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Abstract

Using a series of hurdle choice models, this stahsiders both nay-saying and yeah-
saying to alternatives offered in a conjoint expemt. These behaviors are characterized
by respondents persistently choosing the no-chadteenative or choosing at least one of
the non-empty options offered in a survey. Reslitswy that jointly consider nay-saying
and yeah-saying in a two-hurdle model drasticatiprioves model fit; welfare

implications based on hurdle models are also diffefrom those based on models

without hurdle specification.
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One of the potential biases associated with ddtaated by survey approaches may be
related to no-responses, or answers of “don’t knowthe survey. These biases have
drawn sizable attention from researchers and mangeBow be triggered one way or the
other as described in Krosnick et al. (2002). himliterature of economic valuation and
marketing particularly, the issue of no-respondesiguently centered on survey
participants answering “don’t know” to the key wiljness to pay question, or making no
choice among product/service alternatives offeneitié survey. A number of studies
have been devoted to understanding the non-paticipissue and have made important
recommendations on how to handle the consequefsesio behavior (e.g., Wang 1997,
Haab and McConnell 1996; Schweitzer 1994). Neebdets, almost all these studies
focus on non-participation in the context of tatamber of participations, dichotomous
contingent choices, or various direct willingnespay questions. Given the fast
expanding body of literature concerned with theliappon of conjoint experiment in
areas such as food safety, recreational demamgpwatation research and health studies,

there is a strong need to understand non-participhehavior in conjoint experiments.

A conjoint experiment typically records repeatedichs made by each individual
in the sample. Von Haefen, Massey and Adamowif2%2is one of the first studies that
directly examined non-participation in a conjoirperiment by allowing the non-
participation decision to be captured by a difféteehavior mechanism that may have
been characterized by respondents’ demographionaiion. According to their

definition, non-participation in a conjoint expeent is typically featured by respondents



persistently selecting the no-choice option oréating no-action in all choice situations

in a survey.

In other words, one may view this as if the resgortsl are rejecting or saying “nay” to

all product/service options offered in all choicesarios. However, a natural question
that comes along this line of reasoning is: whatudlbespondents who are saying “yeah”
to at least one product/service option offeredlictaice scenarios? Do these
respondents truly prefer one of the options offenea choice situation, or are there other
reasons they do so? If one suspects that nayesayaly generate potential biases in
understanding choice behavior and suggested wetfgoications, would it be

reasonable to be concerned about yeah-saying dfiPeevious studies have shown that
yeah-saying bias, if present, may affect the amahgsults (Adamowicz et al. 1998 and
Boxall et al. 1996). Nevertheless, past studie® mot examined yeah-saying behavior

in the context of conjoint experiment.

In this article we propose a method that recograzesexplicitly models yeah-
and nay-saying behavior. The proposed model isrg¢and we do not intend to lay
reference to any particular behavioral interpretatin why yeah- or nay-saying choices
may occur, although attaching identifiable behaaliassumptions/restrictions may be
proven to be valuable and further support the exdideffered here (Roebeling, Ruijs and

Kragt 2006).



We adopt a hurdle model that can be applied inyaimj individuals’ repeated
choices in a conjoint experiment. The methodolmjpws the general framework in
von Haefen, Massey and Adamowicz (and thereforetéedras VMA). Our evidence
from analyzing the nay-saying behavior is conststath these authors. Nevertheless,
we made two major extensions of this frameworkstFive show that the hurdle model
may not only be used to address the issue of nagesto alternatives, it can be applied
equally well to accommodate yeah-saying. In oynliagtion of the method to a dataset
involving consumers’ conjoint choices of canolg thke yeah-saying hurdle approach
outperforms the nay-saying hurdle approach in dmthconditional and mixed logit
choice model specifications. Second, since thesdytpes of behavior may likely
coexist in any given dataset, we incorporate tha&mthe same model that employs the
two hurdles simultaneously: one for the nay-sayiegavior and one for the yeah-saying
behavior. Our results suggest that the two-hurdddel drastically improves model fit.
A fixed coefficient two-hurdle model performs bettkan a mixed logit model without

considering possible hurdles.

Welfare implications (marginal willingness to paye also calculated based on
these models. Results indicate that these meadiffi@smoderately between models
that consider or ignore either of the two or batindhes. Welfare measures between fixed
coefficient and mixed logit models are slightlyfdient and almost no difference can be
detected between two different ways of calculatirese measures under the mixed logit
models. The following section explains the humdiedels adopted and how they fit into

the context of a conjoint experiment. Data emetbgre described in the next section.



Parameter estimation results, model fit compariaod,implied welfare measures under
various models are discussed following the datargasn. The last section of this
article summarizes the conclusions, and pointsroplications that may be drawn from

this study and future research potentials.

M odel

A majority of the literature analyzing individualdiscrete choice behavior, including that
under a conjoint experiment, is built upon randdityitheory (RUT) constructed by
McFadden. Suppose each individual in the sampiebeadenoted by then the choice

of i in a typical conjoint experiment may be represeg vectoC, . Respondents are

often asked to complete a series of choice questiomarious situations referred to as
choice sets. In each choice set, respondentskeel & choose one and only one option

from several options offered. Under this scheraeheslement o, can be used to

identify the choices made by individuah each of the choice sets. In designing the
choice sets, an important feature is to allow coress to express preference on
alternatives not being offered in a choice settarlis commonly achieved by including
a “no-choice” option that is not described by prctdeervice features but by a description
taking either of the following two forms: a) | dotrwish to choose any of the options
offered here or b) | would stay with the produatsee | currently get/choose. This is
known in the conjoint experiment literature asélxbaustive requirement (Louviere,
Hensher and Swait 2000) which is also consistetit thie 1993 NOAA panel’'s

recommendation in the context of a contingent \&uastudy.



The inclusion of the no-choice option raises th@ieical distinction between
yeah- and nay-saying to the alternatives offerezhmice sets. If a dummy variable can
be created where it equals zero when a no-choittemis chosen and equals one when
any of the non-empty product/service alternativiésred is chosen, then a typical
outcome of the series of choices an individual reakay be a mixture of zeros and ones

such thatC, ={ 1,00110,...| 3}, whereJ is the total number of choices (or choice sets)

individual i sees in a conjoint experiment. Without losingegafity, J is assumed to be

constant across individuals. A nay-saying chogtgon may be captured by choices
C, =C° ={ 000000....| 3} and similarly, a yeah-saying behavior may be regres
byC, =C! :{ 0 B B J}. Certainly, choice patterns consistent with thegkes may
not suggest a different choice behavior than agyes of choices, but it is likely that
individuals making choiceB' andC’behave systematically different to other individual

in the sample.

Following RUT, the indirect utility associated witfternativg in then-th choice
set by individual can be written as:
(1) U =XBte,
whereX;; is a vector of the attributes associated with opjtiaced byi in choice set;
B is a vector of corresponding unknown coefficienbéoestimated; and,, is a noise
term that gives the random nature of utllity from the perspective of a researcher.
If g;,is assumed iid in Gumbel distribution, the choiogbability P, can be represented

by the logit model:
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The likelihood of the series of choices represemni€xj can then be written as:

3) SHIGASE

wherey;,is a dummy variable indicating actual choiogg:=1if j is chosen by in
choice sen; otherwisey;,, =0. Following the same idea, the likelihood of

ClandC’being realized respectively is:

N
(4.1) Py =[]Pon

N
(42) Pcll = |_| Piln

The expressioR,, denotes the likelihood afchoosing one of the non-empty options

offered in choice set. Since there is typically more than one non-enmpbduct/service
options besides the no-choice option in a choitdrsdicator 1 is vectorized. Similarly

P..represents the likelihood of choosing the no-chojateon in choice sat.

VMA reviewed the relevant literature that has pregub methods to particularly
deal with the potential bias introduced by nay-sgyehavior. These authors conclude
that a hurdle model may offer a more direct treatno¢ non-participation by allowing
different data generating mechanisms in the moBellowing VMA, a hurdle structure
can be specified to capture the nay-saying asagefieah-saying probabilities separately

from the choice models. If one assumes that theldprobabilities for nay-saying and



yeah-saying can be representedi bgndr respectively and further assumes that these

probabilities take the convenient logit form, there may specify:

- eXF(Zi'Yx)
R A

_expZ.)
oY Tren(-z.)

whereZ is a vector of individual characteristics variableat may explain the behavior
of yeah- and/or nay-saying to the options in a @omjexperimenty is a vector of

unknown coefficients to be estimated and distinggiisby corresponding subscripts in

different hurdles.

The choice probability of a nay-saying single handlodet can therefore be

written as:

A*1 if C,=C?
6 NP = P , .
©) ' (1—)Ii)1 CP if otherwise

c?

This is the same as in VMA. Based on this expoessthe extension to the yeah-saying
hurdle model is straightforward:

r*1 if C, =C}

7)) YR= X
(7) - )—2 if otherwise

When the above two hurdle specifications are camel simultaneously under one

choice model, the choice probability has threespand is given as follows:



A*1 if C =C°
(8) NYP =ir*1 if C, =C!

P
(1-2)a-r, )# if otherwise

The overall log-likelihood of the hurdle modelssimply the log of the individual
choice probabilities summed over the number ofvigials in the sample. The
development of the mixed logit model (Train 1998} lyained great attention from
researchers in recent years. The mixed logit misdsdt only able to reveal unobserved
heterogeneity in choice models, it often providéeter fit to the data compared to the

fixed coefficient conditional logit model. A mixddgit model can be specified by
replacing the basic choice likelinoBd by P, = j P. f(B)dB , which is the fixed

coefficient choice likelihood integrated out of thetire distribution of the random

coefficients. Once; is replaced bf. , all hurdle mixed logit models can be obtained in

identical ways as their fixed coefficient versiori® assist estimation, a simulated

maximum likelihood approach can be taken to es@rttad mixed logit models.

Data

The canola oil survey was administered by mailsvbeh 2003 and 2004 in four regions
of Japan: Tokyo, Kanagawa, Saitama, and Chibapdeents were randomly selected

by their phone book registry and a total of 1058sgwnnaires were mailed. Out of the

430 returned surveys that at least answered pertbthe questionnaire, 367 completed

all conjoint experiment questions and are useabikis study. Descriptive statistics of
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demographic characteristics of the respondents shatthe sample is representative
based on a typical survey of retail food itemsbl&d describes the attributes and their
levels used in the conjoint experimental design, thie survey was focused on credence
attributes of canola oil. Each respondent wasgntesl with eight choice sets and within
each choice set, three options were offered. Antbaghree options, the first two are
described by actual attributes listed in tablel'he last option is the no-choice option
where the individuals can choose this option addcate that they “would not like to
choose either one of the first two products in tdsasion”. To obtain a preliminary idea
of the issue of yeah- and nay-saying to the optafesed in each choice set, figure 1
gives the distribution of the number of times gmxlent chose the no-choice option.

Zero implies yeah-saying and eight suggests naywgay

Contrary to the two datasets used in VMA, wherargd proportion of the
respondents were non-participants, in this caniblsuovey, only 31 individuals out of
the 367 (roughly 8%) respondents exhibited theepatbf nay-saying. On the other
extreme however, 72 individuals consistently chms®n-empty product offered in each
choice set, consisting about 20% of the samplas [ahge proportion of yeah-saying
individuals makes it logical to investigate whettiegse choices are featured by different
underlying choice behavior. The rest of the resieots were distributed rather evenly in
terms of the number of no-choice options choseceixfor the category representing
individuals who chose the no-choice option severobeight times in the survey. These
characteristics indicate that in a survey on footpase and marketing, it may not be as

imperative as in a survey regarding environmentaldg/services (as both datasets in
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VMA) to treat the nay-saying as a separate group distinctive choice patterns; rather,
at least equal effort should be directed to exartheeyeah-saying behavior. Differences
in natures between different surveys may invokieteht need for modeling methods.
The gain of using a hurdle and ultimately the madddction may rely largely on the

characteristics of the data in interest.

Results
Results of this study are presented in two sectidinsct parameter estimation results

from various models and the welfare implicationsoagated with these models.

Model Estimation Results

Table 2 gives the model estimation results. Givat there is relatively much
information presented in table 2, discussion is fhubsection takes the following order:
First, the fixed-coefficient conditional logit mddeithout hurdle specification is
discussed. Although different models have sligttfferent predictions on the
significance of the coefficients of the productibtite variables in the indirect utility
function; i.e.p,? the result of this base-line logit model help&timg a general view of
the empirical meaning of this study. Second, werimodels are compared under the
fixed-coefficient conditional logit base-line cheimodel. Third, a similar comparison is
conducted within the scope of a mixed logit base-thoice model. Lastly, results of

comparisons between models across all categoedsiginlighted.
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The constant for the no-choice option is negatiVbis suggests that Japanese
consumers in general would like to have the optibpurchasing canola oil and if not, a
negative impact to utility may incur. The attriesitof being high in Oleic acid and
containing Vitamin E are negative. These effectscampared to the omitted category
“low in saturated fat”. The negative coefficiemdicate that consumers would prefer the
low saturated fat attribute more than the two reddy newer types of nutritional claims.
Similarly, a non-significant coefficient for the nable representing high in Alpha-
Linoleic acid shows that consumers did not in gehaifferentiate this attribute with the
low in fat attribute. It has been found in numeyother studies that genetic modification
is often regarded as an attribute that, when ptegd@hdecrease product values. The
same effect can be seen here as well, in thatod#cdent associated with the GM
attribute is negative. Consumers would prefertddof canola oil more if it is produced
by organic oilseeds. The functional food attribwtes also welcomed by consumers as
reflected by its positive coefficient in the moddlhe surveyed Japanese consumers did
not appear to like canola oil imported from otheumwtries. Finally, the price coefficient

is negative and significant.

Based on the same conditional logit base-line &oiodels, various hurdle
models are also estimated. Comparing magnitugi@meters across models is not
sensible because of the scale issue, thus, thesdist is focused on signs of parameters
and model fit. A series of consumers’ demograpifiarmation is used in the
specification of the hurdle probability. In theyrand yeah-saying hurdle probabilities,

these variables are identified by the suffixes ¥Nand “-Yeah” respectively. The nay-
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saying hurdle model improves the standard condititogit model by a significant
margin based on the nonparametric information ait@\IC and BIC). This is
consistent with the findings in VMA. According tiois model, individuals who are male,
younger, less educated, and/or lower householdriacavere significantly more likely to
consistently choose the no-choice option in thgesur These significant variables
suggest that a distinctive choice pattern may lopted by different individuals. Size of
household and the number of children in househ@ewot significant factors

determining the nay-saying behavior.

Compared to the nay-saying hurdle model, the yeging hurdle model
improves the model fit by a much larger degreeis Thlikely consistent with the data.
Given the choice patterns displayed in figure hnaenting choice probabilities with the
yeah-saying hurdle does provide a better understgrad the data reflected by further
improved model fit. Male, younger, and less ededatdividuals might be more likely
to get involved with consistently choosing at leas¢ of the non-empty products offered
in each choice set. Different to the nay-sayirmugr yeah-saying consumers tend to
have less children at home and/or have more familyme. The last model, which
contains both nay- and yeah-saying hurdles, habdbemodel fit among all four models.
This result likely comes from the fact that thisdmballows and considers more types of
choice patterns contained in the data, and thexgfmvides a better description of
overall consumer preferences. The impact of deapigc variables to either nay- or

yeah-saying is consistent to that given underltg one-hurdle models separately.
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In the specification of the mixed logit models, @kfficients are assumed to have
a normal distribution across sampled consumergmtbat of the price variable. This is
mainly to maintain the calculation of the marginalues explained in the next subsection
separately from the “dividing by zero” problem (ttey and Brown 2000 and Hu,
Veeman and Adamowicz 2005). Models with a randoieepoefficient (lognormally
distributed) have been analyzed and no conclusidhe current analysis was affected.
The mixed logit model offers great improvementitn The mixed logit without hurdle
specification improves the conditional logit fit Bymost 15% in AIC score. Estimated
standard deviations of various coefficients areledh with “SD-" as the prefix. These
standard deviation estimates are also robust agewgsis models, with minor
differences. These parameters suggest that Japeoresumers are heterogeneous in

terms of their preferences to the studied attribofecanola oil.

When the nay-saying hurdle was included, the mob&lined further gain in fit.
However, also consistent with VMA, the relativergai moving from a non-hurdle
model to a nay-saying hurdle model is less drastdaer the mixed logit context than
under the conditional logit context. When the ysaking hurdle is considered instead,
the model again fits the data better than whensagyng was included, and when both
hurdles are explicitly modeled in the two-hurdledab the fit is further improved.
Summarizing the above observations, the best nitdelachieved with the two-hurdle
mixed logit base-line choice model. Compared tortiost naive conditional logit model
without hurdles, this last model drastically impeswhe overall model fit and enhances

understanding and interpretation of the underlyglata greatly.
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If all models in table 2 are compared simultanegushe can observe at least two
additional interesting trends. First, within egair of models, although the mixed logit
consistently outperforms the conditional logit mipdee difference between model fits is
diminishing along with the different ways of inclad hurdles. Moving from the models
without hurdles to models with nay-saying, yeahisgyand both hurdles, the relative
improvement in AIC scores from employing a mixedil@ecreased from 15%
improvement to 10%, to 6% and finally to 3%. Setaomparing the mixed logit model
without hurdles and the two-hurdle model withoutdem coefficients, the latter has a
12% improvement on AIC score. This difference hgjtts the trade-off between a
statistically demanding procedure and a structutallored model. This may have some

implications on model selection in the repeatedaohexperiment literature.

Welfare Implications

Models’ implications on welfare measures are cal®a through the marginal values of
attributes. Marginal values are given as the oppaos the ratio between the coefficient

of an attribute and that of the price. This englolee to assess the values associated with
each attribute among Japanese consumers, holdiegaitributes separate. In addition,
since these marginal values are ratios betweemparameters, the issue of different
scales in different models is eliminated. Tabf@eésents the implied values of the eight
canola oil attributes. All quantities are in thands Japanese Yen, which is about 8.5 US
dollars. The standard deviations of the margiadlies are calculated following the

Krinsky and Robb (1986) approach with 3000 simuolaiterations.
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The computation of welfare measures within the exindf a mixed logit model is
slightly more complicated. Two methods have besopted in the literature. One
approach simply takes the mean estimate of thdiceeits and plugs them directly into
the Krinsky and Robb procedure. The other approad¥ocated by Hu, Adamowicz and
Veeman (2005) is to consider the standard deviastimates of the mean attribute
coefficients. These authors formulated a procethatfirst simulates a coefficient by its
mean and standard deviation estimates within tixedaniogit model and uses the
averaged coefficient in the Krinsky and Robb roeitimhis study examines both methods
and when applying the Hu, Adamowicz and Veemanagytr, the iteration within a
mixed logit model takes 500 iterations. The twpraaches are labeled as mixed logit |

and Il in the table respectively.

In the context of a hurdle model, marginal valuas be calculated by simply
taking the estimated coefficients in the indiretiity function. A different approach is
to recognize the existence of the hurdles and parate the hurdle likelihood into the
welfare calculation. For each of the three hurdtelels (nay-saying, yeah-saying, and
two-hurdle), table 3 presents the marginal valuesmthe hurdle(s) are or are not
considered. Following VMA, when hurdle likelihoodse considered, the suggested
marginal values are discounted by one over théditiged of a respondent not belonging
to the extremes (either nay- or yeah-saytdjll marginal values reported in table 3
show that these values, under different models¢amsistent in their signs but the

magnitude differs moderately.
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The two simulation approaches of calculating welfieeasures under mixed logit
models show very little difference in this applioat The mixed logit models in general
produce larger marginal values (in an absoluteegghan the conditional logit models.
The yeah-saying hurdle model gives the lowest maigialues compared to other
models regardless whether the hurdle is considefed. nay-saying hurdle models
suggest larger attribute values than those unddetaavithout hurdle specifications,
while the yeah-saying and the two-hurdle modeldyrigwer marginal values. For the
three hurdle models, when hurdle likelihoods amesatered in the welfare calculation,
the suggested marginal values are smaller, andriargl they differ moderately to those
predicted by models without hurdle specificatioiifie change to marginal value
predictions brought by considering or not consulghurdle likelihoods is the largest in

the two-hurdle model.

Summary and Discussion

This study considers modeling discrete choices rgé@@ from conjoint experiments by
particularly focusing on whether choices may betwagal by different preference

patterns. Built upon previous studies on survay-participation, this article extends the
understanding of choices to two types of behavibesnon-participation behavior
categorized as nay-saying to alternatives in aotohgxperiment and the yeah-saying
behavior characterized by always agreeing to saldeast some options offered. The
modeling approach adopted in this study considerse types of choices through a series

of hurdle models.
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It is found that when decision-hurdles are intragthoto choice modeling, the
models perform significantly better than when nohshurdles are specified. Although
consistent with previous studies, the nay-sayinglleunodel offers improvement in
model fit, a better model is identified as the ysakiing hurdle model, and the most
comprehensive two-hurdle model that jointly conssdée two types of behavior brings
the largest increase in model fit of all three heirdodels. The welfare implications are
demonstrated by marginal values suggested undberreadel. Compared to those
without hurdle specifications, the three hurdle eledilso give moderately different

predictions on the value of various attributes.

In the application of the empirical models in teigdy, a noticeable observation is
surrounding the mixed logit model. The mixed |dtas been proven as a powerful tool
in discrete choice modeling and in many publishtedies involving moderate modeling
effort, the mixed logit model often outperforms etltompeting models considered. In
this study however, we show that the two-hurdle eh@dthout random coefficients is
strongly preferred to the mixed logit model withéwirdles, and since the two-hurdle
model does not require simulating any likelihooddtions, it takes only a fraction of the
computer time to estimate a mixed logit model (etithhurdles). Although it is true that
the random parameter version of the two-hurdle moffiers slightly better fit than the
fixed coefficient specification, the small gairaisthe cost of significantly increased

estimation effort. Given this evidence, we woluke [to view the mixed logit model as a
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tool that can be superimposed to other modelssélt better representation of the

choice behavior by directly targeting the fundamaéstructure of the data.

The above discussion also highlights the importaridceving an ex ante
understanding of the structure of data. For examgs presented in figure 1 only, it can
be seen that there are individuals involved in otyges of choice patterns, such as
choosing the no-choice option for 1, 2,..., severesiraut of eight. We have studied the
two extreme situations which may be generated byrtbst distinctive patterns in
choices but, this neither indicates that includitizer choice categories in figure 1 is not
feasible, nor does it guarantee the two-hurdle inedestill hold as the best alternative.
Indeed, hurdles may be specified on any particauaich variables that may differentiate
individuals’ behavior into various groups. The ®hivariables may be linked to the
survey design (such as different data collectiothows), time taken to complete a
survey, or many other factors. Given these patkstitching identifiers, a further
advance of the modeling effort may involve a ranteah hurdle model or an individual-
level hurdle model that associates each individitl a unique hurdle. No matter what
may be considered, a likely valuable considerationld be to achieve, as close as
possible, an understanding of the structure ofltta along with the empirical modeling

effort.
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Notes

! In this article, only single hurdle models aresidered. VMA demonstrated that a
hurdle model and a non-hurdle model may gener#fiereint estimation and welfare
results but there exists little difference betwsmgle- and double-hurdle models in
various conditions.

2 All models predict consistently in terms of thgrss ofp .

3 All marginal values are based on sample enumerati@ues for each person is
calculated and averaged across the sample anddhggad measures are reported in

table 3.
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Tablel. VariablesUsed in Conjoint Design

Attributesand Levels Nature Representation in Choice M odel
4 possible contents:
low in saturated fat, . , . .
4 levels of nutrition claims high in Oleic acid, high Low s satura.ted fat is omitted i
2 . L estimation
in Vitamin E, high in
Alpha-Linoleic acid
2 Ievel§ .Of genetlc Present or absent Enter as a dummy variable
modification
2 levels of organic food Present or absent Enterdismmy variable
2 levels of functional fooc Present or absent Easea dummy variable
2 levels of imported or nat Present or absenf Eadex dummy variable
4 levels of prices All in Japanese Yen Enter asrdiguous variable
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Table2. Estimation Results

Variable

Constant for No-Choice (NC)
Oleic Acid (OLA)

Vitamin E (VE)
Alpha-Linoleic Acid (ALA)
Genetically Modified (GM)
Organic (Org)

Functional (Fun)
Imported (Imp)

Price

SD-NC

SD-OLA

SD-VE

SD-ALA

SD-GM

SD-Org

SD-Fun

SD-Imp

LL

AIC

BIC

Models without Hurdles

Logit

Coeff Std. Err.
-0.974 0.140
-0.082 0.080
-0.297 0.080
0.036 0.081
-1.879 0.080
0.313 0.084
0.700 0.058
-0.832 0.066
-1.304 0.244

-2608.839

5279.827

5270.827

Mixed Logit
Coeff Std. Err.
-1.941 0.193
-0.266 0.092
-0.392 0.079
0.044 0.099
-3.304 0.172
0.399 0.070
0.914 0.068
-1.406 0.088
-1.923 0.281
-1.960 0.103
-0.019 0.095
-0.003 0.084
-0.352 0.094
1.818 0.161
-0.374 0.110
-0.184 0.073
0.620 0.093

-2191.787
4500.965
4483.965

Constant for No-Choice (NC)
Oleic Acid (OLA)

Vitamin E (VE)
Alpha-Linoleic Acid (ALA)
Genetically Modified (GM)
Organic (Org)

Functional (Fun)
Imported (Imp)

Price

Constant-Nay

Male-Nay

Age-Nay

Household Size-Nay
Number of Children-Nay
Education-Nay
Income-Nay

SD-NC

SD-OLA

SD-VE

SD-ALA

SD-GM

SD-Org

SD-Fun

SD-Imp

LL

AIC

BIC

Models with Nay-Saying Hurdles

Logit

Coeff Std. Err.
-1.473 0.157
-0.200 0.094
-0.298 0.081
-0.043 0.095
-2.042 0.087
0.330 0.092
0.728 0.061
-1.004 0.073
-1.442 0.255
-0.842 0.167
0.702 0.271
-0.641 0.148
0.069 0.141
-0.183 0.218
-0.662 0.165
-1.083 0.283

-2411.583

4993.651

4977.651

Mixed Logit

Coeff Std. Err.
-2.277 0.188
-0.344 0.103
-0.355 0.084
-0.066 0.104
-3.253 0.161
0.336 0.103
0.915 0.073
-1.466 0.094
-1.866 0.279
-0.926 0.225
0.752 0.262
-0.779 0.284
0.078 0.112
-0.171 0.112
-0.505 0.208
-1.231 0.389
-0.994 0.134
0.214 0.095
-0.002 0.087
-0.128 0.100
1.897 0.160
-0.408 0.121
-0.225 0.079
0.835 0.098

-2159.180

4484.088

4460.088
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Table 2. Estimation Results (Continued)

Constant for No-Choice (NC)
Oleic Acid (OLA)

Vitamin E (VE)
Alpha-Linoleic Acid (ALA)
Genetically Modified (GM)
Organic (Org)

Functional (Fun)
Imported (Imp)

Price

Constant-Yeah
Male-Yeah

Age-Yeah

Household Size-Yeah
Number of Children-Yeah
Education-Yeah
Income-Yeah

SD-NC

SD-OLA

SD-VE

SD-ALA

SD-GM

SD-Org

SD-Fun

SD-Imp

LL

AIC

BIC

Models with Yeah-Saying Hurdles

Logit

Coeff Std. Err.
-0.701 0.154
-0.118 0.106
-0.286 0.088
0.122 0.099
-2.347 0.103
0.447 0.091
0.759 0.070
-1.055 0.071
-1.413 0.267
-0.548 0.075
0.331 0.081
-0.333 0.046
-0.059 0.055
-0.171 0.054
-0.518 0.068
0.250 0.081

-2060.122

4230.729

4214.729

Mixed Logit
Coeff Std. Err.
-1.202 0.186
-0.220 0.116
-0.427 0.094
0.157 0.121
-3.916 0.312
0.531 0.091
0.914 0.079
-1.448 0.107
-2.026 0.319
-0.646 0.062
0.368 0.082
-0.347 0.040
-0.101 0.048
-0.133 0.076
-0.420 0.072
0.383 0.076
-1.461 0.143
-0.269 0.082
0.125 0.082
-0.399 0.110
1.799 0.308
-0.265 0.130
-0.225 0.100
0.286 0.142

-1905.330
3976.388
3952.388

Constant for No-Choice (NC)
Oleic Acid (OLA)

Vitamin E (VE)
Alpha-Linoleic Acid (ALA)
Genetically Modified (GM)
Organic (Org)

Functional (Fun)
Imported (Imp)

Price

Constant-Nay

Male-Nay

Age-Nay

Household Size-Nay
Number of Children-Nay
Education-Nay
Income-Nay
Constant-Yeah
Male-Yeah

Age-Yeah

Household Size-Yeah
Number of Children-Yeah
Education-Yeah
Income-Yeah

SD-NC

SD-OLA

SD-VE

SD-ALA

SD-GM

SD-Org

SD-Fun

SD-Imp

LL

AIC

BIC

Models with Both Yeah and Nay-Saying Hurdles

Logit

Coeff Std. Err.
-1.283 0.173
-0.273 0.113
-0.262 0.096
0.008 0.109
-2.600 0.113
0.468 0.104
0.799 0.073
-1.307 0.089
-1.533 0.283
-0.816 0.216
0.861 0.273
-0.742 0.324
0.043 0.097
-0.158 0.163
-0.395 0.259
-1.144 0.367
-0.645 0.163
0.430 0.088
-0.354 0.064
-0.077 0.066
-0.143 0.135
-0.356 0.124
0.299 0.132

-1928.119

4015.060

3992.060

Mixed Logit

Coeff Std. Err.
-1.732 0.167
-0.363 0.129
-0.379 0.092
-0.031 0.111
-3.968 0.228
0.500 0.095
0.931 0.077
-1.591 0.110
-1.995 0.235
-0.697 0.088
0.753 0.148
-0.560 0.138
0.007 0.063
-0.184 0.075
-0.525 0.162
-0.954 0.170
-0.554 0.065
0.453 0.063
-0.323 0.029
-0.087 0.047
-0.147 0.065
-0.397 0.085
0.263 0.075
-0.345 0.146
0.018 0.107
0.107 0.074
-0.107 0.129
2.265 0.201
-0.241 0.068
-0.287 0.085
0.562 0.129

-1836.715

3887.496

3856.496
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Table3. Marginal Attribute Valuesin Thousands Japanese Yen
Models without Hurdles

Conditional Logit
Marginal Value Std. Dev. Marginal Value Std. Dev. Marginal Value Std. Dev.

Constant for No-Choice (NC) -0.76
Oleic Acid (OLA) -0.07
Vitamin E (VE) -0.24
Alpha-Linoleic Acid (ALA) 0.03
Genetically Modified (GM) -1.50
Organic (Org) 0.25
Functional (Fun) 0.56
Imported (Imp) -0.67

0.13
0.10
0.11
0.05
0.40
0.11
0.15
0.18

Mixed Logit Il

Mixed Logit |
-1.02 0.12 -1.02
-0.14 0.06 -0.14
-0.21 0.06 -0.21
0.02 0.05 0.02
-1.75 0.28 -1.75
0.21 0.06 0.21
0.49 0.09 0.49
-0.74 0.12 -0.74

0.12
0.06
0.06
0.05
0.28
0.06
0.09
0.12

Nay-Saying Hurdle Models Without Considering the Hurdles in Marginal Values
Conditional Logit
Marginal Value Std. Dev. Marginal Value Std. Dev. Marginal Value Std. Dev.

Constant for No-Choice (NC) -1.04
Oleic Acid (OLA) -0.14
Vitamin E (VE) -0.21
Alpha-Linoleic Acid (ALA) -0.03
Genetically Modified (GM) -1.46
Organic (Org) 0.24
Functional (Fun) 0.52
Imported (Imp) -0.72

0.14
0.08
0.08
0.07
0.29
0.09
0.12
0.15

Mixed Logit Il

0.15
0.07
0.06
0.06
0.30
0.07
0.09
0.14

Nay-Saying Hurdle Models that Consider the Hurdles in Marginal Values
Conditional Logit
Marginal Value Std. Dev. Marginal Value Std. Dev. Marginal Value Std. Dev.

Constant for No-Choice (NC) -0.95
Oleic Acid (OLA) -0.13
Vitamin E (VE) -0.19
Alpha-Linoleic Acid (ALA) -0.03
Genetically Modified (GM) -1.33
Organic (Org) 0.22
Functional (Fun) 0.48
Imported (Imp) -0.65

0.13
0.08
0.07
0.06
0.27
0.08
0.11
0.14

Mixed Logit Il

0.13
0.07
0.05
0.06
0.28
0.06
0.08
0.13

Yeah-Saying Hurdle Models Without Considering the Hurdles in Marginal Values
Conditional Logit
Marginal Value Std. Dev. Marginal Value Std. Dev. Marginal Value Std. Dev.

Constant for No-Choice (NC) -0.50
Oleic Acid (OLA) -0.09
Vitamin E (VE) -0.21
Alpha-Linoleic Acid (ALA) 0.09
Genetically Modified (GM) -1.72
Organic (Org) 0.33
Functional (Fun) 0.56
Imported (Imp) -0.77

0.08
0.09
0.08
0.07
0.38
0.10
0.13
0.17

Mixed Logit Il

Mixed Logit |
-1.23 0.14 -1.24
-0.19 0.07 -0.19
-0.19 0.06 -0.20
-0.04 0.06 -0.04
-1.78 0.29 -1.79
0.18 0.07 0.19
0.50 0.09 0.50
-0.80 0.13 -0.81

Mixed Logit |
-1.12 0.13 -1.13
-0.17 0.06 -0.17
-0.18 0.05 -0.18
-0.03 0.05 -0.03
-1.62 0.26 -1.63
0.17 0.06 0.17
0.46 0.08 0.46
-0.73 0.12 -0.74

Mixed Logit |
-0.60 0.09 -0.60
-0.11 0.07 -0.11
-0.22 0.06 -0.22
0.08 0.06 0.08
-1.97 0.34 -1.98
0.27 0.06 0.27
0.46 0.08 0.46
-0.73 0.14 -0.74

0.09
0.07
0.06
0.06
0.35
0.06
0.08
0.14
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Table3. Marginal Attribute Valuesin Thousands Japanese Yen (Continued)

Constant for No-Choice (NC)
Oleic Acid (OLA)

Vitamin E (VE)
Alpha-Linoleic Acid (ALA)
Genetically Modified (GM)
Organic (Org)

Functional (Fun)

Imported (Imp)

Constant for No-Choice (NC)
Oleic Acid (OLA)

Vitamin E (VE)
Alpha-Linoleic Acid (ALA)
Genetically Modified (GM)
Organic (Org)

Functional (Fun)

Imported (Imp)

Constant for No-Choice (NC)
Oleic Acid (OLA)

Vitamin E (VE)
Alpha-Linoleic Acid (ALA)
Genetically Modified (GM)
Organic (Org)

Functional (Fun)

Imported (Imp)

Yeah-Saying Hurdle Models that Consider the Hurdles in Marginal Values
Conditional Logit
Marginal Value Std. Dev. Marginal Value Std. Dev. Marginal Value Std. Dev.

-0.40
-0.07
-0.17
0.07
-1.38
0.26
0.45
-0.62

0.06
0.07
0.07
0.06
0.30
0.08
0.11
0.14

Mixed Logit Il

Mixed Logit |
-0.48 0.07 -0.48
-0.09 0.06 -0.09
-0.17 0.05 -0.17
0.06 0.05 0.06
-1.58 0.27 -1.59
0.21 0.05 0.22
0.37 0.06 0.37
-0.59 0.11 -0.59

0.08
0.06
0.05
0.05
0.28
0.05
0.07
0.11

Two-Hurdle Models Without Considering the Hurdles in Marginal Values
Conditional Logit
Marginal Value Std. Dev. Marginal Value Std. Dev. Marginal Value Std. Dev.

-0.85
-0.18
-0.18
0.00
-1.75
0.32
0.54
-0.88

Two-Hurdle Models that Consider the Hurdles in Marginal Values

0.12
0.10
0.08
0.07
0.36
0.10
0.12
0.18

Conditional Logit
Marginal Value Std. Dev. Marginal Value Std. Dev. Marginal Value Std. Dev.

-0.57
-0.12
-0.12
0.00
-1.18
0.21
0.36
-0.59

0.08
0.07
0.05
0.05
0.25
0.07
0.08
0.13

Mixed Logit Il

Mixed Logit |
-0.88 0.08 -0.87
-0.19 0.08 -0.19
-0.19 0.05 -0.19
-0.02 0.06 -0.02
-2.01 0.20 -2.01
0.25 0.06 0.25
0.47 0.07 0.47
-0.81 0.11 -0.81

0.08
0.07
0.05
0.06
0.20
0.06
0.07
0.11

Mixed Logit Il

Mixed Logit |
-0.59 0.06 -0.59
-0.13 0.05 -0.13
-0.13 0.04 -0.13
-0.01 0.04 -0.01
-1.35 0.15 -1.36
0.17 0.04 0.17
0.32 0.05 0.32
-0.54 0.08 -0.54

0.06
0.05
0.04
0.04
0.15
0.04
0.05
0.08
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70 A

Number of Individuals

0 1 2 3 4 5 6 7
(Yeah-
Saying) Number of Times Choosing No-Choice Option

Figure 1. Frequency Distribution of the No-Choice Option Being Selected

8 (Nay-
Saying)
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