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Abstract

We investigate the interest of quantile regression (QR) and censored quantile re-

gression (CQR) to deal with issues from contingent valuation (CV) data. Despite their

many properties of interest, quantile regression (QR) and censored quantile regression

(CQR) did not benefit from numerous applications to contingent valuation (CV) data.

We follow a three-step procedure to tackle this issue. First, we provide analytical ar-

guments showing how (C)QR can tackle many econometric issues associated with CV

data. Second, we show by means of Monte Carlo simulations, how (C)QR performs

w.r.t. standard (linear and censored) models. Finally, we apply and compare these four

models on a French CV survey dealing with flood risk. Although our findings show the

usefulness of QR for analyzing CV data, findings are mixed on the improvements from

CQR estimates with respect to QR estimates.

Keywords: Contingent Valuation; Quantile Regression; Censored Quantile Regression;

Monte Carlo simulations; Flood
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1 Introduction

Contingent valuation (CV) is a stated preference method that builds on a fictional scenario

to elicit respondents’ hypothetical preferences. Their maximum willingness to pay (WTP)

for the change proposed in a good or service provision corresponds to the Hicksian measure

of welfare change, i.e. the monetary counterpart that makes the respondent indi↵erent

to the initial situation. In order to better understand respondents’ preferences, one

estimates econometric models to look for WTP determinants amongst their characteristics

(socioeconomic variables, variables dealing with their level of knowledge or experience with

the good valued) or amongst e↵ects potentially associated with the elicitation process.

This allows predictions regarding future behaviors that can inform private or public

decision-makers.

However, the modeling should account for several econometric issues.

First, the treatment of zero WTP requires care. Indeed, three main reasons explain null

or missing values: respondents do not want to participate in the CV exercise (non-valid or

protest WTP); truly have a non-positive marginal utility for this provision or cannot a↵ord

the good or service due to budget constraint (valid zero WTP). Only in the two latter

does a zero WTP represents an actual no consumption behavior that can feed economic

analyses.

Second, WTP data from CV studies may contain outliers and/or extremely large values,

due to the hypothetical nature of the CV exercise (no actual out-of-pocket payment is

involved) or to the di�culty of the valuation task. This is problematic for the estimation of

the conditional mean WTP, because the influence of the upper tail of the WTP distribution

is high and potentially leads to mean and median WTP that significantly di↵er from each

other.

Third, standard econometric models generally fail in taking into account heterogeneity

in the way respondents’ characteristics a↵ect WTP (O’Garra and Mourato, 2006), which

may “both bias estimates of demand and forego the opportunity to observe di↵erences

within the population at a higher resolution”(Adamowicz and Deshazo, 2006).

Quantile regression (QR) and censored quantile regression (CQR) can help tackle

these issues by using information from the whole sample when estimating the impact of

explanatory variables on specific (and potentially all) quantiles of the WTP conditional

distribution instead of on the mean of the WTP conditional distribution. They allow a

separate identification of the WTP determinants for each quantile, hence the detection

of non-linearities or non-homogeneity in these relationships.However, the statistical

performances of (C)QR models and standard models (Ordinary Least Squares and Tobit)

do not seem to have been compared before in a controlled framework. We propose to fill
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this gap first thanks to Monte Carlo simulations, and second, by applying the four methods

to WTP for protection against flood in France, o↵ering a second application of CQR to CV.

The decrease of flood impacts is a major public concern. Indeed, of the world’s ten

most costly disasters between 1970 and 2014, five involved flooding, two hurricanes, two

earthquakes, the last being the terrorist attacks on 11 September 2001, the only non-

natural disaster (Sigma, 2015). The intensity and frequency of flooding and hurricanes are

likely to increase with climate change in the 21st century (Intergovernmental Panel on Cli-

mate Change, 2013), contributing to a drop in the annual worldwide cost of natural disasters

(USD 200 billion over the 2004-2014 period).

In France, a quarter of the population is at risk of flooding (Min-

istère de l’écologie du Développement durable et de l’énergie, 2012), and catastrophic river

risings or flash floods regularly hit the front pages. Since 1999, about 200 French people

died in five main flood events, with twofold consequences. First, for the population directly

involved, the physical (deaths and injured), psychological (Post-Traumatic Stress Disorder,

PTSD) and financial consequences of catastrophic flooding have long-lasting e↵ects.

Second, for the insurance sector (and indirectly the whole population through insurance

premiums), flooding represents the major hazard in terms of number of claims paid and

in terms of cost for the French insurance regime providing reimbursement for damage due

to natural disasters (Cat Nat regime). With e4.7 billion paid out between 1995 and 2006

under the natural disaster warrant (10% for individuals, 90% for firms), flooding accounts

for 57% of overall Cat Nat expenditure (Centre Européen de Prévention du Risque Inon-

dation, 2013).

The remainder of the paper proceeds as follows. Section 2 describes the interest of

quantile regressions in CV and sums up the key findings from the scarce related literature.

Section 3 presents the econometric models. Section 4 presents the Monte Carlo simulations

and Section 5 the empirical application. We discuss and conclude in Section 6.

2 Quantile regressions and contingent valuation

2.1 Why are QR and CQR of interest for CV studies?

We consider below why (C)QR may perform better than standard models in tackling issues

raised by CV data (see section 3 for details on the econometric models).

First, QR can be applied toWTP obtained with any CV elicitation format and expressed

as continuous, discrete and binary data. Application to discrete and continuous data uses

the standard QR method (see O’Garra and Mourato, 2006; Viscusi et al., 2012) whereas

application to binary data can use Smoothed Binary QR (see Belluzzo, 2004).
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Second, it is well-known that OLS regressions are biased when the dependent variable

is censored, calling for the use of Tobit model to properly account for censoring. QR are

also biased in case of censoring as noted by Kowalski (2009), “since quantile regression

uses information from the entire sample to generate the estimate at each quantile, if some

observations on [the dependent variable] are censored, the quantile regression lines can

be biased toward zero at all quantiles.” The Censored Quantile regression (CQR) (see

Powell, 1986) should then be used to properly deal with censoring. As an aside, whether

negative WTP should be allowed in the modeling is an issue per se (Carson and Hanemann,

2005): if yes, zero WTP may correspond to negative WTP censored at zero, if no, they are

‘corner solutions’. Following Krishnamurthy and Kriström (2015, footnote 3) and standard

practice in the literature, we use ‘censoring’ and ‘corner solution’ as perfect substitutes in

the following, even if they are not strictly equivalent when negative WTP truly represent

a negative utility change.

Third, QR are more robust than OLS to the frequent presence of outliers and fat tails

in CV data, i.e. too many small and/or very high WTP, and to non-normal errors (Powell,

1986; O’Garra and Mourato, 2006; Huang and Chen, 2015). Besides, although OLS is more

e�cient than QR estimator when the errors are homoscedastic and normally distributed

(according to the Gauss Markov theorem), empirical evidence suggests that QR estimator

tends to be more e�cient (Deaton, 1997; Hung et al., 2010).

Finally, (C)QR is one among other types of econometric methods (like nonparametric

estimations, latent class models, random parameter models,...) that allows for heterogene-

ity in the coe�cients. Indeed, each coe�cient of a (C)QR corresponds to the coe�cient

of a regression in which an explanatory variable interacts with an unobserved latent vari-

able that influences the position in the distribution of the dependent variable. It then

o↵ers a more comprehensive view of the relation between the dependent variable and the

covariates, since covariates are allowed to have a di↵erent impact at each quantile of the

conditional distribution of the dependent variable, not only at the mean. For instance, in

an experiment about hypothetical bias in WTP, Furno et al. (2016) manages to detect the

e↵ect of hypothetical bias on the tails of the distribution thanks to QR technique. This

feature should be of interest for policy makers, by o↵ering a picture on how the WTP is dis-

tributed across the population and not only the central tendency of the distribution (which

is well-known to be potentially misleading). Although QR accounts for heterogeneity, it is

not fully substitutable to latent class or random parameter models, which account for pref-

erence heterogeneity (Laura Nahuelhual, 2004; Boxall and Adamowicz, 2002). The nature

of the heterogeneity QR accounts for is by definition unobserved, and various sources of

heterogeneity may be at play (like the one implied by the scale e↵ect of income, which is a

pure economic e↵ect1). Overall, although the QR technique should be able to account for

1See the Monte Carlo simulation section for details.
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more “kinds of heterogeneity” than latent class or random parameter models, it provides

less information on the nature of this heterogeneity.

2.2 Applications of (C)QR models to CV studies

Despite its numerous advantages over most of the standard methods, applications of QR

to CV studies are rare. We did a structured literature search in the Scopus database,

complemented with Google Scholar, with keywords “contingent valuation” and “quantile

regression”, “stated preference” and “quantile regression”, “discrete choice experiment”

and “quantile regression” and “conjoint analysis” and “quantile regression”. We canceled

the studies that only use the median in quantile regressions, and a systematic review of

the abstract and the full text of the two hundred or so publications found finally leads to

19 applications of QR to CV studies. In seven of them however, the dependent variable is

not WTP, but, in the health field, Body Mass Index (Dodd, 2014), Time Trade O↵ (Trent

et al., 2011), or health-related quality-of-life indicators (Tinelli et al., 2013; Seymour et al.,

2010), in the energy field, vehicle miles traveled (Su, 2012) and electricity consumption

(Yao et al., 2014), and in the cultural fields, visits at museum (Meleddu et al., 2013).

Finally, 12 applications only use WTP as dependent variable (see Table 1 for a sum-

mary) and all find heterogeneity in the relationships between WTP and some of the ex-

planatory variables, confirming the superiority of the QR-type approaches on the standard

approaches. For binary QR, Belluzzo (2004) succeeds in capturing a heterogeneity that

the logit model misses. For QR, O’Garra and Mourato (2006) observes di↵erences in the

determinants of WTP at the two tails of the WTP distribution and Viscusi et al. (2012)

confirms the “richer picture” of QR w.r.t. interval regression. Regarding the only study

on CQR, Krishnamurthy and Kriström (2015) finds significant e↵ects (in particular for

income) on WTP whereas Tobit-like models indicate non-significant e↵ects.

However, three points draw our attention. First, none of these 12 stated preference

studies compares standard OLS-like and Tobit-like models with QR and CQR methods,

and we are not aware of any other type of studies that would have done so. Second, all

studies except one (Jerome et al., 2015) elicit WTP for environmental goods, i.e. public

goods. Third, despite the frequency of null WTP in CV data, one article only applies

CQR. Yet CQR have been used in various empirical applications for years to account for

null data (like child labor, Lima et al. 2015; alcohol consumption, Chernozhukov et al.

2015; or extramarital a↵airs, Chernozhukov and Hong 2002).

Our study contributes filling these gaps by comparing the properties of the four models

(OLS, Tobit, QR and CQR) first through Monte Carlo simulations, and then on WTP

elicited for reducing the financial, emotional and health risks associated with a natural

disaster.
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Table 1: Summary of the applications of QR models to CV studies (N: Sample size)

Author Method Elicitation format Dependent variable N

Belluzzo (2004) Smoothed Binary QR Referendum WTP for the improvement of water resources 1026

Lusk et al. (2006) QR Open ended question WTA to consume genetically modified chocolate chip

cookies

346

O’Garra and Mourato (2006) QR Payment card WTP for the air and noise pollution reductions asso-

ciated with the introduction of hydrogen buses

531

Brummett et al. (2007) QR Payment card WTP for irradiated mango 304

Last (2007) QR Payment card WTP for the municipal cultural supply 1062

Hanley et al. (2009) QR Payment card WTP for an improvement in coastal water quality 800

Notaro and De Salvo (2010) QR Payment card WTP for research expenditure and treatments to pre-

serve the cypresses

308

Viscusi et al. (2012) QR Bidding game WTP for reducing the morbidity risks from drinking

water

3585

Jackman and Lorde (2013) QR Open ended question WTP for WTP for digital products 390

Jerome et al. (2015) QR Bidding game WTP for the continuation of a weight loss program 234

Krishnamurthy and Kriström

(2015)

Censored QR Open ended question WTP for a completely green residential electricity sys-

tem

8229

Furno et al. (2016) QR Auctions WTP for for canned crushed tomatoes enriched with

lycopene

190

QR: Quantile regression



3 Econometric models

3.1 Linear models not accounting for censored WTP

3.1.1 Conditional mean estimation (OLS)

In the CV framework, the conditional OLS model is:

WTPi = x

0
i� + ui

where ui ⇠ N(0,�2) is a random term, xi is a matrix of explanatory variables and � a

vector of parameters.

Linear models estimated by OLS are simple and have an interesting feature: we do not

have to make distributional assumptions to get reliable point estimates, we only need these

assumptions for inference, so the point estimations are more robust to non-normality than

Maximum likelihood-based methods. However we still have to make strong assumptions

about the model specification (linearity, homogeneity, homoscedasticity). Because these

assumptions are often violated by CV data, the interest of the OLS model should be

limited to providing a first and simple benchmark.

3.1.2 Conditional quantile estimation (QR)

Following Koenker (2005), the conditional distribution of a random variable WTP is de-

noted FWTP |X(WTP |x), whereX is a set of random explanatory variables. The conditional

quantile Q⌧ is defined as:

Q⌧ (WTP |x) = inf(u : FWTP |X(u|x) � ⌧) = F

�1(⌧ |x)

If we assume that the conditional ⌧ -quantile function is linear in x we can write:

Q⌧ (WTP |x) = x

0
�⌧

where �⌧ is a vector of parameters associated with the ⌧ -quantile. The QR estimator of �⌧

for a random sample (WTPi, xi)i=1,...,n is obtained by solving:

min
�⌧

nX

i=1

⇢⌧ (WTPi � x

0
i�⌧ )

where ⇢⌧ is the check function defined by:

⇢⌧ (u) = u(⌧ � I(u < 0))

where I(.) is an indicator variable. We interpret the coe�cient �⌧,k as the change in the

quantile of order ⌧ of the conditional distribution for a marginal change of the variables

xk.
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Although QR has several advantages over OLS regressions, especially for CV data as

seen before, neither of them takes into account the corner solution (true null WTP) which

induces non-linearities in the relation between the dependent variable and the explanatory

variables, and biases in the estimates.

3.2 Models accounting for censored WTP

3.2.1 Tobit model

Tobit model is a likelihood-based model that accounts for censoring of the dependent vari-

able. It can be written as:
8
<

:
WTPi = WTP

⇤
i if WTP

⇤
i > 0

WTPi = 0 if WTP

⇤
i  0

where WTPi is the observed WTP and WTP

⇤
i is a latent variable corresponding to the

true WTP. Under the parametric assumption WTP

⇤
i ⇠ N(x0i�,�

2), the likelihood function

of this model is:

L(�,�;WTPi, xi) =
nY

i=1

✓
1

�

�

✓
WTPi � x

0
i�

�

◆◆I(WTPi>0)✓
1� �

✓
WTPi � x

0
i�

�

◆◆I(WTPi=0)

Although this model is simple to implement and relatively easy to interpret, it is sensitive

to incorrect assumptions concerning the distribution of the error term. Another drawback

is that it assumes that the latent variable corresponding to the true WTP can be negative,

which is rarely the case in CV studies. The Tobit model is still appropriate as a statistical

method but not as an economic framework (Wooldridge, 2001).

3.2.2 CQR model

This model, based on the QR model and first proposed by Powell (1986), assumes that the

conditional ⌧ -quantile function in x is Q⌧ (WTPi|xi) = max(0, x0i�⌧ ). Thus the estimator

is found by solving:

min
�⌧

nX

i=1

⇢⌧ (WTPi �max(0, x0i�⌧ ))

CQR model allows for coe�cients’ heterogeneity, and Powell (1986) shows that, under

some regularity conditions, it is consistent and asymptotically normal whatever the error

distribution, which is not the case of the Tobit.

4 Monte Carlo simulations

To characterize the empirical properties of the four models on CV-like data, we carry out

Monte Carlo simulations especially designed to include heterogeneity - modeled thanks to
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a heteroscedastic error term2 - and censoring.

4.1 Design of the model

We consider a linear specification with a censored dependent variable WTPi:

WTPi = max(�0 + �1xi,1 + �2xi,2 + ei, 0)

where:

• xi,1 is a standard log-normal continuous variable lnN(0, 1). It stands for the income

variable, with a location shift e↵ect on WTP: individuals with high incomes are more

likely to have higher WTPs. A scale e↵ect is also accounted for in the error term ei

below: individuals with higher incomes are also likely to have a higher variance in

WTP (see for instance the Engel Curves between income and food expenditures in

Koenker 2005).

• xi,2 is a standard normal variable N(0, 1).

• ei is an error term that covers three di↵erent heteroscedasticity intensities (j = 0, 1, 2):

ei = (↵+ �jxi,1)vi (1)

where vi is i.i.d standard normal, �0 = 0 and 0 < �1 < �2.

The first case is a standard homoscedastic form. The two other produce linear het-

eroscedastic of xi,1, mimicking the scale e↵ect of income, with increasing strength

from �1 to �2.

The heteroscedasticity of the error term leads to heterogeneity in the relation between

the quantiles of the conditional distribution of WTP and the covariates. The marginal

e↵ect of a covariate on the quantile covariates a↵ects both the location and the scale of the

dependent variable:
@Q⌧ (WTP |x1)

@x1
= �1 + �jF

�1
u (⌧)

where F

�1
u (⌧) is the inverse c.d.f. (quantile function) of the error term distribution.

Finally, we use several Data Generating Processes (DGP) by varying the sample size

(n= 50, n=300, n=1000) and the censoring rate (40%, 20%). We set the parameter val-

ues as listed in Table 2, and simulate 10000 samples for each of the 3 sample sizes x 3

heteroscedasticity intensities x 2 censoring rates = 18 DGP (see details in Appendix A).

2Specifications that explicitly express the heterogeneity of the coe�cients as a function of the quantile

(for instance �(⌧) = exp(⌧)) are possible (Hoshino, 2013) but their interpretation would be less intuitive.
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Table 2: Parameter values
�0 if c = 40% �0 if c = 20% �1 �2 ↵ �0 �1 �2

-1.7 0 2 -2 1 0 0.4 0.8

4.2 Results

The Mean Bias and the Root-Mean-Square Error (RMSE) of the slope coe�cients are given

in Tables 3, 4, 5 and 6.3 In the Mean Bias tables, the p-values of equality tests with the

corresponding true parameter is given in parentheses for each model and each DGP, and

to make results clearer, each cell is highlighted in grey when the Mean Bias di↵ers from

less than 10% from the true parameter. In the RMSE tables, cells are highlighted in grey

when the RMSE is less than .1.

Regarding the Mean Bias, we observe that linear models are almost systematically

biased, the QR estimates tending to be slightly more biased than OLS estimates for het-

eroscedastic DGP. This bias logically increases with the censoring rate. On the opposite,

models accounting for censoring are less (if not) biased. The CQR model is less biased than

Tobit model when the sample size increases. Only CQR shows a consistent decrease in bias

when sample size increases over the 18 DGP, for both �1 and �2. The bias of the linear

model is towards zero, consistent with expectations: negative for �1 which is positive and

positive for �2 which is negative. A surprising result is the increase of the QR Mean Bias as

heteroskedasticity intensity increases. To our knowledge, there is no theoretical results that

justify this behavior. The CQR Mean Bias is more or less constant as heteroskedasticity

intensity increases, this lead us to suppose that the increase in bias may come from the

heteroskedasticity and censoring. A REVOIR

Regarding the RMSE, we consistently find that it decreases with the sample size, for

all models and all DGP. We find lower RMSE for the models accounting for censoring,

which is particularly striking for �2. It also increases with the censoring rate. Finally, we

observe that the RMSE for QR and CQR is constant across quantiles for the homoscedastic

case, but it is decreasing along the quantiles for the heteroscedastic case, which could be

explained by the fact we have less information at the bottom of the distribution, due to

censoring, causing a loss in e�ciency.

Since the statistics of interest for policy-makers are the mean and median WTP, we also

compare the ability of the di↵erent models in predicting the true values. Table 7, shows

the expected WTP, the mean of the medians4, and the mean of the predicted WTP for

the models (conditional mean for OLS and Tobit, conditional median for QR and CQR).

The p-values of the equality test of the mean of predictions and the true mean are given

3The statistics for the constant �0 are not given due to lower concern (details upon requests).
4The number of replications is large enough so that the mean of the median across the simulations should

provide an accurate estimate of the theoretical median.
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DGP OLS Tobit QR 25% QR 50% QR 75% CQR 25% CQR 50% CQR 75%

c=40%, � =0, n=50 -0.25 0 -0.39 -0.266 -0.194 0.022 0.004 -0.027

p-value (0) (0.75) (0) (0) (0) (0) (0.005) (0)

c=40%, � =0, n=300 -0.192 0 -0.348 -0.227 -0.149 0.004 0.001 -0.005

p-value (0) (0.718) (0) (0) (0) (0) (0.066) (0)

c=40%, � =0, n=1000 -0.179 0 -0.343 -0.224 -0.142 0.001 0 -0.002

p-value (0) (0.035) (0) (0) (0) (0) (0.75) (0)

c=40%, � =0.4, n=50 -0.245 0.084 -0.466 -0.347 -0.3 0.237 0.04 -0.07

p-value (0) (0) (0) (0) (0) (0) (0) (0)

c=40%, � =0.4, n=300 -0.194 0.073 -0.478 -0.334 -0.263 0.03 0.007 -0.016

p-value (0) (0) (0) (0) (0) (0) (0) (0)

c=40%, � =0.4, n=1000 -0.181 0.072 -0.481 -0.335 -0.258 0.009 0.002 -0.004

p-value (0) (0) (0) (0) (0) (0) (0.05) (0)

c=40%, � =0.8, n=50 -0.238 0.177 -0.524 -0.411 -0.374 1.211 0.132 -0.098

p-value (0) (0) (0) (0) (0) (0) (0) (0)

c=40%, � =0.8, n=300 -0.179 0.177 -0.578 -0.395 -0.31 0.093 0.017 -0.018

p-value (0) (0) (0) (0) (0) (0) (0) (0)

c=40%, � =0.8, n=1000 -0.173 0.167 -0.588 -0.396 -0.306 0.023 0.003 -0.005

p-value (0) (0) (0) (0) (0) (0) (0.056) (0.002)

c=20%, � =0, n=50 -0.095 0 -0.109 -0.087 -0.078 0.011 0.001 -0.02

p-value (0) (0.776) (0) (0) (0) (0) (0.524) (0)

c=20%, � =0, n=300 -0.074 0 -0.093 -0.069 -0.057 0.002 0 -0.006

p-value (0) (0.752) (0) (0) (0) (0) (0.717) (0)

c=20%, � =0, n=1000 -0.069 0 -0.091 -0.067 -0.053 0.001 0 -0.002

p-value (0) (0.045) (0) (0) (0) (0.001) (0.447) (0)

c=20%, � =0.4, n=50 -0.094 0.039 -0.131 -0.125 -0.135 0.088 0.017 -0.051

p-value (0) (0) (0) (0) (0) (0) (0) (0)

c=20%, � =0.4, n=300 -0.078 0.032 -0.161 -0.124 -0.109 0.015 0.003 -0.015

p-value (0) (0) (0) (0) (0) (0) (0.038) (0)

c=20%, � =0.4, n=1000 -0.072 0.031 -0.166 -0.124 -0.105 0.004 0.001 -0.004

p-value (0) (0) (0) (0) (0) (0) (0.489) (0)

c=20%, � =0.8, n=50 -0.1 0.077 -0.149 -0.162 -0.188 0.226 0.015 -0.089

p-value (0) (0) (0) (0) (0) (0) (0.007) (0)

c=20%, � =0.8, n=300 -0.071 0.082 -0.195 -0.148 -0.128 0.033 0.007 -0.019

p-value (0) (0) (0) (0) (0) (0) (0.003) (0)

c=20%, � =0.8, n=1000 -0.072 0.074 -0.206 -0.151 -0.124 0.009 0 -0.006

p-value (0) (0) (0) (0) (0) (0) (0.968) (0)

Table 3: Mean Bias for �1

in parentheses next to the mean of predictions, and the 95% empirical confidence interval

for the mean of predictions are given in brackets below. It is worth noting that the test of

equality of the mean of the conditional median to the true mean for QR and CQR is statisti-

cally meaningless, and only reproduced to make comparisons with OLS and Tobit possible.5

We observe that the median WTP is always (much) lower than the true mean, due to

the skewness to the right of the simulated WTP. Regarding the comparison of the predicted

and the true mean WTP, we find that the best predictions are obtained with the models

accounting for censoring, especially CQR. Consistently with the results on the Mean Bias,

the linear models underestimate the WTP due to their bias towards zero. As for the

coe�cients, increasing the intensity of heteroscedasticity decreases the performance of the

models, especially for the OLS and Tobit models: it leads to a greater tendency of rejecting

equality. To a lesser extent, increasing the sample size also leads to a greater tendency of

rejecting equality.

5We could have compared the median of the QR and CQR predictions with the unconditional median,

but the two are not directly linked, since there is no law of iterated expectation for the median. So we

choose the mean for consistency.

11



DGP OLS Tobit QR 25% QR 50% QR 75% CQR 25% CQR 50% CQR 75%

c=40%, � =0, n=50 0.799 -0.004 0.822 0.835 0.874 -0.019 -0.013 0.023

p-value (0) (0.129) (0) (0) (0) (0) (0) (0)

c=40%, � =0, n=300 0.794 0 0.792 0.827 0.884 -0.006 -0.003 0.002

p-value (0) (0.626) (0) (0) (0) (0) (0.019) (0.116)

c=40%, � =0, n=1000 0.791 0 0.784 0.822 0.881 -0.001 0 -0.001

p-value (0) (0.823) (0) (0) (0) (0.332) (0.636) (0.347)

c=40%, � =0.4, n=50 0.826 -0.158 1.133 0.993 0.919 -0.254 -0.082 0.011

p-value (0) (0) (0) (0) (0) (0) (0) (0.033)

c=40%, � =0.4, n=300 0.818 -0.188 1.139 0.997 0.929 -0.046 -0.017 -0.001

p-value (0) (0) (0) (0) (0) (0) (0) (0.565)

c=40%, � =0.4, n=1000 0.816 -0.193 1.138 0.995 0.928 -0.015 -0.005 0

p-value (0) (0) (0) (0) (0) (0) (0) (0.661)

c=40%, � =0.8, n=50 0.857 -0.357 1.367 1.081 0.928 -1.165 -0.449 -0.03

p-value (0) (0) (0) (0) (0) (0.006) (0.009) (0)

c=40%, � =0.8, n=300 0.851 -0.432 1.405 1.093 0.944 -0.166 -0.043 -0.013

p-value (0) (0) (0) (0) (0) (0) (0) (0)

c=40%, � =0.8, n=1000 0.85 -0.446 1.409 1.094 0.944 -0.045 -0.01 -0.004

p-value (0) (0) (0) (0) (0) (0) (0) (0.003)

c=20%, � =0, n=50 0.383 -0.001 0.368 0.364 0.381 -0.006 0 0.028

p-value (0) (0.585) (0) (0) (0) (0.046) (0.872) (0)

c=20%, � =0, n=300 0.385 0 0.359 0.358 0.38 -0.002 0 0.002

p-value (0) (0.658) (0) (0) (0) (0.052) (0.953) (0.033)

c=20%, � =0, n=1000 0.384 0 0.354 0.356 0.378 -0.001 0 0

p-value (0) (0.619) (0) (0) (0) (0.317) (0.813) (0.715)

c=20%, � =0.4, n=50 0.416 -0.098 0.571 0.476 0.426 -0.076 -0.028 0.034

p-value (0) (0) (0) (0) (0) (0) (0) (0)

c=20%, � =0.4, n=300 0.414 -0.116 0.573 0.477 0.434 -0.018 -0.008 0.001

p-value (0) (0) (0) (0) (0) (0) (0) (0.589)

c=20%, � =0.4, n=1000 0.414 -0.119 0.573 0.475 0.435 -0.006 -0.001 0

p-value (0) (0) (0) (0) (0) (0) (0.193) (0.694)

c=20%, � =0.8, n=50 0.457 -0.224 0.731 0.539 0.44 -0.277 -0.078 0.031

p-value (0) (0) (0) (0) (0) (0) (0) (0)

c=20%, � =0.8, n=300 0.457 -0.269 0.75 0.545 0.452 -0.049 -0.017 -0.003

p-value (0) (0) (0) (0) (0) (0) (0) (0.121)

c=20%, � =0.8, n=1000 0.457 -0.277 0.751 0.546 0.454 -0.014 -0.004 -0.001

p-value (0) (0) (0) (0) (0) (0) (0.001) (0.243)

Table 4: Mean Bias for �2

Overall, accounting for censoring has a great positive impact, since Tobit and CQR

models perform better than their linear counterparts. Besides, as expected, (C)QR are less

impacted by heteroscedasticity than OLS and Tobit.

5 Empirical application

5.1 Literature review on CV studies on flood risk

We look for studies providing estimations of WTP to decrease the risk of flood, via a

structured literature search with keywords6 in the Scopus database and on Google Scholar.

A systematic review of abstracts (or full-text) for all published studies leads to 21 di↵er-

ent surveys (published in about 30 papers from 1988 to 2015) that use stated preference

methods to explore respondent’s willingness to reduce the risk of flood in their place of

residence.

Eight studies have been discarded for various reasons: unsuccessful attempts to get

the original document (Thunberg, 1998; a Ph.D thesis dealing with 142 US respondents;

6 The keywords used are “contingent valuation” and “flood”, “stated preference” and “flood”, “discrete

choice experiment” and “flood” and “conjoint analysis” and “flood”.
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DGP OLS Tobit QR 25% QR 50% QR 75% CQR 25% CQR 50% CQR 75%

c=40%, � =0, n=50 0.146 0.051 0.236 0.162 0.128 0.087 0.069 0.073

c=40%, � =0, n=300 0.101 0.016 0.182 0.12 0.081 0.025 0.021 0.023

c=40%, � =0, n=1000 0.092 0.009 0.174 0.114 0.073 0.013 0.011 0.012

c=40%, � =0.4, n=50 0.204 0.174 0.354 0.241 0.204 0.841 0.215 0.178

c=40%, � =0.4, n=300 0.131 0.097 0.292 0.181 0.134 0.124 0.085 0.075

c=40%, � =0.4, n=1000 0.106 0.068 0.283 0.172 0.12 0.066 0.047 0.041

c=40%, � =0.8, n=50 0.287 0.299 0.504 0.321 0.257 16.007 0.626 0.254

c=40%, � =0.8, n=300 0.176 0.185 0.427 0.223 0.152 0.3 0.141 0.107

c=40%, � =0.8, n=1000 0.132 0.135 0.412 0.206 0.13 0.139 0.077 0.058

c=20%, � =0, n=50 0.069 0.046 0.091 0.075 0.074 0.068 0.058 0.063

c=20%, � =0, n=300 0.041 0.015 0.054 0.041 0.036 0.022 0.019 0.021

c=20%, � =0, n=1000 0.036 0.008 0.048 0.035 0.029 0.011 0.01 0.011

c=20%, � =0.4, n=50 0.162 0.159 0.21 0.169 0.161 0.241 0.173 0.158

c=20%, � =0.4, n=300 0.092 0.087 0.125 0.091 0.08 0.097 0.072 0.067

c=20%, � =0.4, n=1000 0.065 0.057 0.106 0.072 0.058 0.053 0.04 0.037

c=20%, � =0.8, n=50 0.265 0.273 0.361 0.259 0.222 0.719 0.28 0.223

c=20%, � =0.8, n=300 0.155 0.161 0.203 0.127 0.102 0.193 0.116 0.095

c=20%, � =0.8, n=1000 0.106 0.109 0.164 0.095 0.069 0.103 0.064 0.052

Table 5: RMSE for �1

DGP OLS Tobit QR 25% QR 50% QR 75% CQR 25% CQR 50% CQR 75%

c=40%, � =0, n=50 0.413 0.118 0.44 0.44 0.456 0.188 0.151 0.149

c=40%, � =0, n=300 0.399 0.04 0.401 0.418 0.445 0.067 0.057 0.057

c=40%, � =0, n=1000 0.396 0.022 0.394 0.412 0.442 0.036 0.031 0.031

c=40%, � =0.4, n=50 0.435 0.222 0.592 0.519 0.483 2.31 0.334 0.265

c=40%, � =0.4, n=300 0.413 0.131 0.574 0.502 0.469 0.171 0.116 0.101

c=40%, � =0.4, n=1000 0.409 0.11 0.57 0.499 0.465 0.089 0.062 0.055

c=40%, � =0.8, n=50 0.465 0.366 0.709 0.565 0.494 21.133 8.593 0.407

c=40%, � =0.8, n=300 0.432 0.261 0.707 0.551 0.477 0.412 0.173 0.135

c=40%, � =0.8, n=1000 0.427 0.239 0.706 0.548 0.474 0.157 0.089 0.071

c=20%, � =0, n=50 0.211 0.088 0.22 0.212 0.221 0.142 0.119 0.124

c=20%, � =0, n=300 0.196 0.034 0.186 0.184 0.195 0.055 0.047 0.048

c=20%, � =0, n=1000 0.193 0.019 0.179 0.179 0.191 0.03 0.026 0.026

c=20%, � =0.4, n=50 0.246 0.171 0.331 0.276 0.255 0.304 0.209 0.196

c=20%, � =0.4, n=300 0.214 0.091 0.294 0.245 0.225 0.107 0.08 0.074

c=20%, � =0.4, n=1000 0.209 0.071 0.289 0.24 0.22 0.057 0.044 0.041

c=20%, � =0.8, n=50 0.292 0.274 0.416 0.316 0.277 1.092 0.321 0.263

c=20%, � =0.8, n=300 0.241 0.175 0.383 0.28 0.236 0.166 0.109 0.098

c=20%, � =0.8, n=1000 0.233 0.152 0.378 0.276 0.23 0.084 0.058 0.052

Table 6: RMSE for �2

or Kreibich et al., 2011; a study on 310 Germans); WTP was not in monetary terms but

in work person-days (Navrud et al., 2012, in Vietnam), or in-kind (Akter et al., 2009, in

Bengladesh); and absence of CV study (Werritty et al., 2007, with a sociological-oriented

study; or Johnston et al., 1999; Landry et al., 2011; Botzen and van den Bergh, 2012, with

discrete choice experiment surveys).

Table 8 summarizes the 13 studies we are going to briefly present. We provide the mean

WTP (in e 2012) although they are hardly comparable due to di↵erences in purchasing-

power across countries, in the risk reduction proposed as well as in three relevant dimensions

detailed below (elicitation format, beneficiaries and nature of the e↵ects assessed).

The elicitation format a↵ects the nature of the stated WTP - binary for single-bounded

format, discrete for the payment card or the double-bounded format, and continuous for

the open-ended format - and consequently, the econometric analysis. It also a↵ects the

quality of the elicited WTP due to their respective and inherent biases or errors (Carson

and Hanemann, 2005).

Regarding the beneficiaries of the scenario, five studies propose a scenario for an indi-
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DGP Theo. mean Sample Median OLS Tobit QR CQR

c=40%, � =0, n=50 2.805 0.837 2.361, (0.413) 2.365, (0.411) 2.317, (0.391) 2.43, (0.468)

CI (0; 1.924) (1.393; 3.72) (1.389; 3.739) (1.283; 3.733) (1.453; 3.807)

c=40%, � =0, n=300 2.805 0.804 2.366, (0.374) 2.365, (0.394) 2.317, (0.341) 2.434, (0.507)

CI (0.361; 1.254) (2.483; 5.012) (2.488; 5.009) (2.431; 4.993) (2.535; 5.06)

c=40%, � =0, n=1000 2.805 0.805 2.362, (0.247) 2.362, (0.303) 2.311, (0.214) 2.43, (0.432)

CI (0.564; 1.054) (1.411; 3.873) (1.42; 3.92) (1.189; 3.872) (1.531; 4.046)

c=40%, � =0.4, n=50 2.938 0.777 2.424, (0.09) 2.446, (0.09) 2.33, (0.068) 2.57, (0.144)

CI (0; 1.949) (2.48; 5.119) (2.491; 5.168) (2.353; 5.154) (2.551; 5.254)

c=40%, � =0.4, n=300 2.938 0.738 2.428, (0.066) 2.456, (0.088) 2.32, (0.045) 2.559, (0.164)

CI (0.275; 1.2) (1.418; 4.071) (1.44; 4.289) (1.008; 4.108) (1.604; 4.467)

c=40%, � =0.4, n=1000 2.938 0.739 2.424, (0.017) 2.453, (0.053) 2.311, (0.01) 2.554, (0.091)

CI (0.486; 0.993) (2.456; 5.289) (2.474; 5.516) (2.205; 5.378) (2.566; 5.55)

c=40%, � =0.8, n=50 3.297 0.693 2.514, (0.003) 2.589, (0.004) 2.318, (0.001) 2.787, (0.015)

CI (0; 1.857) (1.924; 2.876) (1.924; 2.875) (1.852; 2.859) (1.988; 2.944)

c=40%, � =0.8, n=300 3.297 0.633 2.525, (0.002) 2.631, (0.006) 2.308, (0) 2.755, (0.015)

CI (0.155; 1.133) (3.09; 4.12) (3.088; 4.117) (3.048; 4.102) (3.138; 4.172)

c=40%, � =0.8, n=1000 3.297 0.634 2.519, (0) 2.631, (0.002) 2.298, (0) 2.746, (0.003)

CI (0.371; 0.899) (1.963; 2.972) (1.979; 3.028) (1.801; 2.921) (2.077; 3.116)

c=20%, � =0, n=50 3.987 2.522 3.569, (0.469) 3.568, (0.467) 3.545, (0.46) 3.622, (0.515)

CI (1.496; 3.624) (3.099; 4.193) (3.126; 4.25) (3.018; 4.178) (3.174; 4.289)

c=20%, � =0, n=300 3.987 2.504 3.573, (0.421) 3.573, (0.444) 3.544, (0.406) 3.625, (0.515)

CI (2.061; 2.954) (2.027; 3.128) (2.083; 3.305) (1.717; 2.991) (2.214; 3.395)

c=20%, � =0, n=1000 3.987 2.505 3.57, (0.29) 3.57, (0.361) 3.541, (0.276) 3.622, (0.408)

CI (2.264; 2.754) (3.13; 4.309) (3.202; 4.504) (2.969; 4.264) (3.25; 4.499)

c=20%, � =0.4, n=50 4.1 2.454 3.608, (0.126) 3.634, (0.125) 3.566, (0.111) 3.699, (0.179)

CI (1.384; 3.649) (2.11; 2.642) (2.109; 2.642) (2.045; 2.6) (2.174; 2.709)

c=20%, � =0.4, n=300 4.1 2.438 3.611, (0.092) 3.644, (0.126) 3.562, (0.082) 3.7, (0.168)

CI (1.975; 2.9) (3.298; 3.868) (3.3; 3.868) (3.266; 3.843) (3.347; 3.923)

c=20%, � =0.4, n=1000 4.1 2.439 3.607, (0.024) 3.642, (0.083) 3.556, (0.023) 3.696, (0.082)

CI (2.186; 2.693) (2.159; 2.72) (2.182; 2.765) (2.02; 2.635) (2.28; 2.86)

c=20%, � =0.8, n=50 4.413 2.351 3.663, (0.011) 3.753, (0.011) 3.563, (0.007) 3.829, (0.022)

CI (1.203; 3.557) (3.321; 3.925) (3.348; 3.974) (3.257; 3.886) (3.401; 4.019)

c=20%, � =0.8, n=300 4.413 2.333 3.673, (0.005) 3.794, (0.01) 3.572, (0.003) 3.825, (0.017)

CI (1.855; 2.833) (2.232; 2.841) (2.307; 3.011) (1.968; 2.665) (2.444; 3.083)

c=20%, � =0.8, n=1000 4.413 2.334 3.669, (0) 3.795, (0.005) 3.564, (0) 3.82, (0.002)

CI (2.071; 2.599) (3.362; 4.01) (3.455; 4.193) (3.225; 3.935) (3.491; 4.175)

Table 7: Comparison of predicted WTP

vidual action only (Defra, 2005; Hung, 2005; Abbas et al., 2014; Joseph et al., 2015; Owusu

et al., 2015), five studies for a collective action only (Shabman et al., 1998; Novotny et al.,

2001; Grelot, 2004; Zhai et al., 2006; Glenk and Fischer, 2010), and three propose two sce-

narios, one for each action (Deronzier and Terra, 2006; Chanel et al., 2013; Ghanbarpour

et al., 2014). An individual action scenario aims to evaluate the WTP for a decrease of the

respondent’s own consequences of a flood, typically by purchasing an insurance or taking

property level flood risk adaptation measures. A collective action scenario aims to evaluate

the WTP for a decrease in the flood risk, e.g. by a financial participation to the building

of collective protections. Because the collective scenario is often a public good provision,

respondents have less incentives to reveal their true preferences (underestimation due to

free-riding behaviour) on the one hand, but altruism may play in the opposite direction.

The third dimension deals with the nature of the flood-related e↵ects that are going to

be impacted by the measure proposed in the scenario. It may involve only tangible e↵ects,

when an insurance is proposed to compensate for monetary losses, only intangible e↵ects

(like emotions or psychological aspects related to a flood event and its aftermath) when

explicitly specified in the scenario, or both e↵ects, when the flood is avoided thanks to

(individual or collective) flood risk adaptation measures.
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Overall, none of the studies allows disentangling the e↵ects of the last two dimensions

within the same survey, as a 2x2 design would be necessary. However, the impact of the

beneficiaries can be explored in the three studies that use an individual and a collective

scenario. In Deronzier and Terra (2006), Chanel et al. (2013) and Ghanbarpour et al.

(2014), each respondent gives his/er WTP for a full insurance to be fully compensated

in case of flood (individual, reduction of tangible e↵ects only) and for financing public

works in order to decrease flood risk (collective, reduction of tangible and intangible

e↵ects). Surprisingly, the two scenarios led to very close mean WTP whatever the

study: the mean annual WTP is around 41 euros in Deronzier and Terra (2006) (despite

di↵erent elicitation format across the scenarios), around 105 euros in Chanel et al. (2013),

and slightly di↵ers in Ghanbarpour et al. (2014), with 36 euros (individual scenario)

and 45 euros (collective scenario). It then seems that the influence of altruism, free-

riding issues and the impact of the intangible e↵ects of flood risk cannot be clearly assessed.

We briefly summarize the main determinants of WTP found in the 13 studies.

Regarding sociodemographic variables, the e↵ect of income (or wealth) on WTP is

positive and significant in all studies (with an inverted U-shape in Joseph et al., 2015;

and Deronzier and Terra, 2006), which is intuitive, consistent and provides evidence of

the validity of the CV surveys (which Bishop and Woodward, 1995; defined as theoretical

construct validity). The e↵ect of age onWTP is more ambiguous: generally positive (Joseph

et al., 2015; Defra, 2005; Deronzier and Terra, 2006; or Owusu et al., 2015), but sometimes

negative (Abbas et al., 2014). Finally, owning the housing may also have a positive impact

according to Novotny et al. (2001), Hung (2005) and Deronzier and Terra (2006).

The objective risk of flooding is measured with di↵erent variables (distance to the river,

living in an area characterized as more risky, place already flooded) depending on the study

but its e↵ect on WTP is generally positive and significant. The only noticeable exception is

Hung (2005), who finds that individuals more exposed to flood risk have the lowest WTP.

Regarding flood experience, having already experienced a flood (Zhai et al., 2006; Hung,

2005; or Defra, 2005), and previous financial and social flood impacts (Owusu et al., 2015)

may have a positive impact on WTP. Defra (2005) finds however no significant di↵erences

between those who had previously been flooded and those who had never been flooded

(£200 vs. £150). Dekker et al. (2016) doesn’t observe a significant e↵ect of flood experience.

Owusu et al. (2015) even find lower WTP for the former (£734 vs. £834).

Regarding attitudinal variables, contributing to citizenship organizations (Novotny

et al., 2001), individual preparedness to flood (Zhai et al., 2006), perceived severity of

change and trust in government (Glenk and Fischer, 2010), having a positive attitude to-

wards the insurance system (Abbas et al., 2014) or being insured against flood (Shabman
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Table 8: Summary of 13 CV studies on flood risk

Author Country N Elicit. format Beneficiaries E↵ects Mean annual WTP (e)

Defra (2005) England 1510 PC Individual Intangible 236-314

Hung (2005) Taiwan 405 SB Individual Tangible 108-145

Abbas et al. (2014) Pakistan 250 DB Individual Tangible 7.3

Joseph et al. (2015) England 243 OE Individual Intangible 850

Owusu et al. (2015) Scotland 256 OE Individual Intangible 1037

Shabman et al. (1998) USA 74 PC Collectivity Both 47-140

Novotny et al. (2001) USA 1000 SB Collectivity Both 97

Grelot (2004) France 213 SB Collectivity Both 46-58

Zhai et al. (2006) Japan 428 PC Collectivity Both 24-41

Glenk and Fischer (2010) Scotland 1033 PC Collectivity Both 67

Deronzier and Terra (2006) France 500 DB/OE Individual/Collectivity Tangible/Both 41.1/40.8

Chanel et al. (2013) France 599 PC Individual/Collectivity Tangible/Both 107/103

Ghanbarpour et al. (2014) Iran 83 OE Individual/Collectivity Tangible/Both 36/45

Elicitation format (DB: double-bounded dichotomous choice, OE: open-ended, PC: payment card, SB: single-bounded dichotomous choice), N: Sample size



et al., 1998) have a positive e↵ect on WTP, whereas personal acceptance of the risk (Zhai

et al., 2006) decreases WTP. A counterintuitive result is found in Hung (2005): flooding

risk perception negatively influences WTP.

Finally, psychological factors - either expressed in terms of stress of flood, worrying

about loss of house values or future flooding - positively and significantly influence the

WTP in Novotny et al. (2001), Defra (2005) and Joseph et al. (2015). In particular, the

highest WTP are obtained in the three studies specifically aimed to assess intangible

e↵ects only - Joseph et al. (2015), Owusu et al. (2015) and Defra (2005) - although the

latter finds that many respondents were valuing tangible e↵ects too.

5.2 Method and data

5.2.1 Study design

The survey has been administered in face-to-face individual interviews in the PACA re-

gion, on both never flooded and already flooded respondents. Although the questionnaire

included eight modules (housing, risk perception, hypothetical monetary choices, personal-

ity, PTSD, flood-specific issues, socio-demographic and contingent valuation scenario), we

only present in details the issues relevant for this paper: respondents’ WTP to reduce their

vulnerability and exposure to flooding (see Chanel et al., 2013; for additional results and

the full questionnaire).

Two scenarios have been proposed to each respondent, in the spirit of Deronzier and

Terra (2006), to determine respondents’ willingness to participate in actions that will reduce

risks and, if so, their corresponding WTP. One scenario (randomly proposed first to half of

the sample) is collective and allows assessing intangible e↵ects by proposing to contribute

to the funding of protective devices at the city level. The respondent gives a WTP that

reflects his/her utility for a decrease in the flood risk, keeping the insurance system fixed,

and thus reducing the hazard. It values both the tangible and intangible / psychological

gains related to prevention (see Appendix B for the exact wording). The other scenario

is individual and restricted to tangible e↵ects, by proposing to contribute to an insurance

against flood risk that will only reduce the vulnerability. The respondent gives a WTP

that reflects his/her utility for a full insurance on flood risk, i.e. a decrease in the financial

risk of flood, keeping unchanged the flood risk and the related psychological e↵ects of a

flood (see Appendix B for the exact wording).

In order to favour similarity and comparisons between scenarios, and to limit possible

framing e↵ects, we use a fictitious Flood Management Fund (in French, Caisse de Gestion

Inondation (CGI), for the management of the two proposed ways of reducing the risk

(protective devices) or the consequences (individual insurance) of a flood. The payment

vehicle is then a voluntary contribution to this Fund in both scenarios, using the same
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elicitation format.

Regarding the elicitation format, none of the various existing elicitation formats stands

out from the rest due to statistical and practical properties widely discussed in the literature

(see Carson and Groves, 2011). The one used in the survey is the circular payment card

(CPC) which, unlike the standard payment card (PC), relies on a visual representation of

a circular card with no predetermined start or end points, no top or bottom, no left or

right (see Figure 1). The respondent is asked to think about her/his WTP, and is then

presented the CPC in a random position to help her/him in the elicitation process. The

respondent is then asked “How much would you be willing to pay at maximum per year

?”. In addition to the advantages of the standard PC format (low rate of non-response and

a visual aid to facilitate the WTP elicitation), the circular version eliminates starting-bid

bias (because each section is equally likely to be seen at first glance), middle-card bias (by

construction), and helps strongly reduce the range e↵ect associated with the bids chosen

(as the succession of bid ranges mimics a continuous distribution, see Carson and Groves,

2011).

A between-respondent analysis comparing the WTPs elicited using CPC, Open-Ended

(OE) and PC formats within the same format can be found in Chanel et al. (2015). Note

finally that the use of the same elicitation format for both scenario eases their comparisons,

which was not the case in Deronzier and Terra (2006).

5.2.2 Data

The empirical analysis is based on a sample of 599 respondents interviewed at home face-

to-face between 26 April and 30 June 2012 by a specialized survey institute. Four mu-

nicipalities in the Provence Alpes Côte d’Azur (PACA) region (South Eastern France),

within a 65 km radius, were chosen for their varying degrees of exposure to flood risk.

Two municipalities have never been flooded: Miramas (25,300 inhabitants), at no risk of

flooding, and Berre-l’Etang (13,800 inhabitants), located in an area with a potential risk

of flooding due to torrential rivers and dam failure. Two municipalities had unfortunately

been flooded in the past twenty years due to flash floods: Vaison-la-Romaine (6,200 in-

habitants) in September 1992 (20 years before the survey) by the Ouvèze river rising, with

37 deaths and four missing, and Draguignan (36,600 inhabitants) in June 2010 (two years

before the survey) by the Nartuby river rising, with 23 deaths (12 in Draguignan itself)

and two missing.

The respondents interviewed should respect the following inclusion criteria: be older

than 18 at the time of the survey, live in one of the four municipalities and, for the two

flooded cities, have been physically present when flooding occurred, and be over 18 at this

time. A pre-test of 20 respondents was used to fine-tune the wording as well as to choose

the range and centering of bids. The various modules of the survey allow capturing a large
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Figure 1: Circular payment card
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Table 9: WTP frequencies

Insurance scenario Collective Action scenario
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set of potential determinants of WTP. In addition to standard socio-demographic variables,

several questions aimed to capture risk and loss aversion, time preference, risk perception,

information about housing, insurance, personality traits, flood-related knowledge and be-

haviours, as well as material and psychological impacts of previous flood(s) for those who

experienced one.

Table 10 presents the summary statistics. The average age of the sample is 51.3 years

(standard deviation (s.d.) 17.02); 55.1% are female; 36.2% have at least one child at home;

41.8% have at least a high school certificate; the monthly mean respondent income is e1,422

(s.d. e903); the monthly mean household income is e2,106 (s.d. e1,287) and 47.6% are

owners .

In standard PC format, the use of the WTP bid-range elicited instead of the middle

of the bid-range should be favored, although empirical studies do not seem to find major

di↵erences between point- and interval-based estimates (Cameron and Huppert, 1989; Yang

et al., 2012). This is not an issue here since the CPC was simply a visual aid, and that we

know the respondent WTP. We should only account for left-censoring. Figures 9 shows the

distribution of WTP for each scenarios, for the respondents who accepted to participate in

the CV exercise (i.e. who answered “Yes” to WTP Question 1 in Appendix B). There is a

noticeable fraction of zero-WTP (28.27% for collective action scenario and 30.86% for the

insurance scenario).
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Table 10: Summary statistics

Variable Label Mean Std. Dev. Min. Max. N

WTP-I Willingness to pay (Insurance scenario) 100.48 143.29 0 1300 341

WTP-CA Willingness to pay (Collective action scenario) 93.46 145.54 0 1500 335

Income Income (in euros) 1423.478 904.531 0 8000 575

Education Education (ordinal variable) 1.853 1.14 1 4 599

Gender Gender (Male=1) .449 .40 0 1 599

Age Age (in years) 51.293 17.003 16 94 593

AgeSquare Square of the age (in years) 2919.621 1805.891 256 8836 593

HousingRisk Living on the ground floor or in a house (=1) 0.605 0.489 0 1 593

Inform Looked for information about flood risk (=1) 0.14 0.347 0 1 593

PastExperience Already experienced a flood (=1) 0.521 0.5 0 1 593

NbrInfo Average number of information known about flood risk (continuous) 2.526 1.422 0 8 593

ProbaFlood Perceived likelihood of being flooded in the next 10 years (in %) 9.353 14.958 0 100 593

Impatience Preference for the present score (1-7 score) 2.974 2.756 0 7 568

LossLover Loss lover score (1-4 score) 1.56 0.86 1 4 593

Happy Declared subjective well-being (0-10 score) 6.772 2.043 0 10 593
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5.3 Results

5.3.1 Linear models not accounting for censored WTP

Conditional mean estimation by OLS

Results are reproduced in Tables 11 and 12. Standard errors are computed using Huber-

White sandwich estimators. Estimates are relatively similar between both scenarios. Over-

all, sociodemographic variables seem less important than variables characterizing prefer-

ences and psychological variables. Living in a house or at ground flood (HousingRisk)

does not seem to have an impact, which suggests that the objective risk of flood does

not influence WTP. Age is not significant, certainly because the scenario would a↵ect all

respondent’s household members, as suggested in Konishi and Adachi (2011). Income is

positively related to WTP which is standard in CV studies. The amount of information

(Inform) and having looked for information about flood risk when moving to the current

place of residence (NbrInfo) have a positive impact on WTP. Individual preferences and

psychological variables seem important: WTP is increasing with the subjective probabil-

ity of a future flood (ProbaFlood) and with subjective well-being (Happy), and decreasing

with the preference for the present (Impatience). A counterintuitive result is the negative

relationship between WTP and loss loving score (LossLover).

However, because residuals are both non-normally distributed (Jarque-Bera p-

value  0.0001 for both scenarios), and heteroscedastic (Breush-Pagan p-value  0.0001

for both scenarios), the estimates are ine�cient although the point estimates are una↵ected.

Conditional quantile estimation by QR

Figures 2 and 3 provide a representation of the estimates. For each variable, the horizontal

axis represents the conditional quantiles and the vertical axis represents the values of the

coe�cient. The blue dotted lines represent the QR estimates (along with the 95% CI in

light blue) and the OLS estimates are represented by red flat lines. We find a significant

heterogeneity along the conditional WTP distribution, which was obviously not accounted

for by the OLS model. For instance the marginal e↵ect on the conditional WTP of being

a loss lover (LossLover) increases along the conditional distribution, i.e. has a greater

impact at the top of the conditional distribution than at the bottom, whereas preferring

the present (Impatience) decreases along the conditional distribution.

We have to be careful when interpreting results from QR. Contrary to first intuition,

we don’t observe how the coe�cients vary along the (marginal) distribution, but how they

vary along the conditional distribution. Our estimates capture the marginal e↵ect of each

observed characteristics on the specific quantile of the WTP given these characteristics.

In other terms, we don’t account for an heterogeneity across the distribution of WTP but

across the distribution of the unobserved determinants of the WTP.
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The e↵ect of income on WTP is positive and significant in the middle of the conditional

distribution, but not on the lower and higher conditional quantiles. Intuitively, it means

that income has an impact for the respondents which have a WTP that is roughly well

predicted by their observed characteristics. The bottom of the conditional distribution

may represent a fraction of ”protest bidders” for which the stated WTP don’t correspond

to their real WTP, and thus cannot be predicted by their income. This hypothesis could

also explain why the marginal e↵ect of most of the variables are non significant at the

lowest conditional quantiles. The WTP of the observations at the top of the conditional

distribution seem also not to be a↵ected by the income. This could possibly come from

a hypothetical bias. The stated WTP of the respondents at the top of the conditional

distribution may be di↵erent from the one they would give I they really had to face the

implied income reduction. Besides, we observe a greater sensibility of WTP with respect

to individual preferences in the highest conditional quantiles. The respondents for which

the stated WTP is higher than the predicted WTP (based on observed characteristics)

put more weight in their preferences regarding time and risk in their decision than others.

The general ideas in these two interpretations is that there is heterogeneity among the

respondents which di↵er with respect to the unobserved determinant of the WTP (i.e. to

their rank in the conditional WTP distribution). It is di�cult to know what exactly is in

these unobserved components. One of the major determinant could be the attitude with

respect to the survey (being a protest bidders, being subject to hypothetical bias ...). These

characteristics of the respondents are often di�cult to observe. Thus QR can provide a way

to see how these aspects can a↵ect the relation between WTP and observed characteristics.

Variables OLS Tobit QR 25% QR 50% QR 75% CQR 25% CQR 50% CQR 75%

Intercept -108.835 -203.905 -62.155 -86.658 -25.752 -131.665 -135.577 -108.616

(p-values) (0.09) (0.017) (0.049) (0.06) (0.684) (0.092) (0.082) (0.198)

Income 0.016 0.017 0.007 0.014 0.013 0.013 0.013 0.013

(p-values) (0.033) (0.086) (0.204) (0.042) (0.205) (0.157) (0.155) (0.27)

Age 0.386 1.054 1.46 1.755 1.197 1.921 2.124 1.637

(p-values) (0.853) (0.706) (0.146) (0.196) (0.545) (0.408) (0.332) (0.522)

AgeSquare 0.004 -0.004 -0.013 -0.015 -0.009 -0.017 -0.02 -0.011

(p-values) (0.825) (0.869) (0.115) (0.24) (0.614) (0.437) (0.337) (0.632)

HousingRisk 23.068 22.708 -2.653 0.759 21.075 0.2 3.66 28.732

(p-values) (0.138) (0.264) (0.698) (0.948) (0.198) (0.991) (0.805) (0.161)

Inform 59.095 66.659 18.055 34.302 49.167 8.653 42.175 46.497

(p-values) (0.003) (0.009) (0.155) (0.085) (0.082) (0.705) (0.102) (0.167)

PastExperience -22.775 -54.557 -9.176 -12.878 -19.518 0.101 -20.913 -15.057

(p-values) (0.121) (0.005) (0.232) (0.254) (0.183) (0.995) (0.236) (0.391)

NbrInfo 15.58 18.321 4.808 7.642 9.345 4.958 8.353 13.496

(p-values) (0.002) (0.006) (0.12) (0.076) (0.212) (0.468) (0.273) (0.116)

ProbaFlood 2.23 2.912 0.838 1.553 2.6 1.208 1.545 2.974

(p-values) (0) (0) (0.032) (0.022) (0) (0.044) (0.04) (0)

Impatience -10.444 -19.797 -3.313 -8.622 -12.317 -6.274 -13.378 -13.403

(p-values) (0) (0) (0.002) (0) (0) (0.044) (0) (0)

LossLover 32.655 41.357 5.4 23.646 46.567 10.536 32.203 47.329

(p-values) (0) (0) (0.23) (0.026) (0.011) (0.293) (0.001) (0.008)

Happy 8.716 17.142 4.294 7.333 2.177 9.677 13.058 8.439

(p-values) (0.01) (0) (0.001) (0.001) (0.495) (0.064) (0.001) (0.105)

Table 11: Results, Insurance scenario
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Variables OLS Tobit QR 25% QR 50% QR 75% CQR 25% CQR 50% CQR 75%

Intercept -84.981 -175.511 -55.986 -75.544 -57.004 -153.204 -120.863 -107.236

(p-values) (0.201) (0.039) (0.125) (0.077) (0.338) (0.117) (0.059) (0.098)

Income 0.025 0.03 0.006 0.014 0.015 0.009 0.011 0.022

(p-values) (0.002) (0.002) (0.191) (0.037) (0.234) (0.214) (0.191) (0.084)

Age -0.232 1.06 1.171 1.931 2.831 2.425 1.367 2.128

(p-values) (0.915) (0.705) (0.265) (0.108) (0.143) (0.422) (0.497) (0.311)

AgeSquare 0.01 -0.007 -0.01 -0.017 -0.024 -0.024 -0.011 -0.017

(p-values) (0.636) (0.804) (0.231) (0.101) (0.167) (0.466) (0.558) (0.402)

HousingRisk 12.312 11.035 12.643 0.716 1.604 12.843 5.032 -4.5

(p-values) (0.443) (0.585) (0.088) (0.941) (0.894) (0.406) (0.703) (0.756)

Inform 86.468 79.41 19.27 28.078 97.283 18.984 33.31 83.217

(p-values) (0) (0.003) (0.124) (0.317) (0.128) (0.334) (0.22) (0.179)

PastExperience -32.357 -65.868 -26.408 -23.709 -23.623 -17.695 -44.21 -24.136

(p-values) (0.035) (0.001) (0.003) (0.024) (0.085) (0.293) (0.005) (0.095)

NbrInfo 14.174 15.398 4.919 9.585 4.78 9.283 15.316 8.282

(p-values) (0.007) (0.018) (0.097) (0.027) (0.295) (0.164) (0) (0.087)

ProbaFlood 2.36 3.017 0.567 1.26 3.2 0.602 1.541 3.346

(p-values) (0) (0) (0.206) (0.111) (0.002) (0.319) (0.101) (0.004)

Impatience -7.997 -13.509 -3.324 -6.431 -9.938 -4.798 -8.494 -10.64

(p-values) (0.002) (0) (0.001) (0) (0) (0.073) (0.001) (0)

LossLover 22.049 28.494 2.287 15.859 31.147 7.401 19.46 29.118

(p-values) (0.008) (0.006) (0.652) (0.05) (0.035) (0.444) (0.007) (0.041)

Happy 7.397 13.466 4.923 5.635 3.453 11.13 11.7 9.864

(p-values) (0.043) (0.005) (0.005) (0.04) (0.331) (0.015) (0.003) (0.037)

Table 12: Results, Collective Action scenario
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Figure 2: QR estimates, Insurance scenario

0.2 0.4 0.6 0.8

−0
.0
4

0.
00

0.
04

Income

0.2

o o
o o o o o o

o

0.2 0.4 0.6 0.8

−4
0

2
4

6

Age

0.3

o
o o

o o
o

o

o
o

0.2 0.4 0.6 0.8

−0
.0
6

0.
00

0.
04

AgeSquare

0.4

o
o o

o o
o

o
o o

0.2 0.4 0.6 0.8

−2
0

20
60

HousingRisk

0.5

o o o o
o

o
o

o
o

0.2 0.4 0.6 0.8

−5
0

50
15
0

Inform

0.6

o
o o

o o o
o

o

o

0.2 0.4 0.6 0.8

−8
0

−4
0

0

PastExperience

0.7

o o o o o
o o

o

o

0.2 0.4 0.6 0.8

0
10

20
30

NbrInfo

0.8

o

o o o
o o o

o o

0.2 0.4 0.6 0.8

0
1

2
3

4
5

6

ProbaFlood

0.9

o
o

o o o

o o o

o

0.2 0.4 0.6 0.8

−3
0

−2
0

−1
0

0

Impatience

0.1

o o
o

o
o o

o
o

o

0.2 0.4 0.6 0.8

0
40

80
12
0

LossLover

0.2

o o o o

o
o

o

o

o

0.2 0.4 0.6 0.8

−5
0

5
10

Happy

0.3

o
o o

o o
o

o o o

25



Figure 3: QR estimates, Collective action scenario

0.2 0.4 0.6 0.8

0.
00

0.
04

Income

0.2

o
o

o
o o

o o
o

o

0.2 0.4 0.6 0.8

−5
0

5

Age

0.3

o o
o o o

o o

o

o

0.2 0.4 0.6 0.8

−0
.0
5

0.
05

AgeSquare

0.4

o o
o o o

o o

o
o

0.2 0.4 0.6 0.8

−2
0

0
20

40

HousingRisk

0.5

o o o

o o o

o

o

o

0.2 0.4 0.6 0.8

0
10
0

30
0

Inform

0.6

o o o o o
o

o

o
o

0.2 0.4 0.6 0.8

−6
0

−2
0

0

PastExperience

0.7

o o

o o o
o o o o

0.2 0.4 0.6 0.8

0
5

15
25

NbrInfo

0.8

o

o
o

o
o

o o o

o

0.2 0.4 0.6 0.8

0
2

4
6

ProbaFlood

0.9

o
o

o
o o

o
o

o
o

0.2 0.4 0.6 0.8

−2
0

−1
0

0

Impatience

0.1

o
o o

o
o o

o

o

o

0.2 0.4 0.6 0.8

0
20

40
60

LossLover

0.2

o o o
o

o
o

o

o

o

0.2 0.4 0.6 0.8

−5
0

5
10

Happy

0.3

o

o o
o o

o

o

o o

26



As an evidence, the magnitude of the e↵ects of the variables related to time and loss

preferences (Impatience and LossLover) are increasing along the WTP distribution: the

WTP distribution conditional on having a lower preference for the present (resp. for

loss) has a smaller variance than the one conditional on having a higher preference for

the present (resp. for loss). This means that respondents with a high time (resp. loss)

preferences tend to have more heterogeneous WTP than respondents with low time (resp.

loss) preferences.

Income has a significant and positive impact for the middle of the distribution, but is

non significant elsewhere, as in Krishnamurthy and Kriström (2015). This di↵ers from the

findings of other CV studies using QR that found an increasing income e↵ect along the

distribution.

5.3.2 Models accounting for censored WTP

Tobit

Tables 11 and 12 give, in the Tobit column, the marginal e↵ects on the latent WTP.

These e↵ects have the same sign and have comparable significancy with respect to OLS

coe�cient, but the latter are biased towards zero compared to Tobit, as expected. The

only exception is the impact of having already experienced a flood (PastExperience) which

becomes significant in the Insurance scenario.

Censored Quantile Regression

Results are shown in Figures 4 and 5. We compute the coe�cients for all conditional

quantiles in the range 10%-90%.7 The blue dotted lines represent CQR estimates (along

with 95% CI in light blue) and red plain line the QR estimates. Even if di↵erences between

the two estimates are small, QR estimates tend to be biased towards zero compared to the

CQR estimates, particularly for Happy, NbrInfo, and LossLover. This result is consistent

with the findings in Monte Carlo simulations.

7 Unlike Krishnamurthy and Kriström (2015) we did not face computational issues when estimating the

conditional quantiles below 25%.
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Figure 4: CQR and QR estimates, Insurance scenario
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Figure 5: CQR and QR estimates, Collective action scenario
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5.3.3 Comparing WTP predictions across the specifications

We finally compare WTP predictions across the models (see Tables 13 and 14). The mean

is always larger than the median, obviously because WTP distributions are strongly skewed

to the right and have many null values.

By the OLS properties, the mean of the OLS predictions is equal to the sample mean.

The Tobit predictions are higher, which is consistent with the downward bias associated

with linear models. Because QR provides an estimate of the conditional median, it is intu-

itive that, as the WTP distribution is skewed to the right, the mean of the predictions is

lower than those obtained with the conditional mean models, but that the median predic-

tions are closer to the median sample WTP. It is worth noting that the QR model provides

more precise predictions than other models.

The CQR model seems to yield the least accurate predictions, with the largest mean

and standard deviation of predictions. However, the median of predictions and the fraction

of negative / null predictions are the closest to those observed in the sample.

Sample OLS Tobit QR CQR

Mean of predictions 100.48 100.48 107.72 75.88 124.17

Median of predictions 50.00 88.83 84.66 71.77 43.41

SD of predictions 143.29 87.34 88.09 61.75 251.03

% of null/negative predictions 30.82 8.49 0.00 8.49 42.45

Table 13: WTP predictions, Insurance scenario

Sample OLS Tobit QR CQR

Mean of predictions 93.46 93.46 104.34 67.41 120.42

Median of predictions 50.00 77.01 81.19 60.15 45.88

SD of predictions 145.54 88.35 85.32 53.78 258.89

% of null/negative predictions 28.07 7.74 0.00 7.42 39.35

Table 14: WTP predictions, Collective action scenario

6 Conclusion

In this paper, we did Monte Carlo simulations to compare the way four econometric models

can account for heterogeneity and censoring in CV surveys. We showed the usefulness of

(C)QR models with respect to standard models (OLS and Tobit) for analyzing CV data.

In the application on flood, although we find an interest in the use of QR model over

standard approaches that only estimate conditional means, findings are more divided on

the improvements from CQR estimates with respect to QR estimates.

Two important issues deserve future research.
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First, although the use of a circular payment card rules out elicitation-specific anchoring,

the respondent may have relied on his/her answer to the first scenario when answering the

second scenario. In this case, the WTP elicited in second position would not correspond

to the true WTP for this scenario. Consequently, future work may look for a joint analysis

of the WTP for both scenarios, by explicitly modeling anchoring e↵ects for instance.

Second, both (C)QR-based regressions showed that WTP are more sensitive to individ-

ual’s preferences (including income) than low WTP. This fact seems intuitive: people with

low incomes face a more restrictive budget constraint and their potential WTP choices are

limited whereas people with high incomes have access to a larger WTP choice, which allows

them to be more sensitive to preferences. The consequence is that, as stated for instance in

Smith and Richardson (2005), “those with the greatest wealth have the greatest ability to

pay and, consequently, their preferences would receive disproportionate, and socially unac-

ceptable, importance”. Isolating the e↵ect of wealth from the one of preferences would be

an important issue for the stated preference methodology.
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A Technical note

Computations are done with R and the quantreg (Koenker, 2015) and AER (Kleiber and

Zeileis, 2008) packages. The CQR estimation uses the BRCENS algorithm of Fitzenberger

(1994), which is based on the Barrodale-Roberts-Algorithm for standard QR.

Two standard criteria used in the Monte Carlo and QR literature to compare perfor-

mance of di↵erent models are the Mean Bias and the Root-Mean-Square Error (RMSE).

They both measure the magnitude of the deviations of the Monte Carlo estimates from the

true estimate (Paarsch 1984, Buchinsky and Hahn 1998, Chernozhukov et al. 2015).

The Mean Bias is defined as:

1

n

nX

i=1

(b̂i � bi)

and the RMSE is defined as: vuut 1

n

nX

i=1

 
b̂i � bi

bi

!2

where bi is the marginal e↵ect of xi on WTPi and b̂i is its estimation for the i

th of the n

Monte Carlo samples.

Note that this marginal e↵ect is not equal to � for QR and CQR when the quantile is

di↵erent from 0.5. For the homoscedastic case, it is equal to bi. For the heteroscedastic

case, it is equal to �+�i=1,2F
�1
u (⌧), with F

�1
u (⌧) = 0 if and only if ⌧ = 0.5 for a symmetric,

zero-centered distribution (as the standard normal).

Besides for symmetric (zero-centered) distributions and for conditional mean models, the

mean is equal to the median (and equals zero for zero-centered distributions) and b = �.
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B Hypothetical scenarios

A translation of the questions and the scenario presented to respondents and relevant to

this study is reproduced below. Sentences in italics are for the reader and were not read to

respondents.

Introduction by Interviewer

“You are going to be the main actor in our fictitious scenarios. You will have to take

the best decision regarding your housing. Only your opinion matters, there is no wrong

or right answer. Everybody is not fully aware of the way the flood insurance system

works, so we present it briefly. In France, every third-party liability insurance regarding

fire or damages include a mandatory contribution known as CatNat. To benefit from this

type of compensation in case of flood, the flood event should been declared a ’natural

catastrophe’ by joint ministerial decree and the goods (property and materials) should

be insured. The compensation will be done except a e380 deductible. Personal injuries

are not compensated by the CatNat system. They are compensated either by a personal

insurance, or by the central State if a civil servant (administrative or a elected) can be

held responsible for the occurrence of the flood event.”

Protective devices scenario (randomly proposed first to half of the sample)

“Let us imagine that the CatNat insurance still covers the flood-related events. Your

current insurance contract still covers all other types of events, and the amount of you

premium remains unchanged. Imagine that the Central State creates a Flood Management

Fund to finance protective devices against flood. Building dikes, water retention ponds or

improving rain water evacuation networks would reduce the height and speed of water and

would completely eliminate the risk of flood in your commune. These works would only be

realized if the involved population participate to the Flood Management Fund. We would

like to know how much you would be willing to pay at maximum per year to this Fund.”

Note to the interviewer: In case the respondent asks for details on the level of

protection, the cost of the protective devices or the way they would be funded, please give

the following answer:

“This survey is part of a research project that involves several communes. What we are

considering here is a fictitious situation, so that the exact way the protective devices would

be implemented is not yet decided. When answering, imagine however that everybody

covered by this protective devices should pay, like the household waste removal tax for
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instance.”

Insurance scenario (randomly proposed first to the other half of the sample)

“Let us imagine that the CatNat insurance no longer covers the flood-related events.

Your current insurance contract still covers all other types of events, and the amount

of you premium remains unchanged. Imagine that the Central State creates a Flood

Management Fund that is now the only flood-related damage compensation system. It

allows you to be compensated in case of personal, property or material damages. You

can freely choose to contribute or not to this Flood Management Fund, but if you do not

contribute, you will not be compensated in case of flood-related damages. We would like

to know how much you would be willing to pay at maximum per year to this Fund.”

Note to the interviewer: In case the respondent asks for details on the way the

insurance would be implemented, please give the following answer (depending on the

question):

a)“This survey presents a fictitious situation that assumes that the insurance premium

would remain unchanged despite the fact that it no longer covers flood-related damages.

Two reasons may explain this. First, it still covers all the other risks, including other

natural hazard risks, that represent 95% of the compensation paid. Second, the CatNat

system currently su↵ers from financial imbalance, because of the increase in natural hazard

related risks, so that the Central State had to financially contribute as high as 50% to the

premiums paid during the past years (Centre Européen de Prévention du Risque Inonda-

tion, 2013).”

b) “This survey presents a fictitious situation that assumes that the insurance premium

would remain unchanged in case of flood. This implies that the compensation will be done

except a e380 deductible, that an obsolescence coe�cient is applicable, that the housing

will be rebuild as original and that personal injuries would be compensated with the same

rules as for personal insurance policies.”

Note to the interviewer: Repeat the following after each scenario

“We remind you that you have previously declared that the probability of being flooded

during the coming year is ....” (remind the previous answer to question L16-1).

WTP Question 1. “Would you accept to contribute to the Flood Management Fund to
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finance protective devices against flood / to be fully compensated in case of flood ?”

(depending on the scenario).

Note to the interviewer:

In case the answer to question WTP Question 1 is “No”, then ask the reasons.

In case the answer to WTP Question 1 is “Yes”, then ask the following:

WTP Question 2. “How much would you be willing to pay at maximum per year? In

order to help you, please find a card with several amounts.”

Note to the interviewer: [Present the circular payment card] (see Figure 1).

“Do not forget that this money will be drawn from your household’s budget! You will

therefore have less money at the end of the month for consumption or savings.”
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