
Chapter 7
Calculating Marginal and Non-marginal
Welfare Measures

Abstract This chapter focuses on the calculation of marginal and non-marginal
welfare measures. It outlines how the calculation of welfare measures is related to
the specified model and the assumptions underlying that model. It further describes
how the calculation of these measures is affected by the inclusion of preference
heterogeneity, including the incorporation of interaction terms to capture observed
preference heterogeneity or random parameters to capture unobserved preference
heterogeneity. Finally, it discusses how these measures can be aggregated and
compared.

7.1 Calculating Marginal Welfare Measures

WTP in the context of DCEs is defined as the amount of income a person is willing
to give up for a certain improvement of an attribute or a combination of attributes, so
that the overall change in utility is zero. Similarly, WTA is the minimum amount of
extra income required to compensate for a certain deterioration of an attribute. WTP
andWTAare based onmicroeconomic theory and correspond to theHicksianwelfare
measures (see Sect. 1.1). Freeman et al. (2014, p. 68) describe these concepts in detail
and Bateman et al. (2006) present the application of different welfare measures.
This section will specifically focus on marginal WTP (mWTP), whereas Sect. 7.2
will discuss welfare implications of larger changes (e.g., in multiple attributes) and
related issues of aggregation.

The concept of mWTP is defined as the marginal rate of substitution between the
attribute and the price attribute in the indirect utility function and hence relates to
the notion of indifference (Dekker 2014).

mWT P = −V ′(a)/V ′(c) (7.1)

where a and c are the attribute of interest and the cost attribute, respectively and
V ′ is the first partial derivative of the indirect utility function. For readability,
indices for individuals, alternatives and choice situations are omitted. If the attributes
enter utility linearly, the mWTP boils down to mWT P = − βa

βc
, where βa and βc
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are the corresponding parameters of the attribute of interest and the cost attribute,
respectively.

When using models that incorporate interaction terms to capture observed prefer-
ence heterogeneity, i.e. allowing marginal utilities of attributes to vary across people,
some caution is required. Assume that we interact attribute a with a continuous, case-
specific variable, e.g., age. As utility depends on age, so does mWTP. The value of
mWTP is thus a function of age and can be conveniently written as

mWT P(age) = −V ′(a)/V ′(c) = −βa + βa·age · age
βc

,

where βa·age is the corresponding parameter of the interaction term. It is possible to
substitute any possible value of age to calculate mWTP for that specific age. The
ratio βa/βc will not provide a useful value as it would be the mWTP for a person
of age zero. If the mean value of age can be taken as a representative value, it could
be advisable to mean-centre this variable before the interaction is formed. Then the
mean agewould be zero, and the ratio βa/βc would represent themWTP for themean
value of age. Nevertheless, in some cases other values of the case-specific variables
(e.g. median value), can be more representative.

Further difficulties in calculating mWTP may arise when we specify the cost
parameter as random in a RP-MXL model. This is because the ratio of two random
variables follows a different, often unknown distribution. For some distributions, the
first and second moments of the resulting ratio distribution are not defined, which
makes it impossible to report means and standard deviations (Daly et al. 2012). For
other distributions, moments may be defined but cannot be calculated analytically. If
we are interested in knowing the shape of such a distribution, we can use simulation.
The basic idea is to randomly draw from the distributions of the relevant random
parameters and calculate mWTP for each draw (Krinsky and Robb 1986, 1991). See
Daly et al. (2012, 2020) for the limitations of this approach.

If the random parameters are correlated, these correlations need to be taken into
account when generating the random draws to compute their ratios. This is accom-
modated by drawing from a multivariate distribution. Such draws are feasible for
two normally distributed random variables, yet it becomes more difficult if the any
of the coefficients have a distributional form that is not a transformation of a normal
distribution (Yang 2008). Hensher et al. (2015) recommend only drawing from the
multivariate normal distribution.

Simulating the distributions has another advantage: it provides a good indication
of whether the assumptions on the random parameters are meaningful. For example,
a log-normally distributed cost coefficient may provide a good model fit. However,
its large standard deviation may produce very unrealistic results. In a simulation, it
can quickly become obvious that many mWTP values are not plausible (see Sect. 8.3
on cross-validation). A recent example of a study using this type of simulation is
Knoefel et al. (2018). Simulation is, however, not the key solution because many
problems with the resulting distribution can be masked.
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The log-normal distribution is frequently used in RP-MXLs to specify the price
coefficient. The distribution has the advantage that its values cannot become negative
(exp(x) > 0,∀x). Similar to the normal distribution (and many other parametric
distributions), the log-normal distribution is characterised by two parameters, the
location parameter μ and the scale parameter σ . These parameters determine the
shape of the distribution. In the normal distribution, μ and σ represent the mean
(and the median as the distribution is symmetric) and the standard deviation of the
distribution. In the log-normal distribution, the relevant statistics (median, mean and
standard deviation) have to be calculated using the formulas presented in Sect. 5.4.

Note that the log-normal distribution is not symmetric, and the mean depends on
σ . If σ is large (i.e. the distribution has a fat tail), the mean will quickly become
(too) large as well. In such cases, it is useful to report the median as a central
tendency measure. In our experience, the median provides, in many cases, a more
useful value (Daly et al. 2012). Recent examples for median WTP values from
log-normal distributions are Sagebiel et al. (2017) and Rommel and Sagebiel (2017).
Note that most statistical software packages outputμ and σ , and the researcher has to
calculate mean, median and standard deviation using the above-mentioned formulas.
For policy and welfare analysis however, it is helpful to report the distribution of
mWTP, especially, when the distribution does not follow a clearly defined shape.

Finally, RP-MXL models allow the calculation of so-called individual-specific
(conditional) utility parameters and mWTP values (Train 2009, Chap. 11; Sarrias
2020). This approach is useful when the researcher aims to predict future choices for
specific individuals or when individuals are used for subsequent analysis. However,
these conditional values are only meaningful with a sufficiently large number of
choices per individual, depending on the complexity of the choice tasks. Also,
blocked designs may cause imprecise conditional estimates as individuals faced
different sequences of choices. As a consequence, following this approach may only
be recommended when it is necessary for a follow-up analysis.

The value of mWTP in a LCM can be calculated for each class separately, using
the standard approach mWT Pl = −V ′

l (a)/V ′
l (c) where l denotes the class l =

(1, . . . , L). The value usually reported is the weighted mean of the within-class
mWTP values weighted by the class share.

mWT Pw =
L∑

l=1

classSharel · mWT Pl

The literature that uses this formula is vast as it is applied in almost all case studies
based on LCM, but let us mention for example Scarpa and Thiene (2005).

mWTP is a key concept inwelfare economics and rooted inmicroeconomic theory.
Some microeconomic background is required to fully understand the concept of
mWTP. While simple model specifications allow a straightforward and easy calcu-
lation and interpretation of mWTP, researchers need to be careful once specifica-
tions become more complicated. Most importantly, non-centred interaction terms
can easily lead to a misinterpretation. Similarly, when using RP-MXL models with
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randomly distributed cost coefficients, calculation and interpretation become more
complicated.

Nearly all empirical applications in environmental economics rely onmWTP, even
in contexts where welfare effects are not the main subject. In the latter cases, mWTP
serves as a way of obtaining a meaningful interpretation of results and some kind of
importance ranking. AsmWTP in RP-MXLmodels is rather difficult to obtain, many
studies investigated this topic. A good summary is provided in Hensher et al. (2015).
A detailed, and somewhat advanced discussion ofmWTP for random cost parameters
is Daly et al. (2012). Conditional mWTP values are described in detail in Train (2009,
Chap. 11). In general, practitioners should look into distributions of mWTP rather
than specific statistics (mean, median, standard deviation), and only use thosemodels
where a meaningful interpretation of mWTP is feasible. Researchers should double
check if the mWTP distributions are realistic. If a large percentage of the distribution
falls outside the range of acceptable values (e.g. mWTP for renewable energy per
kWh is more than 1e, or a yearly payment for water quality improvements of 10,000
e), something may be wrong, even if model fit statistics indicate differently.

7.2 Aggregating Welfare Effects

Often researchers are not interested in the welfare implications of marginal changes,
but wish to derive the monetary value of a policy intervention (or product change).
Policy interventions often involve changes in multiple attributes and of a reasonable
but non-marginal size. Economic theory provides the tools to derive such values.
First, we need to establish the do-nothing scenario and the corresponding utility
level for each individual, denoted by V0. Any policy intervention, assuming a quality
improvement, will increase the utility to V1. Effectively, we are interested in the
value of the utility difference V1 − V0 for each individual and the aggregation of
these individual effects. This is exactly what the Hicksian welfare measures do (see
Sect. 1.1).

A key issue with discrete choice modelling is, however, that a priori we do not
know which goods individuals will select in the do-nothing scenario and whether
they would switch as a result of the policy change. We typically work with what is
known as the LogSum (Ben-Akiva and Lerman 1985), which denotes the expected
maximum utility of a choice set here denoted for the do-nothing scenario—where j
denotes an alternative in the choice set:

LS0 = ln

⎛

⎝
∑

j

exp(Vj0)

⎞

⎠.

The change in the expected maximum utility as a result of the policy intervention
is then denoted by:
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LS1 − LS0 = ln

⎛

⎝
∑

j

exp(Vj1)

⎞

⎠ − ln

⎛

⎝
∑

j

exp(Vj0)

⎞

⎠.

Utility is, however, not informative for cost–benefit purposes and we require a
translation into monetary terms using the marginal utility of income λ. Batley and
Ibáñez Rivas (2013) highlight that when the indirect utility function is linear in
income and price, we can use the negative of the cost coefficient βc for this purpose,
i.e. λ = −βc, such that the monetary change in e.g. compensating surplus is denoted
by:

�CS = LS1 − LS0
λ

.

When the discrete choice model is linear in both the non-cost and cost attributes,
the LogSum, i.e. the change in compensating surplus, is identical to the sum of the
constant marginalWTP estimates for the individual attributes.When non-linear non-
cost attributes are introduced, aggregation over non-marginal quality improvements
is far less trivial than simply deriving the change in the LogSum for a given scenario.
Hence, the use of the LogSum is recommended in such instances.

The introduction of non-linear costs in the indirect utility functions causes signifi-
cant theoretical and computational challenges. The issue here is that due to the inclu-
sion of non-linear cost effects the marginal utility of income is no longer constant
and thus invalidates the use of the LogSum in these cases. Batley and Dekker (2019)
show that in a discrete choice setting non-linear cost effects are non-compatible
with economic theory, despite the fact that an econometric model may suggest
that non-linear costs are likely. Karlstrom and Morey (2003) and McFadden (1996)
have developed methods to derive the resulting change in “compensating variation”
using methods of integration and simulation, respectively. These methods are hardly
implemented in the literature due to their challenging computational burden.

The LogSum thus allows the change in compensating surplus to be derived for a
given individual. However, we are typically interested what the policy intervention
implies for the population and not the sample. When mWTP estimates are used,
such as the case for the Value of Statistical Life (Robinson and Hammitt 2016)
one can simply use these as a multiplier as stated in national cost–benefit analysis
guidelines such as the Green Book in the UK (HM Treasury 2018). Alternatively,
one can derive the welfare implications for different representative socio-economic
groups using the estimated indirect utility functions and the LogSum and aggregate
over the population. Essentially, this will indicate whether the net WTP is positive or
negative for society, and thus be a reflection of the Kaldor and Hicks compensation
criteria. However, Nyborg (2014) highlights there are significant controversial value
judgementsmadewhen simply aggregatingWTPandWTAacross people. She argues
that effectively more weight is given to richer people in the social welfare analysis
as a result.
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To sum up, firstly, the output of discrete choice models is commonly a set of
mWTP measures. These are not always informative when quality effects are non-
linear in the indirect utility function. Secondly, the LogSum facilitates aggregation
of welfare effects, particularly versus the do-nothing scenario. Thirdly, more compli-
cated calculations are required when non-linearities are associated with income and
price variables.

7.3 WTP Comparison

In some applications, it is interesting to compare welfare measures from different
samples. For example, a researcher has collected two samples from different cities
andwants to find out ifWTP is larger in one city than in another city. Or the researcher
has conducted a split sample to answer a specific methodical question and wants to
find out whether there is a difference in the two samples. Direct testing with t-tests is
not appropriate, as welfare measures such as mWTP are ratios of coefficients (non-
linear combinations) and they are, therefore, usually non-normally distributed. One
way to test differences by comparing simulated distributions. The idea is to simulate
mWTP values and count in how many cases the mWTP value from one sample is
larger than that from the other sample. This procedure has been proposed by Poe
et al. (1994, 2005). A step-by-step guide can be found in Haab andMcConnell (2002,
p. 112).

The Poe test can be conducted for basically anymodel includingRP-MXLmodels,
but be aware that mean and median mWTP are sometimes calculated from the loca-
tion and scale parameters (e.g. for log-normally distributed price coefficients, see
Sect. 7.1), which requires a different formula for mWTP. One can use Poe test to
compare other welfare measures such as compensating surplus of a specific policy
scenario. The process is similar to that with mWTP, with the only difference that, for
each draw, the compensating surplus formula is used instead of the mWTP formula.

If the Poe test is not feasible, or a formal test is not required, one can conduct a
graphical analysis of confidence intervals. Plotting mean mWTP and their respective
confidence intervals of two samples offer a good initial insight into the magnitude
of the differences. When confidence intervals overlap, mWTP are not likely to be
statistically different. Note that both in the Poe test and in the overlapping confidence
interval approach, the null hypothesis of equality ofmWTP is less likely to be rejected
the larger the variations and confidence intervals are.

In summary, comparing independent samples with respect to welfare measures
can be done with the Poe et al. (2005) test or with the overlapping confidence interval
method. Several empirical applications rely on the Poe test to establish if there are
differences in WTP between samples. See, for example, Liebe et al. (2015) or Glenk
et al. (2019) for methodological applications, and Brouwer et al. (2010, 2016) and
Knoefel et al. (2018) for empirical applications.
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