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�� ,QWURGXFWLRQ

The discrete choice or “referendum” technique has become increasingly popular in the con-

tingent valuation literature following the pioneering work of Bishop and Heberlein [1979].

Typically, a random sample of the population is asked a (hypothetical) yes/no question if

they are willing to contribute a specific amount towards the preservation of some environ-

mental resource or the provision of a common good. These responses are then used to esti-

mate the distribution of willingness to pay (:73) conditional on various background vari-

ables. From the conditional distribution and knowledge about the population characteristics

of the background variables it is then possible to obtain estimates of, say, the population

mean or median :73. See Hanemann [1984], Cameron [1988] and McConnell [1990] for

a discussion of the utility-theoretic underpinnings of the discrete choice contingent

valuation methodology ('&�&90).

Non-response is common and often large1 in contingent valuation studies and can bias

the results from '&�&90 in two different ways. The first case may occur when the popu-

lation characteristics of some or all of the background variables are unknown. The popula-

tion characteristics (most commonly the mean) must then be estimated from the sample at

hand. These estimates are biased if the non-response is systematically related to the back-

ground variables, we refer to this as QRQ�UHVSRQVH�ELDV. Secondly, the non-response can be

systematically related to an individuals actual :73. This is commonly referred to as�VDP�

SOH�VHOHFWLRQ�ELDV and leads to inconsistent parameter estimates. The issue of non-response

bias and sample selection bias in contingent valuation has received considerable interest.

Edwards and Anderson [1987], Loomis [1987], Whitehead et al. [1993] and Álvarez-

Farizo, Hanley and Wright [1996] discuss non-response bias and sample selection bias,

mainly in the context of open-ended2 :73 questions where estimation is done by OLS.

Dalecki et al. [1993] considers tests for non-response bias and weighting schemes which

can be used to compensate for the bias. Whitehead et al. [1994] employ the censored probit

                                                

1 “Response rates for the mail shot were good by CVM standards, being greater than 50% in almost all
sub-samples.” (Álvarez-Farizo, Hanley and Wright [1996]),  “40-60% [response rate] seems average for
general population CVM surveys” (Loomis [1987]), “…minimizing both sample non-response and item non-
response are important. The former is unlikely to be below 20% even in very high quality surveys…”
(National Oceanic and Atmospheric Administration [1993]).
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model discussed below to test for sample selection bias in a '&�&90 setting. See Vella

[1998] for a survey of the sample selection literature when the equation of interest is linear,

i.e. the case of open-ended WTP questions.

This paper adds to the existing literature by giving a systematic account of the possibil-

ity to test for, and the effects of, sample selection bias in '&�&90. To put the issue of

sample selection bias in perspective we also provide evidence of the relative effects of non-

response and sample selection bias.

The issue of sample selection bias is of course not only relevant in the '&�&90 setting.

Indeed, much of the analysis in this paper applies to discrete choice modeling in general

and sheds light on how sample selection bias can affect parameter estimates.

The remainder of the paper is organized as follows. Section 2 sets up the discrete choice

model with sample selection and discusses how sample selection and non-response biases

can affect parameter and mean population :73 estimates. In section 3 we introduce the ap-

propriate bivariate probit estimator and several tests for sample selection bias. Section 4 is

the heart of the paper and presents the results of our Monte Carlo study. In section 5 the

conclusions are summarized.

�� 6DPSOH�6HOHFWLRQ�DQG�1RQ�UHVSRQVH�%LDV

Given an initial random sample of 1 individuals, the data actually available to the investi-

gator is generated by the bivariate model

\L1
*  = [L1β1 + εL1 (1a)

\L2
*  = [L2β2 + εL2. (1b)

The unobservable variables \LM
* are related to the binary (observed) outcomes \LM by the rule

\LM = 


 1, \LM

* > 0
 0 \LM

* ≤ 0 

and (εL1, εL2) is iid standard bivariate normal with correlation ρ. In the context of '&-&90

\L2 is 1 if the individual is willing to contribute the prescribed amount towards the investi-

gated cause and \L1 is the selection or response variable. That is, \L2 is only observed if \L1 =

1 or with (marginal) probability Φ([L1β1), leaving 12 < 1 observations on (1b). We will re-

                                                                                                                                              

2 That is, the respondents are simply asked to state the maximum amount they are willing to pay rather
than, as in the '&�&90 framework, asked if they are willing to pay a specific amount.
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fer to (1a) as the selection equation and (1b) as the :73 equation. To be more specific we

write (1b) as

\L2
*  = α + γELGL + [L2

* δ + εL2

where ELGL is the amount individual L is asked to contribute and [L2
*  are the remaining vari-

ables in [L2. Mean population :73 is then obtained as

((:73) = –
α + µδ

γ (2)

where µ is the population mean of [L2
* . If µ is known, the only issue is the quality of the es-

timate of β2 = (α, γ, δ). Sample selection bias occurs when ρ ≠ 0 and bivariate estimation is

required for consistency. When ρ = 0, the univariate estimates based on 12 < 1 observa-

tions�are consistent but inefficient compared to the case when there is no non-response.

When µ is unknown it has to be estimated as well, typically using the 12 available ob-

servations on (1b). If the non-response is systematically related to [L2
* , for example by [L1

and [L2
*  having variables in common – or more generally if they contain correlated vari-

ables, the estimate of µ will be inconsistent, leading to non-response bias.

It should be made clear that the randomness or representativity of the initial sample is

not an issue when estimating β2. The univariate probit estimates are consistent and asymp-

totically normal when εL2 ~ 1(0,1) conditionally on the data being available for observation

L, no matter how the sample is obtained. β2 can, in other words, just as well be estimated

using an appropriate convenience sample as a (potentially costlier) random sample (see

Harrison and Lesley [1996] for a discussion of the use of convenience samples in '&�

&90). On the other hand, convenience samples are just as susceptible to sample selection

as random sampling schemes. The importance of testing and correcting for sample selec-

tion does not depend on the nature of the sampling scheme.

The consistency of the estimate of µ does, of course, depend crucially on the random-

ness of the sample or the use of an appropriate weighting scheme. While sample selection

and non-response biases may occur simultaneously, they affect the quality of the estimates

through distinctly different mechanisms and can be addressed separately.

�� 7HVWLQJ�IRU�6DPSOH�6HOHFWLRQ�%LDV

With the censored probit model (1) estimation is by Maximum Likelihood and the likeli-

hood is given (van de Ven and van Praag [1981],�Meng and Schmidt [1985]) by
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ln/ = ∑
L=1

1

{\L1\L2ln)(]L1, ]L2, ρ) + \L1(1–\L2)ln[Φ(]L1) – )(]L1, ]L2, ρ)] + (1–\L1)ln[1–Φ(]L1)]} (3)

where ) is the standard bivariate normal distribution function, Φ the standard normal dis-

tribution function and ]LM = [LβM. There are several tests for sample selection bias available

for the censored probit model. Dubin and Rivers [1989] discuss LR, Wald and LM-tests

and Vella [1992] proposes a conditional moment test and an omitted variables test similar

to Heckman’s [1979] test for sample selection in a linear regression.

��� 7KH�/0�WHVW

Under the null-hypothesis, ρ = 0, the gradient of the censored probit likelihood (3) simpli-

fies to

∂ln/L

∂β1
 = [L1HL1 = gL1 (4a)

∂ln/L

∂β2
 = \L1[L2HL2 = gL2 (4b)

∂ln/L

∂ρ  = \L1HL1HL2 = τL (4c)

where HLM are the generalized residuals (Gourieroux et al. [1987]) from the univariate mod-

els

HLM = 
φ(]LM)

Φ(]LM)[1–Φ(]LM)]
[\LM–Φ(]LM)]. (5)

The LM-statistic can thus be obtained as λLM = 152 (uncentered 52)� from a regression of

gL1, gL2 and τL (evaluated at the univariate probit estimates) on a vector of ones.

��� 7KH�&RQGLWLRQDO�0RPHQW�7HVW

The conditional moment (CM) test of Vella [1992] is based on the condition ((εL1εL2) =

([((εL1|\L1)((εL2|\L2)] = ((HL1HL2) = 0. The sample equivalent is τ̂ = 1–1∑L=1
1 HL1(\L1HL2), where

the unconditional expectation, ((εL2) = 0, is used when \L1 = 0 and \L2 is unobserved. Let gL

= (gL1, gL2) and assume that the standard asymptotic result

11/2







1–1∑L=1

1 τL

1–1∑L=1
1 gL

 →d  1(0, 9)
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holds. Taylor expanding τ̂ around (β1, β2, 0) the asymptotic distribution is obtained as 11/2τ̂

→d  1(0, D9D′) where D = (1, –[SOLP 1–1∑
L=1
1 ∂τ̂/∂(β1, β2)],

–1) and , is the information matrix

for β1 and β2. Noting that all the quantities in D9D′ are consistently estimated by forming

the appropriate cross-products of τL and gL. Pagan and Vella [1989] obtain the asymptoti-

cally χ2(1) test statistic as

λCM = 
12τ̂2

W′W – W′*(*′*)–1*′W

where W is the 1×1 vector with elements τL and * is the matrix with rows gL. A convenient

way to calculate λCM is to run an auxiliary regression of τL on a constant term and gL. λCM is

then obtained as the square of the W-statistic for testing that the constant is zero.

��� 7KH�2PLWWHG�9DULDEOHV�7HVW

As an alternative to the conditional moment test, Vella [1992], suggested a test similar to

Heckman’s [1979] omitted variables (OV) test for sample selection in linear regression

models. Using the bivariate normality of (ε1, ε2) we can rewrite (1b) as

\L2
*  = [L2β2 + ρεL1 + ηL, (1b′)

conditioning on the observed \L1 we obtain

\L2
*  = [L2β2 + ρHL1 + ηL. (1b′′)

In the case of censoring, \L1 = 1 when the :73-equation is observed and the generalized

residual, HL1, simplifies to φ(]L1)/Φ(]L1), the inverse of Mill’s ratio, for these observations.

The test for absence of sample selection is then implemented by first estimating (1a) by

probit using the full sample, use these estimates to calculate HL1, estimate (1b′′) by probit

using the censored sample and testing the hypothesis ρ = 0. That is, λOV = ρ̂2/V̂2(ρ̂).

This also suggests an alternative estimation strategy – estimate (1b′′) using univariate

probit – when a censored probit routine is unavailable. The probit estimator of (1b′′) is,

however, inconsistent under the alternative. The inconsistency arises because ηL is hetero-

skedastic, Var(ηL) = 1 – ρ2HL1(]L1 + HL1). Van de Ven and van Praag [1981] suggest a three-

step estimation procedure that is consistent under the alternative.
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��� 7KH�0RQWH�&DUOR�6WXG\

We use a Monte Carlo study to evaluate the properties of available tests for sample selec-

tion bias. In addition we study how sample selection affects parameter estimates and – of

particular interest for '&�&90 studies – estimates of mean population :73. For the latter

we behave as if truncation ([L2
*  is unobservable) of the :73 equation occurs simultaneously

with censoring in order to study the effect of non-response bias on :73 estimates.

��� 'DWD�*HQHUDWLQJ�3URFHVV

The data generating process used in the Monte Carlo experiments is a simple extension of

the univariate equation used by Cooper [1994] to study the properties of different methods

for constructing confidence intervals for population :73 measures. We add the selection

equation (6a) to Cooper’s :73-equation (6b),

\L1
*  = D + 0.5[L1 + 0.5[L2 + εL1 (6a)

\L2
*  = 1.4136 – 0.008561ELGL + 0.00372[L3 + εL2, (6b)

where [L1, [L2 and [L3 are normally distributed. [L1 and [L2 with mean zero and standard

deviation 1 and [L3 with mean 95.78 and standard deviation 119.226. The variable ELG

consists of repetitions of the sequence {2.5, 5, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 120,

150, 200, 250, 300, 400, 500, 700}, the so called bid-vector here consisting of 20

alternatives. With these parameter values true mean :73 is 206.74. The parameter D take

the values {–0.31, 0.31, 1.03, 1.57} corresponding to average selection or response

probability of 0.4, 0.6, 0.8 and 0.9. We let ρ, the correlation between εL1 and εL2, take the

values {–0.8, –0.4, 0, 0.4, 0.8}. To study the effect of non-response bias we let [L2 and [L3

be correlated with correlations δ = {–0.5, 0, 0.5}. [L1 is independent of [L2 and [L3 in all

cases.

The sample sizes used are 1 = {200, 400, 800}, corresponding to expected actual sam-

ple sizes of 12 = {120, 240, 480} for (6b). For each case and value of ρ, we generate 2,500

data sets with 800 observations, test the null hypothesis ρ = 0 and estimate mean :73

using the first 1 observations. That is, the test statistics are calculated using 1 observations

on the selection equation and 12 observations on the :73 equation. Estimates of mean

population :73 are calculated using the probit estimates and the mean of the explanatory

variables for the censored sample of 12 observations. As a basis of comparison we also

estimate mean :73 using the full sample and a univariate probit estimator.
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Due to convergence problems3 some of the data sets were discarded and the actual

Monte Carlo sample size varies between 2,126 and 2,495. For the sake of brevity we only

present a subset of the results. Unless explicitly noted, the results are for the simulations

with a 60% response rate (D = 0.31). A full set of results is available on request from the

authors.

��� 7HVWV�IRU�6DPSOH�6HOHFWLRQ�%LDV

The empirical size of the tests is reported in Figure 1 for case where δ = 0. It is observed

that the Wald test is severely undersized in case 1 for 1 = 200 but has reasonable size prop-

erties for 1�= 800. The CM and LM tests are very similar and oversized for all sample sizes

except for 1 = 800 and nominal significance levels of 0.05 and less. The LR test is also

oversized for 1 = 200 but is very close to the nominal size for 1 = 400 and 800. Overall,

the OV test has the best size properties although it is slightly undersized for 1 = 200.

While the size properties of the tests depend on the actual data generating process, the

empirical size of the tests does not vary much (less than two percentage points for tests

with 5% nominal significance level) over the cases considered here. The empirical size

tends to be slightly higher for δ ≠ 0 than for δ = 0.

                                                

3 A convergence failure was declared if the number of iterations exceeded 100. In addition there were a
few cases where the estimated variance-covariance matrix (based on the Hessian matrix) for the censored
probit failed to be positive definite or the censored probit converged to a local maximum with a smaller log-
likelihood value than under the null hypothesis. All calculations were performed using Gauss version 3.2.15
and version 4.0.7 of the Gauss application “Maximum Likelihood”. The Gauss code is available on request
from the authors.

)LJXUH����(PSLULFDO�6L]H�RI�7HVWV�IRU�6DPSOH�6HOHFWLRQ�%LDV��δ� ��
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When discussing the power properties of the tests we concentrate on tests at the 5%

level. The size corrected power of the tests for the 5% significance level and δ = 0 is

plotted in Figure 2. The power of the Wald test is very poor for 1 = 200 and still lower than

the other tests for 1 = 800 and ρ < 0. The power properties of the CM and LM tests are

identical. For 1 = 200 and 400 they have the highest power of the tests when ρ > 0, but

lower power than the OV and LR tests for ρ < 0. For 1 = 800 the differences in power

between the CM, LM, OV and LR tests are very small.

)LJXUH��� 6L]H�&RUUHFWHG�3RZHU�RI�7HVWV�IRU�6DPSOH�6HOHFWLRQ�%LDV��δ� �������6L]H
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The power of the tests is quite good for 1 = 800. With smaller sample sizes the power is

low for small correlations and we can only expect to detect large values of ρ.

One striking feature of Figure 2 is that the tests – with exception for the LR and OV

tests – have better power against positive ρ than negative ρ. One reason for this is that the

estimates of ρ in the censored probit model are biased towards zero, but more so for nega-

tive ρ than positive ρ. The Wald test is based on the estimates under the alternative and it is

quite clear how the differences in bias could affect this test. It is less clear why the CM and

LM tests have higher power for positive ρ.

The tests have lower size corrected power when δ ≠ 0 and there are noticeable differ-

ences in power for all tests even when 1 = 800. The loss of power is most pronounced

when δ = –0.5. Testing at the 5% level and for 1 = 800, the power decreases by as much as

8 percentage points for the Wald test and 5 percentage points for the other tests when δ =

–0.5.�With δ = 0.5 the power losses are less than 4 percentage points for the Wald test and

less than 6 percentage points for the other tests.

The power of the tests decline with increasing response rate and more so for extreme

values of ρ. The size corrected power of the OV test as a function of the response rate is

displayed in Figure 3; the results for the other tests are similar. It is interesting to note that

the pattern is different for negative and positive ρ. It thus appears that the symmetry of the

power function for the OV and LR tests noted above is an artifact of the 60% response rate

in Figure 2.

Summing up the results on testing for sample selection bias it is clear that the tests, with

the exception of the Wald test, perform well for larger (1 = 800) sample sizes and large

)LJXUH����3RZHU�RI�WKH�29�7HVW��1� ������δ� ��
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fractions of non-response. It is, however, quite disturbing that the tests lose power when the

explanatory variables in the :73 and selection equations are correlated. The common, and

from a specification point reasonable, practice of having explanatory variables common to

the two equations may thus lead to a substantial reduction in the ability to detect sample

selection bias.

��� 7KH�(IIHFWV�RI�1RQ�UHVSRQVH�DQG�6DPSOH�6HOHFWLRQ�%LDV
RQ�(VWLPDWHV

����� 3DUDPHWHU�(VWLPDWHV

We estimate the parameters in the :73-equation (6b) using three different estimators.

Univariate probit on the censored sample, the censored bivariate probit and – as a

benchmark – univariate probit on the full sample. The censored sample univariate probit is

biased and inconsistent unless ρ = 0 and the results from this estimator allow us to assess

the costs of falsely ignoring the sample selection issue.

 The relative bias and relative Root Mean Square Error (RMSE) for the variable ELG is

displayed in Figures 4 and 5 for a subset of the simulations. A full set of results for δ = 0

are given in Tables 1 to 4 of the appendix.

For ρ = 0 all estimators are consistent and the bias and RMSE are decreasing with the

sample size. The RMSE of the censored sample univariate probit is about 1.4 times as large

as the RMSE of the full sample estimator, corresponding to the 40% reduction in sample

size. It is interesting to note that the bias of the censored bivariate probit is smaller than the

bias of both the univariate probit estimators and the RMSE is – with the exception of the

constant term – smaller than the RMSE of the censored sample univariate probit. There is,

provided that the selection equation is correctly specified, little to lose by using the cen-

sored bivariate probit estimator even when sample selection bias is not a problem.

With ρ ≠ 0 the bias and RMSE of the censored bivariate probit are increasing with the

magnitude of ρ but shows clear sign of going to zero as the sample size increases. The bias

and RMSE of the censored sample univariate probit are also decreasing but are

considerably larger, and decrease at a slower rate. For 1 = 800 the RMSE of the censored

bivariate probit estimates of ELG and [3 is between 1.1 and 1.7 times the RMSE of the full

sample univariate probit. For the censored sample univariate probit the RMSE is between

1.3 and 3.1 times the RMSE of the full sample estimator. The loss in precision for the
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censored bivariate probit is thus roughly in agreement with the reduction in sample size for

the :73-equation. The bias of the bivariate censored probit is comparable to that of the

full sample univariate probit whereas the bias of the censored sample univariate probit is

more then ten times larger than the full sample univariate probit.

Varying the response rate has virtually no effect on the bias of the bivariate probit esti-

mates. The RMSE on the other hand changes with the response rate. For the smaller values

of ρ and the larger sample sizes the change in RMSE is roughly in agreement with the

change in effective sample size for the :73 equation. For ρ = –0.8, 0.8 or 1 = 200 the

RMSE increase faster with decreasing response rate. Changing the response rate from 90%

to 40% increases the RMSE for ELG by as much as a factor of 2.5 rather than 1.5 as can be

expected from the change in effective sample size.

The censored sample univariate probit is severely affected by decreasing response rates.

For 1 = 800 and ρ = 0.8 the relative bias of ELG increase from 0.09 to 0.25 and the relative

RMSE increase from 0.12 to 0.30 when the response rate is changed from 90% to 40%. For

)LJXUH����5HODWLYH�%LDV�IRU�ELG��δ� ��
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0.00

0.05

0.10

0.15

0.20

-0.8 -0.4 0 0.4 0.8

ρ

ρ = 0.8

0.00

0.10

0.20

0.30

200 400 600 800

1

Univariate, Full sample Bivariate Probit Univariate, Censored Sample



12

high response rates the sample selection bias may be relatively benign but with response

rates common in '&�&90 studies the effect of sample selection bias could be disastrous.

Both the bivariate probit and the censored sample univariate probit are affected by the

correlation, δ, between [2 and [3. With δ = –0.5 and 1 = 800 the RMSE of ELG increase by

as much as 8% for the bivariate probit with negative ρ and changes very little for ρ ≥ 0.

The RMSE for [3 decreases with 8% for ρ = –0.8 and increases by as much as 10% for

larger values of ρ. With δ = 0.5, the RMSE for ELG increases by less than 4% and decease

slightly for ρ = –0.4 and 0. For [3 the RMSE increases by more than 10% for ρ ≤ 0 and de-

creases by 4% for ρ  = 0.8. The effect of the correlation is even stronger for the censored

sample univariate probit but the pattern is similar to the bivariate probit.

To summarize: when δ = –0.5 (0.5), the estimates of ELG deteriorates for negative (posi-

tive) ρ and the estimates of [3 improves for negative (positive) ρ and deteriorates for posi-

tive (negative) values of ρ. This particular pattern of the effect of the signs of ρ and δ ap-

pear to be due to the design of the Monte Carlo study. Both [2 and [3 have positive coef-

ficients. A positive correlation between them will thus lead to an increase (decrease) in the

)LJXUH����5HODWLYH�506(�IRU�ELG��δ� ��
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response probability when the probability of a yes answer to the :73 question is high

(low) given the other variables in the :73-equation. The converse obtains for a negative

correlation between [2 and [3. A positive δ will thus enhance the sample selection effect of

a positive ρ and partially offset the effect of a negative ρ. This explains the effect on the

estimate for the uncorrelated variable ELG. For the correlated variable [3 it is not clear why

the estimates improve when δ and ρ have the same sign and deteriorate with opposite signs.

����� (VWLPDWLQJ�3RSXODWLRQ�:LOOLQJQHVV�WR�3D\

The estimate of mean population :73, ((:73), obtained from (2) depends on the qual-

ity of the parameter estimates in the :73 equation as well as the quality of the estimates of

the population mean of the explanatory variables. That is, the estimate of ((:73) is sus-

ceptible to both sample selection bias and non-response bias, the latter occurring when the

response rate is related to one or more of the explanatory variables in the :73 equation

with biased estimates of the variable means as a result.

The results for δ = 0, where the only issue is sample selection, are displayed in Figure 6.

It is clear from Figure 6 that the univariate censored sample probit performs poorly with a

bias of 25% of true ((:73) for ρ = ±0.8 and about 12% of true ((:73) for ρ = ±0.4. As

can be expected, true ((:73) is overestimated with positive correlations and underesti-

mated with negative correlations. For ρ = 0 the censored sample univariate probit is consis-

tent and there is no bias in the estimates of ((:73). The censored bivariate probit, on the

other hand, gives estimates of ((:73) which are essentially unbiased for the larger sample

sizes. The price paid for this unbiasedness is a higher variability in the estimates. This is,

however, more than offset by the smaller bias and the censored bivariate probit has a con-

siderably smaller RMSE than the censored sample univariate probit when ρ ≠ 0.

As a comparison, the results for the (infeasible) full sample univariate probit estimator

are also given. We note that this estimator gives unbiased estimates of ((:73) with con-

siderably smaller variance than the bivariate probit. For ρ = 0 the censored sample univari-

ate also gives unbiased estimates of ((:73), but the variance is almost twice as high due

to the 40% loss in effective sample size.

It is clear that the losses from using the wrong estimator are substantial. Using the bi-

variate probit when ρ = 0 doubles the variance compared to the censored sample univariate

probit and using the censored sample univariate probit when ρ ≠ 0 leads to a substantial

bias and a tenfold increase in MSE compared to the bivariate probit estimator. Substantial



14

gains can, of course, also be made by reducing the non-response by follow-up or other

measures.

With correlation between the explanatory variables in the :73 and selection equations,

the estimate of the population mean of the explanatory variables is inconsistent and we

have non-response bias in the estimates of ((:73). The non-response bias is present both

in the censored sample univariate probit and the bivariate censored probit estimates of

((:73). The bias is, however, relatively small at about 3% of true ((:73). The size of the

bias is, of course, sensitive to the strength of the correlation between the explanatory

)LJXUH����(�:73��(VWLPDWHV��&DVH��
ρ = –0.8 ρ = –0.4

ρ = 0.0 ρ = 0.4

ρ = 0.8
Estimates of ((:73) for 1 = 200, 400, 800
(actual sample sizes for the :73 equation
are approximately 120, 240 and 480 except
for univariate probit with full observability)
1 = Univariate probit with full observability
2 = Censored bivariate probit
3 = Univariate probit with censoring

Boxes show the first quartile, median and third quartile, the length of the whiskers is 1.5 times the interquar-
tile range and each dot represent one outlier. The dashed line represents true ((:73).
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variables and their importance for determining :73 and the selection probability. While

the non-response bias is relatively small compared to the sample selection bias for the

censored sample univariate probit in this case it is quite conceivable that the non-response

bias can be the dominating factor in some situations.

The sign of the non-response bias depends on the sign of the correlation between the

variables and the sign of their coefficients in the selection and :73 equations. If the prod-

uct of the coefficients and the correlation is negative, the bias is negative (((:73) is un-

derestimated) and the bias is positive when the sign of the product is positive. A particular

case of interest is when the are variables common to the selection and :73 equations.

Frequently they will enter with the same sign in the two equations, leading to a positive

non-response bias. It is also reasonable to expect the correlation, ρ, between the

disturbances in the two equations to be positive, that is that the sample selection bias of the

censored sample univariate probit is positive as well. Non-response bias will thus add to

the sample selection bias rather than offset it in this common case.

�� 6XPPDU\

Sample selection bias can have a large effect on both parameter estimates and estimates of

population willingness to pay based on univariate probit estimation. It is thus important to

test for sample selection as an integral part of the analysis. The Monte Carlo study shows

that the computationally straightforward OV test, which does not require maximization of

the full bivariate probit likelihood performs well. It has good size properties and the size-

adjusted power is comparable to the power of the other tests.

The censored bivariate probit estimator performs well when sample selection is present,

giving essentially unbiased estimates of the parameters in the model and of population will-

ingness to pay. The increased variance compared to univariate probit estimation is more

than offset by the absence of bias and the MSE is several orders of magnitude smaller. The

reduction in MSE is especially noticeable for the estimates of willingness to pay where the

MSE of the censored bivariate probit can be as little as 10% of the MSE for the univariate

probit.

Non-response bias – that is, inconsistent estimates of the population mean of the ex-

planatory variables due to a systematic relation between the non-response and the explana-

tory variables – is also an issue of concern when estimating population willingness to pay.

For the data generating process considered in the Monte Carlo study the non-response bias
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is found to be considerably smaller than the sample selection bias and thus to be of secon-

dary importance.
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$SSHQGL[��

7DEOH�$���3DUDPHWHU�(VWLPDWHV�LQ�WKH�:73�(TXDWLRQ��FRQVWDQW��δ� ��������5HVSRQVH�5DWH
ρ

1 Estimator –0.8 –0.4 0.0 0.4 0.8
Bias MSE Bias MSE Bias MSE Bias MSE Bias MSE

200 Univ. probit,
full sample

0.033 0.042 0.041 0.045 0.042 0.045 0.035 0.044 0.041 0.044

Censored
biv. probit

–0.007 0.064 –0.024 0.100 –0.004 0.139 0.043 0.216 0.200 0.375

Univ. probit,
censored

–0.216 0.115 –0.110 0.086 0.068 0.089 0.354 0.239 0.912 1.058

400 Univ. probit,
full sample

0.014 0.020 0.024 0.021 0.022 0.019 0.015 0.020 0.020 0.020

Censored
biv. probit

–0.004 0.027 –0.010 0.044 0.005 0.066 0.015 0.102 0.089 0.149

Univ. probit,
censored

–0.244 0.091 –0.138 0.052 0.036 0.036 0.303 0.137 0.823 0.750

800 Univ. probit,
full sample

0.007 0.009 0.009 0.010 0.010 0.010 0.010 0.010 0.012 0.010

Censored
biv. probit

–0.001 0.012 –0.005 0.020 –0.001 0.033 0.012 0.048 0.035 0.063

Univ. probit,
censored

–0.254 0.079 –0.157 0.040 0.017 0.016 0.284 0.101 0.776 0.636

True parameter value is 1.4136.

7DEOH�$���3DUDPHWHU�(VWLPDWHV�LQ�WKH�:73�(TXDWLRQ��ELG��δ� ��������5HVSRQVH�5DWH
ρ

N Estimator –0.8 –0.4 0.0 0.4 0.8
Bias×103 MSE×10

6
Bias×103 MSE×10

6
Bias×103 MSE×10

6
Bias×103 MSE×10

6
Bias×103 MSE×10

6

200 Univ. probit,
full sample

–0.31 1.72 –0.34 1.91 –0.33 1.81 –0.30 1.74 –0.35 1.84

Censored
biv. probit

–0.67 4.50 –0.25 3.84 –0.11 3.34 –0.23 3.58 –0.86 6.71

Univ. probit,
censored

–1.93 8.00 –0.86 4.54 –0.55 3.83 –0.91 4.48 –2.51 13.00

400 Univ. probit,
full sample

–0.15 0.76 –0.17 0.83 –0.17 0.79 –0.13 0.79 –0.16 0.82

Censored
biv. probit

–0.30 1.97 –0.08 1.69 –0.07 1.39 –0.06 1.48 –0.38 2.43

Univ. probit,
censored

–1.60 4.34 –0.54 1.84 –0.29 1.48 –0.53 1.73 –1.96 6.05

800 Univ. probit,
full sample

–0.07 0.36 –0.06 0.38 –0.07 0.37 –0.06 0.36 –0.08 0.39

Censored
biv. probit

–0.11 0.93 –0.01 0.80 –0.02 0.64 –0.04 0.68 –0.16 1.05

Univ. probit,
censored

–1.43 2.88 –0.38 0.87 –0.12 0.65 –0.40 0.81 –1.68 3.82

True parameter value is –0.008561.
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7DEOH�$���3DUDPHWHU�(VWLPDWHV�LQ�WKH�:73�(TXDWLRQ��[���δ� ��������5HVSRQVH�5DWH
ρ

1 Estimator –0.8 –0.4 0.0 0.4 0.8
Bias×103 MSE×10

6
Bias×103 MSE×10

6
Bias×103 MSE×10

6
Bias×103 MSE×10

6
Bias×103 MSE×10

6

200 Univ. probit,
full sample

0.15 1.39 0.15 1.38 0.11 1.39 0.14 1.36 0.18 1.43

Censored
biv. probit

0.27 2.03 0.09 2.19 0.03 2.44 0.13 2.79 0.44 3.99

Univ. probit,
censored

0.77 3.02 0.33 2.49 0.21 2.65 0.44 3.31 1.21 6.30

400 Univ. probit,
full sample

0.06 0.66 0.06 0.62 0.05 0.63 0.06 0.65 0.07 0.65

Censored
biv. probit

0.13 0.94 0.00 0.97 –0.01 1.01 0.03 1.22 0.17 1.56

Univ. probit,
censored

0.63 1.51 0.18 1.04 0.09 1.05 0.24 1.39 0.90 2.78

800 Univ. probit,
full sample

0.04 0.32 0.02 0.30 0.02 0.31 0.02 0.30 0.02 0.31

Censored
biv. probit

0.06 0.45 –0.02 0.47 –0.01 0.48 0.02 0.59 0.06 0.69

Univ. probit,
censored

0.57 0.87 0.13 0.50 0.03 0.50 0.18 0.65 0.75 1.44

True parameter value is 0.00372.

7DEOH�$���(VWLPDWHV�RI�ρ��%LYDULDWH�3URELW��δ� ��������5HVSRQVH�5DWH
ρ

–0.8 –0.4 0.0 0.4 0.8
N Bias MSE Bias MSE Bias MSE Bias MSE Bias MSE

200 0.097 0.133 0.065 0.221 –0.001 0.238 –0.046 0.212 –0.082 0.138
400 0.041 0.055 0.032 0.116 –0.009 0.126 –0.023 0.105 –0.033 0.051
800 0.011 0.024 0.010 0.056 0.001 0.064 –0.012 0.045 –0.008 0.017


