,  CM experiments will be conducted to explore how levels 
of risk and uncertainty can be incorporated into choice sets and whether inclusion of 
this information has an impact on value estimates. 
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