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Abstract In a split sample design, we examine how the number of choice sets, design
of the first choice set (context dependence), and the choice of attribute levels in the cost
attribute affect the precision in the elicited preferences in otherwise completely identical
choice experiment surveys. These issues are investigated for Swedish households’ marginal
willingness to pay to reduce power outages. Our results indicate that neither the number of
choice sets nor the design of the first choice set has a significant impact on estimated marginal
willingness to pay, while the effect was significant for the additive scaling of the cost vector.
At the end of the article we discuss the implications of our results on future developments
and applications of choice experiments.

Keywords Attribute levels · Choice experiment · Context dependence · Length ·
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1 Introduction

Choice experiments have over the last 10 years or so become a more and more applied stated
preference method, especially in transport, environmental, and health economics.1 Compared
with the contingent valuation method, however, the number of studies conducted is still
relatively small. Thus, the number of studies that has focused on issues beyond obtaining
the marginal willingness to pay for attributes is even smaller. One important issue when

1 For overviews on the choice experiment method see for example Louviere et al. (2000), Alpizar et al.
(2003), and Adamowicz and Deshazo (2006).
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applying stated preference methods is if the answers by the respondents are sensitive to the
framing of the actual choice situations, since there is considerable evidence that the framing
of questions and the information provided in a survey may affect the answers (e.g., Ajzen et al.
1996; Kahneman et al. 1996). The other issue of concern is the elicitation of individuals’
preferences per se. In a contingent valuation survey, individuals are asked either to state
their maximum willingness to pay contingent on the scenario presented, i.e., an open-ended
survey, or whether or not they are willing to pay a certain bid, i.e., a closed-ended format.
In a choice experiment on the other hand, the individuals pick the preferred alternative in
each of the choice sets presented to them. Each choice set consists of several alternatives and
each alternative is described by several attributes. There are several steps in the development
of a choice experiment study in addition to creating the scenario, which can broadly be
divided into three groups: (i) determining which attributes to include, (ii) deciding the levels
of the attributes and the number of choice sets, and (iii) creating the choice sets by deciding
which levels to include in each choice set, i.e., experimental design. The development of a
closed-ended contingent valuation survey is less difficult compared to a choice experiment
since only the cost attribute is included in the former. In this article we concentrate on choice
experiments and specifically on the second issue, deciding the levels of the attributes and
the number of choice sets. We focus on three methodological issues: the number of choice
sets, context dependence, and attribute levels in the cost vector. These issues are investigated,
based on a national sample in Sweden, for Swedish households’ marginal willingness to pay
for avoiding power outages of different durations starting either on weekdays or weekends
separated by winter and non-winter seasons.

The length of the survey may, among other things, (i) affect the response rate, (ii) result
in respondents using simpler decision rules such as ignoring certain parts of the informa-
tion provided, (iii) facilitate learning and (iv) result in respondents responding more or less
randomly especially in the end due to fatigue. From a theoretical point of view, the more
choice sets that are answered by each respondent, the more information we obtain about
their preferences ceteris paribus. Moreover, as argued by Louviere (2004), it is important
not to have too few choice sets in the final design, since the objective of a survey is often to
generalize the results beyond the choice sets presented in the survey. However, due to budget
and logistical constraints, there is often an upper limit on the number of choice sets in the
final design. This is affected by the sample size we can afford to survey and the number of
choice sets that a respondent would like to and is able to answer. Thus, the natural question
then is: How many choice sets are too many? In many applied studies, the number of choice
sets as well as the number of choice sets presented to a respondent are both quite small.2 The
stylized fact seems to be that respondents cannot handle too many choice sets. On the other
hand, Louviere (2004, p. 18) argues that: “It is widely believed that ‘modeling’ individuals
requires ‘smallish designs,’ but in contrast to the equivalent of widely held ‘academic urban
myths’ in marketing and transport research, there is considerable evidence that humans will
‘do’ dozens (even hundreds) of T’s” (T refers to choice sets; our remark). Hensher et al.
(2001) tested different numbers of choice sets (4, 8, 16, 24, and 32) for choosing between
different flights, and they found small differences in the estimated elasticities among the
versions with different numbers of choice sets. On the other hand, Hensher (2006) found that
the number of choice sets had a statistically significant impact on the valuation of travel time
savings. In this article we test this issue by including sub-samples with 12 and 24 choice sets
respectively.

2 From the final design, a number of blocks containing a number of choice sets from the final design are
created, and each respondent answers one block only.
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A choice experiment rests on the assumption of context independent preferences. Tversky
and Simonson (1993) discuss different sources of context dependent preferences and in this
article we focus on what they labeled background context.3 In their discussion on background
context as well as in their experiment with a choice between two alternatives described by
two attributes, they find that a relatively smaller difference between the levels makes the
respondents more likely to focus on that attribute and select that alternative with the attribute
level that results in higher utility. In order to test for a context dependence bias, we create a
choice set such that there is a large difference in the number of outages while the difference in
cost is relatively small in relation to the levels of attributes applied in our design. This specially
created choice set was included as the first choice set in a sub-sample of our questionnaires.
If this affects behavior, i.e., results in context dependence, we expect individuals to be more
likely to choose cheaper alternatives in the following choice sets compared to not having this
choice set first ceteris paribus.

In the closed-ended contingent valuation literature, a number of papers have explicitly
discussed the issue of optimal bid vector design and the effect of the bid levels chosen
on the precision in the estimated willingness to pay (e.g., Alberini 1995). A closed-ended
contingent valuation survey can in principle be seen as a choice experiment with one choice
set. The choice of the optimal bids to include in a contingent valuation survey is less difficult
since one of the two cost attributes is always zero, i.e., if individual says no to the bid then
nothing is paid. A similar discussion on which attribute levels to attach to the cost attribute is
relatively absent in the choice experiment literature. Instead, the focus has been on creating
the choice sets given that some levels have been selected. It should be noted that in many
cases, the cost attribute is the only attribute whose levels can be chosen freely, since most of
the other attributes will be assigned levels that are policy relevant and plausible; for example,
the number of hydroplants to build in a river or the health effects from reducing car traffic
in a city center can only take integer numbers within certain intervals. However, we are not
interested in the optimal design per se.4 Instead, we investigate how the framing of the cost
attribute affects behavior by applying an additive scaling, where a constant amount is added
to the cost vector and this vector is then applied in another sub-sample. Using a split sample
approach, Hanley et al. (2005) investigate how a design with two different price vectors,
differing by a factor of 3, affects both the proportion choosing the status quo alternative and
the willingness to pay. As expected, the proportion choosing status quo increases in the price
vector using higher values, while no significant differences between the price vectors were
found in the willingness to pay. If the utility function is linear in cost, this scaling should not
matter since it is only the difference in cost that matters in such case. The rest of the article
is organized as follows. In Sect. 2 we describe the survey on power outages among a random
sample of Swedes and the survey versions designed in order to test our research questions.
In Sect. 3 the results are presented and, finally, Sect. 4 concludes the article.

3 There are several explanations for why preferences are context dependence. One argument is that preferences
are to some extent constructed in the elicitation process, (Tverksy 1996). Another explanation is that preferences
are discovered (Plott 1996). As dicussed by Braga and Starmer (2005) if preferences are discovered, then
anomalies can be expected to disappear when individuals become more experienced. Furthermore, Sugden
(2005) argues that if preferences are context dependent, then the survey design to use is the one that most
resembles the market.
4 For discussions on optimal design and model estimation see e.g., Carlsson and Martinsson (2003), Kuhfeld
(2001), Louviere et al. (2000), and Louviere (2006).
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2 The Choice Experiment Survey

The choice experiment survey concerned Swedish households’ marginal willingness to pay
for reducing unplanned power outages. Each respondent made repeated choices between
two different alternatives presented to them. The alternatives differed in terms of the num-
ber of outages separated on the time of the week (weekdays and weekend) and duration
(4, 8, and 24 h), as well as in terms of the cost for obtaining the stated level of outages. This
means that together with the cost attribute, there are in total seven attributes. The numbers of
power outages were presented as the amount of outages during the next 5 years separated on
weekdays and weekends, and on the durations described above. Moreover, each respondent
answered two different parts: the first considered outages during the winter (November–
March), while the second outages during the rest of the year (April–October). Each part
contained either six or 12 choice sets depending on the survey version.5 Before they answe-
red the choice experiment, the respondents were instructed to read a short scenario describing
the attributes and some facts regarding power outages. The scenario presented to them is found
in the Appendix. After the scenario, the respondents were asked to make repeated pair-wise
choices. An example of a choice set is presented below in Table 1.6

In order to investigate our research questions, we created four different survey versions.
The survey was developed through a series of focus groups and a larger pilot study on a
random sample of the population. First we created a Base version. In this Base version, we
presented 12 choice sets to be answered by each respondent (6 choice sets per season), and
the levels of the cost attribute were 125, 200, 225, 275, and 375 SEK.7 Based on this Base
version, we created three additional versions for methodological tests as presented in Table 2
below, where the number of choice sets or the levels of the cost attributes were changed.

In the Length version, respondents were asked to answer 24 choice sets instead of 12.
In the Context dependent version, an additional choice set was included and located first
among the choice sets presented. The levels were set so that the respondents could obtain a
large reduction in the number of outages at a low cost.8 If this choice set is influential when
answering the other choice sets, we expect that the respondents, ceteris paribus, will be more
likely to choose the alternatives with lower costs, following Tversky and Simonson (1993).
Finally, in the Scope version, the levels of the cost attribute are shifted upwards by adding 200
SEK compared with the Base version. By assuming a linear utility function, the difference
in costs is still the same, and thus the marginal willingness to pay should be unaffected. In
Table 3 we summarize the non-monetary attributes and attribute levels used in each of the
two parts. The levels refer to the number of outages over the next 5 years. The reason why we
used over the next 5 years instead of next year was because we wanted to avoid describing
the outages in fractions rather than using integer numbers.9

5 In the Context dependent version, there are seven choice sets for the winter.
6 We did not include a status quo alternative in the choice sets, since such a clear reference point does not
exist partly due to regional as well as local differences but also due to reduced reserve capacity.
7 At the time of the survey, 1 USD was approximately equal to 7.50 SEK.
8 The cost difference between the alternatives was only 75 SEK. The more expensive alternative resulted in a re-
duction of one 24 h outage both during working days and weekends, a reduction of 2 and 1 outages for a 4 and 8 h
duration during working days respectively, and an increase by 1 outage for the same durations during weekends.
9 In Sweden, households located in built-up areas experienced on average 0.08 planned and 0.39 unplanned
power outages per year during the period 1998–2001 with an average duration of 12 and 23 min, respectively
(Svenska Kraftnät 2002). The corresponding figures for power outages in sparsely populated areas of Sweden
are 0.60 planned with average durations of 83 min and 1.54 unplanned power outages per year with an average
of 203 min.
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Table 1 Example of a choice set

Number of outages during 5 years Alternative A Alternative B

Working days: number of outages with 4 h duration 0 during 5 year 1 during 5 year

Working days: number of outages with 8 h duration 1 during 5 year 0 during 5 year

Working days: number of outages with 24 h duration 1 during 5 year 0 during 5 year

Weekends: number of outages with 4 h duration 1 during 5 year 2 during 5 year

Weekends: number of outages with 8 h duration 0 during 5 year 1 during 5 year

Weekends: number of outages with 24 h duration 0 during 5 year 1 during 5 year

Connection fee for your household 200 SEK 225 SEK

Your choice

Table 2 The different versions
applied in the study

Version Number of Cost attribute

choice sets levels

Base 12 125, 200, 225, 275, 375

Length 24 125, 200, 225, 275, 375

Scope 12 325, 400, 425, 475, 575

Context dependent 13 125, 200, 225, 275, 375

Table 3 Attribute and attribute
levels (per season) in the choice
experiment

Attribute Attribute levels

Number of outages of 4 h duration over 5 years 2, 1, 0

Number of outages of 8 h duration over 5 years 2, 1, 0

Number of outages of 24 h duration over 5 years 1, 0

Since we do not focus on the experimental design of the choice sets per se, we base all the
versions of the survey on the same design, but they are blocked differently depending on the
number of choice sets asked to the respondents. The choice sets were created using a cyclical
design principle (Bunch et al. 1996).10 In addition, we wanted to avoid “too” dominating
choice sets. This was done by calculating code sums for each alternative (Wiley 1978).11

From the remaining 584 choice sets, 36 choice sets were drawn with a linear D-optimal
design. These were then blocked into 6 different blocks of choice sets, which were randomly

10 A cyclical design is a straightforward extension of the orthogonal approach. First, each of the alternatives
from a fractional factorial design is allocated to different choice sets. Attributes of the additional alternatives
are then constructed by cyclically adding alternatives into the choice set based on the attribute levels of the
first alternative. The attribute level in the new alternative is the next higher attribute level to the one applied
in the previous alternative. If the highest level is attained, the attribute level is set to its lowest level. Strictly
dominating choice sets were deleted from the candidate set of choice sets.
11 In order to calculate the code sum, we order the levels of the attributes from worst to best, with the lowest
attribute level assigned the value 0, the next 1, the following 2 etc. By comparing the code sums one can get
a rough indication of which alternatives are highly dominating. This is obviously a crude approach, and in
order for the approach to work fairly well, the utility difference between two levels should not be too different
across attributes. In our case, we deleted all design alternatives with a code sum difference larger than eight;
in total there were 78 such design alternatives in the candidate set.
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allocated to the respondents. For the Length version, the sets were randomly allocated into
4 different blocks, each containing 9 choice sets. To the 9 choice sets we added 3 additional
choice sets that were not a part of the 36 choice sets from the original design—both for winter
and the rest of the year—in order to test for transitivity.12

The households’ choices can be described by using a random utility model framework.
We assume a linear utility function, where the error term enters the function in an additive
way. The utility of alternative i is then13

Ui = vi + εi = βai − γ ci + εi , (1)

where ai is a vector of the attributes in alternative i , β is the corresponding parameter, ci is
the cost associated with alternative i , γ is the marginal utility of income and εi is an error
term. If the error terms are extreme value distributed, then the probability that a particular
alternative is chosen can be formulated as the standard logit probability. Thus, the probability
that alternative A is chosen when there is a choice between A and B can be expressed as

P [A] = 1

1 + exp(−β(aA − aB) + γ (cA − cB))
. (2)

In the literature, there is an increasing concern about the role of the scale parameter in
discrete choice models and there are also increasing empirical evidences of the importance
of modeling the scale parameter in an appropriate way. In particular, attributes may have
effects both on the behavior in terms of affecting the level of the utility as well as in terms
of affecting the variance of the utility. In order to assess the potential effect on the level of
utility, for example for a welfare analysis, it is important to make sure that one does not
instead capture the effects on the variance; see for example Louviere et al. (2000), Islam
and Louviere (unpublished), and Swait and Adamowicz (2001a, b). We therefore use a
binary heteroskedastic logit model, where the error term has a logistic distribution with mean
zero and variance exp(δzi )

2, where zi is a vector of the choice set specific characteristics
and δ is the corresponding parameter vector. The question remains what to include in the
variance function. One obvious candidate is of course the attribute levels. However, since the
variance function is exponential, it is not advisable to directly include the attribute levels in
the variance function, because the discrete choice model depends on difference in attribute
levels.14 Therefore we include two other attribute characteristics of our choice experiment:
the first one is the absolute value of the difference in total number of outages between the two
alternatives, and the other is the absolute value of the difference in cost. Finally, we include
a dummy variable for the first half of the total number of choice sets to test for differences in
variance between the winter and non-winter seasons. We also include a dummy variable for
the second half of the choice sets on each of the two seasons separately in order to test for
differences in variances within a season. Note that we separate differences that may occur
because respondents get tired or bored, or because the first half of the experiment concerns

12 These three choice sets were constructed so that all three pair-wise combinations of three alternatives were
compared. We did not include test of transitivity in the other versions, since only 3 choice sets would be from
the original design in each part of the choice experiment. Since test of transitivity is not a focus of this paper,
we do not discuss this test further, but a large majority passed the transitivity test.
13 An extension of this framework to a non-linear in income utility function is to use a piecewise linear in
income utility function. In such case the marginal utility of income is constant within a ceratin interval.
14 For example, we would believe that the effect on the variance is the same for a choice set, where the cost
of alternative A is 200 SEK and the cost of B is 250 SEK as for a choice set where the cost for A is 250 SEK
and the cost for B is 200 SEK. However, since only the difference in attribute levels matters, the exponential
variance function will not treat them as the same unless we use the absolute difference between them.
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winter outages and the second half outages during the rest of the year. Under the assumption
of a linear utility function, the marginal willingness to pay for an attribute is the ratio between
the parameter of the attribute and the cost parameter such that

MWTP = β

γ
. (3)

3 Results

The population that the sample was drawn from was defined as individuals aged between 18
and 74 years old with a permanent address in Sweden. A random sample of 3,600 individuals
was then selected from the Swedish census registry. The mail survey was conducted in 2004
with one reminder sent out 10 days after the first questionnaire. The response rates on the
different versions of our questionnaires are summarised below in Table 4.15 It should be
noted that the response rates only differed such that length resulted in a lower response rate.
To begin with we estimate separate binary heteroskedastic logit models for each of the four
survey versions. The results from these estimations are shown in Table 5.16 As shown in the
table below, all the utility parameters have the expected negative signs, i.e., the more outages
or the higher the cost, the higher is the disutility ceteris paribus. Thus, an increase in any
of these attributes in an alternative in a choice set would decrease the probability of that
alternative being chosen ceteris paribus. Moreover, most of the parameters are significant at
the 1% significance level. The signs of the parameters in the variance function are the same
across survey versions, while the level of significance differs to some extent among them. The
coefficient of the variance function of the absolute cost difference is positive and significant
at the 1% level in all versions. A positive sign on the coefficient implies that the variance
increases as the difference in cost increases in a choice set. The plausible explanation is that
a larger difference in cost leads to more preference heterogeneity. This because people who
ignore the cost continue to do so, while people who are more sensitive to the cost respond to
this larger difference. The interpretation is the same for the absolute difference in the hours
of outages, but this effect is only significant in two out of the four versions. The coefficient
of the variance function of April–October is negative, which indicates that the variance is
higher for November–March. In each of the four versions, we also tested for differences
between the first and second part of the choice sets within each season, and the coefficient
of the variance function of the second half of the choice sets is insignificant in all versions.
Therefore we did not include this variance function in the final model.

We begin with testing the null hypothesis of equal parameters across survey versions. In
order to test this we pool the Base version with each of the other versions one at a time, and
estimate a pooled model. Using a likelihood ratio test we can then test the null hypothesis
of equal parameters by comparing the separately estimated models with the pooled model.
However, when pooling the data we need to control for a potential difference in the scale
parameter, or the variance of the responses, among survey versions (e.g., Swait and Louviere
1993; Louviere et al. 2000). This is done by estimating an additional variance term that

15 The response rates at the 1-digit postal code level corresponds to the population statistics at the same
level, so the sample is representative with respect to geographic location. Comparing the sample statistics with
population statistics shows no statistical difference at the 5% level related to gender composition, but a slight
overrepresentation of older people (SCB 2003, 2004).
16 We tested for piece-wise linearity in a household income utility function (e.g., Haab and McConnell 2002),
but were unable to reject the hypothesis of no piece-wise linear at a 5% significance level.
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Table 4 The response rates from different survey versions

Survey version Total sent Answers Proportion Test of no difference in response rate

(%) compared to the Base version (P-value)a

Base 1,200 470 39.2

Scope 800 321 40.1 0.67

Context dependent 800 316 38.3 0.88

Length 800 265 33.1 0.01

a We tested the null hypothesis of no difference in respose rate in the Base version and the other versions
separately

Table 5 Heteroskedastic logit models

Base Length Context dependent Scope

version version version version

April–October 4 h weekday −0.167a −0.199a −0.151a −0.084

8 h weekday −0.299a −0.211a −0.251a −0.450a

24 h weekday −0.787a −0.873a −0.651a −0.837a

4 h weekend −0.200a −0.303a −0.236a −0.352a

8 h weekend −0.454a −0.489a −0.344a −0.751a

24 h weekend −1.015a −1.178a −0.973a −1.071a

November–March 4 h weekday −0.122b −0.198a −0.145b −0.197a

8 h weekday −0.276a −0.457a −0.604a −0.580a

24 h weekday −1.031a −1.208a −0.966a −1.385a

4 h weekend −0.302a −0.245a −0.275a −0.642a

8 h weekend −0.534a −0.675a −0.654a −0.692a

24 h weekend −1.376a −1.471a −1.418a −1.475a

Cost −1.667a −1.881a −1.506a −1.175a

Variance function

Abs (difference in outages hours) 0.167 0.444a 0.172 0.744a

April–October −0.273a −0.393a −0.317a −0.255b

Abs (Cost difference) 0.458a 0.500a 0.417a 0.305a

Log likelihood 2499 1818 1761 2881

a Significant at the 1% level
b Significant at the 5% level

considers the relative scale between the two survey versions.17 We cannot reject the null
hypothesis of equal parameters between the Base version and the Length version, or between
the Base version and the Context dependent version at the 5% significance level. However,
we can reject the null hypothesis between the Base version and the Scope version at the 5%
significance level. Hence, we concentrate on the marginal willingness to pay for the Base
and the Scope versions. Using the expression in Eq. 3 we see that the scale parameter cancels
out. Thus, we can directly compare the calculated marginal willingness to pay between these

17 All results are of course available upon request.
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Table 6 Marginal willingness to pay with standard errors in parentheses

Base Scope t-test

Marginal willingness to Marginal willingness to (P-value)

pay (standard error) pay (standard error)

April–October

4 h weekday 10.0 (2.6) 7.1 (4.8) 0.5 (0.60)

8 h weekday 17.9 (3.7) 38.3 (7.5) 2.4 (0.01)

24 h weekday 47.2 (4.4) 71.2 (10.5) 2.1 (0.03)

4 h weekend 12.0 (3.0) 29.9 (7.6) 2.2 (0.03)

8 h weekend 27.2 (3.9) 63.9 (9.5) 3.6 (0.00)

24 h weekend 60.9 (4.4) 91.1 (10.0) 2.8 (0.01)

November–March

4 h weekday 7.3 (3.4) 16.8 (6.6) 1.3 (0.20)

8 h weekday 16.5 (4.7) 49.3 (10.4) 2.9 (0.00)

24 h weekday 61.8 (6.3) 117.9 (17.3) 3.0 (0.00)

4 h weekend 18.01 (4.2) 54.6 (12.0) 2.9 (0.00)

8 h weekend 32.0 (5.2) 58.9 (13.1) 1.9 (0.06)

24 h weekend 82.5 (6.8) 125.5 (16.7) 2.4 (0.02)

two versions. The standard errors for these mean marginal willingness to pay are obtained
by using the Delta method (Greene 2000). The results are shown in Table 6 together with the
results of a t-test of equality of marginal willingness to pay between the two versions.18

For many of the outages there is a significant difference at the 5% significance level
in marginal willingness to pay as shown in Table 6 column 4. Interestingly, the marginal
willingness to pay is consistently higher for the scope version where the cost vector has been
doubled. If there is an income effect, it would go in the opposite direction, since the income
for the respondent is lower in this version. In any case, the income effect should be small.
Thus, the size of the cost vector does matter here, although it is only the difference in cost that
should matter for their choice and the corresponding marginal willingness to pay. A possible
explanation for this result is that respondents are affected by the size of the cost attribute apart
from an income effect. Thus, the level of the cost attributes may work much like a signalling
effect, where high cost levels signal to the respondent that one should pay more money.19

4 Discussion

This article reports on the results from a series of choice experiments focusing on the impact
of the number of choice sets, context dependent and the attribute levels in the cost attribute
on the estimated marginal willingness to pay. By using the same experimental design, but
blocked differently depending on the length of the survey, we hold the task complexity and
the effect of design technique applied constant.

18 We have costructed a similar comparison for the other versions as well, and for most of the marginal
willingnesses to pay we cannot reject the hypotheses of equality.
19 There is evidence in the litterature that even completely arbitrary number anchors can influence respondents
(Ariely et al. 2003).
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Our results are in line with the discussion in Louviere (2004), i.e., that respondents can
answer many choice sets, which was supported empirically by Hensher et al. (2001). Thus,
our results are encouraging since they indicate that many choice sets can be asked to each
respondent, which benefits the possibilities to generalize the results beyond the choice sets
included in the conducted survey by letting the choice sets from a relatively large final design
be applied. However, the proportion of non-responders increased by almost 16% in the Length
version which is significantly different from the Base version at the 1% significance level.
Although, the rate of non-responses to additional choice sets is low compared to the overall
non-response rate, suggesting that the challenge when increasing the number of choice sets is
to encourage people to start responding. Once this hurdle is overcome, they have no problem
answering more choice sets than what is claimed by “academic myths” (Louviere 2004,
p. 18).

Inclusion of a first choice set, where the respondents could for a relatively low cost obtain
a relatively large improvement in terms of a reduced number of outages, had no significant
impact on the estimated marginal willingness to pay. This finding suggests that the ordering
of the choice sets does not influence the responses in the same way as found in closed-ended
CV studies, and that a respondent treats one choice set as independent from another choice
set. Thus, contrary to Holmes and Boyle (2005), we find no effect of context dependence,
although this is an important issue that needs to be further investigated. However, the level
of the cost attributes had a significant impact on the marginal willingness to pay, suggesting
that not only the difference between the levels of attribute is important, but also the absolute
levels. In particular we found that the marginal willingness to pay is higher in the survey
version with higher costs, although the cost differences were held constant. Note that if an
income effect were present, we would have the opposite result. Interestingly, Hanley et al.
(2005) also find that the higher price vector results in a higher willingness to pay, although
in their case the difference between the vectors is not significant. It is clearly difficult to
draw any clear-cut conclusions regarding the design of future choice experiments from our
results, not the least because the same effect may also occur in real life, i.e., the results are
not only an artefact of stated preference surveys. On the contrary, one may expect similar
effects for non-market goods in general, where individuals would use costs or bid levels as
implicit willingness to pay cues.

Acknowledgment Financial support from Elforsk is gratefully acknowledged. The article has benefited
from comments by the members of the Market Design reference group and two anonymous referees.

Appendix

Scenario

We will now ask some questions regarding your household’s willingness to avoid power
outages. Imagine that there is the possibility of choosing among different contracts with your
electricity supplier and that a backup electricity board exists that can be used in case of a
power outage. By connecting to this backup electricity board you can reduce the number of
power outages that your household will experience. For connection to this service you have
to pay a connection fee to the owner of the network. Apart from the stated power outages
there will always be a number of power outages that you know about in advance because of
the need to conduct maintenance work.
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Since power outages are not particularly common, we present the number of outages for
a 5 year period. For each alternative we will state the number of power outages of varying
durations on working days (Monday–Friday) and weekends (Saturday–Sunday). The time of
the year when the power outage occurs may have an impact on your experience of the power
outage. We will therefore ask questions both for power outages during winter and during the
rest of the year.

An example of a choice set is shown below. For each set we want you to state which
alternative you think is best for you and your household. Note that your choice will not
affect anything other than the number of power outages and your fixed tariff—everything
else remains as it is today.

[Below an example of a choice set was shown but omitted here]
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