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Are Recreation Values Systematically Underestimated? Reducing Publication
Selection Bias for Benefit Transfer

1. Introduction

There is great interest in the estimation of environmental values and in applying
estimated values from studied sites to sites for which there are no data (Bateman and
Jones 2003; Bergstrom and Taylor 2006; Iovanna and Griffiths 2006; Johnston et al.
2005, 2006; Nelson and Kennedy 2009; Rosenberger and Stanley 2006; Smith and
Pattanayak 2002). The benefits of such a transfer are obvious. Yet, benefit transfer
often entails large errors and substantial biases (Rosenberger and Stanley 2006). In
recent years, meta-regression analysis (MRA) is gaining acceptance as one method to
generate estimates of value suitable for benefit transfer (Bateman and Jones 2003;
Bergstrom and Taylor 2006 Johnston et al. 2005; Moeltner et al. 2007; Moeltner and
Rosenberger 2008; Rosenberger and Phipps 2007; Rosenberger and Loomis 2003),
although not without questions about its validity (Nelson and Kennedy 2009; Poe et al.
2001; Smith and Pattanayak 2002; US EPA 2007). Nonetheless, MRA, as well as all
other benefit transfer approaches to environmental valuation, are vulnerable to
publication selection bias (Nelson and Kennedy 2009; Rosenberger and Johnston 2009;
Rosenberger and Stanley 2006).

It is widely recognized in economics, medical research and the social sciences
that researchers, reviewers and editors have a preference for statistically significant
estimates. Statistical significance is often regarded as a criterion for scientific

meaningfulness. Insignificant empirical estimates are thought to contain no information



and are thus not considered sufficiently important to be published or even reported. As
Leamer and Leonard (1983) recognized a quarter century ago,

Empirical results reported in economic journals are selected from a large set

of estimated models. Journals, through their editorial policies, engage in some

selection, which in turn stimulates extensive model searching and

prescreening by prospective authors. Since this process is well known to

professional readers, the reported results are widely regarded to overstate the

precision of the estimates, and probably to distort them as well. Asa
consequence, statistical analyses are either greatly discounted or completely

ignored. (p. 306)

This tendency to report only statistically significant results is greatly bolstered
when there is also professional consensus regarding the existence and direction of an
effect—such as the ‘Law’ of demand. When environmental survey data are used to
estimate the price coefficient of a demand relation, the first estimated coefficient
produced will not necessarily be the one that is reported. Rather, analysts will wish to be
sure that the estimated demand relation is ‘valid.” Validity will require, at a minimum,
that the price coefficient be negative and in many cases that it be statistically significant
as well." Thus, the sample of reported estimates of environmental values may not be
random, and, if not, any summary of values will be biased. ‘“Publication bias (aka ‘file-
drawer problem’) is a form of sample selection bias that arises if primary studies with
statistically weak, insignificant, or unusual results tend not to be submitted for

publication or are less likely to be published” (Nelson and Kennedy 2009, p. 347).



In contrast to other economic applications, the publication bias in environmental
non-market valuation is likely to cause reported values to be underestimated, often by a
lot.> Nelson and Kennedy (2009) argue that ‘best practice’ in environmental meta-
analyses is to “(a)ssess the quality of the final results in light of formal tests for
publication bias. . ., including funnel plots and more advanced tests such as the funnel
asymmetry test (or FAT)” (p. 372). Unfortunately, these meta-analytic methods, found
useful in other areas of economic research, will likely cause the publication bias of non-
market environmental valuations to be much larger—see Section 5.3 below.

The purpose of this paper is to:

1. Document how publication selection bias may seriously underestimate
recreation values and how several conventional meta-analytic methods can
make this bias worse;

2. Offer meta-analytic methods that can reduce publication selection bias;

3. Validate and compare alternative estimators through Monte Carlo simulations;
and

4. Apply these methods to all reported values of freshwater fishing and thereby
to estimate its consumer surplus, corrected for publication selection bias.

The principal objective of this paper is to offer meta-analytic methods that
minimize publication selection biases routinely found among recreation valuations. Our
main finding is that all methods, whether conventional or meta-analytic, are vulnerable to
potentially large publication selection bias. Nonetheless, we offer novel MRA methods

that can be shown to reduce potential publication selection bias.



2. Publication Selection and Meta-Regression Analysis

Publication selection bias results from a literature of reported estimates that are not an
unbiased sample of the actual empirical evidence. Researchers and reviewers often have a
preference for statistically significant results or for results that conform to prior
theoretical expectations, or both. Publication selection has long been recognized as an
important problem in economics (e.g. Card and Krueger 1995; DeLong and Lang 1992;
Feige 1975; Leamer 1983; Leamer and Leonard 1983; Lovell 1983; Roberts and Stanley
2005; Tullock 1959, to cite but a few). This problem is receiving heightened scrutiny in
medical research as a consequence of the Vioxx and Paxil scandals.” A recent systematic
review of publication bias of clinical medical trials found that “trials with positive
findings . . . had nearly four times the odds of being published compared to findings that
were not statistically significant” (Hopewell et al. 2009, p. Summary). To counter the
intentional suppression of unfavorable research findings, leading medical journals now
require the prior registration of clinical trials as a condition for the later publication of
any of their findings (Fairman and Curtiss 2009; Krakovsky 2004).

In economics, it is unlikely that the consequences of publication selection will be
so dire; although mistaken economic research can have lasting effects on policy. At one
level, publication selection can be benign, even appropriate. Many editors and
researchers regard statistical significance as a necessary condition for scientific
importance. Regardless, publication selection can bias the entire distribution of reported
empirical values along with any summary of these values. For example, our simulations

show that the simple average may underestimate the actual recreation value many fold.



Worse still, conventional meta-analytic summary statistics, fixed-effects and random-
effects weighted averages, which have been recently recommended by Nelson and
Kennedy (2009) for routine use in environmental applications, are likely to make this
selection bias much larger (see Table 1). Any project or policy that hinges on an
environmental value estimate may, therefore, be grossly misinformed.

Wide application of meta-regression analysis in economics suggests that
publication biases are often as large as or larger than the underlying parameter being
estimated (Doucouliagos and Stanley 2009; Krassoi Peach and Stanley 2009; Stanley
2005a, 2008). For example, price elasticities of water demand have been found to be
exaggerated four-fold through publication selection bias (Dalhuisen et al. 2003; Stanley
2005a). The negative sign of own-price elasticity is often required to validate the
researcher’s estimated demand relation. Should a positive coefficient be produced,
researchers feel obligated to re-specify the demand relation, find a different econometric
estimation technique, identify and omit outliers, or somehow expand the dataset. Asa
result of such publication selection, reported price elasticities of water demand are
exaggerated by a factor of nearly four (Stanley 2005a). Needless to say, the water board
of a drought-stricken area will be greatly disappointed to find that a doubling of
residential water rates reduces usage by a mere 10% and not the expected 40%. Because
the ‘Law’ of demand is so widely accepted, demand studies will ironically exhibit the
greatest publication bias. Recreation valuation is often based on an estimated demand
relation. As a result, recreation values may contain large publication biases.

We need some method to mitigate publication selection if benefit transfer is to be

reliable. Over the past decade, meta-analysis has become routinely employed to identify



and correct publication selection (Ashenfelter et al. 1999; Card and Krueger 1995; Coric
and Pugh 2008; Doucouliagos 2005; Doucouliagos and Stanley 2009; Egger et al. 1997,
Gemmill et al. 2007; Gorg and Strobl 2001; Knell and Stix 2005; Krassoi Peach and
Stanley 2009; Longhi et al. 2005; Mookerjee 2006; Roberts and Stanley 2005; Rose and
Stanley 2005; Stanley 2005a, b, 2008). It has become standard practice to include the
standard errors (or their inverse, precision) in a meta-regression analysis (MRA) to

identify and correct for publication selection bias

effect, = B, + o, SE, + Z,y + &, (1)

(Card and Krueger 1995; Doucouliagos 2005; Doucouliagos and Stanley 2009; Egger et

al. 1997; Gemmill et al. 2007; Rose and Stanley 2005; Stanley 2005a, 2008). Where ¢,

is a random error, Z; is a matrix of moderator variables that reflect key dimensions in the
variation of the ‘true’ empirical effect (heterogeneity) or identify large-sample biases that
arise from model misspecification, and SE; are the reported standard errors of the
estimated effects.

Simulations have shown that meta-regression model (1) provides a valid test for
publication bias (Ho:00=0), called ‘funnel-asymmetry test’ (FAT), and a powerful test of
genuine empirical effect beyond publication selection (Hy:By=0), called a ‘precision-
effect test” or PET) (Stanley 2008).* The reason why this approach works is that the
standard error serves as a proxy for the amount of selection required. Studies that have
large standard errors are at a disadvantage in finding statistically significant effect sizes.

Effect sizes need to be proportionally larger than their standard errors, because statistical



significance is typically determined by a calculated t-value where the standard error is in
the denominator. Such imprecise estimates will likely require further re-estimation,
model specification, and/or data adjustments to become statistically significant. Thus,
we expect to see greater publication selection in estimates with larger SE, ceteris paribus.
This correlation between reported effects and their standard errors has been observed in
dozens of different areas of economics research.

However, for MRA model (1) to correctly identify publication bias, estimates
must be symmetrically distributed and independent of their standard errors in the absence
of publication selection. Unfortunately, environmental values derived from price
coefficients will not be independent of their standard errors, even in the absence of

publication selection. Therefore the FAT-PET-MRA, equation (1), is not applicable.

3. Why Conventional Meta-Analytic Methods to Correct Publication Bias Fail

Typically recreation values are transformed from estimated demand coefficients. Linear
and semilog relations are the most commonly employed demand models; where the latter
uses the logarithm of quantity. This is especially true of outdoor recreation valuation
literature, where we have identified 463 estimates from linear and 584 estimates from

semilog demand functions.” When a linear model of daily demand is estimated,

CS= -50/p (2)



(Adamowicz et al. 1989, p. 416). Where CS is the estimated consumer surplus, O is the

average daily quantity demanded, and ,8 is the estimated price coefficient. When the

semilog model is used, consumer surplus simplifies to:

CcS= -1/ 3)

(Adamowicz et al. 1989, p. 416).° It is this transformation of a statistical estimate, ﬁ ,

that causes consumer surplus and its standard error to be simultaneously determined,

thereby invalidating MRA model (1).’
Note how these formulas force researchers to report only negative values for ,@ ;

otherwise, consumer surplus is undefined or, worse, a meaningless negative value.
Because the purpose of these recreation studies is to estimate value, this sign constraint
will always be strictly binding.® It is the combination of the above consumer surplus
transformations and this sign constraint that gives reported recreation values their unique
distribution.

To further explore this distribution, we need to understand the relationship of
consumer surplus and its standard error. Because CS is a derived estimate from (2) or
(3), its standard error is proscribed by this transformation. To calculate the standard

error, the delta method is generally used.’

Si=-CSy S,/ =-CSyti = CS; 8, (4)



Where S; is the standard error of a consumer surplus estimate, S 5 is the standard error of

,@ , and ¢; is the t-value of ,@ (Davidson and MacKinnon 2004, p.205)."° Note how the

consumer surplus and its standard error are dependent upon one another. Any factor that
might influence the estimated price coefficient, including sampling error, will
simultaneously affect both CS; and its standard error, S;. Simple MRA models of
publication selection and its correction are invalid, because they assume that an estimate
and its standard error are independent in the absence of publication selection (Stanley
2005a, 2008)."

Worse still, larger standard errors will no longer signal greater publication
selection. Because value is a function of the inverse of the estimated price coefficient,
which is likely to be selected for statistical significance, selected consumer surplus will
often have a smaller standard error than those not reported. To see this, recall equations
(2), (3) and (4). Imprecisely estimated demand relations (i.e., those with small samples)
will need to report larger price coefficients (in magnitude) in order to be statistically
significant. Such selected price coefficients will produce smaller CS; and S; values. This
follows directly from equations (2) and (3). Furthermore, the standard error of CS; will
also tend to be smaller because consumer surplus is smaller—equation (4). Again, it is
this transformation of price coefficients to values that obscures the usual trace of
publication selection that can be found in the relationship between standard errors and the
associated reported estimates. Rather, this transformation imparts its own unique
distributions and relationships upon CS; and S;, regardless of publication selection. As a
result, methods designed to mitigate publication selection bias found useful in other areas

of research will only make recreation value estimates more biased.



[INSERT FIGURE 1 HERE]

To see how this transformation of price coefficients distorts estimates of value,
consider the funnel graph, Figure 1. A funnel graph plots precision, the inverse of the
standard error (1/S), against estimates of empirical effect (consumer surplus). Funnel
graphs are widely used in economics and medical research to identify publication
selection or its absence (Doucouliagos and Stanley 2009; Stanley 2005a; Sutton et al.
2000). In the absence of publication selection, the plot should resemble an inverted
funnel, peaked at the top and symmetric (see Figure 2). Here, the transformation of price
coefficients to value and the selection of negative, but not necessarily statistically
significant, price coefficients generates extreme asymmetry unlike anything seen in other
areas of economics research—see Figure 1. As a result, conventional meta-analytic

methods will not be valid for recreation valuation.

[INSERT FIGURE 2 HERE]

4. Using the Square Root of the Sample Size to Identify Publication Selection

As discussed above, the transformation of price coefficients to consumer surplus values

causes consumer surplus and its standard error to be simultaneously determined, and S;

will be a poor indicator of the severity of publication selection. Thus, an obvious

approach to circumvent this difficulty would be to substitute a measure of precision that

10



is not tainted through this process of transformation. The inverse square root of the
sample size is just such a proxy for the standard error of consumer surplus, S; and it has
been used elsewhere for this very reason (Stanley 2005a, b). Begg and Berlin (1988)
show that publication bias is proportional to the inverse of the square root of sample size.
“(T)heoretical models predict that publication bias is strongly and inversely related to
sample size” (Berlin et al. 1989, p. 383).

The connection of a study’s standard error and the square root of its sample size,
\n; (or degrees of freedom), has been made previously by meta-analysts. For example,
Card and Krueger (1995) use the inverse of the square root of the degrees of freedom as a
proxy for the standard error and its associated statistical power in their meta-regression
analysis of minimum-wage elasticities. Stanley (2005a) uses \r; as an instrumental
variable for precision to correct for potential error-in-variables bias that arises when a
sample estimate of 1/§; is required as an independent variable in the WLS version of
equation (1). And, Stanley (2005b) employs Vn; as a proxy for the precision of statistical
tests that possess no standard error. Here, the use of 1/\/n,- allows us to avoid the
potential simultaneity bias of employing S; in MRA model (1) when CS; is the dependent
variable.

Ceteris paribus, larger samples lead to smaller standard errors of the price
coefficient (S ;). With larger samples, demand can be estimated more precisely and
price coefficients are more likely to be statistically significant with little or no extra
specification searching. In fact, the standard error of the price coefficient can be shown

to be proportional to the inverse of the square root of the sample size (1/Vn;), under the

conventional statistical assumptions. The advantage of the square root of the sample size
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is that it cannot be affected by the transformation of demand to values. Nonetheless, its
inverse should remain correlated to the severity of publication selectivity.

Substituting 1/\n; for SE, in MRA model (1) and consumer surplus estimates for

effect; gives:

CS, = B, +a,(1n)+ Zy +e, (5)

In the absence of publication selection, estimates of the price coefficient will be
independent of the number of observations used in their estimation. Because consumer
surplus is the inverse of the estimated price coefficient, it too will be independent of the
sample size. However, with publication selection for statistical significance, this
independence ends. Small-sample studies are less likely to be statistically significant on
their own; thus, researchers will tend to engage in some additional specification searching
to obtain the required significance. 1/\n; will be correlated to the expected publication
bias, should it be present.

As before (recall footnote 2), MRA model (5) will have heteroscedastic errors;
thus some version of weighted least squares should always be used to estimate (5).
Correcting for heteroscedasticity may be accomplished either by multiplying equation (5)
through by Vn; or by using some pre-programmed WLS routine with n; as the weights. In
the next section, we report Monte Carlo simulations of this ‘Root-n” MRA, equation (5),

and compare its properties to alternative estimates of recreation value.
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5. Simulations

5.1 Simulation design

Our simulations are grounded firmly on the observed distribution of outdoor recreation

values. Observed statistics from the actual distribution of reported nonmarket values of

freshwater fishing define key parameters of the data generating process upon which these

simulations are built.'*> For the purposes of these simulations, we assume that value

estimates are derived from price coefficients through transformations such as those found

in equations (2) and (3). Publication selection occurs at two levels. First, consumer

surplus must be positive to be meaningful, which implies that the price coefficient must

be negative.”’ Secondly, there will be selection for statistical significance; e.g., 93% of

the reported price coefficients in the outdoor recreation literature are statistically

significant. Different combinations of these two publication selection mechanisms are

explicitly simulated.

The basic structure of our meta-analysis simulations may be roughly sketched as:

1.

2.

Generate the price-quantity data randomly.'*

Use OLS to estimate the price coefficient, £, and to test Hyp:/~0. Generate
various mixes of negative and significantly negative price coefficients.
Use these selected price coefficients and their standard errors to generate
estimates of consumer surplus and their standard errors.

Simulate meta-regression model (5) and several alternative estimators of

consumer surplus by repeating the previous steps either 80 or 240 times. At

13



this stage, meta-regression model (5) and alternative estimators are calculated
to provide summary estimates of consumer surplus.
5. Repeat all of the above steps 10,000 times while tracking each estimator’s

expected value (hence, bias) and MSE (mean squared error).

The first step, above, defines the data-generating process. The price variable (P;)
for each study is simulated by a random normal variable (x=20, o=5). The logarithm of

quantity, Y; is then generated from:

Y =5.5 + P +BuXa: + e; i=1,2,...n (6)

e; ~NID(0,.5). The ‘true’ price coefficient, S, is assumed to be either -.02 or -.01."> In
the valuation of freshwater fishing the average reported price coefficient is -.024.'® We
simulate only the semilog form of the demand relation; thus, Y; is the natural logarithm of
quantity. Given the parameters of the generating distributions, equation (6) implies that
the average R” of this demand relation is approximately 11% and the correlation
coefficient between price and the logarithm of quantity is about 0.33. The £.X5; term
induces misspecification bias, in general, and omitted-variable bias, in particular.

As is widely known, omitting a relevant variable from a regression model causes
the estimate of a regression coefficient to be biased and inconsistent. Because this bias
remains in large samples, it can be mistaken for a genuine effect, potentially causing
problems for all summary estimators. Although only omitted-variable biases are

simulated here, they serve to represent any type of large-sample, misspecification bias (or

14



inconsistency). Random misspecification bias is induced by making £ in equation (6) a
random normal variable, N(0, 65,4), for each study.

This random misspecification bias acts as ‘heterogeneity,” which is widely
recognized as a key parameter by meta-analysts (Hedges and Vevea 1996; Moreno et al.

2009; Stanley 2008). The most influential magnitude for the performance of the meta-

regression methods is the size of the typical misspecification bias, Gy, relative to the
sampling error, G, (Stanley 2005b, 2008). An accepted way to measure the magnitude of

this unexplained heterogeneity is I, which measures the percent of the total observed
variation due to unexplained heterogeneity (i.e., not attributable to random sampling
error) (Higgins and Thompson 2002)."” For freshwater fishing, /= 92%. As discussed
more fully below, this means that unexplained heterogeneity (or omitted variable bias)
routinely swamps sampling error and any underlying price signal, £. In other
applications, Stanley (2005b, 2008) and Moreno et al. (2009) find that heterogeneity in
excess of 50% renders all known methods to deal with publication selection ineffective
and unreliable. Unfortunately, recreation valuation is likely to have such excessive
heterogeneity.

Rather than using any arbitrary values of these key parameters, we adjusted the
standard deviations of P, of £, and e; to approximate the key dimensions found among
752 reported estimates of the value of freshwater fishing and their standard errors. In
particular, we force our simulations to have approximately the same relative
heterogeneity and coefficient of variation as those observed among all reported
freshwater fishing values. The coefficient of variation is used to reflect the extreme

skewness found in these distributions. Most importantly, we fine tune the standard
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deviations of A, and e; until the observed unexplained heterogeneity is approximately the
same as what is observed among freshwater fishing values ("=92%). Also, the observed
ratio of standard deviation among reported consumer surplus values to the average
reported standard error of these estimated consumer surplus values is forced to be the
same in the simulations as that found in the literature, approximately 4 to 1. Using these

key dimensions of freshwater fishing values as bench marks for our data generating

process implies that: f=-.02, G =50 and Gp;,=.03.

Sample sizes chosen for the estimation of demand are {20, 100, 500, 800, 1000} .
The meta-regression models are assumed to be estimated using either 80 or 240 studies.
Eighty is chosen because there are four specific types of outdoor recreation activities that
report a larger number of estimates (freshwater fishing, big-game hunting, waterfowl
hunting, and wildlife viewing), while three of these areas have an excess of 240
estimates. MRA sample sizes have little effect on the bias of these alternative estimators
of value. To save space, only the simulation results of MRA n=80 are reported in the
text. The simulations for n=240 are reported in the Appendix.

Two distinct, yet overlapping, types of publication selection mechanisms are used
by these simulations. First, only negative price coefficients are reported in the outdoor
recreation literature. Given the small magnitude of the average reported price coefficient
(-.024) and the large observed heterogeneity (92%), this could not happen without
explicit selection. Even if there is indeed a genuine, but small, price effect, sampling
error and the large potential variation due to specification choices would almost
guarantee that some of the estimates produced would be positive and a few more would

be negative but statistically insignificant. Thus, our simulations select all estimates to be
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either negative or significant or both. However, different ratios of these two types of
selection are explicitly simulated. We begin by assuming that 75% of the reported
estimates are selected to be statistically significant (recall that 93% of the outdoor
recreation values are). This leaves the remaining 25% to be selected as negative, thereby
ensuring that consumer surplus is positive. Three other mixes of these selection
mechanisms are simulated (87.5%, 94% and 100%), including the possibility that all
price coefficients are selected to be significantly negative (100%). In all cases, price-
quantity data are generated according to the above data generating processes, and the
demand relation (6) is estimated by conventional regression analysis (OLS). If the
resulting price coefficient does not have the desired property, then entirely new random
data are generated and the selection processes continue until a suitable estimate is

randomly produced and then selected.'®

5.2 Alternative Summary Estimators of Environmental Value

Alternative conventional meta-analytic methods are simulated and compared to our Root-
n MRA, equation (5). First is the simple mean of the reported consumer surplus (CS)
values, ‘Mean.” Next, two widely employed weighted averages, fixed- and random-
effects, are also simulated and compared to Root-n MRA, because these have been
recommended for routine use in environmental applications (Nelson and Kennedy 2009).
The fixed-effects estimate (FE) is a weighted average of CS; where the weights are the
inverse of each estimate’s variance, 1/S;. Similarly, the random-effects (RE) estimate is

a weighted average of CS, but here the weights are the inverse of a more complex
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estimate of each variance.'” For RE, this variance has two components: an estimate of
the heterogeneity variance across studies and sampling error within a study.*’

We also offer a modified fixed-effect estimate that uses the sample size, n; as a
proxy for the inverse of each estimate’s variance and therefore as the weight. The
motivation for employing this ‘weighted by n’ average, or Wn, is the exact same as that
used to derive Root-n. As discussed above, the transformation of price coefficients to
values distorts both the estimated values and their standard errors. Because sample size
is unaffected by this transformation to consumer surplus, it serves as an alternative proxy

for the inverse of each estimate’s variance.
Lastly, we report the WLS (weighted-least squares) estimates of ,5’0 from

equation (1). This coefficient has been recognized to correct for publication selection

(Moreno et al. 2009; Stanley 2008; Sutton et al. 2000). Although this precision-effect
estimator, ,30 , has been shown to be useful in other contexts (Doucouliagos and Stanley
2009; Krassoi Peach and Stanley 2009), it is extremely biased in recreation valuation
applications (see below). Our only purpose in reporting several of these estimators (ﬁo ,

FE and RE) is to document that they should not be used in environmental valuation

applications.

5.3 Simulation Results

[INSERT TABLE I HERE]

18



Table 1 presents the average values of six alternative estimates of consumer surplus from
10,000 replications when each meta-analysis has access to 80 estimates of nonmarket
value, its standard error and the sample size used to make this estimate. For the sake of
robustness, key parameters have been both doubled and halved from their benchmark

values dictated by freshwater fishing valuation. The most obvious lesson that can be
drawn from these simulations is that FE, RE, and the MRA coefficient, 5'0 , are likely to

be very biased, grossly underestimating recreation values. In spite of Nelson and
Kennedy’s (2009) recent recommendation, these conventional summary statistics are
likely to underestimate environmental values, often by a lot. The precise magnitude of

this bias depends on a complex interplay of the relative strength of the two selection

mechanisms and the underpinning magnitudes of f3, o, and Chias-" "

Turning to ﬁo first, its mean is but a small fraction, 15 to 40%, of the actual value

($50)—Table 1. Likewise, both FE and RE have large downward biases underestimating
value by well over 50%. In all cases, these three estimators are dominated by other
approaches, including the simple average, (i.e., ‘Mean’). The reason for these large
biases is clear. All use some function of the inverse of ; as precision and weight the
individual estimates accordingly. As we discussed in Section 4, such weights are likely
to be inversely related to the actual precision of estimation, distorted by the
transformation of price coefficients to consumer surplus values. The wrong CS estimates
are being given the largest weights. Because these biases tend to be quite large (see
Tables 1 and 2), environmental economists would do well to avoid using these

conventional meta-analytic methods.
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Next, consider the simple average of consumer surplus estimates, ‘Mean.’ In the
large majority of cases it too underestimates value. Across all simulations, this bias

represents an underestimate of over 30%. The only case where the average overestimates

value is when both 6., and 6,4 are small. In this case, there is little need for selection

for statistical significance, because the estimates are likely to be significant without
selection. Also, when Gy, is small, there will be less distortion from misspecification

bias, which, due to selection, tends to inflate the price coefficient and thereby lower the
CS estimate. Even when the mean overestimates values, it does so by a small amount,
under 6%. In this single case where the mean overestimates value, skewness, as
measured by the coefficient of variation, is less than the actual reported estimates of the
recreational values of freshwater fishing. Thus, the overwhelming practical lesson of
these simulations is that past benefit transfer studies that used a simple or weighted
average are likely to have underestimated value due to publication selection. And, this
underestimate may have been large enough to be of practical significance for policy.

The potential for large bias becomes yet more clear when one realizes what
happens if the true CS was $100, rather than $50 as assumed in Table 1. Table 2 presents
the average values of these six alternative estimators under all the same conditions as
before. The only difference is that the true price coefficient (-.01) is half of what it is in
Table 1. Here, selection for statistical significance needs to be considerably more
intense, causing larger publication bias, on average. Large underestimates of CS are seen

consistently across all estimators and simulation conditions (Table 2).

[INSERT TABLE 2 HERE]
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Finally, we turn to the new n-estimators that are introduced in Section 4. First,
note that Root-n MRA greatly reduces publication bias (Table 1). Its average bias is only
-5.5%. Similarly, the weighted average that uses the sample size as the weight (Wn)
nearly halves the downward bias of the simple average (-17.7%). These two ‘n-
estimators’ can be biased in either direction. Like the mean, they tend to overestimate the
actual value when selection for statistical significance plays a minor role and is
dominated by selection for a negative price effect. These conditions are associated with
small values of both sampling errors and heterogeneity. However, none of the conditions
that produce this overestimation seen in these simulations match the observed values of

freshwater fishing. The conditions in Table 1 that most closely resemble freshwater

fishing values are: 6,=.50 & Gpj4s=.03, 6, =.25 & Opjqs=.045, and 6,=.50 & Gp;as=.045.

In these three cases, both Root-n and Wn greatly reduce publication selection bias,
although they too underestimate consumer surplus.

It may also be worthwhile to note the effect that alternative intensities of selection
for statistical significance has on bias. As mentioned above, as selection for significance
becomes more dominant (from 75% to 100%), all of these estimates of consumer surplus
decrease, increasing publication bias. As we move down Table 1 or 2, more intense
selection for significance requires larger negative price coefficients, which when
transformed, produce smaller consumer surplus estimates. Nonetheless, the overall
pattern of bias remains; it only intensifies with more intense selection for statistical

significance.
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When we look at Table 2, the bias of all methods greatly increases. As discussed
above, this inflation of bias is due to the increased intensity of selection for statistical
significance required to make up for the fact that the true price coefficient is only half of
its previous value (-.01 vs. -.02). When selection for statistical significance is this
dominant, all estimators average under 50% of the true value (CS=$100), with the
exception of Root-n which averages $56. In all cases, both Wn and Root-n dominate the
other summary estimators. Nonetheless, all methods arguably have unacceptably large
biases. Focusing on those cases most closely resembling freshwater fishing is of little

help if CS=$100. Here, only two cases produce statistics similar to the freshwater fishing

distribution (6,=.25 & Gpias=-045 and 6,=.50 & Gpiqs=.045). Although both n-estimators

dominate the alternatives for these cases, both estimate consumer surplus to be much less

than its actual value.

[INSERT TABLE 3 HERE]

Lastly, we would be remiss if we were to ignore the mean square error (MSE) of
these alternative estimators (see Tables 3 and 4). Due to the large publication selection
bias of all estimators, bias swamps conventional estimation error in most cases. As
clearly seen in Tables 3 and 4, the n-estimators have lower MSE and are thereby more
efficient in the great majority of cases and comparisons. The n-estimators are entirely
dominant when CS=$100 (Table 4), but the simple mean sometimes outperforms these

estimators when the true CS=$50 and heterogeneity are small. By all statistical criteria,
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we have reason to prefer our n-estimators, especially when the simulations closely

resemble conditions found among freshwater fishing values.

[INSERT TABLE 4 HERE]

Simulation results are similar when the meta-analyst has n=240, rather than 80,
value estimates (See Appendix Tables 1-4). If anything, having more observations

improves the relative performance of our n-estimators.

6. Meta-Regression Analysis of Freshwater Fishing Valuation.

[INSERT FIGURE 3 HERE]

An extensive literature search and meta-analysis identifies 2,594 estimates of the value of
various outdoor recreation activities.”> See Rosenberger and Stanley (2007) for a more
complete description of the methods, scope and descriptive statistics of this meta-
analysis. To minimize heterogeneity, we confine our attention here largely to a single
outdoor recreation activity—freshwater fishing.>> Freshwater fishing is selected because
it has the largest number of reported estimates of consumer surplus per person per day
(n=752; 681 of which also report sample sizes). Figure 3 displays the highly skewed,
wide distribution of reported consumer surplus values, from $.48 to $420.57, with a mean
of $53.81. The standard deviation is $54.36, which makes the coefficient of variation

over 100 percent.
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Our major concern is whether publication selection is likely to cause large biases
in this literature. If so, we seek some method that may reduce these biases. Thus, we
turn to the ‘n-estimators’ introduced in the previous sections. The ‘weighted by n’
estimate (Wn) for freshwater fishing is $53.05, little different than the simple mean.
Likewise, the root-n estimate is not much smaller than the others, $48.68, and within
Root-n’s sampling error (se = $3.38) (See Table 5 column 1). It is reassuring that the
three lesser biased estimators give roughly the same consumer surplus estimate for
freshwater fishing, approximately $50.

Fortuitously, there is no evidence of any downward bias among freshwater fishing
values (t=1.74), and publication selection explains little of the variation found among
reported CS values (R’ = 0.4%). Recall that testing the coefficient on 1/ln; serves as a
test for the presence of publication selection (Stanley 2005a). This coefficient on //Aln; in
Table 5 implies that a study which uses a mere 100 observations would bias consumer
surplus upward by $12.37, while a study that has access to 10,000 surveys would have an
upward bias of only $1.24. Because large biases in consumer surplus estimates are found
only when they are underestimated, our Root-n MRA provides some reassurance that this

corrected estimate does not contain a large bias.

[INSERT TABLE 5 HERE]

However, we are not so lucky when we consider the values across all outdoor

recreation activities. Here, there is evidence of a modest negative bias (t=-.261; p<.01)—

see Table 5 column 2. By this MRA estimate, a study that uses 100 observations would
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underestimate CS by $14.84, while 10,000 observations imply an understatement by
$1.48. Needless to say, both of these corrected estimates of outdoor recreation value
{$48.74 & $64.42} are statistically significant (t={14.5 & 31.1}; p<.0001).**

The relative positions of alternative estimators found in our simulations are also
confirmed by this application to freshwater fishing. That is, the fixed-effects weighted
average is $22.02, and the random-effects is $34.74. These are very similar to the
simulations reported in Table 1, where FE and RE are much smaller than the simple

average and the corrected averages. Likewise, as predicted by our simulations, the
freshwater fishing estimate of ﬁ'o ($14.55) is much lower than all of the other estimates

of value. It is comforting to find that the relative values of the alternative estimators
found in the simulations are seen among actual reported values.*

Unfortunately, we cannot entirely rule out the possibility that all estimators of
recreation values have substantial downward bias. As shown in our simulations when the
‘true’ consumer surplus is $100 (Table 2), all methods can produce large downward
biases. If this worst case scenario were true, our Root-n MRA would, nonetheless, be the
least biased. Secondly, when the selection biases are especially large and we have a large
sample (recall that n=681 for freshwater fishing), the funnel-asymmetry test on the
coefficient of //\n; would likely show evidence of such selection, and it does not. Lastly,
in those simulations that produce large downward biases for all estimators, the sample
mean is much smaller than our n-estimators, which is not true for freshwater fishing. To
insure their broad applicability, these n-estimators should be tested on other collections of

environmental values that are derived from different methods and estimators.
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7. Conclusion

This study reveals how the transformation of price coefficients to environmental values
often distorts the observed distributions and can lead to large underestimates of value.
The selection of statistically significant negative price coefficients tends to impart an
upward bias (in magnitude) to reported price coefficients. However, consumer surplus
depends on the inverse of the estimated price coefficient. Thus, any systematic
overestimate of price coefficients translates into a downward bias for estimates of
environmental values. Monte Carlo simulations, grounded upon the observed
characteristics of freshwater fishing values, confirm this downward publication bias and
finds that it can be quite large.

Meta-regression analysis (MRA) can help to fill the gap between theory and
practice famously identified by Leamer (1983) and others. However, special care needs
to be exercised when attempting to model and correct for publication selection in
environmental valuation. Unfortunately, conventional meta-analytic methods only make
the downward bias of the average environmental value much worse. The most important
implication of our simulations is that conventional meta-analytic methods (fixed- and
random-effects weighted averages, funnel graphs, trim-and-fill, and meta-regression
models of publication bias that use the standard error) should not be employed for
environmental values if values are calculated from estimated demand relations or other
‘price’ variables. In many cases, the downward bias of these conventional meta-analytic

methods is very large.
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To reduce the likely publication selection bias in consumer surplus estimates, we
offer and validate alternative meta-analytic methods—‘n-estimators.” In particular, Root-
n meta-regression analysis (Root-n MRA) uses the square root of the sample size (n) as a
proxy for the precision of the reported value. Unlike the standard error, the sample size
cannot be affected by the transformation from price coefficient to consumer surplus and
will not, as a result, be endogenously related to the estimated consumer surplus value. In
the same spirit, we recommend an alternative weighted average (‘weighted by n’ or Wn)
that uses the sample size as the weight. Simulations show clearly that in most cases these
‘n-estimators’ reduce publication bias and dominate the alternative estimators by the
mean square error criterion. Nonetheless, these simulations also reveal that all
estimators, including our n-estimators, can have large downward bias and grossly
underestimate environmental values. The major limitation of the n-estimators is that the
square root of the sample size is often a poor proxy for the incidence of publication
selection. Nonetheless, simulations show that even this poor proxy greatly reduces
publication selection bias.

In the absence of some reliable method to validate the overall estimate of
environmental value, what might environmental economists do? First, they should be
aware of the possibility that all estimators might contain large downward biases due to
publication selection. Secondly, the field should demand that all estimates, whether
significant or not, be publically reported.

To minimize publication selection bias, leading medical journals require the prior
registration of clinical trials as a condition for the later publication of any of their

findings (Fairman and Curtiss 2009; Krakovsky 2004). A similar effort to increase the
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accountability in valuation research may be warranted. Environmental economics
journals and sponsors of environmental valuation studies might require full disclosure of
data and model estimates (Loomis and Rosenberger 2006). As Rosenberger and Stanley
(2006, p. 377) note, “an e-journal whose sole purpose is the accurate and complete

recording of studies that estimate value” should be established.
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Endnotes

' At least this is the case in the outdoor recreation valuation literature. An extensive literature review finds
no positive price coefficient, and 93% of the reported price coefficients are statistically significant
(Rosenberger and Stanley 2007).

> We do not wish to imply that selection for statistical significance and negative price coefficients are the
only types of selection biases in environmental research. For example, Hoehn (2006) documents how
research priority (i.e., the selection of unique or highly valued sites) can cause the overvaluation of
wetlands by as much as four-fold. See Rosenberger and Stanley (2006) and Rosenberger and Johnston
(2009) for a broader discussion of alternative sources of bias in environmental valuation.

% As several court cases have alleged, Paxil has the unfortunate side effect of increased teen suicide, while
Vioxx’s side effects include the increased risks of heart disease. Life-threatening side effects were well
known from clinical trials, but the reporting of these side effects was suppressed by the sponsors of the
clinical trials (Foley 2007; Krakovsky 2004; Nesi 2008).

* Typically, the weighted least squares (WLS) version of (1) is estimated because the standard error of the
effect; (SE;) will vary greatly from estimate to estimate. WLS may be derived by dividing (1) by SE;. Asa
result, the estimate’s reported t-value becomes the dependent variable, while 1/SE; (or precision) becomes
an independent variable—hence the name, ‘precision-effect test.’

> See Rosenberger and Stanley (2007) for details of the recent meta-analysis of outdoor recreation valuation

that is used to provide empirical estimates and benchmarks throughout this paper.
% We divide the conventional formulas by ( , because recreation values are expressed in terms of dollars

per person per day.

" By extension, dichotomous choice models exhibit similar relationships among “prices’ and welfare
measures (Hanemann 1984, 1989).

¥ Areas of research that are based upon the ‘Law’ of demand exhibit significantly greater publication bias
than others areas of economics. Nonetheless, economists recognize exceptions to the law of demand (e.g.,
Giffin goods or ‘snob’ goods). In other areas where demand is estimated, meta-analysts typically find a
few reported positive price coefficients (for example, Dalhuisen et al. 2003; Stanley 2005a). But this is not

the case for environmental valuation. In the 983 reported price coefficients that can be found in the outdoor
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recreation literature, not a single one is positive. Thus, this constraint to report meaningful consumer
surplus values seems to impose a more stringent sign constraint on the price coefficient for environmental
services when used for non-market valuation.

? Other methods (for example bootstrapping) may also be used, but they will give approximately the same

relation between CS and its standard error, S,

' From the delta method, S; =-k § P / Bz ; where k is defined by equation (2) or (3) as CS = k/ ﬁ’

Equation (4) then follows.

" This is not generally a stringent assumption and is routinely satisfied in most areas of empirical research.
Research studies that report t-values or confidence intervals have already made the assumption that
estimates are independent of their standard errors.

12 Estimates for a single activity category (freshwater fishing, n=752) were extracted from the broader
recreation use values database (n=2,705) in order to minimize heterogeneity across activity category while
maintaining a large number of observations. Freshwater fishing provides nearly 28% (n=752 out of 2,705
estimates) of observations in the database out of 27 activity categories identified.

1 Most (i.e., 60%) of the large CS estimates (those over $500 per person per day) come from models whose
authors claim are ‘bad.” Hence, for our meta-analysis, we trimmed CS values >$500 on the belief that they
are somehow in error or derived from a misspecified model. To be consistent, we also put an upper limit
on reporting CS values in our simulations ($300). Simulations without any upper limit clearly show that a
very small value of the price coefficient will occur occasionally when selection is for negative price
coefficients and that this small price coefficient produces a very large estimate of CS. Rather than a ‘bad’
model, random but small price coefficients might explain why about 1.5% of the reported consumer surplus
values for outdoor recreation exceed $500.

' To be more precise, prices are generated as a random normal variable, and quantities are then generated
from a demand relation using these randomly generated prices. See below for the details. Author created

GAUSS programs are used for all of the simulations. These are available upon request.

'3 As discussed in more detail below. The key parameters, O, and f, are varied to investigate robustness.
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' This average value is likely to be biased upwards due to publication bias. Thus, we lower the magnitude
a little to allow for some publication bias. We also useff=-.01 for the sake of robustness and because some
outdoor activities (notably mountain biking and non-motorized boating) have substantially higher average
consumer surplus values (hence smaller price coefficients).

7 The easiest method to calculate 7 is to run a simple MRA, forced through the origin, between a study’s
t-value and its precision, 1/S; (Higgins and Thompson 2002, p. 1547). Then, I* =( Se¢’ -1)/ Se’ ; where Sé’ is
the estimated error variance from this MRA.

'® These simulations produce funnel graphs that resemble quite closely the graphs of the actual reported
values of outdoor recreation.

' The terms ‘fixed- and random-effects’ are used differently in the meta-analysis literature than in
econometrics. Here, we are referring to simple weighted averages of the reported estimates not to
multivariate panel estimators, as these terms refer to in econometrics. Although these more sophisticated
panel models are often employed in meta-analysis (Bateman and Jones 2003; Rosenberger and Loomis
2000), employing them here is beyond the scope of our current paper.

2% See Sutton et al. (2000) and Cooper and Hedges (1994) for the details of the necessary calculations.

2! For a given f, the bias, as a percent of the observed mean, can be predicted rather well by a regression
on the observed values of the heterogeneity and sampling standard deviations.

22 This is after we omit any estimate where either the author explicitly identifies as ‘bad’ or is over $500.

3 Recall that unexplained heterogeneity is the principal driving force that increases publication bias.

* We do not wish to imply that the simple MRAs reported in Table 5 fully explain or adequately estimate
outdoor recreation values. Undoubtedly, there is much systematic heterogeneity among these reported
estimates of CS that needs to be captured by more complex multivariate MR As, not the least of which is
between different outdoor activities. We have estimated a multivariate root-n MRA for freshwater fishing
that explains 61% of the observed variation among CS estimates, but space limitations do not permit a
comprehensive analysis or complete discussion of the systematic heterogeneity that can be found among

outdoor recreation activity values.
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» The astute reader will note that the relative values of the better estimators (the simple mean, Wn and
Root-n) are not exactly mirrored in the actual reported values of freshwater fishing. However, these three
estimates are all within their respective sampling error from one another. Thus, their relative positions are

not well defined for this application to freshwater fishing.
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Figure Captions

Figure 1: Simulated Values and their Precision, 1/S (No Selection for Significance) (See
section 5 for simulation discussion)

Figure 2: Funnel Graph of Union-Productivity Partial Correlations (r) (Source:
Doucouliagos and Laroche (2003))

Figure 3: Frequency Distribution of Consumer Surplus Values: Freshwater Fishing
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Table 1: Means of Alternative Estimators of Value (True CS=$50 & n=80)

Hetero- | . | Selection | Wn | Mean | FE RE B, Root-n
geneity Incidence

25 75% 59.27 52.90 | 25.83 | 37.53 | 20.29 65.09

25 87.5% 59.02 51.74 | 25.81 | 37.41 | 20.21 65.68

25 94% 59.05 51.21 | 25.80 | 37.38 | 20.17 66.23

25 100% 58.91 50.61 | 25.78 | 37.28 | 20.13 66.51

.50 75% 52.00 44.49 | 24.20 | 30.72 | 18.00 59.02

Gpias—-015 .50 87.5% 50.63 42.25 | 24.09 | 30.43 | 17.71 58.51

.50 94% 49.91 41.08 | 24.03 | 30.29 | 17.55 58.21

.50 100% 49.23 39.95 | 23.93 | 30.14 | 17.35 57.98

1.0 75% 42.93 35.06 | 16.71 | 22.30 | 8.64 50.42

1.0 87.5% 40.28 31.89 | 16.39 | 21.92 | 7.61 48.38

1.0 94% 38.87 30.26 | 16.20 | 21.76 | 7.01 47.24

1.0 100% 37.54 28.67 | 16.07 | 21.59 | 6.49 46.20

25 75% 48.39 43.10 | 15.67 | 27.10 | 12.49 53.32

25 87.5% 48.20 42.05 | 15.69 | 27.02 | 12.48 53.97

25 94% 48.09 41.57 | 15.67 | 27.02 | 12.46 54.19

25 100% 48.05 41.10 | 15.63 | 26.99 | 12.41 54.54

.50 75% 41.81 36.27 | 15.30 | 22.80 | 11.88 47.03

Gbias=-03 .50 87.5% 40.48 34.25 | 15.30 | 22.64 | 11.80 46.41

.50 94% 39.88 33.27 | 15.26 | 22.60 | 11.73 46.17

.50 100% 39.26 32.27 | 15.26 | 22.52 | 11.69 45.93

1.0 75% 34.79 29.19 | 13.63 | 17.56 | 9.66 40.09

1.0 87.5% 3241 26.38 | 13.52 | 17.36 | 9.32 38.20

1.0 94% 31.30 25.01 | 1346 | 17.26 | 9.13 37.38

1.0 100% 30.09 23.61 | 1342 | 17.17 | 8.98 36.36

25 75% 40.06 35.83 | 11.24 | 21.24 | 9.02 44.04

25 87.5% 39.93 3499 | 11.25 | 21.23| 9.01 44.58

25 94% 39.84 34.60 | 11.25 | 21.21 | 9.01 44.74

25 100% 39.84 34.22 | 11.21 | 21.20 | 8.97 45.12

.50 75% 34.68 30.40 | 10.97 | 18.13 | 8.67 38.74

Opias=-045 | .50 87.5% 33.61 28.72 1 10.99 | 18.03 | 8.64 38.26

.50 94% 33.07 27.88 | 10.98 | 18.00 | 8.62 38.02

.50 100% 32.60 27.08 | 1098 | 17.95 | 8.60 37.86

1.0 75% 29.15 2493 |1 1047 | 1455 | 7.90 33.13

1.0 87.5% 27.24 225511042 | 1440 | 7.75 31.75

1.0 94% 26.34 21.44 11040 | 1434 | 7.68 31.04

1.0 100% 25.33 20.23 |1 10.41 | 14.27 | 7.63 30.26
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Table 2: Means of Alternative Estimators of Value (True CS=$100 & n=80)

Hetero- | . | Selection | Wn | Mean | FE RE B, Root-n
geneity Incidence

25 75% 78.43 67.81 | 30.55 45.60 23.63 88.36

25 87.5% 78.19 66.05 | 30.60 45.33 23.56 89.58

25 94% 77.81 65.02 | 30.53 45.19 23.43 89.82

25 100% 77.67 64.12 | 30.55 45.05 23.40 90.41

.50 75% 65.14 54.22 | 27.27 35.20 19.18 75.54

Gpias—-015 .50 87.5% 62.66 50.74 | 27.07 34.76 18.59 74.10

.50 94% 61.42 48.97 | 26.93 34.51 18.25 73.43

.50 100% 60.14 47.21 | 26.84 34.33 17.95 72.66

1.0 75% 50.90 40.70 | 16.53 23.80 7.23 60.77

1.0 87.5% 46.48 36.07 | 16.17 23.34 5.97 56.68

1.0 94% 44.37 33.85 | 16.02 23.14 5.35 54.78

1.0 100% 42.22 31.60 | 15.85 22.96 4.62 52.77

25 75% 55.96 49.25 | 17.17 30.23 13.66 62.26

25 87.5% 55.90 48.00 | 17.14 30.17 13.59 63.36

25 94% 55.61 47.34 | 17.11 30.08 13.56 63.36

25 100% 55.53 46.70 | 17.13 30.00 13.56 63.87

.50 75% 47.39 40.65 | 16.62 24.87 12.80 53.80

Gpias—-03 .50 87.5% 45.79 38.18 | 16.61 24.66 12.70 53.09

.50 94% 44.93 36.92 | 16.62 24.62 12.63 52.63

.50 100% 44.07 35.65 | 16.62 24.53 12.57 52.18

1.0 75% 38.65 32.11 | 14.36 18.64 9.83 44.88

1.0 87.5% 35.57 28.66 | 14.20 18.39 9.38 42.25

1.0 94% 34.10 26.96 | 14.11 18.26 9.13 41.03

1.0 100% 32.66 25.31 | 14.05 18.17 8.86 39.85

25 75% 44.43 39.45 | 11.94 22.96 9.58 49.10

25 87.5% 44.28 38.45 | 11.94 22.88 9.56 49.77

25 94% 44.16 37.94 | 11.96 22.88 9.56 50.02

25 100% 44.03 37.43 | 11.96 22.85 9.56 50.26

.50 75% 37.87 32.98 | 11.68 19.34 9.21 42.52

Opias=-045 | .50 87.5% 36.70 31.08 | 11.67 19.25 9.14 42.09

.50 94% 36.10 30.14 | 11.68 19.20 9.12 41.81

.50 100% 35.38 29.10 | 11.65 19.16 9.07 41.41

1.0 75% 31.49 26.76 | 10.99 15.24 8.22 36.00

1.0 87.5% 29.29 24.08 | 10.99 15.11 8.06 34.31

1.0 94% 28.17 22.73 ] 10.93 15.04 7.96 33.43

1.0 100% 26.96 21.34 | 10.92 14.94 7.87 32.40
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Table 3: MSE of Alternative Estimators of Value (True CS=$50 & n=80)

Hetero- | o, | Selection | Wn Mean FE RE i Root-n
geneity Incidence
25 75% 129.3 27.6 589.0 159.7 886.5 330.2
25 87.5% 123.5 20.1 589.9 162.6 890.9 346.3
25 94% 124.4 18.0 590.4 163.4 893.6 364.9
25 100% 122.4 16.5 591.5 166.0 895.8 374.5
.50 75% 27.8 41.7 669.0 373.8 1026.4 | 138.7
Gun=015 | .50 | 87.5% | 203 68.5 6742 | 3848 | 1045.1 | 120.0
.50 94% 17.6 86.5 6774 390.5 1055.5 | 109.9
.50 100% 16.7 106.8 682.5 396.3 1068.5 | 102.7
1.0 75% 65.1 2314 1110.2 | 768.0 17143 | 36.5
1.0 87.5% 104.2 332.9 1131.4 | 789.1 1800.3 | 25.9
1.0 94% 130.8 392.8 1144.0 | 798.1 1850.8 | 24.6
1.0 100% 159.6 456.4 1153.4 | 807.9 1896.3 | 25.0
25 75% 46.7 67.1 1181.7 | 527.5 1408.7 | 115.1
25 87.5% 48.3 81.5 1180.4 | 531.1 1409.7 | 122.2
25 94% 47.4 88.3 1181.5 | 5314 1411.5 | 122.0
25 100% 47.4 95.8 1184.4 | 532.6 1415.2 | 123.6
.50 75% 91.8 200.1 1207.0 | 741.8 1454.5 | 68.0
Gbias=-03 .50 87.5% 111.1 256.7 1206.8 | 750.1 1460.6 | 62.4
.50 94% 120.7 287.2 1209.4 | 752.8 14659 | 58.4
.50 100% 131.8 3204 1209.3 | 757.1 1468.9 | 56.2
1.0 75% 246.5 441.0 1324.2 | 1052.9 | 1628.5 | 134.7
1.0 87.5% 319.5 562.9 1332.0 | 1066.3 | 1655.8 | 163.7
1.0 94% 3573 627.9 1336.5 | 1072.5 | 16709 | 177.8
1.0 100% 401.3 697.9 1339.0 | 1078.6 | 1683.9 | 197.8
25 75% 139.6 218.8 1504.4 | 829.5 1680.8 | 131.6
25 87.5% 141.3 241.5 1503.7 | 830.3 1681.6 | 124.9
25 94% 143.8 252.9 1503.4 | 831.1 1681.5 | 123.7
25 100% 142.6 264.0 1506.4 | 831.7 1684.7 | 117.3
.50 75% 256.3 394.5 1524.8 | 1016.9 | 1709.0 | 178.0
Cua=045 | 50 | 87.5% | 2877 | 460.8 | 1523.6 | 10232 | 1711.3 | 183.2
.50 94% 304.3 496.3 1524.0 | 1025.6 | 1713.6 | 186.1
.50 100% 3184 530.8 15239 | 1028.2 | 17152 | 184.7
1.0 75% 448.9 635.8 1563.9 | 1257.6 | 1773.1 | 318.3
1.0 87.5% 527.1 757.9 1567.5 | 1267.9 | 17853 | 355.6
1.0 94% 5674 819.2 1569.2 | 1272.5 | 1791.7 | 377.1
1.0 100% 613.5 887.8 1568.2 | 1277.2 | 1796.0 | 402.0
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Table 4: MSE of Alternative Estimators of Value (True CS=$100 & n=80)

Hetero- | o, | Selection | Wn Mean FE RE i Root-n
geneity Incidence
25 75% 527.8 1062.8 48329 | 2966.1 | 5838.6 | 286.1
25 87.5% 539.3 1177.9 | 4826.6 | 2995.8 | 5849.0 | 2594
25 94% 555.1 1247.6 | 4836.2 | 3010.7 | 5868.7 | 253.5
25 100% 561.7 1310.5 4833.6 | 3026.7 | 5873.8 | 241.7
.50 75% 1247.0 2110.8 5295.2 | 4202.1 | 6535.6 | 675.5
Gpias—-015 .50 87.5% 1420.0 24372 5324.0 | 4258.5 | 6630.5 | 733.5
.50 94% 1511.6 2613.5 5342.8 | 4291.9 | 6686.4 | 761.9
.50 100% 1608.5 2793.5 5356.5 | 4315.0 | 6735.2 | 794.5
1.0 75% 2431.5 35273 6970.3 | 5806.9 | 8608.7 | 1588.5
1.0 87.5% 2876.4 4092.8 7029.4 | 5877.8 | 8843.5 | 1905.6
1.0 94% 3102.6 4379.3 7055.0 | 5907.5 | 8961.6 | 2064.7
1.0 100% 33434 4679.5 7084.5 | 5935.3 | 9099.7 | 2241.7
25 75% 1994.1 2599.4 6864.4 | 4872.6 | 7457.2 | 1553.2
25 87.5% 2000.2 2725.7 6870.3 | 4880.1 | 7469.2 | 1474.6
25 94% 2023.5 2793.3 6874.9 | 48924 | 7475.0 | 14674
25 100% 2031.6 2861.0 6871.9 | 4904.5 | 7474.9 | 1434.0
.50 75% 2797.1 3536.1 6955.9 | 5647.3 | 7605.2 | 2203.0
Gbias=-03 .50 87.5% 2962.6 3832.2 6956.9 | 5677.8 | 7624.0 | 2257.1
.50 94% 3053.6 3987.8 6954.9 | 5684.0 | 7635.1 | 2294.6
.50 100% 3146.1 4147.0 6955.8 | 5698.3 | 7646.1 | 2331.7
1.0 75% 3782.5 4618.2 7335.9 | 6620.3 | 8131.2 | 3081.5
1.0 87.5% 4162.4 5095.0 7362.8 | 6661.5 | 8213.7 | 3361.6
1.0 94% 4351.6 53384 7377.6 | 6682.2 | 8259.2 | 3497.8
1.0 100% 4540.2 5580.8 7389.1 | 6696.3 | 8308.1 | 3630.3
25 75% 3133.6 3686.8 7756.8 | 59374 | 8177.8 | 26994
25 87.5% 3150.3 3807.3 7757.5 |5949.5 | 8181.0 | 2630.2
25 94% 3163.0 3868.8 7754.0 | 5949.9 | 8180.3 | 2606.4
25 100% 3176.9 3931.6 7753.6 | 5955.6 | 8180.7 | 2580.2
.50 75% 3884.7 4504.1 7802.7 | 6508.2 | 8244.7 | 3361.6
Opias=-045 | .50 87.5% 4026.6 4759.0 7805.1 | 6522.4 | 8256.6 | 34014
.50 94% 4102.7 4887.7 7803.3 | 6530.6 | 8259.9 | 3432.2
.50 100% 4192.7 5033.2 7808.2 | 6536.3 | 8269.4 | 3474.1
1.0 75% 4709.8 5372.9 7924.1 | 7184.5 | 8424.6 | 4133.8
1.0 87.5% 5010.6 5769.6 7924.6 | 7206.4 | 8453.1 | 43413
1.0 94% 5168.1 5973.8 7933.9 | 7219.5 | 8473.0 | 4450.7
1.0 100% 5340.6 6188.7 7936.9 | 7235.3 | 8488.2 | 4581.7
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Table 5: Root-n MRA of Outdoor Recreation Values

Variables: Freshwater All Outdoor

Dependent= CS Fishing Recreation
WLS equation (5) | WLS equation (5)
Intercept 48.74 (14.46)* 62.42 (31.05)
1An; 123.7 (1.74) -148.40 (-2.61)
n 681 2222
2

R 0.4% 0.3%

“t-values are reported in parenthesis
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Appendix: Further Simulations Results

Appendix Table 1: Means of Alternative Estimators of Value (True CS=$50 &

n=240)

Hetero- | o. | Selection | Wn Mean FE RE 130 Root-n

geneity Incidence
25 75% 59.30 52.97 25.48 37.46 19.91 65.05
25 87.5% 59.13 51.81 2543 37.30 19.82 65.83
25 94% 58.94 51.17 25.43 37.25 19.78 66.04
25 100% 58.89 50.61 25.42 37.18 19.75 66.47
.50 75% 48.47 43.14 15.34 27.00 12.18 53.47

Opias=-015 | .50 87.5% 48.14 42.06 15.31 26.91 12.13 53.81
.50 94% 48.05 41.56 15.32 26.91 12.12 54.10
.50 100% 48.03 41.08 15.30 26.88 12.09 54.52
1.0 75% 40.07 35.84 10.98 21.16 8.78 44.03
1.0 87.5% 39.88 34.98 10.97 21.12 8.75 44.48
1.0 94% 39.78 34.51 10.98 21.10 8.76 44.74
1.0 100% 39.82 34.21 10.95 21.09 8.72 45.09
25 75% 52.00 44.54 23.93 30.62 17.75 58.93
25 87.5% 50.65 42.26 23.82 30.34 17.46 58.53
25 94% 49.90 41.07 23.77 30.20 17.31 58.21
25 100% 49.20 39.93 23.72 30.05 17.16 57.93
.50 75% 41.78 36.28 14.98 22.68 11.59 46.98

Gha=03 | .50 | 87.5% | 40.50 | 3425 | 1496 |22.55 | 1149 | 46.44
.50 94% 39.92 33.30 14.98 22.49 11.47 46.23
.50 100% 39.25 32.26 14.97 22.44 11.42 45.90
1.0 75% 34.72 30.46 10.72 18.04 8.44 38.76
1.0 87.5% 33.63 28.76 10.72 17.95 8.40 38.25
1.0 94% 33.04 27.85 10.73 17.92 8.38 38.00
1.0 100% 32.60 27.08 10.72 17.88 8.36 37.86
25 75% 42.95 35.04 16.58 22.25 8.52 50.52
25 87.5% 40.31 31.93 16.24 21.89 7.50 48.41
25 94% 38.89 30.26 16.08 21.70 6.99 47.28
25 100% 37.53 28.67 15.96 21.55 6.46 46.19
.50 75% 34.75 29.17 13.46 17.50 9.54 40.04

Gpias=.045 | .50 87.5% 32.48 26.42 13.36 17.29 9.23 38.30
.50 94% 31.27 25.03 13.33 17.18 9.09 37.31
.50 100% 30.07 23.60 13.28 17.10 8.90 36.34
1.0 75% 29.20 24.97 10.29 14.48 7.74 33.21
1.0 87.5% 27.25 22.59 10.24 14.35 7.59 31.70
1.0 94% 26.30 21.43 10.25 14.28 7.54 30.99
1.0 100% 25.32 20.23 10.23 14.21 7.47 30.24
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Appendix Table 2: Means of Alternative Estimators of Value (True CS=$100 &

n=240)

Hetero- | o. | Selection | Wn Mean FE RE 130 Root-n

geneity Incidence
25 75% 78.45 67.81 29.96 45.40 | 23.07 88.37
25 87.5% 78.09 65.98 29.96 45.16 | 22.96 89.44
25 94% 77.94 65.09 29.98 45.03 22.92 90.03
25 100% 77.68 64.13 29.95 44.89 | 22.84 90.41
.50 75% 56.15 49.38 16.71 30.09 13.24 62.49

Opias=-015 | .50 87.5% 55.93 48.09 16.68 29.99 13.18 63.30
.50 94% 55.68 47.33 16.70 29.91 13.18 63.55
.50 100% 55.54 46.71 16.68 29.85 13.15 63.88
1.0 75% 44.46 39.49 11.65 22.84 | 931 49.11
1.0 87.5% 44.32 38.48 11.62 22.78 9.27 49.83
1.0 94% 44.08 37.88 11.63 22.74 | 9.26 49.92
1.0 100% 44.02 37.43 11.64 22.72 | 9.27 50.22
25 75% 65.15 54.25 26.99 35.07 19.00 75.51
25 87.5% 62.65 50.72 26.75 34.63 18.38 74.12
25 94% 61.40 48.96 26.63 34.40 18.08 73.43
25 100% 60.13 47.21 26.55 34.21 17.80 72.66
.50 75% 47.52 40.77 16.23 24.78 12.46 53.94

Gha=03 | 50 | 87.5% | 4579 | 3821 | 1626 |24.58 | 12.37 | 53.05
.50 94% 44.94 36.92 16.27 24.51 12.31 52.64
.50 100% 44.07 35.65 16.27 24.42 12.26 52.17
1.0 75% 37.95 33.06 11.38 19.26 8.93 42.59
1.0 87.5% 36.71 31.08 11.36 19.15 8.86 42.10
1.0 94% 36.09 30.14 11.36 19.10 8.84 41.81
1.0 100% 35.40 29.11 11.35 19.07 8.80 41.44
25 75% 50.80 40.59 16.37 23.75 7.10 60.70
25 87.5% 46.52 36.12 16.04 23.31 5.95 56.72
25 94% 44.41 33.87 15.84 23.09 5.30 54.81
25 100% 42.21 31.60 15.70 2291 4.62 52.75
.50 75% 38.66 32.13 14.16 18.55 9.71 44.89

Opias=-045 | .50 87.5% 35.59 28.67 14.03 18.32 9.29 42.27
.50 94% 34.16 27.01 13.96 18.21 9.08 41.11
.50 100% 32.65 25.30 13.90 18.10 8.83 39.84
1.0 75% 31.57 26.81 10.80 15.21 8.04 36.11
1.0 87.5% 29.22 24.05 10.73 15.04 7.87 34.19
1.0 94% 28.10 22.72 10.76 14.97 | 7.82 33.30
1.0 100% 26.95 21.34 10.72 14.88 7.71 32.40
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Appendix Table 3: MSE of Alternative Estimators of Value (True CS=$50 & n=240)

Hetero- | o, | Selection | Wn Mean FE RE i Root-n
geneity Incidence
25 75% 101.0 15.3 603.0 158.7 | 906.8 260.7
25 87.5% 97.7 9.0 605.6 162.5 9124 284.6
25 94% 93.8 6.8 605.6 163.9 | 9144 290.2
25 100% 93.3 5.8 605.9 165.7 | 9164 3054
.50 75% 17.1 53.5 1202.7 | 530.3 1431.2 | 47.1
Gpias—-015 .50 87.5% 18.2 69.1 1204.7 | 534.2 14349 | 49.7
.50 94% 18.4 76.9 1203.8 | 534.4 1435.5 | 51.7
.50 100% 18.5 85.2 1205.4 | 535.5 1437.9 | 54.7
1.0 75% 112.2 206.3 1522.8 | 832.5 1699.7 | 67.9
1.0 87.5% 115.8 231.0 1524.1 | 834.9 1702.0 | 62.3
1.0 94% 118.1 2453 1522.8 | 836.0 1701.5 | 59.9
1.0 100% 116.8 254.5 15259 | 8364 1704.4 | 55.6
25 75% 12.0 33.8 680.8 376.3 1041.0 | 98.8
25 87.5% 7.0 62.7 686.2 387.3 1059.5 | 88.7
25 94% 5.8 82.1 689.0 392.8 1069.4 | 81.3
25 100% 6.2 103.4 691.9 398.6 1079.5 | 76.3
.50 75% 75.6 192.1 1227.0 | 747.2 1475.6 | 28.2
Gbias=-03 .50 87.5% 96.9 250.7 1228.7 | 753.9 1483.3 | 28.7
.50 94% 107.9 281.4 1227.6 | 757.1 1485.4 | 29.3
.50 100% 120.9 316.6 1227.7 | 760.2 1488.8 | 29.4
1.0 75% 241.2 385.7 15433 | 1021.6 | 1727.6 | 1444
1.0 87.5% 274.1 453.7 1543.4 | 1027.3 | 17313 | 153.0
1.0 94% 293.5 493.0 15427 | 1029.6 | 1732.6 | 157.8
1.0 100% 308.2 527.1 15433 | 1032.3 | 1734.6 | 160.2
25 75% 54.5 226.5 1117.6 | 770.6 17219 | 11.9
25 87.5% 97.2 3283 1140.7 | 7904 1807.2 | 10.3
25 94% 125.7 390.7 1151.1 | 800.8 1851.0 | 13.1
25 100% 156.9 455.5 1159.7 | 809.5 1896.8 | 18.0
.50 75% 238.0 436.8 13353 | 1056.3 | 16373 | 111.8
Opias=-045 | .50 87.5% 3104 557.6 1342.8 | 1070.1 | 1662.6 | 144.9
.50 94% 353.2 624.8 1345.0 | 1077.2 | 1674.0 | 167.1
.50 100% 398.8 697.3 1349.0 | 1082.5 | 1689.5 | 190.7
1.0 75% 4374 628.8 1577.5 | 1261.8 | 1786.1 | 293.2
1.0 87.5% 520.7 752.9 15813 | 1271.3 | 1798.5 | 3423
1.0 94% 564.0 817.5 1580.5 | 1276.0 | 1802.7 | 367.1
1.0 100% 610.7 887.1 1581.8 | 1280.9 | 1808.6 | 3944
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Appendix Table 4: MSE of Alternative Estimators of Value (True CS=$100 &

n=240)

Hetero- | o. | Selection | Wn Mean FE RE 130 Root-n

geneity Incidence
25 75% 486.2 1045.1 4909.8 | 2983.9 | 5920.5 | 186.7
25 87.5% 5014 1165.5 4908.8 | 3009.6 | 5938.2 | 162.6
25 94% 507.4 1226.5 4905.9 | 3024.4 | 5944.1 | 1483
25 100% 519.0 1294.4 | 4910.1 | 3039.6 | 5955.9 | 1404
.50 75% 1940.9 2570.0 6939.1 | 4888.8 | 7529.1 | 1448.5

Opias=-015 | .50 87.5% 1960.0 2702.1 6943.3 | 4902.3 | 7539.2 | 1389.7
.50 94% 1983.4 2781.3 6940.8 | 4913.9 | 7539.5 | 13725
.50 100% 1994.5 2846.8 6943.5 | 4922.6 | 7544.8 | 13474
1.0 75% 3100.1 3668.4 7806.4 | 5954.9 | 8225.5 | 2625.6
1.0 87.5% 3115.8 3791.2 7811.6 | 5963.1 | 8233.2 | 2552.5
1.0 94% 3115.8 3791.2 7811.6 | 5963.1 | 8233.2 | 2552.5
1.0 100% 31493 3920.9 7807.8 | 5972.7 | 8233.0 | 2514.0
25 75% 1224.8 2097.6 5331.8 | 4216.8 | 6562.4 | 624.6
25 87.5% 1403.8 2432.5 5367.2 | 4274.0 | 6663.2 | 691.2
25 94% 1497.3 2608.4 5384.3 | 4304.8 | 6711.9 | 724.5
25 100% 1595.7 2789.5 5395.8 | 4328.9 | 6758.5 | 762.9
.50 75% 2764.1 3512.9 7018.2 | 5658.9 | 7664.9 | 21443

Gbias—-03 .50 87.5% 2946.8 3821.9 7014.4 | 5688.7 | 7680.0 | 2222.7
.50 94% 3039.2 3981.4 7012.0 | 5699.0 | 7689.9 | 2260.5
.50 100% 3134.5 4143.3 7012.0 | 5713.0 | 7699.7 | 2302.6
1.0 75% 3859.3 4485.3 7854.7 | 6519.0 | 8294.6 | 3315.8
1.0 87.5% 4013.1 4753.5 7858.2 | 6536.8 | 8306.3 | 3369.0
1.0 94% 4090.1 4882.3 7857.5 | 6545.7 | 8310.3 | 3401.0
1.0 100% 4179.1 5028.1 7860.3 | 6550.6 | 8318.6 | 3443.0
25 75% 2427.1 3532.5 6995.0 | 5813.9 | 8630.7 | 1561.2
25 87.5% 2864.2 4082.9 7050.9 | 5881.0 | 8846.3 | 1882.4
25 94% 3093.2 4374.3 7083.2 | 5915.8 | 8969.6 | 2048.9
25 100% 3341.2 4678.8 7106.9 | 5942.7 | 9098.6 | 2235.8
.50 75% 3768.6 4610.0 7369.1 | 6634.4 | 8151.9 | 3051.5

Opias=-045 | .50 87.5% 4152.1 5089.6 7392.1 | 6672.6 | 8228.1 | 3341.8

.50 94% 4338.2 5328.4 7402.8 | 6690.4 | 8267.7 | 3474.5
.50 100% 45379 5580.5 7413.8 | 6707.8 | 8312.4 | 3623.1
1.0 75% 4688.0 5359.5 7957.9 | 7190.0 | 8456.5 | 4095.2
1.0 87.5% 5013.2 5770.1 7969.2 | 7219.1 | 8489.1 | 4339.3
1.0 94% 51723 5974.0 7964.1 | 7230.0 | 8497.8 | 4455.6
1.0 100% 5337.8 6187.8 7971.6 | 7245.0 | 8517.0 | 45743
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	Figure 2: Funnel Graph of Union-Productivity Partial Correlations (r) (Source: Doucouliagos and Laroche (2003))

