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Abstract

The ordinal scale and polychotomous choice methogl$wo widely used techniques for
estimating preference uncertainty in stated prefsrestudies. This paper presents the results of
two experiments that apply these estimation tealesqThe first experiment was designed to
compare and contrast the scores of the ordina¢ soad polychotomous choice method. The
second experiment was conducted to test a scdledhdines verbal expressions with
numerical and graphical interpretations: a compastitile. The results of the study can be
summarized in three key findings. First, the pobtaimous choice method generates a higher
proportion of ‘yes’ responses than the conventiaih@iotomous choice elicitation format.
Second, the composite scale generates a signifidaigher proportion of certain responses.

Finally, the ordinal scale performs poorly on tleund of construct validity.

Keywords: Preference uncertainty, contingent valuationjraidscale, polychotomous choice
method, composite scale, climate change



1. Introduction

The concept of ‘preference (or respondent) unadstanas gained significant attention in the
stated preference (SP) literature over the pagea@s. Preference uncertainty, in the context of a
hypothetical non-market valuation exercise, referan individual's lack of knowledge or
confidence about their true value of a good in jaegLi and Mattsson 1995). Hanemaetmal.
(1995) argued that individuals do not necessaniyvk their true valuations of a goadth
certainty. Rather they perceive their values ofgbed to lie within an interval. This knowledge
gap gives rise to preference uncertainty whiclorssalered to be partly responsible for
hypothetical bias in SP studies (Champ and Bisla@gd 2 A number of empirical studies have
estimated the magnitude of preference uncertaintyitigate the disparity between hypothetical
and actual behaviour (Chamepal. 1997; Champ and Bishop 2001; Readlyal. 2010). Others
have used preference uncertainty information teetstednd the discrepancy between the
dichotomous choice (DC) and open ended willingtegmy (WTP) contingent valuation (CV)

elicitation formats (Welsh and Poe 1998; Reatlgl. 2001).

Researchers have developed and applied a varistyatds to estimate preference uncertainty in
SP studies. These scales can be either numerardirial or ordinal) or verbal. Li and Mattson
(1995) were the first to devise a cardinal scaleylasked respondents to express their
uncertainty by selecting a number from a probailscale ranging from 0 to 100 percent.
Champet al. (1997) introduced an ordinal scale in which resl@ms were asked to state their
level of uncertainty on a 1 (very uncertain) to(€@ry certain) point scale. Readyal. (1995)

first introduced a verbal scale which is commontpwn as the polychotomous choice method.

Under this method, respondents are provided wihofportunity to express their certainty



directly by choosing from a set of responses, ‘dgjinitely yes (no)’, ‘probably yes (no)’ and
‘maybe yes (no)'. Later, Blamest al.(1999) proposed an enhanced version of this fqrthat
dissonance-minimizing format, which allows responddo select one response from a series of
theoretically informed response categories thattiwlosely resembles their view about the

valuation scenario.

Practitioners do not all agree about which metisashore appropriate to estimating preference
uncertainty in SP studies (Aktet al.2008). The choice of an uncertainty estimatiommégue

is primarily based on an analyst’s subjective judgtinThe survey method literature suggests
that the choice of an estimation scale may havertapt implications for determining response
validity in social science research (Stevens 1®9/ellis 2003). In particular, the estimation of
latent variables (e.g. satisfaction, pain, hap@hean exhibit methodological artefacts (Peterson
and Wilson 1992). Methodological artefact refersystematic non-substantive survey responses
often invoked by the questionnaire frame, ordealtdrnatives and context of the question
(Billiet and McClendon 2000; Horaat al.2003). This issue has been a matter of long-stgndi
interest in the psychology and survey method liteess. Some studies have concluded that
people do not reveal their true preferences oreprsting attitudes during surveys; rather, they
use the questionnaire to determine their prefeeand attitudes (Feldman 1990; Zaller and

Feldman 1992).

These findings question if respondents reveal tine& uncertainty about their WTP or if the
level of preference uncertainty is determined leyaktimation scales. The aim of this study is to

investigate this issue by examining the validityatiérnative uncertainty estimation scales.



Validity is defined as the degree to which the sclivers what it is intended to estimate
(Anastasi and Urbina 1997). This can be assessaddlyzing concurrent and construct validity.
Concurrent validity refers to similarities in patie among values estimated by different scales
(McDowell and Newell 1987). Construct validity coarps results against the theoretical
construct of the notion being estimated. One ofnlest commonly used approaches to testing
construct validity is to test hypotheses indicatbogrelation between the estimated variable and
other variables of interest. Another indicatorvgdence of the ability of the scale to discriminate

among different groups of respondents (McDowell Biegvell 1987).

To the best of our knowledge, no previous studashested the validity of preference
uncertainty scales in SP experiments. Some embstigdies have compared the treatment
effects of uncertainty adjusted WTP against theveahonal DC WTP estimates in terms of
accuracy and efficiency (Samnalietval. 2006; Changt al. 2007). These studies provide no
conclusions regarding the validity of estimatioalss. In this paper, we apply the ordinal,
polychotomous choice and composite scale methddg split sample treatments. The
concurrent validity of these scales was examineddmyparing (1) the distributions of the self-
reported certainty scores and (2) the certaintystdf mean WTP estimates. The construct
validity test involved the assessment of regressesults obtained by regressing the certainty

scores against a set of theoretically and intuifiegpected explanatory variables.

The rest of the paper is organized as follows. geassion of the preference uncertainty
estimation scales is presented in Section 2. The/@#eal model to be used as a framework for

testing construct validity is developed in SectBor description of the survey and case study is



provided in Section 4. The concurrent validity testiults are presented in Section 5 followed by
the regression results in Section 6. A discussfaheresults and concluding remarks are

presented in Section 7.

2. Scales to measuring preference uncertainty

Proponents of the probabilistic scale argue thatavides more precise information about the
level of preference uncertainty as the respondeable to specify a numerical probability on a 0
to 100 percent scale (Loomis and Ekstrand 1998)sé&values can be directly used as estimates
of probabilities of paying (or not paying) the ofd bid level. However, the appropriateness of
this method has been criticized for its assumpttian respondents are able to assess accurately
the probability of their decisions to pay for arvieanmental good. This assumption is unlikely

to hold true in practice as lay people tend to destrate poor understanding of numerical
probability (Burkell 2004; Gigerenzet al.2005. Research dealing with peoples’ statistical
competencies reveals that information about praiséibievents tends to be difficult to

comprehend, even for highly educated people (BUgK£4).

In contrast, on an ordinal scale, preference uac#ytis assigned as numbers in a way that the
order of the numbers reflects the level of uncetyaacross respondents. For example, if
respondent A selects 7 on the ordinal scale ambreient B selects 8, then respondent B is
considered to be more certain about the decisigragihg (not paying) than respondent A.
However, the ordinal scale may be subject to disias for two reasons. First, it has been
observed that individuals interpret the levelsmbadinal scale differently (Brady 1985).

Respondents show ‘scale preference’ in which samieiduals tend to be low raters or high



raters (Roeet al. 1996). This is commonly known as the ‘differenttam functioning’problem
in the survey method literature which poses a ssrtbreat to interpersonal comparison of
ordinal responses. Second, the performance ofdinabrscale with regards to response
reliability, validity and consistency has been fdua be varying based on the number of

categories included in a scale (see Preston areht@wl 2000 for a review).

Psychologists argue that verbal scale-based teabsigre more appropriate to estimating
uncertainty that people experience in everyday(\Wendschitl and Wells 1996). This is because
most people in every day life use words rather thambers when describing their own
uncertainty (Windschitl and Wells 1996). Howevegbdte persists about the performance of the
polychotomous choice method to estimating prefexemzertainty in SP studies. The scale is
considered to involve two perverse incentives.tFihe scale allows respondents to assess the
alternatives less carefully and give an affirmatiegponse, without making a strong
commitment (Readgt al. 1995). Thus, it provides respondents with an ieduent to leave
unresolved their lack of confidence in answerirg\thluation question (Rea@y al. 1995;

Alberini et al. 2003). As a consequence, the format generatesihigtes of ‘yes’ responses
(including ‘definitely yes’, ‘probably yes’ and ‘nghe yes’) than the standard DC question
format. Second, the incentive compatibility progert a SP study is considered to be diminished
when this format is used. Carson and Groves (28@j)e that the DC response format is a
necessary but not sufficient condition to ensuceimmive compatibility of a SP survey. Questions
that involve more than two choice alternatives mpiepvide opportunities for respondents to

respond strategically.



One other pitfall of the polychotomous choice fotmsahe subjectivity of the words used to
elicit preference uncertainty (Hanleyal. 2009). For example, when a respondent is given the
choice between ‘probably yes’ and ‘maybe yes’, sslie distinction between ‘probably’ and
‘maybe’ are objectively defined, the interpretatafrthese two responses could be highly

subjective.

The composite scale was designed to overcome tr&csimings of the polychotomous choice
method. The scale is based on the word-graphiogatale (Teslezt al. 1991). The scale was
developed using peer discussions, two focus greapi@ns and a small-scale pilot test. It used a
verbal expression of certainty which is similathe polychotomous choice method but the scale
was introduced after the DC WTP question. Thusatitsfies the necessary condition for
incentive compatibility. The scale was decomposeéal two major components so that the first
component served as the domain (which tells theoregent what the question is about) and the
second component served as the range (which éslgndents what they are expected to give
back). This decomposition exercise was based oddh&in-range questionnaire structure

suggested by Beatst al. (1999).

In the first step, respondents were asked wheltegrwere certain about their answers to the
WTP question (the domain question). Those who ‘sa'do this question were asked the range
guestion. Five categories of responses comprisedatige question: ‘extremely unsure’, ‘highly
unsure’, ‘fairly unsure’, ‘highly sure’, and ‘extreely sure’. To overcome subjective
interpretation of the verbal scale, each of thedegories was associated with a numerical

probability and a graphical expression (see Figur®ie diagrams were added to help



respondents visualize the information. The liter@in health risk communication suggests that
pictures accompanied by clear text help commumnoatirough higher attention,
comprehension, recall and adherence by respon(ld¢atsset al. 2006). Furthermore, graphical
representation of data improves judgment and detisiaking by providing a holistic view of

information (Lipkus and Hollands 1999).

INSERT FIGURE 1 HERE

3. Analytical framework for testing construct validity

Although no explicit theoretical model has beenaleped to explain variations in preference
certainty scores, there is general agreement aoooé hypotheses that have emerged after
Loomis and Ekstrand (1998). They suggested thatd¢laeported certainty score (C) is a
guadratic function of bid level (Bid and BidSQ).dpendents’ prior knowledge and familiarity
with the good in question were also found to bedrtgnt determinants of the self stated
certainty scores. Psychology theory suggests thata@mental uncertainty is an important
source of psychological uncertainty (Dowretyal. 1975). Here the term ‘environment’ refers to
the basic conditioning of the decision making fraragk within which the individual decision
maker operates from. Environmental uncertainty cathenever the outcome of an event in
future and/or the probability of an outcome to gatannot be precisely determined (Dowmty
al. 1975; Duncan 1972). They provide direct inpubiab individual’s cognitive mapping

process and thus help determine the level of pdggloal uncertainty (Downegt al. 1975).



Two different forms of environmental uncertaintyndze identified in a SP context, namely,
subjective scenario and policy uncertainty. Sulbjectcenario uncertainty refers to an
individual’'s lack of knowledge or information abdbte scale of future damage to an
environmental good. Subjective policy uncertairgfers to an individual's lack of knowledge
about the probability of a policy intervention bgieffective in remeding an environmental
problem. A number of SP studies (Cameron 2005; Bantgt al. 2007; Akter and Bennett 2009)
have investigated the role of these uncertaintresmdividual's WTP for non-marketed goods.
They show that the magnitude of subjective scerartpolicy uncertainties negatively
influence individuals’ valuations, i.e. the highike subjective uncertainty, the lower the WTP.
Since preference uncertainty arises from value ti@icey (i.e. individual not knowing the value
of the good with certainty), it can be argued thatmagnitude of subjective scenario and policy
uncertainty may intensify the uncertainty expereghtor the value of the good in question. This
analogy suggests that subjective scenario andypaticertainties are likely to affect preference
uncertainty negatively. In other words, the higtiner subjective uncertainty about scenario and

policy, the lower the stated certainty score ame viersa.

Finally, the certainty scores are expected to wargss respondents’ age (Age). The psychology
literature presents evidence of negative effecegaig on performance in cognitive tasks mainly
due to slower information processing capacity (l¢gr2006). However, others argue that
relatively older people bring knowledge and expeewhich may partially or completely offset
any decrease in cognitive functioning that may hao@irred with age (Marsiske and Margrett

2006). Therefore, the net effect of age on psyajiodd uncertainty can be either positive or

10



negative depending on the relative magnitude otldadine of cognitive processing effect and

the wisdom effect due to higher level of knowledgel experience.

The statistical model to be tested takes the foligviorm:

Ci=a +p1Bid;+ f, BidSQ + 3 Knowledge+ 54 Subjective Scenario Uncertainty
+ fs Subjective Policy Uncertainty fs Age (25) +47 Age (35) +fs Age (45)
+ B9 Aga(55) +p10 Aga(65) +s (1)

Table 1 presents a description of the independantbles and the expected signs of their
coefficients. In Equation 1, the variables Age(25ye(35), Age(45), Age(55) and Age(65) are
dummy variables to represent respondents fromdge groups between 25 and over 65 years.

The age group 18-24 years is the base levisla constant term anrdtands for error term.

INSERT TABLE 1 HERE

4. Survey and data

The context of the experiment was Australian hoakksh preferences for the occurrence and
mitigation of anthropocentric climate change. Ag pé fulfillment of its Kyoto Protocol
obligations, the Australian Government proposedtsonal emissions trading scheme known as
the Carbon Pollution Reduction Scheme (CPRS) ir8208e aims of the CPRS were to reduce
emissions by 60 percent of 2000 levels by 2050tarehcourage the development and use of

reduced emission technologies (Department of Ceén@dtange and Energy Efficiency 2008).
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The implementation of the CPRS was expected t@as® the prices of a wide range of
emission-intensive goods and services and therafamease household expenditure. The case
study aimed to explore Australian households’ wihess to bear extra expenses to support the

CPRS.

A web-based CV survey was conducted in Sydney iweNtber-December 2008. The sample
was stratified with respect to gender (50% male 20 female), age group (50% lower than 35
and 50% higher) and education (33% high schooktovia, 33% certificate or graduate diploma
and 33% university). These quotas were chosen las#tk information collected from the
Australian Bureau of Statistics (ABS 2008). Respntd were asked if their household would be
willing to pay extra expenses (higher prices facticity, fuel, public transport, food in
restaurants and groceries) per month resulting trerCPRS. Eight different ‘bids’ ranging

from A$20 to A$400 per month per household wergoamy assigned across the respondents.

The survey was conducted in three split samplgsSS&rdinas (2) STompositednd (3) Se.
Respondents were asked a DC CV question in thesR&nd SSomposite IN the SSrdinal
respondents were asked about their preferencetamtgrusing a 10 point numerical scale
(1=highly uncertain, 10=highly certain) after th€ @V question. In the SGnposite respondents
answered the composite scale preference uncertguleistions after the DC CV question.
Respondents in the §&answered the polychotomous choice CV questionitichided six
preference uncertainty response categories (‘deflynyes (no)’, ‘probably yes (no)’ and ‘maybe

yes (no)’).
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The survey questionnaires included four questiomaaasure the two key variables included in
the analytical model (Equation 1) — scenario anlccpaincertainty. These questions were
framed following the approach adopted by Camer®@%2 and Viscusi and Zeckhauser (2006).
It was assumed that respondents do not know thet eRange of future temperatur€lf) nor

the true probability of the policy being effectivemitigating the temperature change) (P
However, respondents have distribution&®fand P in their minds. These distributions vary
across individuals with respect to their meauy ( ) and varianceofar, 6%p). Subjective

scenario and policy uncertainties are reflectethyariances of these distributions.

Respondents were first shown a figure displayverage annual temperature in Australia for
the period of 1910 to 2007. They were then presinith a series of 32 different levels of
possible changes in annual average temperaturengaiigm minus 5° to 10°C and asked to
indicate their perceptions of high and low guesg¢emperature change in 2100 relative to the
current year (see Figure 2). The difference betwagim and low guess temperatures was used as
a measure of variance?r). A similar approach was applied to estimate thgance of the
distribution of the likelihood of policy effectivess 6%). A numerical probability scale was
used to elicit respondents’ perceptions of thaghihguess’ and ‘low guess’ of policy
effectiveness. A verbal probability classificati@onsistent with the IPCC likelihood scale, was
attached to the numerical scale (see Figure 3 dliference between high and low guess of the
subjective probability of policy effectiveness wesed to estimate subjective policy uncertainty

(c°p)".

! Note that all responses regarding the rangeshi¢eature change and likelihood of policy effeativss were
included considered in the analysis. In other woiitis stated ranges were not assessed for vatigitpmparing
them with official estimates.

13



INSERT FIGURE 2 HERE

INSERT FIGURE 3 HERE

No statistically significant differences were ohsst among respondents’ socio-demographic
characteristics across the three sample splitst Bv@ercent of the respondents were female
and their average age was about 34 years. On ayehmghouseholds consisted of three
members. Three-quarters of the sample respondeméesemployed and two-thirds of them were
working full time. Average weekly household incomas A$1,442, which was significantly
higher than the Sydney (A$1,360) and national (88%) household income per week (ABS
2008). Trimming off the five percent lowest andhegt values, the average weekly household
income equalled to A$1,346. The differences betvikeririmmed sample mean weekly income
and Sydney population and national population ineevare not statistically significant at the 10

percent level.

5. Concurrent validity results

5.1. Distributions of certainty scores

In this sub-section, the distributions of self-repd certainty scores obtained from the three
sample splits are compared on the basis of thresiar First, we examine whether the
polychotomous choice method generates a higheopiop of ‘yes’ responses compared to the
DC elicitation format. Second, we investigate wieetthe three estimation techniques generate
equal proportions of low-end, mid-scale and higd-eertainty scores. Finally, we examine
whether the distributions of certainty scores acrges/no’ WTP responses show similar

patterns.
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Recoding ‘definitely yes’, ‘probably yes’ and ‘mag/lyes’ responses to ‘yes’ and ‘definitely no’,
‘probably no’ and ‘maybe no’ responses to ‘no’,(88) percent of ‘yes’ (‘no’) responses were
observed in the $&. The proportion of ‘yes’ responses in the & 63 percent higher than that
of SSrginai@and SSomposite. This difference in the distribution of ‘yes/no’ pemses in thefgwas
significantly different from the other two sub-sde®(S$c & SSorginai Chi square=7, p<0.01;
SSc & SSomposite Chi square=10, p<0.01). No statistically sigrafit difference was observed
between the ‘yes/no’ WTP responses across thei@#nd SSompositd Chi square=0.1§3<0.7).
The proportions of ‘yes’ responses across bid teware compared in the three sample splits
(Figure 3). At bid levels A$200, A$250 and A$30Gignificantly higher proportion of
respondents in thesgsaid ‘yes’ than the other two sample splits (A$208i square=6, p<0.05;
A$250: Chi square=3, p<0.10; A$300: Chi squarex®.01). These results provide evidence
in support of Readgt al’s (1995) proposition that the polychotomous chdarenat induces a
tendency to give affirmative responses, particulatlhigh bid levels, without any strong

commitment.

INSERT FIGURE 4 HERE

A third (34%) of the respondents in thepgStated the high-end certainty level (definitely
yes/no) about their preferences for paying (orpayting) for the CPRS while less than a third
(28%) chose the mid-scale response (‘probably yexl)over a third (38%) stated the low-end
certainty level (maybe yes/no). In thesaa, about half (47%) of the respondents stated the

high-end certainty scores (8, 9 and10), over 40grdrstated the mid-scale certainty scores (5, 6

2 It might be argued that ‘probably yes (no)’ andyhe yes (no)’ responses are not the same as thge®(no)’
responses. However, this treatment approach wdedgpllowing Readyet al. (1995) and Whiteheagt al. (1998).
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and 7) while the rest (11%) stated the low-endagaty scores (1, 2, 3 and 4). The difference in
the distribution of stated certainty scores ingbg/chotomous choice and ordinal scale was

statistically significant at the one percent lef@hi square=54p<0.001). This result implies that
respondents answering the ordinal scale tend te sghatively higher certainty about their WTP

decisions than the polychotomous choice format.

In the SSomposite 87 percent of respondents said ‘yes’ to the dorgaestion (are you sure about
your answer to the WTP question?). The remainingell8ent proceeded to the range question.
None of the respondents who answered the rangé@usslected the ‘extremely sure’ option
and one respondent selected the ‘extremely unsptesn. About 10 percent said they were 50
percent sure and three percent indicated they Wepercent sure. The domain question was
meant to detect respondents who had absolutelyubts about their decisions. Therefore,
respondents who said ‘yes’ to the domain questiene@fter domain-yes) were exempted from
answering the range question to avoid repefitiBlowever, the large number of ‘domain-yes’
responses raises concern about how the domaina@uests interpreted by different
respondents. The term ‘sure’ in the domain questiag not have been interpreted as 100

percent certainty by all respondents who answeyest to this question.

Two alternative approaches — symmetric and asynmnetvere adopted to address the potential
ambiguity associated with the domain-yes respoides symmetric approach is widely used to
allocate numerical probabilities to mirror-imagehed probability phrases (e.g. ‘sure-unsure’)

(Clarkeet al. 1992). This approach assumes perfect symmetrydaetywositive and negative

® Participants in the focus groups and peer disenssieported that they found the range questioetitee once
they had said ‘yes’ to the domain question.

16



phrases and therefore assigns 50 percent prolyabikach. According to this approach, the
domain-yes responses were assumed to be assowittiet least 50 percent certainty. More
specifically, the symmetric approach assumes teatertainty scores of those respondents who

answered ‘yes’ to the domain question lie betweark 100 percent.

The validity of the symmetric approach has beerstijoieed by research that demonstrates
mirror-image probability phrases are more likelyogasymmetric with positive expressions
having greater probabilities than negative expoess(Lichtenstein and Newman 1967; Reagan
et al. 1989). Empirical studies have found that the thasphrases (e.g. probable, probably,
likely, sure) are associated with over 70 percemerical probability (Clarket al. 1992; Lau

and Ranyard 1999). Therefore, according to the asgtmc approach, it can be assumed that the
domain-yes responses are associated with at I8egstréent certainty. In other words, the

certainty scores of domain-yes respondents lie &t 0 and 100 percent.

The asymmetric approach generates 90 percent iglceztainty responses in the composite
scale. This implies that about 90 percent of redpats in the SSmpositeStated 70 percent or
higher certainty about their WTP answers. This propn was significantly higher than the
high-end certainty responses observed in the theraicales (SBmpositednd SKcs: Chi
square=178p<0.001; SGomposittdnd S$c: Chi square=183<0.001). The symmetric
probability allocation approach generated over &e@nt mid-scale and high-end certainty
response. This implies that over 95 percent ofardpnts in the SGmposiiavere at least 50
percent certain about their WTP answers. This ptapois significantly higher than the ordinal

scale (85%) and polychotomous choice format (6 388}t dmpositetand SK®cs Chi square=85,
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p<0.001; SSomposittand S$c: Chi square=8%<0.001). These results imply that the composite
scale generates the highest proportion of certpanses compared to the two other scales

regardless of the treatment applied to the domeagrgsponses.

The distributions of the self-reported certaintgres in the three sample splits were examined
for differences across ‘yes/no’ WTP responseshén3$c, a significantly higher proportion
(49%) of the respondents who said ‘no’ to the Wjliestion were very certain (‘definitely no’)
about their decisions as opposed to only 15 pefahie ‘yes’ respondents who were very
certain (‘definitely yes’) (Chi square=54.1(3%0.001). Likewise, a significantly higher
proportion (40%) of ‘no’ respondents in thecaia were very certain (certainty score =10)
about their decisions as opposed to less than 2@meof the ‘yes’ respondents who were very
certain (Chi square=29<0.001). In the S&mposite @ Significantly higher proportion (91%) of
‘no’ respondents said ‘yes’ to the domain questiompared to 78 percent of ‘yes’ respondents
who said ‘yes’ to the domain question (Chi squaepx0.001). These results imply that the
‘no’ responses tend to be held with greater cetganores than ‘yes’ responses regardless of the

estimation method.

5.2. Certainty adjustment results

Table 2 presents certainty adjusted mean WTP and36 percent confidence intervals.
Certainty adjustment refers to the exercise ofdewporiginal ‘yes’ responses to ‘no’ based on
some cut-off points, e.g. recoding the DC ‘yespi@sses to ‘no’ if ordinal scores are greater
than seven. In the polychotomous choice methodisaients are made by recoding ‘definitely

yes’ and ‘probably yes’ as ‘yes’ and the rest a&s, ‘ar recoding only ‘definitely yes’ responses

18



as ‘yes’ and the rest as ‘no’ (see Akde¢ral. 2008 for a review). We applied two recoding
principles to allow inter-scale comparison of unaerty adjusted mean WTP estimates: high-
end and mid-scale adjustment. Under the high-epgtudent principle, the ‘yes’ responses
accompanied by the high-end certainty scores (definitely yes=yes in the $§ 8, 9 and 10 in
the SQrdinai Certainty score: 70% in the S&mpositd Were considered as true ‘yes’ and the rest
were coded as ‘no’. The mid-scale adjustment ppiediefers to the recoding rule where ‘yes’
respondents who selected a certainty score loeatdrk middle of the scale (‘probably yes’ and
‘definitely yes’ in the S&, 5 and above in the $Ginaand ‘fairly sure’, ‘highly sure’,

‘extremely sure’ and domain-yes responses in thep&ig. These certainty-adjusted mean

WTP estimates were compared with the original DCRéEtimates.

INSERT TABLE 2 HERE

A non-parametric approach, suggested by Kristrd®@) was applied to estimate the mean
WTP vales. The main advantage of nonparametrimasirs is that they are robust against
functional misspecification (Kerr 2000). KrinskydaRobb (1986) confidence intervals for the
point estimates of mean WTP were estimated usiagdferendum CVM programs (in GAUSS)
written by Cooper (1999). The mean WTP estimateS®igina (A$143) and S&mposite(A$153)
(the DC WTP format) were not statisticdlijifferent from each other. The polychotomous
choice WTP estimat€A$230) was about 50 percent higher than the DGPWStimates. This

difference was statistically significant at theefipercent level.

* The convolution based Peeal. (1994) test was used to test statistical diffeesrtietween mean WTP estimates.
® This was obtained by recoding ‘maybe yes’, ‘prdpaies’ and ‘definitely yes’ responses to ‘yes’ ahd rest as
‘no’.
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The mid-scale adjustment principle generated asjidower mean WTP estimate for §&nal
(A$123)while the same principle caused mean WTP estinoat8 &omposit(A$154) to increase.
However, these estimates were not statisticalfgaiht from each other. The mid-scale adjusted
WTP estimated for S3(A$70) was significantly lower than the estimatésained for S&inal

and SSomposite The composite scale generated the highest highadjusted mean WTP estimate
(A$136). However, note that this estimate was olgiiby applying the asymmetric probability
principle (domain-yes 70% certainty). The high-end adjusted mean WTihestd for SSginal
(A%$52) was significantly higher than the high-emijuated mean WTP estimate obtained from
SSc(A$27).

6. Construct validity results

This section presents the regression results aatdnom the estimation of Equation 1 presented
in Section 3. The stated certainty scores obtafireed the ordinal scale and polychotomous
choice method are ordinal. The ordered probit mddst introduced by McKelvey and Zavoina
(1975), serves as an appropriate framework foissitzl analysis in this case. It uses the
information that one response category is highan the other by ignoring the magnitude of the
differences. Therefore, two ordered probit regssnodels were estimated using the certainty
scores of both ‘yes’ and ‘no’ responses. The irgke(@r grouped data) regression approach,
similar to an ordered probit model, was appliedralyze the scores from the composite scale.

The interval regression approach is applicable wherdependent variable is limited to a certain
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number of categories, but the ranges of the unierlyariable to which each category refers to

are known (Wooldridge 200%)

The results obtained for the ordinal scores aregured in Model 1 (Table 3). No statistically
significant effects could be detected for any @& éxplanatory variables used in this model.
Model 2 presents the polychotomous choice restits.coefficient of Knowledge (if
respondents have heard about the CPRS beforerheyswas positive and statistically
significant at less than 10 percent level. Thisliegpthat, respondents who had heard of the
CPRS were more certain about their ‘yes/no’ WTHsilees. The coefficient of Subjective
Scenario Uncertaintyssr) was negative and statistically significant atfire percent level,
implying that the more uncertain respondents wboaiathe future increase of temperatures, the
less certain they were about their decisions t@asumr not to support the policy. The
coefficients of Age(45) and Age(55) were positivel statistically significant at the five and 10
percent level respectively. This implies that rexpents of these two age groups (45-54 years
and 55-64 years) were significantly more certaioudbheir WTP decisions than other
respondents. Although the coefficient of Age(55swiagher than the coefficient of Age(45), the

difference was not statistically significant at t@percent level (Chi square;0.96).

®In the S$.anaand S$, preference certainty is a latent variable. INSeomposite the stated certainty scores have
some quantitative meaning and so in that casenerefe certainty is not a latent variable. Howetrez,exact level
of certainty is still not observable. We only ohaewhether certainty falls within a specific rang@eoretically, an
interval regression approach is more efficient tanmrdered probit approach to model this lattpe tgf variable
since the estimation procedure utilizes informapoovided by the thresholds values to produce imate of the

standard deviation rather than requiring that leisiormalized to one (Horowitz 1994).
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INSERT TABLE 3 HERE

Models 3 and 4 in Table 3 present the resultsHfercomposite certainty scofeblote that the
dependent variables in these two models were casl@ah interval with an upper and lower limit.
These two models vary in their assumptions abauirtterpretation of the domain-yes
responses. Model 3 is estimated based on the asymm®bability allocation principle to the
domain-yes responses. It assumes that the cersaotgs of respondents who answered ‘yes’ to
the domain question lie between 70 (lower limityl &®0 (upper limit) percent. Model 4 assumes
symmetric probability allocation to the domain-yesponses. The certainty scores of
respondents who answered ‘yes’ to the domain questere assumed to lie between 50 (lower
limit) and 100 (upper limit) percent. The certaisgores of the rest of the respondents (who
answered the range question) were coded accomliting tvalues included in the scale. In both
Models 3 and 4, the coefficients of the variables &d BidSQ were statistically significant. As
expected, the signs of the coefficients of Bid BidSQ were negative and positive respectively.
The coefficient of Subjective Policy Uncertainty/#) was negative and significant at the five
percent level in Model 3. However, the coefficiehthis variable was not statistically

significant in Model 4. As in Model 2, responderdgle was found to have a positive influence
on self-reported certainty scores in both Modeh@ 4. The coefficients of Age(35), Age(45)
and Age(55) were positive and statistically sigrafit at the 10, one and five percent level
respectively. This implies that respondents of¢hltesee age groups were significantly more

certain about their decisions than respondentsgelg to the other age groups. However, none

" The full set of certainty responses (n=308) watuited in the analysis.
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these age coefficients were significantly differotn each other implying the absence of non-

linear relationships between age and stated ceytsoores.

7. Discussion and conclusion

The aim of the study was to investigate the comeurand construct validity of the preference
uncertainty estimation techniques. We applied tloénal scale, polychotomous choice method
and composite scale using split sample treatmé&hts.concurrent validity test results show
evidence of methodological artefact. It was obsgthat the polychotomous choice format
generates higher proportion of ‘yes’ responsegiqudarly at higher bid levels. The distributions
of low-end, mid-scale and high-end scores wereddorbe significantly different across
preference uncertainty estimation scales. The csitgpand ordinary scales generated
significantly higher proportion of mid-scale andjlimvend scores than the polychotomous choice

format.

Differences were observed in the certainty adjustedn WTP estimates obtained from the three
sample splits. The polychotomous choice format peed a significantly higher mean WTP
estimate than the conventional DC WTP estimates.rifiid-scale and high-end adjusted mean
WTP estimated for the polychotomous choice sample significantly lower than the mid-scale
and high-end adjusted mean WTP estimated for drdimdcomposite scales. Furthermore, the
high-end adjusted mean WTP for the composite sgatesignificantly higher than the high-end
adjusted mean WTP of the ordinal scale. Theserfgedimply that the choice of a preference

uncertainty estimation scale may generate sigmfigalifferent welfare estimates and therefore,
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may lead to different conclusions with regarddi® ihagnitude of the deviation between

hypothetical and actual behaviour or the DC WTP @meh-ended WTP estimates.

In the absence of a theoretical model of preferemoertainty in SP literature, a number of
hypotheses were formed based on theoretical andivetreasoning to test the construct validity
of the self-reported certainty scores. The vanmetiof the polychotomous choice responses were
explained by variations in respondents’ familigrgégenario uncertainty and age. The construct
validity of the composite scores was found to besgive to the treatment of the domain-yes
responses. When an asymmetric numerical probabsgygnment principle was applied,
variations in the composite scores were explainebidh levels, policy uncertainty and age.
Under the symmetric probability allocation prin@ppolicy uncertainty did not have any
statistically significant influence on the compesstores. The ordinal scale, the most widely
used scale to estimate preference uncertainty ist&Res, showed poor construct validity. The
variation of the ordinal scores could not be exydiby variations in any of the explanatory

variables in the regression model.

The construct validity test is not conclusive gitkat the hypotheses were not drawn from a
theoretical model of preference uncertainty. Howgethee results are indicative of inadequacy of
the ordinal scale in estimating preference unaetgaAlthough the polychotomous choice
method showed better construct validity than tlteknal and composite scale, the concurrent
validity test results provided evidence in suppdrthe widely-held belief that this format
induces false uncertainty (Reaelyal. 1995; Alberiniet al. 2003). The composite scale
performed better than the ordinal scale on constralality grounds. Furthermore, the composite
scale offers an improvement over the polychotonatwsce format. It maintains the

conventional DC valuation question format, allowpression of certainty on a verbal scale and
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provides numerical and visual interpretation of tlebal scales to avoid subjective

interpretation and to ensure better comprehengibiowever, there are some caveats to the use
of the composite scale. The scale generated arcegented proportion of certain responses.
This could be due to the structure of the domangesof the scale. One possible remedy for this
problem would be to ask all respondents both theado and range questions. Another option
could be to add a measure of numerical probahdityhe domain question, e.g. are you 100%

sure about your response?

Finally, this study is one of the first attemptsctompare preference uncertainty scales and to
develop a new scale that overcomes some deficentiexisting scales. The results of our
experiments provide three conclusions. First, ti@ae of an estimation scale influences the
level of preference uncertainty in CV studies. $elcdhe suitability of the ordinal scale in
estimating preference uncertainty in CV studieguestionable. Finally, the composite scale
holds promise as a useful estimation technique. d¥ew further research is necessary to explore

the full potential of this method.
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Figure 1: Valuation question and composite scale

18. Would you be willing to spend an extra $ X pamonth starting from 2010 on

your current household spending to pay for the ‘Cabon Pollution Reduction

Scheme’?

[Please note that this is not a tax or levy. The & expense is due to rise in prices of
necessary goods and services.]

[When answering this question, keep in mind your \@ws on the likelihood of other
polluting countries introducing a similar scheme.]

[ 1 vYes

No

19. Are you sure about your answer in the previouguestion?

|:| Yes
L] No

20. How do you feel about your answer to the questi no 18? (TICK ONE BOX)

Extremely unsure—» @—» I am 99% unsure

Shaded area

represents

[0)
—  » | am 75% unsure how unsure

Highly unsure—»

you are

Fairly unsure———» — | am 50% unsure

Highly sure——» — | am 25% unsure

Extremely sure——» 5 lam 1% unsure

Sy @

33



Figure 2Questions asked to estimate subjective scenarioagrtainty

Section A: We would like to know your perception abut future temperature change.

The following graph shows the average annual tempatures in Australia over the past 100
years.

Average Annual Temperature in Australia (1910-2007)

23.5

Averaae annual temperatures have increased bv 0.9 in the past
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Source: The Bureau of Meteorology, Australia (2008)

1.a. What is the most you think average temperatusemight change in 100 years time if
nothing is done to prevent climate change? 9@ drop down box appeared here with
32 different levels of temperature)

1.b. What is the least you think average temperatws might change in 100 years time if
nothing is done to prevent climate change? 9@ drop down box appeared here with

32 different levels of temperature)
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Figure 3Questions asked to estimate subjective policy untainty

Very Unlikely Unlikely Less Likely Than INot MMore Likely Than Mot Likely Very Likely

A A A Y_/H AN A
( Y N Y )

10%0 30%0 90% 100%%

0% 20%0 40%0 50% 60% T0%% 80%

3. What do you think are the _highest and the_lowesthances of the ‘Carbon Pollution
Reduction Scheme’ being successful in slowing dowhe rise in temperature in Australia if
major polluting countries like USA, China and India INTRODUCE a similar scheme?

Highest chance %

Lowest Chance %
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Figure 4Distribution of certainty scores across bid levels
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Table 1 Explanatory variables and their expected gns

Variable Description Expected sign

Bid Bid level —

BidSQ Square of bid level +

Knowledge Knowledge/familiarity with the good in +
guestion

Subjective Uncertainty about future scenario measure( -

Scenario by estimating the variance of individual's

Uncertainty subjective distribution of future temperature
change

Subjective Policy Uncertainty about the effectiveness of the -

Uncertainty policy measured by estimating the variance
individual's subjective distribution of
likelihood of policy success

Age(25) Respondents aged between 25 and 34 yea +/—
otherwise=0

Age(35) Respondents aged between 35 and 44 yea +/—
otherwise=0

Age(45) Respondents aged between 45 and 54 yea +/—
otherwise=0

Age(55) Respondents aged between 55 and 64 yea +/—
otherwise=0

Age(65) Respondents aged 65 years=1, otherwise= +/—
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Table 2 Non-parametric mean WTP (AUD/Month) for the CPRS and 95%

confidence interval (2000 repetitions).

Ordinal Scale DC response  Mid-scale adjustrienHigh-end adjustmeht
Mean WTP 143 123 52

(95% confidence intervals) (126 — 160) (107 — 138) (34 — 66)
Composite scale DC response  Mid-scale adjustmemitigh-end adjustmeft
Mean WTP 153 154 136

(95% confidence intervals) (114 — 227) (114 - 218) (87 — 233)
Polychotomous Choice PC responsé Mid-scale adjustmeht High-end adjustmeht
format

Mean WTP 230 71 27

(95% confidence intervals) (171 — 343) (55 - 87) (16 — 38)

Explanatory notes:

®DC WTP yes=yes only for certaintyp; otherwise=no.
®DC WTP yes=yes only for certainty8; otherwise=no.

CFairIy sure, highly sure and extremely sure yesszyes to the domain question=yes; otherwise=no.
dHighly sure and extremely sure yes =yes; yes talthreain question=yes; otherwise=no.

eMaybe, probably and definitely yes (no)= yes (no)

fProbably and definitely yes =yes; otherwise=no.

gDefinitely yes =yes; otherwise=no.
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Table 3 Ordered probit regression results for state certainty scores of both ‘Yes’

and ‘No’ responses.

Variable DeSCfiption aSOrdinal : bSPC: CSComposité dSComposité
Model1l  Model 2 Model 3 Model 4
Constant - - 80*** 64***
(5.4 (6.54)
Bid Bid level (20, 50, 100, 150, 0.002 -0.01 -0.06** -0.06*
200, 250, 300, (0.001) (0.07) (0.003) (0.04)
400A%/month)
BidSQ Square of bid level -3.27e-06 -2.04e-08 1.50E-04** 1.63E-04**
(4.40e-06) (3.30e-06) (7.08E-05) (8.69E-05)
Knowledge Respondents have heard of 0.033 0.26* 0.75 1.13
the CPRS (Yes=1, No=0) (0.12) (0.13) (2.03) (2.42)
Subjective  Uncertainty about future -0.032 -0.08*** 0.12 0.08
Scenario scenario measured by (0.023) (0.02) (0.43) (0.51)
Uncertainty estimating the variance of
individual’s subjective
distribution of future
temperature change
Subjective  Uncertainty about the -0.002 -0.0002 -0.13** -0.11
Policy effectiveness of the policy (0.003) (0.004) (0.06) (0.07)
Uncertainty measured by estimating the
variance of individual’s
subjective distribution of
likelihood of policy success
Age(25) Respondents aged betweer  -0.07 0.24 3.09 2.48
25 and 34 years=1, (0.19) (0.19) (3.02) (3.29)
otherwise=0
Age(35) Respondents aged betweer  0.19 0.31 6.23** 6.90*
35 and 44 years=1, (0.19) (0.18) (3.15) (3.57)
otherwise=0
Age(45) Respondents aged betweer  0.15 0.48** 10.75%** 12.53***
45 and 54 years=1, (0.22) (0.23) (3.24) (3.96)
otherwise=0
Age(55) Respondents aged betweer  -0.09 0.49* 9.88** 11.52**
55 and 64 years=1, (0.29) (0.07) (4.04) (5.14)
otherwise=0
Age(65) Respondents aged 65 -0.37 0.14 6.88 6.78
years=1, otherwise=0 (0.33) (0.54) (6.32) (7.55)
o -1.8%** 0.003 - -
(0.28) (0.34)
o’ -1.5%** 0.76** — -
(0.27) (0.35)
ozt -1.2%** - - -
(0.26)
0(46 N _ _ _
(0.25)
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a5t -0.5%* - - -

(0.25)
ag -0.11 - - -
(0.25)
oz’ 0.23 - - -
(0.25)
g’ 0.52** - - -
(0.25)
ag 0.63** - - -
(0.25)
Model fit statistics
Log likelihood -594 -335 -321 -132
LR chi square 13 26 23 19
(df=10, (df=10, (df=10, (df=10,
p<0.22) p<0.01) p<0.05) p<0.05)
N 306 319 308 308

Explanatory notes:

2Dependent variable varies between 1 (absolutelgmiaia) and 10 (absolutely certain).

®Dependent variable varies between 1 and 3 (‘maglsénp’=1; ‘probably yes/no’=2 and ‘definitely
yes/no'=3).

¢ Interval dependent variable (Yes to question 1Bigure1=70-100%; extremely sure=76—-99%; highly
sure=51-75%; fairly sure=24-50%; highly unsure=262%xtremely unsure=0—-1%)

4 Interval dependent variable (Yes to question 1Bigure1=50—100%:; extremely sure=76—-99%; highly
sure=51-75%; fairly sure=24-50%; highly unsure=242%xtremely unsure=0—-1%)

®Models 1 and 2 do not include a constant term tethey include the full set of cut-off points @icut-
off points in Model 1 and two cut-off points in Meld?). It is not possible to identify both the ctarg
term and all the cut-off points.

“a; sare threshold values associated with responsearisg

— Standard errors of the parameter estimates betiraekets.

— *** p<0.01; **: p<0.05; *: p<0.10.
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