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A B S T R A C T

Information on non-market values has the potential to improve decision making but approaches 
to measure these values are costly and may be inaccurate. This study develops a Bayesian value of 
information (VOI) model to evaluate when and if the benefit of conducting a non-market valu
ation (NMV) study exceeds the cost, and which method of those considered delivers the highest 
expected net benefit. The approach is illustrated using a water quality improvement decision, 
with VOI estimated for stated preference, revealed preference and benefit transfer methods, the 
first two implemented at varying degrees of best practice. Information on the anticipated accu
racy of each valuation method is derived via structured expert-elicitation. Results show that the 
net VOI from NMV studies varies widely and depends on multiple factors, including project scale, 
the quality of existing knowledge, the accuracy of NMV methods, the type of values measured (e. 
g., use versus nonuse values) and the costs of applying each method. Findings suggest that 
familiar narratives regarding the value of NMV estimates may be too simplistic, suggesting that a 
more nuanced approach to study application is warranted. Although demonstrated for one case 
study, the approach can be adapted to many decision settings.

3. Introduction

The importance of non-market valuation (NMV) is often asserted on the basis that the resulting information can support envi
ronmental decisions that increase social welfare (e.g., Laurans et al., 2013; Hanley and Czajkowski, 2019; Bateman and Kling, 2020). 
The literature frequently comments on the lack of adequate NMV studies to inform decisions directly or support future benefit transfers 
(e.g., Lovell et al., 2004; Loomis and Rosenberger, 2006; Moeltner and Woodward, 2009; Johnston et al., 2015; Newbold et al., 2018; 
Newbold and Johnston, 2020). These claims are buttressed by evidence from multiple policy areas that use NMV information (e.g., 
Bateman and Kling, 2020; Griffiths et al., 2012; Hanley et al., 2006; Hanley and Czajkowski, 2019; Metcalfe et al., 2012; Newbold 
et al., 2018; Wheeler, 2015). Notwithstanding these arguments, the literature provides little rigorous evidence that the Value of In
formation (VOI) from a typical NMV study exceeds the cost of conducting the study, as noted by Newbold and Johnston (2020).

Rigorous evidence is also lacking to inform choices over which types of NMV methods should be applied and under what cir
cumstances. Depending on the values to be measured, analysts can choose among a variety of revealed preference (RP), stated 
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preference (SP) and benefit transfer (BT) methods (Freeman et al., 2014). These approaches may have different degrees of accuracy, 
different costs, and estimate different components of value (e.g., use versus nonuse values). Arguments that RP methods are generally 
superior to SP methods (as noted in reviews such as Kling et al. (2012), Banzhaf (2017) and Bateman and Kling (2020)), or that either 
are generally superior to BT methods,1 tend to overlook trade-off between the potential costs and benefits of these studies and that the 
trade-off may vary over alternative decision settings.

Another aspect of the debate is the degree to which these NMV studies should be of “high quality” (e.g., Loomis and Rosenberger, 
2006; Johnston and Rosenberger, 2010), typically meaning that they are consistent with consensus best practices (e.g., Johnston et al., 
2017; Bishop and Boyle, 2019; Lupi et al., 2020; Bishop et al., 2020; Johnston et al., 2021). This discussion, too, is typically conducted 
in the absence of evidence on the benefits and costs of different degrees of compliance with best practice, and the degree to which the 
cost of greater study accuracy might be warranted for low-stakes decisions. It also overlooks relationships between study type and 
design dimensions that can influence accuracy—for example the possibility that a best-practice BT could be more accurate than a 
low-quality primary study.

In summary, there is a paucity of rigorous evidence to support assertions in the literature regarding the high value of NMV studies, 
along with a corresponding lack of insight into which methods should be used to support decisions and under what conditions. Only 
three prior studies formally assess the VOI provided by environmental NMV information. No existing work either evaluates the VOI of 
alternative types of NMV at different levels of best practice or considers implications for whether and how these methods should be 
used to inform decisions.

To address this lack of insight into the VOI of environmental valuation (cf., Newbold and Johnston, 2020), this article develops a 
formal VOI framework and model to evaluate whether and when the benefit of conducting a non-market valuation (NMV) study 
exceeds the cost, and which method of those considered delivers the highest expected net benefit under alternative circumstances. The 
approach is grounded in Bayesian Decision Theory, which provides a systematic approach for calculating gross and net VOI related to 
policy and program decisions (Hammitt and Shlyakhter, 1999; Yakota and Thompson, 2004; Wilson, 2015; Newbold and Marten, 
2014; Newbold and Johnston, 2020). The model is adaptable to a wide array of NMV methods and is illustrated here for five: an SP 
study (at two different levels of best-practice), BT (at two different levels of best practice), and a best-practice hedonic property value 
analysis. The demonstration illustrates how VOI approaches can be used to evaluate the relative and absolute benefits of alternative 
NMV methods and the type of results that emerge in a realistic case.

Information on the accuracy of each NMV method for the policy setting was derived via systematic expert-elicitation and combined 
with other information as determined by the Bayesian VOI framework. Results yield insight into the circumstances in which NMV 
should be applied to inform decisions, which methods are expected to provide the greatest net benefit, and how the relative values and 
net benefits of different valuation studies vary with the decision context. Although the presented numerical results are specific to the 
case study, along with the details and assumptions of the analysis, the methods and more general insights are broadly applicable.

4. Background—Understanding the value of information for decision-making

Estimation of the VOI from proposed research is supported by a mature body of literature, theory and empirical methods (Conrad, 
1980; Feltham, 1968; Hammitt and Shlyakhter, 1999; Laxminarayan and Macauley, 2012; Newbold and Johnston, 2020; Newbold and 
Marten, 2014; Phillips, 2001; Pratt et al., 1995; Yakota and Thompson, 2004; Rein, 2012). VOI theory recognizes that decisions are 
made under uncertainty and that new study information can reduce that uncertainty, enabling decisions with greater expected net 
benefits (Wilson, 2015; Maxwell et al., 2015). VOI modeling has been applied across diverse fields (Keisler et al., 2014), including 
medicine (e.g., Sadatsafavi et al., 2023), agriculture (e.g., Pannell, 1994), natural hazards (e.g., Tebib et al., 2023), engineering (e.g., 
Giordano et al., 2023), climate forecasting services (e.g., Delpiazzo et al., 2022), risk assessment (Hammitt and Shlyakhter, 1999), and 
the environment (e.g., Pannell and Glenn, 2000; Polasky and Solow, 2001). It is often used to determine whether new information 
collection, such as through research, monitoring, surveying or sensors, is likely to generate sufficiently valuable information (through 
improved decision making) to outweigh the costs of obtaining that information.

We are aware of only three published applications of VOI to NMV. Allen and Loomis (2008) compare the VOI provided by BT and an 
archetypal, primary-data NMV study, assuming a counterfactual situation in which the latter provides perfect information (i.e., the 
true value known with certainty). Newbold and Johnston (2020), in contrast, quantify the VOI from alterative SP study designs, where 
these studies expand the body of value estimates available to support future BTs. Strand and Siddiqui (2020) estimate the value of 
perfect information about NMVs for forest protection, sidestepping the challenges of estimating the benefits and costs of specific NMV 
methods. No study of which we are aware provides a rigorous means to compare VOI over multiple types of NMV that might be applied 
to inform the same decision, considering variations in study quality, accuracy and the types of values to be estimated.

The presented model addresses this knowledge gap in two complementary ways. First, we develop generalizable theory and a 
broadly applicable empirical approach that may be adapted to inform choices over NMV methods in many different settings for which 
these studies could inform environmental decisions made via a benefit-cost criterion. Second, we illustrate the results of such as model 
for a realistic-but-simplified setting, in similar vein to Newbold and Johnston (2020). The numerical application is illustrated for a case 
in which decision-makers face a binary choice on whether or not to implement a prototype water-quality improvement project, for 

1 For example, US EPA’s Guidelines for Preparing Economic Analysis (US EPA, 2014, 7–44) argue that “benefit transfer should only be used as a 
last resort” but also note that the “advantages of benefit transfer in terms of time and cost savings must be weighed against the disadvantages in 
terms of potential reduced reliability of the final benefit estimates.”
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which we assume that the decision will be made based on a benefit-cost criterion. The following section outlines the theory that 
underpins the presented analysis of VOI for NMV. This is followed by a description of the numerical methods used to operationalize the 
theory for an illustrative case study, with study accuracy estimated via a systematic expert-elicitation procedure. We then discuss 
results of the model and implications for the use of NMV to inform decisions. In doing so, we distinguish between numerical results that 
are specific to the presented case study and more general insights with broader applicability.

5. Theory

The presented approach applies VOI theory to the case of environmental decisions potentially informed by NMV, as in Newbold and 
Johnston (2020).2 We consider an archetypical case in which a decision-maker must determine whether to implement a costly 
water-quality-improvement project. Although decisions of this type are made subject to uncertainty regarding many relevant factors, 
the presented analysis mirrors common approaches for VOI modeling that address uncertainties related to a key parameter of interest 
(here environmental values), while assuming other information is known with certainty (Wilson, 2015; Newbold and Johnston, 
2020).3 We assume that the decision maker has the option of investing in additional information collection via an NMV study, with a 
goal of reducing uncertainty about per capita non-market values prior to the decision. We recognize that there can also be uncertainty 
about other variables that are important in the decision (e.g., the size of the population over which the benefits will be realized, the 
technical effectiveness of the project at delivering environmental benefits, and the trajectory of environmental conditions in the base 
case), and that new information may or may not be collected about those as well. Although the presented model can be adapted to 
accommodate additional types of uncertainty, we focus here solely on uncertainty regarding these per capita values.

VOI modeling relies on a Bayesian approach to decision theory, wherein uncertainty is represented as the probabilities that 
different possible states of the world are true. Here, this uncertainty applies to the benefits of a proposed environmental project which 
has known costs, C. Benefits are represented as an aggregation of mean willingness to pay (WTP) per person over a population of size J, 
with estimated mean WTP over the population given by WTP. Aggregate benefits are hence represented B = J× WTP, with uncertainty 
emerging from lack of perfect knowledge on WTP.4 This may be formalized as a prior probability distribution over benefits, p(B), 
derived from underlying uncertainty over WTP.

All VOI applications require a decision rule. Here, the decision maker is presumed to follow a deterministic benefit-cost criterion 
when determining whether to proceed with the project, with the project implemented if and only if expected benefits exceed costs, 
such that expected net benefits are positive, E(π) = E(B) − C > 0. The prior expected net benefit of the project option, given prior 
information K0 and no new NMV study, may thus be represented 

E(π,K0)=max
{

0,
∫ ∞

− ∞
(B − C)p(B)dB

}

. (1) 

Equation (1) may be interpreted as anticipated benefits under the prior optimal act, i.e., the decision that maximizes net benefits 
absent new information (Hammitt and Shlyakhter, 1999; Pannell and Glenn, 2000). The decision maker with only prior knowledge 
(K0) makes the decision based on the ex ante, expected net benefit of the project over all possible states of the world, as reflected in p(B). 
The project is implemented if this ex ante expected value is positive, yielding expected net benefits as shown by the second term in 
brackets. The project is not implemented if the second term is zero or negative, yielding a net benefit of zero. If the project is 
implemented, the ex post or true net benefit to society is determined by the realized value of B, once uncertainty is resolved, where 
these net benefits could be positive, zero, or negative.

Now assume that the decision maker commissions a new NMV study of type s= {1,2…S} relevant to the prospective project, where 
type s reflects the set of methodological and design dimensions that determines how the value is estimated, e.g., using a best-practice 
SP study. The study provides a new estimate of WTP, given by ws. Importantly, the decision maker does not simply assume that B = J×
(ws) is the true non-market benefit. Instead, she uses the new study estimate to update the prior benefit distribution p(B) to a better- 
informed posterior distribution p(B|ws). The study type, s, influences the potential bias and variance of the new estimate, which de
termines the relationship between p(B) and p(B|ws) via Bayesian updating, as detailed below.

The decision maker’s enhanced state of information after the new study is denoted K1, leading to a potentially new posterior 
optimal act and associated net benefits (Hammitt and Shlyakhter, 1999; Pannell and Glenn, 2000). How much better is the decision as 
a result of having conducted the NMV study? This may be quantified as the anticipated improvement in the net benefit of the decision 
made possible by the new information. To illustrate, we first present the expected net benefit of the project option, assuming that a new 
study has been conducted before making the decision. The expected benefit of this posterior optimal act is given by: 

E(π,K1)=

∫ ∞

− ∞
max

{

0,
∫ ∞

− ∞
(B − C)p(B|ws)dB

}

p(ws)dws. (2) 

2 Newbold and Johnston (2020) address a case in which data for VOI estimation are derived from metadata on WTP for water quality changes and 
new NMV studies support BT through expansions to the metadata. Here we consider a case in which new studies inform the environmental decision 
directly. These distinct objectives require different though related methods and theoretical foundations.

3 Effects of other potentially uncertain dimensions, such as program costs, are typically accommodated via sensitivity analysis, as shown below.
4 This formulation incorporates heterogeneity in WTP over individuals j = 1…J but we assume that of the distribution, only mean WTP is utilized 

in decision making.
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Here, the inner integral, 
∫∞
− ∞ (B − C)p(B|ws)dB, is the expected net benefit of the project given NMV study outcome ws, as deter

mined by the updated posterior benefit distribution p(B|ws). This expected net benefit could be positive, zero, or negative. The sur
rounding integrand, max

{
0,
∫∞
− ∞ (B − C)p(B|ws)dB

}
, has the same intuition as equation (1), but with posterior p(B|ws) replacing prior 

p(B). That is, the project is implemented if and only if expected benefits exceed costs (i.e., 
∫∞
− ∞ (B − C)p(B|ws)dB > 0), yielding ex

pected net benefits 
∫∞
− ∞ (B − C)p(B|ws)dB. If the project is not implemented, net benefits are zero. The complete expression in (2) 

represents the sum of these pre-posterior expected values5 weighted by the unconditional probability of all possible study outcomes ws 

between − ∞ and ∞, given by p(ws). The subscript s clarifies that this distribution may vary over different study types, reflecting 
alternative levels of study accuracy.

The gross value of information from study type s, GVOIs, is represented as the difference between the expected value of the project 
option with and without study information (Hammitt and Shlyakhter, 1999; Yakota and Thompson, 2004; Newbold and Johnston, 
2020): 

GVOIs =

∫ ∞

− ∞
max

{

0,
∫ ∞

− ∞
(B − C)p(B|ws)dB

}

p(ws)dws − max
{

0,
∫ ∞

− ∞
(B − C)p(B)dB

}

. (3) 

In simple terms, GVOIs reflects the difference between (a) the expected net benefit of making the decision informed by the posterior 
distribution of B given study information and (b) the expected net benefit of making the decision given only prior information on B.6

As reflected in the subscript on GVOIs, study value is expected to vary with study type due to variations in study accuracy, as 
reflected in p(B|ws) and p(ws). In the numerical application that follows, we illustrate differences in GVOIs over alternative NMV study 
types, characterized by the method (i.e., SP, RP, BT) and methodological quality (i.e., following best practices or not). Study type also 
influences the cost of the NMV study. For example, the cost of a best-practice SP study is likely to exceed the cost of a low-budget BT. 
Calculation of the net VOI from each study type (NVOIs) must therefore consider not only GVOIs but also the anticipated study cost (Cs), 
where NVOIs = GVOIs − Cs.

Following prior VOI applications in the literature, p(B), p(B|ws) and p(ws) are related via Bayesian updating (cf., Munro and Hanley, 
2001). Applying Bayes’ Rule, the posterior probability of B conditional on NMV study estimate ws is given by 

p(B|ws)= p(B)p(ws|B)/p(ws)
, (4) 

where p(ws|B) represents the “likelihoods” of any possible valuation outcome from a new study of type s. This term represents the 
anticipated probability that the new study will produce particular estimates of mean WTP, conditional on certain values being 
objectively true (as implicit in B). For example, if true mean WTP for an environmental improvement is $40 (implicit in aggregate 
benefit B = J× $40), the likelihood p(ws|B) specifies the anticipated probability that a new NMV study of type s would generate a result 
indicating that the mean WTP was $30, $40, $50 or any other possible value. The likelihoods thus capture the perceived bias and 
variance of the NMV study when prior probabilities are updated to posteriors.

To facilitate the expert elicitation process described below, we follow common practice and discretize study outcomes (Yakota and 
Thompson, 2004; Newbold and Johnston, 2020).7 We assume that priors are binned into n = {1…N} possible values for Bn (each with 
a corresponding probability) with the same bins representing the set of feasible posterior values (but with potentially different cor
responding probabilities). Hence, what is updated via study information is the assumed probability that each of these possible binned 
values is true. We further assume that there are k = {1…K} possible levels of ws, where p(wsk) represents the subjective anticipated 
probability of observing value ws = wsk from study type s. As described under the numerical application below, we do not impose the 
constraint that the number of bins for the priors (N) is identical to the number of bins for possible study values (K). Corresponding prior 
and posterior probabilities for Bn are given by p(Bn) and p(Bn|wsk), respectively.

The analysis proceeds as above with summations replacing the integrals, such that, 

GVOIs =
∑K

k=1
max

{

0,
∑N

n=1
(Bn − C)p(Bn|wsk)

}

p(wsk) − max

{

0,
∑N

n=1
(Bn − C)p(Bn)

}

. (5) 

Following a parallel transformation to that shown by Newbold and Johnston (2020), we can substitute Bayes’ Rule into the top line 
of equation (5), yielding the equivalent relationship 

GVOIs =
∑K

k=1
max

{

0,
∑N

n=1
(Bn − C)p(Bn)p(wsk|Bn)

}

− max

{

0,
∑N

n=1
(Bn − C)p(Bn)

}

. (6) 

5 This is denoted as “pre-posterior” because it reflects the posterior benefit distribution evaluated before the study outcome is known (Yakota and 
Thompson, 2004).

6 Parallel theory may be used to derive the value of perfect information, often used as a theoretical upper bound to study information. This 
relatively standard derivation is suppressed for conciseness, but may be found in prior work such as Yakota and Thompson (2004) and Newbold and 
Johnston (2020), among others.

7 Discretizing possible outcomes is an artificial but common simplification in VOI modeling, with numerical approximations used for integrals 
(Yakota and Thompson, 2004; Newbold and Johnston, 2020). Among other advantages, this approach obviates the need for simulation methods to 
derive solutions (as closed-form solutions are available) and facilitates elicitation of likelihoods via expert elicitation, as described below.
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Equation (6) demonstrates the calculation of GVOIs as a function of priors p(Bn) and likelihoods p(wsk|Bn). Operationally, GVOIs may 
be calculated via either (5) or (6), with Bayes’ Rule and basic rules of probability used to derive relationships between p(Bn), p(wsk), 
p(Bn|wsk), and p(wsk|Bn). For example, p(wsk) may be calculated as the combination of priors p(Bn) and likelihoods p(wsk|Bn).

Further details are found under the numerical application below. When interpreting the results, it is important to recognize that all 
VOI models presume that decisions are made in a systematic, evidence-based way—here assuming a deterministic benefit-cost cri
terion (similar, e.g., to Wilson (2015) and Newbold and Johnston (2020)). We recognize that many policy and management decisions 
are not made in this manner (e.g., Gibson et al., 2017) and that formal use of NMV to support decisions may or may not occur (e.g., 
Laurans et al., 2013; Rogers et al., 2015; Dehnhardt, 2013; Newbold et al., 2018; Welling et al., 2023). Therefore, our study dem
onstrates the estimation of potential benefits from utilizing non-market values in decision making within a range of contexts, conditional 
on the study being used to inform a single decision with the objective of maximizing public net benefits, guided by Benefit-Cost 
Analysis.8 Although this context is admittedly stylized, it allows us to implement a systematic exploration of key questions such as: 
(1) the type of circumstances under which NMV should be conducted, i.e., anticipated VOI outweighs study cost, (2) which type of 
NMV is expected to provide the greatest net benefit, and (3) the circumstances under which particular types of NMV are optimal. We 
also illustrate a generalizable framework that can be used to examine similar questions for other policy contexts and different sources 
of information on NMV study accuracy. As such, the primary contribution of this study is not one “universally correct answer” on the 
value of NMV, but rather a systematic approach to analyze such values when determining whether and how NMV might be warranted 
within particular policy settings.

6. Numerical application

We demonstrate application of the framework using an illustrative water-quality-improvement project (see below),9 where de
cisions about the project can be informed by a prospective NMV study. Note that in the analysis that follows there are two decisions in 
play. First, there is a decision about which NMV method to use (if any), depending on the VOI it generates. This value depends on the 
use of the NMV information in a second decision about whether to undertake the environmental project.

Information on the anticipated validity and reliability of each NMV method under consideration (i.e., the “likelihoods”) is produced 
via a multi-step expert elicitation process. To narrow the dimensionality of the analysis, we limit the choice of method to five possible 
options: SP (best practice), SP (time and budget constrained), BT (best practice), BT (time and budget constrained), and Hedonic 
pricing (best practice). We did not include Hedonic pricing (time and budget constrained) or other common NMV methods to limit the 
burden placed on the panel of experts who provided critical information used in the analysis. Moreover, the goal of the analysis is to 
demonstrate a method that may be applied to characterize VOI for a range of valuation approaches and circumstances, not to produce 
an encyclopedic set of all possible VOI estimates for the present case study. Table 1 provides brief descriptions of the included methods. 
Supplementary Appendix Aprovides further detail, which was also provided to the experts during likelihood elicitation. Other di
mensions of the problem (e.g., project size, priors on net benefits) are varied to provide insight on the sensitivity of VOI to the decision 
context.

6.1. Prospective water-quality improvement project

A project context is required for VOI estimation and associated likelihood elicitation. Following prior examples (e.g., Allen and 
Loomis, 2008; Newbold and Johnston, 2020), we calculate VOI for an illustrative, prototype environmental decision grounded in a 
realistic context, allowing exploration of the sensitivity of VOI to changes in the project context. The illustrative case-study project is a 
prospective improvement in water quality in hypothetical “Lake Balance”. Details are provided in Supplementary Information 
Appendix B. To summarize briefly, the lake covers an area of 85 km2 (21,000 acres) adjacent to the hypothetical town of “Benting”. The 
population of the town is 25,000 (>18 years), including surrounding rural communities. Benefits generated by the lake include 
recreation (fishing and water sports), aesthetics, and provision of ecosystems that support biodiversity. Water quality in the lake has 
declined in the past 15 years and this decline has negatively affected the social and ecological values supported by the lake. The project 
being considered would return water quality to its condition of 15 years ago.

6.2. Structured elicitation of likelihoods

VOI models are grounded in decisions, benefits, costs and uncertainties as understood by a decision maker (or decision-making 
body). The relevant likelihoods for VOI estimation, representing the perceived accuracy of each NMV method, are those held by 
the decision maker. In practice, few decision makers in environmental agencies are likely to have sufficient knowledge to specify 
likelihoods for NMV methods. For the purposes of our analysis, we therefore assumed that the decision maker would be informed about 
these likelihoods by a panel of NMV experts. This mirrors the setting for many types of environmental decisions, wherein external 
panels of experts (or advisory boards) are used to provide insight into key dimensions that require targeted scientific expertise 
(Drummond et al., 2020). Although this expert advice might be incorporated in a variety of ways, our analysis assumes that the 

8 If a study is not used, it has no value in terms of improving the consequences of decision making.
9 In principle, we could generalize further by integrating results over a probability distribution of many different possible policy and program 

contexts (e.g., air quality, biodiversity, etc.), although this would greatly increase the complexity of our application.

D.J. Pannell et al.                                                                                                                                                                                                      Journal of Environmental Economics and Management 131 (2025) 103148 

5 



decision makers use the average of likelihoods elicited from the experts to update priors. Mathematical aggregation of expert 
judgements in this way is practiced in several of the expert elicitation protocols described by Soares et al. (2024). For comparison and 
as a sensitivity analysis, however, we also implement an alternative variant of the model in which separate VOIs are derived for each 
expert and then averaged; this alternative model is shown in Appendix D.

Likelihoods were obtained using a structured elicitation process.10 Prospective members of the panel were identified through our 
knowledge of their expertise and experience, supported by measures such as publications, citations, experience implementing applied 
valuation projects related to water quality and general reputation within the field (as represented by positions such as editorships of 
journals, recognition by scholarly organizations, etc.). The requirement for experience was high, given the difficult judgments that 
these experts were asked to make. Most invitees were researchers based in universities, but we also sought to include some experts who 
work in policy institutions. Invitations were sent to 30 experts (10 females,11 20 males; 24 in universities, 6 in policy agencies; 13 in 
Europe, 13 in North America, 4 in Australia) in August 2023. The 30 invitees were selected from a longer list of experts judged to have 
sufficient knowledge and experience, and likely to have sufficient interest to accept an invitation to participate. The number of in
vitations was further influenced by consideration of an effective group size for the expert elicitation process, allowing for non- 
acceptances.

There were 17 acceptances (3 females, 14 males; 14 in universities, 3 in policy agencies; 7 in Europe, 7 in North America, 3 in 
Australia). As indicators of their research experience, the academic participants had between 3000 and 37,000 citations on Google 
Scholar, with an average of 9,300, and H-indices of between 22 and 95, with an average of 43. The three participants from policy 
agencies were all from the USA, including two national and one state-level. All 17 had participated in multiple NMV studies, with 
averages of at least 19 SP studies, 8 hedonic pricing studies, and 12 BT exercises.12

From this expert panel, valuation likelihoods were elicited via an adaptation of the IDEA protocol, where “IDEA” is an acronym for 
“Investigate, Discuss, Estimate and Aggregate” (Burgman, 2015; Hemming et al., 2017). Other protocols for expert elicitation are 
available, including modified Delphi (e.g., Keeney et al., 2021) and SHELF (Gosling, 2018). The various protocols have much in 
common (Soares et al., 2024). We chose IDEA because it was designed to facilitate remote (i.e., online) elicitation. Given that our 
experts were distributed across multiple countries (Canada, the United States, the United Kingdom, Denmark, Germany, Poland, 
Australia), this was an important feature. The five steps of the IDEA protocol (Burgman, 2015) were implemented as follows. (A more 
complete description of the process is provided in Appendix C.13). 

1. Pre-elicitation. Prior to contacting the experts, background information on the proposed project and expert-elicitation tasks was 
compiled. Experts were then contacted and briefed on the elicitation process. This was followed by initial, live (but online) 
workshops at which the project and required tasks were described in detail.

2. Investigate. Each expert was asked to provide likelihood distributions for each of the five NMV methods (Table 1), for each of five 
true non-market values ($10 to $50) for the project scenario provided (25 distributions in total). To avoid problems of anchoring, 

Table 1 
Summary definitions of non-market valuation methods used for value of information estimation.

Method Description Assumed cost of 
conducting a study

Stated Preference (best 
practice)

A top-quality, high-budget stated-preference study following all elements of best-practice, 
following Johnston et al. (2017). Extensive pretesting and development. A large, representative 
sample (2000 respondents). Supported by a battery of validity and robustness tests.

US$500,000

Stated Preference (time and 
budget constrained)

A stated-preference study, conducted with a restricted budget in a relatively short time frame. 
Experimental design follows good practice. Some validity tests possible. Sample size is smaller 
(300 respondents).

US$100,000

Benefit Transfer (best practice) Best-practice benefit transfer following Johnston et al. (2021). Benefits estimated using benefit 
function from a large-sample meta-regression analysis of prior stated preference studies (e.g., 200 
study observations on WTP).

US$150,000

Benefit Transfer (time and 
budget constrained)

An income-adjusted, unit-value benefit transfer based on a good quality somewhat recent (e.g., 
five years old) stated-preference study that was conducted at a generally similar site in the same 
country.

US$15,000

Hedonic Pricing (best practice) A best-practice hedonic property-value analysis, following recommendations of Bishop et al. 
(2020) for market definitions, data collection and preparation, econometric analysis and 
identification, and mitigation of omitted variable bias.

US$100,000

See Supplementary Appendix A for detailed descriptions of these methods.

10 This step is comparable to the stage in Bayesian statistics of specifying likelihoods based on sample counts or proportions observed for each 
“state” in an empirical sample. The lack of empirical evidence that could be used in this way to identify the likelihoods for each NMV method led to 
our use of an expert elicitation approach.
11 Gender balance was a goal of the research team with respect to the composition of the panel, but this was challenged by the need for a high level 

of experience and the gender imbalance that persists at senior levels in the field.
12 The numbers of studies reported here are conservative as many experts responded to our survey questions on this topic with the top, open-ended 

response category.
13 University of Western Australia Human Research Ethics approval number was #2022/ET000552.
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this was done individually and independently. To facilitate the process, a spreadsheet was provided (Supplementary Information 
Appendix F) that gave structure and clarity to the elicitation process and provided visualizations of their responses. The range of 
values included in the likelihood distribution (− US$20 to US$150) is wider than the range of potential true values to allow for 
inaccuracy of the NMV methods.

3. Discuss. In the second set of online workshops, experts were shown the anonymous likelihood responses from each participant and 
visual summaries of aggregate responses. They then discussed the motivation for their answers and reasons for differences among 
the individual responses. As a result, some experts were prompted to consider additional factors and some differences in inter
pretation of the questions were identified, promoting further deliberation and a small amount of convergence between the experts.

4. Estimate. Following the second-round workshops, experts could modify their individual answers, if desired. All experts made at 
least one change for at least one of the NMV methods. On average, the experts made changes to 3.8 of the 5 methods. The number of 
experts making changes for each of the NMV methods were 11 for Stated Preference (best practice), 14 for Stated Preference (time 
and budget constrained), 12 for Benefit Transfer (best practice), 13 for Benefit Transfer (time and budget constrained), and 15 for 
Hedonic Pricing (best practice).

5. Aggregate. Aggregate likelihood distributions were calculated as averages across the 17 experts. Individual and aggregate dis
tributions were provided to each expert for checking and approval. The elicited likelihood distributions were used to inform 
subsequent VOI calculations following equations (2) and (3), as described in greater detail below.

6.3. Prior information (benefits)

VOI analysis begins with decision-makers’ perceptions about the uncertain variable(s) prior to collecting additional information. In 
Bayesian Decision Theory, the relevant priors are those held by the decision maker. In past studies, prior perceptions have been 
estimated using available data (e.g., Newbold and Johnston, 2020), from modeling (e.g., Maxwell et al., 2015) or assumed (e.g., 
Pannell, 1994; Tebib et al., 2023) and a further option would be to use a formal elicitation process with the decision maker(s).14 Here 
we utilize assumed priors that vary systematically to explore their influence on VOI. Prior probabilities are required for each potential 
value that might be the true value. We assume that the true value for mean WTP lies between US$10 and US$50 per head15 and 
represent priors as a discrete distribution with five levels. Various distributions of priors, reflecting different degrees of uncertainty, are 
analyzed (Table 2). Note that these distributions sum to 1.0 across each row.

The decision to simplify the distribution of priors to five discrete levels was made after considering the trade-off between obtaining 
precise results and the cost and feasibility of providing the required inputs to the analysis. Full likelihood distributions are required for 
each potential true value, so increasing the number of levels would increase the already considerable burden on our expert panelists. 
Moreover, a distribution with five levels (at least arguably) provides sufficient precision to illustrate VOI modeling and explore 
variations in VOI under alternative decision settings. In cases where greater precision is desired, increasing the number of levels in the 
discrete distribution would be conceptually straightforward, though more burdensome for the expert elicitation process.

The range chosen for the distribution of priors (US$10 to US$50 in this case) imposes a constraint on the results of the analysis, in 
that no values outside that range are considered possible. Bayesian updating in response to the results of a study modifies the prob
abilities of different possible true values within that range. While this generally results in a different mean and standard deviation, it 
cannot broaden the range set by the specification of priors.

As noted above, the distributions of likelihoods encompass a wider range of values (− $20 to $150) than the distributions of priors 
(10 to $50). This allows for potential inaccuracy in the NMV methods. For example, even if it is judged that the highest plausible (true) 
average non-market value for the environmental benefits in question is US$50, an NMV method may give a result above (or below) US 
$50. The expert panel members were not required to use the full range of possible values for their likelihoods but could do so if they 
judged it to be appropriate.

6.4. Project costs

The costs of implementing the hypothetical water-quality project are assumed to be known with certainty. The assumed cost levels 
vary in different parts of the analysis; the specific cost assumptions are given with each set of results discussed below.

14 Using a distribution such as the Dirichlet distribution for the priors, common in Bayesian statistics given its statistical properties (Ng et al., 
2011), is not necessarily applicable for VOI modeling unless one assumes that such a distribution represents subjective decision-maker beliefs.
15 Several considerations informed this assumed range of values. WTP estimates in the metadata of Johnston et al. (2019, Table 1) span the range 

from $0.49 to $57.41 (2016 USD), per standardized unit of water-quality change on a 100-point scale. These estimates are drawn from 148 ob
servations over 53 S P studies, implemented in heterogeneous sites and populations across the US. For this analysis, the illustrative water-quality 
project would deliver several units of water-quality change, but it is at one site and for one population, for which extensive background information 
is available. In addition, we assume that past NMV research at the site has already informed the decision makers to some extent. Therefore, it was 
considered reasonable to assume that the distribution of priors for mean WTP would have a range of US$10 to US$50. Using a different range would 
be straightforward but would require a new expert elicitation process.
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6.5. Study costs

Although researchers may have expectations regarding the cost of applying each NMV method, costs are likely to vary across policy 
contexts, in different countries, and for different research teams. For example, the cost of a best-practice BT could vary depending on 
whether researchers have access to a high-quality, previously estimated meta-analysis that can be used for the purpose or must develop 
an entirely new meta-regression (and set of underlying metadata) to support the analysis. For this reason, the cost estimates used in the 
analysis should be viewed as illustrative.

Study costs were specified by the project team based on experience in providing high-quality results to environmental agencies in 
the United States. These illustrative costs were assumed to be US$500,000 (Stated Preference (best practice)), $100,000 (Stated 
Preference (time and budget constrained)), $150,000 (Benefit Transfer (best practice)), $15,000 (Benefit Transfer (time and budget 
constrained)) and $100,000 (Hedonic Pricing (best practice)). These assumed study costs serve to illustrate that there can be a trade-off 
between the benefits of a higher-quality NMV study and the cost of delivering it, such that the optimal decision regarding NMV 
methods is not necessarily obvious. However, these assumed costs can easily be adapted to illustrate the sensitivity of results to 
alternative estimates of research costs.

6.6. Integrated VOI estimation

Model implementation integrates priors, likelihoods, project benefits and project costs to derive both gross and net VOIs for each of 
the five NMV methods, following the theoretical model above. Model implementation is illustrated in a numerical example in 
Appendix G. For SP and BT methods, updating is assumed to occur for total WTP, including both use and nonuse values. For the 
Hedonic Pricing method, updating is only assumed to occur for use values, with perceptions of nonuse values assumed to remain 
unchanged from the priors. We illustrate VOI estimates both for a case where total WTP includes use and nonuse values and for a case 
consisting only of use values. Sensitivity analyses include variations in project net benefits, the distribution of priors (as per Table 2), 
the proportions of use and nonuse values, the scale of the project, and the likelihoods. In all cases, VOI measures assume a yes/no 
decision on whether to implement the project at a given project cost.

7. Results

We present results for a selected set of scenarios to illustrate how VOI—and implications for the optimal choice of NMV studies to 
inform the decision—vary over different circumstances.

Table 2 
Assumed Distributions of Priors used in the VOI Analysis.

​ ​ ​ ​ ​ ​
​ ​ ​ ​ ​ ​
​ ​ ​ ​ ​ ​
​ ​ ​ ​ ​ ​
​ ​ ​ ​ ​ ​
​ ​ ​ ​ ​ ​
​ ​ ​ ​ ​ ​
​ ​ ​ ​ ​ ​
​ ​ ​ ​ ​ ​
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7.1. Expert-elicited likelihoods

Fig. 1 shows the five likelihood distributions for an assumed true value of $30, averaged across the 17 experts.16 Results show that 
none of the NMV methods is viewed as being highly precise. Standard deviations of the WTP distributions range from $14 for SP (best 
practice) to $24 for BT (time and budget constrained) and Hedonic Pricing (best practice). Even for the most precise method, the 
bounds of the 95% confidence interval are $10 and $60. For BT (time and budget constrained), the 95% confidence interval ranges 
from $0 to $80. All of these anticipated likelihood distributions are positively biased (their means are greater than the assumed true 
value of $30) to at least some degree. The long upper tail for Hedonic Pricing (best practice) results from different perceptions among 
the experts. One expert, in particular, believed that Hedonic Pricing provides results that are highly biased in an upward direction, and 
this had a noticeable impact on the distribution. Later we present sensitivity analysis results that exclude this expert.

7.2. Gross value of information across NMV methods and project assumptions

Fig. 2 shows how GVOIs estimates compare across the five different NMV methods and how these estimates compare to the value of 
perfect information. With perfect information, the decision maker knows the true value of B with certainty prior to making the decision 
and implements the project only when true net benefits are positive; perfect information thus precludes the possibility of an inad
vertently welfare-reducing decision. We first illustrate these results for the baseline priors (from Table 2) and project costs of $30, 000, 
000. We also assume, for now, that all project benefits arise from use values, so that Hedonic Pricing and the other NMV methods are 
assumed to estimate the same true benefits. This assumption is relaxed below. The horizontal axis is the prior expected net benefit of 
the project, meaning the Net Present Value from a Benefit-Cost Analysis (BCA) of the project conducted using the baseline priors in 
Table 2.

Despite their lack of precision, the NMV methods can perform reasonably well relative to perfect information. For example, at its 
peak, a best-practice SP study yields an estimated GVOIs that is over 70% of that provided by perfect information. The relatively high 
value of valuation studies compared to perfect information parallels prior findings of Newbold and Johnston (2020) for SP studies that 
inform meta-analytic BT. SP (best practice) has the highest GVOIs, BT (time and budget constrained) has the lowest, and of the others, 
the rank order is Hedonic Pricing (best practice), SP (Time and Budget Constrained), and BT (best practice). This ranking reflects the 
distributions of the likelihoods shown in Fig. 1.

In all cases (including perfect information), GVOIs estimates are sensitive to the prior expected net benefit of the project, E(B) − C. 
Study value is maximized when the project’s expected benefits and costs are equal (i.e., the prior expected Net Present Value of the 
project is zero). At this point, the decision on whether to invest in the environmental project is evenly balanced, so new information is 
most likely to influence the decision. In contrast, if the prior expected net benefit is highly negative or highly positive, the optimal 
project decision is relatively obvious even in the absence of new information, so collecting further information is unlikely to change the 
decision. If there is no prospect of influencing the decision, then the information has no value for decision-making. For this example, 
where the project cost is $30, 000, 000 and the baseline priors are used, if the prior expected net benefit lies below − $10, 000, 000 or 
above $25, 000, 000, the GVOIs is zero for all NMV methods.

To illustrate the impact of project scale on VOI, assumptions must be made about the effect of scale on benefits (B) and project costs 
(C). Here, we assume that B and C are proportional to the number of beneficiaries J—with a “scaled-up” project providing the same per 
head value (WTP) to a proportionally greater number of people.17 This structure implies that GVOIs is perfectly proportional to the 
scale of the project and its associated gross benefits. Thus, for an equivalent project costing $3,000,000, the range outside of which 
NMV GVOIs equal zero is − $1,000,000 to $2,500,000. So, for a case where there is some not-very-precise prior knowledge of values 
(see the baseline priors in Table 2), if the initially estimated Benefit-Cost Ratio (BCR) of the project is above 2 or below 0.5, it appears 
unlikely that collecting additional information about non-market values would provide value in terms of improving a yes/no decision 
about an environmental project. Given the range of BCRs that occur in practice, this is a relatively narrow range.

Within the “sweet spot” for high value of information, however, GVOIs for an NMV can be substantial. For example, considering the 
project in Fig. 2 (with project cost of $30, 000, 000) and baseline priors (Table 2), the maximum GVOIs from the alternative NMV 
methods varies from roughly $1.8 to $2.9 million. Hence, when there is somewhat high uncertainty about non-market benefits 
(implied by the assumed baseline distribution of priors underlying Fig. 2) and expected benefits are similar to costs (i.e., prior expected 
net benefits are close to zero), the GVOIs from an NMV study can far exceed study cost.

Fig. 3 shows that GVOIs is also sensitive to the standard deviation of the distribution of assumed priors. These results are for the 
distributions in Table 2, with standard deviations ranging from zero (perfect prior knowledge) to 14.14 (a uniform distribution, 
indicating no prior knowledge other than that the value lies between $10 and $50, inclusive). For this illustration, we assume a 
scenario wherein prior E(B) = C, so GVOIs is maximized for each set of priors. All other parameters are assumed identical to those 
underlying Fig. 2.

As expected, improved prior knowledge, reflected by a smaller standard deviation of the priors, reduces GVOIs. Comparing the 
baseline priors, which imply a modest level of knowledge about the non-market values (standard deviation 10.95), with priors that 

16 To illustrate the variation in likelihood distributions elicited from the experts, the distributions are shown for all 17 experts for one true non- 
market value in Appendix D. This reveals that there is considerable heterogeneity among the experts.
17 Other assumptions regarding relationships between project scale, costs and benefits are possible, leading to corresponding changes in the 

responsiveness of VOI to scale.
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represent less prior knowledge (standard deviation 14.14), the increase in GVOIs is disproportionally large: around a 60% increase for 
each NMV method. The differences between the estimated GVOIs of the methods also increase. However, the GVOIs rankings of the 
methods remain unchanged, with the greatest GVOIs produced by a best-practice SP study and the lowest by a time-and-budget- 
constrained BT. This consistency of ranking is expected given that only the priors are changing and the priors are not specific to an 
NMV method.

The above results are from the perspective of the environmental decision maker, using likelihoods that are assumed to be formed 
from an average of the distributions elicited from the 17 experts. It may also be of interest to examine parallel GVOIs results for in
dividual experts. Table D.2 in Appendix D shows the variation in these results between the experts, and that, in this case study, the 
average of their individual VOI results is slightly higher than the results based on average likelihoods (Fig. 2).

7.3. Accounting for the cost of an NMV study

When considering which NMV method to apply, if any, the costs of these prospective studies can be as important as their benefits (i. 
e., their GVOIs). Because our assumed study costs are correlated with the quality of the information generated, there is a trade-off 
between the benefits and costs of the alternative methods. The increase in GVOIs made possible by a higher-quality study may or 

Fig. 1. Likelihood distributions elicited from expert panels and aggregated across experts. Likelihoods are shown for the case in which true mean 
WTP is assumed to be $30 per head (single lump sum payment).

Fig. 2. Expected gross value of perfect and imperfect information for five NMV methods. Based on $30, 000, 000 project cost, baseline priors, and 
assumes that all benefits are from use values. Study costs are not represented.
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may not outweigh the additional study cost, depending on the decision context.
To illustrate these trade-offs, Fig. 4 shows NVOIs for each NMV method, for a range of project scales, using the illustrative study 

costs presented earlier (i.e., SP (best practice) $500,000; SP (time and budget constrained) $100,000; BT (best practice) $150,000; BT 
(time and budget constrained) $15,000; Hedonic pricing (best practice) $100,000). We again assume baseline priors and that prior 
E(B) = C. Results demonstrate the potentially decisive importance of project scale when considering trade-offs between GVOIs and 
study cost, and that no study type is universally preferred.18 The valuation method with the highest NVOIs changes from BT (time and 
budget constrained) to Hedonic Pricing (best practice) to SP (best practice) as project scale (reflecting both cost and beneficiaries) 
increases from $0 to $30, 000, 000. For example, SP (best practice) generates the highest NVOIs for projects costing roughly $20, 000, 
000 or more. However, it has the lowest net benefit out of the five NMV methods for project scales below roughly $12, 000, 000. For 
project scales below $5,000,000 it has negative NVOIs.

At the other end of the spectrum, the low cost of BT (time and budget constrained) leads to the highest NVOIs for project scales 
below roughly $5,000,000. Even though the other NMV methods are more accurate and reliable (Fig. 1) and generate higher GVOIs 
(Figs. 2 and 3), their higher cost means that they have lower net benefits for small projects. Of course, the successful use of BT depends 
on there being suitable existing studies from which benefits can be transferred (Johnston et al., 2021). In the absence of suitable studies 
to support BT, the next best methods in Fig. 4 for small projects are SP (time and budget constrained) or Hedonic Pricing (best practice). 
The elicited likelihoods for SP (time and budget constrained) and BT (best practice) are similar (Fig. 1), so their ranking relative to 
other methods in Fig. 4 depends primarily on their assumed costs.

Another result that stands out in Fig. 4 is that the NVOIs of the five methods are not greatly different. At a project scale of $15, 000, 
000, the difference in NVOIs between the highest and lowest ranked NMV methods was $193,000, which is only 1.3% of the project 
scale, while at a scale of $30, 000, 000 the equivalent range is 2.1%. Although BT (time and budget constrained) has the lowest net 
benefit for projects above a scale of about $17, 000, 000, it can still generate substantial NVOIs and is a far better option than basing 
decisions solely on the decision maker’s priors (for the baseline priors). In sum, for the illustrated case, for situations where the ex
pected benefits of the environmental project are similar to its costs, some information on non-market values is very often better than no 
information, provided that the project scale is large enough.

Fig. 4 reflects a case of high decision uncertainty (prior to obtaining additional NMV information) for an environmental project 
whose prior expected net benefit is zero, and thus show arguably optimistic results for the NVOIs. If the prior BCR departs from 1.0, the 
GVOIs is lower at all project scales, and the ranges of project net benefits over which NVOIs would be negative are correspondingly 
larger. This is consistent with prior findings of Newbold and Johnston (2020) for the case of new studies designed to support BT.

7.4. Partial value estimation (use versus nonuse values)

Hedonic Pricing produces relatively high gross and net VOI estimates in the above simulations (Figs. 2–4), reflecting the expert- 
elicited likelihoods for this method (e.g., Fig. 1).

However, these results are based on a strong assumption that all five NMV methods estimate an identical set of underlying benefits 
comprised solely of use values. Many environmental projects generate a mix of use and nonuse values, and one of the arguments 

Fig. 3. Expected gross value of imperfect information for five NMV methods depending on the level of uncertainty of prior knowledge about the 
non-market values. Based on $30, 000, 000 cost of project, expected benefits of $30, 000, 000, and symmetrical distribution of priors, and assumes 
that all benefits are from use values. Study costs are not represented.

18 Similar conclusions emerge under alternative (but realistic) assumptions on study cost.
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supporting the use of SP methods is the capacity of these methods to estimate total values, including both use and nonuse components 
(Johnston et al., 2017). In such cases, RP methods such as Hedonic Pricing would estimate only a subset of the benefits, reflecting use 
values only.

To illustrate the implications of partial value estimation of this type, we re-estimate NVOIs for scenarios wherein use values 
represent varying proportions of total project benefit, assuming that Hedonic Pricing methods only provide insight on these use values. 
When Hedonic Pricing is applied, decision-makers are unable to update priors for the non-use portion of project benefit (i.e., non-use 
values are not assumed to be zero by the decision maker; they simply remain at the prior distribution). We derive NVOIs for an 
illustrative case with project gross benefits of $30, 000, 000 and a prior expected project net value of $0.

Fig. 5 illustrates how variations in the proportion of benefits derived from use values affect the NVOIs of Hedonic Pricing (best 
practice) and how this affects the ranking of this method relative to others. As anticipated, the ranking of Hedonic Pricing (best 
practice) according to NVOIs is highly sensitive to the proportion of benefits derived from use values, with the rank varying from 
second best (if use values comprise over ~96% of total value) to worst (if use values comprise less than ~76% of total value).

7.5. Favorable versus unfavorable perceptions of non-market valuations

Professional opinions on the reliability of valuation methods differ. This pattern may be seen most clearly for SP methods, for which 
strongly divergent perspectives have been presented in the literature (Kling et al., 2012; Banzhaf, 2017). However, differences in 
opinion also exist for other methods. How do these differences impact anticipated GVOIs? The likelihoods estimated for each NMV 
method provide direct and comparable measures of reliability. Hence, sensitivity analysis over these likelihoods can provide insight 
into how estimated GVOIs varies with different experts’ perceptions of NMV quality. To illustrate these patterns, we first identify the 
five experts whose elicited likelihood distributions had the lowest standard deviations for each NMV method, and the five with the 
highest standard deviations (i.e., those experts who are most and least favorable about reliability for each method, respectively).19 We 
then calculate average likelihood distributions for those two groups of five experts, for each method. Examples for SP (best practice) 
are shown in Fig. 6 for a true WTP of $30.

Figs. 7 and 8 show results that are equivalent to Fig. 2 but with results limited to the most favorable and most unfavorable like
lihood distributions, respectively. The results are intuitive. Comparing these results to Fig. 2 (reflecting the composite likelihoods of all 
experts), it can be seen that the GVOIs increases for all methods (closer to the value of perfect information) when likelihoods are drawn 
from the five most favorable experts for each NMV method. The opposite occurs when likelihoods are drawn from the least favorable 
experts.

For both favorable and unfavorable cases, GVOIs estimates continue to show a pronounced peak at zero prior expected net benefit of 
the project, and mostly have similar rankings to those found previously. The exception is Hedonic Pricing (best practice). The results 
for favorable likelihood distributions have Hedonic Pricing (best practice) performing about as well as State Preference (best practice), 

Fig. 4. Expected net value of imperfect information from each NMV method for different project scales. Assumes baseline distribution of priors and 
prior expected net benefit of project = 0. Assumes NMV study costs $500,000, $100,000, $150,000, $15,000, or $100,000, respectively. Assumes 
that all benefits are from use values.

19 The selection of five experts in each group were based on the variances of their elicited likelihood distributions, rather than their judgments 
about the bias of each method. We noted earlier that one expert was an extreme outlier on the likelihoods for Hedonic Pricing (best practice), 
viewing this method as highly biased. However, the likelihood variance for this expert was not among the five largest or smallest, so the expert was 
not included in either group.
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assuming that 100% of the benefits are derived from use values (Fig. 7). In contrast, where unfavorable likelihoods are assumed, 
Hedonic Pricing (best practice) performs worse than previously. Its VOIs are lower than those of SP (time and budget constrained) at all 
levels of project net benefit, and in some cases are below the results for BT (time and budget constrained). This reflects a pronounced 
divergence in expert opinions regarding the reliability of hedonic methods, with some viewing the method as highly reliable (relative 
to other methods) and others viewing it as highly unreliable.

7.6. Sensitivity analysis and general findings

As implied by the theoretical model and illustrated numerically, the VOI from NMV methods varies as a function of the decision 
context. These variations can affect NVOIs and associated decisions on whether and how to optimally apply NMV methods. Given these 

Fig. 5. Expected net value of imperfect information for each non-market valuation method allowing for hedonic pricing only capturing use values. 
Based on symmetrical distribution of priors, expected project benefits of $30, 000, 000, and prior expected value of project of $0.

Fig. 6. Favorable, aggregate and unfavorable likelihood distributions for Stated Preference (best practice) elicited from expert panels. True mean 
WTP is $30 per head (single lump sum payment) in each case.

D.J. Pannell et al.                                                                                                                                                                                                      Journal of Environmental Economics and Management 131 (2025) 103148 

13 



variations, is it possible to draw generalizable conclusions? To gain a perspective on how frequently different results may occur across 
a wide range of contexts (e.g., when the value of NMV outweighs the cost; what method has the highest NVOIs), we conducted a 
detailed sensitivity analysis that combined: five sets of priors, three levels of project cost, two levels of NMV study cost, five use-value 
percentages, three sets of likelihoods, and 30 prior BCRs ranging from 0.1 to 5.0. Other variables were unchanged, and results depend 
on the default values used for those variables. Details of factors included are provided in Appendix E. We conducted a full-factorial 
experiment, leading to a total of 13,500 results for both GVOIs and NVOIs, for each method.

Summarizing these results, GVOIs was greater than the study cost of at least one NMV method in 2308 of the 13,500 solutions (i.e., 
NVOIs was greater than zero for at least one method). Hence, the net value of NMV information was positive in 17% of the considered 
circumstances. Out of the 2308 solutions for which NVOIs > 0, Benefit Transfer (time and budget constrained) had the highest net VOI 
in 47% of cases, Stated Preference (best practice) in 32% of cases, Stated Preference (time and budget constrained) in 12% of cases and 
Hedonic Pricing in 10% of cases. Benefit Transfer (best practice) was not ranked highest in any scenario. These results are broadly 
consistent with the regular use of approaches similar to Benefit Transfer (time and budget constrained) within governmental Benefit- 
Cost Analyses (Griffiths et al., 2012; Newbold et al., 2018).

Note that the result that 17% of results in the sensitivity analysis had at least one net VOI greater than zero is not necessarily 
indicative of how frequently a positive net VOI would be encountered in practice. Among the reasons are that the sensitivity analysis 
derives VOI under a range of possible contexts but the relative likelihood that each of these contexts might occur in reality is unknown 

Fig. 7. Expected gross value of imperfect information for five NMV methods, for favorable likelihoods (based on the five experts with the most 
favorable perceptions for this NMV method). Assumes $30, 000, 000 cost of the project, baseline priors, and that all benefits are from use values.

Fig. 8. Expected gross value of imperfect information for five NMV methods, for unfavorable likelihoods (based on the five experts with the most 
unfavorable perceptions for this NMV method). Assumes $30, 000, 000 cost of the project, baseline priors, and that all benefits are from use values.
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(some might be more likely to occur than others) and that not all possible valuation contexts are considered. However, the sensitivity 
analysis results do serve to reinforce the finding that, in each project scenario, the net VOI is only likely to be positive in certain 
circumstances.

Results also provide insights into the width of the “sweet spot”: the range of prior BCRs with high VOIs. There were 450 scenarios 
over which we simulated 30 prior BCRs. For each scenario we identified the range of prior BCRs between which the best NMV method 
had NVOIs > 0. The average lower bound for this range was 0.86 and the average upper bound was 1.55. These bounds did not vary 
greatly between the scenarios (0.7–1.0 for the lower bound and 1.0 to 2.4 for the upper bound). These results confirm that the 
proximity of prior expected benefits to zero (or the BCR to 1.0) has an important influence in whether NVOIs > 0 (i.e., on whether the 
benefit of NMV information is worth the cost). If prior expected net benefits are close to zero (hence there is considerable ambiguity on 
whether the benefits of the project will outweigh the costs), NVOIs is greater than zero under a fairly wide range of circumstances. In 
contrast, when prior expected net benefits are far from zero, it is unlikely that new NMV information will change the decision 
(regardless of other circumstances), and hence NVOIs is typically negative.

8. Discussion

Despite common assertions in the valuation literature concerning the “need” for further information on environmental values to 
inform decisions, the value of NMV for decision support is context- and method-specific. Considering this contextual dependence, the 
goal of this article is to develop and illustrate a rigorous approach—grounded in Bayesian value of information (VOI) theory—that may 
be used to evaluate when and if the benefit of conducting a non-market valuation (NMV) study exceeds the cost, and which method of 
those considered delivers the highest expected net benefit under alternative circumstances. Using this approach, we illustrate general 
patterns in VOI that may occur over a range of realistic situations wherein valuation results might be used to inform decisions. Results 
provide a number of insights on the value of valuation, the circumstances within which GVOIs from NMV methods outweigh the costs, 
and which methods tend to be preferred on the basis of NVOIs.

As in any model of this type, several caveats and limitations should be noted. Among these, the presented findings assume that NMV 
results are used to inform a dispositive BCA. Although this is a ubiquitous assumption within VOI modeling and there are cases where it 
may be a reasonable approximation (e.g., Griffiths et al., 2012; Wheeler, 2015; Newbold et al., 2018; Hanley and Czajkowski, 2019; 
Newbold and Johnston, 2020), there are many cases in which NMV plays little direct role in decisions (e.g., Laurans et al., 2013; Rogers 
et al., 2015; Welling et al., 2023). In cases where policy makers do not make decisions using BCA that includes NMV, our results are best 
interpreted as identifying potential VOI if they were to do so.

The presented NVOIs estimates may also understate the true value of NMV studies if results are used for additional purposes, such as 
supporting future BTs for other decisions. For example, if a study is used both to support an immediate environmental decision and then 
later contributes to a meta-analysis that informs a second decision, VOI results such as those shown here may be considered additive to 
VOIs due to BT (as estimated in Newbold and Johnston (2020)). Naturally, any additional benefits of research—such as those related to 
methodological development or education—will further add to potential study value.

The analysis is limited to an illustration over only five potential NMV methods. This simplification is imposed to maintain trac
tability, particularly for the expert elicitation. However, the proposed approach can be readily extended to additional methods and/or 
methodological variations. Variations in the details of each method, such as in sample size, can be captured by representing each 
variation as a different “method,” each with its own likelihoods and study costs. Further research on how likelihoods and study costs 
vary with study design, including sample size, would help to facilitate future analysis.

Likelihoods are also likely to differ for different environmental management contexts. For example, if the environmental values 
relevant to the decision have not previously been well studied, the ability to apply BT will be inhibited, and the likelihoods for BT will 
need to reflect that. Greater experience with valuation for certain types of resources or environmental changes may also improve the 
accuracy of methods applied to those areas, potentially affecting the likelihoods. The imbalance in topics covered by the valuation 
literature has been long recognized, with someg areas (such as water quality and big game hunting) addressed by reasonably robust 
bodies of work and others (such as non-lethal effects on wild species) rarely considered (Loomis and Rosenberger, 2006; Newbold 
et al., 2018; Johnston et al., 2024).

While the results provide direct estimates of GVOIs only for the studied methods, they can support at least some insight into po
tential GVOIs that might apply to others. For example, results suggest that a capacity to update a larger proportion of total benefits (e. 
g., use values vs. total values) plays an important role in determining GVOIs. Here, if NMV methods are ranked by GVOIs, the pro
portion of use values substantially influences the ranking of hedonic pricing relative to other methods (Fig. 5). Following the same 
logic, it seems likely that the GVOIs of other RP methods—such as recreation demand models (Lupi et al., 2020)—will depend similarly 
on the proportion of total benefits comprised of use values that can be measured by those methods. The reliability of valuation (re
flected in the standard deviation of the likelihoods) also impacts GVOIs, as it influences the degree to which the anticipated posteriors 
depart from the priors via equation (4).

In this project, we elicited likelihoods for five potential true values. We observe in the results that, while the means of the elicited 
likelihood distributions changed for different true values, the variances and general shapes of the distributions did not change greatly 
and did so in a smooth manner. As a result, it may be possible to extrapolate likelihoods to true values outside the elicited range. 
However, we have not evaluated the possible errors in VOI estimation that would occur, and further research would be helpful to 
understand the safe limits to this extrapolation.

While the presented theory is broadly applicable, the numerical results are conditional on a particular application (water quality) 
for which NMV methods are well-developed and there is an extensive prior literature (Newbold and Johnston, 2020; Moeltner et al., 
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2023). Results could vary for settings in which there is less experience and prior work to draw upon. Wherever possible, modeling 
assumptions were grounded in available evidence or varied as part of the analysis to evaluate implications for VOI, in an attempt to 
distinguish results with greater generality from those specific to the case study illustration. Nonetheless, the presented numerical 
results should be interpreted in context.

For example, project costs are assumed to be certain and, in many cases, equal to the expected value of benefits. These assumptions 
tend to increase estimated GVOIs. The priors used in the analysis were also set by assumption and varied as part of the numerical 
illustration. If applying the approach in a specific application, priors could be elicited from the decision-makers in the relevant 
agency.20 The corresponding likelihoods (i.e., that determine how priors are updated given study outcomes) were elicited from a group 
of experts. Although experts were invited based on their NMV experience (as they would often be by a government agency seeking 
input), the experience of this group may reflect a favorable disposition towards NMV. We did not elicit likelihoods from those who have 
voiced strong skepticism to the use of particular methods and rarely if ever use them, although Fig. 8 shows results for experts with less 
favorable perceptions. Further research could elicit likelihoods for a more diverse expert sample.

Alternatively, at least in concept, one could seek to derive information on priors and likelihoods from valuation metadata, adapting 
the approach shown in Newbold and Johnston (2020) for one valuation method (SP). However, extending such an approach to 
multiple methods and levels of best practice is not straightforward. For example, one would require comparable, commodity- and 
welfare-consistent valuation metadata (Bergstrom and Taylor, 2006) for all NMV methods under consideration, while allowing sys
tematic adjustments for alternative levels of best practice. Analysts often struggle to produce consistent metadata even for one 
valuation method (Vedogbeton and Johnston 2020)—such as SP and hedonic methods considered in isolation—without considering 
the added challenge of compiling sufficiently comparable metadata for multiple NMV methods simultaneously (cf. Londoño and 
Johnston, 2012; Moeltner and Rosenberger, 2014).

It is also important to consider the ways in which perceived bias in NMV influences GVOIs. Unlike reliability (which impacts GVOIs), 
biased likelihoods within the model do not affect GVOIs. This is anticipated based on model structure and verified via additional sensitivity 
analyses (omitted here for conciseness). The reason is that, within VOI models, study information is not used directly and naively to 
provide a “true” value for BCA. Instead, this information is used to update priors. Implicit in this standard theory is an assumption that 
any bias in valuation results is anticipated by decision-makers when updating priors. Intuitively, if a bias is recognized in the likelihood 
distribution, then it can be accommodated when determining what a new NMV result implies about what the true value is likely to be.

In practice, of course, NMV study results are often used directly without adjusting for bias, in which case the results presented here 
would overstate GVOIs. This raises the question of whether adjusting for assumed bias within BCA should be a general practice and, if 
so, how it should be done. The VOI framework presented here provides a logical and rigorous method for doing so, contingent on 
analysts being able to access information about likelihoods for the particular NMV methods they are considering. Even if the 
framework is not used explicitly, an understanding of it can inform thinking about how adjustment for bias could be made in principle, 
considering that true values can never be observed (Bishop and Boyle, 2019).

We also emphasize that real-world legal and regulatory frameworks may lead to additional ramifications of anticipated study 
validity (bias) and reliability (variance), beyond those captured by the presented model. For example, within the US, agency BCAs may 
be subject to legal challenge, and the general acceptance of a study technique (e.g., as sufficiently valid and reliable) by the scientific 
community is among the criteria considered for the admissibility of expert testimony under the Daubert standard (Bishop and Boyle, 
2017).

Finally, we acknowledge that potential VOI is only one of many factors that might influence the feasible or beneficial use of NMV to 
inform decisions. For example, time and resource constraints may preclude the use of primary studies (Newbold et al., 2018; Johnston 
et al., 2021), even if preferred based on VOI. Regulatory requirements facing government agencies may also require lengthy approval 
processes for certain types of data collection, such as SP survey data (U.S. Office of Management and Budget, 2016), discouraging the 
use of such methods. More generally, data availability (or ability to obtain data) can impact the feasibility of any valuation method, 
regardless of the VOI it might provide. For example, RP methods are only feasible when considering values that emerge within the 
context of currently observable situations—beyond such observable situations SP methods are generally required (Johnston et al., 
2017).

9. Conclusion

This article provides insights that are relevant to a number of longstanding debates about NMV. For example, while some advocate 
the use of SP methods to support decision (e.g., Hanley and Czajkowski, 2019), others argue that SP methods should be eschewed (e.g., 
Hausman, 2012). Methods and findings presented here suggest that greater nuance is warranted when making assertions such as these. 
The NVOIs from NMV studies can vary widely, even within the bounds of a similar set of projects or policy proposals. Moreover, as 
emphasized above, relative study accuracy is not necessarily a decisive factor in GVOIs or NVOIs, at least within the ranges of the 
likelihoods elicited from the current expert panel. Study accuracy does, of course, affect GVOIs, but it is one of several factors that do so, 
and the other factors may be more influential.

Results also suggest a number of general conclusions relevant to when and how valuation should optimally be used to inform 
decisions (subject to the caveats noted above). Among these, GVOIs is highly sensitive to prior expected net benefits (Strand and 

20 Decision-makers might seek advice from experts to establish these benefit priors, as we have assumed for the likelihoods.
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Siddiqui, 2020). There is a “sweet spot,” with high GVOIs, where net benefits are initially estimated to be close to zero. In contrast, if 
prior information suggests that net benefits are likely to be far from zero (positive or negative), a new study is likely to have negligible 
value to decision makers, regardless of type or accuracy. The preliminary BCRs at which this happens will be case-study-specific, 
although further research to test possible rules of thumb would be informative. Our sensitivity analysis suggests that a BCR range 
from 0.8 to 1.6 could be a useful starting point in the search for a robust rule of thumb.

Although none of the considered NMV methods were perceived by the panel of experts to highly accurate, estimated GVOIs was 
nonetheless high under some circumstances—sometimes approaching the value of perfect information. The circumstances that favor 
high GVOIs include: a large project, prior estimate of net benefit close to zero, and high prior uncertainty about non-market values. 
Within circumstances such as these, even an inaccurate estimate of value can be more valuable to decision-makers than no number. 
This stands in juxtaposition to debates in the literature emphasizing the validity and reliability of alternative NMV methods. For 
example, low-cost BTs can provide sufficient VOI to justify their use to support decisions, particularly for small-scale policies and 
projects, provided that the initial BCR for the environmental project (prior to collecting any additional NMV information) is suffi
ciently close to 1. Indeed, in circumstances that favor high informational values, GVOIs results for alternative methods are not so 
different from each other as one might expect based on assertions in the literature.

Perhaps the principal insight that may be drawn from the presented results is the importance of systematic consideration of 
informational benefits and costs when considering the use of alternative NMV methods to inform policy decisions. Like the envi
ronmental decisions they are meant to inform, choices over NMV methods (or whether to use NMV at all) are essentially economic 
decisions but are rarely considered as such in the literature. When adopting this economic lens, we can see that, under realistic con
ditions, common assertions appearing in the literature may be questionable. For example, under some conditions low-budget BTs can 
provide NVOIs that is greater than that of more accurate methods (e.g., for informing decisions about smaller-budget projects). Within 
our illustration, we also find that SP methods often produce higher gross and/or net VOI than RP methods (here, hedonic pricing), in 
large part due to the inability of RP methods to support updating of nonuse values.21 Results such as these demonstrate the hazards in 
making universal arguments about the superiority or inferiority of particular approaches. Although results suggest a number of general 
conclusions on conditions under which certain types of studies are likely to have high or low NVOIs, the value of valuation studies is an 
empirical question and context-specific.

Strand and Siddiqui (2020) proposed that VOI analysis “ought to become a much more standard tool and procedure in the science 
and practice of valuation of public goods” (p. 434). We concur and encourage further work along the lines demonstrated here, as a 
means to draw broader insights into the value of valuation for decision support. While we expect the high-level insights described 
above to be broadly applicable, repeating the analysis for other environmental decision contexts, deriving priors from decision makers, 
and eliciting likelihoods from a larger, more diverse group of experts will likely prove valuable. The presented framework and 
illustration provide a foundation from which work of this type can proceed.
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