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Abstract

The most popular survey method used in contingent valuations asks “open-

ended” dichotomous choice questions. This method generates grouped or

interval-censored data on respondents’ willingness to pay. This paper specifies

the willingness to pay distribution using the proportional hazard specification

in duration analysis. This semiparametric distribution, on the one hand, con-

trols for the effects of observed personal characteristics, and on the other, allows

the shape of the distribution to be unspecified. To estimate the willingness to

pay distribution from grouped data, we propose both a maximum likelihood

estimation method and a minimum Chi-square method. The latter procedure

applies to “many observations per cell” cases where the observable covariates

are either categorical or amendable to sensible grouping. Specification tests for

the proportionality assumption are proposed. The statistical inference proce-

dures are illustrated using the data set from the San Joaquin Valley contingent

valuation survey.

Key Words: Contingent Valuation, Willingness to Pay, Semiparametric

Estimation, Minimum Chi-Square.
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1 Introduction

One important task both in environmental economics and in public economics is to

assess the value of some non-market good. The central concept has been consumers’

willingness to pay. To estimate the willingness to pay distribution, researchers often

use data from contingent valuation surveys. 2 While heated debate over the validity of

the contingent valuation surveys continues, it is generally agreed that — if a contin-

gent valuation survey is conducted — “close-ended,” dichotomous choice type of ques-

tions are preferred to “open-ended” dollar amount questions. From the perspective

of the analyst, dichotomous choice questions generate grouped or interval-censored

measurements of respondents’ willingness to pay.

To estimate the willingness to pay distribution with such grouped data, researchers

so far have used either parametric or nonparametric approaches. 3 The parametric ap-

proach specifies a distribution function for the willingness to pay, possibly conditional

on a vector of covariates, with only a finite number of unknown parameters. The sta-

tistical inference follows a standard ordered discrete choice framework for which the

maximum likelihood procedure is now routine and included in many computing pack-

ages. The nonparametric approach can be applied either using Ayer et al’s (1955)

pooling adjacent violators algorithm or Turnbull’s (1974) self-consistent algorithm.

Recently, An and Ayala (1996) recognize that there is a data grouping mechanism

found in some contingent valuation surveys to which Turnbull’s method does not

apply. They refer to these cases as distinct bids and mixed bids, where across-

interval-censored observations are encountered. An and Ayala present a generalized

self-consistent algorithm that estimates the distribution function for across-interval-

censored data.

2For a comprehensive review of the contingent valuation method see Cummings et al (1986) and

Mitchell and Carson (1989). For a critical view of the method see Hausman (1993) and McFadden

(1994). For an assessment of the NOAA Panel Guidelines see Carson et al (1996).
3Huang et al (1995) use Monte Carlo simulations to evaluate and compare the properties of the

parametric and nonparametric estimators of the mean willingness to pay with binary choice data.
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Neither the parametric nor the nonparametric extremes are considered fully sat-

isfactory. The former is susceptible to severe specification error. The latter does not

allow the analyst to accommodate observed covariates, an important ingredient in

economic analysis. To cope with these problems, a semiparametric framework seems

to be most appropriate. At first glance, this lack of activity seems odd given the

fact that during the last two decades, many semiparametric estimation procedures

for discrete choices have been developed in the econometrics literature. 4 These meth-

ods have not been embraced by contingent valuation researchers for at least three

reasons. First, these methods are often designed for the estimation of the parameters

representing the effect of covariates. The underlying distribution of the dependent

variables is treated only as a nuisance part of the model. Second, with the exception

of Han (1987), all these methods discuss simple threshold binary choices. Ordered

multiple discrete choice models, which are the most relevant to contingent valuation

studies, have not been substantial. Third, for general discrete choice models the ex-

act distribution of the underlying distribution is identifiable only up to a scale factor.

Contingent valuation surveys provide key information to identify the scale.

This paper considers a semiparametric estimation of the willingness to pay distri-

bution with grouped data from dichotomous choice surveys. One of the contributions

of this paper is that, by exploiting the similarity between the willingness to pay dis-

tribution and the statistical models for survival times, we propose to represent the

willingness to pay distribution using the semiparametric proportional hazard spec-

ification. This specification, on the one hand, controls for the effects of observed

heterogeneity, and on the other, allows the shape of the distribution to remain un-

specified.

For statistical inference of the semiparametric willingness to pay distribution from

4These include the maximum score estimator of Manski (1975) and Horowitz (1992), the distribu-

tion free maximum likelihood estimator of Cosslett (1983), the maximum rank correlation estimator

of Han (1987), the semiparametric least square estimator of Ichimura (1993), the sieve estimator of

Klein and Spady (1993), and the iterative least squares estimator of Wang and Zhou (1995).
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grouped data, we discuss both a maximum likelihood estimation procedure and a min-

imum Chi-square procedure. Both procedures identify and consistently estimate the

same set of parameters.

The minimum Chi-square estimation procedure consists of two easy steps. In the

first, one adopts some nonparametric method to consistently estimate the cell-specific

survivor functions. In the second, one constructs some nonlinear transformations of

the survivor function which are linear in the parameters. The model can then be

estimated by performing generalized least squares to the system of seemingly uncor-

related equations.

A similar minimum Chi-square procedure has been applied to other areas such as

the binary choice model (Berkson, 1953, Zellner and Lee, 1965) and duration analysis

(Ryu, 1994, An 1996). In those two areas, data groupings are simple and the estima-

tion of the cell-specific survivor function required in the first step is straightforward.

In some contingent valuation surveys, the data grouping mechanism complicates the

first step. The second contribution of the paper is to integrate into the minimum Chi-

square procedure the available nonparametric methods of estimating the cell-specific

functions with grouped data.

Just as in any other application of the minimum Chi-square procedure, the main

restriction of the procedure is that it applies only to a “many observations per cell”

situation in which all explanatory variables are either categorical or amendable to

sensible grouping. This is a strong restriction in principle but not as severe in prac-

tice, since in many cases categorical or grouped explanatory variables are the only

information in the data.

The rest of the paper is organized as follows. Section 2 begins with a brief defi-

nition of willingness to pay. This is followed by the introduction of the proportional

hazard specification for the willingness to pay distribution. The date grouping mech-

anism encountered in contingent valuation surveys is then discussed. In section 3
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we discuss the maximum likelihood estimation procedure. Identification issues are

addressed with the help of the sample likelihood function. Section 4 describes the

minimum Chi-square procedure. The minimum Chi-square inference proposed in this

paper depends crucially on ways to consistently estimate the cell-specific survivor

function. This is done in this paper by applying An and Ayala’s (1996) generalized

self-consistent algorithm. Section 5 investigates three important issues: specification

tests for the proportional hazard assumption, estimation of mean willingness to pay

and estimation of marginal effects. In section 6 both the maximum likelihood esti-

mation procedure and the minimum Chi-square procedure are illustrated using data

from a contingent valuation study conducted by Hanemann et al (1991). Section 7

concludes with a summary of the main points of the paper.

2 Willingness to Pay

2.1 Definition of willingness to Pay

A respondent’s willingness to pay is defined as the dollar amount, Y , which equalizes

the two indirect utilities with and without the provision of the non-market good in

question,

V1(I − Y |Z, ε) = V 0(I |Z, ε),

where I is the disposable income of the respondent; Z a vector of observed social

demographic characteristics of the respondent; and ε a scalar variable representing

uncontrolled personal characteristics. V 1 : R+ 7→ R and V 0 : R+ 7→ R are, respec-

tively, the respondent’s indirect utility with or without the provision of the public

good. Assume that for any fixed (Z, ε), V 1(x|Z, ε) is monotonic increasing in the em-

pirically relevant range. Then there exists an inverse function U(x;Z, ε) : R 7→ R +

such that,

U(V1(x|Z, ε);Z, ε) = x, x ≥ 0.

Using this notation, the willingness to pay can be expressed as,

Y = I − U(V 0(I |Z, ε);Z, ε) = φ(I, Z, ε). (1)
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The above definition of the willingness to pay has four important implications.

(a) Since ε is unobserved, Y = φ(I, Z.ε) is a random variable whose distribution,

conditional on the observable (I,Z), is determined by the distribution of the

unobservable ε. 5

(b) Related to (a), a tightly specified economic theory might result in functional

forms for V 1 and V0, and hence also a functional form for φ. But the distribu-

tion of ε has to come from outside economic theory. Therefore no theory can

generate the complete parametric form for the distribution of Y . This is one

of the reasons why semiparametric willingness to pay distribution seems most

appropriate.

(c) By definition, V 1(x|Z, ε) ≥ V 0(x|Z, ε) for any fixed (Z, ε) and for all x ≥ 0. It

then follows that support of the distribution of Y is the interval [0, I ] ⊂ R +.

(d) Related to (c), while it is important to control for the effect of the observable

(I, Z), I in general should be treated differently from Z since I also defines the

support of the distribution of Y .

2.2 A Semiparametric Model

The above discussion demonstrates that the willingness to pay distribution shares

many features with the duration variables in survival analysis. The distribution of

a duration variable is often specified in terms of its hazard function in lieu of its

density function. While the term “hazard” has a strong connotation of duration or

survival, from the modeling point of view there is nothing at all special about the

hazard function approach. The hazard function and the density function are one-

to-one. In this paper we adopt the following proportional hazard specification for

5Here we assume random sampling in the sense that (I, Z) is weakly exogenously observed.

This assumption is usually satisfied in practice. Otherwise, one is obligated to model the joint

distribution of (Y, I, Z) instead of the conditional distribution Y given (I, Z) to construct the valid

sample likelihood function for the model.
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the willingness to pay distribution. Under this specification, the hazard function

conditional on X = (I, Z) is

h(y|X) ≡ −
d

dy
log(S(y|X) = h 0(y)e

β ′X1y∈[0,I ] . (2)

To allow the semi-parametric structure of the model, the baseline hazard h 0(y)

will be left unspecified. In particular, this specification allows for asymmetry and

multi-modality, probably two of the most important stylized facts found by empirical

researchers. 6 The corresponding survivor function is

S(y|X) = exp
{
−eβ

′XH(y)
}
, y ≥ 0, (3)

where H(y) =
∫ y
0 h0(s)ds is called the integrated baseline hazard. Following point

(c) the willingness to pay distribution is non-defective in the sense that S(I |X) = 0

for all X . A necessary and sufficient condition for this is lim y→I H(y) = ∞. We will

therefore maintain this implicit assumption in the sequel.

2.3 The Data Grouping Mechanism

One of the most frequently used elicitation methods in contingent valuation studies

is the so called double-bounded dichotomous choice question. In this setting, each

respondent answers a sequence of two questions as to whether he or she would be

willing to pay some specified amounts of money to obtain the non-market good. The

dollar amount used in the first question is called the original bid, denoted by B o.

The dollar amount used in the second question depends on the response given to

the first question. It is a higher amount, B h, if the answer to the first question is

affirmative; and a lower amount, B l, if the answer is negative. The answers to these

two questions reveal that the respondent’s willingness to pay falls into one of the four

intervals [0, B l), [B l, B o), [B o, Bh), and [B h, I ], which constitute a partition of the

6An and Ayala (1995) demonstrate that a parametric mixture model not only fits the data better

but also leads to more sensible estimates for the welfare measure, relative to a unimodal, single

regime distribution.
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distribution support [0, I ]. Therefore from a random sample of N respondents, the

data information available to the analyst is for each respondent n,

{Xn, B
l
n, B

o
n, B

h
n , dn} (4)

where Xn = (In, Zn) is a vector of covariates (such as income, education level, race,

gender, religion, location group, etc.); d n ∈ {1, 2, 3, 4} is the respondent’s answer

representing “no-no,” “no-yes,” “yes-no,” and “yes-yes” respectively.

In principle there are many ways to generate the bids (B l
n, B

o
n, B

h
n) to be used

in surveys. A common practice is to pre-specify a small number (K) of versions

of the questionnaires. Each version differs by the dollar amount of each bid and

is randomly assigned to the respondents. Let b 1 < b2 < ... < b T be the ordered

permutation of all the distinct bid amounts from the questionnaire. Define b 0 = 0,

bT+1 = ∞.7 Then, an answer to the double-bounded dichotomous choice question

will reveal that the respondent’s willingness to pay falls into an interval Y n ∈ [bj, bk)

for some j < k. In the language of An and Ayala (1996), interval [b 0, bj) corresponds

to left censoring; [b j, bT+1), to right censoring; [b j , bj+1), to interval censoring; and

[bj , bk) for k > j + 1, to across-interval censoring. All those cases are possible from

double-bounded dichotomous choice data.

3 Maximum Likelihood Estimation

3.1 Sample Likelihood

To facilitate discussion, more notation is needed. For each individual n, define (T +

1)(T + 2)/2 binary indicators of the form,

γnij = 1yn∈[bi,bj), 0 ≤ i < j ≤ T + 1, (5)

7In fact we should write b T+1 = I following the earlier discussion. In practice, b T << In, for all

n. Later on we will show that the tail of willingness to pay distribution beyond b T is unidentified.

Therefore the two treatments make no difference in terms of the statistical inference of the identifiable

part of the model.
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with γn,0,T+1 fixed at 0. For each n, one and only one γ nij is one and the rest are zero.

Let γij =
∑N
n=1 γnij , the grouped data of individuals’ willingness to pay can then be

read from the following matrix of sufficient statistics,



γ01 γ02 γ03 ... γ0T 0

- γ12 γ13 ... γ1T γ1,T+1

...
...

...
...

...

- - - ... γT−1,T γ1,T+1

- - - ... - γT,T+1


. (6)

In terms of the γ’s, the sample log likelihood is

N∑
n=1

T∑
1=0

T+1∑
j=I+1

γnij log (S(b i|Xn)− S(b j |Xn)) , (7)

where S(y|X) is defined in (3).

3.2 Identification

We will now demonstrate that data grouping essentially puts an upper bound on the

flexibility of the continuous distribution. The log likelihood function (7) depends only

on T points of the survivor function, S(b j |Xn) for 1 ≤ j ≤ T . It is independent of any

intermediate value. By the proportional hazard assumption, the maximum flexible

functional form would be to define T extra parameters δ j = H(b j) for 1 ≤ j ≤ T , so

that the sample log likelihood function can be written as

l(β, δ 1, · · · , δT ) =
N∑
n=1

T∑
I=0

T+1∑
j=I+1

γnij log
(
exp{−e β

′Xnδi} − exp{−e β
′Xnδj}

)
. (8)

In other words, the maximum flexible semiparametric structure which can be identi-

fied with grouped data takes a parametric form.

For proportional hazard duration models, Cox’s (1972) maximum partial likeli-

hood estimator provides consistent and asymptotically normal estimates for β with-

out specification of the nuisance baseline hazard h 0(y). However, Cox’s procedure
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requires formally continuous data. Available tie-breaking approximations (e.g. Cox

and Oakes, 1984) achieve reasonable precision only if ties are rare. With grouped

data there seems no way to avoid the estimation of the baseline hazard. One way to

achieve consistency in estimating β and to accommodate maximum flexibility of the

baseline hazard is to specify it in a piece-wise constant form, 8

h0(y) =
T∑
j=1

cj1(bj−1≤y<bj ). (9)

In this setting, (c 1, c2, .., cT ) together with β are jointly estimated with maximum

likelihood estimation (Kiefer, 1988). There, too, the data grouping causes the model

to be intrinsically finite-dimensional. It is easy to see that the T number of c’s in (9)

and the T number of δ’s in (8) are exactly one-to-one. In fact,

δj =
j∑

I=1

cj(bj − bj−1), 1 ≤ j ≤ T.

Notice also that while the assumption (9) is a special assumption on the baseline haz-

ard (2) that defines δ j ’s, assessment of the mean value of the willingness to pay and

other welfare measures calls for some interpolation of the integrated hazard function.

Assumption (9) might as well be the natural choice (See Figure 1 and more detailed

discussion in Section 5.2).

Maximum likelihood estimator θ̂ of θ = (β ′, δ1, ·, δT )′ is defined as the one that

maximizes (8) subject to 0 ≤ δ 1 ≤ δj ≤ δT . For this hill climbing algorithms are read-

ily available. Statistical inference can be conducted using the first-order asymptotic

normality result which states that the θ̂ is asymptotically normal with mean θ and a

variance-covariance matrix Σ which can be consistently estimated by

Σ̂ =

[
∂l2(θ̂)

∂θ

∂l2(θ̂)

∂θ ′

]−1

at low cost.

8See Lancaster, 1990.
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4 Minimum Chi-Square Procedure

In this section we propose an alternative estimation procedure applied to “many-

observations-per-cell” data in which the observed covariates are either categorical or

amendable to sensible grouping. The maintained hypothesis in this section is that

there is a set of pre-specified vector values W = {w 1, w2, ..., wM} such that X n ∈ W

for all n. The whole sample is therefore divided into M cells. The observations within

each cell share the same X vector. Let N m be the size of cell w m . That is,

Nm =
∑
n

1(Xn=wm). (10)

For all 0 ≤ j < k ≤ T + 1 and 1 ≤ m ≤ M , let

γmjk =
N∑
n=1

1bj<Yn≤bk1Xn=wm , (11)

be the number of observations whose willingness to pay Y n falls in the interval (b j , bk]

and whose covariates are w m . Then, it is clear that

{bj, γ
m
jk , w

m} m = 1, 2, ...,M, 0 ≤ j < k ≤ T + 1 (12)

constitute the sample sufficient statistics.

Exploiting the fact that the willingness to pay Y is grouped and the covariates X

are categorical, define

Smj = S(b j |w
m) = exp{−e β

′wmδj}, (13)

to ease exposition.

4.1 The Estimator

The key step in developing the minimum Chi-square estimator is to find a transfor-

mation of the cell probabilities which is linear in the parameters of interest. In the
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current context, consider a typical respondent in cell m. The conditional probability

that Y > b j given that Y > b j−1 is

Smj /S
m
j−1 = exp

{
−eβ

′wm(δj − δj−1)
}
.

That is,

log[− log(S m
j /S

m
j−1)] = β ′wm + λj j = 1, 2, ...T (14)

where λ j = log(δ j − δj−1).

Given
√
N -consistent estimators Ŝmj of Smj ,9 define α̂m

j = Ŝmj /Ŝ
m
j−1 as the estimator

for αmj = Smj /S
m
j−1 . For all j = 1, 2, ..., T and all m = 1, 2, ..,M , rewrite (14) as

log[− log(α̂m
j )] = β ′wm + λj + vmj , j = 1, 2, ..., T (15)

where vmj = log[− log(α̂ m
j )] − log[− log(α m

j )]. Taking the Taylor series expansion of

log[− log(α̂m
j )] around αm

j , we get

vmj =
α̂mj − α

m
j

αmj log(αmj )
+ o

(
|α̂mj − α

m
j |
)
. (16)

For large N (therefore large N m), the term o(·) can be ignored. Hence the variance

of vmj , conditional on N m , can be approximated by the variance of the first term on

the right-hand side of (16). Therefore,

V m
j = V [vmj |N

m] ≈
V [α̂mj ]

[αmj log(αmj )]2
. (17)

In matrix form, we can express the system of equations (15) as



y1

y2

...

yT


=


W 1 0 · · · 0

W 0 1 · · · 0

· · · · · · · · · · · · · · ·

W 0 0 · · · 1





β

λ1

λ2

...

λT


+



v1

v2

...

vT


, (18)

9We will investigate various ways to estimate S m
j under different data settings in Section 4.3.
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or more concisely,

Ỹ = Xµ + Ṽ. (19)

It can be easily shown that Ω = V ar[ Ṽ] has a simple heteroskedasticity structure

asymptotically and can be consistently estimated. The minimum chi-square estimator

of µ = (β ′, λ1, ...λT )′ is defined as the Aitken generalized least squares estimator. From

(19),

µ̂ =
(
X′Ω̂−1X

)−1
X′Ω̂−1Y. (20)

It is well known that the minimum Chi-square estimator has the same first-order

asymptotic distributions as the maximum likelihood estimator, provided that the

group size N m goes to infinity as the sample size increases. The proof for the consis-

tency and asymptotic normality of the minimum Chi-square estimator is now stan-

dard. See, for example, Amemiya (1980, 1985) for a general treatment and Ryu

(1994) for the application to univariate proportional hazard duration models.

The asymptotic variance-covariance matrix Σ 1 of the minimum Chi-square esti-

mator can be easily estimated as,

Σ̂1 =
(
X′Ω̂−1X

)−1
. (21)

4.2 A Simple Heteroskedasticity Robust Procedure

The minimum Chi-square estimator defined earlier is in principle very easy to com-

pute. The most complicated aspect is the weight adjustment in the weighted least

square step. To explore the seemingly uncorrelated structure, one can simplify the

whole procedure by carrying out an ordinary least square (OLS) in the second step,

µ̃ = (X ′X)
−1

X′Y. (22)

The efficiency loss using µ̃ in the current framework can be assessed using Monte

Carlo experiments. 10 Of course, one needs to correct the estimation using the

10We leave this assessment for future research and only report our experience with the particular

empirical application in section 6.
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heteroskedasticity-robust variance-covariance estimator of White (1980),

Σo = V [µ̃] = (X ′X)−1(X′ΩX)(X ′X)−1 .

To estimate Σ o, one uses the squared OLS residues to estimate the diagonal matrix

Ω.

4.3 Estimation of Cell-Specific Survivor Functions

From the previous discussion the minimum Chi-square estimation of the semipara-

metric survivor function (3) requires a consistent estimation of S m
j and its sampling

variance for all j and m. We now review various methods available for different data

settings.

By assumption the covariates X are weakly exogenous to the model of willingness

to pay. Each cell m consists of a homogeneous sub-population. This implies that the

estimation of S m
j is separable across cells. In what follows we suppress the notation

for the cell indicator with the understanding that we will follow the same procedure

for each cell.

When single-bounded dichotomous choice questions are used in a CV survey, each

observation is either left- or right-censored. The “pooling adjacent violators” algo-

rithm of Ayer et al (1955) can be applied.

When data consist of only interval- and right-censored observations — a situation

not applicable to CV surveys — the Kaplan-Meier product limit estimator can be

applied to consistently estimate the survivor function.

When double-bounded dichotomous choice questions with overlapping bids are

used in a CV survey, 11 each observation is either right-, interval-, or left-censored.

11See An and Ayala (1996) for a detailed discussion of the two types of data grouping mechanisms

that can be encountered when using double-bounded dichotomous choice questions: overlapping bids

and distinct bids.
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For this case, Turnbull (1974) introduced the self-consistent algorithm. The basic

logic of Turnbull’s algorithm is to use the current trial estimates of the survivor func-

tion to reallocate the left-censored spells and then apply the Kaplan-Meier estimator

to the adjusted data to derive the new trial estimates of the survivor function. This

iterative algorithm converges quickly to a solution which is equivalent to the non-

parametric maximum likelihood estimates for the survivor function.

When double-bounded dichotomous choice questions with distinct or mixed bids

are used in a CV survey, each observation is either right-, interval-, left- or across-

interval-censored. For this case, the generalized self-consistent algorithm proposed by

An and Ayala (1996) can be used.

Because the distinct bids double-bounded dichotomous choice questions are the

most popular survey methods by far, and because the An and Ayala algorithm ap-

plies to all other special cases just mentioned, we now concentrate on a description

of it. The generalized self consistent algorithm maintains the same reallocation idea

introduced by Turnbull.

The iterative procedure goes as follows. Start with data information as in (6).

Given a set of starting values {S 0
j , 1 ≤ j ≤ T} that satisfies the restriction 1 = S 0

0 >

S0
1 > S 0

2 > ... > S 0
T > 0,

1) Calculate

δj =
j−1∑
I=0

T∑
k=j

γik
S0
j−1 − S

0
j

S0
i − S

0
k

, 1 ≤ j ≤ T, (23)

which uses the estimated conditional probabilities as weights to reallocate all

the across-interval and left-censored observations into an adjusted number of

interval-censored observations.

2) Calculate 
 S1

1 = 1 −
δ′1
n1

S1
j =

[
1− δj

nj

]
S1
j−1, j = 2, 3, ..., T,

(24)
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where n j =
∑T
k=j(γk,T+1 + δk). Equation (24) would be the Kaplan-Meier esti-

mator if the data consisted of interval- and right-censored observations.

3) Return to step 1 and replace {S 0
j , 1 ≤ j ≤ T} with {S 1

j , 1 ≤ j ≤ T}, etc.

4) Stop when the required accuracy has been achieved.

An and Ayala show that the solution of this algorithm is exactly the solution to

the distribution free log-likelihood function subject to the monotonicity constraint.

Hence, it is
√
N consistent, where N is the sample size.

5 Other Issues

Estimation of the semiparametric willingness to pay distribution is of course only the

first step. This section deals with some related issues.

5.1 Testing the Proportional Hazard Specification

Even though the specification (2) achieves maximum flexibility within the propor-

tional hazard framework, the proportionality is itself an assumption which should be

tested. 12

Many procedures have been proposed to test the proportionality assumption in

duration analysis. The test statistics are often derived using generalized residues.

This requires observation of actual values of the dependent variables. In the current

context where every observation of the willingness to pay is grouped, these general-

ized residues cannot be calculated. One of the tests, proposed by Ryu (1994), seems

most appropriate.

12In duration analysis, the proportional hazard model (PH) specification has been criticized for

lack of justification. An (1995) provides sufficient and necessary conditions for the PH specification

in a controlled jump process framework.
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Ryu proposes to estimate the model with artificial further aggregation of the

already grouped data. Let the original estimator for β be β̂ and the new estimator be

β̃. Ryu’s test exploits the fact that under the null hypothesis that the proportionality

is correct, both estimators will be consistent. That is, if proportionality holds, both

β̃ and β̂ will converge to the same β. Otherwise they will converge to different

quantities. The test statistic is then based on the distance of the two estimates,

R = (β̃ − β̂)′[V (β̃ − β̂)]−1(β̃ − β̂). (25)

This is a little different from a Hausman test since the two estimators do not nec-

essarily satisfy an informational nesting relation which was the key for a Hausman

test. When the original “finer” data are used in the estimation, we are estimating

possibly more points of the baseline hazard function. This will not necessarily make

β̂ more efficient than β̃. So the estimation of the variance of the difference between

the two estimators is a little involved. Ryu (1994) proposes a way to facilitate this

calculation.

In the current setting, a natural further integration is for each respondent n,

combine d n = 2 and dn = 3 so that the distribution support [0, I n] will be partitioned

into three intervals [0, B l
n), [B l

n, B
h
n), and [B h

n, In], instead of the four-interval partition

described in Section 2.

5.2 Estimating Mean Willingness to Pay

One of the purposes of estimating the willingness to pay distribution is to assess the

welfare measure of the proposed good in question. Two of the most popular measures

are the mean willingness to pay, µ(X) ≡ E[Y |X ], and the median willingness to

pay, m(X) ≡ inf{y : S(y|X) = 0.5}, both of which are conditional on the observed

covariates X . Under the proportional hazard specification and with the notation

ψ = exp{β ′X}, we have

µ(X) =
∫ ∞

0
S(y|X) dy =

∫ I

0
e−ψH(y)dy, (26)
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and m(X) = H −1(ψ log 2), where H −1 is the inverse function of H .

From the discussion in section 3.2, without parametrization of the base line hazard

h0(y), grouped data from contingent valuation surveys identify at most T number of

points of the integrated baseline hazard H(y). Therefore the survivor function of

the willingness to pay can be identified at at most T discrete points. To estimate

the conditional mean and the conditional median defined above, some interpolation

procedure has to be adopted. Three alternatives are available.

(a) One alternative advocated by contingent valuation researchers is the so called

conservative estimation which puts all the point mass S j − Sj−1 on the left end

bj−1 of the corresponding interval (Figure 2). In this case,

µ(X) =
T+1∑
j=1

e−ψδj (bj − bj−1) =
T∑
j=1

e−ψδj (bj − bj−1). (27)

(b) The second alternative is to take the linear interpolation of the survivor S(y|X).

In this case

µ(X) =
1

2

T+1∑
j=1

[e−ψδj + e−ψδj−1 ](bj − bj−1). (28)

Under the current setting, it is probably natural to adopt the linear interpolation of

the integrated baseline hazard function. In this case, it can be shown that,

µ(X) =
T∑
j=1

eψδj−1

[
1 − e−ψ(δj−δj−1)

] bj − bj−1

ψ(δj − δj−1)
. (29)

5.3 Interpreting β and Estimating Marginal Effects

One of the main advantages of the semiparametric specification over its nonparametric

counterpart is that with the former one can estimate the marginal effect of the social

and economic variables on the (mean) willingness to pay. Under the proportional

hazard specification (2),

β =
∂

∂X
log h(y|X),
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are the marginal effects of the covariates on the logarithm of the hazard function.

More direct quantities in the willingness to pay context are the marginal effects of

the covariates on the conditional mean willingness to pay,

κ =
∂

∂X
µ(X) = −βψ

∫ I

0
e−ψH(y)H(y)dy

which can be estimated by choosing one of the three interpolating methods as dis-

cussed earlier.

6 An Empirical Example

To illustrate the statistical inference procedures proposed in the previous sections,

we use data from a contingent valuation study conducted by Hanemann et al (1991)

to elicit the WTP for protecting wetland habitats and wildlife in California’s San

Joaquin Valley.

6.1 The Data

Hanemann et al evaluate five different environmental programs in their survey. We

focus on the respondents’ responses to a wetlands and wildlife improvement program.

This survey was conducted via a combination of mail and telephone media. Respon-

dents were chosen based on random digit sampling and were asked whether they were

willing to participate in a survey. If they agreed, a mail questionnaire was sent and a

certain time was arranged for the interviewer to call the household. The survey used

a double-bounded dichotomous choice format. The sets of bids used in this study are:

(25, 55, 110), (30, 65, 125), (40, 75, 125), (40, 80, 125), (65, 125, 170), (75, 140, 250),

(80, 170, 250), (125, 210, 375) and (125, 250, 375). These 9 versions of the question-

naires involve T = 14 distinct bids. The interview process was conducted in May 1989

in three geographical areas: (1) the San Joaquin Valley, (2) the rest of the state of

California, and (3) the states of Oregon, Washington and Nevada as representatives

of the “out-of-state” population. Of the 1960 households originally contacted, 1239

(63.1%) agreed to participate. From these, 1004 completed interviews were collected.
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In this empirical application we use the 576 interviews from the rest of the California

sample. After deleting those with no information on income and those who answered

“don’t know” to the original bid, only 532 observations are used.

In addition to the willingness to pay questions, the data set also records respon-

dents’ personal characteristics. Among the covariates, residence in California and

age are measured in years; sex, race and membership of an environmental organiza-

tion are categorical; education level, labor supply and annual income are measured

in groups. Table 1 reports the sample summary statistics. Table 2 reports for the

whole 532 observation the across-interval-censoring count of the willingness to pay

corresponding to the data information matrix (6).

6.2 Results

In order to carry out the minimum Chi-square estimation we have further collapsed

the 8 income groups into high income and low income, and reclassified the 8 edu-

cation levels into with or without education beyond a high school degree. We have

divided the whole sample into 8 cells according to sex (female, male), income (low,

high) and education (low, high) groupings. For example, a respondent in Cell 1 is a

female with low income and without higher education. A respondent in Cell 8 is a

male with high income and with higher education. Nonparametric estimations of the

survivor functions for the whole sample and for each cell using An-Ayala algorithm

are reported in Table 3. Pulling in the sense of Ayer et al is common. Notice that for

Cells 3 and 7 there are not enough observations to obtain estimates for the survivor

probabilities. For the linear regression step in the minimum Chi-square estimation,

these two cells will not be used.

Table 4 reports the maximum likelihood estimates for θ = (β ′, λ1, ..., λT )′. To start

our empirical investigation, we first estimated a parametric model using Weibull dis-

tribution. Weibull family is a special case of the proportional hazard models with

the baseline hazard h 0(y) = ηy η−1 . A Weibull distribution has a monotone hazard
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function whose shape is determined by the parameter η. When η = 1 the Weibull

further specializes into an exponential distribution whose hazard is independent of y.

The estimated shape parameter, η̂ = 1.0476 is not significantly different from unity,

suggesting constant hazard (Panel I).

Panel II in Table 4 reports the parameter estimates using the proportional hazard

model specification. Since the proportional hazard specification nests the Weibull

model, a likelihood ratio test can be conducted. Such a test reveal that the Weibull

specification can not be rejected within the more general proportional hazard speci-

fication for the current data set.

Panel III in Table 4 reports the parameter estimates using further aggregated

data as described at the end of section 5.1. These estimates are meant to test the

proportionality assumption. Due to the special feature of the questionnaire design,

for the current setting it turned out that the further aggregated data identify the

same number of parameters as the original data, so the informational nesting relation

discussed in section 5.1 holds. This makes the calculation of the variance matrix for

the difference of the two sets of estimates very easy. Such a test can not reject the

proportionality assumption.

Table 5 reports the parameter estimates using both the maximum likelihood

method and the minimum Chi-square method. To make the two sets of the esti-

mates comparable, we have used the three binary grouped covariates, female, higher

education and higher income. For the minimum Chi-square estimates, we have used

the simple OLS procedure in the second step which ignores the heteroskedasticity.

The big difference in the estimated standard errors, relative to their maximum likeli-

hood counterparts, demonstrates the efficiency loss of such a procedure. On the other

hand, the closeness of the two sets of parameter estimates shows that the minimum

Chi-square procedure, while easy to compute, generates reliable estimates.
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7 Conclusions

This paper is concerned with the estimation of the willingness to pay distribution

with data from contingent valuation surveys where, due to the preference for what is

called “close-ended” questions, the respondents’ willingness to pay is measured only

up to interval censoring. With the conviction that in such an estimation, neither fully

parametric models nor non-parametric models are fully satisfactory, this paper first

propose to use the proportion hazard model specification to represent the willingness

to pay distribution. This semiparametric framework, on the one hand, controls for

the observed heterogeneity to help researchers and policy makers identify key social

economic quantities that determine individuals’ willingness to pay, and, on the other

hand, allows for maximum flexibility in the shapes of the willingness to pay distri-

bution so that the two key features found by contingent valuation researchers, i.e.,

asymmetry and multi-modality, can be accommodated.

Data censoring is common in economic duration analysis where the semipara-

metric proportional hazard specification is borrowed. However, in duration analysis

researchers often observe complete durations, i.e., exact values of the dependent vari-

ables, for at least some, if not all, sample points. The rest of the sample points

are often assumed to be right censored. 13 Analysis of grouped duration data is rela-

tively new (Kiefer, 1988, Ryu, 1994, Sueyoshi, 1995). Even there the data grouping

mechanism is considered very simple. It is quite normal in duration surveys that a

duration is known to fall within a natural interval (a month, a year, etc.). In contin-

gent valuation surveys with double bounded dichotomous choice questions, the data

grouping mechanism is more complicated. Often “across-interval-censored” data on

the dependent variable are observed. Nevertheless the main apparatus for statistical

inference remains the same, as this paper demonstrated.

With only across-interval-censored data, there is a maximum flexibility of the

13Left censoring can be extremely difficult to deal with. See for example, Heckman and Singer

(1986) and An (1996a).
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model structure which can be identified. With grouped data, even fully non-

parametric specification collapses into essentially finite-dimensional model (Turnbull,

1974). Under the proportional hazard model specification, the maximum flexible

structure that can be identified from the data is at most T number of discrete points

of the integrated hazard function. This identification result has two important appli-

cations. First, the model is essentially finite dimensional and the standard maximum

likelihood estimation applies. When the observed covariates in the data fall into the

“many-observations-per-cell” type, the minimum Chi-square method is preferred for

its ease in computation and programming. This is so thanks to the availability of the

An-Ayala (1996) algorithm. Second, as in any nonparametric estimation, the mean

willingness to pay and other welfare measures are not identifiable from grouped data.

Ad hoc interpolation of either the integrated hazard function or the survivor function

has to be adopted. An ad hoc procedure may or may not be conservative, and the

approximation error cannot be assessed.

Proportional hazard specification is substantially more flexible than a parametric

distribution family. However the proportionality itself is an assumption which can

and should be tested. With only across-interval-censored data, feasible testing proce-

dures are limited. This paper advocates the one that uses the further aggregated data

from the already grouped data and constructs the test statistic using the difference

of the estimated coefficients associated with the observed covariates in the model.
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Table 1: Sample Summary Statistics

Variable Mean Standard Error

Yearca 28.95 16.16

Female 0.5075 0.5004

Age 42.1 15.6

Educ 13.8 2.32

Working 0.9549 0.2077

Envorg 0.1786 0.3834

White 0.7838 0.4120

Income Group:

Income 1 0 0

Income 2 0.0921 0.2894

Income 3 0.1654 0.3719

Income 4 0.1598 0.3667

Income 5 0.1692 0.3753

Income 6 0.2331 0.4232

Income 7 0.0883 0.2841

Income 8 0.0602 0.2380

No. of Obs. 532

• Years in residence in CA (Yearca) and Age are measured in years. Education (Educ)

is measured in 8 schooling levels. Female, Envorg, Working and White are all binary

indicators. Working=1 for part-time workers as well as full-time workers.
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Table 2: Summary of the San Joaquin Study Data from a

Double-Bounded Dichotomous Choice Setting with Mixed Bids

j bj γj1 γj2 γj3 γj4 γj5 γj6 γj7 γj8 γj9 γj,10 γj,11 γj,12 γj,13 γj,14 γj,15

0 0 5 3 15 0 21 8 13 0 28 0 2 0 2 0 0

1 25 - 0 0 5 0 0 0 0 0 0 0 0 0 0 0

2 30 - - 0 0 4 0 0 0 0 0 0 0 0 0 0

3 40 - - - 0 0 3 11 0 0 0 0 0 0 0 0

4 55 - - - - 0 0 0 12 0 0 0 0 0 0 1

5 65 - - - - - 0 0 0 26 0 0 0 0 0 1

6 75 - - - - - - 0 0 12 10 0 0 0 0 0

7 80 - - - - - - - 0 20 0 19 0 0 0 3

8 110 - - - - - - - - 0 0 0 0 0 0 10

9 125 - - - - - - - - - 0 24 16 5 0 75

10 140 - - - - - - - - - - 0 0 17 0 0

11 170 - - - - - - - - - - - 0 18 0 50

12 210 - - - - - - - - - - - - 0 11 0

13 250 - - - - - - - - - - - - - 5 54

14 375 - - - - - - - - - - - - - - 23

• γik = the number of respondents whose willingness to pay falls between bids b i and

bk with 0 ≤ i < k ≤ T + 1 with the convention that b 0 = 0, bT+1 = I , and γ 0,T+1 = 0.

For definition see (6) in the text.
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Table 3: Nonparametric Estimates of Cell Specific Survivor Probabilities

Using An-Ayala Algorithm

j Overall Cell 1 Cell 2 Cell 3 Cell 4 Cell 5 Cell 6 Cell 7 Cell 8

0 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

1 0.9153 1.0000 1.0000 NaN 0.9418 1.0000 0.8472 NaN 0.9281

2 0.9153 0.8881 1.0000 NaN 0.9418 0.9051 0.8472 NaN 0.9281

3 0.8950 0.8267 1.0000 NaN 0.9418 0.7311 0.8472 NaN 0.8561

4 0.8251 0.7762 0.9098 NaN 0.9418 0.7311 0.8336 NaN 0.8561

5 0.8129 0.7762 0.8121 NaN 0.9001 0.7311 0.8232 NaN 0.7845

6 0.8129 0.7762 0.8121 NaN 0.8689 0.7311 0.8232 NaN 0.7845

7 0.7914 0.7690 0.8121 NaN 0.7016 0.7311 0.7860 NaN 0.7567

8 0.6037 0.6886 0.6096 NaN 0.6501 0.4257 0.7860 NaN 0.5821

9 0.6037 0.6083 0.6096 NaN 0.6501 0.4256 0.5494 NaN 0.5821

10 0.6037 0.6083 0.6096 NaN 0.6501 0.3174 0.4001 NaN 0.4992

11 0.4652 0.4951 0.3756 NaN 0.4912 0.3174 0.4001 NaN 0.4578

12 0.3688 0.3918 0.3756 NaN 0.4137 0.2128 0.2888 NaN 0.2911

13 0.3242 0.2836 0.2695 NaN 0.3795 0.1587 0.2888 NaN 0.2851

14 0.2074 0.2836 0.2695 NaN 0.1182 0.0000 0.2311 NaN 0.2425

• Cell 1: female-low income-poor educ; Cell 2: female-low income-high educ; Cell 3:

female-high income-poor educ; Cell 4: female-high income-high educ; Cell 5: male-low

income-poor educ; Cell 6: male-low income -high educ; Cell 7: male-high income-poor

educ; Cell 8: male-high income-high educ.

• For Cells 3 and 7, there are not enough data points to sustain an estimation of

the nonparametric survivor functions. The An-Ayala algorithm is described in sec-

tion 4.3 of the text. A FORTRAN subroutine is available via anonymous ftp on

lewis.econ.duke.edu under pub/man/programs subdirectory.
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Table 4: Parameter Estimates from Maximum Likelihood Esimation

Weibull PH with PH with Further

Model (I) Original Data (II) Aggregated Data (III)

Estimate s. d. Estimate s. d. Estimate s. d.

Coefficients:Age 0.0015 0.0044 0.0108 0.0072 0.0076 0.0132

Yearca -0.0085 0.0045 -0.0086 0.0082 -0.0084 0.0149

White -0.1953 0.1357 -0.0357 0.9966 -0.0506 0.9993

Envorg -0.3729 0.1594 -0.0539 1.0033 -0.0772 0.9999

Female -0.1833 0.1171 -0.0108 0.9966 -0.0167 0.9998

Education 0.0103 0.0264 0.0107 0.1557 0.0179 0.5653

log(Income) -0.5061 0.0420 -0.0732 0.2481 -0.0693 0.8260

δ1 - 0.0948 0.0952 0.0969 0.0969

δ2 - 0.1972 0.1404 0.2013 0.1425

δ3 - 0.3108 0.1817 0.3176 0.1839

δ4 - 0.3481 0.1858 0.3553 0.1877

δ5 - 0.3940 0.1918 0.4018 0.1933

δ6 - 0.4314 0.1957 0.4396 0.1970

δ7 - 0.4728 0.2005 0.4816 0.2014

δ8 - 0.6915 0.3104 0.7192 0.3116

δ9 - 0.8852 0.3792 0.9259 0.3739

δ10 - 1.1482 0.4833 1.2062 0.4673

δ11 - 1.3640 0.5508 1.4335 0.5197

δ12 - 1.6949 0.6904 1.7835 0.6266

δ13 - 1.8367 0.7174 1.9288 0.6432

δ14 - 2.2266 0.8564 2.3308 0.7586

Weibull η 1.0476 0.0711 - -

-Log likelihood 708.83 707.79 549.11
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Table 5: Parameter Estimates Using MLE and the MCS Method

MLE (I) MCS (II)

Estimate s. d. Estimate s. d.

Coefficients:

Female -0.242 0.2289 0.2138 0.2544

Higher Education 0.0306 0.05188 0.1945 0.2421

Higher Income -0.292 0.0686 -0.3999 0.2652

δ1 0.0921 0.0934 0.0906 0.3563

δ2 0.1936 0.1398 0.1883 0.4138

δ3 0.3060 0.1831 0.2953 0.6499

δ4 0.3433 0.1879 0.3302 0.9340

δ5 0.3892 0.1953 0.3742 1.3455

δ6 0.4266 0.2004 0.4092 1.7308

δ7 0.4681 0.2067 0.4497 2.0122

δ8 0.6916 0.3876 0.6360 2.3092

δ9 0.8881 0.4889 0.8079 2.4995

δ10 1.1632 0.6365 1.0515 2.6428

δ11 1.3919 0.7228 1.2508 2.9229

δ12 1.7606 1.0723 1.5370 3.1116

δ13 1.9119 1.0979 1.6666 3.4063

δ14 2.3471 1.3176 2.0147 3.6499

-Log likelihood 714.33 -
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Figure 1. Identifiable Baseline Hazard Function

(Not available in this electronic version)

Figure 2. Three Alternative Interpolations Needed to Estimate the Mean

Willingness to Pay

(Not available in this electronic version)
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