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Abstract. Using an induced-value experimental design that varies whether values for a “good”
are certain or uncertain and whether payment is real or hypothetical, this study investigates
issues of demand revelation, hypothetical bias, and value uncertainty for four elicitation
mechanisms used in contingent valuation surveys: dichotomous choice, dichotomous choice
with follow-up certainty question, payment card, and multiple-bounded discrete choice. For
all elicitation mechanisms, we find no evidence of hypothetical bias: voting decisions do not
vary systematically when payment is hypothetical versus when it is real. Under all design
conditions we find the fewest deviations between stated and induced values and the strongest
evidence of demand revelation with dichotomous choice. Stated uncertainty in dichotomous
choice follow-up and multiple-bounded discrete choice questions does correlate with uncertain
induced values, but the signal is noisy. We discuss the implications of our findings for the
design of contingent valuation surveys.
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1. Introduction

Contingent valuation (CV) remains a leading method for eliciting values for
public goods and externalities for use in benefit-cost analyses and natural
resource damage litigations. This survey-based method asks people to
hypothetically make a tradeoff between a change to a good and money.
While there is no incentive to reveal true values in a hypothetical setting,
there have been theoretical arguments advanced that there is no incentive to
lic about one’s value in some elicitation settings. Ultimately, whether true
values are reported is an empirical question and numerous studies have
compared parallel decisions under hypothetical and real payment conditions.
While the evidence is mixed, and there are uncontrolled factors that may be
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driving some results, meta-analyses of studies using field and laboratory data
suggest that there exists a positive “hypothetical bias’, whereby people tend
to overstate their values in hypothetical settings (List and Gallett 2001; Little
and Berrens 2004; Murphy et al. 2005)." The accumulated evidence is that
applications that frame the valuation exercise in terms of willingness to pay
(WTP), and that use close-ended elicitation formats such as dichotomous
choice (DC) referenda, result in the smallest discrepancies between hypo-
thetical and real WTP estimates. However, the underlying causes of hypo-
thetical bias are not yet fully understood and empirical evidence to date has
not produced a concrete set of guidelines for mitigating hypothetical bias.
This paper offers a fresh perspective on hypothetical bias through the use of
induced-value laboratory experiments that compare real and hypothetical
payment decisions, across a variety of elicitation formats, with and without
value uncertainty.

Consider the question posed to a typical CV survey respondent in a
field setting. The individual is asked to respond to a valuation question
for a good that is unfamiliar or at least not commonly traded in the
marketplace. The individual must first form (construct) her own valuation
for the good and next report this value in response to the question posed
in the survey. The usual term for the first task is the value formation and
the second task the value elicitation. In such a setting, there are two
sources of hypothetical bias. The individual may overstate the value
formed since the class of goods used in most CV studies is generally
socially desirable. As List et al. (2004) show, individuals in such settings
may take cues from the behavior of others in their social networks. This
may lead to overstating values in hypothetical settings since such behavior
would amount to ““cheap talk™ and there is no penalty incentive to tell the
truth here.? It is this latter source of hypothetical bias that we seek to
address through the use of induced-value laboratory experiments. With
induced values there is little opportunity for social networks to affect an
individual’s value since the value formation phase has been eliminated.
Thus, the setting allows us to focus on the value elicitation, and the effect
of different forms of this elicitation in a setting in which we control
for such factors as social interaction. The extent to which our results
can inform the elicitation mechanism choice for field surveys will depend
on the degree of interaction between the nature of the good being valued
and the elicitation mechanism. In principle, we expect such interaction
effects to be small. However, we cannot speak to the biases that may arise
from such factors as the ‘“‘social desirability” of the good or to the effect
of social networks on stated preferences. Finally, since we induce indi-
vidual values for the “good” we know the exact deviation between stated
and actual values in hypothetical and real payment settings.
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Surprisingly few studies use induced values to investigate CV mechanism
design issues. Taylor et al. (2001) investigate hypothetical and real DC ref-
erenda and find that decision “‘errors” (i.e. responses inconsistent with
induced values) across the two conditions were quite close: 16.1% errors in
real referenda versus 16.8% in hypothetical referenda. Most errors occurred
when the difference between induced value and cost was small ($1 or Iess).
Further, errors were not systematic over or under-statements of value,
leading the authors to find in favor of demand revelation under either con-
dition, and conclude that there is no evidence of hypothetical bias. Cherry
et al. (2004) investigate hypothetical bias in a second-price auction where
participants have an outside option to obtain the private good at a
fixed price. They find evidence of (positive) hypothetical bias, but that
changing the price for the outside option engenders the same change in bids
for both real and hypothetical payment settings. The observed overbidding
(i.e. overvaluation) in the hypothetical setting may stem from the utility
gained from the act of winning, where the lack of financial incentives in the
hypothetical setting would serve to increase the importance of winning
relative to the real setting. This may explain why Taylor et al. (2001) do not
find hypothetical bias in their public good setting. In a different vein, Burton
et al. (2003) use induced values to investigate responses to follow-up offers in
double referenda.

This study focuses on four elicitation formats used in CV surveys: DC,
DC with follow-up certainty question, two versions of the payment card,
and two versions of the multiple-bounded discrete choice elicitation
mechanism. The DC or ‘“take it or leave it” elicitation format is most
commonly used, and is appealing on the grounds it mimics a familiar and
realistic posted-offer market purchase or yes/no voting situation, and it
imposes the lowest cognitive costs on the respondent in keeping with the
arguments of Smith and Walker (1993). Gibbard (1973) and Satterthwaite
(1975) show that a DC voting mechanism does not induce false responses.
Further, if individuals perceive that they are affected by the voting out-
come, then DC referenda are incentive compatible under fairly general
assumptions.

Alternatives to DC are commonly used in CV surveys, although their
theoretical properties are generally not as well understood. These alternative
mechanisms differ from DC in terms of including more payment amounts
(i.e. bids) and/or eliciting information on respondent uncertainty. DC
questions gather rather crude information on the respondent’s WTP. Alter-
native formats that ask the respondent about multiple payment amounts are
statistically more efficient, and reduce sample size requirements relative to
DC. Our study investigates two such formats, the multiple-bounded discrete
choice format of Welsh and Poe (1998) and the payment card. As respondents
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are unfamiliar with these alternative mechanisms, and the formats are pre-
sumably less transparent, an important empirical question is whether this
leads to noisier decision-making. Further, it is incumbent on researchers to
establish that alternative mechanisms are demand revealing.

Many CV studies involve goods that are not commonly traded in markets,
and respondents may thus be unsure of how to place a value on such goods.
Accordingly, researchers have engaged in asking respondents to express
uncertainty either in qualitative or quantitative terms. Some posit that value
uncertainty may be able to at least partially explain evidence on hypothetical
bias. For instance, one conjecture — supported by studies that compare DC
responses with those from elicitation mechanisms that allow uncertain
responses — is that uncertain respondents will state “‘yes” to a DC question in
a hypothetical setting, but say “no” in a real payment situation, leading to
the notion that “Yes means Maybe and No means No” (Berrens et al. 2002,
p. 165). Much theoretical and empirical work has been devoted to concep-
tualizing how respondents answer CV questions under uncertainty and
developing elicitation formats that capture this uncertainty (e.g., Li and
Mattsson 1995). Calibration techniques based on these formats have been
somewhat successful at equating hypothetical and real WTP (Vossler et al.
2003). However, Murphy and Stevens (2004), in their survey of the literature,
warn, “‘without a better understanding of the causes of hypothetical bias and
why these techniques are effective, they should be used with caution.”

This study investigates a DC question coupled with a follow-up question
about response uncertainty, and the multiple-bounded discrete choice format
which presents respondents with multiple response categories that allow
uncertainty. We implement the DC format with follow-up as a separate
mechanism than a pure DC format, as it is unknown a priori whether the
mere presence of the follow-up question affects DC responses. To investigate
whether hypothetical bias is at least partially explained by uncertainty and
whether assessments of uncertainty correlate with value uncertainty, we
include both certain and uncertain value treatments, where respondents in
the latter receive a distribution of possible values. This allows an investiga-
tion of how uncertainty affects responses to both hypothetical and real
payment questions, and represents a significant departure from existing
studies that compare uncertain responses to hypothetical questions taken at
face value with real payment transactions where the uncertainty underlying
purchase decisions is unknown.

Overall, while avoiding purely open-ended questions, the mechanisms we
investigate are standard formats that vary in terms of the amount of infor-
mation (conceptually) elicited on WTP and preference uncertainty. Although
CV surveys employing payment cards or multiple-bounded discrete choice
questions do not involve an explicit decision rule, to make these mechanisms
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operational in a real payment setting we use a public goods voting variant of
the Becker—DeGroot—Marshack (BDM) mechanism (1964). We later dem-
onstrate that this mechanism is incentive compatible.

2. Experimental Design

Two hundred and sixty-four students were recruited at the University of
Tennessee in the summer of 2005. Experiments were conducted primarily in
classroom settings, in groups ranging in size from 16 to 29. Three sessions
were conducted in a laboratory setting with small groups (4-10). There is no
evidence that the experiment size or setting influences behavior. All partici-
pants received §$10 at the outset, and earnings for those in real payment
treatments ultimately depended on the outcome of a majority rule referen-
dum. These experiments were short, lasting approximately 35 min on
average.

With design conditions of hypothetical or real payment crossed with
certain or uncertain induced values, there are four “treatments”. Within each
treatment we examine the performance of DC, DC with follow-up, two
versions of the payment card, and two versions of the multiple-bounded
discrete choice format. Each participant is given a copy of the instructions
pertaining to one treatment, which were read aloud in each session by the
same researcher. Consistent with field survey conditions, there are no practice
questions. Instructions describe voting decisions on four proposals, with the
outcome of each proposal based on a different elicitation mechanism, such
that a participant faces all four mechanisms (one version each of the payment
card and multiple-bounded discrete choice). The proposal is to provide a
public “good”, which is simply an amount of money, to everyone in the
group at a described cost. Passage of a proposal is determined by a majority-
voting rule. To prevent participants from making quick, quasi-simultaneous
decisions on all four proposals, as well as to minimize spillover effects, each
proposal is read aloud and decisions on a particular proposal are completed
before the next proposal is read. To avoid learning effects, participants make
decisions for all proposals before a result is determined and are not allowed
to revise prior decisions.

After all decisions are made, a volunteer rolls a die to determine which one
of the proposals is considered. Votes for the selected proposal are then
counted and the outcome announced to the group. Passage of the proposal
affects earnings only in real payment treatments. The experiment concludes
with a two-page questionnaire, which gathers basic demographics as well as
information on number of economics classes taken, previous knowledge of
the economics of public goods, academic major, and prior voting in state/
national elections.



142 CHRISTIAN A. VOSSLER AND MICHAEL MCKEE

2.1. FRAMING

There are two important differences between instructions for real and
hypothetical payment treatments. First, in the general preamble to the
experiments, the following paragraph is included in hypothetical treatment
instructions:

“These voting situations are hypothetical in the sense that no money will
be collected or payments made as a result of your vote. However, I ask
that you make every effort to vote just exactly as you would if this were a
real situation — please vote as if money would be collected and you
would actually be paid your value if the proposal passed.”

Second, directly before each elicitation mechanism is presented, participants
are told to ““Please remember that this is a hypothetical situation and so there
will be no money collected or payments made as a result of your vote.”

Note that the wording of the valuation questions does not vary between
hypothetical and real payment treatments. We do this to avoid potential
mischief associated with having the hypothetical vote appear foo hypothetical.
Also, even though there are no direct financial consequences of decisions in
hypothetical treatments, votes for the randomly chosen proposal are never-
theless counted and announced to the group.

2.2. INDUCED VALUES

Participants receive a ‘“‘value card”, which indicates their value for the
“good”, and their payoff outcomes depending on whether or not the pro-
posal passes. The induced value for the participant is constant across the four
proposals. Participants are told that not everyone has the same value — so
they are to look closely at their personal value. To at least partially avoid
responses motivated by fairness or altruism, participants are not told the
range or distribution of values for everyone in their group.

For value certainty treatments, induced values across group members are
uniformly distributed over the range of $1.50 to $9.50, in §1 increments. For
uncertain value treatments, participants are given a $2 range of possible
values. These ranges are constructed by adding/subtracting $1 from the set of
certain values. This range is wide relative to the value distribution. Partici-
pants are instructed that each value in the range (in 25-cent increments) has
an equal chance of being selected. After all decisions are made, the exact
value for each participant is determined though a die roll.
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2.3. COST DISTRIBUTIONS

For the two dichotomous choice formats, the costs (i.e., bids) are $1, $3, $5,
$7, and $9, with roughly the same number of participants receiving each
amount. In order to avoid correlation between induced values and costs,
which would produce misleading WTP distributions even if all respondents
voted optimally, costs were first associated with each participant number and
then induced values were randomly assigned. For a given respondent, costs
for the two DC questions differ in about 75% of the cases. We constructed
design parameters (DC costs and induced values) for 75 potential partici-
pants. For purposes of experimental control, this set of parameters is used for
all four treatments. Participants know that DC costs vary across group
members but do not know anything about the range or distribution of costs.

For the payment card and multiple-bounded discrete choice formats,
participants face possible payment amounts of $1 to $10, in §1 increments.
These amounts are the same for all participants. Given the cost and induced-
value distributions, the smallest discrepancy between (expected) induced
value and cost is 50 cents.

2.4. ELICITATION MECHANISMS AND ASSOCIATED DECISION RULES

The decision rule for a DC referendum is straightforward: if the majority of
individuals vote yes, the proposal passes. The design issue confronted in this
study is how to determine decision rules based on payment card or multiple-
bounded responses. Although surveys generally frame these formats in terms
of a voting exercise, an explicit decision rule is not typically described.
Indeed, an important empirical question is how respondents believe their
decisions will be used. Note that decision rules are necessary, as otherwise
there would be no way to implement these mechanisms under real payment
conditions, and hence no way to detect hypothetical bias.

For payment card and multiple-bounded discrete choice elicitation
mechanisms, we essentially convert decisions into yes and no votes for a
randomly determined cost amount and then use a majority-voting rule to
determine whether the proposal passes. This mechanism is best thought of as
a public goods voting version of the BDM, and our payment card in par-
ticular is a discrete-choice version of the Random Price Voting Mechanism of
Messer et al. (2006). When framed as a purchase decision, the BDM for
private goods has the buyer submit her maximum WTP, the price for the
good is then randomly determined, and the buyer purchases the good if WTP
exceeds price. The main difference from the BDM and our public goods
version is that, instead of triggering a purchase when WTP exceeds the cost,
here this triggers a ““yes’” vote for the proposal and a majority of such votes is
needed for implementation.
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In a private good setting the BDM is theoretically incentive compatible
under the assumption of expected utility maximization.” For public goods
settings the BDM can be shown to be incentive compatible under similar
conditions. Consider the case of a general payment card. The basic logic is as
follows. If the randomly selected cost falls below her value, she makes a
positive return if the proposal passes. Thus, she is better off by indicating a
WTP for all amounts less than her value, as these become yes votes at these
amounts, which increases the probability the proposal passes at these
amounts (and her expected payoff). If the random cost falls above her value
she loses money if the proposal passes. She should not indicate any amount
greater than her induced value as that would increase the probability of
implementation and decrease her expected earnings at these costs. Hence, the
respondent is best off indicating a maximum WTP consistent with her
induced value.

Closely following Irwin et al. (1998) and Messer et al. (2006), we construct
a more formal proof. Let WTP;and V;denote the indication of WTP and value
of the “good”, respectively, for participant i. Further, let C be the randomly
chosen cost from the uniform distribution [C™", C™*], which is paid only if
the proposal passes. With Y denoting the participant’s initial endowment, the
participant earns Y + J; — C if the proposal passes, and earns Y if the
proposal does not pass. Assuming that the participant behaves as if her vote is
pivotal, let [C™", WTP,] be the range of costs for which the participant
determines the proposal passes, and let [WTP;, C™**] be the range of costs for
which the participant determines the proposal fails. Finally, let U(-) denote the
utility function. Assuming expected utility maximization, the optimal bid is
determined by maximizing the following expression with respect to B;:

WTP, o
EU; = / POV U(Y + V- C)dC+/ (O U(Y)dC

Taking the first order condition with respect to B; yields:
dEU;/dB; = p(B;))U(Y + Vi — B;) — p(B;)U(Y) = 0.

Thus, maximal expected utility has B; = V;. In words, expected utility is
maximal when the participant indicates her WTP is equal to induced value.

This majority vote decision rule is chosen because U.S. residents are
generally quite familiar with majority voting rules, and referenda have nice
theoretical properties. Specifically, after all decisions have been made, we
randomly choose one of the 10 cost amounts by having a volunteer roll a
10-sided die; this chosen amount becomes the cost of the good if the proposal
passes. This determination corresponds to a reasonable conjecture actual CV
survey respondents may have: multiple amounts are presented because actual
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costs are not presently known, but once uncertainty about cost is resolved
the researchers/policy makers will examine whether the majority of
respondents are willing to pay this amount. We now present the value
elicitation questions and describe how responses for each determine whether
a proposal passes.

2.4.1. Dichotomous Choice
For both DC variants, the WTP question reads as follows:

What is your vote on the proposal, given that passage of the proposal
would cost you §X? (Please circle ONE response)

YES

NO

If a majority circle “yes”, the proposal passes; otherwise, it does not pass.
Each participant (hypothetically or actually) pays their particular cost
amount and receives the good (i.e., their induced value).

Similar to how follow-up certainty questions come across in CV surveys,
we treat the certainty question as a debriefing question that does not affect
the outcome of the vote. The particular certainty question we investigate
comes from Champ et al. (1997), and has been used in several subsequent
studies (e.g., Vossler et al. 2003):

So you voted YES on this proposal. We would like to know how sure
you are of that. On a scale from ‘1’ to ‘10°, where ‘1’ is ‘Very Uncertain’
and ‘10° ‘Very Certain’, how certain are you about your YES vote?
(Please circle ONE response)

Very Uncertain Very Certain
1 2 3 4 5 6 7 8 9 10

Thus, this question is consistent with the common stance in the liter-
ature that the ‘“‘uncertainty” lies with yes DC responses and that it is
primarily the yes responses that are poor indicators of actual intentions to

pay.

2.4.2. Payment Card

We investigate two forms of the payment card present in the literature: one
which has the respondent circle the maximum amount they are willing to pay
from a set of cost amounts, and another which has the respondent indicate a
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yes or no response to each amount. The first version, which we label “PC
v.1”, reads:
What is the highest amount you would be willing to pay and still vote in
favor of the proposal? ( Please circle ONE response)

$1 $2 $3 $4 $5 $6 $7 $8 §9 $10

After the cost for the good is randomly determined, any amount circled
equal to or greater than the cost is considered as a yes vote. All amounts
circled below the actual cost became no votes.

The second version, which we label “PC v.2”, is:

What is your vote on the proposal, given that passage of the proposal
would cost you these amounts? (Please indicate a Y or N response for
each amount)

Cost Y = Yes
N = No

§1
$2
$3
$4
$5
$6
§7
$8
$9
§10

This decision framework essentially has the respondent answer a series of
DC questions. The proposal passes when the majority of participants vote
yes to the randomly selected cost.

As described earlier, both payment card versions are best thought of as a
public goods version of the BDM mechanism for private goods. For PC v.1,
where the participant can only indicate her maximum WTP among the set of
costs, the individual is best off by selecting the highest amount lower than her
value. For PC v.2, the participant is best off by voting yes to all costs less
than her value, and voting no to all other amounts. Given the discrete choice
set, these decisions reflect the closest the respondent can get to the theoret-
ically optimal response of indicating a WTP that equals induced value. For
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respondents with uncertain induced values, these same decisions are optimal
under the added assumption of risk-neutrality. Rabin (2000) shows that,
within the EU framework and the stakes typically offered in laboratory
market settings, only virtual risk neutrality is consistent with realistic levels of
risk aversion. Nevertheless, participants may not be EU-maximizers; risk or
loss aversion may drive responses.

2.4.3. Multiple- Bounded Discrete Choice

The multiple-bounded discrete choice format is best thought of as a payment
card (in particular, our PC v.2) that allows respondents to express payment
uncertainty.* As detailed by Welsh and Poe (1998), the format presents
people with a response matrix where they choose among ““Definitely Yes”,
“Probably Yes”, “Not Sure”, “Probably No” or “Definitely No” responses
at each possible payment amount. Researchers tend to interpret and analyze
multiple-bounded data in one of two ways. Welsh and Poe (1998), and
others, recode categorical choices as yes and no responses to define a WTP
interval, and then employ analytical methods used for payment cards.
Alternatively, Evans et al. (2003) argue that multiple-bounded responses
convey subjective payment probabilities. They assign probability weights to
each category and use a generalization of the interval model used for pay-
ment cards in data analysis.

An important question is how CV survey respondents facing this format
believe their responses will be used. Welsh and Poe (1998) do not provide
their respondents with explicit weights that will be applied to the “votes’ in
the matrix. We are unable to implement their version of the multiple-boun-
ded setting in the lab given our sample sizes and limited ability to collect
participant characteristic information. That is, we are unable to map the
participant choices into ““yes’” and “no” votes as did Welsh and Poe. Thus we
have chosen to implement a version of this setting with considerable
vagueness in the weights that would be applied to the choices the participants
indicate in the matrix. We assert that survey respondents may believe that
“Definitely Yes” and/or “Probably Yes” responses will be used as indications
of WTP at each price level. This interpretation underlies our first version of
this format, which we label “MBDC v.1°":

What is your vote on the proposal, given that passage of the proposal
would cost you these amounts? (Circle ONE letter for EACH dollar
amount to indicate your vote)

The decision rule is based on both the random draw for cost and a coin
flip. If the coin is “heads™, then ““Definitely Yes” responses are treated as yes
votes and all other responses treated as no votes. A flip of “tails” means both
“Definitely Yes” and “Probably Yes” responses to the randomly selected
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Cost Definitely No Probably No Not Sure Probably Yes Definitely Yes

$1 A B C D E
$2 A B C D E
$3 A B C D E
$4 A B C D E
§5 A B C D E
$6 A B C D E
§7 A B C D E
$8 A B C D E
$9 A B C D E
$10 A B C D E

cost become yes votes. A volunteer makes the coin flip and the cost deter-
mination after all decisions have been collected. With a majority-vote
implementation rule, these procedures essentially have a “Definitely Yes”
response count as a yes vote, have a “Probably Yes” response count as 0.5
yes votes, and all other categories count as 0 yes votes. While these voting
weights for the middle, uncertain response categories do not correspond
closely with category labels, recall that our purpose here is to capture a
situation where there is considerable vagueness in how responses correspond
to votes. The respondent maximizes expected payoffs by selecting ““Definitely
Yes” for all amounts less than (expected) value, and either a ““Definitely No”’,
“Probably No”, or “Not Sure” response to all amounts above value.

Consistent with Evans et al. (2003), respondents may conjecture that
responses in all categories will be carefully examined, with perceived payment
intentions increasing as responses shift from “Definitely No™ to ““Definitely
Yes”. This interpretation underlies our other version of this format, which we
label “MBDC v.2”:

What is your vote on the proposal, given that passage of the proposal
would cost you these amounts? (Circle ONE letter for EACH dollar
amount to indicate your vote)

The main difference between the two formats is the coupling of proba-
bilities with the response categories. In the experiment, responses become
partial yes votes for the randomly selected cost amount. In particular,
“Definitely No” responses count as 0 yes votes; “Probably No” responses
count as 0.25 yes votes; “Not Sure” responses count as 0.5 yes votes;
“Probably Yes” responses count as 0.75 yes votes; and ‘“‘Definitely Yes”
responses count as 1 yes vote. If the sum of the yes votes constitutes a
majority, the proposal is implemented.

Optimal responses are similar to those for MBDC v.1. Respondents
maximize expected earnings by responding ‘“‘Definitely Yes™ to all amounts
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Cost  Definitely No  Probably No  Not Sure Probably Yes  Definitely Yes
0% sure of 25% sure 50% sure 75% sure 100% sure
YES vote of YES vote of YES vote  of YES vote of YES vote

$1 A B C D E

§2 A B C D E

$3 A B C D E

$4 A B C D E

$5 A B C D E

$6 A B C D E

§7 A B C D E

$8 A B C D E

$9 A B C D E

$10 A B C D E

below (expected) value. However, respondents should respond with “Defi-
nitely No” responses to all amounts above value. Thus, the main difference
between the two mechanisms is that expected earnings decrease if respon-
dents choose “Probably No” or “Not Sure” for amounts above value with
MBDC v.2.

Much of our analysis relies on deviations between stated preferences and
induced values (i.e. non-“optimal” responses) and willingness to pay func-
tions. Throughout our analysis, unless otherwise noted, we assume partici-
pants are risk-neutral expected utility maximizers. The next section describes
three alternative characterizations of deviations from optimal responses, and
how we construct willingness to pay functions.

3. Analytical Constructs
3.1. DEVIATIONS

There are at least three reasons why actual responses may deviate from what
we characterize above as optimal responses. First, a respondent may simply
not be able to decipher what her optimal response is. This could stem from
unfamiliarity with the elicitation mechanism or an errant notion that a
strategic under- or over-stated valuation actually increases expected earnings.

Second, other-regarding preferences such as altruism may drive responses.
The influence of other-regarding behavior on DC responses is likely to be
minimal, however, given that both costs and values varied across group
members and it is thus impossible for a participant to know whether devi-
ating from an optimal response would hurt or help the average group
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member. The influence of other-regarding preferences on payment card and
multiple-bounded responses is possible. Although the range or distribution of
values is unknown, the presented array of costs might provide a signal (in
actuality it is a great indicator). Thus, a respondent with a high (low) value
relative to the cost distribution may indicate a lower (higher) value (to the
extent possible) if she feels this is in the best interest of the average group
member. We looked for such behavior by breaking the sample of participants
into those with high and low values, where high (low) values are those greater
(Iess) than half of the cost amounts. Then, for each elicitation format in each
treatment, we tested the null hypothesis that the frequency of responses
(characterized as optimal, over and under valuations) is equal across high
and low value participants using chi-square tests for 2 x 3 contingency
tables. We fail to reject the null hypothesis in 11 of 16 cases.” The rejections
only occur for PC v.1 and MBDC v.1, and four of the five rejections occur in
hypothetical settings. In examining the instances where rejections occur, we
note that there are very few over-valuations and there tended to be fewer
under-valuations among individuals with low values. This is in contrast to
Messer et al. (2006), who find that with symmetric and known value distri-
butions those with low values tend to overstate values by as much as those
with high values understate them. This suggests that the differences between
high and low value participants are more likely due to attempts at strategy or
unfamiliarity with the elicitation mechanism. In sum, while we cannot
completely rule out the influence of other-regarding behavior in this experi-
ment, we maintain that its role was likely small and does not confound any of
our analysis.

Third, relevant for uncertainty treatments, participants may not be risk-
neutral EU-maximizers. As an alternative to considering various forms for
the utility function, we consider three measures of deviations from what we
characterize as an optimal response, one of which does not rely on the
assumption of risk neutrality.

Under the first measure, Deviationl, a respondent is said to make a
“deviation” when she digresses in any way from the theoretically optimal
response. For DC formats a deviation occurs when a respondent votes yes
when her (expected) value is below the cost amount or when she votes no
when her (expected) value is above the cost. For the payment card, this
occurs when the respondent does not circle the highest amount that falls
below her (expected) value for PC v.1 or fails to vote yes for all amounts
below value, and no for all other amounts for PC v.2. For MBDC formats,
deviations occur when the respondent does not indicate a ““Definitely Yes”
for all amounts below (expected) value and indicate a ““‘Definitely No” (or
“Probably No” or “Not Sure” for MBDC v.1) for all amounts above
value.
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Note that the payment card and multiple-bounded formats require
respondents to make a more precise decision than with DC. In our experi-
ment, respondents must give correct indications of value when the (expected)
value-cost spread is $0.50. In order to put DC on equal footing with the
payment card and multiple-bounded discrete choice, we construct the mea-
sure Deviation2 for DC formats. Under this measure, a deviation is defined
identically to Deviationl, but we restrict the DC sample to those who have a
value-cost spread that is equal to $0.50. Approximately one-third of DC
respondents had a value-cost spread of $0.50.

Our third measure, Deviation3, allows us to examine whether there is a
prevalence of large deviations. Deviation3 considers only deviations from an
optimal response that are larger than $1. Specifically, DC calculations are
based on the subset of respondents that had a (expected) value-cost spread
greater than $1, in absolute value terms. This is approximately two-thirds of
respondents. For all PC v.2 and multiple-bounded discrete choice respon-
dents, who make a specific decision for all ten cost amounts, we exclude
responses to amounts that fall within a $1 or less of (expected) value. For
example, for a respondent with a value of $4.50, we simply do not look at
decisions at cost amounts of $4 or $5. But, Deviation3 would pick up any
deviation from the optimal response to values of $1 to $3 and from $6 to $10.
For PC v.1 respondents, who are asked to circle the highest cost amount they
would be willing to pay, a respondent is said to make a deviation when the
circled amount exceeds (falls below) $1 of (expected) value. Thus, a
respondent with a value of $4.50 who circles $5 is not considered to as having
made a deviation under this measure, whereas the same respondent deviates
if she circles $6. While Deviation3 characterizes more extreme deviations,
note that it does not rely on the assumption of risk neutrality. That is,
Deviation3 only considers those deviations that occur when costs fall outside
the value range for those in uncertain value treatments. Thus, this serves as
the basis of better comparisons between uncertainty and certainty treatment
respondents facing the same mechanism.

3.2. WILLINGNESS TO PAY DISTRIBUTIONS

To examine issues of demand revelation and hypothetical bias, we construct
theoretical and empirical WTP cumulative distribution functions (cdfs).® The
empirical distribution is simply the distribution of observed yes responses
across cost amounts. The theoretical cdf is the distribution of yes responses
that would occur if each individual responds optimally based on her induced
value, cost, and elicitation mechanism. An alternative would be to use the cdf
of induced values, but this introduces a confounding factor: the (expected)
induced value is a single number whereas the elicitation mechanism only
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provides a bound on WTP. Thus, even if all respondents give the ““correct”
answer, we can still observe deviations between empirical and theoretical cdfs
when constructing the latter from induced values. This is especially important
with DC comparisons, as DC elicitation is rather crude and any spurious
correlation between induced values and costs can lead to differences between
our theoretical cdf and the induced value cdf.

Since PC v.1 and multiple-bounded formats do not simply elicit yes and
no responses, we elaborate on how we construct these cdfs. For PC v.1, we
make the standard assumption that the respondent is willing to pay all listed
amounts below the amount circled, and is unwilling to pay any listed amount
above the circled amount. For the multiple-bounded formats, distributions
are constructed in a manner consistent with how votes are determined.
“Definitely Yes” responses for MBDC v.1 are always considered yes votes.
“Probably Yes” responses receive a probability weight of 0.5. All other
responses in this version are counted as no votes and receive probability
weights of 0.0. MBDC v.2 response probabilities correspond directly with
how yes votes are assigned: a ‘“‘Definitely Yes” response receives a yes
probability of 1.0; “Probably Yes” responses receive a probability weight of
0.75; ““Not Sure” receives a weight of 0.5; “Probably No’ receives a weight of
0.25; and “Definitely No” receives a probability of 0.0.

4. Results
4.1. ANALYSIS OF DEVIATIONS

Table I presents the frequency of respondents who deviate from optimal-
decisions, using our three measures, by treatment, for each elicitation
mechanism. Table II presents tests for differences in the frequency of devi-
ations between elicitation mechanisms. Since each respondent faces the two
DC formats and each payment card respondent also faces the multiple-
bounded discrete choice format, we compare deviations across these samples
using a McNemar Test for two dependent samples. For all other compari-
sons, e.g. PC v.1 versus PC v.2, the respondent groups differ and so we use
the Fisher Exact Test for two independent samples. Using the Fisher Exact
Test, we also test the equality of deviation rates across all treatments and
selected treatment pairs within each elicitation mechanism, and present the
results in Table III.

The DC format performs quite well with just an 8.7% deviation rate. For
the subset of respondents who face a difference between (expected) value and
cost of $0.50, this rate (Deviation2) only rises to 15.3%. Just 5.6% of
respondents deviate when the difference between (expected) value and cost is
greater than $1 (Deviation3). In comparison, simply adding the certainty
question leads to an increase in deviations of almost 5%, and this difference
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Table 1. Observed deviations from an optimal response
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Treatment n®

Deviation 1

Deviation 2 Deviation 3

Dichotomous Choice

Real, Certainty 72 6.9%
Hypothetical, Certainty 62 8.1%
Real, Uncertainty 66 12.1%
Hypothetical, Uncertainty 64 7.8%
Total 264 8.7%
Dichotomous Choice with Follow-up Certainty Question
Real, Certainty 72 11.1%
Hypothetical, Certainty 62 9.7%
Real, Uncertainty 66 19.7%
Hypothetical, Uncertainty 64 12.5%
Total 264 13.3%
Payment Card, Version 1

Real, Certainty 40 50.0%
Hypothetical, Certainty 30 33.3%
Real, Uncertainty 37 64.9%
Hypothetical, Uncertainty 34 70.6%
Total 141 55.3%
Payment Card, Version 2

Real, Certainty 32 34.4%
Hypothetical, Certainty 32 21.9%
Real, Uncertainty 29 72.4%
Hypothetical, Uncertainty 30 53.3%
Total 123 44.7%
Multiple- Bounded Discrete Choice, Version 1
Real, Certainty 40 67.5%
Hypothetical, Certainty 30 56.7%
Real, Uncertainty 37 86.5%
Hypothetical, Uncertainty 34 91.2%
Total 141 75.9%
Multiple-Bounded Discrete Choice, Version 2
Real, Certainty 32 65.6%
Hypothetical, Certainty 32 65.6%
Real, Uncertainty 29 96.6%
Hypothetical, Uncertainty 30 96.7%
Total 123 80.5%

16.7% 2.1%
10.0% 1.1%
25.0% 6.5%

9.5% 7.0%
15.3% 5.6%

20.0% 6.4%
12.5% 7.9%
30.4% 14.0%
18.2% 9.5%
20.2% 9.4%

40.0%
33.3%
48.7%
47.1%
42.6%

9.4%
15.6%
20.7%
30.0%
18.7%

50.0%
46.7%
37.8%
50.0%
46.1%

40.6%
50.0%
58.6%
50.0%
49.6%

“Relevant dichotomous choice sample sizes differ for Deviation2 and Deviation3. See Text.

is statistically significant at the 10% level. A closer examination reveals that
the divergence between DC and DC with follow-up certainty question stems
from more deviations in the latter format in the uncertain value treatments.
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Table II. Between elicitation mechanism tests of deviations (p-value)®

Hypothesis Deviation 1 Deviation 2 Deviation 3
DC = DCF 0.096 0.375 0.227
PCv.l = PCv.2 0.109 0.000
MBDC v.l = MBDC v.2 0.377 0.622
All DC = All PC 0.000 0.000 0.000
All DC = MBDC 0.000 0.000 0.000
All PC = All MBDC 0.000 0.000

DC = Dichotomous Choice; DCF = Dichotomous Choice with Follow-up Certainty
Question; PC v.1 = Payment Card, Version 1; PC v.2 = Payment Card, Version 2; MBDC
v.l = Multiple-Bounded Discrete Choice, Version 1; MBDC v.2 = Multiple-Bounded Dis-
crete Choice, Version 2.

#Fisher exact test used for all hypothesis with the exception of DC = DCF and All PC = All
MBDC, where a McNemar test is used.

There is also a higher propensity for those with the follow-up question to
make deviant yes votes.

In sharp contrast to the DC formats, roughly half of respondents make
payment card deviations and over three-quarters make deviations with the
multiple-bounded discrete choice format. Focusing on large deviations, PC
v.2 performs reasonable well, with a deviation rate of 18.7%. Version 1 of the
payment card, as well as the multiple-bounded formats, yield large deviations
from about 45% of respondents. Overall, statistical tests indicate that DC
formats have the lowest frequency of deviations, followed by PC v.2, with PC
v.1 and the two multiple-bounded formats bringing up the rear of the pack.

Turning to deviation rate comparisons across treatments, Table 111 reveals
very clear patterns. Deviation rates do not differ across treatments for either
DC format. Deviation rates differ across treatments for the payment card
and multiple-bounded formats, with the difference arising between certain
and uncertain value treatments. These differences vanish if only large devi-
ations are considered, and so may be at least partially explained by risk
preferences. There is never a difference in deviation rates between corre-
sponding real and hypothetical payment treatments. Thus, there is no evi-
dence of hypothetical bias in the sense that asking a hypothetical payment
question does not lead to a higher (or lower) frequency of deviations.

Finally, we formally model individual-level deviations using a probit
model, with explanatory variables that control for design conditions and
characteristics of the respondent. Descriptions for explanatory variables
appear in Table IV. To examine whether deviations are mostly in one
direction, we constructed the variable “Winner” that equals 1 if (expected)
value exceeds cost. We interact this with design variables. We initially
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Table 111. Within elicitation mechanism tests of deviations (Fisher exact p-value)

Hypothesis DC DCF PC v.1 PCv.2 MBDC v.1 MBDC v.2
Basis of analysis: Deviationl

All equal 0.732 0.370 0.013 0.000 0.002 0.000

RC = HC 1.000 1.000 0.223 0.405 0.455 1.000

RU = HU 0.561 0.342 0.623 0.180 0.712 1.000

RC = RU 0.386 0.235 0.250 0.005 0.062 0.003

HC = HU 0.608 0.778 0.005 0.017 0.003 0.003

Basis of analysis: Deviation2

All equal 0.558 0.517
RC = HC 0.673 0.702
RU = HU 0.238 0.491
RC = RU 0.710 0.511
HC = HU 1.000 0.694

Basis of analysis: Deviation3

All equal 0.644 0.688 0.580 0.220 0.696 0.586
RC = HC 0.336 1.000 0.624 0.708 0.813 0.616
RU = HU 1.000 0.738 1.000 0.552 0.345 0.604
RC = RU 0.356 0.301 0.496 0.287 0.360 0.204
HC = HU 1.000 1.000 0.314 0.230 0.808 1.000

DC = Dichotomous Choice; DCF = Dichotomous Choice with Follow-up Certainty
Question; PC v.1 = Payment Card, Version 1; PC v.2 = Payment Card, Version 2; MBDC
v.l = Multiple-Bounded Discrete Choice, Version 1; MBDC v.2 = Multiple-Bounded Dis-
crete Choice, Version 2; RC = Real Payment, Certainty; HC = Hypothetical Payment,
Certainty; RU = Real Payment, Uncertainty; HU = Hypothetical Payment, Uncertainty.

included income and an indicator variable for whether the respondent has
studied the economics of public goods. Coefficients on these variables were
jointly insignificant in all models, and we exclude these from our final
analysis in lieu of fairly high item nonresponse rates.

We estimate mechanism-specific probit models explaining individual
deviations; Deviationl is the dependent variable. We pool the two dichoto-
mous choice data sets, allowing for the mean deviation rate to differ between
the two by including the dummy variable “DCF”, which equals 1 if the
observation corresponds to the DC with follow-up treatment. This pooled
model is justified by a likelihood ratio test (Xz(lz) = 5.858, p = 0.923). For
the payment card and multiple-bounded formats, we analyze deviations for
each cost amount, rather than simply model whether some deviation
occurred during the decision exercise. Since participants make decisions on
ten different amounts for these formats, we construct ten observations per
participant in a straightforward manner. We prefer this modeling strategy as
it allows us to investigate the effect of the value-cost spread on deviations and



CHRISTIAN A. VOSSLER AND MICHAEL MCKEE

156

-ojduwres [opowr 201070 SNOWOIOYDIP Ay} 10J 21k sueaw d[dweg,

(00S°0) 00S°0
(65¥°0) TOE0
(L9€°0) 0780
(S6¥°0) €L5°0
(08%'9) §95°€¢
(TLT0) 0800
(TLT'9) 9ST°61
(6¥7°0) 6L2°0
(Tvy'0) $9T°0
(€L1°D) €0v'T
(0€r°0) v¥T°0
(00S°0) 2640
(00S°0) LLY0

uonsanb Ajurerad dn-mofoJ s 2910Yyd SNOWOIOYIIP ST JBULIOJ UONBIDI JI [ =
(sonspess ‘Furreaurdud “3+9) Jolew dasuduI-yrew e sey juedonred Jr | =
UuoI29[2 [euorneu Jo 9)e)s Joud Aue ur pajoa juedonied ji | =
orew st juedonied ji [ =

s1edk ur ‘a3e sjuedonied

qe[ [euawLIddxd pajRuIISop Ul PAJoNPUOd JudWLIddXd JI [ =
dnois sjuedonied oy) ur syuedonted jo roqunN
KJUTB1IOU () pUp 13S0 SPAVXI Anjea paonpul (pajoadxa) J1 | =
I = AJUIelIoou() pup 1$09 SPAFDXI AnjeA paonpul (pajoadxa) Ji | =
OUIYIP 1509-an[eA (P23oadxd) Jo anjea njosqy

urelIoun S1 anfeA paonput pue [eondylodAy st juowied 1| =

—
Il

ure}Iodun s dnjeA paonpur Ji [ =
[eonaylodAy st juowked 1 | =

40d

BN

PaloA

RN

By

qe]

azis dnoin
Kurero)),, JOUUIp
AJUTB1I20U ) 4 JOUUT A
ouelsig
Kyureyroou), odAH
Kurejrooun)
[eonaylodAH

(@s) ,uesw spdureg

uonduosaq

oWl J[qBLIBA

sfopow 31qoad 10J sojqerea Arojeue[dxd jo uonduosaq A7 gL



INDUCED-VALUE TESTS 157

results in comparably specified models across elicitations. For all models, we
use robust standard errors adjusted for clustering at the individual-level.

Table V presents estimated models. We present estimated marginal effects,
as they are easier than probit coefficients to interpret. The DC model esti-
mates the probability of deviating from an optimal response increases by
3.5% when a follow-up certainty question is present, ceteris paribus, and this
effect is significant at the 10% level. The coefficient on the variable “Hypo-
thetical” is insignificant in all models, suggesting that participants in hypo-
thetical payment treatments are no more likely to make deviations than those
in real payment treatments. The significant “DCF" coefficient and insignif-
icant “‘Hypothetical” coefficients are consistent with nonparametric test
results.

The only variable significant in all models is “Distance”. The marginal
effect for this variable ranges from —0.026 (PC v.2) to —0.071 (MBDC v.2),
indicating the probability of making a deviation decreases by 2.6% to 7.1%
for every $1 increase in the difference between (expected) induced value and
cost. Uncertainty leads to a positive and significant increase in deviations in
all formats except for PC v.2 and MBDC v.2. The effects of “Distance” and
“Uncertainty” jointly suggest deviations are universally related to the diffi-
culty of the decision problem. In value certainty treatments, “Winners” are
generally more likely to make deviations. This effect is quite large for PC v.1
and MBDC v.1, where winners in certainty treatments are 18.6% and 36.7%
more likely to make deviations. Group size and participating in a lab setting
(versus a classroom) are statistically insignificant factors. Note that no “Lab”
coefficient is estimated for MBDC v.1 and PC v.l1 models since all these
respondents participated in a classroom setting.

Turning to respondent characteristics, age is statistically significant in the
two payment card models, although the marginal effects are quite small and
the direction of the effect is inconsistent. For some formats, prior voting
experience and facility in mathematics decrease the probability of making a
deviation. In particular, voting has a statistically significant effect for DC and
the seemingly more transparent versions of the payment card (PC v.2) and
multiple-bounded discrete choice (MBDC v.2) formats. Math-intensive
majors are 7.4% and 10.4% less likely to make deviations to dichotomous
choice and MBDC v.2 questions, respectively.

4.2. ANALYSIS OF WILLINGNESS TO PAY DISTRIBUTIONS

We compare cumulative empirical and theoretical, “true”” WTP distributions
using one-sample Kolmogorov—Smirnov tests and present results in
Table VI. The null hypothesis of equal distributions is not rejected in all
cases, with the exception of PC v.1 and MBDC v.1, where we reject equality
for the real and hypothetical payment treatments with certain values at the
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5% level. Thus, even for formats such as PC v.2 and MBDC v.2 with a high
incidence of deviations, these deviations occur for both those with a positive
or negative (expected) value-cost spread such that they cancel each other out.
Looking back to the probit results for PC v.1 and MBDC v.1, the frequency
of deviations is quite high for “Winners”, which leads to a systematic under-
revelation of the true WTP distribution. Further, the largest discrepancy
between observed and true WTP distributions occurs at fairly large amounts,
either $5 or $6, which presumably leads to underestimates of median WTP.
Drawing more from probit model results, the lack of statistically significant
effects on deviation rates for voters and mathematically inclined individuals
suggests that these elicitations confront respondents with an unfamiliar
decision framework that is relatively more difficult to decipher.

Table VII presents Kolmogorov—Smirnov distribution tests for analogous
empirical real and hypothetical WTP distributions. In all cases, even for
mechanisms that produce biased WTP distributions, we fail to reject the null
hypothesis of equality. This result, coupled with the earlier finding of no
systematic differences between deviation rates, suggests there is no evidence
whatsoever of hypothetical bias.

4.3. ANALYSIS OF STATED PREFERENCE UNCERTAINTY

In our final stage of analysis, we investigate whether there is a correspon-
dence between stated uncertainty in the DC follow-up certainty question
and multiple-bounded formats and uncertain induced values. Table VIII
presents mean certainty level responses for selected subgroups as well as
correlation coefficients (Spearman’s p) between the (expected) value-cost
spread and certainty level, by treatment, for DC follow-up certainty
questions. The mean certainty level is about 8 out of 10 across the board.
The mean certainty levels for value certainty treatments were surprising at
first glance. However, even participants with certain induced values may
have difficulty with the decision task and convey this decision uncertainty
through responses to this question. Consistent with this conjecture, we
generally see lower certainty levels for those facing a small difference
between (expected) value and cost, including those respondents who had a
negative (expected) value-cost spread.

Estimated correlation coefficients between the (expected) value-cost
spread and certainty level show a statistically significant relationship between
the two in all treatments. The correlation coefficients are 0.29 and 0.31,
respectively, for the real and hypothetical payment treatments with certain
values. These correlation coefficients are significant at the 10% level. The
correlation coefficients for uncertainty treatments are larger, 0.56 for real
payment and 0.52 for hypothetical payment, and are statistically different



160 CHRISTIAN A. VOSSLER AND MICHAEL MCKEE

Table VI. Theoretical versus empirical willingness to pay distributions (Kolmogorov—
Smirnov test)

Treatment n D-statistic Reject Null?

Dichotomous Choice

Real, Certainty 72 0.0769 No
Hypothetical, Certainty 62 0.1429 No

Real, Uncertainty 66 0.0833 No
Hypothetical, Uncertainty 64 0.1429 No
Dichotomous Choice with Follow-up Certainty Question

Real, Certainty 72 0.0667 No
Hypothetical, Certainty 62 0.1429 No

Real, Uncertainty 66 0.1250 No
Hypothetical, Uncertainty 64 0.1333 No

Payment Card, Version 1

Real, Certainty 40 0.2500 Yes, at 5% level
Hypothetical, Certainty 30 0.2667 Yes, at 5% level
Real, Uncertainty 37 0.0811 No
Hypothetical, Uncertainty 34 0.1471 No

Payment Card, Version 2

Real, Certainty 32 0.0625 No
Hypothetical, Certainty 30 0.1333 No

Real, Uncertainty 26 0.1154 No
Hypothetical, Uncertainty 30 0.1000 No

Multiple- Bounded Discrete Choice, Version 1

Real, Certainty 40 0.2375 Yes, at 5% level
Hypothetical, Certainty 30 0.2667 Yes, at 5% level
Real, Uncertainty 34 0.1618 No
Hypothetical, Uncertainty 34 0.1765 No
cMultiple-Bounded Discrete Choice, Version 2

Real, Certainty 32 0.0469 No
Hypothetical, Certainty 29 0.1034 No

Real, Uncertainty 26 0.0865 No
Hypothetical, Uncertainty 30 0.0583 No

from zero at well beyond the 1% level. Overall, the certainty question cap-
tures value uncertainty as well as uncertainty regarding the decision task.
Recall that there is weak evidence that the mere presence of the follow-up
certainty question leads to more deviations for the DC question. In partic-
ular, those with uncertain values and a small (expected) value-cost spread are
relatively more likely to deviate when the follow-up question is present. Since
these participants do indicate a low level of certainty, it is likely they are
conveying that they could be made better off with a yes vote, but the chances
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Table VII. Tests of hypothetical bias: real versus hypothetical willingness to pay distributions
(Kolmogorov—Smirnov test, p-value)

Elicitation mechanism n Certainty n Uncertainty
Dichotomous Choice 62 0.552 62 0.552
Dichotomous Choice with 62 0.116 62 0.916
Follow-up Certainty Question
Payment Card, Version 1 29 0.951 33 0.851
Payment Card, Version 2 30 0.594 26 0.926
Multiple-Bounded, Version 1 29 0.572 31 0.615
Multiple-Bounded, Version 2 31 0.951 26 0.733

Table VIII. Follow-up certainty question responses

Treatment n Mean Mean, Mean, Spearman’s p
|value-cost| deviation (value-cost), certainty
= $0.50 voters

Real, Certainty 39 7.95 7.38 6.75 0.2946 (p = 0.069)

Real, Uncertainty 34 7.65 5.67 5.00 0.5561 (p = 0.001)

Hypothetical, 31 8.19 7.09 5.50 0.3215 (p = 0.078)

Certainty
Hypothetical, 35 771 6.91 5.25 0.5181 (p = 0.001)
Uncertainty

of it are low. Without a means of qualifying her answer, a respondent facing
a cost that falls at the upper end of her value distribution is less likely to
deviate from an optimal response.

We now turn to analysis of stated response uncertainty in the multiple-
bounded format. We focus our attention on MBDC v.2, given the systematic
bias in MBDC v.1 certainty treatments confounds comparisons between
MBDC v.1 uncertain and certain value treatments. Table IX presents the
aggregate usage of uncertainty response categories across respondents, while
Table X show the percentage selecting each category in relation to the dif-
ference between (expected) value and cost under the four treatment condi-
tions. Table IX reveals that over half of respondents with certain induced
values choose at least one uncertain response category, with approximately
90% of uncertain value respondents making an uncertain response choice.
Further, roughly 17% and 33% of certain and uncertain value respondents,
respectively, choose all three uncertain response categories during the deci-
sion task.

Surprisingly, a noticeable fraction of respondents (about 10-20%) choose
an uncertain response category even when the (absolute) difference between
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value and cost is $2.50 or higher. However, fortunately, we see that most
uncertain responses are given when value is close to cost. Further, for
respondents with induced-value uncertainty, we see a relatively higher per-
centage of respondents with uncertain responses when the cost falls within
their value range. Indeed, in real payment treatments with an (expected)
value-cost difference of —$0.50, 31% of respondents with certain induced
values choose an uncertain response category as compared to 66% with
uncertain induced values. Using a Kolmogorov—Smirnov test, we find that
the response distributions for certain and uncertain value respondents facing
a value-cost spread of —§0.50 is statistically different at the 5% level under
either payment condition. Response distributions are statistically different at
the 10% level when one considers a value-cost difference of $0.50, but only
when payment is hypothetical. Overall, there is a higher propensity for
respondents with uncertain induced values to select response categories
associated with a lower level of uncertainty, but the pervasive use of uncer-
tain response categories for rather salient differences between value and cost
is troublesome.

5. Conclusion

This study reports the results from a set of induced-value laboratory exper-
iments designed to investigate demand revelation, hypothetical bias and
value uncertainty for several value elicitation formats commonly used in
contingent valuation surveys. We evaluate the performance of DC, DC with
follow-up certainty question, two versions of the payment card and two
versions of the multiple-bounded discrete choice format. Although field
applications do not typically involve an explicit implementation rule, espe-
cially for payment cards and multiple-bounded formats, our laboratory
elicitations use majority-vote implementation rules that are theoretically
incentive-compatible under real payment conditions. The experimental
design allows us to explore basic mechanism design issues by (largely) con-
trolling factors such as context and other-regarding behavior. At a minimum,
responses under real payment conditions capture whether the incentives
underlying elicitation formats are well-understood and immune to (per-
ceived) strategic responses. Inducing value uncertainty allows a direct com-
parison of stated and actual uncertainty, which would be quite difficult to
undertake with “homegrown” values. Further, inducing uncertainty allows
us to test whether uncertainty leads to hypothetical bias, a conjecture that is
commonly put forth in the literature. Responses to hypothetical payment
scenarios serve as a more stringent indicator of mechanism transparency, and
allow observance of whether respondents systematically state high or low
valuations when there is no real money on the line.
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Table 1X. Multiple-bounded discrete choice (Version 2) uncertain response category usage
across respondents

Treatment % Using all % Using at least % Using at least
three categories two categories one categories

Real Payment, Certainty 12.5 40.6 62.5
Real Payment, Uncertainty 38.5 73.1 88.5
Hypothetical Payment, 20.7 27.6 524

Certainty
Hypothetical Payment, 26.7 70.0 93.3

Uncertainty

Our analysis of deviations from optimal responses, WTP distributions,
and stated indications of uncertainty lead to four important results. First, we
find no clear evidence of hypothetical bias. The frequency of deviations, as
well as empirical WTP distributions, never differs between otherwise identical
real and hypothetical payment treatments for any mechanism. This result
should be refreshing for contingent valuation practitioners, as it suggests the
method is not doomed simply because we ask people to make decisions
without financial commitments.

Induced-value tests (Taylor et al. 2001; Burton et al. 2003; and ours
reported here) provide evidence on the empirical performance of elicitation
mechanisms under the premise that the value for the good has been formed.”
If a mechanism performs comparably under both real and hypothetical
payment conditions, this suggests that hypothetical bias does not simply arise
because payment is hypothetical. Instead, it may suggest there is a value
formation problem; people form systematically different values in a contin-
gent versus a real market. That is, the control afforded by our experimental
design rules out factors that may be driving the oft-observed hypothetical
bias in field and laboratory studies, such as yea-saying, altruism, social
context, and value formation.® While no studies have tested whether a value
formation problem exists whereby individuals form values differently in the
context of a hypothetical payment scenario, it seems reasonable that people
spend relatively less time, or do not draw from the same information set,
when making a hypothetical payment decision. Studies investigating the
effects of ““time to think™ on stated values find that providing this time lowers
stated WTP. For example, Whittington et al. (1992) use a split-sample design
to test whether allowing respondents additional time to think (and encour-
aging them to do so) before completing a CV survey and report that this
results in lower stated WTP values. Thus, it is possible that better value
formation may reduce the gap between stated and actual WTP. We feel
future research is warranted on entreaties that motivate individuals to think
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Table X. Multiple-bounded discrete choice (Version 2) real and hypothetical payments

Value-Cost  Certainty Uncertainty p-value®

DY PY NS PN DN DY PY NS PN DN

Real payment treatments

>$4.50 97 3 0 0 0 100 0 0 0 0

$ 4.50 75 19 6 0 0 88 6 6 0 0

$ 3.50 76 14 5 5 0 83 11 6 0 0

$2.50 81 12 4 0 4 81 5 10 5 0

$1.50 80 7 3 7 3 67 13 13 8 0

$0.50 59 19 9 9 3 35 38 8 12 8 0.282
-5$0.50 6 19 3 9 63 15 12 19 35 19 0.006
-$1.50 3 3 10 10 72 0 4 13 9 74

-$2.50 0 4 12 8 77 0 0 10 15 75

-$3.50 0 4 8 8 79 0 0 6 17 78

-5$4.50 0 0 10 5 85 0 0 0 14 86
<-$4.50 0 0 9 9 83 0 0 0 8 92
Hypothetical payment treatments

>$4.50 85 15 0 0 0 86 7 0 7 0

§4.50 93 7 0 0 0 75 13 6 6 0

§3.50 84 11 0 0 5 80 10 0 10 0

$2.50 83 13 0 0 4 71 17 4 4 4

$1.50 61 29 4 0 7 68 7 14 4 7

$0.50 55 14 21 3 7 23 47 7 10 13 0.082
-5 0.50 0 0 17 17 66 3 13 13 40 30 0.037
-5 1.50 0 0 8 8 85 0 15 7 4 74

-$2.50 0 0 0 9 91 0 0 8 21 71

-$3.50 0 0 0 5 95 0 0 5 18 77

-$4.50 0 0 0 0 100 0 0 6 6 89
<-§4.50 0 0 0 0 100 0 0 0 16 84

“p-value corresponds with Kolmogorov-Smirnov Test of “Certainty” v. ““Uncertainty”

about the decision exercise in a hypothetical payment situation as they would
in a real payment situation.

Second, there is strong evidence of demand revelation for both real and
hypothetical DC referenda, under value certainty and uncertainty. Devia-
tions occur for less than 10% of respondents and there is a close corre-
spondence between stated and theoretical WTP distributions. While one
version each of the payment card and multiple-bounded discrete choice
format elicit unbiased WTP distributions, the very large number of devia-
tions observed in this very simple experimental setting should give practi-
tioners pause. Nevertheless, assuming these mechanisms elicit unbiased value
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estimates in more general settings, an important empirical question is whe-
ther there are still efficiency gains over DC despite such noisy decision-
making.

Third, we find that versions of the payment card and multiple-bounded
discrete choice format that force respondents to think more about the deci-
sion task work better. In terms of deviations and bias, a payment card which
has respondents make a yes or no choice for each possible cost amount is
better at eliciting WTP than a payment card where respondents circle the
amount corresponding with maximum WTP. In terms of bias, a multiple-
bounded discrete choice mechanism where each response category corre-
sponds with a fractional yes vote is superior to a version where incentives are
less transparent. Through post-experiment discussions, it is apparent that
some respondents believed they could somehow make more money by stra-
tegically under-reporting their WTP in the poorer-performing versions of the
two mechanisms.

Fourth, we find that stated uncertainty in the DC follow-up certainty
question and multiple-bounded discrete choice format statistically corre-
lates with uncertain induced values and basic uncertainty regarding the
decision task. However, the mere presence of the follow-up question
results in a slightly higher frequency of DC deviations. Further, there is a
high propensity for multiple-bounded respondents to choose an uncertain
response, even with certain induced values and a sizeable difference
between value and cost. This suggests that by increasing the action space
we are sending a signal to respondents that they should exercise these
additional options. This suggests that stated response uncertainty in field
studies should be interpreted with care as not all stated uncertainty
appears to be genuine. The overall message is that formats that endeavor
to elicit information on uncertainty have merit, but at the expense of noisy
decision-making.

Our results under induced value uncertainty are in contrast to studies in
the literature that assert that hypothetical bias may stem from preference
uncertainty, and be resolved through eliciting information on uncertainty.
We only investigate one of many possible sources of uncertainty, however.
For instance, there may also be uncertainty related to cost and underlying
value distributions may be asymmetric. Further, CV surveys and naturally
occurring public goods purchase decisions generally involve larger amounts
of money than in our experiments. Holt and Laury (2002) provide evidence
that people exhibit more risk aversion as payoffs are increased. Eliciting
information on preference uncertainty could thus prove to be more valuable
in settings involving higher stakes. Future research in this direction is
warranted.
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Notes

1. These uncontrolled factors include the existence of an outside option in laboratory studies
involving private goods (Cherry et al. 2004), social context (List et al. 2004), and the use of
a different elicitation mechanism in real versus hypothetical settings.

2. Since the decision is often viewed as having only a remote consequence to the individual
one may ask the level of cognitive resources that will be invested in the decision to respond
to the valuation question. As Smith and Walker (1993) show, decision costs must be
balanced by decision rewards if we are to observe accurate statements of values. If the
respondent views the CV survey as having no consequence, we may observe considerable
variance in the responses or what we could label “hypothetical noise”.

3. There is some debate concerning the efficacy of the BDM mechanism in private goods
settings. Irwin et al. (1998) demonstrate that the mechanism is cognitively transparent and
that experimental participants can be motivated even with very small payoffs. Horowitz
(2005) argues that the BDM is not incentive compatible for some behavioral models;
however, for EU maximizers and for many non-EU behaviors (such as rank dependent
expected utility) Horowitz recognizes that the BDM is incentive compatible.

4. Arguments of theoretical incentive compatibility are similar to those given for the payment
card.

5. For these tests, the results of which are available from the authors upon request, we exclude
those with values of $1.50 and $9.50 as these respondents could really only err in one
direction.

6. We initially compared parametric and nonparametric estimates of mean/median WTP
across formats, and to mean/median induced values. We found that such comparisons
would be rather misleading. In particular, the crudeness of the DC format coupled with the
small sample sizes led to a scenario where, even if all participants behaved according to
theory, estimated mean/median WTP differed substantially from mean/median induced
values.

7. This is also true for the extensive literature investigating the performance of auction
mechanisms (see Cherry et al. 2004) and public good provision mechanisms.

8. Examples of such interaction among respondents are found in the work of List et al. (2004)
as discussed in the introduction section.
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