
Chapter 19
Reliability of Meta-analytic Benefit
Transfers of International Value
of Statistical Life Estimates: Tests
and Illustrations

Henrik Lindhjem and Ståle Navrud

Abstract If there are no applicable domestic studies, there are many ways to utilize
the international literature to conduct benefit transfer (BT). In the health economics
literature simple unit transfer methods, rather than function-based methods, are the
most commonly used. In this chapter we utilize a large database of Value of a
Statistical Life (VSL) estimates, derived from stated preference studies worldwide,
to investigate the reliability of meta-analytic BT (MA-BT) and compare this method
with simple unit transfers in a case study illustration. Meta-regression analysis is a
way to estimate how different policy-relevant factors affect VSL and is thought to
improve accuracy in BT. We discuss in particular how different quality criteria to
screen available studies and VSL estimates may influence BT accuracy. Results
show that quality screened MA-BT models give lower transfer errors, and in the
case study example MA-BT methods achieve accuracy gains over the use of unit
transfer methods. However, the unscreened MA-BT method achieved around the
same accuracy as the best unit transfers based on quality screened data. Hence,
transfer accuracy may in some contexts depend as much on the quality of the
underlying data as on the BT method itself.
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19.1 Introduction

Many countries have a relatively small body of national valuation literature to use
as a basis for benefit transfer (BT). A solution to this problem is to expand the
information base to include relevant international valuation literature of acceptable
quality, and then use a BT method to derive and transfer a suitable welfare estimate
to the national context in question. For environmental goods, such as water quality,
wetlands, coral reefs, forest conservation benefits etc., meta-analytic benefit transfer
(MA-BT) has become an increasingly common method, at least for academic
investigations of reliability (e.g., Brander et al. 2012; Johnston and Thomassin
2010; Lindhjem and Navrud 2008; Londoño and Johnston 2012; Stapler and
Johnston 2009). Although the evidence is mixed, for the international context at
least, the emerging consensus seems to be that such function-based transfers out-
perform unit value transfers (Kaul et al. 2012; Rosenberger and Stanley 2006).

For some reason, and as pointed out by Johnston and Rosenberger (2010), the
health economics literature deriving value of statistical life (VSL) estimates from
stated or revealed preference studies seems to be more doubtful of the potential
reliability gains from function-based benefit transfer. Both the academic literature
and many international agencies, such as the World Bank, still emphasize simple
unit value transfer, typically adjusted only by gross domestic product (GDP) dif-
ferences between countries. To our knowledge, there are very few examples of
function-based transfers in the health economics literature. Brouwer and Bateman
(2005) is a first application of a standard function-based transfer of willingness to
pay (WTP) for health risk reductions (rather than VSL directly), while Dekker et al.
(2011) uses a Bayesian meta-model of VSL for BT. Preceding Dekker et al., OECD
initiated a project compiling a large database of VSL estimates from stated pref-
erence studies worldwide, resulting in several preliminary reports and two final
publications using meta-analysis (see Lindhjem et al. 2011; OECD 2012).1

This chapter utilizes the OECD database of VSL estimates to investigate two
issues that in our opinion are important, and so far under-appreciated, in MA-BT
research in general, and in the health economics literature in particular. It is gen-
erally agreed that the reliability of any function-based transfer depends on the
quality of the primary research upon which it is based. However, very few studies
try to operationalize measures of quality and investigate the impact of data
screening on BT accuracy. In the literature, it is typically unclear which quality
criteria have been used to include or exclude estimates from a meta-database, and
the effect of such often subjective choices remains hidden. Finding appropriate
criteria to determine which studies and estimates are acceptable for inclusion in
meta-analysis when used as the basis for policy formulation has been emphasized
by the Environmental Economics Advisory Committee of the US EPA’s Science
Advisory Board (Morgan and Cropper 2007). Using the different quality criteria

1See full dataset and publications at http://www.oecd.org/env/tools-evaluation/vsl.htm.
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discussed in Lindhjem et al. (2011), the first issue we investigate is whether quality
screened meta-regression models perform better when used for BT.

The second issue we investigate and illustrate is how the different meta-
regression models perform in comparison with different types of naïve or simple
unit transfers. Although we do not conduct a comprehensive and definitive analysis,
for this dataset of around 850 VSL estimates we provide an illustrative example,
useful for practitioners, to compare transfer accuracy between methods.

The outline of the chapter is as follows. The next section explains two ways to
define benefit transfer accuracy or reliability, one relative and one absolute. We then
explain briefly the testing procedure and logic of the illustration we use to compare
reliability or accuracy between different MA-BT applications and unit value transfer
methods. We use the terms “reliability” and “accuracy” interchangeably for the
extent to which a transferred estimate is of a similar value to a pre-determined,
benchmark value (true value), representing a policy context. Section 19.3 presents
the meta-dataset of VSL estimates, the variables used in the meta-regressions, the
quality screening criteria and the estimated models that are later used for BT.
Section 19.4 then first conducts some simple tests of the reliability of using these
models for BT, before going through a comprehensive illustration comparing
results with unit value transfers. Section 19.5 concludes and points to some further
research needs. Although this study is explorative and not comprehensive
in judging the use of MA-BT, we find that the accuracy of the quality screened
MA-BT methods tested is higher than for the various unit value transfers.

19.2 Reliability Tests and Testing Procedures for VSL
Transfers

19.2.1 Defining VSL and Reliability and Transfer Error

The value of statistical life (VSL) is a summary measure of the willingness to pay
(WTP) for a mortality risk reduction, and a central input into the calculation of
benefits of policies that save lives. Risk reduction benefits are computed as
VSL × L, where L is the expected number of lives saved by the policy. VSL is the
marginal value of a reduction in the risk of dying (prematurely), and is therefore
defined as the rate at which people are prepared to trade off income for risk
reduction:

VSL ¼ @WTP
@R

ð19:1Þ

where R is the risk of dying. The VSL can also be described as the total WTP by a
group of N people experiencing a uniform reduction of 1/N in their risk of dying.
Consider, for example, a group of 10,000 individuals, and assume that each of them
is willing to pay USD 50 to reduce his, or her, own risk of dying by 1 in 10,000.

19 Reliability of Meta-analytic Benefit Transfers of International … 443



The VSL for the population group implied by this WTP is USD 50/0.0001, or USD
500,000.

To measure the reliability and validity of BT, it is common to use the concept of
(relative) transfer error (TE), which for VSL normally would be defined as:

TER ¼ jVSLT � VSLBj
VSLB

� 100% ð19:2Þ

where T = transferred (predicted) value, either from a function or unit value transfer
and, B = estimate of the true (but unknown) value (“benchmark”) at national policy
site. TE is most commonly defined in percentage terms and measures by how many
percent the estimated and transferred value “miss” the true value for a particular
policy context, assuming that one could know what this true value is. Convergent
validity studies testing transfer errors often use a benchmark value for this true
value, for example the VSL estimate from an accurate or robust study, and then test
how different BT techniques perform when predicting this value.

BT validity assessments have shifted focus from testing whether the two esti-
mates are statistically indistinguishable to the concept of reliability for policy use,
which requires that TE is relatively small but not necessarily zero (Czajkowski and
Scasny 2010; Navrud and Ready 2007). This is because the most appropriate null
hypothesis is that TE is larger than zero since theory predicts that values for
environmental and other benefits should vary between contexts for many reasons
(Kristofersson and Navrud 2005). There is no agreement on maximum TE levels for
BT to be reliable for different policy applications, though 20 and 40 % have been
suggested (Kristofersson and Navrud 2007). The required accuracy would also
depend on the use (Navrud and Pruckner 1997), and sensitivity of decisions to
differences in the size of estimated benefits, e.g., whether costs and benefits are
close.

While relative TE is the most commonly used measure of transfer reliability or
accuracy, it may not always be the most appropriate measure. For example, in cost-
benefit analysis it is the absolute, rather than the relative difference, that matters to
the cost-benefit ratio. When assessing the relative TEs for MA-BT models, small
differences between benchmark and predicted values where low values are involved
translate into large transfer errors in relative terms (Lindhjem and Navrud 2008).
We therefore also use an absolute measure of TE, in which we do not distinguish
between missing the true value on the positive or negative side:

TEA ¼ jVSLT � VSLBj ð19:3Þ

19.2.2 Testing Procedure and Illustration

The OECD database of VSL estimates was constructed to conduct the meta-
regression analyses that are used in this chapter, both as the basis for BT and for the
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measurement of transfer reliability. First, we use a data splitting technique in which
N different MA-BT functions were estimated utilizing N − 1 of the VSL data for
each run, since the Nth VSL estimate the model predicts is taken out. This Nth VSL
estimate represents for each run the true value, and is the benchmark used to assess
how well each MA model predicts. Then the overall mean and median TER and
TEA for all the N model runs are calculated, with the former sometimes termed the
mean and median Absolute Percentage Error (Brander et al. 2006). Simple and
more comprehensive versions of the meta-regressions, for different types of quality
screened datasets, are used for the BT tests. We will return to the model details
below.

We also use a simple case study illustration to more closely mimic an actual BT
situation. A single VSL estimate is drawn randomly from one study to represent a
benchmark, unknown VSL value for a specific mortality risk reduction policy under
assessment. This is assumed to be the true VSL. The next step is then to use the other
studies to transfer a best VSL estimate to that policy context using different BT
techniques, and compare the TE. The procedure we use here builds on Chapter 4 in
OECD (2012) and Lindhjem and Navrud (2008). Before presenting the results of
these BT tests, we briefly describe the underlying dataset andMAmodels used for BT.

19.3 Meta-analysis Data and Regression Models

19.3.1 Metadata and Variable Definitions

The OECD database of VSL estimates contains about 850 estimates of sample
mean adult VSL estimates from Stated Preference (SP) surveys conducted in 38
countries around the world, with final entries made in 2010. It covers SP surveys2

of WTP for mortality risk reductions in the environmental, health, or traffic context
in the period from 1970 to 2008. All VSL estimates were adjusted for inflation to
2005 values in national currencies and then converted to 2005 U.S. dollars, using
purchasing power parity (PPP) factors. Information was then extracted from the
studies and coded into a meta-dataset containing more than 50 variables. After
extensive preliminary analysis, the final variable set was chosen for this study, as
given in Table 19.1, divided into three variable categories: (1) risk valuation
context, (2) methodological choices, and (3) income and survey year (see also
Lindhjem et al. 2011). The third column (Sign) gives the expected relationship with
VSL, and the final column gives the mean and standard deviation (SD).

The mortality risk change presented to respondents in the SP surveys was
normalized to an annual risk change to ensure commensurability. The risk change
affects a private individual, his or her household, or the general public. There are

2Values are mostly sourced from the contingent valuation method, but also from other SP
approaches like choice experiments (CE).
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two variables controlling for risk context (environment and traffic, while health is
the hidden category). We also control for a potentially positive “cancer premium”
effect based on the fear of cancer and a theoretically ambiguous effect of risk
latency.3 The relationship between the size of the risk change and WTP should from

Table 19.1 Meta-analysis variables, expected VSL relationships and descriptive statistics

Variable Description Sign Mean
(SD)b

Dependent variable

lnvsl Natural logarithm of sample mean VSL in PPP-adjusted
USD 2005 (mean, annual WTP divided by annual risk
change, PPP-adjusted based on AICa)

14.50c

(1.59)

Risk valuation context variables

lnrchrisk Continuous: Log of change in mortality risk on an annual
basis per 1000 (normalized per year from study info)

0 −8.48d

(2.13)

public Binary: 1 if public good; 0 if private (risk affects only the
individual asked or his/her household)

± 0.30
(0.46)

envir Binary: 1 if environment-related risk change; 0 if health-
related

? 0.24
(0.42)

traffic Binary: 1 if traffic-related risk change; 0 if health-related ? 0.30
(0.45)

latent Binary: 1 if risk change occurs after a certain time; 0 if the
risk change is immediate

± 0.14
(0.35)

cancerrisk Binary: 1 if reference to cancer risk in survey; 0 if not + 0.13
(0.34)

household Binary: 1 if WTP is stated on behalf the household; 0 if WTP
is only for the individual asked

+ 0.29
(0.45)

Methodological variables

noexplan Binary: 1 if no visual tool or specific explanation of the risk
change was used in survey; 0 if otherwise

+/? 0.14
(0.33)

turnbull Binary: 1 if WTP was estimated using Turnbull,
nonparametric method; 0 parametric method

– 0.04
(0.20)

Income and survey year

lngdp Continuous: Log of GDP/capita, USD 2005, PPP-adjusted
based on AICa

+ 9.65
(0.86)

lnyear Continuous: Log of year of data collection, adjusted to start
at log2 for earliest survey included from 1970

± 3.41
(0.32)

Source Reproduced from Lindhjem et al. (2011)
aPPP—purchasing power parity. AIC—actual individual consumption
bMean and standard deviation (SD) are for overview purposes and sake of brevity given only for
the whole, unscreened data set of 856 estimates
cThis translates into a mean VSL of around 1.98 million USD 2005
d625 estimates contain information about the risk change valued

3People are known to discount the future at a positive rate. But their utility will also vary at
different ages in ways that can make WTP higher to reduce future mortality risks than to reduce
immediate risks (Hammitt and Liu 2004).

446 H. Lindhjem and S. Navrud



theory be positive and approximately proportional (Hammitt 2000). VSL should
therefore largely be unaffected by the change in risk, at least for small changes and
for low baseline risks. However, primary stated preference studies typically find
that people’s WTP is quite insensitive to the size of the risk change; i.e., they fail
internal and/or external scope tests (Hammitt and Graham 1999). This means that
questions involving smaller risk changes tend to result in higher VSL estimates,
which we also find (see below). We use the information about scope sensitivity in
screening the data, as one could argue that those studies that find scope sensitivity
may have been more successful in explaining risk changes to respondents. This
explanation may have involved indicating probabilities using square grids or other
tools and making sure respondents are trained in understanding probabilities before
embarking on the valuation task.

Of socioeconomic and other variables, only GDP per capita (adjusted using
actual PPP correction in the same way as the VSL estimates) and the year of the
survey (for one of the meta-regressions), were retained. Most studies report mean
(household or individual) income from the total sample, but not for subsamples
from which many of our estimates typically are derived. In order not to lose these
estimates, we use GDP per capita instead as a proxy for individual income.4 Further
details of the dataset and discussion of the expected relationships of variables with
VSL are given in Lindhjem et al. (2011) and OECD (2012).

19.3.2 Meta-regression Approach

The following meta-regression model, based on fairly standard practice in the MA
literature, is used:

lnvslsi ¼ b0 þ b1lngdpsi þ
X

k

bkXsi kð Þ þ esi ð19:4Þ

where lnvslsi is the natural logarithm of VSL for estimate i from survey group s;
lngdpsi is the natural logarithm of per capita GDP, and Xsi is a vector of other
explanatory variables, as explained in Table 19.1. This model is estimated using
ordinary least squares (OLS). Since the number of estimates varies widely across
survey groups s, the OLS is weighted by the reciprocal of the number of estimates in
each group, so as to weight each survey group equally (rather than giving equal
weight to each individual VSL estimate) (see for exampleMrozek and Taylor 2002).5

4As noted in Lindhjem et al. (2011), the correlation between log of GDP and log of reported
sample income was found to be very high, so GDP per capita is a good proxy for this purpose.
5In Lindhjem et al. (2011), precision weights based on the standard deviation was also used. This
is the weighting scheme recommended by USEPA (2006), but it is difficult to apply in practice,
since many studies do not report the necessary information. For simplicity, and not to lose too
many estimates, we do not do this here.
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Further, a “cluster” option is used for estimating robust standard errors, in order
to account for the correlation between different estimates within the same survey
group. Clustered OLS (with or without some kind of weighting) is still the most
common approach in the MA literature, although other models are also common
(see for example the review by Nelson and Kennedy 2009). The log-log model we
use has the advantage that the estimated coefficients for GDP per capita and the risk
change have natural interpretations as elasticities. Note that a “risk change elas-
ticity” of −1 implies that WTP is independent of the risk change, indicating pref-
erences that are completely insensitive to scope. An elasticity equal to zero implies
that WTP increases proportionally with the risk reduction, as predicted by theory.6

19.3.3 Quality Screening of Data and Meta-regression
Models

19.3.3.1 Screening of the Metadata

In MA generally, it is controversial to screen out studies based on quality, as there is
no general agreement about what constitutes quality in general or quality for a
specific purpose. Hence, many meta-analysts recommend to “err on the side of
inclusion” (Stanley and Jarrell 2005). Still, for MA-BT in policy applications, there
are good reasons to explore quality screening criteria and their effects on results.
This is also the recommendation by Morgan and Cropper (2007). The reason is that
good studies, on average, provide better information that is closer to the “truth” in
some sense. We introduce some quality screening criteria discussed in Lindhjem
et al. (2011) one by one and provide meta-regression results that will be utilized in
later sections for the BT tests.

19.3.3.2 Full Dataset and First-Level Screening

We start by reporting results for the full data set where no screening criteria were
applied, for the sake of comparison. In Lindhjem et al. (2011), five regression
models were run, gradually increasing the number of explanatory variables for each
dataset. For our purpose here we simplify by including first the simplest model,
retaining only log of GDP per capita and a constant, and then the comprehensive
model using all variables in Table 19.1 (Models I and II). The first model is
included to evaluate whether introducing the full range of explanatory variables will
increase precision in BT. Note that the risk change variable is not included here,
since many studies do not report this information.

6An elasticity above zero would also be possible if WTP increases more than proportionally with
the risk reduction. This is, however, less commonly observed.
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For the next subset of the data, the size of the risk reduction reported in the
surveys is included as an explanatory variable (Models III and IV). Some estimates
are lost, as this information is not always reported, but something is gained as the
model is more appropriate. In addition to leaving out studies that do not report the
risk change valued as basis for deriving VSL, we use two additional screening
criteria:

• Subsamples smaller than 100 observations and main survey samples less than
200 observations are omitted.7

• Samples that are not representative of a broad population are omitted.8

Compared with the full, unscreened data set, this data set is likely to be of higher
quality. The number of observations has been cut in half. For this dataset we also
show the results for both a simple and a comprehensive model. Results for all four
regression models are displayed in Table 19.2.

Increasing the number of variables increases the explained variation (i.e., R-
square) from 40 to 53 % for the full dataset and from 70 to 83 % for the screened
dataset. GDP per capita is highly significant for all four models, yielding an elas-
ticity of GDP to VSL of between 0.9 and 1.3. Elasticities derived from individual
stated preference surveys (rather than MA studies) are often below unity, while
newer studies show elasticities equal to unity or above (supporting findings from
Viscusi 2010). When controlling for the risk change, the elasticity drops below
unity.9 Lindhjem et al. (2011) find that controlling for the risk change in the
regressions helps explain around half of the reduction in the income elasticity. This
means that some of the effect on VSL is not due to the increase in GDP capita but to
the fact that surveys conducted in higher-income countries tend to present lower
risk changes for respondents to value.

Model II show that traffic risks are valued higher, as are risks related to cancer.
These coefficients are no longer significant in the screened dataset, where envi-
ronmental and public risks changes instead become significant. Surveys that do not
carefully inform respondents about the magnitude of the risk change, by using
visual tools or appropriate explanations (variable “noexplan”), tend to provide
higher estimated VSLs for both Models II and IV.

The coefficient on the risk change variable is between −0.57 and −0.45 for the
two models. This means that the respondents’ WTP is not very sensitive to the size
of the risk change, and that WTP does not increase in proportion to the risk
reduction, as predicted by theory. As seen from the definition of VSL in (1.1), VSL
therefore decreases when the risk change increases. This finding can be seen as a
potential problem for both policy and research, as using lower risk change levels in

7Often a main survey has a range of subsamples with smaller sample sizes.
8This may be particular types of workers, commuters or similar special groups.
9Caution should be exercised when interpreting the income elasticity, as the potential effect of real
income growth on VSL over the long time period the data cover is not easily adjusted in this type
of MA. Adjustment of VSL and GDP per capita to a common base year is the most commonly
used method.
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the surveys would give higher VSL estimates. We therefore also investigate a
subset of the data in the next section that come from surveys that pass external and
internal scope tests (see explanation below).

19.3.3.3 Stricter Data Screening

In this section two approaches to improving the quality of data by further screening
are tested. We start from the previous dataset of 397 estimates which includes the
risk reduction variable, population representative and reasonable-sized survey
samples. First, we screen out all estimates that come from studies that do not pass
both external and internal scope tests. When mean WTP is found in statistical tests
to be significantly higher for respondents faced with risk change “A” compared
with risk change “B,” and A > B, the test is normally interpreted as “passed” in the
literature. The test is called external if the different sized risks are asked in separate

Table 19.2 Meta-regression results for full dataset (Models I and II) and first-level screened
dataset (Models III and IV)

Model I Model II Model III Model IV

lngdp 1.296*
(0.206)

1.168*
(0.212)

0.865*
(0.189)

0.774*
(0.195)

turnbull 0.0322
(0.494)

−0.0951
(0.684)

envir 0.264
(0.348)

−0.622***
(0.338)

traffic 0.617**
(0.308)

−0.331
(0.239)

public −0.415
(0.356)

−0.887*
(0.252)

household −0.165
(0.279)

0.0305
(0.228)

cancerrisk 0.948*
(0.356)

0.485
(0.308)

latent −0.415
(0.392)

−0.327
(0.371)

noexplan 1.026*
(0.320)

0.712*
(0.223)

lnchrisk −0.446*
(0.0911)

−0.575*
(0.0862)

Constant 2.046
(1.997)

2.768
(2.097)

1.942
(2.390)

Estimates 852 852 397 397

R-squared 0.403 0.529 0.703 0.829

Root mean squared error 1.361 1.213 0.905 0.694

Robust standard errors in parentheses
*p < 0.01, **p < 0.05, ***p < 0.1
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samples, while it is internal (and a weaker test) if the same respondent is given
different risk levels.10 As shown in Lindhjem et al. (2011) it is only the strict
requirement that surveys should pass both tests that manages to reduce the “risk
change elasticity” substantially, down to between −0.3 and −0.25 (and the latter is
not significant) in Models V and VI in Table 19.3.11 Note that only 79 estimates
remain from the dataset of 397 observations. In Model VI, the only other significant
coefficients are GDP and latency. The explained variation increases from 62 to
76 % when including the full range of explanatory variables.

The second screening criterion, used in Lindhjem et al. (2011), that we test here
is limiting the data to estimates that are derived from survey questionnaires (and
associated data collection procedures) that use an accepted “good practice”
approach. Although there is no general agreement on this, the careful survey ini-
tially developed by Krupnick, Alberini and co-authors has been tried and tested in
several countries (Alberini et al. 2004; Krupnick et al. 2002, 2004).12 The idea is
that if more of the methodological variation can be reduced, the effects of other
variables more relevant for BT and policy use will be revealed more clearly.
Another advantage is that different versions of the survey have been used in several
countries, ensuring variety in some of the policy-relevant variables (such as
income). Using this “good practice” screening criterion, the number of estimates
drops from 397 to 169. These 169 estimates are all drawn from the use of small
variations of the same survey instrument. The log of survey year was added to the
regression model. We include only the full model, not the simple version, for this
dataset as an example for comparison.

Results for this dataset are given for Model VII in Table 19.3. This model
explains approximately 81 % of the variation in the VSL estimates. Both the risk
change and GDP per capita again are highly significant. Hence, the careful survey
approach by Krupnick et al. (2002) does not manage to remove people’s sensitivity
to the risk change. VSL tends to be lower for risk reductions that are latent and for
estimation procedures using the lower-bound nonparametric Turnbull estimator. It
can also be noted that newer surveys tend to give higher VSL estimates, the reasons
for which are unclear.

We will in the next section investigate how these models perform in BT,
compared to the data subject to less strict or no screening.

10Note that we do not apply the stricter requirement that WTP should be proportional to the risk
change, i.e., that WTPA/WTPB and A/B should be equal. Information about proportionality is not
always reported in studies conducting scope tests.
11Lindhjem et al. (2011) also compare results between those studies that do pass scope test or only
one of the external or internal tests.
12This questionnaire values health risk reductions only (with no reference to specific causes of the
risk); using a 1000-square grid for displaying and training respondents to understand the mag-
nitude of the risk changes. The variables “household,” “envir,” “traffic,” “cancerrisk,” “public,”
and “noexplan” drop out, as the values of these are the same for all estimates.
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19.4 Testing the MA Models for Benefit Transfer

In this section we conduct the BT tests explained in Sect. 19.2.2 based on the meta-
regression models estimated in Sect. 19.3 above.

19.4.1 Out-of-Sample Transfers for Full Dataset
and First-Level Screening

As described above, we first use the meta-regression models to predict one VSL
estimate in turn from the remaining BT values, and complete this procedure for all
estimates. Results are first displayed graphically, i.e., the predicted values (zigzag
line in the figures) and the VSL estimates that are predicted (rising graph in the
figures) are compared in ascending order from the lowest to the highest VSL

Table 19.3 Meta-regression
results for full dataset
(Models I and II) and first-
level screened dataset
(Models III and IV)

Model
V

Model
VI

Model
VII

lngdp 0.283
(0.161)

0.336**
(0.134)

0.435*
(0.0811)

lnchrisk −0.298* −0.245
(0.135)

−0.507**
(0.166)

turnbull (0.0571) (0.135)
−0.476

(0.166)
−0.591***

envir (0.299)
0.130

(0.249)

traffic (0.294)
−0.190

public (0.197)
−0.0143

household 0.0845
(0.332)

cancerrisk 0.0188
(0.125)

latent −0.695*
(0.245)

−0.227*
(0.0536)

lnyear 4.222**
(1.254)

Constant 8.981*
(1.641)

9.192*
(1.659)

−8.903
(4.924)

Estimates 79 79 169

R-squared 0.615 0.756 0.815

Root mean squared
error

0.539 0.451 0.359

Robust standard errors in parentheses
*p < 0.01, **p < 0.05, ***p < 0.1
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estimates in the dataset. The difference represents the (log of the) absolute error for
each VSL estimate. The graphic depiction of this exercise for the unscreened data in
Models I and II are given in Fig. 19.1, which shows that Model II predicts mar-
ginally better. However, both models seem to miss the benchmark values, espe-
cially at the extremities of the data.

We conduct the same procedure for Models III and IV, where the dataset has
undergone first-level screening and where the risk change variable is included. It
can be seen from comparing the two panels in Fig. 19.2 that these models come
closer in their predictions, and that including the comprehensive set of variables in
Model IV, rather than just GDP and the risk change, removes some of the high
predictions that increase overall TE.

We then calculate the measures for mean and median TER and TEA, and display
the results in Table 19.4. The mean TER is more than 200 % for Model I and
decreases to around 100 % for the screened data in Model III and IV. Median TER

is surprisingly similar for all four models, though the rank between them is as
expected. Measuring TEA, the transfers on average miss by more than 4.8 million
USD for Models I and II, and less than half that for the quality screened models at
1.7 and 1.4 million USD for the last two models, respectively. Measuring TEA, the
precision increases (especially considering medians) relatively more between the

Fig. 19.2 LnVSL (increasing line) and predicted (transferred) lnVSL (zig-zag line) from Model III
(left) and Model IV (right) of the first-level screened data

Fig. 19.1 LnVSL (increasing line) and predicted (transferred) lnVSL (zig-zag line) from Model I
(left) and Model II (right) of the unscreened data
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two pairs of models, compared to considering TER alone. This justifies the con-
sideration of TEA in BT assessments as an additional measure of accuracy.

Although there is no convincing theoretical or empirical justification for doing
so, trimming away the 2.5 % highest and lowest VSL estimates may yield some
(relatively small) precision gains over the ones given in Table 19.4, as shown in
OECD (2012). We do not test this further here.

19.4.2 Out-of-Sample Transfers for Stricter Data Screening

We repeat the same procedure for the estimates from scope-sensitive surveys and
for the “good practice” survey. Results for the two models using the scope-sensitive
dataset are displayed visually in Fig. 19.3. It is difficult to judge BT accuracy just by
inspecting these figures and comparing them with the models in Sect. 19.4.1, due
amongst other reasons to difference in the scales and number of transfers involved.
For Model V, it seems that it under-predicts substantially for the higher VSL
estimates. This gap is narrowed for Model VI, when the comprehensive set of
variables is included (right panel in Fig. 19.3).

For the data from the “good practice” survey of Krupnick et al. (2002), the
precision in prediction is clearly higher than any of the other models above (see
Fig. 19.4). This is as expected.

We display the results for mean and median TER and TEA in Table 19.5. The
mean TER is a decent 52 % for Model V and decreases even further (to 43 %) for
the scope—sensitive model with the full set of explanatory variables. The mean
TER for Model VII confirms the visual inspection above, with highest accuracy at a
TER of 26 %. Median TER is somewhat lower than the mean, but not as significant
as for the results in Table 19.4. This means that the latter three models seem to
under-predict almost as often as they overshoot. Interestingly, Model VII shows a
precision gain over Models V and VI as measured by TEA that is relatively higher
than the reduction in TER. For example, a reduction from mean 43 % to 22.2 %
yields an absolute precision gain of almost 75 % from USD 1.1 million to USD
276,235. It can also be noted that mean and median TEA for Models V and VI are
not substantially lower than Models III and IV, even though mean TER are twice as
high for the latter two models. This illustrates that for practical applications of BT,
the emphasis on relative TE may be misleading. The more relevant question is if the
absolute values of TE are acceptable for different policy assessments.

Table 19.4 Transfer errors from out-of-sample predictions, full dataset and first-level screening

Model Mean TER (%) Median TER (%) Mean TEA (USD) Median TEA (USD)

I 258 64.8 4,821,439 1,402,022

II 133.7 67.2 4,385,816 1,094,655

III 103.5 57 1,711,435 707,672

IV 96.7 55.9 1,381,858 811,920
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19.4.3 Comparing Accuracy of BT Methods: An Illustration

19.4.3.1 Choice of “Benchmark Value” and BT Methods
for Comparison

To more closely replicate an actual BT situation, we draw a single VSL estimate
randomly from one study to represent a benchmark, unknown VSL value for a
policy under assessment. The next step is to use the other studies to transfer a best

Fig. 19.3 LnVSL (increasing line) and predicted (transferred) lnVSL (zig-zag line) from Model V
(left) and Model VI (right) of the scope-sensitive data

Fig. 19.4 LnVSL (increasing
line) and predicted
(transferred) lnVSL (zig-zag
line) from Model VII, the
“good practice” survey data

Table 19.5 Transfer errors from out-of-sample predictions, stricter screening

Model Mean TER (%) Median TER (%) Mean TEA (USD) Median TEA (USD)

V 52.3 51.6 1,432,451 566,752

VI 43 27.1 1,113,542 714,265

VII 26.2 22 276,235 147,942
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VSL estimate to that policy context, based on simple and more sophisticated
MA-BT techniques. We then calculate transfer errors. This illustration is not meant
to give the definite answer about transfer accuracy, but rather to show how the
methods can be applied and how quality screening procedures may influence
results. The example is based on OECD (2012).

Table 19.6 provides a menu of possible BT methods an analyst could use. The
first six BT techniques (N1–N6) are based on naïve unit transfers of mean VSL
estimates from the screened or unscreened part of the data and adjusted in different
ways. The next five BT techniques (MA1–MA5) utilize five of the seven meta-
regression models discussed above.

We decided to choose a study from Japan as the source for a benchmark value to
be approximated through BT techniques (Itaoka et al. 2007). The study used the
“good practice” questionnaire developed by Krupnick and colleagues, as explained
above, and should represent a good quality estimate of VSL. The study reports
several estimates and a VSL value of USD 2,795,978 was chosen randomly as our
benchmark value. The study valued a 1 in 10,000 risk change related to health
(rather than environment or traffic); the risk change was assumed to be immediate
(not latent), chronic and private (affects the respondent and his household only) and
was explained to respondents using a 1000 square grid. Further, the survey was
conducted in 1999, using self-administration on a PC, asking WTP for mortality
risk reduction through a dichotomous choice format. Before demonstrating the use
of BT methods in the following section, we removed from the data the 30 other
VSL estimates from the same study from Japan to mimic a real BT situation.

Table 19.6 Common international BT methods tested

Number BT method for VSL Description/model used

N1 Naïve
unit BT

Mean of most similar studies Adjusted by GDP Income
elasticity set to unity

N2 Raw mean of unscreened studies Same as above

N3 Mean of first-level screened studies Same as above

N4 Mean of first-level screened studies
with same risk change

Same as above

N5 Mean of first-level screened studies
with same risk change

Same as above, except
income elasticity set to 0.8

N6 Mean of OECD countries, first-level
screening

Adjusted by GDP Income
elasticity set to unity

N7 Mean of similar “good practice”
studies

Adjusted by GDP Income
elasticity set to unity

MA1 Meta-
analytic
BT

Unscreened Full model II, Table 19.2

MA2 First-level screening Simple model III,
Table 19.2

MA3 First-level screening Full model IV, Table 19.2

MA4 Scope-sensitive studies Full model VI, Table 19.3

MA5 Similar “good practice” studies Model VII, Table 19.3
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19.4.3.2 N1—VSL Estimate from Most Similar International Studies

If a suitable domestic study that has valued a similar risk change does not exist
(as is the case for our Japanese example), an option is to choose a similar inter-
national study. It is not straightforward to decide which “similarity criteria” should
be applied (and in which order), as the analyst will typically not find one, unique
study that matches all the risk and population characteristics that define the policy
context of interest.

One place to start is to look for studies that value the same risk reduction, since
we know this affects the VSL. This reduces the number of potential VSL estimates
from the full dataset of 821 (when all the Japanese estimates have been removed) to
84 eligible estimates. Further, if we think that the type of risk should be the same
(“health”), this leaves 68 potential estimates. Of these, 54 estimates are for chronic,
private and immediate risk changes. Selecting with the remaining variables from
Table 19.1, that the risk change affects the individual (rather than the household)
and is not related to cancer, finally leaves 47 candidate VSL estimates. This search
can go on until a sufficiently similar study is found. However, it would be difficult
to decide which variables should be used to judge similarity, in which order, and
when to stop the screening process.

Weighing the mean so that each study counts equally (rather than each estimate)
the mean VSL of the final 47 estimates is USD 5,729,686. Adjusting for GDP per
capita differences of Japan and the weighted average GDP per capita of the 47
international estimates finally yields a transferred estimate of USD 6,171,170, more
than double the benchmark value.

19.4.3.3 N2—Raw Mean of Unscreened Studies

A simpler method than picking a single study or do a detailed matching of variable
characteristics with the policy context, as we did above, would instead be to take a
raw mean of VSL estimates of all collected studies and adjust with GDP differ-
ences. A weighted mean VSL for this procedure is USD 7,778,766.

19.4.3.4 N3—Mean of First-Level Screened Studies

Instead of taking the raw, uncritical mean of all VSL estimates, a quality screening
could first be conducted. Using the first-level screening discussed in Sect. 19.3, the
number of estimates is reduced from 852 to 397. AIC-adjusted GDP per capita for
Japan for this year was USD 20,438, while the weighted mean of the GDP per
capita for the sample was USD 17,860. Assuming an income elasticity of VSL of 1
for simplicity, leaves a simple, income adjusted transferred VSL estimate to Japan
of USD 3,558,376.
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19.4.3.5 N4—Mean of First-Level Screened Studies with Same Risk
Change, Elasticity = 1

Doing the same exercise as for N3, but including only studies that have the same
risk reduction as the Japanese study of 1/10,000, reduces the number of available
estimates to 34. Performing a GDP/capita adjustment yields a transferred VSL
estimate for Japan of USD 3,710,774, when the income elasticity is set to unity.

19.4.3.6 N5—Mean of First-Level Screened Studies with Same Risk
Change, Elasticity = 0.8

There may be reasons to use lower income elasticity than 1, as found in some of the
meta-regression models (see for example recommendations in OECD 2012). If we
instead use 0.8 for income elasticity, as recommended by OECD (2012), the rel-
ative difference between GDP/capita will be raised to the power of 0.8 before being
multiplied with the unadjusted mean VSL.13 There may be reasons to use an
elasticity below unity for some BT applications (see OECD 2012 for a discussion).
This procedure yields a transferred estimate of USD 3,800,408.

19.4.3.7 N6—Mean of OECD Countries

In the examples above, we have not made any considerations about whether people
in low-income countries may have other risk preferences or if there are other
reasons for excluding estimates from such countries. Since the country we want to
transfer to is Japan, it may make sense to limit studies to higher income countries,
such as OECD countries. This reduces the number of estimates to 603. Adding first-
level screening leaves 233 estimates. Mean, income-adjusted VSL from these is
USD 3,525,709, when the income elasticity is set to unity.

19.4.3.8 N7—Mean of Similar “Good Practice” Studies

Taking the mean of the estimates using the “good practice” approach to VSL
valuation implied by the questionnaire developed by Krupnick et al. (2002) yields a
VSL estimate of USD 1,761,986, based on 150 estimates.

13The formula is VSLT = mean VSLI*(GDPT/mean GDPI)
e, where T is transfer country, I is

estimates from international studies, and e is the elasticity of GDP/capita.
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19.4.3.9 MA1—MA-BT, Unscreened Data

If a meta-regression analysis was carried out with no concern regarding screening
based on criteria of quality, one could take as a starting point Model II in
Table 19.2. When removing the Japanese estimates, the estimated meta-regression
function of this model is:

lnVSL ¼ 2:707þ 1:177 � lngdpþ 0:216 � envir þ 0:595 � traffic

�0:431 � public �0:180 � householdþ 1:007 � cancerrisk

� 0:395 � latent þ 1:010 � noexplan þ 0:0310 � Turnbull ð19:5Þ

First, we use this equation to estimate and transfer a VSL value to the policy
context in Japan. Since the methodological values are unknown at the policy site (in
reality), common practice is to set the values of the methodological variables equal
to some best practice value. In this case, it is good practice to use thorough
explanation in explaining risk changes (hence “noexplan” is set to zero). Similarly,
since the Turnbull approach typically yields a lower bound on VSL, this variable is
also set to zero. The issue of whether variables that are not significant should be
excluded (normally in BT they are not) is disregarded here. Further, since the risk is
related to health, for an individual (not a household), a private risk program,
immediate and not related to cancer, all these variables are set to zero. That leaves
the following simple equation:

lnVSL ¼ 2:707þ 1:177 � lngdp ð19:6Þ

Inserting log of the GDP per capita for Japan of USD 20,438 and taking the
antilog (inverse) of lnVSL yields an estimate of VSL of USD 1,773,960.14

19.4.3.10 MA2—MA-BT, First-Level Screening, Simple Model of GDP
and Risk Change

Instead of using the unscreened model above, we apply the first-level screening of
estimates and use the simplest model first (i.e., Model III of Table 1.2). Inserting
values for log of the risk change (1/10,000) and GDP per capita yields an estimated
VSL of USD 2,244,547.

14To make the calculations simpler and more transparent for this example, no correction is made
for so-called “econometric error” when converting from log form (cf. Bockstael and Strand 1987).
Several authors in the literature follow the same approach (e.g., Stapler and Johnston 2009) and
such correction may have only a relatively small impact on the estimated VSL values when
considering the overall sensitivity of results in this example.
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19.4.3.11 MA3—MA-BT, First-Level Screening, Full Model

We now do the same as the above, except use the full model (i.e., Model IV of
Table 19.2) with all variables, and then insert policy context values for each of
them. This yields a transferred VSL estimate of USD 2,822,560. Hence, controlling
for a wider range of variables than the risk change shifts the transferred value by ca.
USD 600,000.

19.4.3.12 MA4—MA-BT, Scope-Sensitive Studies, Full Model

If we are very strict, only including VSL estimates that come from studies that pass
both internal and external scope tests, the number of estimates for MA is reduced to
69 (since the Japanese estimates are removed). Re-estimating Model VI inserting
values for the risk change and GDP per capita for Japan, yields a transferred VSL
estimate of USD 2,986,626.

19.4.3.13 MA5—MA-BT, Similar “Good Practice” Studies

We now use the data from only those studies that use the good practice survey
questionnaire, i.e., Model VII from Table 19.3. Conducting the same procedure as
above gives an estimate of VSL of USD 2,206,645. Compared to the MA-BT
examples above, this model also includes the year of data collection. In the same
way as for the previous MA-BT functions, all other variables except GDP per
capita, the risk change and study year, were set to zero to fit the policy context to
which the estimate is transferred.

19.4.3.14 Summary of BT Illustration

The estimated VSL (and corresponding TER) values from the examples are dis-
played in Fig. 19.5. The left, vertical axis shows the values in USD while the right
axis shows the TER. The horizontal axis displays the 12 different BT methods used,
where the last five are the MA-BT methods. The dotted, horizontal line represents
the benchmark value from the Japanese study.

It can be seen from the figure that the simple, naïve BT methods N1 (mean of
most similar studies) and N2 (raw mean of unscreened studies) give much higher
transfer errors than the other methods (up to 180 % for N2). More elaborate unit
transfers of mean VSL in methods N3–N7 produce precision levels that approxi-
mate acceptable levels (below 40 %), similar to the first MA-BT method (MA1—
unscreened data). Interestingly, all the unit transfer methods overshoot the bench-
mark value, while the MA-BT methods generally miss on the low side.

When introducing screening criteria, the accuracy of the BT increases, yielding
the lowest error in this example for the first-level screened MA-BT model, with the
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comprehensive set of explanatory variables (MA3). The TER for all the quality
screened MA-BT models are below 20 % and within acceptable levels for most
policy uses. Note that there is no difference between judging the BT methods by
TER or TEA in this example, since the benchmark value is held constant throughout
the comparison.

19.5 Conclusions and Further Research

This chapter has conducted reliability tests of meta-analytic benefit transfer models
and provided a simple illustrative example comparing such BT methods with
simpler, unit based transfers, often used in practice by consultants and various
policy agencies. We investigated in particular how quality screening in meta-
analysis affects precision in MA-BT and how precision compares between MA-BT
and unit transfer methods.

The first accuracy test was carried out for three main types of quality screening
criteria applied to the data. It is clear from these tests that the transfer errors
decrease both when introducing more quality screening and when including more
explanatory variables. Considering TE in an absolute sense (i.e., measured in
monetary terms), not just percentage-wise, gives a more accurate picture of BT
precision, as well as providing more suitable estimates for cost-benefit analysis.

The second accuracy test compared different types of meta-regression models.
An estimate of VSL from Japan was randomly picked to represent an unknown, true
VSL value at a policy site or context, and then different BT techniques were used to
derive a VSL value from the international literature that could be transferred to the
Japanese context, since no other relevant studies were found from this country.
Seven simple unit transfer methods were compared with five MA-BT methods.
Though no general conclusions can be drawn based on this example, it demonstrated
what is generally thought to be true but rarely tested, that MA-BT may be able to
increase precision over unit transfer methods. All the quality screened MA-BT
methods gave relative TE of less than 20 %, which should be acceptable for most
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policy applications. Somewhat surprisingly, perhaps, five of seven unit transfer
methods yielded a precision level better or equal to the MA-BT method that was
based on the full, unscreened dataset (TE below 40 %). In other words, conducting a
simple quality screening of a dataset and then transferring a GDP-adjusted mean
VSL yielded equally precise transfers as conducting MA-BT on a complete dataset
that has not been quality screened. It is also notable that matching an international set
of studies to the national context of Japan and then performing a simple unit transfer
yielded the highest TE of all methods.

We are of course aware that no general conclusions can be drawn from this
simple illustration. An area of further research would be to do a comprehensive
assessment and comparison for the BT methods for all VSL estimates in the dataset,
similar to the tests conducted in for example Johnston and Thomassin (2010) and
Lindhjem and Navrud (2008). Another avenue of research would be to further
investigate different types of data quality screening criteria and their impact on BT
precision for different types of BT methods. Our simple tests and example illus-
trates that the choice of BT method is not an easy one. If a MA-BT approach is
used, the choice of quality screening procedure (and other methodological choices)
will influence the results. It is, however, comforting that the demonstration of
sensibly quality screened MA-BT applications tested here did give reliability gains
over the simple unit transfermethods. Whether the considerable efforts needed to
conduct a comprehensive and high-quality MA-BT justifies these gains in accuracy,
depends on the level of precision needed, an issue worthy of more systematic
investigation in the future.
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