UNIVERSITY OF WARSAW
Faculty of Economic Sciences

WORKING PAPERS

No. 20/2016(211)

MIKOtAJ CZAJKOWSKI
NICK HANLEY
JACOB LARIVIERE
WILLIAM S. NEILSON

KATHERINE SIMPSON

INFORMATION AND LEARNING
IN STATED-PREFERENCE STUDIES

WARSAW 2016



UNIVERSITY OF WARSAW

w K iy Faculty of Economic Sciences
Vi W2

Information and Learning in Stated-Preference Studies

MIKOLAJ CZAJKOWSKI NICK HANLEY
Faculty of Economics Department of Geography and Sustainable
University of Warsaw Development, University of St. Andrews
e-mail: mig@wne.uw.edu.pl e-mail: ndh3@st-andrews.ac.uk
JACOB LARIVIERE WILLIAM S. NEILSON
Department of Economics Department of Economics
University of Tennessee University of Tennessee
e-mail: jlarivil @utk.edu e-mail: wneilson@utk.edu

KATHERINE SIMPSON
Economics Division
University of Stirling
e-mail: k.h.simpson@stir.ac.uk

Abstract
We use experimental variation to influence how people learn a given amount of objective, scientific
information about an unfamiliar public good. We then estimate the impact of treatment on valuations for
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1 Introduction

Stated-preference studies have become an established tool for assessing values for non-
market goods, both for weighing the cost and benefits for new public projects and for
assessing damages when public goods are harmed. In a well-designed stated-preference
study, the researcher provides information about the public good, project, or resource
under consideration, establishes consequentiality for the decision including identifying the
likely source of revenue to pay for the project, and uses an incentive-compatible method
for eliciting the subject’s willingness to pay (WTP) for the good (Hanley, Shogren, and
White (2013)). Because of their importance, stated-preference techniques have been the
subject of numerous academic studies, and most of this literature has devoted attention
to the elicitation of subjects” WTP values.

The information-presentation stage of state preference studies has also received atten-
tion. The basic rationale for providing subjects with information about the good or project
under consideration is straightforward: providing subjects with information reduces noise
in the WTP data by pinning down more precisely what subjects have been asked to value,
thereby ensuring that they all assign values to the same collection of characteristics. In
addition, providing information is also thought to change preferences and WTP. Present-
ing information mimics the situation people would be in if there was a referendum on a
public good issue - even if they do not know much about it, they could be expected to
learn something before the referendum, e.g. from public debate on the issue (Mitchell and
Carson (2013)). Two classes of studies in this area examine the framing of information
(Smith and Johnson (1988), Smith, Desvousges, Fisher, and Johnson (1988), Smith and
Desvousges (1990), and Czajkowski, Hanley, and LaRiviere (2015)) and how familiarity

with a good affects WTP (Cameron and Englin (1997) and Czajkowski, Hanley, and LaR-



iviere (2014)).! The goal of most of these studies is to identify normative criteria about
best practices during the information stage of a stated preference study.

This paper tests the above rationale for including objective, easily understood infor-
mation explicitly given that it already satisfies best practices.? We begin by introducing
a simple theoretical setting in which consumers have heterogeneous but unbiased priors
about the levels of the attributes embodied in the good, and providing information to
consumers reduces the variance of their WTP values but leaves the mean unchanged.
This model, then, provides the underpinnings of the noise-reduction rationale for shar-
ing information at the beginning of a stated-preference study. Because the mean WTP
value remains unchanged, though, the model cannot explain informative advertising. We
modify the model using the attribute-unawareness framework of Schwartzstein (2014) and
show that in the modified setting increased information raises the mean WTP.? Another
modification to the unbiased-priors model allows it to capture confirmatory bias (Rabin
and Schrag (1999)) in which agents confronted with new information misinterpret it as
supporting their previously-held beliefs. In our model, confirmatory bias takes the form
of interpreting new information as confirming prior beliefs about the levels of different
attributes embodied in the good.

The three models lead to testable predictions: in the unbiased-priors model informa-
tion leaves mean WTP unchanged but reduces the variance; the attribute-unawareness

model increases the mean and either reduces the variance or leaves it unchanged; and the

'"Huffman, Rousu, Shogren, and Tegene (2007) finds that uninformed subjected are more likely to be
affected by product information, a result we discuss below.

2Recent evidence shows, though, that economic agents can learn information about product character-
istics, or meaningful economic decisions in general, but they do so imperfectly perhaps due to cognitive
load or lack of attention (Gabaix, Laibson, Moloche, and Weinberg (2006), Schwartzstein (2014), Caplin
and Dean (2015) and LaRiviere, Czajkowski, Hanley, and Simpson (2015)).

3Hanna, Mullainathan, and Schwartzstein (2014) introduces a similar model in the context of firms.



confirmatory-bias model leaves both the mean and variance unchanged. Importantly, the
ensuing patterns in the data are mutually exclusive, allowing one to test between the three
models of information use.

We then present results from novel experimental variation embedded in a stated prefer-
ence survey in which treatment varies the rate at which consumers learn a given amount of
neutral, scientifically verifiable information about the attributes of the public good. Next
we investigate the effect of increased learning on the distribution of WTP values in a stated
preference survey. To do so, we leverage recent evidence that stated-preference surveys
common in environmental economics lead consumers to truthfully reveal their valuation
for a good if the results of the survey will be used to influence policy and are therefore
consequential (Vossler, Doyon, and Rondeau (2012) and Carson, Groves, and List (2014)).
Our survey is consequential: we value a coastal community’s willingness to pay to re-
place the familiar seawall approach to preventing floods by reclaiming wetlands.* Because
seawalls are already prevalent, their benefits are fairly well-known. Wetland restoration
is new to the area and can generate additional benefits besides flood control, such as
increased bird habitats and wildlife. Consumers might not understand these features of
restored wetlands, and so might not know how to properly value the replacement of sea-
walls with wetlands. As with all stated-preference surveys we give all subjects a set of
information about the product being valued and the policy change considered, in our case
flood protection and restored wetlands.®

The key experimental variation we provide is giving treated subjects a short multiple

4Because our survey is consequential, there is an argument for calling this a field experiment. The
natural activity is a stated preference survey which has direct policy implications which affect both flood
mitigation strategies and taxation levels.

5Because we are only considering a single well-defined policy, we cannot use a choice experiment to
elicit valuations. We discuss this in detail below.



choice quiz about historical flood protection strategies and objective information about
wetland restoration at the beginning of the survey. We then provide all subjects identical
information about the historical flood protection and attributes of restored wetlands. Im-
portantly, each piece of information we provided subjects during the information stage of
the survey corresponds to a single question on the quiz. After eliciting WTP, we give all
subjects the exact same multiple choice quiz given to treated subjects before the survey.
If treated subjects score higher on the post survey quiz, then we can plausibly argue that
treatment provided exogenous variation subjects’ information retention/learning rates.

We are interested in two key questions: whether treatment affects learning and whether
treatment affects the mean and variance of WTP. If the answer to the first question is
affirmative then our design creates exogenous variation in learning rates. The second ques-
tion relates to whether the noise-reduction rationale governs the provision of information
in stated-preference studies, or if providing information does something else.

We find that treatment caused a significant 62% increase in the learning rate.® Dif-
ferences in quiz scores, and therefore differences in learning rates, are attributable to the
causal impact of the quiz since treatment was randomized. The learning effect is significant
and very robust.

Having established that treating with a quiz affects learning, we can then attribute
effects of the treatment on WTP to learning. The results are very robust to functional
forms and inclusion of sociodemographic controls, and they show that learning has no

causal effect on the variance of WTP values. Thus, our data are inconsistent with the

SThere are three plausible explanations: the initial quiz attunes treated subjects to paying attention to
information in a more helpful way, treated subjects see similar information more than once and therefore
have more opportunities to learn, or that an initial quiz causes subjects to take the entire informational
portion of the survey more seriously.



unbiased-prior model and the noise-reduction theory. The data also show no causal effect
of learning on the mean of WTP values, making them inconsistent with the attribute-
unawareness model underlying the informative-advertising explanation. The model most
consistent with the data is confirmatory bias, with consumers absorbing the new informa-
tion but not using it to update their values of the good.

It is somewhat surprising that increased information retention rates have a zero effect
on both the mean and variance of the WTP distribution. The variance effect in particular
is striking because treated subjects had more knowledge about product attributes than
control subjects. In that sense treated subjects were better-informed, but despite this
valuations were just as dispersed as for the less-informed control group. This result is
different than Huffman, Rousu, Shogren, and Tegene (2007) which finds that information
provided to some types of subjects in a stated preference survey can influence valuations.
Unlike that study, we have experimental variation on learning testing exclusively for the
effect of objective- rather than subjective third party information- on valuations.

Our data suggest that rather than reducing heterogeneity across subjects or leading
them to have new assessments, the new information served instead simply to justify their
prior assessments. Our results, then, open questions regarding whether our findings extend
to all stated-preference surveys, or if they depend on the types of information provided,
on the nature of the good being studied, or on something else entirely. As with issues
of consequentiality and incentive-compatibility, the information-provision stage of stated-
preference elicitation deserves more exploration.

Our results indicate that increased retention of neutral, scientific information related
to attributes of a public good do not impact willingness to pay for that good. There

is a related literature which evaluates how information is conveyed (e.g., qualitatively or



quantitatively) affects risk attitudes, risk mitigation behavior and WTP for expert advice
about risk levels (Smith and Johnson (1988), Smith, Desvousges, Fisher, and Johnson
(1988), and Smith and Desvousges (1990)). Other studies find that information provided
by competing and opposed stakeholders during a survey can affect WTP (Hanley, Cza-
jkowski, Hanley-Nickolls, and Redpath (2010) and Czajkowski, Hanley, and LaRiviere
(2015)). This literature is similar in that we find different ways of conveying information
affects learning. However, this paper is also fundamentally different: we condition on a set
of information constructed to make the survey as objective as possible, including verifying
the language and content of our information with third party experts. Our treatment then
provides exogenous variation in how much learning of that information occurs, rather than
varying the framing, content and type of information like the previous literature. As a
result, we condition on a set of information and vary learning over it rather than varying
the informtation itself. We are not aware of any study which asks this basic question in
the literature.

The remainder of the paper is organized as follows: Section 2 presents the theoretical
framework that leads to the hypotheses on WTP distributions. Section 3 describes the
experiment and addresses issues raised by an unbalanced sample. Section 4 presents the
results on learning, and Section 5 presents the main results for the mean and variance of

WTP. The final section offers discussion and concluding remarks.

2 Theoretical Framework

Our model uses a setting with a multi-attribute good in the spirit of Lancaster (1966). To
allow for learning, the model assumes that consumers may not know the amounts of at-

tributes embodied in the good. This leaves two possible approaches, and rather than model



the uncertainty at the individual level using probability distributions over the possible lev-
els of the attributes, we model uncertainty at the aggregate level. More specifically, we
assume identical consumers who have heterogeneous, point-valued assessments of the level
of each attribute, thereby capturing uncertainty through heterogeneity of point estimates
across consumers rather than uncertainty of point estimates for each individual.

A benefit of this approach is that it provides a clear role for new information. On
the individual level it can change the point estimates of attribute levels away from the
initial assessments, and on the aggregate level it can change the heterogeneity of the point
estimates. The former effect can change the mean of the ensuing WTP measure, and the
latter can change the variance. Importantly, both the impact of learning and all of the
heterogeneity in the model arise from individual differences in beliefs and not differences

in preferences aCross consuimers.

2.1 Baseline Framework

To make all of this precise, begin with a representative consumer and assume the good
has n attributes, 1,...,n. Conditional on a set of priors, the baseline value of the good is
Vo and it comes from the individual assigning priors to the levels of the attributes. Let
the initial attribute level beliefs be 1, ..., T,. Let v;(-)be a function which maps levels of

attribute ¢ to valuations such that the baseline valuation for the good by agent k is:

Vo= vi@).
=1

This representation of WTP is consistent with quasilinear utility in the public good



and that there is a zero WTP for a public good containing no attributes.” Quasilinearity
is a non-trivial assumption over the marginal utility of income with respect to the good.
The point of this model, though, is to focus on the dynamics of how learning affects WTP
making the assumption reasonable in our context.

There are K individuals in the sample, each with their own initial assessments. Let Ec\f
denote the baseline level of attribute ¢ according to agent k’s prior. Conditional on agent

specific underlying functions v; for attributes ¢ = 1, ..., n, average initial WTP is:

LK
o= D> ui@h). (1)

k=11i=1

Learning takes a strong form. All subjects who learn about attribute ¢ observe the
same true value of that attribute. Specifically, a subject can learn the true embedded levels
of m attributes where m < n. Learning serves to provide new values of the attributes,
Z1,..., Tm, which replace the baseline values for m of the n attributes. After learning,

individual k’s new valuation is

n

VE=Dui@)+ > wil@).
i=1

i=m-+1

If all subjects learn the same things, averaging across the population leads to an average

WTP of

"For example, assume that m is income and consider the expression: m — Vo + S0 (Z;) = m + X70;(0)
where v;(0) = 0. Also, in this discussion we’ll generally assume that attributes are goods but they could
also be bads.



The difference between average valuations before and after learning is
1 K m
= o= 2= >3 [oil@) — @] (2)
k=

1i=1

The sign of this difference depends on whether the baselines over- or underestimated the
actual levels of the attributes. Consequently, without further structure this model makes
no prediction about the direction of the WTP change.

The model can also be used to explore the effect of learning on the variance of WTP
values in the sample. Assume that all priors are independently distributed across at-
tributes, and let ; denote the variance of the baseline valuations for attribute i, that
is,

1 & 1 & i
ey (m@ 1 zm@f)) . 3)
k=1 k=1
If subjects do not learn about attribute 7 its variance remains equal to ;, but if they do
learn about attribute ¢ its variance is reduced to zero because they all share the same
valuation v;(Z;). Overall pre-learning variance in WTP is ¢ = &1 + ... + 7, and post-

learning variance in WTP is ¢ = 0,41 + ... + 05, Consequently, this model allows for

reductions in variance but not increases, with ¢ — = o1 + ... + 0.

2.2 Using the Model to Interpret Results

We first use the model to provide a basis for the noise-reduction rationale for providing
information. Assume that subjects draw their prior assessments 7% from an unbiased
distribution with mean Z;, so that the expected avarage valuation is equal to what they
would learn if they did so. The change in variance is as above, leading to a straightforward

prediction based on learning with unbiased priors: learning leads to no change in average

10



WTP but a reduction in its variance. Below we refer to this as the unbiased-priors model.

The rationale behind informative advertising is that it can increase WTP, so it requires
a different model. One obvious assumption is that prior assessments are biased and low,
but for consistency we continue, to the extent possible, with the assumption that all
priors are unbiased. An alternative model comes from considering attribute unawareness.
In these settings subjects do not know that the good embodies a subset of the attributes,
and therefore assigns the unknown attribute i a prior value of v(Z¥) = 0. We interpret
zero valuations of an attribute as unawareness. If i:f > 0, then new information will cause
mean WTP to rise as subjects learn that the good does, in fact, possess that attribute.

Suppose that fff =0forall k =1,..., K, so that everyone thinks the attribute is missing
from the good. Then the new information increases mean WTP. However, there would be
no effect on the variance of WTP because when everyone has the prior v(ff ) = 0, it follows
that o; = 0. Thus, the assumption of uniform (across subjects) attribute unawareness leads
to a prediction that learning increases mean WTP but does not change the variance. We
refer to this as the uniform attribute-unawareness model.

More generally, there could be two types of agents in the population, some charac-
terized by attribute unawareness and others aware of the attributes and having unbiased
priors. In such a case some agents would have v;(Z¥) = 0 but others have v;(Z¥) > 0, and
learning leads to an increase in average WTP driven entirely by the agents characterized
by attribute unawareness. Learning also leads to a reduction in variance, driven entirely
by the subjects with unbiased priors. We refer to this as the partial attribute-unawareness
model.

A final variant of the baseline framework captures confirmatory bias (Rabin and Schrag

(1999)). Under this bias, when individuals are confronted with new information about a
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good they abide by the information when it confirms their prior beliefs about the good but
discount it heavily when it does not. While there are a variety of frameworks which could
operationalize this, the simplest one is that individuals update from z¥ to z¥ +0(zF — 2%),
where 0 < 6 < 1.8 When 6 = 0 the individual ignores new information or fully discounts
it, while when € = 1 she fully incorporates it. Small values of 6, then, are consistent with
confirmatory bias.

Let € vary by the individual, and denote the individual-specific parameter by 6.
Assume that individuals 1, ...,k are subject to complete confirmatory bias with 6, = 0
and the rest of the population, k + 1, ..., K update fully with §; = 1. Moreover, continue
assuming that all priors are unbiased. These assumptions make it straightforward to derive
predictions. Learning has no impact on average WTP because of the unbiased priors. If
lleqgk < K — 1 variance falls due to the learning by those not prone to confirmatory bias,
but if k¥ = K so that everyone exhibits confirmatory bias, learning has no impact on

variance because it does not lead to any change in individual WTP values. We refer to

this last case, with k = K, as the full confirmatory bias model.

Table 1: Predictions of the Different Models

Variance falls Variance unchanged
M WTP . . .
can Unbiased priors Full confirmatory bias
unchanged
M TP
riseein w Partial attribute unawareness Uniform attribute unawareness

NOTE: The table shows the predicted data pattern of an increase in learning for the mean and
variance of WTP under the different models in this subsection. Full confirmatory bias and full
attribute unawareness correspond to the versions of the models where all subjects have the same
biases. Partial attribute unawareness corresponds to the case where some, but not all, subjects are
unaware of a subset of the attributes.

8This setting does not allow for the use of Bayes rule because, as modeled, both the prior assessment
and the learned value are treated as degenerate distributions. Because of this we use an adaptive rule to
reflect a possibly-partial update from the prior assessment to the learned, true value.

12



Table 1 summarizes the predictions of the different models. It can also be used to
identify the appropriate model from the patterns in the data. If, for example, the data
show no change in average WTP but a fall in the variance, the data are consistent with
the model based on the assumption of unbiased priors, but if the data show an increase
in the mean accompanies by a fall in the variance, it would be consistent with a model
in which some, but not all, of the subjects exhibit attribute-unawareness. The primary
purpose of the experiment is to determine which cell of Table 1 organizes the data.

Lastly, there are some similarities to this model and one of attribute non-attendance
(Scarpa, Gilbride, Campbell, and Hensher (2009) and Scarpa, Thiene, and Hensher (2010)).
The difference between those models and this one relates to beliefs about attributes versus
attending to those attributes. In this model, beliefs impact Z;. A model of attribute non-
attendance could weights multiplying the functions v;(Z;) describing the likelihood they

are considered by the subject or not.

3 Flood Protection Experiment

3.1 Setting

We conducted a experiment embedded in a stated preference survey in Scotland during
2013. The survey was related to current efforts by a local government and the national
regulator (the Scottish Environmental Protection Agency, SEPA) in Scotland to improve
flood defenses along the Tay estuary in Eastern Scotland. Local councils and SEPA were
concerned that current defenses are not sufficient to prevent major flooding episodes,
given changes in the incidence and magnitude of extreme weather events. Residents also
are concerned: we find that many people in the area purchase flood insurance.

In considering their options for decreased risk of flood, one option for regulators is to

13



encourage the conversion of land currently used for farming to re-build the estuarine and
coastal wetlands which once characterized many of Scotland’s east coast firths and estuar-
ies. Such wetlands serve two major roles. For flood protection, wetlands offer a repository
for temporary episodes of high tides, and mitigate flow rates from the upper catchment
which otherwise may cause flooding. The amount of flood protection is commensurate
with the size of the wetlands created. Second, wetlands are a rich habitat for wildlife. As
a result, wetlands offer a non-market benefit in the form of increased recreation (wildlife
viewing) to the local community, as well as providing a range of other ecosystem services
such as nutrient pollution removal.

Historically, Scotland constructed large seawalls and other hard structures to provide
flood protection rather than reclaiming wetlands. Restored wetlands, then, are effectively
a new good offering one attribute for which there is a known alternative (seawalls). They
also offer an additional and possibly less understood attribute in wildlife viewing and
ecosystem services. We note that both attributes- flood protection and increased wildlife
habitat- are public (e.g., non-excludable and non-rivalrous).

In order to gauge the public’s willingness to pay for restoring wetlands as a method
of flood defense, the government of Scotland commissioned a stated preference survey.
Subjects were invited to participate in the survey via repeated mailings and radio and
newspaper advertisements. We elicited valuations by subjects clicking on the maximum
increase in yearly taxes they would be willing to pay to engage in a specific managed
realignment plan described in the survey. These taxes would be levied at the city level in
nominal amounts, rather than a percentage of income, for all households. Amounts started
at zero and increased in £10 increments to £150. Options included a greater than £150

option. Subjects who completed the survey were given a £10 ($16) Amazon gift card.
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The survey was conducted online through a website we designed and operated. Average
completion times were on the order of 15 minutes.

We use a payment card to elicit preferences because there was only one particular
policy being considered rather than a set of possible policies. While choice experiments
are currently more common in the literature, in our setting the local government was only
considering a single policy. As a result we use a payment card to evaluate this single
policy. We note, though, that a payment card is a special case of a multiple bounded
discrete choice elicitation technique (Vossler, Poe, Welsh, and Ethier (2004)).

Every stated preference survey discusses the good or policy change being studied before
eliciting willingness to pay estimates. Part of this discussion includes conveying relevant
information about the good or policy change. According to the stated preference literature,
subjects should be informed about the good or policy in a stated preference survey in
order to simulate the informed state of a representative agent should the policy change go
to a referendum (Hanley, Shogren, and White (2013) and Mitchell and Carson (2013)).
Similar methods are standard in marketing surveys when introducing a new product (Hair,
Wolfinbarger, Ortinau, and Bush (2010)). A stated preference survey, then, is an ideal

place to embed a experiment related to information and learning.

3.2 Experimental Design

We embedded experiment variation in the stated preference survey describe above. Figure
1 shows our experimental design visually. The experimental design includes one treatment
arm and one control arm. The treatment arm is defined by subjects taking a nine question
multiple choice quiz over historical information about flood defense in Scotland and the

science behind restoring wetlands both before and after WTP elicitation. In the control

15



arm, subjects were not given the quiz before elicitation; they were only given the quiz after.
In both arms, all subjects received nine pieces of information relevant to the decision
task and context before eliciting willingness to pay measures. This type of contextual,
background and scientific information is commonly used and considered best practice in

stated preference work.

1 2 3 4 5 6 7 8
Subject invited Quiz 1 if treated WTP Elicitation Debriefing Questions

to participate

Randomized assignment Information Quiz 2 Sent gift card

Figure 1: Schematic of the timing of the experiment. Randomized assignment occurs as indicated
in Figure 1. Numbers indicate the order of each step. All subjects receive quiz 2.

Each question in the nine question quiz corresponded to a single piece of information, or
bullet point, that subjects could subsequently be provided with in the informative portion
of the survey. We convey each piece of information on a single screen with a figure and
one or two simple sentences. The appendix gives several examples. After the informative
portion of the survey, we elicit subjects willingness to pay for reclaiming a particular
wetland area. We end the survey by giving all subjects the identical quiz we gave to
the treatment arm before the survey before asking a series of demographic and debriefing
questions. The ex post quiz given to all subjects provides a measure of ex post knowledge
for each subject. Comparing ex post quiz scores by treatment status identifies the causal
effect of treatment on learning. Similarly, comparing stated valuations by treatment status
identifies the causal effect of learning on willingness to pay.

Each question on the quiz concerns specific attributes of extant flood defense, possi-
ble flood defense benefits of restoring wetlands and possible wildlife benefits of restoring

wetlands. Restoring wetlands increases flood defense functions above pre-existing flood
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defense policy. In that sense, pre-existing flood defenses like sea walls are more likely
to be known flood defense attributes. The additional benefits of restoring wetlands- for
example, providing wildlife habitat and enhanced recreation opportunities- are plausibly
less likely to be familiar to respondents.

We picked each piece of information in order to inform subjects of historical flood
protection techniques, flood protection characteristics of restored wetlands, and well un-
derstood co-benefits of wetlands like their ability to provide habitat for wildlife. Each
bullet point was selected to provide objective and relevant information about the policy
being considered. These are exactly the types of background and contextual information
which are commonly given in stated preference surveys. Each bullet point was then vetted
by University of Stirling scientists (engineers and ecologists) to ensure accuracy. Finally
the set of information was vetted by us in order to ensure that language was neutral,
objective and easy to understand for voting adults. In this way, we implemented best
practices in selecting information presented to subjects. We then created a single multiple
choice question to be associated with each informative bullet point.?

We measure treatment effects on actual learning and willingness to pay (WTP) by
comparing ex post quiz scores and WTP across the treatment and control arms. This is of
course only a single form of learning. For example, it is not reflected upon knowledge over
a long time period. That said, it is a useful learning metric for two reasons. First, we aren’t
aware of a better learning metric and it is a commonly used metric to evaluate learning in
schools. Second, it is the right metric for our study in the sense that information provided

in all stated preference studies is indeed provided and shortly thereafter the economist

9We chose not to add any information about the value of the farmland being considered for reclamation.
Part of the reason relates to uncertain market prices. Indeed, this motivates our subsequent statement
about uncertain costs of the policy when eliciting WTP later on.

17



elicits willingness to pay. As a result, this is the right type of knowledge metric to test.
We also record time spent on answering questions. By recording time spent on each
screen during the informative portion of the survey, this provides two measures of how
treatment could affect learning. First, a scale effect: more time implies more learning.
Second, a technique effect: time spent on each screen is the same across treatment and

control but results are different.1?

We briefly address these two possible explanations in
the text and present more detailed results in the appendix.

In the analysis we don’t distinguish between different question topics (e.g., co-benefits
versus traditional flood defenses) because we’d like to measure the impact of the type of
learning which occurs in stated preference surveys generally. Parsing questions by topic
would reduce the signal to noise ratio of increased learning for any given information
type. From a statistical power perspective, we don’t have a larger enough and variation
in learning across questions due to treatment to estimate separate effects by question.
Therefore we weight each question equally in the analysis.

Lastly, there is certainly selection into taking the survey. Despite repeated mailings,
households had to choose to go online to take the survey. However, treatment was orthog-
onal to selection. Conditional on taking the survey treatment was random. As a result,

the internal validity of our design is maintained. We comment on the external validity of

the study in detail below.

10T his second possibility is akin to dedicating either more working memory or more processing power to
the task.
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3.3 Balancing Concerns

All participants for the survey were selected from the Scottish Phone Directory. Only
people living within the local authorities affected by the flood defense scheme were selected
to take part. In total 4000 households were contacted by mail and invited to take part in
an online survey, with a reminder card sent two weeks after the first contact attempt. Of
the 4000 people invited, 749 completed or partially completed the online survey with 562 of
the responses completed in sufficient detail to be used in the analysis. Such response rates
are typical of mail-out stated-preference surveys in the UK. Although this participation
rate is somewhat low, our results are still externally valid so long as treatment effects
are orthogonal to self-selected response determinants. Furthermore, because treatment is
random attrition from subjects due to partial completion is a second order concern.'!

In this paper we use a subset of subjects who received exactly the same information
set. In the experiment not all subjects were shown all nine information slides. In a
different paper we look at the effect of additional information, as opposed to the effect
of additional learning (or retained information) on WTP values (LaRiviere, Czajkowski,
Hanley, and Simpson (2015)). To correct for this extra step of sampling in this paper,
we therefore weight each observation in order to reconstruct the composition of ex ante

information levels observed in our entire subject pool across both this paper and LaRiviere,

Czajkowski, Hanley, and Simpson (2015).'2 We note that weighting in this way relative

" The possible violation of this would be if treatment itself caused attrition asymmetrically in groups
which both correlates with heterogeneous treatment effects of treatment and WTP, which is of course an
unknowable. Note this is very different than correlation between attrition and WTP. While we don’t view
this as plausible, we cannot rule it out nor can any experimental design in which subjects are able to opt
out of completing an experiment.

12This experiment was one part of a larger experiment in which we also exogenously vary the amount of
new information provided to them within the treatment arm. That allows us to test for the causal effect
of additional information, learning and the amount of learning on the distribution of WTP estimates in
LaRiviere, Czajkowski, Hanley, and Simpson (2015). After treated agents completed the quiz and their
answers were recorded, we grouped them into low (L), medium (M) or high (H) ex ante information
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to running OLS without weights does not alter the qualitative results of the analysis.

Table 2: Observations by Information & Treatment Status

Completed
Ex Ante Info All  Debriefing Consequential
L 72 60 48
M 94 82 65
H 12 10 8
Control 89 75 49
n 267 227 170

NOTE: For all treated subjects who completed the initial quiz, L info implies quiz score 1 of 0-3,
M implies 4-6, H implies 7-9. “All” column includes all subjects completing survey. “Complete
Debriefing” column includes only subjects who answered all debriefing questions upon survey’s
conclusion. “Consequential” column includes only subjects who stated they believed survey was
somewhat, likely, or very likely to be used to inform policy.

The counts of treatment and control groups by ex ante information for both treatment
and control groups are shown in Table 2. We present three columns. The first column
shows sample sizes for subjects that completed the survey but may not have answered de-
briefing questions. The second column shows sample sizes for subjects that both completed
the survey and answered the debriefing questions. One of the debriefing questions asked
about consequentiality, and the third column shows how many subjects in each category
stated they thought the results of the survey were reasonably likely to be used by policy

makers to inform policy. Previous research shows both theoretically and empirically that

groups. Each treatment corresponds to answering up to a particular number (3, 6 or 9 for L, M or H
respectively) of questions correctly. In the complete survey, we also exogenously vary the amount of new
information provided to treated subjects since we observe precisely which questions the subject answered
correctly. To do so, we vary the number of slides shown to subject since each slide contains exactly one
piece of objective information about flood defense and/or reclaimed wetlands corresponding exactly to one
question asked on the multiple choice quiz. The quiz and complete set of bullet points are in the Appendix.
As a result, treated subjects can be summarized as an ex ante type and information pair. For example,
a type-treatment pair could be MH: a subject who answers between four and six questions correctly and
who is then given all nine bullet points of information (e.g., the high information treatment). Since in
this experiment we are concerned with learning and valuation conditional on an information set we isolate
attention to only subjects given all nine information bullet points, and must weight the treated subjects
to reflect population ex ante information levels in all analyses. As a result, we overweight ex ante L and
M information types while underweighting type H information types in the treated set.
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subjects who believe their responses have a chance to be used by policy are more likely to
truthfully state their willingness to pay for a policy change (Vossler, Doyon, and Rondeau
(2012)).

There are two important pieces of information in Table 2. First, it is important to
note that only twelve subjects scored between 7-9 on the first quiz. As a result, there are
only 12 a priori type H subjects. Of those 12 subjects, there were only eight who believed
the survey was consequential. Because of this, we trim the sample of H subjects in some
specifications to mitigate noise.

Second, in order to verify that treatment is balanced on observables and that the
subject pool we observe is representative of the larger population, we asked subjects to
answer socio-demographic questions upon completion of the second quiz. We lose roughly
16% (36%) of our sample when restricting to subjects who completed debriefing socio-

demographic questions (stated perceiving survey as consequential).

Table 3: Differences Between Treatment and Control Groups

Difference p-value for

between treatment  difference

Treatment Control and control in means
(1) 2) (3) (4)
Age 51.4 54.4 3 126
Male 57.3% 61.7% 4.4% 537
HH Income 50,398 50,609 -211 .954
Flood Insurance 67.3% 61.8% 5.5% 432
Complicated (1 - 5) 24 2.33 07 .603
Enviro Group Member 38.7% 25% 13.7% .038
Confidence (1 - 5) 2.92 3.21 -.29 .05

NOTE: HH income is measured in £. Flood insurance is an indicator if subject states that they
own some type of flood insurance. “Complicated” indicates how complicated subjects thought
the information was (1 = “strongly disagree” to 5 = “strongly agree” the information was too
complicated). “Confidence” indicates how likely subject thought survey was going to be used by
policy makers (1 = “very unlikely” to 5 = “very likely”). “Enviro Group Member” is an indicator
variable equal to one if subject is member of an environmental support group.

To ensure we randomized appropriately, Table 3 shows the balancing table for all 227
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subjects who answered debriefing questions. For all but one sociodemographic character-
istic was treatment randomized. Table 3 shows that environmental group membership was
significantly higher in the treated group relative to the control group. Also, the treated
group were significantly more likely to view the results of the survey as consequential for
policy.

There are two possible reasons why there would be differences between the treatment
and control groups for different characteristics. First, it could be that due to our small
sample size the statistical differences are real and the result of chance. Second, it could
be that treatment actually caused subjects to change their self-reported characteristics.
The significant difference in environmental group membership seems likely due to chance
and reflect actual differences in the treatment and control groups. It seems unlikely that
treatment caused subjects to claim environmental membership. On the other hand, the
significant difference in consequentiality between treatment and control groups seems likely
to be due to a direct effect of treatment. For example, subjects might take a survey more
seriously if it is preceded by a quiz on the subject.

Table 3 therefore raises two concerns. First, environmental group membership is likely
to be correlated with WTP for restored wetlands since wetlands harbor wildlife. Sec-
ond, treatment seems likely to have caused an increase in consequentiality. As a result,
treatment was likely to affect the probability that subjects truthfully answered questions
directly. This is problematic: true WTP for the good could be different from strategically
stated WTP. As a result, our treatment effect for WTP captures a joint effect of the “pure
treatment” effect and the consequentiality effect. Lastly, these two concerns could be re-
lated: it could be that environmental group members purposefully stated they were not

environmental group members in order to affect the average WTP of non-environmental
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group members.

We employ two techniques to address these concerns. First, we allow for the treatment
effect to vary by environmental group membership for both the learning and valuation
hypotheses. Even with an unbalanced sample, allowing for a direct effect of environmental
group membership and the treatment effect to vary by environmental group membership
mitigates this issue. Second, we implement a trimming procedure in order to restrict the
estimating sample to only subjects who viewed the survey as being possibly consequential.
Since treatment was random, the likelihood of a subject who has a low or high value for
the project is identical. Keeping only subjects who believe the survey was consequential
therefore serves to increase the percentage of control subjects relative to treated subjects in
the estimating sample. While this trimming affects the power of the estimated treatment
effect, it will not affect the estimated level of the treatment effect unless there is an
interaction of treatment, confidence and stated valuation. We discuss this possibility
below. We’ve also estimated the model by adding consequentiality directly as a control

and find qualitative results.

4 Learning Results

At the start of the survey each treated subject answered identical nine question multiple
choice quizzes concerning objective information about the good. This quiz was given to all
respondents (both treated and control) after stating WTP. Figure 2 shows the histogram
of subjects’ scores in quiz one and quiz two for all subjects who took both quizzes. Figure
2 shows that there was a significant increase in the scores from quiz one (mean= 3.08,
SD=1.76) to quiz two (mean=>5.19, SD=2.23) for the treated subjects.

In order for our experimental design to be valid, treatment must increase subjects’
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Figure 2: Quiz score histograms by test for treated group. Ex post quiz scores include only the
treated group. Treated subjects take quiz before information provided in survey and again after
WTP elicitation. Control subjects take quiz only after WTP elicitation.

retention rates for information (i.e., the amount of information treated subjects learn
relative to control subjects). Since treatment in our experiment is the act of taking the
initial quiz, we can take a difference in means in the average score of subjects on the
second quiz by treatment status to estimate the average treatment effect. As a result, we

run the following regression:

Score; = o+ {treated} B + 1{ Env Group}vy. + 1{treated}1{ Env Group}ve: + €;. (4)

In equation (4), Score; represents the score on the second quiz of subject i and ¢; is noise.

Weighted appropriately, the estimated coefficient on § is the causal effect of the pre-survey
quiz on learned information. We allow the treatment effect to vary by environmental group
membership since it could be correlated with willingness to learn and the sample was
unbalanced over environmental group membership. The interpretation of the coefficient

~et 1s the difference in the causal impact of treatment on quiz scores for environmental

3We do not report specifications with sociodemographic controls in for learning. The treatment effect
for learning is very robust to inclusion of controls. We are happy to provide them upon request.
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group members relative to the control group. In addition to estimating equation (4) using
ordinary least squares (OLS) we estimate it using a negative binomial model since the
left hand side variables are count variables. In every case we use White robust standard
errors.

Table 4 shows the results from estimating equation (4) excluding and including controls
for both OLS and negative binomial models. The causal effect of treatment on retained
knowledge is significant and positive. To put the parameter estimate into context, the
average ex ante knowledge level was roughly 3.06 and the average ex post knowledge score
for the control group was 4.95 for subjects who stated they believed that the survey was
consequential. As a result, the treatment effect point estimate of 1.27 translates to a
62% increase in the rate of learning.' The treatment effect is positive and significant for
both the OLS and negative binomial models both with and without controls regardless
whether the estimating sample is restricted to subjects stating they view the survey as
consequential.

A 62% increase in the rate of learning is large. It amounts to the average subject
knowing more than one additional piece of information about the attributes of the public
good (an average of knowing under five to an average of over six). An ideal treatment
effect would lead to every treated subject knowing every piece of information provided in
the survey. This type of treatment is not realistic, though, because participants in a stated
preference survey don’t learn each piece of information perfectly. As a result, we take this
effect to be the precise kind of exogenous variation which identifies the key comparative

static of interest in our study: the causal impact of learning more information about good

M This is calculated as follows: .62 = 1.27/(4.95-3.06). Recall that 3.06 is the weighted quiz score average
of the treated group score on their first quiz.
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attributes on stated willingness to pay. Put another way, treatment provides a significant,

large and internally valid source of variation.

Table 4: The Effects of Treatment on Knowledge Score

(1)

(2)

(3)

(4) ()

(6)

Treated ST4H* 1.12%F%% 1 27HF%  143%*  198***F  228%*
(.35) (.42) (.49) (.07) (.077)  (.091)
Env Group =175 -13 -.035 -.027
(.804) (1.05) (.16) (2.15)
Treated * Env -1.20 -1.33 -.215 -.241
(.94) (1.17) (.185) (.237)
Constant 4.80%FF 5 2%k g gpKRk ] BT ] 63%FK 1,607
(.28) (.33) (.39) (059)  (.064)  (.078)
Model OLS OLS OLS Neg Bi Neg Bi Neg Bi
Only Consequential N N Y N N Y
n 267 232 175 267 232 175
LL -647.11  -559.9  -412.5

NOTES: LHS variable is second quiz score. ***= significant at 1%, ** = significant at 5%, * =
significant at 10%. All regressions weighted and robust standard errors are reported.

There are several explanations for a significant effect of treatment on learning rates.
It could be that the initial quiz attunes subjects to be more efficient with their attention.
Alternatively, the quiz may reduce the cost of learning, for example, if the quiz uses words
that are similar to the words in the informative slides. It could also be that the quiz causes
subjects to take the information portion of the survey more seriously and spend more time
learning the information. Regardless of the channel that leads to the improved learning
rates, the key finding of this section is that the treatment caused subjects to increase

their knowledge.'®> Because of the causal relationship, we can interpret any change in the

158till, our data proved insight into the open question of why the quiz led to increased learning. We
recorded the amount of time spent subjects spent on the second quiz, and the appendix reports a regression
similar to equation (4) but with time as the dependent variable. We find that in no case is there a significant
treatment effect on time spent on quiz 2. The point estimates are negative but the standard errors around
the estimates are large in every case. We take this as evidence of treatment leading to a “technique”
learning effect (a pre-quiz increases retention of information by subjects) rather than a “scale” learning
effect (subjects re-allocate time following the pre-quiz). This result is consistent with models of focusing
(K0szegi and Szeidl (2013)).
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WTP distribution between the treatment and control groups as driven by differences in

knowledge.

5 Valuation Results

The motivating question behind our paper is how treatment- and therefore exogenous in-
creases in the rate of learning- affects a consumer’s valuation for the good. The theoretical
framework of Section 2 sketches three models of learning and valuation, all starting with
consumers have unbiased prior assessments of the attributes embodied in the good. In one
model learned information removes heterogeneity in assessments across consumers, in the
second the learned information makes consumers aware of attributes they did not know
the goood contained, and in the third consumers learn but are subject to confirmatory
bias. These models predict different combinations of increased or unchanged mean WTP
and reduced or unchanged variance of WTP, and they are summarized in Table 1. This
section presents our results in the context of that theoretical framework.

Figure 3 shows a histogram of all subjects who completed the survey. The important
feature of Figure 3 is the presence of significant heterogeneity in valuation for restoring
wetlands. The histogram also shows some anchoring around £50, £100, and £150 for both
the treatment and the control subjects. There are three reasons why this is not a major
concern for our study. First, the control group is smaller than the treatment group. As a
result, it is difficult to know if there are actually anchoring differences across the treatment
and control group. Second, the raw data in the histogram doesn’t control for unbalanced
sociodemographic characteristics like environmental group membership. Third, treatment
is randomized and we are interested in estimating an average treatment effect. In order for

anchoring to affect our findings, treatment must interact with anchoring effects to affect
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Figure 3: Weighted histogram of WTP for all subjects. n = 267.

the mean and variance of stated WTP.

One intuitive way to visualize the effect of treatment on valuation is to plot the CDF of
valuations for both treated and control subjects. Using a payment card, we asked subjects
to state what is the most they would definitely be willing to pay per year in increased
taxes for managed realignment flood protection. The response interface offered the subject
£5-10 increments from £0 to £160 or greater. This allows us to plot a CDF of WTP by
treatment status. We then fitted stated WTP levels to Kaplan-Meier and Weibull distri-
butions in Figures 4 and 5, respectively.'® A one-sided, two-sample Kolmogorov-Smirnov
test rejects equality of the valuation CDFs with a p-value of .026 for the Kaplan-Meier
distribution. Similarly, the scale coefficient of the Weibull distribution varies significantly
with treatment: treatment increases the scale parameter by a highly significant .702 (stan-

dard error .0716). Using a one-sided Wald test, treatment leads to a significant increase

16We tested for other possible distributions as well but the Weibull was the best fit for the classes of
continous distributions we tested. See Appendix for details.
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Figure 4: Fitted Kaplan-Meier CDF by treatment and control status.

in the mean WTP (p-value .022). As a result, both CDF's show that treatment leads to a
significant increase in stated willingness to pay. This result is robust to different weighting
procedures as well.

There are two problems with relying on the above results in testing if treatment af-
fected WTP. First, our balancing table shows that we must control for environmental
group membership since our treatment and control groups were not balanced along that
dimension. Second, in a subset of specifications, we restrict the sample to include only
those subjects who report viewing the survey as consequential in an attempt to control
for consequentiality similar in spirit to Vossler and Watson (2013). Without the restricted
sample, our WTP estimates are subject to hypothetical bias which could interact with

treatment is unexpected ways. We therefore test for an effect of treatment on WTP by
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Figure 5: Fitted Weibull CDF by treatment and control status.

estimating the following model using the restricted sample:

Valuation; = a+1{treated}B+1{Env Group}vy.+1{treated}1{ Env Group}~ye:+X.0+¢;.

The main feature of equation (5) is that we let the treatment effect vary across environ-
mental group membership. Since Table 3 shows that the treated group had a larger share
of environmental group members therefore we allow the treatment effect to vary by envi-
ronmental membership. This is important since environmental preferences are likely to be
correlated with valuations for managed realignment. The interpretation of the coefficient
et is the difference in the causal impact of treatment for environmental group members
relative to the control group. However, our primary coefficient of interest is §: since treat-
ment was random, the estimated coefficient on § is the causal effect of the pre-survey quiz

on valuation for “managed realignment” flood protection. From the theoretical model in
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Section 2, a positive coefficient is compatible with a model of attribute inclusion, while
the models of movement around a baseline and confirmatory bias imply a zero coefficient.

We also control for sociodemographic characteristics and the date of subject response
by including controls X;. In every specification we trim the sample to exclude subjects
who stated they thought the results of the survey were either very unlikely or unlikely to
be used in policy. This serves an important purposes by mitigating any possible impacts
of a causal effect of treatment on consequentiality leading to different strategic incentives

for varying levels of WTP.17

Table 5: Treatment on Stated Valuation

(1) (2) (3) (4) () (6)

Treated 11.015% 11.75* 6.25 6.01 1.19 3.64
(5.79) (6.99) (6.54) (7.98) (7.33) (9.29)
Env Group 18.6 24.58 27.34*  51.16%*
(12.68) (17.9) (14.85)  (20.83)
Treated * Env -2.19 -7.45 -10.78 -35.45
(15.24)  (20.44)  (16.81)  (22.79)
Constant 33.15%Hk - 34 84 30.35%**  32.69%** 5257 68.27F*
(4.36) (4.77) (4.77) (6.20) (26.64)  (29.9)
Model OLS OLS OLS OLS OLS OLS
Date FEs N N N N Y Y
Demographic Controls N N N N Y Y
Only Consequential N Y N Y N Y
n 267 210 232 175 216 164

NOTES: LHS variable is Stated Willingness to Pay in £. ***= significant at 1%, ** = significant
at 5%, * = significant at 10%. All regressions weighted and robust standard errors are reported.
Date FEs include indicator variables to the mailing wave preceeding the observed survey response.
Demographic controls were gender, age group indicators, household income group indicators, and
an indicator if the subject owned flood insurance.

Table 5 shows the results from estimating equation (5). In the specification without

1"Put another way, it gives an appropriate apples to apples comparison of the treatment group to
the control by restricting the sample. If consequential subjects are more likely to state higher WTP
levels because those values better represent actual preferences, for example, trimming the sample for both
the treated and control groups gives the correct counterfactual. More generally, so long as treatment is
orthogonal to any strategic incentives governed by consequentiality, our design remains internally valid.
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controls, we find the same result as in the CDFs. However, when we add an indicator for
environmental group membership, let the treatment effect vary by environmental group
membership, and add in control variables the point estimate of the treatment effect de-
creases in magnitude and becomes insignificant.!® As the sample is restricted to include
only subjects who answered all demographic questions and only subjects who view the
survey as consequential, the sample size decreases and the estimated standard errors in-
crease only modestly so our zero result does not appear to be drive by a lack of power.
As the sample is restricted and controls are added, environmental group membership also
becomes significant and positively correlated with stated valuation for the project. This
is expected: a major component of the project is that it increases wildlife habitat. How-
ever, treatment causes no significant effect on either non-environmental group members
nor environmental group members.!?

The results in Table 5 show that treatment had no effect on the mean valuations even
though it significantly increased the rate of learning by over 60%. Even though there
is a weak positive impact of treatment on WTP in OLS specifications with no controls,
that impact goes to zero when we control for (unbalanced) demographic variables likely to
be correlated with preferences for the good. In the context of the theoretical model this
finding is consistent with either unbiased priors or confirmatory bias. In order to parse
between those two models, we must test for the effect of treatment on the variance of the
WTP distribution.

Estimating the causal impact of treatment on the variance of WTP is a bit more

challenging than using OLS. In order to do so we estimate the impact of treatment on the

8 This finding is replicated when we break out learning by treated high versus low scorers.
19While suppressed in Table 5, other control variables had expected signs. For example, purchasers of
flood insurance had a positive willingness to pay for reclaimed wetlands.
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Table 6: Treatment on Distribution of Stated Valuations

(1) @) ) @) 5) (©)
Mean 28.37F**  34.10%F*  36.87FF* 2.77HH* 2.95%** 2.99%**
(5.999) (6.59) (7.01) (0.18) (.20) (.22)
Treated 15.3778** 7.46 3.88 A5%* 0.22 181
(7.41) (8.67) (8.86) (.21) (.27) (.28)
Env Group 12.30* 11.85%* 0.35%* 441%*
(6.86) (5.96) (.17) (.177)
Treated * Env -1.61 -2.63 -0.06 -.183
(7.45) (6.59) (.18) (.198)
Variance 53.42%HF A8 5G*HH  48.63%FF 1 57K 1.43%** 1.41%%*
(5.14) (5.57) (6.42) (.15) (.17) (.195)
Treated 3.06 5.20 754 -.120 -.007 -.064
(6.29) (7.38) (8.35) (.18) (.23) (.249)
Env Group 4.01 -3.40 -.140 -.245%
(5.55) (4.50) (.138) (.149)
Treated * Env -2.25 -.31 .020 .082
(6.04 (5.12) (.15) (.167)
Model Spike Spike Spike Lognormal Lognormal Lognormal
Demographic
Controls N N Y N Y Y
n 267 232 210 267 232 210
log likelihood -724.04 -636.12  -574.10 -711.81 -615.03 -562.23

NOTES: LHS variable is Stated Willingness to Pay in £. ***= significant at 1%, ** = significant
at 5%, * = significant at 10%. All regressions weighted. Demographic controls were gender, age

level, household income level, and an indicator if the subject owned flood insurance.
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variance of WTP when we fit WTP to both a lognormal and a spike distribution. In both
cases, we control for environmental group membership and let the treatment effect interact
with environmental group membership as before. We also, though, allow for treatment to
affect both the mean and the variance of WTP simultaneously.

Table 6 shows estimation results for fitting lognormal and spike distributions to the
data for three different sets of controls.2’ The top set of results are for the mean and the
bottom are for the variance. For both the spike and the lognormal distribution there is no
effect of treatment on the mean once environmental group membership is controlled for,
thus confirming the findings in the OLS model.

For every specification, there is also no effect of treatment on the variance of stated
valuations, even when not controlling for environmental group membership and other
sociodemographic characteristics. Further, for both distributions when the full set of
sociodemographic controls are included the point estimate for treatment on variance be-
comes very small in magnitude. These results are robust to trimming the sample to only
include subjects who view the survey to be consequential. We note, though, that standard
errors remain relatively unchanged and even slightly increase. We take Table 6 as strong
evidence that treatment has no effect on either the mean nor the variance of WTP in our
survey.

In the context of our model, the treatment effects shown in Tables 5 and 6 are consistent
with a model of confirmatory bias. Treatment caused a significant increase in knowledge
of good attributes. However that increased knowledge did not affect the mean nor the

variance of valuations. We therefore conclude that subjects learned new information but

20Note that for the lognormal distribution all results must be raised to e to be compared directly to the
lognormal results.
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they ignored that information when forming and/or updating their valuations.

That objective information about public good characteristics do not affect the distri-
bution of stated preference valuations it is a puzzle. The impetus for informing subjects
about good characteristics is deeply engrained in stated preference demand estimation for
public goods. To that end, there is little work on identifying the effects of learning objec-
tive attribute information on valuations. We don’t argue that subjects should not be given
information in stated preference surveys or that state preference methods are flawed in
some way. Rather, we view these results as motivating additional work to fully understand
exactly what the causal impact of the information provision portion of a stated prefer-
ence survey are on valuations. For example, if subjects exhibit confirmatory bias in both
stated preference surveys and when making private good purchases, it provides evidence
that stated preference methods elicit behavior similar to revealed preference methods. We
note, though, that this result is only a single study: while exogenous variation and careful
design provide internal validity, external validity is always a concern with any single study.

This further motivates additional work in this area.

6 Discussion and Conclusions

In this paper, we embed experimental variation into a stated-preference survey about a
public good to test for the causal impact of exogenous increases in learning rates on WTP
for the good. Importantly, the good (flood protection through wetland restoration) has one
attribute that is likely to be well-understood (flood protection) and another that is likely
to be less-understoof (wetland restoration and environmental amenities). As a result, our

setting bears similarities to firms who advertise information about the attributes of new
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products.?!

Treated subjects received a short multiple choice quiz before receiving nine pieces of
information about an actual flood defense plan in Scotland. Both treated and control
subjects took the same quiz after we elicited WTP allowing us to identify the effect
of the quiz on learning. Our identifying assumption is that randomizing subjects into
treatment in which they receive a quiz about traits of the public good before that good
is described serves to provide exogenous variation in the learning rates. We find that
treatment increased learning rates by 62%.

Our simple theoretical framework makes predictions about how an exogenous increase
in the learning rate could impact the estimated mean and variance of the willingness-to-
pay distribution. Our main result is that we find no significant impact of treatment on
either the mean or the variance of WTP. As highlighted in the theoretical model, that
result is consistent with new knowledge serving to confirm whatever “bias” subjects had
concerning the good before the experiment.?? Taken as a whole, our findings are consistent
with a model of confirmatory bias rather than movement around a baseline or unknown
attribute classes.

These findings are somewhat striking. Without them the assumption that more knowl-
edgeable consumers make more efficient decisions would have been uncontroversial. How-
ever, we find that when we exogenously vary the rate at which consumers learn objective
information about attributes of a public good, there is no change in their willingness to

pay or in the heterogeneity of their valuations. An analogy would be that voters do not

21For example, Amazon, Google and Microsoft advertise security features for cloud storage or cloud
computing.

22This result is similar to recent work which finds that the causal effect of additional knowledge about
product attributes on WTP is zero (LaRiviere, Czajkowski, Hanley, and Simpson (2015)).
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deviate from their initial “gut reactions” to political candidates or voter propositions. In
that case, discourse targeted toward emotional appeals rather than characteristics of a
good or candidates may be more useful for affecting decision making.

There are some other possible explanations for our results than confirmation bias. It
could be that our information concerns attributes that subjects do not care about. For
example, it could be that subjects only care about what specific species would populate
the restored floodplains or what would have happened to a friend’s nearby farm. Alterna-
tively, it could be that consumers must reflect on newly gained knowledge before adjusting
their valuations. In that case, any short run experiment or focus group designed to infer
preferences would be subject to the same design flaw of our experiment.

More important are the implications of our results on stated-preference valuation meth-
ods and public good valuation. A very common feature of stated-preference methods is
that subjects are provided with information about the public goods project being valued.
To that end a large amount of effort goes into ensuring the information is as easily under-
stood as it can be. For the particular good that we study, though, effort spent on reducing
the cost of gaining objective knowledge about good attributes would have absolutely no
effect on estimated willingness to pay.

Perhaps even more surprising than there being no effect on mean WTP levels, treat-
ment did not affect the precision of WTP estimates. This creates a puzzle given that the
usual rationale for providing information in WTP elicitation experiments is to increase
precision. Our results, then, even question the value of informing subjects to increase the
signal-to-noise ratio of responses and the power of stated-preference demand estimation
methods. We do not claim that our results imply subjects should not be informed about

public good attributes, but more work is needed to understand exactly what the role of
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the informative part of surveys is.
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A Appendix

Distribution Selection

Respondents’ were asked to select the maximum bid they would be willing to pay
from the payment cards they were provided. This means that we know their maximum
WTP is at least as high as the selected bid but lower than the next bid (since it was not
selected). We use this information to fit 3 parametric distributions of respondents’” WTP-
normal, lognormal and Weibull. CDF at the unselected bid less the CDF at selected bid
gives us the probability that respondents’ WTP is in the interval described by these two
bids, conditional on the parameters of the fitted parametric distribution. We estimate
these parameters by maximizing the LL function given observations. We used weighted
LL function approach (with ql score weights). The results are for all TO (control) and T1
(treatment) observations pooled together. Figure 6 shows the results.

The Weibull distribution offers the best fit since it has the lowest log-likelihood, while
the number of estimated parameters is the same. To decide if the difference is statistically
significant, since the models are not nested we used the Vuong test. Weibull distribution
fits best and the difference is statistically significant. Those results are available from the
authors upon request.

To provide an illustration of the fit of the fitted parametric distribution we compare
it with the simplest possible non-parametric (Kaplan-Meier) estimator, which treats mid-
point of selected interval as if it was respondents’ true maximum WTP. To compare it with
non-parametric distribution, we use the simplest possible Kaplan-Meier estimator, using
mid-point of selected interval and taking into account that the highest bid is censored.

Figure 7 shows the results.
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Figure 6: Candidate valuation distributions
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Figure 7: Fitted valuation distributions

Analysis of Time Spent on Quiz 2

Time; = a+1{treated}B+1{Env Group}vy.+1{treated}1{ Env Group}yet+X.d+¢;.
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Table 7: Treatment on Time Spent on Quiz 2

(1) (2) (3) (4) ()

Treated -12.73 -21.16 -28.54 -29.72  -33.60

(16.63)  (24.8) (35.37)  (27.53) (37.72)

Env Group -8.44 -14.2 .96 10.91

(29.4) (422)  (22.15) (32.43)

Treated * Env -3.64 -3.67 -17.99  -46.90

(31.4) (44.1)  (24.19) (36.68)

Constant 86.5F** Q7. 75%**  111.56%**  17.26  38.02

(15.84)  (24.84) (34.44)  (68.22) (77.39)

Model OLS OLS OLS OLS OLS
Only Consequential N N Y N Y
Controls N N N Y Y
n 267 232 175 216 164

NOTES: LHS variable is total number of seconds spent on quiz 2. ***= significant at 1%, ** =
significant at 5%, * = significant at 10%. All regressions weighted and robust standard errors are
reported. Controls include indicator variables to the mailing wave preceding the observed survey
response, gender, age group indicators, household income group indicators, and an indicator if the
subject owned flood insurance.

Quiz A Short Questionnaire for You

Please answer the following nine questions about flood defence and the Tay Estuary
to the best of your knowledge. We would really like to find out how much people know
about the Tay Estuary. This will make it easier for the Scottish Government and local
authorities to let you know what is taking place in your area now and in the future.

1. In the Tay Estuary what percentage of homes are at risk from flooding?
a. Less than 3%
b. Between 3% and 5%
c. Between 6% and 8%
d. More than 9%
e. I don’t know
2. How much money is invested annually in river and coastal defence in Scotland?
a. Between £10 million and £30 million
b. Between £30 million and £50 million
c. Between £50 million and £70 million
d. Between £70 million and £90 million
e. I don’t know
3. Historically, the main type of coastal flood protection in Scotland has been:
a. Beach replenishment and nourishment
b. Planning regulations to limit development on flood plains
c. Concrete sea walls and rock armouring
d. Managed realignment
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e. I don’t know
4. Managed realignment schemes have the potential to provide:
a. A lower level of protection from flooding
b. No protection from flooding
c. A greater level of protection from flooding
d. The same level of protection from flooding
e. I don’t know
5. Coastal wetlands are beneficial to fisherman because:
a. Wetlands do not benefit fisherman
b. Wetlands provide a food source for fish
c. Wetlands provide spawning grounds for fish
d. Wetlands act as a 'no take zone’ thereby helping to preserve fish stocks
e. I don’t know
6. Coastal wetlands are beneficial to wildlife because:
a. Wetlands do not benefit wildlife
b. Wetlands are less polluted than other coastal habitats
c. Wetlands provide a food source for wildlife
d. Wetlands are less likely to be disturbed by humans
e. I don’t know
7. Managed realignment schemes involve the loss of land to the sea. The land most likely
to be lost is:
a. Agricultural land
b. Residential land
c. Disused brownfield land
d. Seafront land
e. I don’t know
8. The Scottish Government has a legal duty to the European Union to protect coastal
wetlands because:
a. Wetlands are important recreational assets
b. Wetlands are important fishing grounds
c. Wetlands are important habitats for waterbirds
d. Wetlands are important natural flood defences
e. I don’t know
9. Which of the following is one of the main causes of decline of shelduck (a waterbird) in
the Tay Estuary?
a. Commercial fishing
b. Coastal erosion
c. Port operations
d. Oil spills
e. I don’t know
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2
In the Tay Estuary what percentage of homes are atrisk from flooding? *

C  Lessthan 3%
C  Between 3% and 5%
' Between 6% and 8%
C  More than 9%

C Idon't know

3
How much money is invested annually in river and coastal defence in
Scotland? *

C  Between £10 million and £30 million
€ Between £30 million and £50 million
C  Between £50 million and £70 million
©  Between £70 million and £90 million

© Idon't know

4
Histarically, the main type of coastal flood protection in Scotland
has been: *

€ Concrete sea walls and rock armouring

C  Beach replenishment and nourishment

€ Managed realignment

€ Planning regulations to limit development on flood plains

C Idon't know

Figure 8: Three questions as seen by subjects.

Selected screenshots from survey.

47



In the Tay Estuary and Montrose Basin approximately 4% of homes lie within a floodplain.

1 in 200 coastal flood event

Flood risk in the Tay Estuary and Montrose Basin (Source: TAYplan
Strategic Flood Risk Assessment, 2011)

Figure 9: Bullet point slide for homes at risk.

Each year the Scottish Government makes £42 million available to support local authorities' flood prevention
and coastal protection programmes.

Cumulative investment in Flood Prevention Schemes in
Scotland under the 1961 Flood Prevention (Scotland) Act.

Total Project Value (EM)

2000-01 2001-02 2002-03 2003.04 2004.05 2005.06 2008-07 2007-08
Financial Year

(Source: http://www.eea.europa.eu/soer/countries/uk/freshwater-national-
responses-united-kingdom)

Figure 10: Bullet point slide for flood defense spending.
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Historically, the main form of flood defence in Scotland has been hard engineered structures such as sea walls,
rock armour and groynes.

STl . LT Groynes

Sea walls

Rock armour

Figure 11: Bullet point slide for historical defenses.
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Proposed managed realignment scheme at Newburgh in the Tay Estuary

Figure 12: Physical location of the proposed site.
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Future Flood Defence

Coastal flooding accounts for 29% of the overall flood risk in the Tay Estuary. Coastal flooding is caused by
abnormally high spring tides and storm surges. The Scottish Government and local authorities are considering
the future river and coastal defence options for the Tay Estuary as part of a commitment to deliver flood risk
management plans by 2015. Managed realignment is one of the potential flood defence options for the Tay
Estuary.

What is Managed Realignment?

Managed realignment is where part of the existing sea defence is removed and the area behind it is allowed to
flood. This flooding creates coastal wetlands known as saltmarshes.

These coastal wetlands can protect the land against storm surges, coastal erosion and sea level rise. By
allowing an area of land to flood constructed sea walls needed to protect residential areas and businesses can
be shorter in height and thus constructed at a lower cost (see picture below).

Optional sea wall New coastal wetland Existing sea defence removed,
(saltmarsh) lowered or allowed to overtop

land

An example of a managed realignment scheme

On the next page you will learn more about flood defence in Scotland and what managed
realignment means for you.

Figure 13: Slide describing wetlands restoration visually.
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Future Flood Defences in the Tay Estuary
Newburgh Managed Realignment Scheme

Newburgh (a town on the south bank of the Tay Estuary) is at risk from coastal flooding due to predicted sea
level rise:

* The local authority needs to look at future flood defence options.

* A managed realignment scheme is being proposed to protect homes and businesses in the town from
flooding.

® |t is predicted that the managed realignment scheme would increase flood protection for at least 100
homes in Newburgh (homes shown on the map below).

* Full lood defence benefits will be realised in 15-20 years and then last for at least 100 years.

* Your local authority is responsible for funding 20% of the scheme's cost. The extra income needed for the
council to fund this would be raised by increasing your council tax.

Cost of the Managed Realignment Scheme
We would now like you to think about the value 1o you personally of developing this managed realignment
scheme for Newburgh on the Tay Estuary:

& On the next page you will be shown a table of prices that would be added to your council tax annually to
cover the costs and maintenance of the scheme.

* You are asked to choose amongst a variety of price options as the precise costs of going ahead with the
managed realignment scheme at present are unknown.

® The price you choose will be used to inform the local authoriies and the Scotish Government when
deciding future flood defence options in the Tay Estuary.

* Before you answer carefully consider the cost to you. Think about your household budget and what you
would have to trade off to pay for the increase in council tax e.g. what you like to buy or a reduction in
your planned savings. The average household council tax bill in Scotland is £984 per year.

What happens if there is no Managed Realignment Scheme?

® |f the managed realignment scheme does not take place the existing flood defences (sea walls) will
continue to be maintained by the local authoriies at no additional cost on your council tax bill.

* However there will be no additional flood protection and additional benefits of managed realignment will
not be realised.

Remember that your preferences will be used in conjunction with costs of the scheme, when they are known, by
local authorities and the Scotiish Government to inform which flood defence policy is chosen.

Figure 14: General project information given to all subjects.
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Please select either yes or no to each of the prices presented in the table that your household would definitely be
willing to pay in additional council tax each year to fund the development of a managed realignment scheme at
Newburgh an the Tay Estuary. *

Yes No

£0* c | C
£5* o | O
£10* s c
£15* 6| O
£20* c | c
£30* (e c
£40 * c | ©
£50 * C C
£60* c  C
£70* | O
£80* c c
£90* c | O
£100* c . c
£110* o | O
£120* c | C
£130* c | O
£140 * c . C
£150* 6| O
c | C

|am prepared to be in excess of £150 *

Figure 15: Payment card used in the survey.
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