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Abstract

Sensitivity to the scope of public good provision is an important indication of validity for the
contingent valuation method. An online survey was administered to an opt-in non-probability
sample panel to estimate the willingness-to-pay to protect hemlock trees from a destructive
invasive species on federal land in North Carolina. We collected survey responses from 907 North
Carolina residents. We find evidence that attribute non-attendance (ANA) is a factor when testing
for sensitivity to scope. When estimating the model with stated ANA, the ecologically and socially
important scope coefficients become positive and statistically significant with economically
significant marginal willingness-to-pay estimates.

1. Introduction

The contingent valuation method (CVM) is a stated preference approach to the valuation
of non-market goods (Johnston et al. 2017). Since the National Oceanic and Atmospheric
Administration (NOAA) Panel’s report on contingent valuation (Arrow et al. 1993), the
scope test, for which stated preference willingness-to-pay (WTP) estimates are expected to
increase with the scope of a policy, has been an important validity test and a significant
source of controversy. Tests of sensitivity to scope fall into two categories. External

scope tests rely on between-respondent variation either through split sample designs or

by restricting estimation to just one valuation question per respondent.® Internal scope tests
allow within-respondent variation to inform the test by using multiple responses from each
survey participant.2

corresponding author Chris Giguere, giguerecs@gmail.com, 703-795-3518.
L} the estimated willingness to pay is greater for the larger policy intervention the study passes an external scope test (Carson, Flores
and Meade 2001).

When individuals are asked multiple CVM questions the response format is known as a discrete choice experiment and permits tests
of internal scope (Carson and Louviere 2011; Carson and Czajkowski 2014). Internal scope tests verify consistency of preferences
within an individual’s set of responses (Carson and Mitchell 1995).
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Not every CVM study passes the scope test (Desvousges, Mathews and Train 2012).

One explanation may be attribute non-attendance (ANA), a deviation from neoclassical
theory and an example of preference heterogeneity.3 ANA arises when survey respondents
ignore one or more of the choice attributes for a variety of reasons (Aleumu et al. 2013).
Generally, ANA is handled empirically by restricting estimated attribute coefficients to zero
for individuals who do not have fully compensatory preferences. Stated ANA models rely
on survey respondent statements about which attributes they ignored. Inferred ANA models
allow the empirical model to provide clues about ANA.

The survey we use to test for sensitivity to scope in the presence of ANA presents
respondents with plans to manage an invasive species in public forests and builds on the
analysis of Moore, Holmes, and Bell (2011). Respondents are asked if they would be willing
to pay additional taxes to support a forest protection plan described using three attributes:
treatment of ecologically important acreage, treatment of socially important acreage, and
treatment method. We employ a split sample design to perform our scope tests on two
different CVM response formats. One subsample receives a multiple bounded dichotomous
choice survey in which respondents can respond to up to three tax amounts with other
attributes held fixed, with follow-up tax amounts dependent on the response to the previous
amount. The other subsample receives a repeated dichotomous choice survey in which all
attributes can change over three questions.

This study design allows us to test for both external and internal sensitivity to scope.
Because the first question for both samples follows the same single binary choice (SBC)
format, those responses can be used to estimate a marginal WTP surface that relies on
between-respondent variation only. A statistically significant and positive marginal WTP for
a given attribute is an indication of external sensitivity to scope. Next, by examining the
sequential valuation questions, we test for internal scope.® We repeat both scope tests using
stated ANA models and random parameters logit to examine the impact of non-attendance
and preference heterogeneity on scope effects. We also extend this line of tests to include
inferred ANA using latent class logit models.

To our knowledge this is the first paper to treat CVM binary choice sequential data as a
discrete choice experiment (DCE) and test for the effects of stated and inferred ANA. We
find evidence that ANA is a factor when testing for sensitivity to scope. When estimating
the model with stated attribute non-attendance the ecologically and socially important
scope coefficients become positive and statistically significant. We find several differences
between the multiple-bounded and repeated sequential contingent valuation data samples
that support the use of the repeated sequential design. Our results suggest that accounting
for attribute non-attendance is one factor that identifies a core group of CVM respondents

3carson and Mitchell (1995) and Carson et al. (2001) review several other reasons why willingness-to-pay may be insensitive to

Scope.

The economic importance of the scope test can be assessed with scope elasticity (Whitehead 2016). We include a table of marginal
WTP estimates. In an attribute-based CVM experiment design the marginal WTP estimates serve as the slope of the WTP function,
which is a ray from the origin. In our case and most others in the DCE literature, the scope elasticity is equal to one. In other words,
the percentage change in treated acreage is equal to the percentage change in WTP.

While Carson and Groves (2007) discuss how sequential choice questions generally violate incentive compatibility, Vossler et al.
(2012) identify cases where such a survey design maintains the important property. See also Boyle et al. (2016).
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who exhibit sensitivity to scope. These results could have implications on the interpretation
of past CVM studies that find insensitivity to scope and the implementation of public policy.

2. Literature review

Contingent valuation method and discrete choice experiments

In this paper we address the CVM scope test with strategies adopted by DCEs, which have
proliferated in the environmental economics literature (Mahieu et al. 2017). The scope test
validity issue is not an empirical concern for DCE researchers in the same way that it is for
contingent valuation researchers. In short, CVM studies tend to conduct external scope tests
and DCE studies tend to conduct internal scope tests. Discrete choice experiments employ
more complicated designs by increasing the number of choice alternatives, increasing the
number of choice questions, or separating the description of the public good into a number
of varying attributes (Carson and Louviere 2011). Each of these may contribute to the
finding of sensitivity to scope in, to our knowledge, all published DCEs. In this paper we
consider increasing the number of binary choice questions and separating the description

of the public good into several varying attributes as in Boyle et al. (2016). While several
studies have compared internal and external scope tests in the contingent valuation literature
(e.g., Giraud, Loomis, and Johnson 1999; Veisten et al. 2004), to our knowledge only

one DCE article has addressed external scope. Lew and Wallmo (2011) find that most
differences in willingness-to-pay estimates are statistically significant in external scope test
comparisons. Most DCE researchers have focused on internal scope tests. Sequential binary
choice question formats have been used to examine ordering effects (Holmes and Boyle
2005; Day et al. 2012; Nguyen, Robinson, and Kaneko 2015) but have not been explicitly
concerned with a comparison of internal and external scope tests.

The SBC, or referendum, form of the contingent valuation method presents survey
respondents with a policy description and a randomly assigned policy cost (e.g., a tax).
Respondents reveal their preferences by indicating if they would be willing to pay the
randomly assigned cost in the hypothetical setting. Carson and Groves (2007, 2011) and
Carson, Groves, and List (2014) describe the situations in which a SBC should lead to

a truthful revelation of preferences. If the survey respondent believes the survey to be
consequential and the policy description is for a public good, then the best response to

the single binary choice is truth-telling (Zawojska and Czajkowski 2017). A consequential
survey is one in which respondents care about the outcome and believe their answers are
important to the policy process, as in an advisory referendum.

Our paper is similar to Christie and Azevedo (2009), Siikamaki and Larson (2015) and
Petrolia, Interis and Hwang (2014, 2018). All four compared valuation questions from two
separate samples of respondents. In Christie and Azevedo (2009), one sample received

a survey with three CVM questions while the other sample was presented with eight

DCE questions. The authors found scope effects with the CVM and DCE questions but
willingness-to-pay differed across question format.® Similarly, Siikaméki and Larson (2015)

BChristie and Azevedo (2009) combine the CVM and DCE treatments, test for parameter equality, and find evidence of convergent
validity between the two types of choice questions. Their comparison, however, is confounded by the number of valuation questions
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asked two sets of “two and one-half bounded” binary choice valuation questions for an
improvement in water quality. Their conditional logit models failed the scope test but

a mixed logit model that accounted for preference heterogeneity found statistically and
economically significant scope effects.” Petrolia et al. (2014) compared single binary choice
and single multinomial choice valuation questions in split samples of survey respondents.
The authors found scope effects for all three attributes in the multinomial choice version

of the survey.8 Finally, Petrolia et al. (2018) compared single multinomial choice and
sequential multinomial choice question versions with and without consideration of attribute
non-attendance. They found scope effects in both survey versions and similarity in the
magnitudes of scope effects across versions. In addition, Petrolia et al. (2018) made a
comparison of external and internal scope tests but with multinomial choice data.

Attribute non-attendance

A standard assumption made when analyzing stated preference survey data is that
respondents have unlimited substitutability (fully compensatory preferences) between
attributes (Scarpa et al. 2009). Recent research, however, suggests that respondents often
employ simplified heuristics such as threshold rules, attribute aggregation, or attribute non-
attendance when making choices (Swait 2001; Caparros, Oviedo, Campos 2008; Greene
and Hensher 2008; Hensher 2006, 2008; Puckett and Hensher 2008). ANA occurs when
respondents fail to consider a particular attribute from a stated preference discrete choice
(Alemu et al. 2013). Such discontinuous preference orderings violate the “continuity axiom”
and thus pose problems for neoclassical analysis (Gowdy and Mayumi 2001; Mclntosh and
Ryan 2002; Rosenberger et al. 2003; Lancsar and Louviere 2006; Scarpa et al. 2009). In
this context, ANA models can be thought of as an extension to other methods that account
for preference heterogeneity such as empirical methods including latent class and random
parameters models.

Economic literature on the ANA began appearing in the early 2000s (Mclntosh and Ryan
2002; Szlensminde 2002; Lancsar and Louviere 2006; Hensher, Rose, and Green 2005;
Hensher 2006; Rose, Hensher, Greene 2005; Campbell, Hutchinson, Scarpa 2008; Scarpa
et al. 2009). In our study, the use of a relatively inexpensive opt-in sample may raise

the potential for attribute non-attendance (i.e., insensitivity to scope for two of our three
attributes) as respondents may pay less attention to survey details (Baker et al. 2010;
Johnston et al. 2017). Attribute non-attendance tends to cause statistical insignificance of
attribute coefficients or bias them toward zero. Perhaps most importantly, this body of
literature has found that WTP and willingness-to-accept (WTA) estimates are lower when
ANA is accounted for (MclIntosh and Ryan 2002; Hensher et al. 2005; Hole 2011; Rose et
al. 2005; Campbell, Hutchinson, and Scarpa 2008; Scarpa et al. 2009; Scarpa et al. 2011,
Scarpa et al. 2012; Hensher and Greene 2010; Puckett and Hensher 2008; Koetse 2017).9

presented to respondents (three in repeated CVM and eight in the choice experiment) and the number of choice alternatives (two in the
repeated CVM and three in the choice experiment) creating potentially large differences in cognitive burden between samples.
Siikaméaki and Larson (2015) find scope effects with bounded sequential questions but do not compare their results with those from
the single binary choice and do not ask repeated questions.
Petrolia et al. (2014) did not conduct a scope test in their single binary choice question.
9Meyerhoff and Liebe (2009) and Carlsson et al. (2010) did not find that WTP values declined when accounting for ANA. DeShazo
and Fermo (2004) and Hensher et al. (2007), however, find higher marginal WTP when accounting for ANA.
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These inaccurate estimates could subsequently influence policy through benefit transfer
(Glenk et al. 2015).

Several empirical strategies have arisen to account for ANA (Scarpa et al. 2009). There

are two primary methods for identifying ANA: stated and inferred. In the former, a survey
explicitly asks respondents to indicate the degree of attention they paid to each attribute
that described the choice alternative. The researcher will then use these data to group
respondents into an attendance class (Hensher et al. 2005; Carlsson, Kataria, Lampi 2010;
Hensher, Rose, Greene 2012; Scarpa et al. 2012; Alemu et al. 2013; Kragt 2013). Attribute
non-attendance may be inferred by use of latent class methods to separate respondents into
different groups based on their preference orderings (Scarpa et al. 2009; Hensher et al.
2012; Scarpa et al. 2012; Kragt 2013; Glenk et al. 2015; Koetse 2017). Inferred models

are important for two main reasons. First, not all surveys explicitly ask attribute attendance
questions. Thus analysis of ANA implications using past data is possible with inferred
models. Second, there is evidence that respondents may not respond accurately to stated
attribute attendance questions (Armitage and Conner 2001; Ajzen, Brown, Caravajal 2004;
Hensher et al. 2012; Scarpa et al. 2011; Kragt 2013; Carlsson et al. 2010; Hess and Hensher
2010; Scarpa et al. 2012; Alemu et al. 2013). Regardless of the empirical method chosen,
estimated attribute coefficients are constrained to zero for cases of non-attendance (Hensher
et al. 2012).

Our work also builds on the body of literature that has investigated preference heterogeneity
of responses from choice survey data (Provencher, Baerenklau and Bishop, 2002; Boxall
and Adamowicz 2002; Scarpa and Thiene 2005; Hensher and Greene 2003). Specifically,
this paper is most closely related to Kragt (2013) and Koetse (2017) in that we explore
whether stated or inferred ANA methods with respect to the scope attributes can lead to
statistically significant scope effects. Like Koetse (2017) we focus on a particular subset

of attribute non-attendance, and following Kragt (2013) explore several different empirical
specifications. In addition, our analysis is similar to Thiene, Scarpa, and Louviere (2015) in
that we compare various numbers of potential classes.

3. Survey and data

Our application is to the control of an invasive species, hemlock woolly adelgid (HWA),
in public forests in North Carolina. We developed the binary choice question format with
randomly assigned attributes for the SurveyMonkey online survey platform and pretested
the survey with 62 respondents. In order to collect a large sample of data at relatively

low cost we conducted an internet survey with a non-probability panel of respondents. So
called “opt-in” panels are becoming popular in social science research, but their ability to
adequately represent sample populations and obtain high quality data is still unresolved
(Hays, Liu, and Kapteyn 2015). Yeager et al. (2011) found that non-probability internet
samples are less accurate than more representative probability samples for socioeconomic
variables. Lindhjem, Henrik, and Navrud (2011) reviewed the stated preference literature
and find that internet panel data quality is no lower than more traditional survey modes and
internet panel willingness-to-pay estimates are lower.

Land Econ. Author manuscript; available in PMC 2021 August 10.
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Our Southern Appalachian Forest Management Survey (SAFMS) was administered in
September 2017. More than 8400 individuals were invited to take the online survey and
roughly 13 percent opted to be panelists. About 83 percent of those panelists completed

the survey for a total of 974 respondents. We use a sample of 907 respondents who

answered each of the choice questions. The survey questions can be divided into one of three
categories. First, we asked preliminary questions about the respondents’ prior knowledge

of HWA and recreational experiences in Pisgah National Forest, Nantahala National Forest,
and Great Smoky Mountains National Park (see appendix figure Al). Second, we asked a
series of either two or three referendum questions (called “situations” in the survey, and in
the rest of this paper) depending on the respondent’s survey treatment. Finally, we asked
debriefing questions about consequentiality, attribute non-attendance, and individual-specific
characteristics.

Respondents were then led through a series of education materials and instructions. First,
they were led through descriptions about ecologically important and socially important
areas of hemlock dominated forest and asked about the importance of each. Ecologically
important areas contribute to natural diversity, provide habitat for rare plants and animals,
and tend to be in remote areas of the forest. Socially important areas are used by visitors
for recreation and are near parking areas or accessible by trail. Then, respondents were
described biological and chemical treatment methods and asked about whether they agree
with their use. Finally, respondents were informed about the choice situation that would be
described by treatment options or costs, and include multiple situations.

Figure 1 shows two important features of our survey. First, it shows how the four attributes
(ecologically important acreage, socially important acreage, treatment method, and annual
cost over the next three years) describing the referendum policy varied in the first situation.
There were four levels of acreage for each type of hemlock dominated forest: 2500, 5000,
7500 and 10,000. There were also four cost amounts in the first situation: $50, $100, $150
and $200. Second, figure 1 shows the wording of the referendum questions and the answer
choices for all situations. Respondents were asked how they would vote for the referendum
and given three choices: For, Against, or Don’t know.10 In the remainder of the paper we
combine the “Against” and “Don’t know” votes and treat the responses to choice situations
as binary.11

After the first choice situation respondents were randomly assigned to either a bounded
or repeated referendum treatment.12 In the repeated treatment all four attributes randomly
varied in each situation.13 Conversely, in the bounded treatment only the cost attribute
varied, the other three attributes remained constant throughout the survey. For example,

1011 the first choice situation, for the bounded survey sample, 52 percent voted “For” the treatment referendum, 23 percent voted
“Against” it, and 25 percent did not know how they would vote. Similarly, for the repeated survey sample in the first situation, 55
percent voted “For” the treatment referendum, 22 percent voted “Against” it, and 23 percent did not know how they would vote. These
differences are not statistically significant across bounded and repeated survey samples. This is not surprising since there were no
differences in the first situation between the two samples.

Carson et al. (1996) discuss the 1993 replication of an Alaskan survey introduced the “would-not-vote” option, which did not have
an effect on stated choices. Additionally they mention that ““would-not-vote” and “don’t know” responses were treated as choices
against the plan (a conservative decision recommended by Schuman (1996)).”

Our survey design is referred to as a binary choice sequence (BC-Seq) by Carson and Louviere (2011).

We do not use an efficient survey design. In the repeated treatment the attributes all vary independently from one another.

Land Econ. Author manuscript; available in PMC 2021 August 10.
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respondents in the bounded treatment who answered affirmatively in the first situation were
then asked in the second situation if they would vote for the same acreage to be treated
using the same method if the cost was $250. Fifty-five percent of those respondents voted
“For” the referendum at the higher cost. Alternatively, respondents who did not answer
affirmatively in the first situation were then asked how they would vote if the cost was $25.
Fifty percent of those respondents voted “For” the referendum at the lower cost.

Table 1 reports the referendum responses. In the bounded sample the percentage of “For”
votes falls from 66 percent to 45 percent as the cost amount increases from $50 to $200.14

In the repeated sample the percentage of “For” votes falls from 60 percent to 36 percent

as the cost amount rises. Furthermore, table 1 also shows that in the repeated treatment the
cost attribute’s range expanded to include the new costs in the bounded treatment.1® In the
second choice situation of the repeated treatment the “For” votes fell from 62 percent to 41
percent as the cost amount increased from $25 to $250. Table 1 also shows some evidence of
non-monotonicity and fat tails, which can cause the range of WTP estimates measured with
different approaches to be wide and for the standard errors to be large.

The third choice situation of the bounded sample was designed like the second situation.
Respondents who voted for the policy at $250 were asked if they would vote for the
referendum at $300. Seventy percent of those respondents vote “For” the referendum at the
higher cost. Conversely, respondents who voted against (or “Don’t know™) the policy at $25
were asked how they would vote if the cost was $5. Thirty-one percent of those respondents
voted “For” the referendum at the lowest cost. In the third situation of the repeated sample
the “For” votes decreased from 64 percent to 32 percent as the cost amount increased from
$5 to $300.

Survey respondents were also asked how much attention they paid to each of the four
attributes and given four choices: “a lot,” “some,” “not much,” and “none.” Respondents
who chose “none” and “not much” are classified as not attending to the attribute. Overall,
about 13 percent of respondents did not attend to the “size of the ecologically important
area treated” (see appendix table Al). Nearly 25 percent of respondents did not attend

to the “size of the socially important area treated.” The “treatment method (chemical or
biological)” was not attended to by about 15 percent of respondents. Almost 17 percent of
respondents did not attend to the “cost over the next 3 years.”

4. Empirical models

We employ several increasingly general models to analyze our data and incorporate ANA for
our hypothesis tests. Our first test of external scope, for which only the first response is used
in estimation, can be conducted with a standard discrete choice model. If the estimated

1411 dichotomous choice CVM the “fat tails” problem results when survey respondents, in the aggregate, fail to respond rationally to
increases in the cost of the policy (Ready and Hu 1995). This is often a problem with the subsample sizes are small. Our data exhibits
a fat tail from $150 (“For” = 45.13 percent, n=113) to $200 (“For” = 45.16 percent, n=124) with the repeated data. \When the data on
the first question are pooled we no longer see the fat tail problem as the percent of “For” votes falls from 49.78 at $150 (n=231) to
41.03 at $200 (n=234). The difference is statistically significant at the 0.05 level in a one-tailed test.

We find no evidence of anchoring in our repeated treatment, however data from the bounded treatment do exhibit anchoring. This
suggests CVM researchers should move towards the repeated referendum type question with random cost and other attributes.

Land Econ. Author manuscript; available in PMC 2021 August 10.
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coefficients on protection of ecological and social areas are positive and statistically
significant, then our data exhibit external sensitivity to scope. Estimating the model based on
repeated choice data provides the means to test for internal scope effects. Estimation of the
coefficients in both cases is based on a linear utility function:

Unsj = ﬂ‘jansj + &psj = Vnsj + Engj Eq. [1]

The observable portion of individual /7's utility from choosing alternative jin situation sis
a linear function of the attribute vector ansj and coefficient vector 8. Total utility is the sum
of observable utility (V;sj) and an additive component that is unobservable to the researcher

(C‘nsj)-

A respondent will choose the alternative that yields the highest utility but their choice may
also depend on characteristics of that individual, such as income and education, which are
placed in a vector x,. Using the parameter vectors a and y to capture these additional
effects, and assuming the unobservable portion of utility q; is distributed type 1 extreme
value (Gumbel), the probability that individual /7 will choose alternative jin situation sis:

exp(ansjﬁ + X+ Znsjy)
J
quxl)(ansqﬂ + Xna + Znsq?’)

Pr(yns) = Eq. [2]

Our first departure from the standard model in equation 2 is the stated ANA model which
relies on debriefing questions about attribute attendance to place respondents into classes.
Each class is defined by a set of parameter restrictions, setting coefficients equal to zero
when a respondent indicated they did not attend to the corresponding attributes (Hensher et
al. 2012; Kragt 2013; Koetse 2017). Generalizing our standard model to allow for classes of
non-attending respondents yields the choice probabilities given by:

exP(ansjﬂc + Xna + Znsjy)
J
quxp(ansqﬂc + Xno + Znsqy)

Pr(ynglc) = Eq. [3]

where the B vector is now indexed by class ¢ indicating which elements of Sare restricted to
Zero.

For kattributes describing a discrete alternative there are a total of 2% possible attribute
(non-) attendance classes (Hensher et al. 2012; Thiene et al. 2015; Glenk et al. 2015). Thus,
for our empirical setting with four attributes (cost over the next three years, ecologically
important acreage, socially important acreage, and treatment method) there are 16 possible
classes of attribute (non-)attendance to which individual 7 may belong. We abstract away
from the full set of possibilities and largely focus on two classes: total attendance,

and non-attendance to at least one attribute. Such an assumption is not unconventional

given our empirical focus. In fact, Koetse (2017) investigates how accounting for non-
attendance to the cost attribute both corrects hypothetical bias, and decreases the WTA-WTP
disparity. Related to this issue is the relationship between attribute non-attendance and
consequentiality. Koetse (2017) argues that consequentiality, or rather the lack thereof, is the

Land Econ. Author manuscript; available in PMC 2021 August 10.
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most important reason for respondents ignoring the cost attribute. While Scarpa et al. (2009)
discuss how cost non-attendance is often correlated with non-attendance to other attributes,
Thiene et al. (2015) focus on non-attendance to a single attribute due to data limitations.
Hensher et al. (2016) also agree that investigating all 2% possible classes is not ideal.

We further generalize the stated ANA model by estimating a random parameters logit model
which allows coefficients that are not restricted to zero to vary over respondents (Train
2003). In the random parameters logit, the g vector is distributed multivariate normal so that
Bok = Bk + oxvnk IT & is attended to by respondent 7, and g, = 0 otherwise. S represents the
mean of the distribution of marginal utilities across the sample population, oy represents the
spread of preferences around the mean, and 14y is the random draw taken from the assumed
distribution (Hensher et al. 2015).

Concerns about the accuracy of this self-reported information has led to use of latent class
(LC) models to separate individuals into classes and motivates our inferred ANA model
(Scarpa et al. 2009, 2012; Hensher et al. 2012; Kragt 2013; Glenk et al. 2015; Thiene et
al. 2015). In this framework class membership is unknown to the analyst and is instead
treated probabilistically. Estimation requires specifying the ANA class probabilities, 7,
which are the probabilities that individual 77 belongs to class ¢ (Hensher et al. 2015).
These probabilities can be specified by the logit formula and estimated as a function of the
choice-invariant characteristics in x;:

exP(chn)

Pr(cy) = 7ty = = .
Y exp(6ix,)

Eq. [4]

where 6, is a vector of estimated parameters and Cis the number of classes specified

by the analyst. The class membership probabilities can be combined with the conditional
probability of equation 3 to express the unconditional probability of individual /7’s response
via the Law of Total Probability:

Pr()’nsj) = ZF Pr(cnl)Pr(ynsj|cl) Eq. [5]

4. Results

We estimate the probability of voting for the hemlock woolly adelgid treatment policy

as a function of its attributes using conditional logit, latent class, and random parameters
logit models.18 The coefficients from the conditional logits are shown in table 2. 17 The
estimated coefficient on the cost is negative and statistically significant as one would expect
for the repeated sample. The bounded sample, however, exhibits some strange behavior on

16\e find no differences in results for those who meet the conditions for survey consequentiality and those who do not (Petrolia et
al. 2014). Also, similar binary choice sequence question formats have been used to examine ordering effects (Holmes and Boyle 2005;
Day et al. 2012; Nguyen et al. 2015). We find little evidence of ordering effects in our data.

While there is some evidence of incentive incompatibility and starting point bias, it is not a result that is robust enough to be cause
for concern. For example, we generally only observe such evidence in the bounded data when controlling for both issues, but do find
some evidence of starting-point bias in the first two situations of the bounded data when we do not control for incentive compatibility.
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the cost attribute. When considering only the first choice situation the coefficient for the

cost attribute has the correct sign, but its significance disappears when both the first and
second choice situations are included. The statistical significance reappears when all three
choice situations are included in the model. Most strikingly table 2 shows no robust evidence
of scope effects. Thus, our simple models show limited evidence of the repeated sample
passing the internal scope test. Furthermore, our simple models fail the external scope test.
In other words, the coefficients on the ecologically important and socially important acreage
amounts are not statistically different from zero.

Table 3 reports estimated coefficients from the random parameters logit model. It shows,
like Siikamé&ki and Larson (2015), the evidence for scope effects becomes stronger when
we account for preference heterogeneity. In addition, the evidence of scope effects for
ecologically important acreage in the repeated sample appear when the first two choice
situations are included in the model. We also estimated latent class (LC) models that show
evidence of scope effects in the repeated sample. For example, in a two-class non-equality
constrained latent class (non-ECLC) model, we observe positive and statistically significant
scope effects in the dominant class, class 1 (see appendix table A2).18 The coefficient for
ecologically important acreage, however, is not distinguishable from zero unless all three
choice situations are included in the model. Like the random parameters logit models,

the two-class non-ECLC estimates a smaller Akaike Information Criteria (AIC) function
than the conditional logit model. Thus, we have evidence that accounting for preference
heterogeneity improves the fit of the model and the data exhibits internal scope effects.

We next investigate several ways of allowing for attribute non-attendance. First, we compare
the effects of accounting for stated ANA on the conditional logit and random parameters
logit models. Second, we examine a number of inferred ANA models.

There are 2 possible attribute (non-)attendance classes in an equality constrained latent
class (ECLC) model framework. In our application ks equal to 4 and refers to the

four attributes that describe the referenda (cost, ecologically important acreage, socially
important acreage, and treatment). Table A3 in the appendix illustrates how under the full
2k (16) class ECLC model we only estimate 5 different coefficients (cost over the next
three years, ecologically important acreage, socially important acreage, biological HWA
treatment, and chemical HWA treatment). The estimated coefficient on attribute 7 (5;) is
the same for all classes that attend to the attribute. If the attribute is not attended to, then
the coefficient is restricted to be equal to zero. The same conditions apply to models with
fewer classes. Table A3 also shows that 59 percent of respondents exhibit total attribute
attendance, or the continuity axiom of neoclassical theory.1® About 10 percent of the
respondents ignored only the social scope of the policy, and about four percent ignored
treatment. Almost 15 percent of respondents ignored a combination of attributes. Unlike

1Bywe purposely omit the results from the first situation, and the first and second situation. The variance matrix for the repeated sample
is singular in both cases, and the bounded sample does not exhibit scope effects for the first situation. Including both the first and
second situation for the bounded sample yields statistically significant scope effects for ecological acreage in one class, while the
estimated coefficient is negative and statistically significant at the 10 percent level in the other.

9This is comparable to Hensher (2008) and Kragt (2013). Sixty-two percent of Hensher’s sample exhibit total attribute attendance
and 55 percent of Kragt’s respondents attended to all attributes.
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many studies socially important acreage, and not “cost,” was the most commonly ignored
attribute (Kragt 2013). Similar to Thiene et al. (2015) and Koetse (2017) we do not attempt
to investigate the 2K classes.20 We limit our analysis and consider three specific cases of
stated ANA: scope non-attendance, cost non-attendance, and cost and scope non-attendance.

We defined stated attribute non-attendance using the respondent’s answer to a Likert scale
question. Specifically, the survey asked, “When you were making your decisions about the
different alternatives, how much influence did each of the following have on your voting
decision?” Respondents were able to answer either “a lot,” “some,” “not much,” “none,” or
they could decline to answer. We report estimated coefficients for models where ANA has
been defined as either “none” or “not much” influence (see appendix table Al). Later we
will discuss the sensitivity of our results to our definition.21

Table 4 reports the conditional logit model that accounts for stated non-attendance to the
scope attributes (ecologically and socially important acreage). The model is conceptually
similar to an equality constrained latent class model in that there are four (22) possible
latent classes. Specifically, the four classes are: 1) total attendance (class 16 in appendix
table A3), 2) non-attendance to ecologically important acreage (class 2 in appendix table
A3), 3) non-attendance to socially important acreage (class 3 in appendix table A3), and
4) non-attendance to both ecologically and socially important acreage (class 8 in appendix
table A3).

Unlike our previous results, tables 4 and 5 show that we find robust external and internal
scope effects for both ecologically and socially important acreage in both the bounded and
repeated samples. This is true for both the conditional logit (table 4) and random parameters
logit (table 5) specifications.22 We find qualitatively similar results (robust scope effects

in both bounded and repeated samples) when we account for both cost and scope stated
attribute non-attendance. However, as previously discussed, the estimated coefficient on the
cost attribute is not always statistically significant in the bounded sample. In addition, table
4 shows that we estimate a positive and statistically significant coefficient on cost using the
bounded sample and all choice situations.23When we account for stated ANA on the cost
attribute alone we find no evidence of scope effects in the bounded sample, and non-robust
evidence of scope effects for ecologically important acreage in the repeated sample. Based
on the AIC the best fit is provided by the random parameters logit model that accounts for
ANA to the scope attributes only.

200yr primary motivation for this is the small dataset that is likely to yield singular variance estimates in the 2K classes case. For
example, large numbers of latent classes lead to identification problems such as singular Hessians (Hensher et al. 2015). In fact, using
our data the 2X-class LC model and several specifications of the 2Xclass ECLC model often fail to converge or is singular. While
Scarpa et al. (2009) discuss how cost attribute non-attendance is often correlated with non-attendance to other attributes, due to data
limitations Thiene et al. (2015) and Koetse (2017), focus on non-attendance to a single attribute.

Our qualitative results are robust to our definition of ANA (none, none and not much, none and not much and some). \We chose to
report answers of either not much or none as our baseline definition.

Our random parameters model uses 1,000 standard Halton sequence draws from normally distributed attribute parameters. The
relative size of our estimated standard deviations range from 0.02 times smaller (social) than the mean to 19.26 times larger (social)
than the mean. On average the standard deviations of the scope parameters are 2.53 times larger than the means.

Such peculiar results could be caused by a number of factors including model misspecification. In our context it is likely the result
of our survey design and its effect on respondents answers. For example, the cost amount provided in follow-up situations may have
changed relative to the other static attributes in a manner that is not seen as realistic. Thus follow-up situations may not be incentive
compatible leading to yea-saying behavior (Whitehead 2002).
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Our results do not change qualitatively as we change our measurement of stated ANA. We
do observe less peculiar behavior in the estimated coefficient on the cost attribute for the
bounded data as we broaden our definition from “none” to “none,” “not much,” and “some.”
The most substantial difference in the results occurs when we extend our definition of

stated ANA to include “some” influence. We find that the statistical significance of socially
important acreage begins to decrease.

Because there is evidence in the literature that respondents may not answer accurately to
ANA questions, we estimate equality constrained latent class (ECLC) models (Armitage and
Conner 2001; Ajzen et al. 2004; Carlsson et al. 2010; Hess and Hensher 2010; Hensher

et al. 2012; Scarpa et al. 2011; Scarpa et al. 2012; Alemu et al. 2013; Kragt 2013). We
examine whether or not these inferred ANA models will show statistically significant scope
effects. We examine several different cases of latent classes: 16 classes (1-16 on appendix
table A3), 9 classes (14, 8, and 14-16 on appendix table A3), 5 classes (3, 4, 8, 15, and

16 on appendix table A3), 4 classes (3, 8, 15, and 15 on appendix table A3), 3 classes (3,

8 and 16 on appendix table A3), and 2 classes (8 and 16, and 1 and 16 on appendix table
A3). We find that when including only the first situation in the model the AIC generally
decreases for both the bounded and repeated samples, suggesting that fewer classes is better.
These results are noisy when both the first and second situations are included in the model,
but generally speaking the AICs still decrease. Interestingly, the AIC seems to increase as
ECLC models with fewer classes are estimated when all three choice situations are included.
Furthermore, these findings are confounded by the fact that we also often estimate singular
variance matrices.24

We report the inferred scope non-attendance and inferred cost non-attendance models in
table A4 of the appendix. The estimated coefficients in these tables once again illustrate

the robustness of the lack of scope effects.2° The first specification in table A4 assumes

one class does not attend to both ecologically and socially important acreage (scope ANA).
The second of these two inferred ANA models, cost ANA, comes from Koetse (2017).
Specifically, in the second specification we set the estimated coefficient for the cost attribute
to be zero in the non-attending class. Unlike Kragt (2013) and Koetse (2017) our inferred
models do not exhibit scope effects.

Table 6 reports the marginal WTP estimates calculated from coefficients presented in the
previous tables. It once again illustrates our two main points. First, there is a lack of scope
effects in models that do not account for attribute non-attendance. Second, accounting for
preference heterogeneity using either stated ANA or random parameters logit models can
reveal scope effects. In general, when using stated ANA in conditional logit models we
find that respondents are willing to pay between about $9 and $16 per acre. Our negative
WTP estimates for treatment of ecologically and socially important acreage is the result
of peculiarities in the bounded data. Specifically, the positive coefficient estimated on cost,
shown in table 4, causes this puzzling result. Random parameters logit models, however,
suggest a lower range of marginal WTP of $5 to $14 per acre.

24w were unable to estimate a 24 non-equality constrained latent class model due to data limitations.
We also tried to estimate a 16 class (non-equality constrained) latent class models but it did not converge.
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5. Conclusions

We have shown that like many other contingent valuation studies, the 2017 Southern
Appalachian Forest Management Survey data generally fails internal and external scope tests
when using naive models that assume fully compensatory preferences. This result is robust
to the number of choice situations in the survey and empirical specification. We employ
several methods to account for preference heterogeneity: 1) stated attribute non-attendance,
2) inferred attribute non-attendance, 3) equality constrained latent class models, 4) random
parameters models, and 5) combinations of the four. Accounting for stated attribute non-
attendance allows our models to pass both internal and external scope tests, shedding light
on a major criticism of contingent valuation. As noted by other researchers, such a result
could have large policy implications (Scarpa et al. 2009; Kragt 2013; Glenk et al. 2015;
Koetse 2017).

We compare bounded and repeated valuation questions and employ a number of different
specifications to search for scope effects in single or sequential binary choice situations.
While some models like random parameters logit and 2-class non-ECLC models find scope
effects for ecologically important acreage in the repeated data when we include all three
choice situations, such results are not robust to specification. Robust scope effects appear
only when we account for stated ANA on scope attributes. The preferred models are stated
ANA random parameters logit models using the repeated data which has a better statistical
fit than the bounded data. The bounded sample models typically have inferior goodness of
fit than the repeated data for the same specifications, except when all three choice situations
are included in our models. There is also less robust evidence of scope effects with the
bounded sample. As we change our definition of ANA the qualitative results do not change
substantially, however, we begin to see less evidence of scope effects for socially important
acreage. Our results conflict with Kragt (2013) and Koetse (2017). While they favor the
inferred models, the results of our analysis favor stated models. A striking result from our
investigation into the inferred models is that we find no evidence of scope effects on the
bounded survey treatment sample, regardless of the number of latent classes we assume.

If researchers are unable to rely on inferred ANA via latent class models, then economic
survey design should routinely include questions that capture stated ANA.

Discovery of a factor that provides a rationale for a longstanding criticism of contingent
valuation, insensitivity to scope, warrants further investigation on the effects of ANA and
implications of discontinuous preference ordering among survey respondents. Our results
provide evidence of a need and an opportunity to revisit old data that exhibits insensitivity

to scope using new techniques. It is possible that use of ANA methods could lead to some

of these old studies passing scope tests. Our results also highlight the need for research
focused on the determinants of ANA and ways to mitigate it. Our analysis suggests that
accounting for stated attribute non-attendance for scope attributes could help overcome other
CVM problems like fat tails, temporal insensitivity and others.

While the primary aim of our analysis does not require scaling household values up to the
population level, such as for benefit cost analysis, our results raise the question of how to
treat respondents that do not attend to certain attributes - cost in particular - in that scaling
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exercise. To our knowledge the existing literature has not addressed this question directly
but, generally, the difference between naive models and those that account for ANA is
viewed as a bias arising from process heterogeneity (Glenk et al. 2015; Hensher et al. 2015).
Taking that point of view, one would conclude that WTP values found with models that
correct for that bias could be applied to the larger population to estimate total social benefits.
A more conservative approach would only apply positive WTP to the percentage of the
population corresponding to the proportion of the sample that fully attended to the attributes,
or just the cost attribute if that is the primary concern. Alternatively, if a latent class model

is used to correct for ANA and the class probability functions rely on data that are available
for the larger population, those probabilities could be estimated for the population, thereby
scaling the likelihood of non-attendance to the population as well. No doubt there are other
possibilities that could provide other population-level estimates to generate lower and upper
bounds for comparison with total cost for program evaluations.
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Imagine that you have the opportunity to vote on the hemlock forest treatment altermnative. If more than 50% of North Carolina

households vote for the alternative then it would be put into practice.
Consider the following alternative:

{11111 The area treated of ecologically important hemiock dominated forests is 2500 acres, 8% of the total.
1| The area treated of ecologically important hemlock dominated forests is 5000 acres. 17% of the total.
{57711 The area veated of ecologically important hemlock dominated forests is 7500 acres. 25% of the lotal,
[: 1] The area treated of ecologically important hemlock dominated forests is 10,000 acres, 33% of the total

{71 The area weated of socially important hemiock dominated forests is 2500 acres, 8% of the total.
{1 The area treated of socially important hemlock dominated forests is 5000 acres, 17% of the total.
The area treated of socially important hemlock dominated forests is 7500 acres, 25% of the total,
... The area treated of socially important hemlock dominated forests is 10,000 acres, 33% of the lotal.

[ The wreatment method is chemical insecticide.
[ The reatment method is biologic '

[ The annual cost to you for the next 3 years is $50.
The annual cost to you for the next 3 years is $100.
The annual cost to you for the next 3 years is $150.
{771 The annual cost to you for the next 3 years is $200

Would you vote for or against this alternative?
| would vote for this alternative
| would vote against this alternative

| don't know how | would vote

Figure 1.
Binary choice question
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Binary choice sequence referendum votes

Table 1:

First binary choice referendum situation

Bounded Repeated
Cost | For votes | Samplesize | % for | For votes | Samplesize | % for
50 72 109 66% 55 92 60%
100 65 123 53% 64 118 54%
150 51 113 45% 64 118 54%
200 56 124 45% 40 110 36%
Total 244 469 52% 223 438 51%

Second binary choice referendum situation

Bounded Repeated
Cost | For votes | Samplesize | % for | For votes | Samplesize | % for
25 113 225 50% 38 61 62%
50 40 76 53%
100 35 74 47%
150 26 63 41%
200 31 83 37%
250 134 244 55% 33 81 41%
Total 247 469 53% 203 438 46%

Third binary choice referendum situation

Bounded Repeated
Cost | For votes | Samplesize | % for | For votes | Samplesize | % for
5 35 112 31% 43 67 64%
25 38 55 69%
50 24 44 55%
100 29 57 51%
150 22 58 38%
200 15 54 28%
250 16 53 30%
300 94 134 70% 16 50 32%
Total 129 246 52% 203 438 46%
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Conditional logit models

Table 2:

1%t situation 18t and 2"d situations 1t 2nd and 34 situations
Bounded Repeated Bounded Repeated Bounded Repeated

-0.00537 7" | -0.00597 *** | -0.00050 | -0.00449*** | 0.00189 7 | -0.00511 """
cosT

(0.00172) (0.00183) (0.00078) | (0.00104) (0.00062) | (0.00076)

0.00257 0.01212 -0.01589 | 0.03211 -0.02382 0.04061*
ECOL

(0.03330) (0.03457) (0.02378) | (0.02395) (0.02223) | (0.02095)

-0.04875 0.04592 -0.02042 | 0.01434 -0.01744 -0.00680
SOCIAL

(0.03411) (0.03410) (0.02379) | (0.02481) (0.02146) | (0.02071)
BloL 1.25593™ " | 0.63952 0.50122™ | 0.46297 " 0.14702 0.55832™"

(0.36772) (0.40075) (0.25122) | (0.27797) (0.21959) | (0.23139)

0.83718** | 0.22553 0.26585 -0.01324 0.01785 0.16084
CHEM

(0.37275) (0.38325) (0.25644) | (0.26739) (0.22778) | (0.22458)
AlC 641.0 599.8 1303.2 1189.7 1633.0 1758.5

Page 21

Notes: The estimated coefficients are reported above with their clustered standard errors in parentheses (st. er.). The statistical significance is
reported using the following convention:

p<0.05,

Ak
p<0.01,

Hok:

*
p<0.001.
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Table 3:

Random parameters logit models

18t situation 18t and 2"d situations 18t, 2nd and 39 situations
Bounded Repeated Bounded Repeated Bounded Repeated
Means
cost -0.96750 -0.01565 " | -0.01343™** | -0.01664 " | -0.01257 "
(40.07943) (0.00585) (0.00379) (0.00531) (0.00197)
EcoL 0.30392 -0.01911 0.119727 -0.03402 0.097247*
(13.78935) (0.06675) (0.06557) (0.06441) (0.03869)
-6.71789 -0.04884 0.03110 -0.05546 0.00392
SOCIAL
(279.6456) (0.06258) (0.06138) (0.06313) (0.03687)
BloL 212.462 277834 1.14801 3.04692*" | 1.07004™
(8806.537) (1.09939) (0.70789) (1.04466) (0.42025)
CHEM 119.209 2.06624°* -0.27417 2433987 0.19143
(4944.689) (0.97498) (0.67697) (0.95249) (0.39494)
Standard deviations
cosT 1.87494 001324 | 0.01727™ | 0.02077™** | 0.01483***
(77.65121) (0.00446) (0.00597) (0.00307) (0.00243)
3.78483 0.08309 0.04716 0.11504 0.09731
ECOL
(156.1534) (0.22499) (0.35066) (0.13442) (0.08603)
0.12290 0.00978 0.19717 0.00037 0.07550
SOCIAL
(9.82321) (0.11575) (0.15094) (0.11984) (0.11423)
BlOL 280.770 250185 | 2.85834 " | 2.80256 " | 1.99260 "
(11628.52) (0.94452) (0.92091) (0.80142) (0.44627)
CHEM 52.0507 2.37414°F | 3.09622" | 2.67901 | 1.58960 "
(2150.484) (0.99621) (1.03889) (0.77203) (0.44627)
AlC 648.5 singular | 1286.8 1119.9 1594.1 1620.5

Page 22

Notes: The estimated coefficients are reported above with their clustered standard errors in parentheses (st. er.). The statistical significance is

reported using the following convention:

*
p<0.05,

Aok

p<0.01,

Aok

*
p<0.001.
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Table 4:

Conditional logit models allowing for stated ANA on the scope attributes

1%t situation 18t and 2"d situations 18t 2nd and 379 situations
Bounded Repeated Bounded Repeated Bounded Repeated

-0.00601 """ | -0.00599 *** | -0.00076 | —-0.00457 " | 0.00167*** | -0.00528 ***
cosT

(0.00173) (0.00186) (0.00079) | (0.00105) (0.00062) (0.00077)
EcoL 0.05970* | 0.06910™" | 0.04088™* | 0.07004™** | 0.03530* 0.08695 ***

(0.02931) (0.02919) (0.02062) | (0.02221) (0.01945) (0.01974)

0.05605™ | 0.06986™ | 0.042847 | 0.04545™F | 0.03790™* | 0.02836
SOCIAL

(0.02726) (0.02818) (0.01928) | (0.02158) (0.01727) (0.01866)

0.50862 0.33524 -0.07800 | 0.18810 —0.414417* | 0.19645
BIOL

(0.30132) (0.32266) (0.18427) | (0.22520) (0.16662) (0.19298)

0.04034 ™ -0.13598 -0.34983* | —0.31165 —0.57802 7 | -0.20600
CHEM

(0.30501) (0.32528) (0.18327) | (0.22796) (0.16490) (0.18819)
AlC 632.2 586.4 1292.7 1170.5 1623.7 1728.3

Page 23

Notes: The estimated coefficients are reported above with their clustered standard errors in parentheses (st. er.). The statistical significance is
reported using the following convention:

*
p<0.05,

Aok

p<0.01,

*ok

*
p<0.001.
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Random parameters logit models allowing for stated ANA on the scope attributes

Table 5:

18t situation 18t and 2"d situations 18t 2nd and 34 situations
Bounded | Repeated Bounded Repeated Bounded Repeated
Means
cosT -0.01708 " | -0.01392 | -0.01738 " | -0.01263 "
(0.00683) | (0.00383) (0.00605) (0.00195)
EcoL 013246 | 0.19745 | 0.13306 ™ 0.17089
(0.07203) | (0.06548) (0.07285) (0.03798)
SOCIAL 0.12342°" | 0.14222™ | 0.12284™ | 0.06926
(0.06261) | (0.05865) (0.05760) (0.03472)
BloL 1.30989 0.37306 133916~ 0.44609
(0.78863) | (0.54599) (0.75729) (0.34823)
CHEM 0.52594 ~1.03015* | 0.64885 -0.40213

(0.61366) | (0.59986)

(0.62843) (0.32398)

Standard deviations

0.01414™** | 0.01885 "

0.01178** | 0.01499 "

cosT

(0.00501) | (0.00519) (0.00392) (0.00236)

0.15785 0.02545 0.13622 0.00265
ECOL

(0.15403) | (0.03262) (0.17306) (0.00746)

0.00376 0.04158 0.01450 0.05388
SOCIAL

(0.04836) | (0.07351) (0.02769) (0.12494)

241250 | 2.82772 | 2.69285™ | 2.02659
BIOL

(1.04564) | (0.84316) (0.87180) (0.40029)

2407617 | 3.31496 7 | 2.63348 | 1.64282"
CHEM

(1.18825) | (0.95997) (0.86165) (0.42421)
AlC singular singular 1273.9 1100.1 1581.5 1593.1

Page 24

Notes: The estimated coefficients are reported above with their clustered standard errors in parentheses (st. er.). The statistical significance is

reported using the following convention:

*
p<0.05,

Aok

p<0.01,

Aok

p<0.001.
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Table 6:

Marginal willingness-to-pay

18t situation 18t and 2"d situations | 1%, 2"d, and 3'9 situations

Bounded | Repeated | Bounded | Repeated Bounded Repeated

Conditional logit

ECOL $0 $0 $0 $0 $0 $7.95"

SOCIAL $0 $0 $0 $0 $0 $0

Random parameters logit

ECOL $0 $8.917 $0 $7.74™*

SOCIAL $0 $0 $0 $0

Conditional logit using stated ANA on the scope attributes

ECOL $9.93 | $11.54™" $0 $15.3377 | —$21.14™ | $16477

SOCIAL | $9.33™" | $11.66™ | $56.37™° | $9.95™" | -$22.60™" $0

Random parameters logit using stated ANA on the scope attributes

ECOL $7.76° | $14.18™ $7.66 $13.53 7

SOCIAL $7.23™° | $1021 | $7.07 $5.48™"

Notes: Marginal willingness-to-pay estimates are presented above following stars that indicate statistical significance. The stars correspond to
the minimum statistical significance between the cost attribute and scope attribute. The statistical significance is reported using the following
convention:

p<0.05,

Hok

p<0.01,

Hok:

*
p<0.001.

A zero indicates that our estimated coefficients were not statistically significant, and a missing value indicates that we did not estimate that model.
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