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ABSTRACT

Systematic biases away from true welfare estimates derived using dichotomous choice
contingent valuation methodology (DCCV) are often thought to arise from flaws in survey
design and delivery, preference uncertainty, or incorrect specification of functional form in the
empirical model. This study examines the issue of accuracy of DCCV welfare estimates using a
computational approach in which heterogeneous artificial agents with theoretically valid utility
functions and full information are queried regarding their willingness to pay for an
environmental good. We find that, even within an artificially created “perfect world,” welfare

estimates differ significantly from “true” welfare for agents with heterogeneous preferences.



INTRODUCTION

Increasing population and per capita consumption are cited as contributing factors to
environmental degradation, including loss of biodiversity, deforestation and global climatic
change (see Ehrlich and Holdren 1974; Vitousek et al. 1986; Krupa and Kickert 1989; Turner et
al. 1990; Folke et al. 1996; Gowdy 1997). The ongoing evolution of complex adaptive ecological
and economic systems is also fundamentally unpredictable (Arthur 1989; Nowak and May 1992)
and threshold effects that might be exacerbated by human impact are to be expected (Bak and
Chen 1991; Arrow et al. 1995). Given the potential magnitude of the value of nonmarket
environmental amenities (Costanza et al. 1997), they cannot be ignored in policy making.

If cost-benefit analysis (CBA) is embraced as a decision-making methodology, then
nonmarket valuation becomes critically important in the calculation of social benefits. Ignoring
nonmarket values can lead to the significant underestimation of the economic benefits of
conservation, a bias towards development in the decision-making process, and reduced social
well being (Hausman 1993). The contingent valuation methodology (CVM) has become the
principal means of valuing environmental goods, with CVM-derived values now used in CBA
and in the assessment of damages in litigation under the 1980 Comprehensive Environmental
Response, Compensation, and Liability Act (see Hausman 1993; Smith 1993; Arrow et al. 1995).

In this paper, we focus on a technical issue involving the effects of agent heterogeneity
on the accuracy of welfare estimates derived using CVM. Economic analyses at the aggregate
level typically make the simplifying assumption that economic agents are homogeneous and that,
as a result, individual welfare measures, as represented by willingness to pay (WTP), can be
aggregated to derive social costs and benefits of alternative policies or projects. Kirman (1992)
argues that the “... reduction of the behaviour of a group of heterogeneouseageritshey are
all themselves utility maximizens not simply an analytical convenience as often explained, but
is both unjustified and leads to conclusions which are usually misleading and often wrong”
(p.117, emphasis in original).

If errors generated from a CVM survey of a heterogeneous population are relatively
minor or systematic, they might safely be ignored. However, if the bias in welfare estimates
derived using CVM is relatively large and/or non-systematic, then their use in guiding
environmental policy comes into question. But it is difficult in practice to assess the accuracy of

nonmarket values derived using CVM in real-world situations (see, e.g., Arrow et al. 1993; Neill



et al. 1994; Sagoff 1994; Cummings et al. 1997). In this study, we use an artificial market and
computational approach to examine whether CVM provides valid estimates of aggregate social
welfare when agents hold heterogeneous preferences with regards to environmental amenities. In
particular, our null hypothesis is the following: Are social welfare measurements derived using
CVM in an artificially-generated population of agents, who are heterogeneous in their degree of
“environmental altruism,” equal to the “true” social welfare measures for the population?

We use a direct utility function developed by Madriaga and McConnell (1987) and
calculate associated “true” WTP (as measured by compensating surplus) of artificially-generated
economic agents for changes in an environmental amenity. These true WTP values are then
compared to WTP estimates derived using a dichotomous choice, contingent valuation device in
the "perfect world" where there are no inconsistencies in survey design or delivery, where agents
have valid utility functions, and where there is no agent preference uncertainty.

We begin in the next section by briefly reviewing the random utility maximization model
that is used to estimate Hicksian welfare measures from dichotomous choice CVM questions.
Then, in section 3, we outline the computational model that we use to conduct a dichotomous
choice, CVM survey in a market of artificial agents. Our analysis of the artificial survey results is
presented section 4, while discussion and implications regarding the validity of CVM are

presented in the concluding section.

A REVIEW OF CVMs RANDOM UTILITY MAXIMIZATION MODEL

Compensating variation and equivalent variation are the theoretically correct Hicksian
measures of consumer welfare to be used in CBA (Johansson*19@®)ose that the consumer

has the following indirect utility function:

V=v(p, m, 2=U(i(p, m, 3, 2, [1]

wherex is a vector oh market goodsp is a vector of associated pricesjenotes the quality

and/or quantity of the environmental amenity, amds household income. Assuming that the
indirect utility function has the required properties from duality theory (see, e.g., Johansson
1993), one can analyze the effects of a shift in the consumer preference function due to changes

in the level of the environmental amenity and derive theoretically-correct values of consumer

Technically, the correct measures are compensating surplus and equivalent surplus.



welfare. Arrow et al. (1993) recommend that compensating variation be used as the welfare
measure in CVM surveys.

The standard single-bound dichotomous choice contingent valuation (DCCV) method is
based on Hanemann’s (1984) Random Utility Maximization (RUM) model. With RUM,
economic agents are asked to provide “yes” or “no” responses to a proposed “bid” (what they
would have to pay) for designated changes in the quantity or quality of the environmental
amenity. The DCCV methodology assumes that the responding agent knows his or her own
utility function, which we denote ad(i, m; s), wherei is a binary choice variable (1 if the
respondent is willing to pay the bid amount, O otherwige)s income (as before) arglis a
vector of other agent characteristics. To an independent observer, indirect utility can be modeled

as a random variable (Park et al. 1991):
U@, ms)=V(i, m;s) + &, [2]

which consists of a parametric probability distribution with mé@ym;s) and random error that
is independently and identically distributed (iid).
When faced with a bidA, for a proposed change in the environmental amenity, the

respondent will accept the bid if
v(1, m-A s) + &> v(0, m; s) + &. [2]
Relation [2] can be restated in terms of a probability as:

Pr{Ye$ = Pr{ (1, m-A s) + &> Vv(0, m; s) + &} = F; (Av), [3]
whereF. (Av) represents the cumulative density function (cdf) of the respondent’s true maximum
WTP. This is commonly modelled as a logistic function in DCCV studies:

Pr{Ye$ = 1/(1 + €*Y). [4]

Two commonly used measures of welfare are the mean WTP and median WTP. The
median is the fee for which the probability of a “yes” vote for a given level of change in the
environmental amenity is 50%. The mean WTP can be calculated as the total area under the
estimated cdf. Utility differences for both the linear and log-linear functions can easily be
derived and used in the probabilistic framework to calculate median WTP:



Linear Model: Median WTP =a/3 = W¥, [5]

Log-linear Model: Median WTP = (m/f) = W [6]

Mean WTP values can be calculated by numerical integration of the area under the cdf curve:

[

Linear Model: E(WTP) :J' [1-F)] db=w [7]

0

Log-linear Model: E(WTPX(1/B)In(1+€") =W [8]

If WTP is assumed to be non-negative, then mean WTP can be calculated from [7] or estimated
using Hanemann’s (1989) closed-form approximation of mean WTP for the log-linear utility
function when that particular functional form is postulated F8p) is the cumulative probability

of a “no” response to the DCCV question and is a function of the bid arount

Mean WTP is preferred over median WTP as a true measure of consumer welfare on
theoretical grounds because of desirable aggregation characteristics (Johansson et al. 1989). A
problem can occur when using mean WTP if the bid curve does not converge (Cooper and
Loomis 1992). Truncation and normalization of the mean is possible (Boyle and Bishop 1987),
but the summation of individually-truncated welfare measures may provide a biased estimate of
total consumer surplus due to the arbitrary nature of the truncation point.

Estimation of logit model coefficients is accomplished using the maximum likelihood
method and leads to estimators that are asymptotically normal and have desirable asymptotic
properties (Amemiya 1981). Parameter estimates calculated from CVM survey results,
themselves random variables, can then be used to further calculate the non-linear random
variable welfare measures (Bockstael and Strand 1987; Park et al. 1991). Approximate
distributions of the value of estimated mean WTP can be derived from the RUM framework by
applying bootstrapping techniques. In this regard, Park et al. (1991) develop WTP confidence
intervals using the methods of Krinsky and Robb (1986). The technique is computationally
intensive requiring at least 1,000 drawings of parameters for the development of confidence
intervals for mean WTP and to account for all parameter interactions. In Monte Carlo studies, it
is also possible to use a ranking and drop the upper and lower extreme values to derive

confidence intervals using the ‘percentile’ method (Efron 1987; Dorfman et al. 1990)



AN ARTIFICIAL MARKET FOR APPLYING CVM

In this section, we develop a general procedure for generating an artificial population of
economic agents that can be queried about their willingness to pay for changes in an
environmental amenity. The goal is to choose parameters for the model in such a way that the
distribution of true WTP follows a believable pattern for samples of artificial agents. The
methodology of section 2 is used is used to analyze the responses of the artificial agents and
develop estimated welfare measures that can be compared with the true welfare measures
obtained directly from the agents’ utility functions.

The utility function that we use is from Madriaga and McConnell (1987), who model a
public environmental good that has both a pure existence value component and an influence on

market goods through a weak complementary link. The direct utility function is:
U(X1, X2, R) = axy +In(x2) + b, [9]

where x; is a complementary environmental quality-related market gapds a strongly
separable composite market gopgk; + p2x2 =m; andpz = 1. In this model, parameteasandb
control the relative importance of market versus nonmarket goods in the utility function. The

parameters are defined using reference and critical baseline levels for the environmental amenity:

a=a(R-Ry, and [10]

b =exp@(R- Ruw)), [11]

whereR is the level of the resource aR4l is a critical lower maintenance level of the resource.
Parametenr impacts the size of use value in the utility function, while paranfetentrols the
contribution of the environmental good to existence value separate from the market good.

The RUM model utility difference framework can be used to calculate an agent's true
WTP (Huang and Smith 1998):

WTp,:('?l_Ro)TJ+ L
R-Rn) R -Ry)

n

R~ RnH, SRR AR~ R [12]
HR - R ]

I |

Each agent’s WTP is expressed as a function of income, price of the complementary market

good, and the target and reference levels of the environmental amenity. This value can be



calculated each time an agent is presented with a proposed combination of fee and level of
environmental change, with a “yes” or “no” response generated based on comparing this WTP
value with the proposed fee.

We experimented with a number of different parameterizations. The goal was to develop
a model that showed WTP patterns typical of empirical studies where there is a rightwards skew
with a very few respondents willing to accept high bids (Cooper and Loomis 199®.
baseline parameters are the critical resource leRgtl0.0; maintenance resource level,
R+=15.0; target resource lev&;=16.5 (a 10% improvement in environmental quality); price of
the weak complemenp,= 0.5; and price of the composite gopsi 1.0.

The income parameter was normally distributed with mean 10.0 and standard deviation
of 10%, m~ N(10.0, 1.0). The technical link parametey,was normally distributed with mean
of 0.05 and standard deviation of 10%,~ N(0.050, 0.005). Finally, th@ parameter, which
defines the magnitude of environmental altruism for an agent in the model, was normally
distributed with mean 0.125 and standard deviation 20% for non-altggNgts,N(0.125, 0.025),
and with mean 0.225 and standard deviation 20% for environmental altfgistsN(0.225,
0.045). It should be noted that the ratio of WTP to income in the experiment is large; however, if
household spending on charities, donations and environmental protection is assumed to be
strongly separable from other household spending, the magnitude of the ratio is irrelevant.

One thousand samples, each a mix of 200 altruist and 200 non-altruists, were drawn from
a heterogeneous population in which values,ai and 3 varied and were normally distributed
around appropriate means. Thus, a total of 400,000 artificial survey responses were generated
(400 agents, 1,000 samples) and welfare measures calculated for them using each of the two
assumed functional forms. The estimated welfare levels were then compared to the “true”
welfare level using ANOVA.

Each sample, then, has a unique WTP distribution based on the randomly generated and
normally distributed parameters for the model. The resulting distribution of WTP for Sample 87
is shown in Figure 1. There are two points to note: (1) the rightward skew of WTP is typical of
the distributions seen in empirical studies; and (2) there are no zero WTP values. These are direct

results of our choice of utility function and model parameters.

No logit regressions were undertaken until the final decisions were made on model form and parameter values.



Sample 87 WTP Histogram

For a 10% Increase in Environmental Amenity
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Figure 1: Willingness to Pay for an Increase in Environmental Quality

There are two basic schools of thought on bid vector design for DCCV studies. On the
one hand, Boyle and Bishop (1987), Cooper and Loomis (1992), and Elnagheeb and Jordan
(1995) advocate schemes in which there are a large number of fairly closely spaced bids over a
wide range. A second perspective on bid vector design is advocated by Alberini (1995) and is
followed in this study. Alberini found that maximum statistical efficiency for single-bounded,
DCCV surveys occurred with only two bid values. There was very little gain in using designs
with more than six to ten total bid points, or by placing bid values far out in the tails of the WTP
distribution (i.e., where the probability of a “yes” response is less than 3%).

For each sample in this experiment, a total of six bid values were generated for
presentation in the bid vector. The values of the generated bid vector were based on assumed
normality of the WTP distribution (e.g., see the normal curve overlay of the WTP distribution
shown in Figure 1). Conceptually, the normal approximation of the skewed distribution could be
viewed as analogous to having the experimenter conduct focus-group research prior to finding an
approximate range over which the bid amounts could be distributed.

We set the upper and lower bids at the points where 5% of the area under the normal
curve was in the tails (i.ez,= +1.65). The remaining bid values were calculated by dividing the

normal distribution into even partitions:

Division = By - BL)/(N-1) = 0.18,



whereBy is the upper bid limit (0.95B, is the lower bid limit (0.05) anll is the total number

of desired bids. All bids were rounded to the nearest 0.05. The distribution of bid partitions
within the normal distribution is shown in Figure 2. Each agent in a sample was randomly
presented with one of six potential bid amounts (extra low, very low, low, high, very high, extra

high) and their response, based on their true WTP, was recorded.

50%
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18% | 18% 18%
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Standard Deviation

Figure 2: Determination of Bid Amounts

The 400 responses were then used in a logit regression, the coefficients of which could
subsequently be used to construct welfare measures for each sample. Each logit regression was
performed twice using SHAZAM (1993), once each for assumed linear and log-linear functional
forms for utility. These functions are the ones assumed in empirical analysis and, clearly, not the
true utility functions of the artificial agents. We calculated the median WTP for both the linear
and log-linear utility function specifications/%i, andw*q4, respectively. We also calculated the
mean WTP by numerical integration over three separate ranges from zero to: (1) the upper bid
amount (™ and wy™); (2) 125% of the upper bid amoun{* and w>*); and (3) 150% of

the upper bid amountw(>**and wx=>). The approximation of mean WTRy, was also

calculated and all welfare measures compared to true average utility,



HOW ACCURATE ARE CVM MEASURES WHEN AGENTS HAVE
HETEROGENEOUS PREFERENCES

Table 1 presents the regression results and calculated welfare measures for a 10%
increase in the quality of the artificial environmental amenity. The table provides means and
medians for both linear and log-linear utility functions, as well as true WTP and Hanneman's
(1989) approximation of mean for the log-linear model. The true mean WTP distribution for the
1,000 samples is fairly tightly clustered around a mean of 3.261. Estimated WTPs are quite
similar: the median WTP was 3.148 (s.e.=0.066) for linear utility and 3.156 (s.e.=0.066) for the
log-linear utility difference, while numerical integration resulted in average values of mean WTP

ranging from fc.126 to 3.159. True WTHRy, , was 3.2% to 4.2% higher than the various

ue !

welfare estimates.

Table 1. Summary of Welfare Measures and Statistics

Linear Functional Form Log-Linear Functional Form
Woe  WH W W WETwg, W W WE G,

Summary Statistics (N=1,000)

Minimum 3.145 2.976 2.952 2.976 2.978 2.971 2.948 2.971 2.974 2.975

Mean 3.261 3.148 3.126 3.148 3.150 3.156 3.134 3.156 3.159 3.159

Maximum 3.363 3.348 3.331 3.348 3.350 3.361 3.348 3.361 3.361 3.362

Deviation 0.036 0.066 0.063 0.065 0.066 0.066 0.063 0.066 0.066 0.066

Skew -0.015 0.122 0.115 0.128 0.137 0.141 0.130 0.144 0.148 0.150

Kurtosis 0.129 -0.184 -0.093 -0.161 -0.163 -0.072 0.103 -0.060 -0.087 -0.086
Confidence Intervals

Using £ 1.96 s.e

Lower C.I. 3.190 3.019 3.002 3.019 3.021 3.027 3.010 3.028 3.030 3.030

Upper C.I. 3.333 3.276 3.251 3.276 3.279 3.286 3.258 3.285 3.288 3.289

Using Percentile

Lower C.I. 3.190 3.021 3.002 3.022 3.025 3.027 3.006 3.028 3.031 3.032

Upper C.I. 3.330 3.276 3.252 3.276 3.285 3.281 3.254 3.280 3.283 3.284

The values of mean WTP at 125% and 150% truncation levels are virtually identical
indicating that the bid curve does converge. Positive skew and variable kurtosis statistics are
indicative of non-normality for all distributions. The second part of Table 1 shows 95%

confidence intervals calculated using standard errors and by percentile methods.



The distributions of true, mean and median WTPs for the 1,000 samples in the
experiment are shown in Table 2. With 1,000 samples, welfare estimates are asymptotically
normally distributed and it is therefore possible to undertake simple single-factor ANOVA and
test the null hypotheses that various welfare measures are equal. Table 3 shows the results of
these analyses for a variety of groupings. The null hypothesis of interest is listed in the left-hand
column.

Table 2. Distribution of True and Calculated Welfare Measures for 1,000 Samples

Linear Functional Form Log-Linear Functional Form

WTP Range Woe  Win Wi o Wino ' W™ Wiy Wog ' Wiy Wig T Wiog
< 2.950 0 0 0 0 0 1 0
2.9511t0 2.975 0 6 0 0 1 5 1
2.976 to 3.000 11 17 11 11 9 9 9
3.001 to 3.025 18 14 17 17 9 18 9
3.026 to 3.050 25 73 26 21 20
3.051 to 3.075 85 108 86 80 88 88 92 90
3.076 to 3.100 102 143 105 110 776 93 /6 75 81
3.101 to 3.125 133 149 138 123 102 169 92 93 92
170
157
121
88

0

1

8

7

70 20 16 17
84

POOOOOOO0OO0o

3.126 to 3.150 159 156 149 159 169 176 172 168
3.151to 3.175 15 134 115 140 138 118 159 152 157
3.176 to 3.200 19 124 70 118 124 108 126 128 122
3.201 to 3.225 140 57 84 70 65 69 81 79 85
3.226 to 3.250 2060 82 39 70 80 61 47 /0 77 77

3.251to 3.275 272 43 18 42 43 62 28 53 65 64
3.276 to 3.300 213 19 4 19 20 26 1 26 23 24
3.301 to 3.325 84 3 0 4 3 2 3 2 5 5
3.326 to 3.350 36 5 4 5 6 2 4 4 2 2
3.351to 3.375 15 0 0 0 0 6 0 4 6 6
> 3.376 0 0 0 0 0 0 0 0 0 0

For the case of the linear utility function, the null hypotheses of equality between the true
welfare measure and each of the separate estimated welfare measures are strongly rejected. The
hypotheses that all four welfare estimates, the median and the mean calculated at three different
truncation levels, and true WTP, are equal are also strongly rejected. The results are essentially
the same for the model that uses a log-linear functional form. In that case, the F-statistics are
lower than in the linear utility model but still highly statistically significant.

The results of ANOVA indicate that the hypotheses of equality of median welfare

estimates and mean welfare estimates calculated using truncation levels of 125% and 150% of

10



the upper bid level cannot be rejected. For the log-linear utility specification, the approximation
of mean (equation [4]) also provides a welfare estimate that cannot be distinguished from median

or mean welfare estimates calculated using truncation levels of 125% and 150% of the upper bid

level.
Table 3. ANOVA Results
Null Hypothesis Degrees Linear Form  Log-Linear
Freedom Form

Intra-Form Hypotheses
W= W = W = W =W, 4 and 4,995 793.8%** 693.0***
W= WO = W = et 3 and 3,996 29.2%** 33.2%**
WO = W = W 2 and 2,997 40.5%** 46.0%**
W = W 1 and 1,998 54, 1%** 61.6%**
Wi = W 1 and 1,998 67.0%** 77.3%%*
W = W 1 and 1,998 0.8 0.9
W= W 1 and 1,998 2300.5%** 1944 1***
WO = W, 1 and 1,998 3411.2***  3090.5***
W = W, 1 and 1,998 2313.0%**  1975.5***
W = W, 1 and 1,998 2187.0***  1852.8***
Wiog =W 1 and 1,998 n/a 1.04
Woq = W 1 and 1,998 n/a 80.7*+*
Woq = W 1 and 1,998 n/a 1.31
Wog = W 1 and 1,998 n/a 0.04
W= W 1 and 1,998 54 5x** 63.1%**
W= W 1 and 1,998 0.001 0.014
W= W 1 and 1,998 0.75 0.69

Inter-Form Hypotheses
Wiy = Wog 1 and 1,998 8.97***
Wi ™ = Wy 1 and 1,998 6.48**
W™ = Wg™* 1 and 1,998 8.54***
Wi ™ = Wy 1 and 1,998 8.74%**

True WTP for the heterogeneous population of environmental altruists and non-altruists
is significantly different from the WTP estimates derived using the DCCV methodology. It
appears that neither of the empirical models can adequately account for the relatively simple
utility model developed by Madriaga and McConnell. The utility function is additive and non-
linear in the level of environmental change; the empirical models do not fully account for the

non-market values held by heterogeneous economic agents.
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The last section of Table 3 provides F-statistics for tests of the equivalence of welfare
measures obtained using linear and log-linear utility specifications. For median and mean
welfare estimates calculated at all three truncation levels, the null hypothesis of equality of
measures derived using linear and log-linear utility functional forms was rejected at the 5% or
1% levels of statistical significance. Significant differences in welfare estimates do result from

using alternative functional forms.

DISCUSSION

The main goal of this study was to address the technical question of whether estimated
welfare measures derived using CVM could provide accurate approximations of true welfare
values when agent preferences for nonmarket environmental amenities are heterogeneous. Using
a computational method, we reject hypotheses that true and estimated welfare measures are equal
in an artificial population of economic agents who possess well-defined utility functions and who
are heterogeneous in their degree of environmental altruism. In addition, the DCCV
methodology used in this study resulted in the rejection of hypotheses of the equality of welfare
measures derived using linear and log-linear functional forms.

Although the statistical significance of these results is not an issue, there are likely to be
different views as to the seriousness of the implications. The true welfare measure, compensating
surplus, for the artificial population was only 3% to 4% higher than the welfare estimates derived
using the DCCV methodology. This margin of error is not particularly high, especially when
compared to potential sources of error in “real-world” studies. Further, concern about WTP
estimates derived from CVM studies has been that they were too high rather than too low (Huang
and Smith 1998), but we found the opposite—in our case, the estimated welfare measures
actually underestimated the true welfare impacts.

On the other hand, the welfare estimates in this study were derived within a “perfect
world.” The myriad of potential problems with CVM surveys are eliminated when we use
computational experiments and artificial agents and markets. It is not unreasonable, therefore, to
expect that tools used to measure well being should at least be accurate in this perfect world. If
DCCV estimates are not accurate under conditions of perfect information and rationality, should

the tool be trusted to provide data that is used in real-world policy decisions?
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This is a normative question which this study cannot answer definitively although our
results suggest that estimated welfare measures are unreliable when there is agent heterogeneity
in environmental preferences, as is the case in the “real world.” This occurs even under simple
conditions when preferences are specified in accordance with economic theory, agents have
complete information, and there are no technical complications relating to survey design and
delivery. Thus, even if one accepts all the necessary assumptions required to use DCCV results
in CBA, however debatable they may be, there is still no guarantee cd¢henacy.

Possibilities for calibration of DCCV welfare estimates might still exist, but further
investigation is needed. If DCCV estimates are consistently lower than true welfare for
populations with heterogeneous environmental preferences then calibration might be possible.
There does not, however, seem to be any steopgori reasons why this should be the case.
Ideally, this study design could be expanded and used on a variety of functional forms for direct
and indirect utility to shed more light on this question, as well as different assumptions regarding
the distribution of true WTP.
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