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Abstract

The assumptiorof only main effectsin Conjoint Analysis methodshascreateda debatewhetherto fo-
cusor not on theimpactof interactionsin determiningthe most preferedcombinationof attributesof
a product. In this researcha comparisorof Conjoint Value Analysis CVA and Choice-Basedonjoint
CBC surveyswereundertaken ta@ontrasthemthroughutility scoresimportancevaluesof attributesand
goodness-of-fiusingreadyto drink beveragessthe subject. The main effectsassumptiorin the CVA
compositionrule wascomparedo theinteractiontermsin the CBC one. Two scenariosveredeveloped;
thefirstoneconsiderednnercharacteristicsf the subjectandasamplesizeof 250respondentsThesec-
ond one consideredhe presentatiortharacteristicef the subjectanda samplesizeof 150 respondents.
Thetwo highertotal utility scoreswere obtainedin the CBC usingan interactivecompositionrule. In
Scenarial a highergoodness-of-fitvasfoundin the CBC, including significantinteractionsjn contrast
with Scenario 2whereno interactionswverefound,andCVA hada highergoodness-of-fit.

Keywords. Conjoint Analysis, New ProductDesign, FractionalFactorialDesign,HierarchicalBayes
Estimation Designof Experiments.

MasAlla dela Suposicionde EfectosPrincipales en Analisis Conjunto: Comparacion Entre Analisis
Conjunto Tradicional Vs. Andlisis Conjunto Basadoen Eleccion. Enfoque Estadisticoy Construccionde
DisefiosAplicado al Desarrollo de NuevosProductos

Resumen

El supuestale consideraisolo efectosprincipalesen el Analisis Conjuntoha creadoun debatesi enfo-
carseo no en el impactode las interaccioneparadeterminada combinacioncon mayor preferenciaen
los atributosdel producto.La comparacidrse realizé entrelas encuestaslel Analisis Conjunto Tradi-
cional CVA y el Analisis ConjuntoBasadoenla EleccionCBC paracontrastarlags travésde los valores
de utilidad, valoresde importanciade los atributosy bondadde ajusteen ambasmetodologiasusando
unabebidalista paratomarcomo sujetode prueba.La suposicionde efectosprincipalesenla reglade
com-posiciondel CVA fue comparadacon la inclusion de términosde interaccionsignificativosen el
CBC. Sedesarrollarordosescena-riosen el primerode considerécaracteristicamternasdel sujetode
pruebay se utilizé un tamafiode muestrade 250 encuestadosEn el segundoescenarioconsiderd
caracteristicade presentaciénlel sujetode pruebay untamafiode muestrade 150 encuestados.os dos
valores de utilidad mas altos se obtuvieron del CBC, usando una regla de composicion con
interaccionesacabdconsideranda la Cerveza,en cambioen el CVA estenivel reportouna utilidad
negativa.En el Escenariol se encontréuna bondadde ajus-te mas alta parael CBC, incluyendo
interaccionessignificativas,en contrastecon el Esce-nario2, dondeno se encontraroninteracciones
significativasy en ese caso el CVA tuvo una bondad de ajosagor.

Palabras Clave. Analisis Conjunto, Disefiode nuevosproductos Disefiofactorial fraccionado, Esti-
macioénJerarquicdBayes,Disefode experimentos.

Introduction port management, as well as volume and mix flexibility
decisions|[1].
Conducting business decisions is critical, and the use of
resources has to be efficient. Some examples of theseTo respond to those critical decisions efficiently and ef-
decisions are: product/service design, product line and fectively, CA has been used as a technique that allows
portfolio optimization, capacity planning, customer sup- researchersto translate and predict customers’ needs and
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expectationsnto productcharacteristic$2—4]. In this
way, industriescan usethis techniqueto launchsuc-
cessfulproducts/servicds acompetitivemarke(5]. In
this mannergconjointanalysishasalloweddifferentar-
easlike statistics,probability, andexperimentatesign
aswell aseconometrienodelingto predictmorerealis-
tic behaviorsf the marketplacg6].

CA hasbeenaroundfor about40 years,andsincethen
alot of improvementyiavecomein handwith technol-
ogythathaseasedhecalculationandmadepossibleto
testwith morerepresentativeamplesandimprovethe
estimationof thedatacollected[7, 8].

Thereare essentiallyfour methodologieof CA men-

tionedin detailin Rao[9], briefly explainednext. The

firstoneis CVA, andit is thetraditionalconjointmethod-
ologythatusesRb statedpreferencesr rankingcombi-

nationg[1, 9].

Thesecondneis CBC;this CA usesstatedChto select
a combinationfrom a set presentedthe ways prefer-
encesareobtainedare partly deterministicandrandom

[1].

The third methodologyis ACA in which, first, a self-
explicatecelicitationtaskconsidersttributeimportance
valuesanddesirabilitylevelsusingrankingand subse-
guentrating in orderto tailor partial profilesfor each
respondenttheseprofilesarefollowed by a pairedpre-
sentatiorof thosechoicesn agradedcomparisorscale.

The fourth CA methodologyis called self-explicated,
whererespondentareaskedo evaluatehedesirability
of eachlevel of all the attributesaswell astherelative
importancevaluesassignedo them.

Rao[9] alsomentionedhattherearetwo differentkinds
of modelsin which the four methodologiesre classi-
fied: decompositionadindcompositional Thefirstthree
methodologiesnentionedearlier are decompositional
becaus¢hedataaredecomposetb obtainpartialutility
scoref eachattributelevel of acombinationthisis in
contrastwith the compositionahpproachyhereutility
scoresarecomposedrom the dataobtainedof eachof
theattributelevels.

Karniouchina[8] expressedhat from more than 150
publicationsin top journalsaboutCA, only 5 studies
have comparedhe elicitation methodsusedbeforein
CVA andCBC asRb and Cb, andno concreteresults
wereobtained putthey concludedhat CBC performed
betterattheindividual-level.

Therearesomebenefitfrom usingRb or Cb elicitation
methods.For example Rb simplifiesmarketdecisions,
wherea<Ch is easierfor respondentto adaptandgive
informationabouttheir preferencebut in termsof de-
sign,Rbis easiethanCb[1, 2].

Now, CBC is becomingmoreimportantdueto thereal-
ismin theway respondentmaketrade-offs simulating
whathappensn the marketplace;this is in contrastto

CVA where respondents can either rate or rank a specific
combination|[9, 11]. Also, choosing a combination is a
simple and more natural task that everyone can under-
stand|[10].

One of the main reasons that CVA was first used was
the utility estimation through OLS for Rb or monotone
regression for ranking that permitted individual utility
estimation, unlike CBC, where the Multinomial Logit
Model (MNL) only permitted to estimate aggregate util-
ities. However, recent powerful estimation methods like
HB have allowed to obtain information from respon-
dents with fewer questions and to calculate individual
utility estimations; this process has led to enhance the
information quality, reducing significantly the chances
of getting noisy date [12].

Moreover, the strength of the methodologies that es-
timate individual-level utilities, considering only main
effects like CVA, are obtained at the cost of denying
the presence of interactions, considering their values to
be negligible. Therefore, if significant interactions are
found, the conclusions reached by a traditional CA may
be invalid, unlike CBC that offers the capability to esti-
mate interactions between attribute levels [13].

The interaction analysis in a CA study can proportionate
valuable information to find a model that could be more
accurate![3,/4,/7]. Differentiated two distinct composi-
tion rules, one considering main effects and other con-
sidering interaction terms. The first one is called Simple
Additive Model, where the partial utility of attribute lev-
els in a combination are summed up, and the second one
is called Interactive Model, where the interaction terms
can be added to obtain the total utility or combination
preference. However, in the latter model, despite por-
traying a more realistic situation, it implies more com-
plex calculations [7].

Using individual level estimation approaches has reduced
the need for modeling interactions, but this does not di-
rectly take for granted the changes that significant in-
teractions can have on the respondents’ preferences, so
their effects should not be considered negligible [6]. Also
significant interactions can be crucial information that
needs to be included in the analysis and are often ig-
nored by researches due to time or resoutces [11].

Practical Applications

Conjoint Analysis is a widespread statistical research
technique that can be applied to New Product Develop-
ment by determining the preference (utility) of a spec-
ified product/service through its components and finds
an optimal combination of their attributes. There are
different Conjoint Analysis methodologies, and a dis-
pute has come along about which methodologies can
be more appropriate to use. The traditional full profile
Conjoint Analysis or Conjoint Value Analysis (CVA)
was the first methodology developed and the most fre-
quently used due to its simplicity in calculations. How-
ever, Choice-Based Conjoint (CBC) is gaining popular-
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ity due to its way of presenting combinations that simu- use a CBC or a CVA based on analytic and technical
lates what happens in the marketplace more accurately. criteria to discard one of them and not merely discard
the CBC for its complexity. The implication of using
robust statistical criteria to discard one of the method-
ologies is a strong fundament of the study in order to
make conjectures.

Little research has been made in comparing different
Conjoint Analysis in an effort to conclude or recom-
mend the utilization of a particular methodology of this
technique. Several authors have given guidelines to re-
searchers to know which methodology to choose, basing To do so, a study subject was needed in order to generate
their recommendations only on the capabilities of each data to compare both methodologies. Hence the prac-
one. There are no conclusive results about which of the tical problem was to generate a conjoint analysis that

methodologies could lead to better results.

Main effects only assumption and the election of one
of the elicitation methods have brought interest in using

more complex and accurate estimation methods that can

include more crucial information for the modeling of
consumer’s preference for a new product.

Materials and Methods

Objectives of the CA research

The objective of the research was to find which conjoint
analysis methodology CVA or CBC got better results

allowed combining different levels and factors to apply
a share of preference model. Therefore the creation of
new mixes of beverages was selected to comply this re-
guirement due to its recent elevated local consumption
[14-16].

Next, using a market research, RTD were crafted and
those findings were adapted to each conjoint methodol-
ogy, according to the rules to create unbiased combina-
tions and avoid possible problems due to presentation
order.

After limiting the population based on local statistical
information found, the surveys were crafted with the

taking into account the advantages and disadvantageshelp of Sawtooth Software and the experimental designs

that each of them have. Specifically, if the advantage
of considering interactions terms in the CBC can con-
tribute to the share of preference model explained by
the CA, due to the fact that CVA cannot include interac-

tion between the factor that are being explored. There-
fore a CVA vs. CBC was conducted and compared to
determine which conjoint methodology got better re-

sults using an additive composition rule for CVA where

only main effects could be considered in contrast with

an interactive composition rule in CBC where interac-

tion terms were included. The results were analyzed by
goodness of fit, attribute importance values and utility
scores.

The theoretical problem is whether to be able to use

were carefully selected in order to meet all the techni-
cal requirements to get the best possible results in each
conjoint methodology.

Market Analysis

Over the years, the consumption of alcoholic beverages
has changed in a way that cocktails are now taking more
market than before, due to their flavor mixes involved
and their low alcoholic content [17]. Also_[14] indi-
cated that the propaganda and marketing towards this
new trend in consumption of low alcoholic level bever-
ages is directed to the young population, and the core
characteristics of these products are: new flavors, qual-
ity of ingredients in the mix, and the presentation with

a more sophisticated and more in use methodology to the package ready to drink.

achieve better results in conjoint analysis through the

develop of surveys based on choices (CBC) and then
analyze the results; compared against a more straight
forward methodology, nowadays less often used where

rating specific combinations are used (CVA).

The type of data in the results obtained by each method-

ology is different. In CBC the data type is nominal so
the statistical analysis is completely different from the
data obtained in CVA which is ratio data, where tradi-

tional statistical basis can be used to approach and ob-

tain results. This distinction is crucial for the theoretical

The growth in volume of this RTD can be seen in coun-
tries like New Zealand, where from early 1990s to 2007,
the consumption went from 3% to 14% and assures that
this growth will continue in part because of the market-
ing made and people’s consumption habhits [14].

Data from the World Health Organization recorded con-
sumption on average values in liters per capita; these
values have increased between the periods of 2003-2005
(3.8L) to 2008-2010 (4.2L), which also confirms the
growing consumerism of these productd [18].

problem stablished and the use of a a complex resolution Target Population

method such as Hierarchical Bayes in CBC is putted to
test against using common statistical knowledge in CVA

to obtain people preferences and a model that could pre-

dict more accurately these preferences.

With the CBC the theory involved is much more com-
plex as mentioned before than with CVA, so the results
in this investigation could provide a guide to whether

The research was conducted in the city of Quito, Ecuador
due to high consumption rates per capita [15, 16].

Groups of ages between 18-44 years old were selected
to conduct the study because this age group is found to
consume more than the others [16]. The socioeconomic
population status targeted was high (AB) and mid high
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(C+) dueto their morefrequentconsumptior{16]. Fi-

nally, in orderto obtainreliable results,only respon-
dentsthat havedrunk at leastoncein the last month
weretargetedconsideringgonsumptiorirequenciefl6].

Consideringthe parametersnentionedearlier 132,797
peoplecomposedhetargetpopulation[15].

Designof the CA

A comparisorfor conductinga CVA with Rb elicitation
methodanda CBC with Cb, areshownin Figurel with
modificationsaccordingto the performedresearchthe
modificationsareshownin color).

Purpose of the
conjoint study

Decide on the major approach for
implementation

| —

Identify product
attributes and levels

|

CVA CBC

Develop an

Experimental Design ™ o2 cbintilos
Too many N Define Rating Design Choice

Sets

i

- combinations? Scale

v
Yes

v
Do a fractional Collect Data
factorial design
Analyze Data Analyze Data

(OLS) (HB)

! !

Utility Scores and Attribute Importances

v

Use the results for the study purpose

Figure 1: Conducting a Conjoint Analysis RB vs. CB adapted
from [9].

Identify product attributes and levels, and Factorial
Design Development

Three focus groups were conducted, as well as market
research of places where cocktails were sold in order to
identify which ingredients were going to be included in
the experimental design as attributes and their respec-
tive levels.

Each focus group conducted had the purpose of extract-
ing important alcohol consumption information from the
participants. The information was about the types of al-
cohol they used to drink and the preference about each
of them. The participants also provided the information
about the mixes they preferred to make or buy, and the
ingredients and flavors they liked or dislike in a mix. In
order to obtain more information about cocktail recipes,

many of them were consulted in the market with differ-
ent bartenders.

The resultant attributes and levels for this study are pre-
sented in Table 1.

Attributes Levels
Type A Whisky Rum Beer
Liquor
Type B . .
Liquor Tequila Gin Vodka
Touch of Mentha . Energy
Flavor Spicata Grenadine Drinks
Tonic Lemon
Solvent Lemon Juice Flavored
Water
Soda

Table 1: Attributes and levels for CA Scenario 1.

Beer was considered as an attribute in this study due to
the high percentage of consumption (79.2%) [15].

All attributes have the same number of levels, repre-
senting a symmetric design [9]; these types of designs
are the most common ones and have been studied the
most. Also they have obtained more representative re-
sults than their counterpart asymmetric designs, where
the attributes may have different number of levels each.
This study was labeled as Scenario 1.

Thus, the resulting factorial design was’a@&hich gen-
erated 81 possible combinations|[19]. However respon-
dents often lack the energy or patience to answer many
questions in a CA, thus this quantity of combinations
can burn the respondents [10].

Typically, the amount of tasks respondents can answer
for a CVA is between 20 and 30/[8]. As a guide of
the number of questions that could be asked to obtain
stabilization in the results, [10] recommended at least
two or preferably three times the number of parame-
ters to be estimated. The parameters to be estimated
are: #levels — #attributes + 1, which yielded to 9
parameters. The factor of 3 was applied, thus 27 ques-
tions had to be asked in the CVA study. With the CBC
methodology there were recommendations to establish
a suitable number of questions, but in order to choose
the same amount of combinations presented to respon-
dents in both CA, 9 questions with 3 combinations each
was proposed for CBC.

The resulting combinations for Scenario 1 could have
been difficult to conceptualize for respondents consid-
ering that these RTDs have ingredients as attributes and
levels that are not typical in the local market mixes. To
mitigate this possible bias on the research objectives,
a second scenario with most frequent market cocktails
was developed to run a complementary study, where
now the attributes could be more distinguishable to re-
spondents.

The attributes in this case had different number of lev-
els, resulting now in an asymmetrical design [9]. The
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Attribute Levels rr = Response for option k.
Mojito Cuba o hmarine  Michelada o = Interceptor constant. . _
. Libre , Bjm = Part worth utility of level m of attribute j.
Cocktail — Blue —— Tequila ;- Whisky " — 1 if option k has level m on attribute j (other-
Margarita  Sunrise Soqr wise) elser ;,, = 0.
Vodka  Screw- Tom Gin e {m
Tonic driver Collins Tonic €k rrorterm.
Container Aluminum Glass
Type Car_l Bottle Part worth utilities were estimated by applying multi-
Container Medium Small ple regressions with OLS, using a dummy variable cod-
Size (330m) (220mi) ing in which deleting one level of each attribute from
Table 2: Attributes and levels for CA Scenario 2. the computation was done. Otherwise, a linear depen-

dence among the variables describing the levels of each

atiributes and their levels are shown in Table 2. This attribute would lead to indeterminacy in the computa-
study was labeled as Scenario 2. tion [23]

The study was approached with these two scenarios for Conducting CBC technique
the comparison of both methodologies. Two surveys for
each scenario were developed, one with CVA and one As mentioned earlier, the condition was to test the same
with CBC respectively. In each of the four surveys, re- amount of combinations between the two CA method-
spondents rated or chose among the 27 combinationsologies. In order to achieve that, each choice set was
presented. composed by 3 combinations plus the “none option”,
) ) ] obtaining a total of 9 tasks; in addition, two fixed tasks
l\!extz each mgthodology is described in terms of the de- \yere added to improve the estimation (Sawtooth Soft-
sign involved in each one. ware, 2014) giving a total of 11 tasks instead of the 27
tasks on the CVA. This was done to comply with the
typical number of choice task on a CBC, which is about

Considering the number of questions to obtain stable re- 810 12 [24].

sults and to eliminate information overload, a FF de- Next, a method to construct the choice sets was selected.

sign 37! was proposed. A 3-level FF design matrix Several methods exist to do the construction, depending
was used to obtain the most efficient fraction of the de- on their capabilities, exposed in Table 3.

sign, which considered a minimum aberration criterion

in order to guarantee a maximum resolution degigh [20]. The random method was selected to compose the CBC
Noting that CVA does not consider interactions, the cri- Sets because it is the most complete design in estimat-
terion assures not to confuse the main effects between iNg interaction effects, in spite of being the least effi-

them and with two-way interactions, obtaining a design Ciént when estimating main effects [13]. For computer-
of resolution IV. ized interviewing, in order to gain in design efficiency,

but most importantly to decrease order and context ef-
For Scenario 1, ten versions of the design matrix were fects, 300 different version sets were automatically cre-
randomly generated and manually introduced into the ated [11].
SSI Software to avoid order and context effects in the
guestionnaire, which could have affected people’s re-
sponses, generating a potential bias in the results [10].
For Scenario 2, the same amounts of versions of Sce-
nario 1 were automatically generated.

Conducting CVA technique

Each version showed 27 different combinations among
the 81 possible ones, unlike the CVA methodology where
the 27 combinations were part of the same fraction but
the order was randomized.

A 10-point (10 categories) rating scale was used for the CBC Utility Estimation by HB
CVA methodology due to its advantages in reliability, The utility associated with a combination can be stated
validity, discriminating power, and respondents’ prefer-  as follows [22]

ences of rating scales [21].

CVA Utility Estimation by OLS Uij = Brij + €5

The basic weighted additive model for CVA methodol- where

i i k follows [22
0gy using rating tasks can be stated as follaws [22] U;; = The utility of respondent i associated with profile

j (this could be a combination A or B).

S M B = A vector of parameters to be estimated.
e = Po+ Z Z BimTjm + €k x;; = A vector of attributes of profile j presented to re-
j=1m=1 spondent i.

e;; = The stochastic portion of the utility function.
where



Av. Cienc. Ing. (Quito), 2015,Vol. 7, No. 2, Pags. C29-C43

Paredes et al.

Design Method

FF CBC CBC
Effects Si'i:ft Mix & | MN Complete Shcol?t%ut Rgr?d%m Balanced
Match Enum Overlap
Main
Effects X X X X X X X
Only
Interactions X X X X X X
Prohibitions X X X X
Alternative
Specific X X X X
Effects
Cross Effects X X

Table 3: Comparison of Capabilities [4].

Respondent i would choose profile A over profile B if
Uai > U, and the probability of such choicef$(A) =
Prob{Bzia + eia > Brip +eip}

CBC is based on a maximum utility model MNL, which
is part deterministic and part random, borrowing infor-
mation from the rest of the sample to estimate the prob-
abilistic part of the utility|[[25].

Using MNL, the HB estimation method performs an it-
erative process using Bayesian Analysis to draw the pa-
rameters of the prior distributions that the data is as-
sumed to follow, in this case the partial utility weights
of the preference model.

Using the Bayesian Analysis implies to turn the sta-

tistical estimation process around; this is done instead
of assuming that the data is described by a particular
model with specified parameters, and then investigate if

Mentions a sample size for full factorial designs be-
tween 50-100 respondents to achieve meaningful, ro-
bust, and projectable data. Other examples include the
work performed by Torres, Paz & Salazar that resulted
in a sample size of 246 people using a mathematical for-
mulation. Finally, in a study with limited sample size,
250 respondents for CBC had a stable performance [2].
Based on these results, a sample size of 250 was used for
Scenario 1 and 150 for scenario 2 due to the more natu-
ral and known nature of the attributes to respondents.

Construction of the survey and data collection

SSI Web module was used to generate the questions for
each scenario. One introduction page was made to guide
the respondents through the survey. Then, the screening
questions were presented to guarantee the respondents
were in fact part of the target population.

the data is consistent with those assumptions; now the validated CA questions were presented afterwards. The

assumption about the model that describes the data re-

validation process consisted of a pilot test where orig-

mains, and computations are done to see if the data is jnal questions were presented to the 25 respondents to

consistent with the assumptions a priori. The difference
lies in the fact that now the probability distribution of
the parameters is investigated given the data [6, 25].

In Appendix A, a more detailed explanation of the Hi-
erarchical Bayes model used to estimate the utilities is
presented based on the work madelby [25, 26].

In order to detect if the interactions were significant,

an interaction analysis was performed using the modi-
fied 2-log likelihood test (2LL); this process has demon-
strated to be very effective in finding significant interac-

tions [11].

Sample Size

Reducing the possible errors generated by the data in

a cost-effective way is of big concern for researchers
that want to implement CA and obtain representative
results|[10]. Current literature on the topic presents sev-
eral options for determining valid sample sizes in CA.

For developing hypothesis for a market, values of 30 to
60 are recommended [10]. A range of 150 to 1200 re-
spondents is suggested for experimentation [10]. [27]

determine if the questions were clear to answer. Re-
sults showed that respondents did not understand how
to answer to different elicitation tasks presented and got
confused about the amount of combinations, tending to
think that they were repeated along the survey. In order
to solve this issue, a description was added, indicating
how to qualify the task with a notice that all of the com-
binations in the survey were different and at least one
level made the difference among them.

All surveys were fielded through the Internet and stored
in Sawtooth Software servers. However, given the low
rate response of 3% for data collection using Internet
[27], the use of tablets was employed to collect data on
the field as well.

Results & Discussion

Estimating the Conjoint model and assessing overall
fit

The highestincomplete surveys were from the CVA method-
ology due to the quantity of rates that they involved; in
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contrast, in CBC choices facilitated the tasks to respon-
dents. The total data collected across surveys are shown
in Table 4.

CBC1 CVA1 CBC2 CVA2 Total

Qualified /' »gy 559 150 150 801
Complete
Disqualified 101 130 106 145 482
Incomplete 100 145 75 104 424
Total 452 525 331 399 1707

Table 4: Number of fielded surveys.

In order to compare similar situations among the used

conjoint methodologies, the screening questions obtainec

from each survey were equivalent. The results from

=p=CVA] =m=CBCl

30

Pe

Utility Menas

-10

oL

‘§

*Energy Drink <

*Mentha Spicata

-20

-30

Rum
Beer
Gin

Vodka

Whisky
Tequila
*#Tonic Water
*Lemon Juice
Lemon Soda
Grenadine

Attribute Levels
*Significant Differences (p<0.05)

the screening questions corroborated what several au- Figure 3: Zero centered average utility values for Scenario 1.

thors mentioned, which is that this product is aimed to

younger group ages; thus, the inclusion of this group

was more pronounced. The results table is exposed in
Appendix B.

are presented in Figure 3, along with the respective com-
parisons.

Figure 3 shows the same utility trend; however, the anal-

The utilities, importance values, and goodness-of-fit wereysis of significant differences at 95% confidence showed
obtained for each respondents using SSI web (Sawtooth that some utility averages were different. Hence, this
Software version 8.3.6). In Appendix C, the utility scores was another evidence that CBC and CVA did not lead to

for Scenario 1 are presented as reference. Next the re-

sults obtained will be exposed for each Scenario.
Scenario 1

Importance values were obtained for both CA and are
shown in Figure 2.

mCVA mCBC

-
o

a

35 =
L 30 b
225 4 a_a a
£ 20 - .
£ 15 —
=10 4

5,

0 - : ; ‘

Type B Liquor Touch of Flavor Solvent

Attributes
Means not sharing aletter are significantly different (p<0.05)

Type A Liquor

Figure 2: Importance values for Scenario 1.

As it can be seen in Figure 2, the importance values
obtained by each CA were not equal. The importance
values of Touch of Flavor were different at 95% signif-
icance as well as in the Solvent importance values; in
addition, considering the order of high to low impor-
tance values, the second importance, Type B Liquor for
CVA and Touch of Flavor for CBC, indicated that both
CA estimations did not lead to similar results.

[8] Mentioned the determination coefficient as a mea-

similar results.

Figure 3 also showed that for Liquor Type A, the least
preferred level was Beer for both methodologies and the
most preferred ones were Rum and Whisky for CBC
and CVA, respectively; for Liquor Type B, the least and
most preferred attribute levels were Vodka and Tequila
for both CA. Similarly, for Solvent attribute, the least
and more preferred levels were Tonic Water and Lemon
Juice; for Touch of Flavor, the least and more preferred
levels were Energy Drink and Mentha Spicata.
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Figure 4: Zero Centered utility values per attribute levels far
CVAL.

Similarly, the utility means for each CA methodology
were tested to determine if each CA could find signifi-
cant differences between utilities, yielding in the impact

as well as the study performed by [2]. The average de-
termination coefficients obtained for Scenario 1 were
0.49 for CVA and 0.63 for CBC. The last value includes
significant interaction, which will be expanded later, and
represents a much better fitting model estimation for
CBC. Overall utilities for both conjoint methodologies

in Figures 4 and 5.

As it can be seen, despite the fact that both CA revealed
the same positive and negative trends for all levels, CBC
considered more significant differences between levels
of the same attribute than the CVA. For example, for



. Cienc. Ing. (Quito), 2015,Vol. 7, No. 2, Pags. C29-C43

Paredes et al.

20 b
- a
g 10 = 5 =5
= o mm e -
£ € a
510 b
20 ° a

Rum
Beer
Gin

Vodka

Whisky

Tonic Water
Lemon Juice
Lemon Soda

Grenadine

~
A
B
20
8

Attribute Levels

Means not sharing a letter are significantly different (p<0.05)

Figure 5: Zero Centered utility values per attribute levels fa
CBC1.

Type A Liquor, CVA found the same significant differ-
ences as CBC; however, for the rest of the attributes,
the results were not the same, especially for the Touch
of Flavor attribute, where CBC determined all signifi-
cant differences between its levels, yet the CVA declares
none.

One important milestone in the results obtained from
the CBC study was to look for possible interactions that
could have been affecting the preference model. An in-
teraction plot was constructed using Minitab Software
to identify possible interactions and is shown in Figure
6.
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Figure 6: Interaction Plot for Scenario 1 CBC.

Figure 6 showed a potential interaction between the at-
tributes Type A Liquor and Type B Liquor, and simi-
larly, with Type B Liquor and Solvent, as well as Sol-
vent and Touch of Flavor. After running the modified
2LL test, the results found in Figure 6 were corrob-
orated, and the 3 significant interactions agreed. The
modified 2LL test results are shown in Table 5 with the
respective p-values considered to establish significant
interactions at 95% of confidence.

Composition rule model

. Chi-square 2LL
Interaction
Value p-value
Type A Liquor * Type B Liquor 19.8055 0.0005
Type B Liguor * Solvent 17.6101 0.0015
Solvent * Touch of Flavor 11.6912 0.0198
Type A Liquor * Touch of Flavor 6.4600 0.1673
Type B Liquor * Touch of Flavor 5.2857 0.2592
Type A Liguor * Solvent 5.0089 0.2864

Table 5: Interaction Search Tool Results.

for CBC [€]. The total utility scores for each CA method-
ology were sorted from highest to lowest; the two high-
est scores are displayed in Table 6 as reference.

Touch
< g TpeA TypeB of Solvent Total
O O Liquor Liquor Flavor utility
. ) Lemon Mentha
g 1 Whisky Tequila Juice Spicata 17.96
) - . Lemon Mentha
2 Whisky Gin Juice Spicata 17.34
. Lemon Mentha
g 1 Beer Tequila Juice Spicata 71.33
© 2 Beer Tequila Li:?gen Grenadine  66.05

Table 6: Best two Combinations for CVA and CBC Scenario 1.

The determinant appearance of Beer in both combina-
tions with the higher utility scores for the CBC in con-
trast with the total absence of this level in the CVA
showed a clear interaction that explains preference more
accurately in the CBC with the interaction composition
rule. When considering interactions, the performance
of the CBC was greater in terms of information about
the respondents’ preferences.

For Scenario 1, the two highest utility scores of CVA
were positioned in CBC in places 6 and 15. In con-
trast, the highest utility scores of CBC were positioned
in places 49 and 51 in CVA.

Scenario 2

The same analysis was conducted for Scenario 2. Im-
portance values are shown in Figure 7.

mCVA2 mCBC2

Importance

Cocktail

Container Type Container Size

Attributes
Means not sharing a letter are significantly different (p<0.05)

Figure 7: Importance values for Scenario 2.

Cocktail showed, that in both CA methodologies, was
by far the most preferred attribute when comparing it

The utility scores for the significant interactions are shownwith Container Type and Container Size. Also, the order

in Appendix D as reference.

of attribute importance in both CA was the same.

The 81 possible combinations were obtained consider- The average correlation coefficients obtained were 0.75
ing the additive model for CVA and the interaction model for CVA and 0.67 for CBC, representing a better fitting
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estimation for CVA. The comparisons of the results for & o . Container  Container  Total
o = Cocktall . "
the utilities calculated are shown below. © o Type Size Utility
1 Moiito Glass Medium 50.04
One of the possible explanations to the sudden change % ) Bottle 330ml '
in Scenario 2, was due to three main factors: with lower O . Glass Small
. . ; o 2 Mojito 44.21
sample size, CVA performs better estimation predictions _ Bottle 250m!
than CBC as the literature suggested; no significantin- o 1  leduia Glass small o, q
teractions were found and the nature of the attributes J Sunrise glottle é50r“'
were more known. © 2 Michelada ass ma 63.37
Bottle 250m|

The same analysis of mean comparisons were performed Table 7: Two Higher Utility values for CA Scenario 2.
between both CA and are shown in Figure 8 were the re- _ .
sults presented significant differences between all util- Despite the fact that an Additive model was used for

ity levels, except for Tequila Sunrise, Vodka Tonic and Poth methodologies, due to the absence of significant

Michelada.
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Figure 8: Zero centered average utility values for Scenario 2.

According to Figure 8, the least Cocktail level preferred
was Cuba Libre and the most preferred one was Tequila
Sunrise for CBC. In the CVA, the least preferred one
was Submarine, and the most preferred one was Mo-
jito. For the Container Type attribute, the most preferred
level was Glass Bottle for both methodologies. Finally,
for Container Size, the most and least preferred attribute
levels were contrasted between the two conjoint studies
performed.

Like in Scenario 1, a mean comparison between levels
for each attribute was considered, revealing the same
pattern for CBC being the technique that led to deter-
mine significant differences between levels. For both
CA, the results were different; for example, for the at-
tribute Cocktail in the CVA, Mojito, Tequila Sunrise,
and Michelada had the highest utility scores, in con-
trast with the results from the CBC where only Mo-
jito had the highest utility score. For Container Size, in
CBC there was a significant difference between the val-
ues for 250ml with a higher value than for the 330 ml;
on the other hand in CVA significant differences were
not found between these two levels. At last, for Con-
tainer Type, significant differences between these two
were found for both CA.

The interaction search tool did not find any significant
interaction to be included in the model. Table 7 shows
the higher utility values obtained after applying the ad-
ditive model with no interactions.

interactions, the combinations showed in Table 7 were
different between both CA.

As reference, for Scenario 2, the two highest utility scores
of CVA were positioned in CBC in places 6 and 3. In
contrast, the highest utility scores of CBC, were po-
sitioned in places 4 and 8 in CVA. As it can be no-
ticed, the highest utility scores in each methodology
switched places, considering that Container Size Small
was present in three of the four combinations and had
an individual estimation that was significantly different
with a high utility score.

These results can be explained because the CBC could
better represent more respondents’ heterogeneity due to
the significant interactions encountered within attribute
levels. With this differentiation, the CBC can distin-
guishwhich attribute levels impact the respondents’ pref-
erences better than the CVA.

Conclusions

The inclusion of significant interactions led to different
combinations with higher total utility in the composition
rule for CBC Scenariol. If these interactions had been
excluded from the analysis, the appearance of Beer level
would have never been considered due to its negative
partial utility score in both methodologies. Therefore,
when considering only the main effects, information can
be ignored; thus, the analysis of interactions has to be a
fundamental part in a CA study.

When the NPD process involves inner characteristics,
like in scenario 1, the early knowing of which attribute
levels could have significant interactions with others can
be a challenging task that could be biased by the re-
searchers. Thus, in this case using a CA methodology
that permits the estimation of interactions should always
be considered.

In this study, CVA and CBC methodologies did not lead
to similar results due to different importance orders at-
tributes and significant differences across utility level
estimations. Moreover, CBC reflected more capabilities
in finding significant differences within attribute levels
that definitely aided to differentiate the levels that con-
tributed to respondent preferences. Furthermore, the
goodness-of-fit when interactions were significant was
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higherfor CBC, obtaininga model of preferencewith
moreinformation.

Designinga CBC studyis a morecomplextaskthatin-

volvesspecializedsoftwareaid for HB estimationand
extra experimentaldesignknowledgebecauseat does
not only consideratereationof combinationdut also
the designof sets. Consequentlythe study gainsthe
inclusionof significantinteractiongto predictasaccu-
ratelyas possibléheconsumer'preferences.

The HB estimationmethodhelpedthe CBC to obtain
results agnindividuallevel with lessinformationfrom

respondentsThisledto capturemoreheterogeneitgnd
significantinteractionsacross theespondentsyhichis

a positive fact aboutthis method. However,the com-
plexity involvedwith this estimationis highandwithout
thehelpof specializedoftware theestimatiorcouldbe
extensivemeaningthattheiterativeprocesgerformed
is computationallyextensiveand trying to simulateit

cantakelongerperiodsof time andeffort. Thus,using
complexestimationmethodsshouldbe balancedwith

usingspecializedsoftware.

The useof choicesasan elicitation methodinsteadof
ratings,giveslessinformationaboutthe preferenceof
therespondendueto thefactthatchoicesrepresenthe
preferenceof the selecteccombinationin the set,but it
doesnot statehow high or low that preferencas, like
ratingtasksdo. This fact canbe balancedwith higher
samplesizes,asit canbe seenin theresultsof scenario
2, in which a smallersamplesizeled to obtaina lower
goodness-of-fitor CBC.

Thegoodness-of-fibf eachmethodologywvascompared
andanalyzedandhighervalueswereobtainedvhenin-
teractionswere included;thus, CBC performedbetter
dueto the quantityof varianceexplainedby the model,
in contraswith thegoodness-of-fibf the CVA method-
ology. Wheninteractionswere not found, the model
explainedgreatervariancewith the CVA methodology
possiblydueto the randomdesignmethodusedfor es-
timating the Conjoint insteadof the BalanceOverlap
Methodthatis betterat estimatingmaineffects.

In the CVA methodologythe amountof categoriesn
ratingscalecanaffecttheresultsobtainedthus,these-

lection of the categoriess a variableto be considered.

Also, thenumberof tasksthatis directly correlatedvith
the numberof profilestestedcould overwhelmrespon-
dents,thusthe useof fractionalfactorial designshelps
the CVA methodologyin reducingdrasticallythe num-
ber of taskspresentedo respondentso obtain better
results.

Ontheotherhand theconstructiorof setsin CBC dras-
tically reduceshenumberof taskspresentedh contrast
with CVA, thereforereducinga potentialburdenof re-
spondentsHowever,it is importantto mentionthatthe
cognitiveeffort in a choicetaskis greaterthanin arat-
ing task;thereforethis effecthasto be studiedin more
detalil.

Design concerns for the creation of stimuli are a funda-

mental part of any CA study that needs to be completed
to obtain the best possible results. The proper uses of
experimental design tools in each of the design phases
are key for the results gathered.

The results exposed in this study has led to recommend
using CBC methodology, acknowledging the fact that
interactions can not be foreseen, and balancing the com-
plexity involved in HB estimation. An important result

is the capture of heterogeneity in CBC, which means
that the difference across respondents about their pref-
erences was revealed; leading to know which levels in
each attribute contributed more to the preference model.

The results obtained cannot be generalized and the guide-
lines that several authors give should be taken into con-
sideration and analyzed deeply. Nevertheless, the deci-
sion has to be supported on quantitative data, and more
investigation should be encouraged to see the benefits
and drawbacks of using different CA methodologies.
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Supplementary Material
Appendix A: Hierarchical Bayes

Theuseof this Bayesiarstatisticalanalysisis basedon
the BayesTheoremfor conditionalprobabilitiesandit
givesthe capability to updatethe estimationsmadea
priori with informationfrom the data.Only anintuitive
explanatioris givenhere,andfor moreinformationre-
fer to SawtoothSoftwarereferencegor BayesianData
Analysis.

Now, theHB is called“hierarchical’becaus®f thetwo
levelsthatthe estimationhaswhere:

D = A matrix of variancesandcovariancesf thedistri-
butionof partworth across individuals.

At the lower level, oncethe individual’s part worth’s
are given, the probabilitiesthat a respondenthooses
a particularalternativeis assumedo be governedby a
Multinomial Logit Model.

The probability of the ith individual choosingthe kth
alternativein a particulartaskis

etrbBi

3 et

Pk =

where

pr. = The probability of and individual choosing the kth
combination in a particular task.

', = A vector of values describing the jth alternative in
that choice task.

At the higher level the individual's part worth is as-
sumed to be described by a multiva riate normal dis-
tribution.

Bi: Normal(a, D)

where
B; = A vector of part worth for the ith individual.

« = Avector of means of the distribution of individual’s
part worth.

The estimation is an iterative process where the param-
eters are uploaded until convergence of the parameters
are obtained, and it uses a Metropolis Hastings Algo-
rithm which is based on the Markov Chain Monte Carlo
methods used to simulate complex, nonstandard mul-
tivariate distributions according to [28]. As mentioned
before, the introduction of such methods were not possi-
ble due to the computational intensiveness required, but
in the 90’s these type of estimations were beginning to
be developed with the technologic advances made and
now it is used in the present research with the help of
Sawtooth Software. One important aspect to point out
about the HB estimation, has the capability to estimate

individual part-worth for respondents, which was not
possible with MNL or latent class utility estimations by
itself when conducting a CBC; and it is this capability
that permits a more detailed and accurate contrast with
the results obtained from the CVA surveys.

Also, through HB estimation interactions affecting the
utility scores can be measured, which in the context of
this research is valuable to obtain results that could add
information, resulting in a more accurate model.
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Appendix B: Screening Questions Responses

11 SCREENING QUESTIONS  CBCL(n=250) CVAI (n=250) CBCZ (n=150) CVAZ (n=150)

(%) (%) (%) (%)
Male 58 44 52 38
Female 42 56 48 62
Under 18 years old 0 0 0 0
18-24 years old 60 47 69 77
25-29 years old 29 35 11 14
30-34 years old 5 14 6 6
35-39 years old 3 3 7 3
40-44 years old 0 0 6 0
45 years old and older 0 0 0 0
Indicate if you Internet Access 98 97 97 97
or your house Smartphone 79 90 95 81
has the followin Laptop 86 £ 86 91
g
options: None of the 0 0 0 0
Above
Floating floor 29 32 27 34
Parquet 30 32 26 26
Board 17 13 20 20
Indicate what Wooden Stave 2 1 2 0
type of floor has Cer§m|c 27 15 23 19
at home Tlle 32 15 30 31
Vinyl 2 0 0 1
Porcelain /
Marbel 6 7 15 16
Other 0 0 0 0
Do you drink Yes 100 100 100 100
alcoholic No 0 0 0 0
beverages?
In the last week 69 66 61 66
If consumed, In the last two 15 20 26 22
when was the weeks
last time you In the last 16 15 13 12
consumed month
alcohol? More than one 0 0 0 0
month
Would you be Yes 100 100 100 100
willing to try a
new blend of
alcoholic No 0 0 0 0
cocktail?
What are the Bars and discos 76 67 65 70
places where At home 26 24 38 27
you drink Friends home 53 39 69 61
alcohol more Restaurants 21 23 23 16
often? Other 0 2 0 1
Indicate where  V@¥ghborhood 39 24 28 34
do you get shops
alcoholic Super_markets a7 40 61 50
beverages more . Friends 27 22 25 33
frequently Liquor stores 53 52 49 46
Other 2 4 3 3
Do you want to Yes 39 40 42 39
be contacted for
a future No 61 60 68 61

consumer test?
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Appendix C: Utilities Scores for Scenario 1
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Appendix D: Utility Scores for Significant Interactions

Interaction Utilities

Interaction Term Level Interaction Average Utilities
Whisky x Tequila -11.50
Whisky x Vodka 0.92
Whisky x Gin 10.58
Rum x Tequila -20.16
Liquor Type A Liquor Type B Rum x Vodka 16.41
Rum x Gin 3.75
Beer x Tequila 31.67
Beer x Vodka -17.34
Beer x Gin -14.33
Tequila x Tonic Water -17.00
Tequila x Lemon Juice 18.25
Tequila x Lemon Flavored Soda -1.25
Vodka x Tonic Water 10.73
Liguor Type B Solvent Vodka x Lemon Juice -6.44
Vodka x Lemon Flavored Soda -4.29
Gin x Tonic Water 6.27
Gin x Lemon Juice -11.81
Gin x Lemon Flavored Soda 5.55
Tonic Water x Grenadine 7.47
Tonic Water x Energizer -13.00
Tonic Water x Mentha Spicata 5.53
Lemon Juice x Grenadine 10.89
Solvent Touch of Flavor Lemon Juice x Energizer -0.31
Lemon Juice x Mentha Spicata -10.58
Lemon Flavored Soda x Grenadine -18.36
Lemon Flavored Soda x Energizer 13.31

Lemon Flavored Soda x Mentha Spicata 5.05




