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Abstract 

The Contingent Valuation (CV) Method, like other stated preference techniques, seeks to 

measure economic preferences for public goods. Throughout the development and 

application of this non-market procedure, the accuracy of the measured preferences has been 

front-and-centre among practitioners and potential users. The most important issue of debate 

has been the extent to which the method can reliably measure economic preferences. In this 

article, a new methodology is described that enables multiple indicators of latent preferences. 

Multiple-indicator CV (MCV) enables the application of reliability analyses that are well 

established in psychology and sociology and represent the foundation of evaluating the 

measurement of latent variables. Furthermore, with the new MCV approach, the reliability of 

measurement at the individual level can be assessed in a single administration of the MCV 

survey thereby alleviating any need for longitudinal methodologies or comparison of mean 

estimates with other valuations of the same ecosystem service or public good should these 

be available. Once adequate reliability is established, the multiple-indicator framework 

supports the estimation of mean values via existing econometric techniques. With greater 

confidence in the reliability of measured contingent values, the interpretation of validity tests 

is enhanced. 
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1. Introduction 

Environmental economics has developed the contingent valuation (CV) method to establish the 

value of ecosystem services. The relevance of the method stems from the absence of markets in 

which transactions can be observed and used to infer the maximum amount that individuals are 

willing to pay (WTP) or willing to accept (WTA) compensation for. Transactions involving buyers and 

sellers represent observed behaviour from which economic preferences – a latent (or unobservable) 

variable [1] – can be understood. Without a means of estimating preferences, efficiency analyses 

such as the benefit-cost test cannot be undertaken. 

Accurately measuring latent variables is not straightforward because they are unobservable 

constructs. The accuracy of the values of latent variables that are inferred from observed indicators 

depends upon the degree to which the measured data coincides with the unobservable construct. 

One source of influence on indicators is random measurement error [2]. This type of error in the 

observed data reflects solely chance variation. Random sources of variation serve to decrease the 

correlation between the latent variable and its indicators.  

To index the degree of random error in observed indicators, the term reliability is used [3]. 

Reliability refers to the extent to which an indicator consistently provides the same result under the 

same conditions. This consistency does not mean that individuals should give the same response on 

one or more occasions. Rather, it requires that the rank-order of individual responses remains the 

same from one valuation occasion to the next. Larger amounts of random variance decrease an 

indicator’s reliability and contributes to its inconsistent performance in situations where 

consistency is expected. If researchers can reduce random noise in indicators (e.g., by designing 

unambiguous survey questions; by providing adequate time to respond to a survey; by providing 

respondents with a comfortable, distraction-free environment when implementing the survey; etc.) 

the reliability of an indicator should increase and the opportunity to measure the latent variable the 

researcher intended to measure (e.g., economic preferences) is more likely. 

This article introduces a new approach to the valuation of economic preferences that facilitates 

the straightforward assessment of measurement reliability. In the following section, a brief history 

of reliability testing in contingent valuation is provided with reference to more substantial, earlier 

reviews of this literature by Jorgensen et al. [4] and Jorgensen [5]. Next, recent theoretical 

contributions to understanding the reliability of contingent values are discussed with reference to 

any significant strengths and limitations. Methods of testing the reliability of measured observations 

are discussed in Section 4 with particular reference to those methods directly applicable when 

multiple indicators are available. A new valuation approach – multiple-indicator contingent 

valuation (MCV) – is presented in Section 5 which enables the application of standard reliability 

assessment procedures because of its use of multiple-indicator measurement models. Readers are 

introduced to the approach in a step-by-step manner focusing on its implementation in applied 

settings. Section 6 briefly reviews the range the steps required to estimate the measurement model 
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and calculate the required reliability coefficients. Conclusions are provided in the final section of 

the article.  

2. Reliability Assessment of Willingness-to-Pay (WTP) Responses in Contingent Valuation 

Previous research on the reliability of measurements of WTP suffers from significant 

methodological flaws that have made their conclusions irrelevant to questions concerning random 

error [4, 6]. These errors continue to appear in recent research on the temporal stability of WTP 

responses [7-9]. The most frequently used means of estimating reliability in this literature has been 

the Test-retest method in which WTP is measured at two time points from the same sample of 

individuals. Consistency here is not limited to individuals providing the same response on two or 

more separate occasions. Rather, it refers to the consistency of the relative rank-order of individual 

responses on separate occasions. Responses on one occasion can demonstrate perfect reliability if 

their correlation with responses on a second occasion equals one.  

The correlation between responses obtained at the two testing occasions constitutes the 

reliability coefficient. The test-retest correlation indexes the degree of reliability given that random 

sources of error variance are uncorrelated with systematic sources of variance. Correlations close 

to zero indicate low reliability and values close to ±1.0 reflect high reliability. In the Test-retest 

studies that are methodologically sound, most reliability coefficients are in the order of 0.50 to 0.70 

suggesting moderate levels of reliability [4]. 

Since the review of reliability studies provided by Jorgensen et al. [4], some test-retest studies 

have continued to show modest levels of reliability [10]. Higher reliability ranging from 0.51 to 0.94 

have been reported in several studies with relatively small samples of between 47 and 97 

respondents [11-13]. All of these examples were conducted in health contexts valuing goods such 

as WTP to avoid 16 different health states [13]; WTP to obtain a vaccine [12]; and WTP for perfect 

health [11].  

Measuring reliable preferences is a challenging task given that people have likely little experience 

in assigning a monetary value to changes in public goods, and in a manner that is consistent with 

the notion of economic preference [14]. Several researchers have noted the lability of these newly 

created preferences [15, 16] and contend that they are constructed in the very process of 

measurement [17]. Others have questioned whether the potential instability in WTP responses is 

the product of survey respondents having no attitude or opinion toward paying a certain amount 

for a public good [18, 19]. If the assumption that economic preferences for public goods are stable 

over time cannot be sustained, one must question the utility of test-retest reliability with its reliance 

on the temporal stability of a concept. 

Venkatachalam [20] reported that a significant number of CV studies have been carried out 

without any concern for the reliability of the results. But, if preference indicators are not reliable 

measures, they have limited utility for hypothesis testing in validity trials [4]. This is because noise 

factors conceal causal effects on the dependent variable [21]. Demonstrating that individual WTP 

responses are reliable would provide some evidence that they are at least meaningful to 

respondents [19]. 
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3. Applying the Concept of Reliability to Assess the Accuracy of Nonmarket Value Estimates 

Mitchell and Carson [22] argued that researchers are required to “demonstrate that the 

individual willingness-to-pay amounts are not simply random responses” (p.213). To this end, they 

suggest that researchers show that their measure of WTP has a coefficient of determination of at 

least 0.15 when regressed on a small set of key independent variables. This exceptionally liberal cut-

off is considerably lower than the conventional criterion of 0.70 in other areas of measurement in 

the social sciences. Researchers may seek to achieve the highest coefficient of determination 

possible but, as Mitchell and Carson state, “High R2s for equations based on the kitchen sink 

approach in which explanatory power is maximized by the indiscriminate use of as many variables 

as possible, are not particularly meaningful especially in smaller samples…” (p.213). However, with 

this statement the authors recommend limiting the reliability analysis to maintain some semblance 

of validity. In the end, the suggestion restricts researchers from understanding either the reliability 

or the validity of their measurements. 

Bishop and Boyle [23] note that assessments to date of the “accuracy” (i.e., the reliability and 

validity) of non-market values has been insufficient. They suggest that changing the way in which 

reliability is applied to non-market valuation research can lead to concomitant improvements in the 

quality of research. This seems a reasonable goal since it is apparent that understandings of 

reliability and its application to value measurement need to improve. However, the framework 

proposed by Bishop and Boyle focuses on the reliability of the mean value estimate calculated from 

the distribution of WTP/WTA values generated from a single valuation exercise. As a result, the 

assessment of reliability of the mean presupposes the existence of a distribution of mean values 

derived from several valuations of the exact same ecosystem service. The coefficient of reliability in 

this approach is the standard error of the grand mean, and “the larger the standard error, the less 

reliable the estimate” (p.562). 

Bishop and Boyle [23] illustrate their conceptualisation of reliability in the following manner:  

“An archer is shooting arrows at a target. Reliability of the archer depends on whether the arrows 

are tightly grouped or scattered about on the target.” (p.560) 

In this illustration, the archer represents different valuation exercises with the underlying logic 

being that WTP/WTA estimates from different valuations of the same public good should hit the 

same mark on the target. In standard approaches to reliability, based on classical test theory, focus 

rests with the unit of analysis, that is, the entity from which the measured response was obtained. 

In contingent valuation, that unit of analysis is the individual and not the sample from which the 

average WTP/WTA value is derived.  

Furthermore, there is no requirement according to classical test theory to equate larger variance 

of the distribution of individual- or group-level responses with lower reliability. Rather, responses 

should be relatively free of random error variance. Measurements at the individual- or group-level 

can display significant variance due to systematic errors (i.e., measurement bias). Questions of 

systematic sources of variance are issues of validity and not reliability. 

The approach to reliability proposed by Bishop and Boyle [23] requires access to several mean 

WTP/WTA estimates of the same ecosystem service or public good. Moreover, even studies focusing 

on the same good are likely to differ on a myriad of contextual factors including unmeasured 

characteristics of the participants, the time the valuations were undertaken, and characteristics of 
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the ecosystem providing the service being valued. This places significant limitations on the 

application of the approach since finding a set of comparable studies is likely to be difficult to 

achieve.  

The above limitations notwithstanding, the biggest problem with the approach to reliability 

offered by Bishop and Boyle [23] is that it does not address the reliability of measurement. That is 

the degree of random error variance in the measured WTP/WTA responses of the individuals that 

provided them. Analysis at the mean level does not provide insights into the reliability of individual 

responses. Furthermore, as will become evident later in this article, it is unnecessary to dispense 

with classical notions of reliability for the sake of approaches that retreat from the unit of analysis 

at which the responses are generated (i.e., the individual level).  

Jorgensen et al. [4] proposed that, by employing multiple indicator measurement models of 

WTP/WTA, reliability could be directly estimated for both the individual indicators and their 

combination. The authors recognized that the development of indicators that are responses to a bid 

offer that varies over subsamples of respondents (e.g., dichotomous choice WTP) is likely to be 

challenging. However, they suggested several avenues toward this end that might prove fruitful but, 

at the time of publication, required significant foundation research.  

In the following section, a new approach to valuation that facilitates assessments of 

measurement accuracy is introduced. Like Jorgensen et al. [4] the method employs several 

indicators to measure the latent preference variable, but the indicators are simply standard 

WTP/WTA responses to questions that vary by bid amount. That is, significant development work 

to determine matters such as the best question-wording and bid vector design has already been 

conducted. This new approach is detailed in the remainder of the article.  

4. Multiple-indicator Options for Reliability Assessment 

Psychology has developed a general approach for measuring unobservable variables that relies 

on asking several survey questions that are designed to measure the same latent variable [24, 25]. 

The benefit of multiple-indicators exists because researchers have access to more than one 

indicator of the latent variable. Oftentimes, these indicators are combined to create a single 

measure with the idea that the random errors contained in each individual indicator will offset one 

another [26]. However, apart from any benefit that may or may not arise from scale development 

[27], the central benefit for current purposes is that multiple indicators enable reliability assessment 

in a straightforward manner. That is, by using several indicators of latent preferences no assumption 

of temporal stability is required and the reliability coefficient can be calculated from a single sample. 

No re-test sample is necessary, and stability over time of the latent concept is not assumed. 

Multiple-indicator reliability assessment is based on the notion of internal consistency rather 

than stability over time. Reliability, therefore, is frequently assessed by examining the degree of 

correlation among multiple indicators, such that they are consistent with one another and 

measuring the same thing [28]. Larger correlations between items suggest better reliability because 

random error in measurements can attenuate correlations under certain conditions [29] or 

compromise the interpretation of hypothesis tests in other ways [30]. 

Cronbach’s alpha (α) [31] is the most frequently used reliability coefficient for multiple indicator 

data and the Kuder-Richardson formulae (KR-20 and KR-21) are often used when the indicators are 

dichotomous [32]. However, there are a variety of ways to assess the reliability of multiple-
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indicators and much debate about their relative strengths and weaknesses [33-35]. But there are 

practical strategies available to suit most kinds of data [36]. Interested readers are referred to this 

literature and to Jorgensen et al. [4] for an empirical example, as the remainder of this discussion 

will focus on describing the procedures required to undertake WTP measurement using MCV. 

5. Multiple-indicator Contingent Valuation (MCV) 

5.1 The Valuation Questions 

CV surveys have employed a variety of WTP and Willingness-to-Accept (WTA) response formats: 

Open-ended, dichotomous choice; payment card, etc. MCV is an extension of the discrete response 

take-it-or-leave-it measurement strategy developed by [37]. Survey respondents are randomly 

assigned a value from a vector of prices (or bids) and then asked if they are willing to pay the price 

to gain or avoid the proposed change in the public good. MCV also employs a price vector but does 

not involve randomly assigning one value to each participant.1 Rather, all prices are presented to 

each respondent as separate WTP questions, and the order by which these take-it-or-leave-it WTP 

questions are presented to participants is randomised. By randomly ordering the presentation of 

the questions for each individual, question-order effects such as assimilation and contrast effects 

are controlled [41]. 

The number of WTP questions needed to support estimation of a reliability coefficient depends 

upon the assessment approach taken. Cronbach’s alpha for example is a simple model that assumes 

uncorrelated errors among indicators [42]. Alpha is based on the average correlation between 

indicators such that, in principle, it can be calculated with just two measures although the statistic 

would be based on just one correlation coefficient in that instance. More general confirmatory 

factor analysis measurement models require four or more indicators to support an assessment of 

measurement reliability concerning a single, latent variable [43]. This results in an over-identified 

measurement model for which all the parameters can be estimated.2 An over-identified model 

enables an analysis of how well each indicator measures latent preferences and therefore the 

reliability of the WTP measures [44]. 

                                                      
1 The distribution of the selected prices for MCV can be guided by existing research on the subject (e.g., [38-40]). 
2 The parameter estimates of a model must be uniquely determined or identified. If a model is underidentified, any 
number of values for the parameter estimates could be derived that fit the data. If a model is identified, the following 
formula should hold: 

𝑡 ≤ 𝑠/2 

where, t = number of parameters to be estimated. 
s = number of non-redundant variances-covariances of the observed variables,  

(𝑝 + 𝑞)(𝑝 + 𝑞 + 1). 

P = number of y-variables. 
q = number of x-variables. 

A model is just-identified (or saturated) when t = s/2. Here, a unique solution can be estimated, but there is not 
enough degrees of freedom to subject the parameter estimates to a goodness-of-fit test. Because df = 0 for a just-
identified model, its goodness-of-fit will appear to be perfect. A model is over-identified when t < s/2, although this is 
not a sufficient condition for identification.  
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While at least four WTP indicators are required for the measurement model to be over-identified, 

more indicators may be necessary to include in an MCV survey. In the take-it-or-leave-it approach, 

it is likely that responses to the lowest and highest bids will not be normally distributed (see, for 

example, Cooper and Loomis [39]). While measurement models can be estimated with non-normal 

data, researchers will need to screen the WTP responses for extreme departures from normality. In 

situations, where the standard deviations of WTP indicators reflect little variation in responses, 

researchers may need to restrict the reliability assessment to those indicators that meet whatever 

statistical assumptions their analysis requires. However, modern structural equation modelling 

software is capable of dealing with many types of data including dichotomous distributions, non-

normal ordinal distributions, and non-normal latent variables [45]. 

5.2 Specifying the Intended Behaviour 

Clearly specifying the intended behaviour in the valuation question is an important design 

consideration to reduce any perceived ambiguity and increase the likelihood that the intention will 

correspond with future behaviour [46, 47]. Presseau et al., recommend specifying the required 

behaviour using a framework encompassing five domains: Action, Actor, Context, Target, Time 

(AACTT). For example, the action relevant to contingent valuation is paying, voting, or accepting 

compensation. The actors applicable to a WTP behavioural intention are those persons who perform 

the action of paying, voting, or accepting compensation. Actors in CV surveys have frequently been 

individual respondents and households from a relevant population. The target in a valuation 

question is the focus of the behaviour and the object of valuation (i.e., the change in the public 

good). Context refers to the physical, emotional, or social conditions accompanying performance of 

the behaviour. In CV, the physical conditions and, to some extent the social and emotional 

conditions too, are likely linked to the contextual properties of the payment vehicle (e.g., entry 

charges to national parks, license fees for access to a fishing area, rates to local government, etc.). 

Finally, the time domain refers to when the behaviour will be performed. This might be the next 

time the individual visits a national park or pays for a fishing license. By clearly specifying the MCV 

behaviour in this way, ambiguity is reduced by making explicit who (actor) does what (action), when 

(time) and where (context), for what objective (target).  

5.3 Selecting a Response Format 

The response options for each WTP/WTA question can be either dichotomous (YES/NO) or 

polychotomous. Polychotomous response scales to WTP questions appear in the CV literature in 

studies of response uncertainty [38, 48] and commitment [49]. Anchors on the ordinal, 

polychotomous scale can vary depending upon how the WTP question is framed. In general, ordinal 

scales are preferred to dichotomous scales because the former indicate not only the valence of the 

response, but its intensity as well. Several WTP questions and response options are possible from a 

multi-indicator perspective and some of these are presented in Table 1.  

All the examples in Table 1 include a price which is varied over subsamples. Moreover, all 

examples follow the AACTT structure discussed earlier, and the last question follows the 

referendum (voting) format while the remainder target payment behaviour. All these examples are 

amenable to a MCV approach because they comprise the same action, actor, context, target, and 

time.  
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The different wording of each question necessitates different anchors (or labels) to define the 

response options. While the anchors are somewhat intuitive given the wording of the questions, 

there is also a strong methodological literature to guide researchers if needed (e.g., [50-52]). One 

way of selecting anchors is to pre-test an open-ended version of the elicitation question on a pilot 

sample with frequently cited responses representing potential anchors in the MCV survey. 

Question-wording that elicits relatively high rates of “don’t know” responses warrant further 

investigation and revision if they prove to be ambiguous for some reason.  

While most of the example scales in Table 1 have a label for each response option, some authors 

recommend fewer labels [53] but there are advantages and disadvantages to both formats [52]. 

Pretesting alternative response formats can highlight any uncertainties for respondents. Perhaps 

more important than the labelling of response options is avoiding the use of “off-scale” options, for 

example, labelling the midpoint of an agree-disagree response scale as “don’t know” and “unsure”. 

These responses conflate a respondent’s level of certainty in paying with their level of support for 

the change in the public good. Similarly, a midpoint of “no answer” might indicate that the 

respondent refuses to answer the question for some reason rather than signalling a response of 

mid-level agreement. In these cases, practitioners would be better served either leaving the 

midpoint unlabeled or labelling it as “neither agree nor disagree” [54]. 

Researchers may choose to vary the wording of the elicitation question within the MCV survey 

(as evident in Examples 1 to 4). These four questions are all examples of payment intentions and 

share the same AACTT components. While the price and wording can vary across elicitation 

questions, the response scale and anchors need to be consistent if researchers wish to estimate 

mean or median WTP values. But for the purpose of reliability assessment, there is no reason why 

the response scale labels could not also differ across elicitation questions. The need for consistency 

for the purpose of calculating mean and median WTP will become evident later in the article when 

the discussion shifts from one of reliability assessment to value estimation. 

Table 1 WTP questions and response scales. 

Elicitation Question Possible Scale Anchors 

1. 

I intend to pay $x more for my fishing licence next 

month to have Rainbow Smelt eradicated from 

Emerald Lake. 

1. Strongly disagree  

2. Disagree 

3. Neither agree nor disagree 

4. Agree 

5. Strongly agree 

1. Strongly disagree 

2. Disagree 

3. Somewhat disagree 

4. Neither agree nor disagree 

5. Somewhat agree 

6. Agree 

7. Strongly agree 

2. 

Would you be willing to pay $x more for your fishing 

license next month if the money was used to 

eradicate Rainbow Smelt from Emerald Lake? 

1. No 

2. Yes 

1. No 
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2. Maybe 

3. Yes  

1. Definitely no 

2. Probably no 

3. Maybe yes, maybe no  

4. Probably yes  

5. Definitely yes 

3. 

How likely is it that you would pay an additional $x 

next month for your fishing license if the money was 

used to eradicate Rainbow Smelt from Emerald Lake? 

1. Very unlikely 

2. Fairly unlikely 

3. Neither likely nor unlikely 

4. Fairly likely 

5. Very likely 

4. 

How willing are you to pay an additional $x next 

month for your fishing licence if the money was used 

to eradicate Rainbow Smelt from Emerald Lake?  

 

1. Very unwilling 

2. Fairly unwilling 

3. Neither willing nor unwilling 

4. Fairly willing 

5. Very willing 

5. 

If I was asked to vote in a referendum on a proposal 

to increase the cost of a fishing licence next month by 

an additional $x so that the money raised could be 

used to eradicate Rainbow Smelt from Emerald Lake, 

I would … 

1. Definitely not support it 

2. Probably not support it 

3. Might or might not support it 

4. Probably support it 

5. Definitely support it 

1. Reject it 

7. Accept it 

In sum, researchers employing MCV might use just one type of WTP question and response scale 

but repeat it with only the price bid changing. Alternatively, different types of WTP questions might 

be used and vary the price offered. However researchers decide to structure the valuation question 

and what response scales they choose, there should be as many questions as there are bids in the 

price vector, and at least four bids, questions, and responses.  

6. Model-based Reliability Estimation  

As noted earlier in the discussion, there are several methods to estimate the reliability of multiple 

indicators, and some of these depend upon the properties of the response data (e.g., its metric; 

distribution, etc.). To illustrate, a confirmatory factor analysis model-based approach will be 

described (see also [4]). Model-based approaches to reliability are superior to simpler approaches 

such as Cronbach’s α because the relationship between the theoretical latent variable and its 

indicators is made explicit [33]. Restrictive assumptions such as uncorrelated errors among 

indicators can be formerly examined and subjected to hypothesis testing. In this sense, reliability 

assessment is a by-product of a specific measurement model rather than a “stand-alone” enterprise 

[34]. 
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Figure 1 Unidimensional measurement model with congeneric indicators. 

A simple measurement model is presented in Figure 1 that shows a single latent preference 

variable (𝜉𝑗 ) and six endogenous observed WTP indicators (𝑥𝑖 ). Slope parameters (𝜆𝑖𝑗 ) link the 

observed variables to the latent variable and are represented in the lambda (Λ) matrix. The linear 

regression coefficients also include a vector of intercepts 𝜏𝑖 . The residual variances (𝛿𝑖) of each 

indicator are contained in the theta matrix (Θ) and may comprise both random and systematic error 

variance not explained by the latent variable. Shared systematic residual variance accounts for 

correlations between the errors of two or more indicators which are represented as off-diagonal 

elements (𝜃𝑖𝑗 ) in the theta matrix. Therefore, observed indicators are represented as a linear 

function of a latent variable, an intercept, and a stochastic error term:  

𝑥𝑖 = 𝜏𝑖 + 𝜆𝑖𝑗𝜉𝑗 + 𝛿𝑖  

The parameters of the measurement model can be estimated using a variety of commercially 

available software. The results provide all the information necessary for calculating several 

reliability coefficients. The reliability of individual WTP indicators is given by the coefficient of 

determination from the regressions on the latent variable [44]:  

𝑅2
𝑥𝑖 = 𝜆2𝑖𝑗𝜙𝑖/(𝜆

2
𝑖𝑗𝜙𝑖 + 𝛿𝑖) 

where 𝜙𝑖  is the variance of item i. 
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To obtain a reliability coefficient for the combination of WTP indicators in Figure 1, researchers 

can calculate a reliability coefficient that has its origins in the work of [55-57]. The coefficient is 

variously referred to as construct reliability, composite reliability, or coefficient omega [58] and is 

calculated with the following formula: 

𝜌𝑐 = (∑𝜆𝑖𝑗)
2

/ (∑𝜆𝑖𝑗)
2

+∑𝛿𝑗 

In the formula above (∑𝜆𝑖𝑗)2 is the true-score variance and ∑𝛿𝑗 is the error variance. All the 

information necessary to calculate 𝜌𝑐 is generated from the estimation of the measurement model. 

If this model-based coefficient proves that the indicators are sufficiently reliability (i.e., 𝜌𝑐 > 0.70 by 

convention) then researchers can proceed to the estimation of mean WTP. Reliability assessed 

within a MCV framework means that researchers know whether their measurement data is reliable, 

rather than having to generalise from test-retest studies undertaken in sometimes completely 

different contexts. 

6.1 Estimating the Measurement Model  

The model described in Figure 1 was estimated using the data simulation function in Mplus 8.8 

[59]. The range of reliability estimates available from the environmental economics literature were 

used to set the indicator loadings and error variances. The review by Jorgensen et al. [4] provides 

reliability coefficients ranging from 0.30 to 0.95. The following values were selected for the purpose 

of illustrating how reliability coefficients can be estimated from a measurement model like the one 

in Figure 1: 0.30, 0.40, 0.59, 0.71, 0.79, 0.95. 

The model estimates are shown in Figure 2. Several goodness-of-fit indices are provided upon 

which to assess the adequacy of the model. For example, the model chi-square (degrees-of-freedom) 

is 7.97(8) suggesting that the variance-covariance matrix estimated from the model is a close fit to 

the actual sample variance-covariance matrix. The reliability coefficient for each indicator is the R2 

value which were set to values consistent with Jorgensen et al. [4]. These values reflect the value of 

the standardised loadings ( 𝜆𝑖𝑗 ) and error variances ( 𝛿𝑗 ) for their respective indicators. The 

composite reliability (𝜌𝑐) can be calculated from the loadings and error variances using the equation 

from the previous section. This equation produced a reliability coefficient of 0.90.  

This 𝜌𝑐 estimate is marginally larger than Cronbach’s alpha (α = 0.89) calculated with SPSS 28 [60] 

from the correlation matrix simulated from the parameters of the measurement model. Part of the 

output information provided in the estimation of alpha is the identification of indicators responsible 

for low values. In this illustration, the output suggested that the removal of WTP$198 would serve 

to increase alpha by a trivial 0.01 to a value of 0.90. That is, but two different procedures, the 

reliability estimates, if not identical, are extremely close. 

As the simulated modelling has illustrated, reliability coefficients can be easily calculated for 

individual indicators and for a set of indicators. The latent structure of the WTP responses can also 

be subject to hypothesis tests to identify the number of latent preference variables required to 

explain observed responses. This is done by estimating a range of models varying in the number of 

latent variables posited and the pattern of indicator loadings on those latent variables (see, for 

example, Jorgensen and Stedman, [61]). As noted by Jorgensen et al. ([4], p.50), the model-based 

approach to reliability (and validity):  
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“…requires CV practitioners to think more about the constructs that they wish to measure. 

Specifying and testing particular models informs questions of reliability and validity at the same 

time.” 

 

Figure 2 Results of the simulated model estimation. 

While the parameter estimates in Figure 2 were obtained using simulated data, interested 

readers can generate real-world data by simply following the procedures and examples presented 

in earlier sections of this article.  

7. Estimating Mean WTP 

7.1 Random Selection of WTP Responses  

MCV data can be re-configured to be identical to standard take-it-or-leave-it data which are 

easily used to estimate mean and median WTP values. To establish a take-it-or-leave-it basis for 

estimating mean WTP, a randomly assigned bid and associated WTP response are required for every 

case in the sample. If the researcher has a vector of prices that contains five bids, for example, and 

there are five corresponding WTP questions randomised for each individual, then only one bid and 

response from each participant is required to derive a mean WTP value (see Figure 3). 

To create a subsample in which all participants have just one bid and one WTP response, 

researchers can randomly select an individual’s WTP response from the five questions he or she was 

presented with during surveying. The process of randomly selecting WTP responses from each 

individual needs to be consistent with the size of the subsamples for which the bids were varied. In 

standard CV it is usually the case that the same number of participants receive each bid from the 

price vector.  
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This process leads to a data set in which each participant is associated with the response to just 

one of the five WTP questions they were initially asked. For the sample, there are an equal number 

of participants who received each bid since it is this value that was the focus of the random selection 

process and not the WTP response itself. The result is a dataset that has the same form as might be 

produced from a standard take-it-or-leave-it CV survey. 

 

Figure 3 Data transformation process. 

For the estimation of mean WTP from dichotomous response data, the regression techniques 

are well documented and researched [62, 63]. Researchers who have used polychotomous response 

scaling have also adopted a variety of regression approaches depending upon their objectives [38, 

48, 49, 64]. However, among these studies, recoding the polychotomous categories into a 

dichotomous response variable frequently occurs. As noted previously in the discussion, this 

strategy, while preserving the valence of the responses, loses information about the intensity of the 

response. Therefore, instead of rescaling the WTP variable, researchers might follow Obeng and 

Aguilar [65] who use ordered logistic regression to estimate mean WTP from their polychotomous 

responses. However, adopting this approach requires that the data satisfies the assumption of 

parallel regressions across the levels of the polychotomous WTP variable [66]. 

7.2 Obtaining a Distribution of WTP Sample Means  

MCV offers researchers not only a single sample way of estimating the reliability of WTP 

measurements, but it enables the estimation of a probability distribution of the WTP mean simply 

by repeatedly resampling from the data. This latter benefit arises from the randomised, multiple 

indicator innovation which is characteristic of MCV. Recall from Figure 3 that one WTP response was 

randomly selected (within price levels) from a possible six responses. By repeating this process and 

obtaining different responses on each occasion creates a distribution of WTP means to be calculated 

from a single MCV dataset. If data from six WTP questions were elicited from 100 respondents, the 
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total number of combinations and permutations approaches one million. From a sufficient number 

of observations and participants, the distribution of WTP means can provide a standard error of the 

grand mean thereby providing researchers with an estimate of the uncertainty associated with this 

WTP estimate. 

8. Reliability and Validity  

It is crucial to establish the reliability of a variable prior to undertaking validity tests because 

reliability is a necessary but not sufficient condition for validity [3]. A variable that is not reliable 

cannot be valid. Failed validity tests can therefore be due to unreliability rather than to any 

theoretical explanation underpinning the validity test [4, 67]. 

MCV can establish reliability using a small set of indicators and statistical models that can 

accommodate different types of data including non-normal distributions. Given an adequate 

reliability coefficient, researchers might proceed to assessing validity prior to the estimation of 

mean and median WTP values. On the occasions that those validity tests fail, researchers will have 

confidence in discounting poor measurement reliability as an explanation. 

The nature of validity tests in CV will ultimately depend upon how firmly researchers are 

committed to the logical requirements of rationality as a validity criterion. The challenge of 

determining trade-off rates using hypothetical markets is considerable and the reliable and valid 

measurement of well-defined and continuous preferences is essential. However, rational choice 

theory is not a necessary basis of validity in MCV. Rather, practitioners are free to scrutinise their 

data against whatever theory they choose. The reliable and valid measurement of behavioural 

intentions (e.g., WTP) supports accurate predictions of actual behaviour but not at the cost of the 

theoretical axioms that describe economic preferences.  

When viewed as a behavioural intentions, factors that contribute to the reliability of WTP (e.g., 

protest responses) but are dismissed from a neoclassical economic perspective (because they are 

assumed to arise from non-compensatory preferences) are, nonetheless, completely valid 

motivations of actual behaviour [68, 69]. Furthermore, there is a well-established literature 

identifying the factors and conditions that influence the likelihood that intentions will translate into 

actual performance of the behaviour [46, 70-72]. Researchers might ask individuals if they are 

willing to pay a given amount of money for a fishing license next month if the funds raised were 

used to eradicate rainbow smelt from Emerald Lake with the validity criterion being actual payment 

under the conditions explicit in the question (i.e., action, actor, context, target, and time). This 

behavioural criterion changes researchers’ determinations of the valid sources of variance in WTP 

responses, such that, some types of bias once considered reliable but not valid influences in CV may 

be re-considered as both reliable and valid. 

9. Conclusion 

Contingent valuation research, and stated preference research in general, has enthusiastically 

pursued the identification and avoidance of biases in preference measurement and afforded 

comparably little effort in establishing the extent to which the method can provide consistent 

individual responses. Past research on reliability has been fraught with methodological and 

conceptual limitations that have rendered their interpretation difficult. Furthermore, the demands 

of drawing a re-test sample (of the same individuals in the initial sample) in tests of the reliability of 



Adv Environ Eng Res 2023; 4(1), doi:10.21926/aeer.2301009 
 

Page 15/18 

individual WTP responses limits it proliferation in the literature in addition to its assumption that 

labile preferences are stable over time. 

A new approach to measuring preferences – Multiple-indicator Contingent Valuation (MCV) – 

enables the assessment of reliability in several ways and with the same sample from which benefit 

estimates are derived. Assessment of reliability from a single sample alleviates the need to 

undertake more resource intensive methodologies such as test-retest reliability. This innovation will 

support an increase in reliability studies since every application of MCV can produce at least one 

estimate of measurement reliability. With this renewed interest in reliability assessment, the field 

can substantially improve its understanding of the conditions that influence the reliability of 

preference indicators because independent variables can be manipulated in the same research 

design that generates the reliability coefficient. Whatever way the field of non-market valuation 

progresses, it is imperative that evidence of the reliability of WTP responses is properly generated 

and that these results are convincingly scrutinised for policymakers to comprehend their meaning 

and implications in the contexts where they are to be applied. 
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