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SUMMARY
Willingness-to-pay (WTP) estimates derived from discrete-choice experiments (DCEs) generally
assume that the marginal utility of income is constant. This assumption is consistent with
theoretical expectations when costs are a small fraction of total income. We analyze the results of
five DCEs that allow direct tests of this assumption. Tests indicate that marginal utility often
violates theoretical expectations. We suggest that this result is an artifact of a cognitive heuristic
that recodes cost levels from a numerical scale to qualitative categories. Instead of evaluating
nominal costs in the context of a budget constraint, subjects may recode costs into categories such
as ‘low’, ‘medium’, and ‘high’ and choose as if the differences between categories were equal.
This simplifies the choice task, but undermines the validity of WTP estimates as welfare
measures. Recoding may be a common heuristic in healthcare applications when insurance
coverage distorts subjects’ perception of the nominal costs presented in the DCE instrument.
Recoding may also distort estimates of marginal rates of substitution for other attributes with
numeric levels. Incorporating ‘cheap talk’ or graphic representation of attribute levels may
encourage subjects to be more attentive to absolute attribute levels.
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1. INTRODUCTION
Empirical studies using choice-format conjoint surveys or discrete-choice experiments
(DCEs) to estimate willingness-to-pay (WTP) generally assume that the marginal utility of
income is constant (Just et al., 1982; McCloskey, 1982). This is equally the case in studies
of health-care choices. (See, e.g. Ryan, 2004; Hanley et al., 2003; Maddala et al., 2003;
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Olsen and Smith, 2001; Bryan et al., 2000; Tesler and Zweifel, 2002.) However, constant
MUY may be violated in some instances, raising legitimate concerns about whether WTP
estimates are valid welfare measures.

Statistically, MUY implies a linear cost specification in health-care DCE models. Most
health care studies follow the convention of estimating WTP by dividing the estimated
utility difference between an intervention or outcome and a reference condition by a
constant marginal utility of income, indicated by the absolute value of the cost-attribute
coefficient.1 To interpret the resulting rescaled utility difference as a utility-theoretic
measure of WTP, it is also necessary to assume that subjects accept indicated cost levels as
personal, income-constrained, out-of-pocket expenses required to obtain the improved
outcome.

Yet, there is little empirical evidence as to how DCE subjects evaluate health-care cost
information. Unlike preference studies in other areas, health care often is partly or fully
insured. Study subjects, unaccustomed to evaluating costs as high as those presented in the
DCE trade-off tasks, may employ cognitive strategies to decrease the considerable mental
effort these tasks require (Payne et al., 1993). DCE subjects may ignore costs altogether in
evaluating trade-offs, or lower indicated costs because they are accustomed to paying only a
fraction of actual costs. In other cases, cost levels may be recoded to, e.g. ‘low,’ ‘medium,’
and ‘high’ categories. Recoding may be a strategy for simplifying evaluations of a relatively
unfamiliar but important attribute. Measurement error or bias may result because of
differences between the cost levels used in estimation and the cost levels subjects use in
their evaluations of trade-off tasks.

This study assesses the consequences of estimating WTP, assuming a linear opportunity–
cost specification when actual preferences may be inconsistent with that specification. For
each of the five DCE studies (colorectal cancer screening (CRC), HIV testing, insulin
devices, a public-health intervention to reduce the risk of developing diabetes, and insulin
therapies for Type 2 diabetes), we explore the consequences of two strategies: (1) linearizing
preferences to fit conventional assumptions, and (2) taking subjects’ stated preferences at
face value and calculating welfare effects using alternative nonlinear MUY estimates.

2. METHODS
2.1. Data

Table I presents five datasets. Each survey’s design was similar, and included demographic
and health history questions, definitions of attributes and levels, and 8–12 choice format
trade-off questions. We employed a D-optimal algorithm to construct a near-optimal
experimental design (Huber and Zwerina, 1996; Kanninen, 2002; Zwerina et al., 1996).
While the range of costs varies across studies, all the ranges overlap at 11 or more points.
Figure 1 presents an example trade-off question for insulin in Type-2 diabetes.

2.2. Analysis
Step 1—For each dataset we estimated fixed-effect, conditional logit models with the
following random-utility specification:

1See Lancsar and Savage (2004), comments by Ryan (2004a,b) and Santos Silva (2004), and the authors’ response to an argument that
utility differences in the denominator should be based on expected utility rather than realized utility. In either case, the denominator is
the absolute value of the cost coefficient.
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(1)

where for dataset i, choice k,  is the random utility,  and  are the determinate and

stochastic expressions,  is attribute level j,  is the corresponding part-worth coefficient,

and  is 1 of 3 specifications: linear, log, or categorical.

(2)

All categorical variables were effects-coded (Hensher et al., 2005). As indicated, linear
specification is the conventional estimation strategy. Log transformations are commonly
used to model continuous, nonlinear variables. Estimating cost as a categorical variable
imposes no functional-form restrictions on preferences.

Step 2—For each dataset, we calculated a change in utility (ΔUi) that yields a WTP of $100
using the linear-cost model.

(3)

This calculation assumes constant , but allows the linear MUY estimate to vary
across datasets.

Step 3—Using the same ΔUi for each study, we calculated WTPi using the log-cost model
evaluated at the mean cost C̄i as follows:

Step 4—Again, using the same ΔU, we calculated WTPi using the categorical cost levels in
three different ways:

• Lowest–Highest:

where βlowest corresponds to the lowest cost category and βhighest corresponds to the
highest cost category.

• Mean of categorical slopes:
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where n is the number of cost levels.

• Piecewise linear:

where .

Step 5—We checked each dataset for cost recoding. If MUY is constant, the scatter plot of
predicted utility against nominal cost should be linear. If cost differences increase for higher
cost levels, the plot of utility against categorical cost should be concave. However, if the
plot against categorical cost is approximately linear, the utility difference for small cost
differences is the same as for large cost differences, suggesting that subjects have recoded
the nominal costs as ‘low,’ ‘medium,’ and ‘high’ with similar utility differences between
recoded categories (see Figure 2). The categorical coefficients may decrease with the cost
level, and may be significantly different from one another, but their values are inconsistent
with the actual differences in nominal cost levels. A linear cost specification generally will
yield a negative and statistically significant cost coefficient in this case. Thus, researchers
are likely to interpret this result as being consistent with theoretical expectations.

3. RESULTS
Figure 3 compares the WTP estimate from the linear model of the diabetes-prevention data
to 22 alternative specifications: a log model with the WTP evaluated at the mean cost, and a
piecewise linear model. (Numeric estimates from all 44 models appear in the Diabetes
Prevention row of Table II.)

Applying Equation (1), the utility difference in Figure 3 corresponding to a WTP of $100 is
dU100=1.2 for the linear model. This utility difference corresponds to a WTP of about $79
for the log model (with the rate of change evaluated at the mean cost), and $54 for the
piecewise-linear model.

Table II presents the results of our analysis for all five datasets. The first two columns list
the dataset and the cost levels. The remaining five columns show the WTP estimates using
each of the alternate methods.

• Log Cost: Differences in WTP for the log cost model are strongly influenced by
differences in cost ranges among surveys.

• Lowest/Highest: In general, this method created very similar WTP estimates as the
linear cost. There was only 1 case (HIV) where the lowest–highest cost was much
lower than the linear cost (and see Figure 2).

• Mean of Piecewise Slopes: In general, this method also produced similar WTP
estimates as the linear cost. There was only one case (HIV) where the mean slope
WTP estimate was much lower than the linear cost.
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• Piecewise Linear: The estimated WTP was much lower than the linear model for
diabetes prevention and HIV, nearly identical for insulin devices, somewhat higher
for insulin therapies, and much higher for CRC.

The spacing and range of cost levels offered are possible sources of discrepancies among the
models. In the case of the largest observed difference, the CRC testing study, categorical
estimates for the $25, and $100 cost levels are nearly identical. This causes the categorical
estimates to lie to the right of the linear model and the slope of the linear model to be steeper
than the average piecewise slope. It is likely that the $500 and $1000 cost levels made the
difference between $25 and $100 appear small to subjects.

The first two categorical estimates for the HIV testing study were also virtually identical.
Here, the range is only $100, but the difference between the $0 and the $10 cost for a test
apparently was perceived as negligible. As in the CRC case, the slope of the linear model is
steeper than the average piecewise slope.

While the cost levels offered in the two testing studies seemed reasonable, they appear to
have unintended cognitive consequences. Apart from the first two levels, the utility gradient
with respect to cost is consistent with constant MUY. Choosing two levels close to one
another apparently resulted in spurious estimates. The spacing and ranges of the cost
attribute in the other studies were less likely to trigger this pattern of responses. The effect of
a small utility change between the first two categories increases the piece-wise linear WTP
calculation in the categorical model.

The diabetes-prevention study is the only case where the linear model overstates WTP based
on observed trade-off preferences – an apparent case of cost recoding (Figure 3). The utility
plot against categorical cost should be linear if marginal utility is constant. A plot against
unequally spaced cost categories should consequently be concave. If the scatter plot is
convex and the category plot is linear, then the utility differences between categories are
equal, regardless of the actual cost intervals. The implication is that responses would have
been the same regardless of the actual cost values.

4. DISCUSSION
This paper presents alternative ways of estimating marginal utility of income when cost
recoding exists. We caution researchers that the best method for estimating the marginal
utility of income is situationspecific and should be tested for fit in particular cases.
Nonetheless, a common criticism of statedpreference studies, including DCE studies, is that
they rely on evaluations of hypothetical alternatives. Such evaluations do not have the same
clinical, financial, and emotional consequences as real healthcare decisions. It is important
to assess the validity of DCEs by checking response consistency and conformity to utility-
theoretic requirements. However, we are unaware of any study that has tested the marginal
utility of income assumption that is crucial to calculating WTP.

Recoding cost levels has significant welfare-economic implications. With recoding, WTP
estimates become an artifact of the labels researchers attach to the cost levels, not subjects’
measured trade-off preferences. Utilizing the recoding heuristic in stated-preference studies
could invalidate welfare estimates for revealed preference studies, as well.

Researchers agree that it is important to motivate the cost attribute carefully. Investigators in
other areas (e.g. environmental economics) have proposed including ‘cheap talk’ text to
encourage more attentive evaluation of costs – generally in the context of contingent-
valuation studies rather than DCEs (Cummings and Taylor, 1999; List, 2001; Aadland and
Caplan, 2006). Cheap-talk strategies co-opt subjects into becoming part of the research team
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by alerting them to common errors that ‘other people’ often make in answering stated-
preference questions, which degrade the integrity of the study (Murphy et al., 2005).

The success of this approach, principally in contingent-valuation studies, has been mixed. If
recoding is a heuristic similarly linked to hypothetical bias, then a cheap-talk text could
improve DCE subjects’ attention to nominal cost levels. The sole study applying cheap talk
to a DCE survey investigated its effect on a cost attribute (Ö zdemir et al., 2009). Ö zdemir
et al. found that the cost function for the cheap-talk subsample was linear, while the cost
function for the control subsample was not. Cheap talk affected the coefficient on the cost
attribute, as well as preferences for other attributes.

Our results suggest that one cannot assume that the cost gradient is continuous and linear.
The minimal effort required to apply the categorical model rejected linearity in two cases
and yielded important insights, including possible evidence of recoding. Researchers should
check for possible violations of the constant marginal utility of income assumption. If cost
estimates are inconsistent with conventional assumptions, researchers should determine how
to model this behavior, assess what consequences these anomalies may have for welfare
calculations, and consider ways to encourage theoretic responses in future surveys.

As a test of a recoding hypothesis, this study has several limitations. First, none of the
studies was explicitly designed for that purpose. It is not possible to detect recoding when
cost levels are spaced equally. Indeed, we cannot rule out the possibility of recoding in the
three studies that yielded approximately constant MUY, all of which had constant or near-
constant differences in adjacent cost levels. In those cases, our test is weaker than in studies
where differences are more marked. We also cannot unambiguously rule out competing
hypotheses involving cognitive responses other than recoding. We also did not look at split
sample analyses for each study to determine whether there were differences in recoding
among groups. Finally, variations among the studies as to commodity evaluated, information
provided about attributes, numbers of attributes and levels involved, and layout of the trade-
off task may be confounded with any anomalies observed in estimates of the cost response.

Future research should focus on identifying best-practice methods for incorporating cost in
DCEs. A controlled experiment holding all variables constant except for survey features
related specifically to the cost attribute, including controlled variations in motivation for
costs, budget reminder, cheap talk, and the range and spacing of the cost levels would be
informative. Understanding DCE subjects’ cognitive responses to trade-off tasks are
important for obtaining results that can be interpreted as valid approximations of welfare
changes.
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Figure 1.
Example choice question
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Figure 2.
Cost recoding examples. (a) Constant marginal utility of price categories and (b) Non-
constant marginal utility of nominal prices
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Figure 3.
Diabetes prevention recoding results
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Table I

Description of the five US DCE studies

Patient study Cost levels (US dollars) Number of subjects Number of alternatives
Number of trade-

off questions

Colorectal Cancer (CRC) Screening
Tests

25, 100, 500, 1000 1087 2 12

HIV Testing Programs 0, 10, 50, 100 323 2 10

Diabetes Prevention Programs 0, 25, 50, 100, 200 703 3* 9

Insulin Devices 100, 175, 225, 300 392 2 8

Insulin Therapies 50, 100, 150, 200 737 3* 10

*
Third alternative was a status-quo reference condition or opt-out alternative.
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