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Choice experiment adaptive design benefits:
a case study*

Geoffrey N. Kerr and Basil M. H. Sharp†

Efficient experimental designs offer the potential to reduce required sample sizes, or to
reduce confidence intervals for parameters of interest, in choice experiments. Choice
experiment designs have typically addressed efficiency of utility function parameter
estimates. The recently developed concept of C-efficiency recognises the salience of
willingness to pay estimates rather than utility function parameters in studies that seek
to put money values on attributes. C-efficiency design benefits have been illustrated in
a theoretical context, but have not been tested in applied settings. This study reports a
choice experiment field application that used initial responses to update statistical
designs to maximise C-efficiency. Consistent with theoretical predictions, the revised
design delivered significant reductions in the variance of willingness to pay estimates,
illustrating that C-efficient designs can indeed decrease costs of choice experiments by
reducing required sample sizes.

Key words: C-efficiency, choice experiment, experimental design, New Zealand, wasps.

1. Introduction

Choice experiments are a stated preference approach that is in common use
for estimating changes in welfare arising from changes in the flow of
environmental goods and services. Choice experiments open up the ability
to characterise changes in attributes that are likely to follow from a range
of projects or policy options. The characteristics of choice alternatives, and
how they are combined to make choice sets, identify the experimental
design. Experimental design plays an important role in choice experiments
because inappropriate designs may result in unidentifiable models or pro-
duce biased parameter estimates (Louviere et al. 2000; Ferrini and Scarpa
2007; Vermeulen et al. 2008). Inefficient experimental designs fail to capture
the full extent of information from survey participants, resulting in
parameter estimate variances that are larger than potentially achievable
with any particular sample size.
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Choice experiment designs have been investigated using the multinomial
logit model, and the nested logit and mixed logit models (Bliemer and Rose
2008; Bliemer et al. 2009). There are various design strategies for choice
experiments (Carlsson and Martinsson 2003; Street et al. 2005; Johnson et al.
2007; Rose et al. 2008), and choice experiment efficiency criteria are diverse
(Scarpa and Rose 2008), with D-efficiency the most common measure (Ferrini
and Scarpa 2007). D-efficient designs minimise the D-error, which is defined
as:

D� error ¼ ðDet ðXðb;xsjÞÞ1=K ð1Þ

where X is the asymptotic variance covariance matrix for the design variables
(xsj) for alternatives in choice task j. b is a vector of K utility function coeffi-
cients. Identification of a D-efficient design entails arranging the pre-selected
elements of xsj to minimise the D-error for some expected b.
There are several forms of D-efficiency, depending upon assumptions about

priors on b. When there is no prior information, b is assumed to be zero, lead-
ing to D0 error (also known as DZ error). Incorporation of non-zero point
prior estimates of b results in DP error, whereas incorporation of uncertainty
about priors through Bayesian techniques results in DB error (Ferrini and
Scarpa 2007). Huber and Zwerina (1996) illustrated the efficiency costs of fail-
ure to utilise information on priors. Information about signs and magnitudes
of elements in b in non-market valuation studies can come from theory, from
information obtained from stakeholders during study design and pre-testing,
or from sequential data collection. The latter approach uses information
obtained in early applications of a choice experiment to sequentially update
the experimental design.
A-efficiency is an alternative to D-efficiency that minimises the trace of the

asymptotic variance covariance matrix. A-efficient designs minimise aggre-
gate parameter variances, but may produce very large covariances (Kessels
et al. 2006; Scarpa and Rose 2008). S-optimal designs minimise the sample
size needed for all parameters to be statistically significant (Rose and Bliemer
2005). Kessels et al. (2006) have proposed G-optimality and V-optimality
based on minimisation of maximum and average choice prediction variances.
The main purpose of valuation studies is not estimation of the parameters

in the utility function, per se, but estimation of willingness to pay (WTP) for
environmental attributes. Vermeulen et al. (2008) estimate what they term as
‘WTP-error’, which is a measure of aggregated variance across all estimated
measures of WTP. A limitation of WTP-error is that WTP variance for indi-
vidual attributes can be large, despite having minimised aggregate variance,
so individual attribute WTP estimates can be non-significant. To address this
problem, Scarpa and Rose (2008) applied choice experiment design strategies
to minimise variance in WTP for individual attributes (C-efficiency). They
used hypothetical simulations to illustrate the advantages of designing choice
experiments to maximise C-efficiency using synthetic data for which true
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parameter values were known. As with other efficiency measures, C-efficiency
may be based on either point estimates of the coefficient vector (CP) or a
Bayesian approach (CB). Efficiency criteria have been evolving to meet
diverse researcher needs, which may be related to better understanding of the
utility function, or to estimating WTP. Some efficiency measures address
aggregate error, whereas others address errors of specific items of interest.
The C-efficiency measure utilised in this study maximises the worst estimated
t-score of WTP estimates for the full set of attributes.
Sequential updating of survey design based on information collected in

early applications has been suggested as a method for improving efficiency
(Raghavarao and Wiley 2006; Ferrini and Scarpa 2007). Scarpa et al. (2007)
used a sequential Bayesian design updating method in pursuit of D-efficient
designs. Their results show a 69 per cent reduction in the D-error and an
average increase of 2.22 in asymptotic z-scores for utility function coefficients,
underlining the potential benefits of the method.
The theoretical bases for improving the design efficiency of choice experi-

ments have advanced to a stage where the challenge remains to apply the cri-
teria to real-world case studies. To our knowledge, this study is the first of its
kind to implement the concept of C-optimality in a field setting. This paper
focuses on a choice experiment design strategy that minimises the variance of
WTP estimates by applying a sequential approach to improving CP-efficiency
by updating the choice experiment design during data collection. The
approach is applied in a field setting, in which true parameters are unknown.
The next section describes the case study. Section 3 describes theory, data col-
lection and statistical analyses for the sequential design process. Results are
presented in Section 4. The paper concludes with a discussion of the results
and suggestions for further research.

2. Case study

The benefits of CP-efficient sequential design updating were assessed using a
two-stage choice experiment undertaken to estimate the value of changes in
environmental attributes affected by introduced vespid wasp (Vespula germa-
nica, V. vulgaris) management at Lake Rotoiti on the South Island of New
Zealand (Kerr and Sharp 2008a).
The Lake Rotoiti area is subject to high wasp populations that thrive in the

beech forest because of the prevalence of honeydew (Ultracoelostoma spp.),
which is an important source of carbohydrate. Wasps affect recreational
experiences because of their aggressive behaviour – often stinging recreation-
ists. Peak wasp biomass is highly significant in these forests and can exceed
the combined biomass of birds, rodents and mustelids (Thomas et al. 1990).
Native wildlife populations are adversely affected by wasps competing for
both carbohydrate and protein food sources, and because of direct predation
by wasps (Beggs 2001). Biological control and aerial poisoning of introduced
wasps have been ineffective to date. The only method available for signifi-
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cantly reducing wasp populations is manual ground application of poison
in bait stations, which is both expensive and time-consuming, limiting its
applicability (Beggs et al. 1998; Harris and Rees 2000). Alternative configura-
tions of wasp control activities produce different benefit flows, motivating the
need to understand the benefits associated with different outcomes.

3. Method

Utility function coefficients and elements of the asymptotic variance covari-
ance matrix can be used to derive confidence intervals for WTP estimates and
the sample size required at any desired level of accuracy for any particular
WTP value. The WTP for attribute i is:

WTPi ¼ �cb�1 ð2Þ

c and b are utility function coefficients for attribute i and cost respectively.
Following Scarpa and Rose (2008), the variance of mean WTP can be esti-
mated as:

VarðWTPiÞ � b�2ðVarðcÞ � 2cb�1Covðc;bÞ þ c2b�2VarðbÞÞ ð3Þ

Using one replicate of the experimental design (N = 1) to generate an esti-
mate of the asymptotic variance covariance matrix, it is possible to generate
the t-score of the WTP estimate for attribute i:

ti;N¼1 ¼WTPiðVarðWTPiÞÞ
�0:5 ð4Þ

The sample size (Ni) necessary for mean WTPi to be significantly different
from zero at a per cent significance level is then:

Ni ¼ t2a=2VarðWTPiÞWTP�2i ¼
ta=2

ti;N¼1

� �2

ð5Þ

C-efficiency minimises variance of WTPi and therefore minimises the sam-
ple size necessary for any desired level of precision in the estimate of WTPi.
Design can be undertaken to address one or several attributes of interest. The
CP-efficient design strategy minimises the maximum Ni for all the environ-
mental attributes of interest (Eqn 5). By construction, the CP-efficient design
also maximises the minimum ti,N=1 (Eqn 4).
The benefits of wasp control were investigated using a choice experiment

that varied the outcomes of wasp control activities at Lake Rotoiti. Consulta-
tion with wasp and wildlife management experts, reviews of literature on
wasp ecology, wasp management and Lake Rotoiti conservation reports, and
two focus groups, one in Auckland and the other in Christchurch, were used
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to identify attributes and attribute levels. Participants had no prior knowl-
edge of the subject of the study, and the focus group meetings were split into
two stages. The first stage gauged what participants knew about wasps. The
second stage provided an overview of wasps, their habitat, affects on the envi-
ronment and people, and options for management and then investigated par-
ticipants’ views on management. Pre-testing of the survey instrument
provided complementary information that was used to develop priors about
WTP for each attribute.
Attributes included in the study were the probability of recreationists being

stung by wasps on a typical summer or autumn day, the vitality of native bird
and insect populations, and cost. Cost attribute levels were changed during
the study as more information became available on attribute values. Attribute
levels are shown in Table 1.
Data were collected in a survey administered during two meetings that were

held with a Christchurch City primary school community four nights apart in
July 2008. The samples were drawn from the same population, but were not
designed to be representative of the broader community. While this sample
selection process is suitable for testing differences in design effects, it is not
suitable for drawing inferences about community WTP. Information was col-
lected on individual participants to check for differences in the samples
between the two stages.
After an introductory presentation that described wasps, their potential to

spread to different environments, their impacts, and methods and costs of con-
trol, each group was presented with the choice experiment survey. The choice
experiment entailed twenty unlabelled choice sets that were presented to all
participants. Each choice set consisted of a base alternative and two alterna-
tives to the base. While 20 choice sets are uncommon, Kerr and Sharp (2008b)
employed 27 choice sets with more attributes than used here. Caussade et al.
(2005) found minimum error variance with about nine choice sets and Arentze
et al. (2003) failed to detect a significant fatigue effect as choice sets increased
in size. Open discussion with the participants after they had completed the
choice experiment exercise revealed that they remained engaged throughout
the experiment. There was no obvious indication of respondent fatigue.
The initial design was developed based on researcher assumptions about

WTP, derived through focus group and pre-testing procedures undertaken
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Table 1 Attribute levels

Attribute Levels

Probability of being stung 5%, 10%, 20%, 50%
Native bird population* Very low, Low, High
Native insect population* Very low, Low, High
Cost (initial) $0, $50, $100, $150
Cost (later) $0, $50, $150, $250

The base case is defined by the underlined attribute levels.
*Dummy-coded, with low as the base.
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specifically for this study. Attribute levels were randomly allocated in a bal-
anced design over the two non-base alternatives. A more efficient design was
then constructed by searching over random rearrangements of the attribute
levels, constrained to retain balance. The objective of the search (conducted
over 1 million iterations) was to minimise the sample size required to ensure
that every measure of WTP was significant at the 95 per cent confidence level.
The search process was automated as a macro in Microsoft Excel, available
from the authors on request. The search process was relatively rapid, com-
pleting about 20 000 iterations per minute on a low-specification laptop. This
speed allows several million design combinations to be tested in a matter of
hours, permitting rapid update for sequential applications.
In the first stage of data collection, the efficient random design was applied

to a sample of 31 people. A multinomial logit model was estimated for this
sample. The second stage of data collection utilised information from the first
stage to update the design by changing both the cost vector and the experi-
mental design. Second stage data collection used an identical format to the
first stage and obtained data from 43 different individuals to those engaged in
stage one, but drawn from the same population. To remove sample size
effects from comparisons of efficiency, sample sizes were equalised by ran-
domly drawing 31 individuals from stage two respondents. To test the effi-
ciency of our survey design, the 95 per cent confidence intervals and the
asymptotic t-scores for each of the WTP estimates were compared across the
various stages of the experiment (Maddala et al. 2003; Scarpa et al. 2007).
Equalisation of sample sizes validates this approach.
The experimental approach entailed drawing two small samples from a

large population. Comparison of results from the two samples is potentially
confounded by the possibility of underlying preference differences between
the two samples (Viney et al. 2005). Direct comparison of models derived for
the two samples is not possible because of potential differences in scale and
underlying preferences. Scale differences are related to respondent efficiency,
with smaller scale parameters indicating more variance in the data and less
respondent efficiency (Maddala et al. 2003). The Swait-Louviere test (Swait
and Louviere 1993) was used to identify the optimal scale ratio for the two
data sets. This approach entailed creating a new set of attribute levels that
were simply the original attributes multiplied by a scale factor. For the stage
one data, the scale parameter was constrained to be unity, whereas for the
second stage the scale parameter was variable. The optimal scale ratio param-
eter was identified by estimating the model over a large range of scale ratio
parameters and identifying the scale ratio parameter value that maximised
likelihood of the model.

4. Results

The sample was comprised of 40 per cent men, 76 per cent New Zealand
Europeans and 13 per cent Maori, 43 per cent held a university degree,
20 per cent had visited Lake Rotoiti in the previous 5 years, and 8
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per cent were members of environmental groups. The mean age was
46 years, and mean personal income was in the range $40 000–50 000
per annum. The only difference between participants in the two stages
that was significant at the 10 per cent level was the number of people
under the age of 18 years in the household, with means of 1.9 at stage
one and 1.2 at stage two (Z = 1.89).
Discussions in two focus groups provided initial estimates of WTP for

each attribute. These WTP estimates did not exceed $150 for any of the
attributes, which was therefore adopted as the upper bound on the original
cost vector. The marginal utility of costs was based on analyst assumptions
and previous choice experiment experiences. The prior estimate for the cost
coefficient was assumed to be )0.01 and the prior estimates for each attri-
bute coefficient were calculated by dividing expected mean WTPi by 100.
Contrary to the expectations from the focus group discussions, results
from stage one indicated that one attribute was valued in the order of
$300 and two others were valued at about $150. The WTP estimates were
therefore outside the data range, suggesting potential benefits from extend-
ing the upper limit of the cost vector. CP-efficient designs were created
using two candidate cost vectors ($0, $50, $150, $250) and ($0, $100, $200,
$300) and the first stage multinomial logit model utility function coefficient
estimates. The alternative cost vector ranging from $0 to $250 yielded the
lowest sample size and was selected as the cost vector for the second sam-
pling stage. One potential effect of increasing the magnitude of compo-
nents of the cost vector and changing the experimental design is an
increase in protest responses and choice of the base alternative. This was
not the case. Only one of the 1240 choices was not answered and that
occurred at stage one. Selection of the base case declined from 52 per cent
at stage one to 47 per cent at stage two, a change that is significant at the
5 per cent level.
Table 2 shows the sample size effects of design enhancements throughout

the study. C-efficiency estimates are the ratio of sample sizes for the most
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Table 2 Design parameters: Christchurch

Design Source of priors Applied Evaluation Evaluated
against

N C-efficiency
(%)

Random* Analyst expectations Not applied a priori Priors 37.78 24
Efficient* Analyst expectations Stage 1 a priori Priors 23.82 38
Efficient* Analyst expectations Stage 1 ex post Stage 1 MNL 20.96 43
Efficient* Stage 1 MNL Stage 2 a priori Stage 1 MNL 12.19 73
Efficient† Stage 1 MNL Stage 2 a priori Stage 1 MNL 10.90 82
Efficient† Stage 1 MNL Stage 2 ex post Stage 2 MNL 11.07 81
Efficient† Stage 1 MNL Stage 2 ex post Pooled MNL 11.19 80
Efficient† Pooled MNL Not applied a priori Priors 8.95 100

*Original cost vector.
†Revised cost vector.
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efficient design (the naı̈vely pooled model) and each other design. Using the
analysts’ priors, the initial random design would have required a sample size
of 38 respondents to estimate each WTP measure at 95 per cent confidence.
Application of the search algorithm to improve this design resulted in an
expected sample size (N = 24) of only 63 per cent of the original random
sample to obtain WTP measures for all attributes significant at the target
level. This sample size prediction proved to be realistic when evaluated
against the multinomial logit model coefficients estimated after stage one data
collection, which indicated that a sample size of 21 respondents would have
sufficed.
Expectations for stage two, utilising the new cost vector and new experi-

mental design were for a sample size of only 52 per cent of that required using
the first-stage experimental design (Table 2), reducing the expected sample
size to 11 respondents. The information obtained at stages one and two can
be used to further refine experimental design. In the final row in Table 2, it is
shown that using prior estimates from the combined stage one and stage two
sampling may lead to further gains in efficiency of about 25 per cent if a third
sampling round was to be implemented.
Estimated multinomial logit utility functions are reported in Table 3. All

environmental attribute utility function coefficients are highly significant and
of expected signs. The pooled model with the optimal scale ratio was com-
pared with two independent models using a likelihood ratio test (v2 = 5.06,
6 d.f., P = 0.54). The optimal scale ratio parameter is not significantly differ-
ent from stage one, and the scaled pooled model does not improve signifi-
cantly upon the naı̈vely pooled model (v2 = 1.88, 1 d.f., P = 0.17). The
Swait-Louviere tests indicate that pooling of the two datasets is appropriate.
The similarity of the multinomial logit models for stages one and two are fur-
ther illustrated in Figure 1, which compares utility function coefficients for
the two models. Differences in scale preclude direct comparison of these coef-
ficients, but the points will fall on a straight line for identical preference struc-
tures (Viney et al. 2005). Figure 1 suggests there is no reason to suspect that
the two survey populations have different preferences for these environmental
attributes. Together, Figure 1 and the Swait-Louviere tests indicate prefer-
ences are similar across samples and there is no diminution of respondent effi-
ciency because of the revised design (Viney et al. 2005; Scarpa et al. 2007).
The purpose of experimental design updating is to improve efficiency of

WTP estimates for a given sample size. Mean WTP estimates for stages one
and two are not significantly different (Table 4). The tests conducted earlier
indicate that the two samples had the same preferences; consequently, com-
parison of 95 per cent confidence intervals or standard errors provide valid
measures of efficiency of WTP estimates (Scarpa et al. 2007).
The improved estimation efficiency at stage two is reflected in the narrower

confidence intervals for each WTP estimate, ranging from a 10 per cent smal-
ler standard error for high numbers of insects to a 38 per cent reduction in
standard error for very low bird numbers. The design efficiency is further
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demonstrated by the highly significant t-scores for all WTP estimates, and the
improvements in t-scores at stage two of the experiment.
To test the effect of quality of prior information on efficiency improve-

ments from sequential design updating the survey was later applied in Nelson
City using the second stage Christchurch design. If mean WTP is similar in
both locations, then efficiency gains at Nelson from sequential updating are
expected to be less than efficiency gains at Christchurch. The mean WTP
estimates in Nelson were similar to Christchurch estimates (Table 5).

Table 4 Mean WTP estimates, Christchurch

Stage 1 Stage 2 Difference

Stings
Mean WTP )$7.31 )$7.65 $0.34
Std error $1.78 $1.18 $2.13
|t-score | 4.11 6.50 0.16

Very low birds
Mean WTP )$307 )$250 $57
Std error $69 $43 $81
|t-score| 4.44 5.88 0.70

High birds
Mean WTP $158 $123 $35
Std error $37 $27 $46
|t-score | 4.31 4.57 0.77

Very low insects
Mean WTP )$154 )$133 $22
Std error $42 $28 $51
|t-score | 3.65 4.66 0.42

High insects
Mean WTP $84 $98 $14
Std error $34 $30 $45
|t-score | 2.50 3.24 0.32

Constant
Stings

Very low birds

High birds

Very low insects

High insects

Cost

–0.5
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Figure 1 Comparison of utility function coefficients for stage one and stage two models.
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Improvements in t-scores at stage two in Nelson were not dramatic, ranging
between 4 per cent and 14 per cent, compared with a range of 6 per cent to 58
per cent at Christchurch (Tables 4 and 5). It is notable that, while all t-score s
at Nelson improved at stage two, three of five standard errors became larger
at stage two. This result is not inconsistent with the C-efficient design proce-
dure, which implicitly maximises the t-scores of the estimated WTPs. Conse-
quently, an increase in the estimated mean WTP between stages can result in
higher t-scores as well as larger standard errors. All three Nelson attributes
for which standard errors increased at stage two had higher expected mean
WTP at stage two. These results are consistent with the hypothesis that better
prior information increases the initial C-efficiency and reduces potential gains
from C-efficient sequential design updating.

5. Discussion and conclusions

The sequential data collection employed here led to two improvements in
design of the choice experiment. First, the initial application identified the
order of magnitude of monetary values associated with the environmental
attributes of interest. It became apparent that the cost vector did not contain
sufficiently high values. CP-efficiency criteria were used to search for a more
efficient experimental design across a range of potential cost vectors. This
procedure led to selection of a different cost vector and a new experimental
design that was based on the new cost vector and initial estimates of utility
function coefficients. The substantial improvements in t-scores and standard
errors observed for the stage two multinomial logit model WTP estimates

Table 5 Mean WTP estimates, Nelson

Stage 1 Stage 2 Difference

Stings
Mean WTP )$6.58 )$6.60 $0.02
Std error $0.74 $0.71 $1.03
|t-score | 8.93 9.25 0.02

Very low birds
Mean WTP )$436 )$389 $48
Std error $66 $51 $84
|t-score | 6.63 7.55 0.57

High birds
Mean WTP $147 $160 $13
Std error $19 $20 $28
|t-score | 7.54 7.99 0.48

Very low insects
Mean WTP )$204 )$223 $19
Std error $25 $26 $37
|t-score | 8.02 8.43 0.51

High insects
Mean WTP $130 $140 $10
Std error $21 $22 $30
|t-score | 6.07 6.46 0.34
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illustrate the benefits of this design updating procedure. Because the cost vec-
tor and the experimental design changed concurrently, it is not possible to
identify the contribution that each made to the total improvement in effi-
ciency. With the original cost vector, predicted minimum sample size
decreased 42 per cent with application of a C-efficient design to stage one
parameter estimates. Changing the cost vector resulted in a further 11
per cent decrease in minimum sample size. Further opportunities to enhance
efficiency may be realised by experimentation with levels for other numeric
attributes – in this case the stings attribute. The number of attribute levels and
their distribution are both candidates for experimentation in future studies.
Further experimental applications of this process are needed to jointly

determine the optimal proportion of the sample that should be allocated to
each stage of data collection, and the optimal number of experimental
design updates. An important research question arises around the matter of
what proportion of the survey budget should be expended on initial sam-
pling. On the one hand, sampling more people early on improves estimates
of the coefficient vector, leading to the most efficient design for later appli-
cation. On the other hand, with a fixed data collection budget, sampling
fewer people initially permits more respondents to complete the updated
design, allowing more opportunity to capitalise upon the benefits of
improved experimental design. Pretesting of survey instruments offers one
opportunity to obtain prior information on WTP that can be used for initial
design purposes. The small numbers utilised in our study indicate that, even
when pretests are small, information obtained from them can be helpful –
although representativeness issues need to be borne in mind. Data collection
methods will also have some bearing on this matter. For example, an inter-
net-based survey or personal interviews can be cheaply and quickly adapted
to incorporate modified experimental designs. In such cases, redesign can be
a continuous process at little cost. The relatively high cost of personal inter-
views and their sequential nature suggest that they will offer the greatest
cost and time benefits from minimisation of sample sizes and investment in
multiple experimental design updates will be most worthwhile with this data
collection mechanism. Paper-based data collection methods, such as drop-
off, pick-up and postal surveys, cannot as easily incorporate new designs
because of the requirement to print and distribute modified surveys. Paper-
based data collection methods may benefit from more extensive piloting to
obtain better priors. We leave this matter for later scrutiny.
The best model specification is commonly not known before data collec-

tion, but is an important matter to address in experimental design. The
efficient design process undertaken here addressed only the multinomial logit
model, which may not be the best model for the data. Bliemer et al. (2009)
compared designs for multinomial and nested logit models, finding that
designs for one model did not perform efficiently for the other. Rose et al.
(2009) came to the same conclusion for multinomial logit, mixed logit and
error component models. They addressed uncertainty about correct model
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specification with a model averaging approach, selecting designs that are
robust to model specification. An alternative to model averaging is to
use early data, collected using a model averaging design, to identify the
correct type of model to estimate, then use initial responses to create an
optimal design for the correct model type. Again, the question of how
much data to collect at each stage of the process arises. This is an issue for
future investigation.
Using prior information to improve experimental design is a relatively

straightforward task. Earlier studies on experimental designs have dem-
onstrated the theoretical advantages of updating information. The study
presented in this paper found significant benefits from using sequential
updating in a C-efficient experimental design using data from a field
application in New Zealand. We commend sequential design updating as
a method suitable for alleviating the substantial data collection costs
associated with choice experiments, particularly if there is little prior
information on parameter values. The analyst expectations of the prior
parameter assumptions were in the same order of magnitude as the sur-
vey results for four of the five environmental attributes. However, this
study still showed significant gains from survey redesign, underlining the
benefits of the sequential updating procedure. The C-efficiency gains
demonstrated here are likely to be even higher when prior information
about parameters is unreliable or unavailable.
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