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FOREWORD

These procedings are a written report of the nineteenth Sawtooth Software Conference, held
in Park City, Utah, SeptemberiZ30, 2016. Ondwundred fifty attendees participated.

The focus of the Sawtooth Software Conference continues to be quantitative methods in
markeing research. The authors were charged with delivering presentations of value to both the
most sophisticated and least sophisticated attendees. Topics included optimizing the design and
craft of choice/conjoint analysis, surveying on mobile platforms, fixmarket segmentation
and classificationyse of covariates in HBnd advances in market simulations.

The papers and discussant comments are in the words of the authors and very little
copyediting was performed. At the end of each of the papers aregpaphs of the authors and
co-authors. We appreciate their cooperation for these photos! It lends a personal touch and makes
it easier for readers to recognaed greethem at the next conference.

We are grateful to these authors for continuing to ntlailseconference such a valuable event.
We feel that the Sawtooth Software conference fulfills a rpatt mission:

a) It advances our collective knowledge and skills,

b) Independent authors regularly challenge the existing assumptions, research methods, and
our software,

c) It provides an opportunity for the group to renew friendships and network.

We are also especially grateful to the efforts of our steering committee who for many years
have helped this conference be such a success: Christopher Chapma@hkaith Ken Deal,
Joel Huber, and David Lyon.

Sawtooth Software
February, 2017
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SUMMARY OF HNDINGS

The nineteenth Sawtooth Software Conference was held in Park City, Utah, Septémber 28
30, 2016.The summaries below capture some of the main pofritee presentations and provide
a quick overview of the articles available within the 2016 Sawtooth Software Conference
Proceedings.

* The Effects of Incentive Alignment, Realistic Images, Video Instructiog and Ceteris
Paribus Instructions on Willingness to Pay and Price Equilibria(Felix Eggers, University of
Groningen, JohR. Hauser, MIT, and Matthew Selove, Chapman University): The authors
described how the decisions we make as researchers to craft our conjoint analysis surveys (with
realistic imagesvideo, incentive alignment, and appeals to the respondent to assume that the
features are held constant if the attribute is not being shown) can affect price sensitivity,
willingness to pay (WTP), and managerial decisions derived from the reseaegttonducted
an experiment involving choice of smartwatches where respondents were assigned to different
treatment cells that varied the elements of the CBC survey dé&sigruse of high quality
images affected the relative importances and increased thdava@sthetic elements of the
smartwatchThe incentive alignment increased precision of thewarths but interestingly
enough also increased the derived WIte use of the video did not have much impact on the
results other than to add time to theat®urvey length and perhaps increase respondent fatigue.
However, it was pointed out that the aesthetic aspects of smartwatches perhaps did not need such
an elaborate video to explain the features to respondents. The authors concluded by urging the
audierce to pay more attention and put more effort into the craft of conjoint surveys, particularly
if conjoint analysis is used to simulate a maik&sed price.

* Honorable mention based on audience voting.

* How Many Options? Behavioral Responses to Two versuFive Alternatives per
Choice (Martin Meissner, University of Southern Denmiibnash UniversityHarmen
Oppewal, MonaskJniversity and Joel Huber, Duke University): Using dyacking technology,
Martin and his ceauthors conducted a detailed comparisbhow respondents process pairs (2
concepts at a time) vs. quints (5 concepts at a time) for CBC stuidesfound that
respondents viewing pairs tended to pay attention to more attributes (out of the six attributes they
studied) than the respondenitswing quints.The derived importances were more uniform for
pairs compared to quintRespondents viewing pairs tended to move their eyes from left to right
across attribute rows between the concept pairs, whereas respondents evaluating quints more
tendedto move their eyes up and down within concetsspondents evaluating quints tended
toward greater simplification (quickly discarding losing concepts) as key attributes were
identified. Two somewhat unexpected findings from this research were that despggemated the
pairs as more difficult to complete than quiriso, despite the lower statistical efficiency of
pairs, utilities from pairs outperformed those from quints in predicting holdout triies.
authors stated that many consumer decisior(as in FMCG) are better mimicked by showing
a great deal of alternatives on the screen, but that there are many instances where conjoint pairs
can be a good choice for reflecting the decision process and degree of attention to attributes
commensurate witreal world choices.

*Honorable mention based on audience voting.



Findings of the2016Sawtooth Software CBC Modeling Prize CompetitionBryan Orme,
Sawtooth SoftwareRecently, Sawtooth Software held an open CBC modeling competition,
attracting 15 teamt® compete for a $5,000 prizdaji Nassar of Marketing Intelligence and
Research Services won the grand prize and the opportunity to present his model at this
conferenceMany different software systems, models, and model specifications were attempted,
though there was a strong inclination to use HB modéls.best model submitted by any one
team gave a 5% reduction in error (RMSE ofofisample choices) compared to the standard
default approach using Sawt oot hithSandomiredfirst 6s CB
choice (RFC) for choice simulatioh.hi s suggests that Sawtooth Sof
tends to work very well for this kind of CBC problem involving six attributes and vacation cruise
choiceslinterestingly enough, ensembles (simple averaging of predictions) across the teams
performed better than the best solution submitted by any oneTé&held true for either in
sample hit rates or owf-sample share predictiorSimulations on the level of the beta draws
produced nedy identical results (though directionally slightly higher) than simulations using
RFC on the point estimateSlthough the use of ensembles could mean the difference between
winning and losing a predictive modeling competition like this, Bryan wondegeddiag the
practicality of using ensembles in consulting practice to achieve the modesiTtairesis a
great deal of effort involved in generating the number of both diverse and high quality models
needed for successful ensemblésless that could soamow be automated, it may be too much
to undertake for typical client work.

The Winning Choice Model: A SemiCompensatory One(Naji Nassar, MIReB Naji
described the approach he took to build his winning model for the 2016 Sawtooth Software CBC
Modeling pize.First, he examined the means and distributions of choices using counting
analysisUsing GAUSS, he developed an HB model that employed a Fuzzy Consideration Set
approach a semicompensatory choice model that reduces IIA problé&mag.hypothesized tht
respondents might form consideration sets based on the cruise destination attribute and the
overall cost (the budget) for the cruise vacatida.wrote a custom likelihood function to
multiply the probability of selecting the destination x budget xptiebability of selecting the
alternative according to the logit rule based on all six attribMasalso employed logical
utility constraints for some of the attributes.

Using Bayesd6 Theorem to Adjust Si muDaaded Pre
Bakken, Foreseeable Futures Group): Conjoint researchers often find themselves looking to
external effect adjustments to bring simulated shares of preference better in line with real market
sharesDavid described previous efforts, including methods émoanting for product
distribution and awarenedde then proposed an approach based on Bayes theorem that applies
the known market share (or shares of preference from previous related conjoint research) as a
prior. If applying market share as aprior, bad 6s approach offers anothe
revealed and stated choice d&ta.demonstrated the result of the adjustments for real case
studies involving home improvement/building products and health insuNiace series of
market simulation resultbe demonstrated that the Bayesian adjustment to shares has stable
properties and face validitipavid recommends the use of the Bayesian adjustment to shares if
information about distribution and awareness or sales force effectiveness is uakaiogvif
you have solid information to apply as a prior, such as market share or shares of preference from
multiple previous related studies.



Mobile MaxDiff: What Are the Optimal Number of Attributes, Screens, and Level of
Information Complexity? (Michael Patterson, &lius Global Market Research, and Michael
Smith, MFour): The authors revisited the question of how many items per set and number of sets
for MaxDiff can be done effectively, but within the contemporary context of mobile
interviewing.Mobile surveys oftemake up around 20% to 30% of completed surveys in
developed countrie®ut, mobile is also associated with smaller screens and lower attention
spansPrevious research at this conference has suggested that 4 or 5 items per screen is optimal
and that interiewing on mobile is a viable option to fixed platform interviewing for MaxDiff.
The authors devised a sptiample experiment to test if using 4 to 5 items per screen continues to
be good advice for mobil e MaxDi ffpaseuwhigheys ( s a
involved both smartphone and tablet useFbey also manipulated the overall length of the
MaxDiff survey and tested whether the length of the item descriptions (short or somewhat long)
affected the quality of the resuli®hey found that showwg 7 instead of either 3 or 5 items per
task resulted in greater abandonment rates and lower internal védidésall, the results were
quite robust to the different treatmerfsill, their research tends to confirm that showing 3 to 5
items works a bibetter than 7 items per sBlot surprisingly, shorter questionnaires are
associated with lower abandonment rates.

Choice-Based Conjoint in a Mobile Worldd How Far Can We Go?(Chris Moore and
Chrisian Neuerburg, GfiK Given that completion of CBC survega mobile devices is now
guite common, Chris and Christian conducted an ambitiousssliple experiment to test
different ways of programming and setting up CBC surveys on mobile and to compare
degradation in responses (if any) to CBC implementatiomaaile devicesThey programmed
the surveys using different software platforms to test whether layouts that were responsive to
mobile screens and orientation (respondents rotating theirieddlevices for portrait vs.
landscape display) could affecetljuality of the result©ne of the surprises to the sponsors of
the research was that mobile respondents tended to take surveys in quite a similar environment as
for laptop/desktop responders: the vast majority at home and in a quiet/relaxed environment.
However, the composition of mobitemmpleted surveys tended to skew younger and more
female.Even the most demanding survey designs in the experiment (17 tasks, 10 attributes with
not overly wordy text) still worked quite well in mobile, with very litdelf-reported difficulty
or degradation in the survey experiereairs and triples tended to work best across all platforms
and the authors recommended leaning toward asking more rather than fewer tasks whenever
possible.

Can Adaptive MaxDiff Provide Better Results than Standard MaxDiff?(Howard
Firestone, RTResearch): Adaptive forms of MaxDiff arrange items within sets based on
respondent s 6 Byreterimgdaopsor chaiceswbettersitems can be compared
against better items and worse itevessus worse items in subsequent MaxDiff séteh a
design, Howard argued, not only can be more discriminating at the individual level for
measuring the items at the best and worst ends of the dimensions, but the interview can be
shorter for the respoedt and the process more compelling for the clidotvard conducted a
split-sample test where respondents received one of four different versions of MaxDiff
guestionnaires: some nadaptive standard approaches and some adaptive appradeahes.
adaptive MixDiff cells led to greater discrimination among the items compared to the non
adaptive MaxDiff questionnaire§he predictions of holdout questions for the adaptive MaxDiff
designs were comparable to the standard MaxDiff apprétmiard pointed out thahe



disadvantages of the adaptive MaxDiff approach include more programming expertise and data
preparation time.

Comparing Two Methods to Estimate Missing Maximum Difference Utilities(Kelsey
White andPaul Johnson,S): When working with a great deal iéms in MaxDiff, some
approaches (such as Express MaxDiff) lead to missing data (no information on certain items) for
subsets of respondenBaul and Kelsey designed an experiment that purposefully led to many
missing evaluations of items at the indivadilevel. They implemented a first series of MaxDiff
guestions (not covering all the 200 items) and then asked (in multiple rounds) if respondents
wanted to continue answering more questi®egarding analysis, HB estimation for Express
MaxDiff imputes iem scores at the individual level for missing items by taking draws from the
upper level (the population means and covarian&sas)l and Kelsey compared that approach to
an EM algorithm informed only by the nonissing individuallevel HB scores: they thw out
the HB scores for the imputed items at the respondent level and then used EM to impute new
scoresThe subject of the study was a large MaxDiff study: 200 items representing statements
that presidential candidate Donald Trump has matithe aggregte analysis, the scores
imputed using HB and EM were nearly identical, leading to an aggregate correlation of nearly
1.0.Segmenting respondents by stated party affiliation and comparing the scores also led to
extremely similar conclusions, regardlesswbiether the imputation was done via HB or EM.
Paul and Kelsey followed up with some of the same respondents a few months later to ask
additional MaxDiff questions on items not seen by these respondents in the first wave of
interviewing.They compared thenputed scores with the followp MaxDiff scores on the
previously missing itemdHit rates at the individual level were essentially the same for HB and
EM.

The Resear cher dherlLédkat thedlmpact of Barge-8cale Choice
Exercises(Mike Serpetti, Claire Gilbert, Gongpand Megan Peitz, Sawtooth Software):
MaxDiff has become extremely popular for placing multiple items on a common measurement
scale and achieving enhanced discrimination compared to other item measurement approaches.
However clients often demand a great number of items for MaxDiff stutilesauthors
described a sphsample experiment in which respondents received one of six different large
MaxDiff tasks.They compared Sparse MaxDiff, Express MaxDiff, and versions thatded
anchor questions or n@dome respondents saw as many as 60 MaxDiff screens (sets) whereas
other respondents saw 30 or 18 sBfmarse MaxDiff approaches tended to do a bit better than
Express MaxDiff in predi cTheyfoundthabfbr despandents e s p ond
receiving 60 sets, the first 30 sets performed nearly as well as using all Glheets.
demonstrates sharply diminishing returns for asking respondents extremely long MaxDiff
guestionnairesl he authors also reported that shaywaspondents their scores in real time at the
end of the survey tended to increase respondent satisfaction with the survey.

*Naive Bayes Classifiers, or How to Classify via MaxDiff without Doing MaxDiff(David
Lyon, Aurora Market Modeling): Although theard naive often connotes overly simplistic or
bad, David pointed out that in statistics and for classification problems, naive Bayes classifiers
are very easy to implement and that they can work surprisinglyAwgedl.first step, David
showed how using siple crosgab data on categorical survey questions and by applying
Bayesian logic one can assign new respondents into any existing segment stldeme. so,
the researcher assumes independence of the predictor variables and multiplies the likdlihoods o
observing the categories of the predictor variable given segment membership by the expected

Vi



segment size (which serves as a Bayesian prior) to find the posterior likelihood of belonging to
each groupEntirely aside from MaxDiff, naive Bayes can be aegakpurpose typing tool.

Upon that logical foundation, David described how to incorporate MaxDiff questions into a
typing tool as welllf the original segmentation scheme was based on MaxDiff, adding MaxDiff
tasks to the typing tool helps accuracy coesably.With MaxDiff tasks, one extends the naive
Bayes classifiers by continuing to multiply across the likelihood that we would see respondents
within each segment answer the MaxDiff questions in the manner that the new respondent taking
the typing toolquestionnaire didDavid then described analytical and search approaches to find
MaxDiff typing questionnaires that employ relatively few MaxDiff questidtes demonstrated

using real case studies how successful MaxDiff typing tool questions (with méaw or

guestions) can be for assigning new respondents to an existing segmentation scheme.

*Best paper award based on audience voting.

Typing Tools in the Context of Choice ExperimentgLech Komendant, I1QS): Lech
described different typing tool strategies étassifying new respondents based on an existing
segmentation scheme (where that segmentation scheme could have been developed from
MaxDiff, CBC, ACBC, or another preference measurement techniglegfocused on three
main strategies: 1) pairwise classiB, 2) full rankings classifiers (multinomial regression based
on ranks), 3) naive Bayes tailored for MaxDiff, and 4) naive Bayes tailored for MaxDiff plus an
adaptive questioning component to potentially boost classification suteebsused simulated
respondent data (based on segments developed from real data and intivieludB
parameters) to test the different approachiesconcluded that all four approaches can be useful,
but naive Bayes and the rankings classifier were theHelsting the nmber of typing tool
tasks constant, including more items or profiles per task improves the results (but at the cost of
longer completion time)he adaptive approach was not especially successful: it required a great
deal more programming effort and ledotaly modest gains.

Full-Flavoured HB: BYO Data in the Upper Model (Jane Tang, Rosanna Mau,
MARU/Matchbox and Mona Foss, Bootstrap Analytics): Jane and hautwors pointed out
that BYO (buildyourown configurator) questions are somewhat commamaduct
devel opment research and are even a standard
tool. Previous research on BYO questions has found that they can be useful as a
training/education tool prior to conjoint questions, they encourage respsnddocus on each
attribute, and they can potentially impact derived price sensitivity in the subsequent conjoint
exerciseRather than throw the BYO data away or encode the responses into the choice data, the
authors included the BYO responses as catesiin the uppdevel HB modelCovariates are
most useful if they relate to attribute preferences and BYO questions on the conjoint attributes
would seem by definition to fit that requiremedane and her eauthors showed how BYO
guestions as covarig affected the results for three real studies: one MaxDiff and two CBC
studies.They found that the use of BYO as covariates adds nuanced, subtle, yet meaningful
variation t o tworth utlites® g captues gréeatdhetpr@geneity andhigit
words brought out RebaedingiwhetHed usirfg B¥Ovqaestiorsaso f HB.
covariates improves the predictive validity of the models, they found only modest evidence of
this and suggested it depends on the amount of heterogeneity in tk@iskgeeement across
respondents)he more disagreement, the more opportunity there is for predictive gain by
employing BYO questions as covariatéke use of BYO questions in the upgerel HB model
provides a readynade solution for generalizationficture sampleslhe BYO questions
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themselves become the fAgoldend questions that
respondents allowing researchers to apply the HB model to the new sample without the
conjoint exercise.

Simulating from HB Upper Level Model (Peter Kurz, TNSnfratestand Stefan Binner,
BMS Marketing Research + Strategy): Over the last few years, a few leading researchers and
academics have suggested that some conjoint analysis situations are bettdryseoweldicting
market simulationsising only the uppedevel HB parameters (influenced by high quality
covariates) and by actually ignoring the lovi@rel individuatlevel dataPeter and Stefan
described how simulating from the upper level involves generating respondent agents whose
chaacteristics are drawn from the respondeht®y analyzed six CBC studies and compared
the results of simulating based on a) respontim point estimates, b) the respondievel
draws, and c) simulating from the upgevel model (based on tip@pulation means and
covariances)They reported mixed results regarding whether simulating from the upper level or
the lower level provided better predictions of holdouts (eithsample or oubf-sample)But,
for projects involving product configurati (where the authors hypothesize that there is more
uncertainty due to the large number of attributes and levels) the-leppemodel performed
better for outof-sample holdout prediction§he authors concluded that when the conjoint study
is complex ad the sample size is relatively small, investment in obtaining good covariates for
use in uppeftevel model simulations could be a valuable path.

Mapping Attribute Non -Attendance (Keith Chrzan, Sawtooth Softwaaed Joseph White,
MaritzCX): Respondents tconjoint surveys do not always pay attention to all the attributes,
Keith and Joseph explainethey also pointed out that buyers in the real world also may not pay
attention to all attributesNumerous approaches have been proposed for measuring attrdmut
attendance (the act of ignoring certain attributes), including statedirasaderived measures,
and eyetracking.Keith and Joseph used a threshold of importance approach (via a coefficient of
variation hurdle) based on individdialvel parameterstimation to infer the degree of non
attendance and then examined a number of commercial conjoint data sets regarding that measure.
They found that attribute nesittendance was more prevalent in-fuibfile CBC and less
prevalent in ACBC, besworst conjant (BW Case II), and partigdrofile CBC.Keith and Joseph
experimented with neattendance indicators as covariates in HB, but saw little to no
improvement in terms of model fitvhy worry about attribute neattendance?he authors
suggested that certadeliverables such as willingness to pay can be strongly affected by non
attendanceAlso, researchers should think carefully regarding how much attribute non
attendance exists in the reabrld buying decision and to choose a conjoint analysis approach
that closely mimics and encourages similar choice behavior.

Using Discrete Choice to Help Individualize Customer Lifetime Valu€Michael Smith,
Michael Remington, and Michael Drago, The Modellers): Following recent papers and tutorials
by academics such &eter Fader, clients often prefer market segmentations that will help them
focus their energy and advertising dollars on buyers who represent higher potential lifetime
value.Michael and his c@uthors explained that despite the appeal of these approtehes,
typically focus on aggregate level models and informafitvey proposed a way to use CBC to
compute customer lifetime value at the individual leVelillustrate their approach, the authors
described a case study involving a professional sportswé® wanted to incorporate customer
lifetime value into a segmentation studifae discrete choice study explored respondent reactions
to different motivations for their spending behavior (ticket prices, promotions, strength of
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schedule, preferred daystbe week to attend games, etc.), allowing the researchers to forecast
future spending behaviofrhe CBC task mimicked the look of a website where a person chooses
a seat in a stadium and purchases a certain volume of ti€ketauthors included other key

pieces of information for targeting respondents in the survey to make the segmentation on
lifetime value more actionable to the marketing departniMike and his ceauthors used the

results to score a database of existing customers into the differergrgsd hey also developed

a typing tool for assigning new additions to the database into the segments.

MTurk Survey Deception: Sources, Risks, and Remedid&athryn SharpeNessling,
Wharton SchoolJoel Huber, Duke UniversitgndOded NetzerColumbiaUniversity): Kathryn
andherceut hors related how common it is for acad
(MTurk), an online crowdsourcing labor market used for (among other tasks) completing social
and market research survegdthough the demographicd MTurk respondents are loosely
representative of the general population, the age skews a bit yoangeiifanMTurk sample
i snét perfectly representative, Kat hryn expl a
easier way for researchers tdlect data compared to a professional panel comiurty.
cheating and deception can be a concern within MTurk, particularly when it comes to selecting
subpopulations from the Mirk community. With multiple online communities providing tips for
fell okwerisTwmrt o qualify for the highest paying ¢
through the screener questions, and pass consistency traps Turkers can easily impersonate to
maximize their payouKathryn and her cauthors developed a series oegtionnaires to
guantify the degree of deception and found some concerning ré&atler than deceivers just
increasing the noise in survey responses, the authors showed that they systematically bias the
responses to survey questions, including conpatlysis Moreover, deceivers oweeport
ownership or interest in any category that they think the researcher is screenihgyalso
tend to undeuse the None category in CBC questidfathryn and her cauthors
recommended that researchers whottamse Mur k devel op their own par
that they conduct their screening questions outside the primary survey, and that they monitor
MTurk online communities during data collection to be on the lookout for collaborative cheating
behaviorKathryn recommended that professional panel companies, who may be losing survey
business to the advent and popularity dfuvk, have the opportunity to innovate, by automating
the panel quote process, reducing the speed to completion, and simplifyiagkibadpayment
process in order to compete with the MTurk platform. Given the issues Witink\deception,
professional panel companies can justify charging a premium, although the prices of professional
panel companies are still relatively too high to pete with a Murk sample.

Process Tracing: A New Tool for Modeling Physician Treatment AlgorithmgStephen
Bell and Douglas WillsorA+A Bell Falla): Many research studies aim to understand how
physicians make treatment decisions for specific patientsgaartain health circumstances.
Although conjoint analysis has been used for this purpose, Stephen and Douglas described a
related but staged approach called process tracing (versions of which have been available to
researchers since the 1970s,,@ormation boards)\With process tracing, doctors are asked to
make a decision regarding how to treat a pat.i
information.Rather than give all the information upfront about the patient (and/or the treatment
characteistics) they are shown a number of attributes that are initially blank (as if they were
information cards that had been flippedovérh e attri butes are | abel ed
pa i ent , 0 fApat ete)mdtthelevel corresgonding tatpatientds only seen if the
doctor clicks on t he &ftettheiddctorthas tutned ovetenough t he ¢



cards to gain enough information such that they are confident making a decision, the choice is
made and the next task is shovn.ordered sequence of diagnostic steps (often following a
treebased hierarchy decision process) is common to doctors and encouraged in their medical
training. Stephen and Douglas explained that this heuristic process seems quite natural for
doctors to follev and is therefore realistic for understanding their decision makRiny. to
constructing a process tracing survey, upfront qualitative work is usually required to understand
the key attributes involved and the language the doctorfKegarding the amgsis of the

process tracing survey data, multinomial logit (estimated via HB) may be used to model the
heuristic decision process and build choice simulators similar to conjoint an@lysis.

importance scores tend to be quite similar between CBC antpéesieverseanking score for
attributes chosen (uncovered) by the physician respondents.

Let 6s Take NUOalenes Bomal @zars anyg Peter Kurz, TNS): Ula and her
co-authors reviewed the various ways that have been proposed to elicitrtbedsponse,
including standard, duaiesponse None {goint and 5point variations), and follovap purchase
intent questionsAlthough many researchers have begun to favor therdapbnse None, the
authors point out that this approach is not withoupiitdlems, one of which is that they argue
that it just feels unnatural to respondeht& and her cauthors created a spgample study to
test four different ways of asking the None alternative: traditional;régglonse, reversed dual
response, angladitional None with followup product selectioWvith the reversed dual
response, respondents are shown a CBC task with multiple product concepts and are first asked if
they would purchase any of the products (yesMo)matter whether they say yes ar, they are
then asked which of the products they would be most likely to purcRasearaditional None
with follow-up product selection only triggers a follay question if respondents pick the None
alternativeIn that case, they are shown the produtcepts they just had seen and asked which
of these they would be most likely to purchadee authors found that respondents tended to like
the traditional None a bit more than the other approaches (result not significant) and that the
reversed dual respse was preferred a bit more compared to the dual responseliNenese of
the None was highest in the reversed daaponse None format and least in the traditional None
with follow-up.

* The Art and Science of Nested Logit: Case Studies from Modelinglany SKUs (Kevin
Lattery, SKIM Group): Especially in FMCG studies involving many SKUs on the shelf, there are
competitive (differential sourcing) effects that may not be captured well with logit models
operating under the IIA (independence from irreleadt@rnatives) assumptio@ften the same
brand with multiple SKUs will see its new (or improved) new offerings compete more heavily
with its existing offeringsOftentimes competition is enhanced among SKUs within the same
package siz&Although individuatlevel models under HB helps alleviate some of these concerns,
the larger the models (the more parameters) and the more sparse the data, the greater the
problems that remain with proper substitution and sourcing of volkien described how
nested logiprovides a framework for allowing the researcher to specify that certain groups of
product alternatives (nests) compete more heavily within the nests than between the nests.
Furthermore, nested logit provides a way to estimate that degree of competitreta(on)
among alternatives within the negtiow to choose the nests is a challenge and Kevin
demonstrated a counting approach (computing the overlap between pairs of SKUs) followed by a
hierarchical clustering to help the researcher develop hypotrezsasling appropriate nesting
structuresKevin recommended testing different nesting structures with an aggregate nested logit
model , then pruning nes Eaofindl maelingdkevindecomsnendsm t o



using nested forms of latentsk or HB (he suggested R packages for this), though there are
challenges involved in model specification, convergence, and time to run the models.

* Honorable mention based on audience voting.

Mining and Organizing User-Generated Content to Identify Attributes and Attribute
Levels(Artem Timoshenko and Joli Hauser, MIT Sloan School of Management): Although
conjoint analysis has been successful in many applications, the challenge always facing the
researcher is how to select the right attributeslewels for the studyArtem and John reviewed
common approaches, including expert opinion, competitive research on the internet, reviewing
usergenerated content (UGC) in the form of customer reviews, or +iees#sl approaches
which translate customer neeihto attributesThe hurdle with UGC is the shear amount of
information which can sometimes involve gigabytes of typed langUagdentify customer
needs from UGC, the authors designed a machine learning approach based on Convolutional
Neural Network§CNN) and dense sentence representations to identify informative content and
sample a diverse and extremely reduced subset of the content for humans to theiiieview.
authors compared how many unique customer needs could be identified if humans randomly
sampled sentences to process and code manually as opposed to letting machine learning methods
screen down the phrases for further human reviéey found that the machine learniagled
process was substantially more efficient and consistently led toveiscof more unique
customer need3he authors concluded by suggesting that future improvements may involve
completely automating all aspects of the maciéaening algorithm so that no human
intervention is needed.

What a Difference Design MakegKarenBuros, Radius GMRand Jeremy Christman,
Procer & Gamble): Karen and Jeremy described the challenges and successes they encountered
when using a menbased choice approach to understand how buyers purchase products within a
personal care categoifyhe poduct category involved three compatible product types (cleansing,
finishing, and remedial) which consumers regularly use on all or single occasions, three major
brands, and many overlapping benefRespondents were shown a subset (22) of the 86
differert products in each of 12 choice tasks and could realéct as many or as few as they
wanted to choose within each ta$ke authors initially built 86 separate bindogit HB models
with ASCs and all significant crosdfects, but faced some challenggesting predictions from
the resulting market simulator that could reasonably match raw counCitzdaing the data of
respondents who answered in clearly illogical ways, pruning the model to only involve the most
significant crosseffects, and constraimy the signs of those cross effects all seemed to Betp.
the biggest breakthrough in bringing the market simulator in line with the raw counts data was to
recognize how much extrapolation was involved if building a simulator that assumed that all 86
items were being shown at once, when the data generation process involved respondents only
ever seeing 22 items at a tingubsequent refinements involved collapsing the design space
from 86 total items into smaller factors to test the specific hypothésles researctKaren and
Jeremy emphasized the importance of taking enough time totakel¢he necessary steps to do
the job right for complex MBC studies like these.

Explaining Preference Heterogeneity with Mixed Membership ModelingMarc R.
Dotson, Bigham Young UniversityJoachim Bischken, Catholic University of Eichstatt
Ingolstadt, and Greg M. Allenb@hio State University)Marc and his cauthors acknowledged
that finding covariates that are predictive of paorths is challenging, but eviderttéhat more
could be done to include more covariates in HB modeling of choice data via dimension reduction

Xi



in the covariates by accounting for-cocurencesThey described a dataset where respondents
had completed a pick any/j questions regarding thefiisrihat respondents believe robotic
vacuums could bring them, followed by a standard CBC questionnaire on robotic vacuums.
Rather than use all 18 benefit items as binary covariates in the model, they utilized a grade of
membership model (GoMThe GoM dlows data reduction into various latent factors and the
computation of a membership vector (loadings on the latent dimensions) for each respondent.
What makes the data GoM reduction technique different from other approaches is that it
uncovers extreme pierence profiles (similar to archetype analysis) rather than summary
profiles more representative of the means of latent dimensions. Marc aneghithocs found

that the use of the GoM membership vector as covariates in HB estimation could improve the in
sample fit of the data as well as the-otisample hit rate for holdouts.

Xii
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ABSTRACT

We describe how craft in conjoint analysis survegsl(stic imagesncentive alignment,
training videos, and ceteris paribus instructioafégct both accuracy (relative panorths) and
precision (scale of the pantorths). Accuracy and precision, in turn, affect estimations of
willingness to pay (WTPandpredictions of marke¢quilibrium pricesand profits for various
A whiaft 0 s ¢ eanagarialeza@nmenilktions, which attribute levels to include in a product
and how to price a produatary dramatically depending upon the craft of the study. When used
in litigation, craft also affects the @siated value of copyrights and patents. To demonstrate the
effect of craft, weeonducted an experime(@martwatch application) in which we systematically
varied different drivers of craffhe use ofealisticimagesincreased accuracy and precision.
Incentive alignment increased precision, but not accuracy. Neither training videos, nor ceteris
paribus instructions had a positive effect. In fact, training videos reduced precision substantially
because the weaut effect (for our data) overwhelmed thenirag effect. The effect of craft on
accuracy and precision had dramatic effects on estimations of WTP and equilibrium prices and
profits. Managerial recommendations depended critically on craft as well as whether precision
was based on the estimation datadjusted for external validity. Craft matters! Defaults are not
sufficient and could lead to incorrect recommendations and valuations.

This paper summarizes results from Eggers, Hauser and Selove (2016). All copyrights remain
with the original papemvhich provides much greater detail. Nerclusive permission is given to
Sawtooth Software to publish this paper.

MOTIVATION

Modern conjointanalysis has been successful in the sense that it is now relatively easy to
implement a conjoindnalysis study. Fo exampl e, students using Saw!
package can create conjoartalysis designs and questionnaires within minutes with sitaple
understand poiréindclick methods. Although pictures and animations are feasible, the default in
most softvare packages is that profiles are described using plain text. Furthermore, advanced
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methods such as incentive alignment and instructional videos are difficult and expensive to
implement. Not surprisingly, many conjoint studies rely on defaults. But toesgter? Does
Acrafto matter?

Every day, both academics and practitioners makevsolenefits decisions about how to
implement a conjoindnalysis study. Higher craft, e.g., more realistic pictures or animations, are
often expensive and tirmnsumingWe would like to know whether the additional cost is
justified. For example, are managerial recommendations sensitive to craft decisions such as the
selection of images for products and attributes, the use of incentive alignment, the use of video
instruct ons, enhanced instructi on sresponseformatgthd el se
number of alternatives in a choice set, the number of choice sets, the inclusion of attributes that
describe the product in question but are not of manageria¢sttetc.?

The question ofraftis extremely important. Not only are there roughdy0O00conjoint
analysisapplications per year (Orme 2009, p. 120t conjoint analysis is now being used to
value copyrights and patents, often resulting in judgmentgihundreds of millions of dollars
(Canreron, Cragg, and McFadden 2013). Through theory and empirical examples, we
demonstrate that craft does matter. Craft affects pricing decisions, strategic decisions on which
attributes to include in a new productegictions of market response, predictions of profits due
to managerial actions, and the valuations attached to copyrights and patents.

CRAFTAFFECT80OTHACCURACY AND PRECISION

For the purposes of this paper, we distinguish two aspects of a canjalpés study that
might be affected by craft: accuracy and precision. We call a coajoahysis studwaccurateif
it estimates the correatlative partworths. We call a conjoirgnalysis studyreciseif it
estimates the correct scale, that is, the coalesblutemagnitudes of thpartworths.Precision
measurs the signato-noise ratigp becausé& compares that which is explained by the attributes
in the @njoint design to that which remainsise (the error term).

To define accuracy and precision mathematically, consider the standard logit model that is
used in mosthoicebasedconjoint analyses. For ease of exposition, we write the equation for
binary attributes and for dumnwariable coding. The concepts applyeftects coding and to
multi-level attributes. Indeed, our empirical example includes ahewkl attribute.

Let6 beconsumel@s uti |l ity fQiet] e abuhancidicaprfa he | e
attribute such that pifattribute’@ s at its f@Ahi gandr 0o mifevel for
attribbute’ @ s at i ts Al oWerAd tlheowealh fwer sparyo fiiihliegher o ¢
require that the higher level be preferred to the lower level, or that the ordering sfisete
same across consumer s. For e x acuolprédegroductand f hi gh

the Al ower 0 | eoolerédpnodud. hef)y bédtiee price apsodiated with flae
product profile.

To fully specify the utility functionwe defind asconsumeé@ s ( r avarthfop ar t
attribute’ A hi gher 0 v s— asihé weighd fordprice, aid ad ahn i.i.d. Gumbel
distributed error term. Assume there @rattributes. Utility for théQ product profile
specified as:
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The logit modepredicts the probability) , that consumetzhooses th& product profile
for a choice set consisting bproduct profiles. In this equation, we &et denotethe utility of
the nechoice option.
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Following McFadden (2014), we rescale utility to include a scale fact@uch that the
relative weight on price ig8t In this formulation, as interpreted by McFadden (2014); thé s
are the amounts that respondést willing to pay (WTP) for moving attribut@from its
Al ower o | evel to its Ahighero | evel. ol f the
that the WTP does not depend upon
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QB » ®Q

C

3)

B,

We callr the precision (for consumé&k In the conjoint analysis literaturfe, is sometimes
call ed thre. dgisTlad eb d saicd esdange, thenghe standard tddviatibn of tie
error term is small compared to the magnitude of thevparths. A smalfelativeerror term
means that the CBC |l ogit model pr(&asayct s mor e
Arel ativeo because, i n ingasmetetsdoy pattwoshs.dlus f i cat i
the standard deviation of the error term is not identified independently of theqréns only
the relative magnitude of the error term is ideadf)

We illustrate accuracy and precision with Table 1. Consider a conjoint design with three
binary attributes and price. Suppose that the true rawnmaths represent how consumers
actually behave in the marketplace when making choices among prodsctibed by these
three attributes and price. (The error term includes all unmodeled effects including attributes that
are not accounted for and any inherent uncertainty in consumer choice.) Thegerfrertare
shown in the first column of data in Taldle

Table 1. lllustration of Precision and Accuracy

Attribute 1 1.0 2.0 0.50 2.0
Attribute 2 2.0 1.0 1.00 4.0
Attribute 3 05 0.5 0.25 1.0
Price 1.0 1.0 0.50 2.0



Suppose that westimate a model that has roughly the same magnitude ekp#fts, but it
switches the importances of attributes 1 and 2. We say that such a model has lower aduracy (2
column of data). Suppose we estimate a model that getaailVe partworths corect, but has a
lower scale. We say that such a model is accurate but less prétissu@n of data). Finally,
the last column of data illustrates a model that is accurate but appears (to the analyst) more
precise than truth.

Equation 3 is a useful thezgical definition of precision, but, in a population of consumers
we might prefer a definition of precision that takes into account the fact that both the relative
partworths] 6s) and théspreaigiownesr (r espdelswtrent s. Th
variation is an important advantage of advanced models such as hierarchical Bayes or empirical
Bayes.When parworths vary or when accuracy differs between studiestter empirical
measure of the precision is the average of tees p o n dneofralbssiude attribute importances
(Arora and Huber 2001We use that measure in our empirical comparisons throughout this
paper.

Having defined accuracy (relative paworths) and precision (scale factor), we now
hypothesize that craft affects both amel hypothesize that both accuracy and precision affect
managerial recommendations. We illustrate these hypotheses in Figure 1.

Figure 1. Hypotheses: Craft Affects Managerial Recommendations
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PRECISON AFFECT$RICESENSITIVITYWHICH, IN TURN, AFFECT$’REDICTEOMARKEF
EQUILIBRIUMPRICES AND THESTRATEGICSELECTION OFATTRIBUTES FAPRODUCTS

When true precision is higher, consumer choices are more sensitive to changes in attributes
or prices. We illustrate this phenomena in Figure 2 where we use Exiet tbe logit
probabilities,d , as a function of prices)( for lower precision|( ) and for higher
precision { ). When precision is lower, as in the solid line in Figure 2, choice probabilities
change more slowly as priceastges. The curve is much flatter, almost a straight line. However,
when precision is higher, as in the dotted line in Figure 2, choice probabilities change more
quickly as price changes. The curve is much steeper. For sufficiently high precistohty),
the logit model acts like a firsthoice model (a step function).



Figure 2. Higher Precision Means Greater Price Sensitivity
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consumef@s WT P f 0Qis the telativei pdwiwotthe{ ). Ifthef 6s are incorrect
the estimate of WTP will be incorrect. While WTP is not market price (Orme 2009, p. 87), WTP

is valuable in its own right. For example, when Polaroid launtieedZone camera it was able

to determine that consumers would pay, on average, close to $10 for interchangeable camera

cover® a feature that cost but pennies to produce. On the other hand, it learned that consumers

were unwilling, on average, to pay anyevl near the cost necessary for the iZone camera to

produce higheresolution photographs. (The iZone camera was targeted to kids and produced
postagestampsized instant pictures.) Polaroid included interchangeable camera covers, but not
higherresolutioncapability (McArdle 2000). Similarly, when valuing patents, the marketing

expert is often asked to provide WTP estimate
data with WTP to arrive at valuations (McFadden 2014; Mintz 2012).

Market Equilibrium -Price

After a conjoint analysis model is estimated, the relativeparths and precisions can be
used in a choice simulator. Choice simulators predict how aggregates of consumers (the market
and/or market segments) react to changes in attributes or prieebydit al. (2014) propose that
conjointanalysis market simulations be used to compute Nash equilibrium prices. They further
propose that the courts rely on the marketing expert to be both a marketing expert and a damages
expert by estimating the changeNash equilibrium prices due to a patent. They propose that the
output of the conjoint analysis simulator for a product with the patented feature be compared to
the output of the conjoint analysis simulator for a product without the patented feature.

Thesame methods, as those proposed by Allestlal, can be used to predict how the

mar ket wi || react to the introduction of a ne
levels. If costs are known, the simulator can predict profits for the newgirodfor a change in
a productodés attribute | evels. The anal ysis co

hypothesized to respond to a new product by changing their attribute levels. For example, if
BMW introduces adaptive cruise control, weght expect Audi, Mercedes, and Lexus to



respond by introducing their own versions of adaptive cruise control. (By the way, this has
already happened.)

As illustrated in Figure 2 (for price), predictions of consumer price response depend upon
precision. Tis sensitivity to precision is particularly critical if the simulator is used to predict
equilibrium prices. For example, Hauser, Eggers, and Selove (2016) illustrate the sensitivity of
equilibrium prices to precision with a simple tgegment model in wbh the relative part
worths and precisions are homogeneous within segment (but not between segments). They then
vary precision and compute the Nash equilibrium prices. These prices are shown in Table 2.
Notice that equilibrium prices vary dramatically otlee range of precisions that we might
expect in empirical conjoint analysis studies.

Table 2. Precision Affects Equilibrium Prices

0.5 2.59
1.0 1.42
2.0 0.92
3.0 0.82
4.0 0.79
5.0 0.78

In Table 2, the equilibrium prices vary from under 1.0 currency unit to over 2.5 currency
units. This could have a dramatic effect on whether or not a product is launched or in the
valuation of a copyright or patent. In a typipatent case, such a difference in equilibrium prices
(with and without a patented feature) could mean a difference in valuation in the hundreds of
millions, or even billions, of dollars. For example, Apple has sold over 800 million iPhones. If
the differere in price due to a patented feature swung from $10 to $25 due to precision, that
would imply a difference in valuation of $12 billion. (These prices are the equilibrium prices, not
the differences in equilibrium prices. Estimating differences requidis@thl simulations, but
the point is made. Prices depend dramatically on precision.)

If craft affects precision, then clearly craft matters for predicting price and profits, whether it
be for a newly designed pr odasgcotduetaapatbnteediare i n
copyrighted feature. It is, of course, obvious that accuracy affects WTP and hence also affects
predicted equilibrium prices and profits.

Strategic Recommendations for the Attribute Levels of a Product

Suppose that more consara prefer a silvecolored watch to a goldolored watch than vice
versa. An innovator of smartwatches, facing no competition (and limited to one color) might
introduce a silvecolored smartwatch. Even if the innovator is anticipating a competitor, the
innovator might try to preempt co+ogoeetii ti on and
smartwatch. In practice, such strategic positioning decisions are usually made on product
Apositionso that are difficult campetittmidych. For
positioning themselves asthebesa st i ng water filters. 't 6s com



differentiated the market by positioning itself as healthy. The market was also differentiated on
attributes, with Brita dominating pitchahlérs and PUR dominating faucet filters.

A follower now has a choice. If the follower ignores the fact that the innovator is marketing a
silver-colored smartwatch, the follower might be tempted to introduce a-sitered
smartwatch. For example, thdléaver might use a conjoint analysis simulator without taking
into account that the innovator wil/ respond
might lower its price to combat the market entry. A more sophisticated follower might decide to
differentiate the market and introduce a gotdored smartwatch. The sophisticated follower
hopes that it will sell to the goldolor-preference segment leaving the siteefor-preference
segment to the innovator, thereby reducing price competition.

Thedecision depends on the size of the two segments, on the market response to color, and
on the market response to price. If the market is not very responsive to either price or color,
differentiation will have little effect on reducing price competitione Tollower might be best
advised to target the largest segment and introduce asiigged smartwatch. On the other
hand, if the market is very responsive to price or color, differentiation will reduce price
competition. The follower might be best adddsto introduce a goldolored smartwatch.

Market response to both attributes and price depends upon precision. Hauser, Eggers, and
Selove (2016) prove formally that lower precision implies an undifferentiated market, while
higher precision implies a diffentiated market. They also demonstrate that the intuition based
on the formal analysis applies when heterogeneity is continuous as is modeled in standard
conjoint analysis estimation. (While this result has the flavor of standard analyses of
differentiation, the effect is due to precisiantto heterogeneity in consumer preferences.)

Put another way, the strategic choice of which level to include in a product depends upon
precision, even if the relative pasorths are perfectly accurate. Of course, aacyralso affects
therelativeparvor t hs and, hence, the choice of attrilk
matters for the strategic choice of product attributes!

TRUEPRECISIONVERSUS THESTIMATEDPRECISION WPON WHICH THEHRM RELIES

Before we eamine empirically four elements of craft (drivers of precision), we pause to
discuss interpretations of precision. Typically, in conjoint analysis applications, analysts estimate
a logit model and report the pavbrths. The absolute pantorths might be sed in a simulation,
as is common in academic studies. Alternatively, the relativenmaths might be used,
combined with an analysthosen error magnitude, as in randomized-Gihgtice simulations. In
either case, there is a precisipn éssociated ith the simulation. When this precision is based
on the estimated logit model, that is, the choice sets used to estimate the logit model, we might
call it estimated precisiof,

Typically, analysts repoftt statistics such as hitteg the percent of uncertainty explained
(Y), KullbackLeibler convergence, root likelihood, AIC, BIC, or DIC. Sophisticated analysts
also report these statistics for holdout choice sets. Experienced analysts know that the holdout
statistics are never as good as the fit statistics. The precipionae based on the fit data may
not be the precision that applies to the holdout data. It is a simple matterstinmate precision
in a onevariable logit model. The dependent variable in this logit model is choices in the holdout
sets and the explarmay variable is utility as created by thedative partworths. We might call



this databased precision, . We use the word fAinternal
choice sets are really a test of internal validity. For {uigtk studies, we might expect that

internal validity is a good indicator of external validity, but that is worth testing. For one test, see
Toubiaet al.(2003).

Although rare, some analysts go a step further and test a form of external validity. For
examplethe analyst might create an incentalggned marketplace and ask respondents to make
choices in that marketplace after a delay of a few weeks. The closer the induced marketplace is
to the real marketplace, the closer the test is to a test of extendélyveVe adjust precision for
external validity with the same type of ewariable logit. The only difference is that the
dependent variable is now the choice in the induced marketplace. We might call this externally
adjusted precision,

We hypothesize that andr depend upon craft. That is,
we expect that higher craft leads the analyst to estimate models that fit the holdout data better
andfit any induced marketplace data better. We expect that the precision from the highest craft
study, adjusted to the induced marketplace may be our best estimate of true pfecision,
Estimation precisiort, , may or may not gend upon craft. If consumers are consistent
in their answers to lowesraft questiong, might be high even if we cannot predict
holdout choices or choices in an induced marketplace.

In this paper, we repait , because this is the most common precision that is
reported (when precision is reported). We also réport based on an incentive
aligned induced marketplace with twelve smartwatches and an outside option that takes place
three weeks after the estimation (and holdout data) are collected. (One in 500 respondents
received the smartwatch they chose in the induced market, plus any change from $500.) We take
on faith that is closer tg than ig’ orf

AN EMPIRICAL STUDY TOTESTDRIVERS OFPRECISION ANDA CCURACY

We chose to test four drivers of precision and accuracy: (1) relative realism of the images
used to describe attutes and profiles, (2) incentive alignment, (3) videos that train respondents
about attributes and the choice tasks, and (4) instructions that all attributes, not displayed
explicitly in the product profiles, are to be considered common to all prdiit®ichoice set
(ceteris paribus instructions)h@&se foudrivers arecited often in the literaturandin challenges
to the use of CBC to value patents and copyridhtge can show that any of these elements of
craft affect managerial recommendatioihgn we hope to encourage other researchers to
examine additional elements of cratft.

The context of the empirical testamartwatchesThis category is sufficiently complex to
make the test relevant, but not so complex as to make an initial test ilfef&focused on
just three attributes and priagase color (silver or gold), watch face (round or rectangular),
watch band (black leather, brown leather, or matching metal color), and price ($299 to $449).
Naturally,any missing features affect the erterm, and hence precisiahus, remains
finite. The effect of normodeled attributeshould be constant across all the ceteris paribus
manipulation In the ceteris paribus instructions, we inform consumers that brand, operating
system, ad technical features remain constant across all profiles. (Consumers are asked about
their brand choice and all profiles are about that braBetause brand (and operating system)



are important features of smartwatches, we hypothesizedateaits paribs instructions (versus
lack thereof) would affect precisioHolding brand and operating system constant means the
ceteris paribus manipulation provides a strong test for the effect ehndeled attributes in the
smartwatch category.

We wanted to maintaihigh quality on all aspects of the study that were not experimentally
varied. Such recommendations are made in Allezilal. (2014). We recruited a US sample from
a professional panerhe panel, Peanliiabs, maintains 15 million psereened respondents
Peanut Labs is a member of the ARF, CASRO, ESOMAR, and the MRA and has won many
awards for high qualityVe targetedespondents who expressed interest in the category, were
aged 2069, and agreed to informed consent as required by our internal revaegsbo

We followed standard survey design principles (Schaeffer and Presser 2D@R)estions,
attributes, and choice task®re pretested careful($6 respondents using the same sampling
criteria). We tested for and found no demand artifAfesusechierarchical Bayes logibased
estimation (Sawtobt Software 200Q We used sixteen choice sets for estimation (and two for
holdout validation) with three profiles per choice §¢€hree profiles is, by far, the most common
in applicationgMeissner, Opp&al, and Huber 2016 We used a duaksponse format for the
outside option (Braze#t al.2006; WI6émert and Eggers 2016).

We varied the four elements of craft in an orthogonal half replicate oflasign.
Respondents were assigned randomly to eackriemental cell of the half replicate, with
roughly an equal number of respondents in each cell. Three weeks after the eoglyisis
studies were completed, we recontacted respondents and asked them to choose a smartwatch
from a (full factorial) markeof twelve smartwatches in a duasponse format. We assigned
prices to the twelve smartwatches randomly and confirmed, based on the pretest data, that none
of the optionsvas dominating or dominated. The choice was incerdiigned and presented the
mostrealistic images of smartwatches.

The four elements of craft were:

Realism of the Stimuli

For the (hypothesized) higher level of craft we used realistic images of smartwatches in
which the attributes were embedded in the images and listed woegesadtext below the
images. The images included animations that allowed the respondents to see multiple views of
the watches. For the (hypothesized) lower level of craft, we used a format similar to that which is
the default in most conjoiranalysis softwarelhe lowercraft profiles are primarily texbased,
although we did use simple graphics. Figure 3 gives examples of the stimuli (but not the
animations).



Figure 3. Varying the Craft of the Images(from Eggers, Hawser, and Selove 2016)
(lower craft shown fst, then higher craft)
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Incentive -Alignment

We told the incentivaligned respondentlat 1 in 500 respondents would receive the
smartwatch that he or she chose in a randealgcted choice tasls well as angifference
between the displayedipe ard $500 (Ding 2007; Ding, Grewal, and Liechty 2R05
Respondents who chose the outside option waddive $500 in caslmcentivealigned
respondentsvatcheda oneminute video describing the incentives
(https:/lyoutu.be/DBLPfRJ02H0). To avoid confusiegpondents, we used, for each
experimental condition, a video that was consistent with that experimental condition. For
example, if respondents were in the lozalism manipulation, the example choice sets shown in
the video used lowearalism textbasedmages. In this way we measure the incremental impact
of incentive alignment. Respondents where not incentivaligned werdold that 1 in 500
would receive a cash bonus of $500. The $500 was not tied to their choices.

Training Video

Respondentassignedo the training video were required to watchwominute animated
video describing the smartwatch category, the smartwatch attributes, and the choice tasks
(https://youtu.be/oji_bw_oxTU)MVe matched the videos to the experimental céltsclose not
to force an equivalent twminute delay for respondents who were not assigned toginéng
video,because such a deldges not represent common practice and might introduce a demand
artifact Our goal was to determine whether or not a training video ihigtaft or lower craft.
It might be higher craft because weibktructed respondents might understand the task better; it
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might be lower craft if the additional instructions do not overcome the potential for respondent
wearout.

Ceteris Paribus Instructio ns

CBC formatsassume that all produattributesthat are not varied in the choice tasks held
constant in the choice tasks (Green and Srinivasan 19903ptindents do not understand that
such attributes are to be held constémy might infer unlbbserved characteristics to be
correlated with the attributes that are varieédr example, without ceteris paribus instructions,
respondents might be more likely to infer that quality changes if prices chdagesed the
following instructions for respomhtsassigned to théhypothesized) higher level of craft.
Respondents in the (hypothesized) lower level of craft received no reminders to hold all other
attributes constant.

Please assume that all watches are from your preferred brand

[adjusted to consumer 6 s brand preference] and are
your smartphone so that they can show incoming messages or

calls. Assume that all of these watches have a battery that lasts a

day or more, a heart rate monitor, Bluetooth, high definition color

LED touchscreen, 1.2 GHz processor, 4 GB storage, and 512 MB

RAM.

THEBVPIRICAL BEFFECT ORCRAFT ONACCURACY AND PRECISION

The final sample of respondents who completed both waves of the study was 1,044
respondents split roughly equally among the experimental conditiadhe brthogonal half
replicate of the; design. (109 respondents always chose the outside option and were eliminated
as not interested in smartwatches, at least not interested in the smartwatches in the conjoint
design. The elimination of respondents was correlated with any experimental manipulation.)

Roughly 500 respondents were assigned to each condition, e.g., realistic images vs. text
based images. Respondents took approximately 200 seconds to answer the choice tasks and this
did not vary among gerimental manipulations. The total survey took approximately=mm
seconds to complete. Those respondents who were assigned to incentive alignment took
approximately 69 seconds longer. Those respondents who were assigned to the training video
took appraimately 142 seconds longer. The longer duration corresponds to the length of the
mandatory videos in these conditions. In approximately 25% of the choice tasks, respondents
chose the nahoice outside option. This was slightly higher§%) for morerealistic images,
for those who saw the training video, and for those who were incentive aligned.

Impact of Craft on A ccuracy

Neither incentive alignment, the training video, nor ceteris paribus instructions affected the
relative parworths substantially. Fa@xample, on average, differences in relative attribute
importances between manipulations varied by but a few percentage points, usually by no more
than one percentage point. On the other hand, realistic images mattered. Those respondents who
were shown ma realistic images were more likely to value differences in the watch band (40%
vSs. 27% relative importance of watch band) and less likely to value differences in color (17% vs.
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22% relative importance of watdhce color). They were also relatively lesge sensitive (21%
relative importance of price vs. 28% relative importance of price). Thus, it appears that only the
realism of the images affects accuracy in our data.

Accuracy (the relative paworths) affects WTP, where WTP is interpreted as consumer
surplugt he demand curve. Although, in McFaddenos
worths are the WTPs, there are issues with this interpretation when hierarchical Bayes or
empirical Bayes analysis is used. First, the-pamths are heterogeneou$i3 heterogeneity is
inherent whether we sample from the hygistribution, from the full distribution of respondent
level partworths, or if we use the mean parbrths for each respondent. Second, the conjoint
study only collects data within certain ggiranges. For example, our prices varied from $299 to
$449. Samples from the hypeistribution, samples within the full distribution, or even the mean
partworths might imply WTPs outside this range. It would violate sound scientific principles to
extramlate beyond the price range that was used in the survey. Thus, we need a robust summary
that does not violate these scientific principles. One method is to use robust statistics, such as
medians. Another procedure that is commonly applied is to useproslact simulator in which
one product has the attribute level of interest and the other has the lower level of the attribute.
The price that equalizes the predicted shares of both products can then be interpreted as WTP.
We adopt this common practice®rst i mat i ng t he mar ket s WTP.

Because only the realism of the images affects accuracy, only the realism of the images
affects WTP substantially. As shown in Table 3, this impact can be dramatic suggesting that
researchers should pay close attention toghbsm of the images. The default of té&eised
formats may underestimate the willingness to pay for a product attribute.

Table 3. The Realism of Images in Conjoint Analysis Affects Estimated WTP

Round to Rectangular Face $103 $39
Gold to silver color $65 $59
Brown to black band $130 $42
Metal to black band $132 $4

Impact of Craft on Estimation Precision (mY< 0H< - -

The realism of the images and incentive alignment do not impact the precision that we
estimate from the estimation ddta, . This is intuitive] summarizes the
internal consistency of the estimated logit model. Mitespondents are asked to choose among
textbased descriptions, they might be extremely consistent in reporting their preferences for
textbased descriptions. This does not necessarily mean that the reported preferences for text
based stimuli describe hawspondents would react in the marketplace.
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Two aspects of craft affect estimation precision negatively. Estimation precision is
significantly lower for respondents who saw the training video and those who were provided
with the ceteris paribus instructis. The training video effect is intuitive. The extra time
necessary to watch the training video may have been burdensome. It appears the time to watch
the video was sufficiently burdensome so that respondents were less internally consistent in their
choices in the estimation choice sets. The ceteris paribus instructions had a small, but statistically
significant, negative impact on precision.

Impact of Craft on External Validity Precision ~ (zm® <m»>-rramy<g®

When adjusted for externaalidity, precision was significantly better for more realistic
images (vs. texbased images) and for incentive alignment (vs. no incentive alignment). For our
data, these results imply that higher craft means using enhanced image realism and incentive
alignment. Providing a training video or ceteris paribus instructions did not affect the adjustment
based on external validation. However, overall the exteraaljysted precision in the training
video condition is lower due to the lower estimation preaishlthough significant, the effect is
rather low in magnitude. Overall, there is no effect of ceteris paribus instructions; either they
have little effect in general or respondents instinctively held all other attributes constant when
making choices amanthe product profiles in our research setting.

The training video lowered the externally adjusted precision. For our data, it appears that the
negative weaout effect was larger than the (hypothesized positive) training effect. While our
training video vas professional quality, it was long relative to the total time of the questionnaire
(142 incremental seconds out of approximately 500 seconds). We hypothesize that more concise
training videos might have a more positive impact. Training videos mighbalgaluable for
product categories that are harder for consumers to grasp. At minimum, our results caution
conjointanalysis analysts that training videos must be crafted and pretested carefully.

CRAFTAFFETSMANAGERIAL RECOMMENDATIONS EECAUSECRAFT
AFFEQSPRECISION

We have already seen that craft in the realism of images affects accuracy and, by implication,
estimated WTP. Craft also affects precision. We focus on craft in incentive alignment because
craft in incentive alignment has a substantial eféecprecision but not accuracy. By focusing on
incentive alignment, we can illustrate a precision effect that is not confounded with an accuracy
effect. (We return to realism in the images, and other aspects of craft, later in this paper. Image
realism illustrates nicely the joint effect of precision and accuracy. No interactions among
different aspects of craft were observed.)

Impact on Predicted Equilibrium  Prices and Profits

Table 4 compares estimated equilibrium prices and profits (shares*priceksliis are
based on patvorths that are externally adjusted. The market is agmeduct market in which
the products vary on only the color of the watch face. The estimated equilibrium prices and
profits are for the products with the corresponding color

In Table 4, improved craft predicts lower (and presumably fooreect) prices and profits.
Lower craft (no incentive alignment) appears to overstate prices by about 3% and profits by
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about 5%. We obtain comparable effects for the shape of the smarta@and the type of
smartwatch band. Externally adjusting the paotths tends to harmonize the results. These
differences due to craft are substantially larger when relying on estimation precision only, which
is addressed next.

Table 4. The Effect of Qaft (Precision) on Equilibrium Prices and Profits

Incentive No Incentive Incentive No Incentive

Alignment Alignment Alignment Alignment
Gold-colored Smartwatch $311 $328 $99 $106
Silver-colored Smartwatch $343 $347 $124 $120

External vs. Internal Precision Matters When Calculating Predicted Equilibrium
Prices and Profits

Recall that craft in the realism of images had atwld effect; lower craft lowered both
accuracy and precision. Table 3 illustratiedt lessrealistic images lowered predicted WTP for
all smartwatch attributtevel differenced mostly because lower craft increased the estimated
relative importance of price. For example, lower craft lowered the estimated WTP for gold vs.
silver-coloredsmartwatches from $65 to $&%bout 9%. In contrast, a lower (externally
adjusted) precision suggests lower price sensitivity and higher equilibrium prices (e.g., see Table
2). The effects of accuracy (WTP) and precision (price sensitivity) might courneeenother.

We put together the joint effect of accuracy and precision and compare the differences in
predicted equilibrium prices. For estimation precision, we expect the effect on accuracy to
dominate. This is shown in Table 5a. Predicted equilibritinep are roughly 25% lower for
textbased images versus realistic images. Predicted equilibrium profits are 14% lower.

For externallyadjusted precision, textased images lowered precision significantly, an effect
that might counteract the effect of togver accuracy (i.e., higher price sensitivity). This joint
effect of accuracy and precision is shown in Table 5b. Predicted equilibrium prices and profits
are, on average, higher for tebdsed images, but only by 6% and 11% respectively. (Note that
predicted equilibrium prices and predicted equilibrium profits are higher in both conditions when
based on externally adjusted precision vs. estimation precision. They increase by 47% and 26%,
respectively.)

In our data, lower accuracy and lower precision cexawt one another for craft based on the
realism of the images. But that will not always be the case. If lower craft were to lower the
relative importance of price, then the two effects would reinforce one another. Lower craft would
have an even bigger efft on managerial recommendations and on patent or copyright
valuations. The key message in Table 5 is that researchers should pay attentiommnal tvaft
externalvalidity adjustments to precision.
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Table 5.Adjustments to Reflect External Validity Matter Managerially
(Example Where Decreased Accuracy anBecreased Precision Counteract)

Results for Estimation R';";ir;ic TextBased  More Realistic  TextBased
Precision Images Images Images Images
Round Smartwatch Face $233 $194 $79 $78
Rectangular Smartwatch Face $317 $219 $124 $96
More _
Results for Externally- o Text-Based More Realistic ~ Text-Based
Adjusted Precision REENBHE Images Images Images
Images
Round Smartwatch Face $298 $350 $92 $117
Rectangular Smartwatch Face $386 $377 $134 $134

Impact on the Strategic Recommendations for the Attribute Levels of a Product

The description of the equilibrium in attributes and prices is beyonsctpe of this paper.
For more details on the theory, see Hauser, Eggers, and Selove (2016). They show for the
magnitudes of precision that we find in our empirical data, the innovator would be advised to
launch the more preferred silveolored smartwatcl he f ol | ower 6s acti ons d
precision that the follower estimates for the market. In particular, a follower would be advised to
launch a:

1 Gold-colored smartwatch if the true precision were higher
1 Silver-colored smartwatch if the true precisiere lower

We get similar effects for the watch face and the watch band.

INCREASEDSAMPLESZEDOESNOT COMPENSATE FOROWERCRAFT

It is tempting to equate precision, as defined in this paper, with precision of tveoptirt
estimates. This is an incortanterpretation. Precision (scale of the padrths) is a different
concept than the standard errors of the estimates of thevpahis, or the related concepts in
Bayesian analysis.

To illustrate that they are different concepts, westmated all obur models using a
randomly selected 50% sample. On average, the standard errors of the estimates of
andr were 32% lower for the full sample compared to the random half sample,
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but themagnitudes of the estimates were comparable. Averaged over all conditions, the
estimation precisions were within less than 1%, and the exteawdjligted precisions within
3%, when we compare estimates based on the full sample to estimates based am haHraf
the sample.

Sample size does not overcome lower craft!

DISCcUSSION ANDSUMMARY

Theory

Accuracy matters, but its effect has been wwtldied. Accurate relative pantorths are
important for deciding which attribute levels to include in prodant$for calculating
willingnessto-pay (WTP) as input to other managerial recommendations (and in litigation, as
input to damages experts). However, precision (scale) matters as well. Preéicestdpaffects
predictions of equilibrium prices and proféad, as a result, recommendations orsthetegic
selection of attribute levels for products. The market reacts according to true précisio) (
but analysts make recommendations based on estimated precision. Recommendations vary
dramatically dpending upon whether the recommendations are based on estimation precision
g ) or externallyadjusted precisiori ( ).

Craft

Craft affects both accuracy and precision. For the situation we examnmpadcally, we
found:

1 More realistic images increased both accuracy and precision.

1 Incentive alignment increased precision, but had little effect on accuracy.

1 Training videos had no effect on accuracy, but appear to decrease both estimation
precision andxernally-adjusted precision.

o In our data, the training videos were thm@nsuming for consumers to watch and may
have led to respondent weaut. The weapout effect might have been stronger than
the training effect.

o Well-designed training videos mightlemnce precision. One must craft and pretest
such videos carefully.

1 Ceteris paribus instructions had no substantial effect on either accuracy or precision. This
result might be due to the fact that we used instructions that mimicked the status quo on
the maket, which consumers might have assumed implicitly even without instructions.

1 Increased sample size does not compensate for lower craft.

Managerial Recommendations

Craft affects managerial recommendations. For the situations we examined empirically, we
found:

1 The realism of the images changed the relative importance of the attributes and decreased
the relative importance of price. WTPs wargher for more realistic images.

1 Predicted equilibrium prices and profits depend upon craft and whether or nattthe p
worths are adjusted for external validity.
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1 Managerial recommendations may change if they are made using precisions as estimated
from the conjoint analysis data or if they are made using precisions adjusted for external
validity.

0 In some cases, the efteof craft on accuracy and precision counteract one another. In
other cases, the effects of craft on accuracy and precision reinforce one another.

0 Because the directional impact cannot be predicted ahead of time, higher craft is
advised.

1 The correct stragic selection of attribute levels for products depends upon accuracy and
precision, and, hence, cratft.

Summary

Craft matters! High craft avoids making the wrong (or costly) managerial recommendations.
High craft avoids estimating incorrect valuationsdopyrights and patents.
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ABSTRACT

What is an appropriate number of alternatives per chag@ Why are two or five
alternatives so rarely used? We characterize the contexts GheieeBased Conjoint@BC) on
pairs makes sense when projecting to real decisions and uta&iag tostudy how
respondents search for information when answeringehasks with either two or five
alternatives.

INTRODUCTION

While there has been substantial work asking how many choiceat@skeeded in a CBC
study, less attentiomas been paid weterminingthe appropriate number of alternatives per
choicetask The typical answer to the question of how many alternatives to include revolves
around the tradeoff between greater statistical efficiency and increased task difficulty for the
respondent. From the perspective of statistical efficiency (as tested usingteosimulations)
paired comparison choice tasks produce less efficient designs (Bunch, Louviere and Anderson
1996; Louviere and Woodworth 1983). Increasing the number of alternatives in each task
provides greater statistical efficiency, because multinbloggt models in fact assume that each
final choice is based on a comparison of the selected alternative to all of the available options.
However, answering more complex choice questions also makes the choice task more difficult
for the respondents and ke it more likely that respondents use simplifying decision heuristics
(Bettman, Johnson and Payne 1991; Todd 2007).

As a starting point for our research, we investigated how frequently practitioners who
published in the pasbur Sawtooth Software Proadiagsused two, three, four or five
alternatives in their CBC studies. We found about 20 studies in each of the four Proceedings. We
were surprised by tend in the last few yeawghich suggests substantial changes in practice.
ExaminingProceedings in 200, 65% of the studies mentioned had 5 or more alternatives per
choice while 35% had 3 or 4. By 2015 that proportion had reversed, with 10% choosing 5 or
more, and almost 90% choosing 3 or 4. Across time, the proportion of studies using two
alternatives haconsistently staadunder 10%.

The paper by Pinnell and Englert (1997) may be one reason why pairs rarely appear in the
recent Sawtooth Software Proceedings. The authors varied the number of alternatives in three
experiments and concluded that respornslane capable of accurately answering choice tasks
with up to seven options. Compared with two alternatives the authors found that it took about
33% more time for respondents to evaluate four alternatives and about 60% more time to
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evaluate seven alternatis. The authors concluded that it is advisable to use more than two
options in a choice task because in their studies pairs had lower predictive validity, were less
stable and did not save much time relative to choice tasks with more alternatives.

Wepromse that the performance of pairs should

behavioral responses and that responses to choice tasks depend on how respondents search for
information when raking their choices. We use efyacking to investigate how respdents

allocate their attention in CBC choice tasks with two (pairs) or five alternatives (quints). We

focus on pairs and quints, because from a practical perspective they reflect the range in the
number of alternatives reported in recent Sawtooth SaftResceedings.

We investigate taskifferences from three different perspectieésst, we examine the ways
respondentsearch for decisicrelevant information in pairs and quintecusing on processing
patterns and ways that respondents learn to nfficeeetly complete thi task. Second, we
asses$o what extentespondentperceivethe task aslifficult. Third, we compare pairs versus
quints in terms of internal consistency dhéir ability to predict holdout choicdsom triples.

BEHAVIORAL RESPONSES TACHOICE COMPLEXITY

Results from previous studiagich have investigated information processing suggest that in
choice tasks including only two alternatives respondents use compensatory decision strategies,
such as the additive difference strategD} seee.g.,Payne 1976). In line witthis research,
we expect that in pairespondents process almostadttibuteinformation that is available
(Payneet al.1992)and comparthe two alternatives astepby-step attributewiseand topto-
bottommanner (Russo and Dosher 19833ing asystemati@and completsearch process,
respondentfocus fairly evenly across all attributes, including léms importanones

In contrast, ilfmore complex choice tasks, respondéwige been showto simplify ther
choice(Bettman, Johnson and Payne 199drdet al. 1989;Payneet al. 1992) Compared t@a
task consisting gbairs in a task with larger numbers of decision alternatives, respondents can be
expectedo display greatecognitive effort, but at the sze timealso show a greatelegree of
simplification.Respondentsan, for examplesimplify their search by eliminating alternatives
from further consideration based on important attribuRescess tracing studies have shown that
respondents often useusstics, such as the lexicographic rule, to reduce the number of options
by excluding those not meeting a minimum level for a particular attriBatgnget al. 1992).
We also expect that respondents simplify their seiartter taskdecause they wilearnfrom
the earlierchoice tasks which attributes matteostto them(Meissner and Decker 2010;
Orquin, Bagger and Mueller Loose 2013)

STUDYDESIGN

Upon arrival in the laboratory, participants received a general instruction and were
familiarized withthe eyetracker. The main tastonsisted of selfguided computebased
conjointsurvey. It first introduced vacation packages as the product of inteeedtit asked
respondents about thedrior purchase experience, future purchase intention as well as purchase
familiarity and involvement regarding vacation packagdée bllowing screens then explained
the attributes and levets the vacation packageRespondents then answered eight choidestas
thatwere presented on separate screehes profilesin each taskvere randomly generated with
Sawtooth Softwareds compl et eThesttistcal strarigthafn a |
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the designs for pairs and for quints was determined based drcleayte tasks, 40 respondents
and using Sawtooth Softwareds c o rmeflideacymtioe numer
of the pairs vs. quints design is 174.4/133.6=1.31. This result means that statistically, 31% more
observations are needed forngdb achieve the same aggregate logit efficiency as quints.

After the sequence of eight choice tasks, respondents were asked about their search goals and
perceivedaskdifficulty, theirfrustration andhe perceived similarity of optionfer the last of
their eight choice tasks. Finally, respondents answeretitvdoutchoice tasks consisting of
threerandomly generatealternativegtriples). The survey ended with soetlemographic
guestions. The results of these additional survey questions are begmsubpe of the current
paper and are not discussed.

The hypothetical vacation packages wenaracterized bgix attributes, each with three
levels. As common i€BC studies, the attributeppearedn a fixed display ordeifable 1
describes the attribes and their levels.

Table 1 Vacation PackageAttributes and Levels

Attributes Attribute levels
1 2 3
Food quality good very good excellent
Customers recommending 50% 70% 90%

Distance to CBD 3km 2km 1km

Sea view no seaview | side seaview | full seaview
Price per person $899 $799 $699
Room category standard superior deluxe

Separate screens helped respondents become famitharach of thattributes andheir
levels before respondents answered the choice fagkse 1 gives an example for tagributes
Aisea Vviewo an dVedgree with Egperd, Hagserranyd.Sel@H 6, this
Proceedingsthat craftis important in designing preference measurement study and used
images and ceteris paribus instructitmgnhancerecision and accucg. We did not use
training videos and did not incenthadign our respondentsut do not believe our results
comparing pairs vs. quints would change if we included those changes.
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Figure 1. Example I nstructions Explaining the Attribute Levels of theAttribute s
ASeaVi e Wlo p) RoomCaiit e g dBottprd) (

Sea view

The rooms in your hotel also vary in terms of whether they have a sea view. Some hotels offer you a
room with a full sea view, while others offer a side sea view or no sea view at all.

oom category

Hotel rooms also vary with respect to the size of the room as well as the amenities and the facilities
offered. Three different room categories are available:

Standard rooms: The standard rooms are well appointed and perfectly suited for
all your needs. The average size is 25 square meters.

Superior rooms: The Superior rooms are larger than the standard rooms, with an
average size of 30 square meters and a King bed.

m
i

Deluxe rooms: The Deluxe rooms are luxurious and spacious with an average

size of 45 square metres including a seating area with chairs or sofa. Amenities
and facilities include a King bed, en-suite bathroom, high-speed internet access,
flat-screen television and an electronic safe.

The eyetracking study was carried out at Monash University (Australiddtal of 39
respondents finished the questionnaire with pairs and 38 respondents finished the questionnaire
with quints.

INFORMATION PROCESSINGAND EYE- TRACKING

Eyet racking is one of the most reliable appro
processeSModern eyetracking systems use video images of the eyes to determise-taéed
Apoi nt .diffevealetijahuman perception is primarily based on two states of the eyes:
fixations and saccades. A fixation is defined as a state where the eyes are relatively stable and
Airest onodo a certain stimulus. A rapid BOovemen:
called a saccade. Typically a fixation is between 100 and 500 milliseconds (ms) long with an
average of about 250 ms. The fixation duration largely depends on the viewed stimuli and their
characteristics (Rayner 1998). A saccade typically lasts betvieand350 ms. Studies have
shown that humans cannot acquire information during a saccade (Rayner 1998) because the brain

! Theinterestedeader is referred to Holmgvist al.(2011) for a more comprehensive introduction to-tegeking and for a discussion of
adequate measures.
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blocks visual processing during eye movements in a way that neither the motion of the eye nor
the gap in visual perception is noticeatnie¢he individual.

A Tobii T120 recoréddthe eye movementa our study This system haanaccuracy of 0.4°
of visual angle and a sampling rate of 120 Hz. The ieft@ensors are built into a RAin-film
transistor (TFT)montor with a resolution of 280 x 1024 pixels. A standard@int calibration
routine was used to calibrate participantsodo e
the respondents in front of the elyacker, we made sure that the distance indicator provided by
the Tobii softvare displayed a value between 50 and 80 cm (ideally 60 cm) as recommended by
the Tobii handboolkespondent answevgere given solelyith acomputer mouse.

The areas of interest were defined as cells in the display matrix; they were all of equal size
non-overlappingand the number ranged between 12 (2 alternatigesttributes) and 30
(5 alternatives * 6 attributesklls. Fixations were defined as continuous gazes within each area
of interest. We used the standard Tobii fixation filter to determxagidns(Tobii Software
2016.

Moreover, it is important to emphasize that we used only simple text labels to describe the
features (see Figuse and R It is therefore unlikely that the feature stimuli differed regarding
their saliency, which could haproduced differences with respect to the number of fixations to
featureqeffects of bottorrup attention)All respondents reported to have normal or corrected to
normal vision. In order to simplify the analyses, we only used the data of the rightosyeveéH,
the results do not differ if we use the data for the left eye or the average of the left and the right
eye as provided by the Tobii software.

RESULTS

Observing What Respondents Do

Before analyzing respondent s ofinbrenationcséarcipat t er n
we visually inspected the scanpaths of the choice tasks for every respondent. The inspection of
the videos showed that the search patterns often matched our expectations as outlined above in
t he s BeahdvioralRespénses t@hoiceCompl exi ty. 06 Two exampl e pat
are easily interpreted are depicted in Figure 2 for a pairs task and in Figure 3 for a quints task.
We encourage the reader to watch the corresponding videos which are available on YouTube in
fast (ttps://youtu.be/wmpy7@ZFY) and slow [ittps://youtu.be/9YZBVWyI9TZM motion for
pairs and in fasthttps://youtu.be/gXZYIz8eEdandin slow (ttps://youtu.be/he9SjPYVP3Q
motion for quints.

The search process in Figure 2 for pairs follows a typical additive difference model. After
two initial fixations to the center of the screen, the respanstarts the search by looking at the
top attribute Afood quality. o The search cont
each attributemoving from the top to the bottom of the screerthis example all attribute
levels are fixated at lebsnce. After having fixated the last attribute, the respondent checks three
attribute levels of optioB before then choosing optién The respondent possibly is reassured
by the undesired aspects of opt®mefore making the final decision. It is alsteresting to see
that this respondent does not look at the question text, in this case because she has seen other
choice tasks before. She also looks at the description of the attributes only two times, i.e., when
comparing the alternatives withrespecdb ficust omers recommendi ngo a
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We speculate that she is looking at the attribute labels because the attribute levels are not self
explanatory, as it is not clear what @A70%0 me.

Figure 2. An Example Path of Fixations for Pairs

If these hotels were your cnly options, which hotel would you buy for you and your friend with the money you got from
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The example search process for quints shown in Figure 3 is quite different. In this case, the
respondent starts the task by reading the question text. Next, the respondent looks at the attribute
Acust omer s r edcanpares alldive altgroativasrwith respect to that attribute. Only
options A and E have a customer recommending rating of 90% in this choice task. The customer
rating seems to be most important for the respondent and that is why she probably starts the
search process by looking at that particular attribute. After identifying options A and E as
promising the respondent ds search process cha
option E in detail by looking at all the attribute levels of that alter@eaThe respondent then
jumps to option A, which is also evaluated in detail. In what follows, we can see that the
respondent focuses only on these two options, A and E, by going back and forth between them.
Options B, C and D are only fixated incidehtaperhaps because they are in the way. Many of
the |l evels for the attributes Afood quality, o
are not fixated at all for these three options. In all, the search process can be best described as a
staged snplification process. In the first step the respondent uses one attribute to identify
promising alternatives, in a second step the remaining alternatives are evaluated holistically and
compared to one another. We can also see that the search procesgaomigestep includes
more transitions within alternatives compared to the search process for pairs.
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Figure 3. An Example Path of Fixations for Quints
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These examples are chosen because they cleanly illustrate the use of expected decision rules.
In fact we found that the processes followed many patterns that changed within as well as across
respondents. Next we show how quints and pairs differed in using five general measures of
information processing: the number of fixations, percent of information axtdssquency of
within vs. between attribute transitions, #dpwn vs. bottorrup order processing, and average
duration of each fixation.

Information Processing

First, we investigated the number of fixatior@hanging the number of alternatives had a
substantial impact on the number of fixations required for each choice. As shown in Figure 4
respondents in choice tasks comprising five alternatives expend about twice as many fixations
(M=60.82, SD=39.85) to make a decision than those encountering detsvavialternatives
(M=32.91, SD=18.40). This difference is highly significant. Further, as respondents become
more experienced with the task they expend fewer fixations. Respondents in the quints condition
adapt fasteiThe number of fixations dropped alb@i% from the first to the last choice task for
pairs For the quints the dropisabal8.Thi s result replicates Pinne
finding that respondents accelerate processing more in choice tasks with seven than in choice
tasks with two alternative$he resultsuggests that respondents largely change the way they
process the infonation in quints by simplifying more in later choice tasks. For pdiese is
minimal simplification in later choice tasks. The observed reduction in the number of fixations is
alsoin line with findings by Messher, Musalen and Huber (2016) who usededyacking to
show that respondents become more efficighatt is, they need fewer fixatioasid become
more consisterds they progress in a decision sequence of fattiibute choice task&tuttgen,
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BoatwrightandMonroe(2012) found a similar decreag the number of fixations when testing
choice from simulated product shelves.

Figure 4. Number of Fixations on Attribute Levels
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Second, in order to assess the degree of simplification we investigate how many attribute
levels the respondents fixated at least once. In line with our expectasprespondents the
pairs condition accessed 92% of the informatiwailable compared with 69% for quint&s
can be seen from FiguBg pairs access a greater proportion of information and are less likely to
reduce that coverage with task experience. Our finding is in line with Yang, Tandize Jong
(2015) who investigated a sequence of 20 choice tasks including four alternativest ahng
found that respondents across all tasks looked at about 70% of the available information and
found a similar downward trend with respect to the percent of attribute levels fixated in later
tasks.
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Figure 5. Percent ofAttribute LevelsAccessed byrask Number
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Third, we compare the sear@r saccade) patterrsed in pairs and quints. A frequently used
measure to describe the seareakigrnis the strategy measure (Bockenholt and Hynan 1994)
which quantifies the extent to which information is searched attribiste,i.e.,comparing
alternatives within attribugs or alternativewise, comparing attributes within alternatives.
Because the sitegy measure takes into account that the probability of attwihieeeand
alternativewise transitions changes for different numbers of alternatives, the strategy measure is
the preferred index for assessing how respondents processlasknt informabn (Schulte
MecklenbeckKihberger an®Ranyard2011). A negative value of the strategy measure indicates
attributewise processing whereas positive values indicate alternaisesprocessing.

With respect to the search patterns we find that responcamdsicted more withuattribute
processg for pairs. This result therefore is in line wittepiouswork (Russo and Dosher 1983
showing thatlecision makers process the informatmwimarily attributewiseon pairs For
quints respondents used a mixtufattributewise and alternativevise processing, but in both
conditions greater task experience resulted in greater alterwasiggorocessing. That result for
both quintsand pairgs consistentvith Meissner and Decker (201@ho observe a progression
to within-alternative transitiondn our pairs condition, however, the shift towards alternative
wise processing small. Across all tasks respondents process the information atinlzgte
which suggestthat respondents continuedamphasizenadditive difference strategy
throughout their eight choices.
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Figure 6. SearchPattern (Strategy M easure)
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Fourth, wetestwhether respondents searched the information following a systematic pattern
from the top to the bottom of the screen. Because respondefisiaaéo simplify more in
quints, they should aldeeless likely to search information from the top to the buottd the
screen. We therefoaefinedthe following measure to quantify systematic-tpvn search: We
rank all attribute levels with respect to when they were first fixetedtask The average rank of
all levels belonging to an attribute indicates remvly the attribute was considered in the search
process. We then compare the average ranking of the attributes witd@wtopanking and
calculated the coefficient of concordance between the two sets of ranks. A value close to 1 will
indicate topdown pocessing whereas a value close to zero will indicate that attributes are not
considered in a schematic way from top to bottom.

As Figure7 shows, respondents on average processed the information in the choice tasks
more often from the top to the bottom evhthe tasks included only two instead of five
alternatives. This finding is in line with the use of an additive difference strategy in which the
respondents compared the alternatives attritage, look at almost all features and process the
informationfrom the top to the bottom of the screen. Figuedso shows that in later tasks
respondents process information less schematically in boflattsandquintscondition.
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Figure 7. Top-Down Attribute Attention
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Fifth, we considerthe average fixation dation of all fixations in a choice task. According to
the literature verghortfixations taking less than 200 milliseconds are often used for scanning
and automatic processes, as for example, to understand the structure of a task when the
respondenbeginsprocessing the information. By contragtry long fixations might indicate an
increased level of processing in more difficult tasks (see e.g., Velichkevsky2002). The
average fixation duration for pairs is@s and for quintd is 267 ms. Thsdifference between
pairs and quints istatisticallysignificant (=5.3, p<.0). We interpret this difference in fixation
duratiors as evidence fothe use otognitive processswhich involve differencing and adding
for pairs a process that onsistent with the idea that comparisons across alternatives are more
time consuming than those within alternatives.
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Figure 8. Average Fixation Duration
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In summary, the average process measures differ strongly between pairs and quints. Pair
processings more thorough, covering proportionately more informaiioamoretop-down
manney andfor greater durations. Quints encourage greater simplification initialiyell as
over time and lead to deeper processing within a few selected alternativepairhiig a model
of additive differences while quints reflect a concerted effort to identify a reasonable choice
without getting confused by multiple items of available information.

Task Perception

After the initial set of eight choice tasks and befoeehbldout choice triples, we asked
respondentgiHow difficult was it for you to choose the vacation package you wanted when last
making a choice? usi-jmai mt 7rating scale rampong from Ar
Aextremely di fdunprise pairghl=.6, SE3.2)were parceived to be
significantly (t=2.9, p<.01) more difficult than quir(té=-.4, SE=.3) Although respondents
needed fewer seconds to finish pairs (M=15.0, SE=9.4) compared to quints (M=24.2, SE=14.7),
the pairs seem to lm®gnitively more demanding. Given that most respondents in the pairs
condition had to look through most of the information, the tedium of doing that eight times may
have made it seem more difficult. By contrast, the goal of finding an acceptable besaimvac
was perceived as easier for our respondents in the quints. These differences are also reflected in
differences in the patterns of pavorths and predictive accuracy under pairs compared with
quints.
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Similarity of the Part -Worths

The partworth utilities were computed on the individual level by applying Sawtooth
S o f t wHeraelical Bayes (HBultinomial logit (MNL) estimation As shown in Figure 9,
the average paworth utilities are similar, with a correlation of r=.92. Contrary to our
expectabns, visually it appears that pairs demonstrate greatelimearity in valuations within
attributes. This result suggests that it is more likely thatlimear cutoff values were used when
respondents answered the pairs questions.

Next, we also analyzkattribute importance weights.ealculatedattribute importanceby
calculatingtheratodf he r ange of an attributeodarossali | i tie
attributes. The correlation of the average importance weights is also high (r=.86). Importantly,
pairs elevate unimportant attributes. The mean of the standard deviation of importances across
respondents is 20% less for pairs than for quintgéiis)=.097, M(quints)=.117; #3.1, p<.01).

That finding is consistent with pairs generating a focus on all attributes. The increased attention
on less important attributes increases the relative importance of these attributes in the decision
process.

Figure 9. Comparison of thePart-Worth Utilities in Pairs and Quints
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Predictive P erformance

To evaluate the predictive performance, we first looked at the intermatdéstand the output
from Sawt o oHidrarcBicalfBayesstimatiors The key meares are included in
Table 2.

It does not make much sense to directly compare the intermatdstfor pairs and quints,
because the probability of correctly predicting a pair at random is 50%, but is only 20% for
quints. The average hiate is 72% fopairs and therefore is 22% above chance level. For quints,
the improvement above chance level is 35%, given iatatof 55%.

Because it is hard to correct hates for the number oélternativesn the choice sepercent
certainty,or another likelihod-based statistic, isrmore appropriatendicator of model fitlt is
an informatiortheoretic measure that compares the information explained by the model to the
total uncertainty of the systefhlauser 1978)The measures included in Table 2 show that t
internal model fit is better for pairs than for quinthe percent certainty for pairs is .90 whereas
it is only .69 for quints. One explanation for this result might be that respondents in the pairs
condition more consistently applied the same (adeldifference) strategy, but in case of quints
used all kinds of different decision strategies. As a consequence the internal consistency might be
lowered for quints.

Table 2: Predictive Performance M easures

Measure Pairs Quints
Percent Certainty .90 .69
RLH: Root Likelihood .93 .60
Internal hitrate 72% 55%
Hit rate from crossalidation 75% 53%
Hit rate predicting holdout triples 76% 57%

Consistent with the low error as indicated by the Percent Certainty, pairs more consistently
predicted thdroldout triples shown at the end of the survey. Theahé for pairs is 87% (69%)
in the first (second) holdout task whereas it is only 56% (58%) for quints. This difference is
significant for the first holdout task.(=6.4, p=.01), and is directionalbpnsistent for the
second holdout task.(=1.1, p=.30). There are two possible reasons why pairs predicted the
holdout choices better than quints. First, pairs are more similar to triples than quints, meaning
that respondents who have frequently useddtitive difference strategy in a sequence of pairs
might continue to do so in the consecutive triples. Second, the error around pairs to predict
holdouts may simply be sufficiently smaller for quints enabling pairs to overcome their 30%
deficit in statisical efficiency.
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CONCLUSIONS

Summary of Empirical F indings

The important lesson is that the decision making process is very different when choosing
between two versus higher multiples of alternatives. Those processing differences lead to
different patternsf partworths and predictive accuracy, and suggest contexts in which either
task is more appropriate.

For pairsthe pattern of fixationand saccades eonsistent with an additive difference
strategy. That strategy assesses the relative benefit dbatatat a time and sums those
differences across attributes to identify the most preferred optiagwithin-attribute
processing has the advantage of enabling an assessment of each attribute independently from the
other attributes. We find that an atiN difference strategy leads to greater use of available
information, with 92% of the pair information fixated on compared with 69% of the quint
information.

Theprocess with more alternatives is quite different. For quinésneed for simplification
across 30 pieces of informatiencouragethe use of ammportant attribute to rule out less
promising options. The process of finding a good option from many alternatives can best be
described as a search tloaer time gets wre effective at focusing on less information to
identify a satisfactory choic&he variability in the search strategy for quints contrasts a
relatively mechanistic and stable choice process on pairs.

In terms of efficiency, compared with quints, pairskkd0% less time, were 31% less
statistically efficient, but generated 33% more accurate predictions of holdout triples and were
more consistent internally. Our results therefore contradict Pinnell and Englert (1997) who find
that pairs are no better atglicting holdouts. Perhaps because of the need for accpeacsyare
perceived to be substantially more difficie suggest that this difference can be explained with
the cognitive process in pairs which seems to be more demanding.

The average pakvorths from thepairs and the quintseem similar, with a correlation of .92.
However, differences in details matter. Pairs provide more discrimination of levels within
attributes while quints reveal greater discrimination across attributes. In particsuia,
inspection suggestgeater nodinearity within attributedor pairs, e.g.revealing a large
difference between poor and good food compared with good to excélenfinding is in line
with the results by Pinnell and Englert (1997) who obseiivenadirrear relationship indicating a
| oss aver si50) for paifsByeanttagtfor(quints the relationship between the three
levels is far more linear. That said, quints reveal 20% greater separation in the relative
importance of attributes;t appears the complexity of having
strategy to focus attention on more important attribudese, our results contradict the earlier
findings by Pinnell and Englert (19%a&tantwho f o
in pailS)so (p.

How Many Options Should You Use in Your Conjoint S tudy?

We suggest thatairs are appropriate if one wants efficient measures of how pespi@any
attributes to make choiceBairs also make sense when the choice is difiecthighly
emotional Whenpatients make choisghat involve trading off substantial loss of income and
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hospital timeagainsionger expected life, having just two options makes the decisions less
overwhelming.

However, where the goal is stmulate ch@es wherghere are many alternatives and
relatively few attributes, then a mutlternative CBC is appropriate. A good example would be
shelf studies that explore consumer ability to find preferred brands in a complex display and
respond to different pmotional effortsPut differently, if the decision process involves
substantial simplification to find a reasonable option from a large set, then there are advantages
to showing a greater number of alternatives per conjoint choice set.

We remain surprisedt finding that fewer than 10% of the studies reported in the past four
Sawtooth Software Proceedings used pairs. One reason for the lack of use of pairs may stem
from the weltknown finding that having many alternatives improves the technical statistical
efficiency of the design. A second and more reasonable problem with pairs ransesed
process revealed by eymacking. The additive difference process may be more effective at
revealing consistent tradeoffs, bnay beeven farther removed from whiaappens in the
marketplace with many attributes and many alternatives.

That saidwe believe thapairsareunderutilized. Apart from greater efficiency, pairs are
appropriate when decisions are sufficiently important that simplification to a few at$ribute
makes little normative sendeurthermore, pairs will bmore efficient at assessing consumer
reaction to changes in all attribut@s cases where decisions are very important thus justifying
consideration of all attributeRairs also are reasonallden the attributes are novel, or where
when respondents have deep ematioeactions In the latter situations pairs might help
respondents because a weighted additive process facilitates the thoughtful integration of all the
attributes of a decision.

Martin Meissner Harmé»r‘iOppewaI
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HNDINGS OF THE2016 SAWTOOTHSOFTWARE
CBC MODELING PRIZECOMPETITION

BrRYAN ORME
SAWTOOTHSOFTWARE

INTRODUCTION

CBC (ChoiceBased Conjoint) is the most widely used conjoint analysis method today.
Among Sawtooth Software usekB estimation for CBC is byaf the most common utility
estimation approaciost users stick with CBC/HBswiar e 6s def aul t setti ng:¢
estimation (considering only the independent effects of each attribute) with tveopiriutility
function ffectscoding).We have sen a long trail of evidence at Sawtooth Software
conferences and in the academic literature that these strategies lead to very good¥eodels.
have longoelievel that the resulting market simulators do a superb job predicting the shares of
choice for the ariety of choice scenarios our clients might spe@igspite our confidenceye
dondt want t.\Wedesgned tha?016 Sawvaott Software CBC Modeling Prize to
bring togethern diverse group deams tdestthose assertions and to seethermodels and
software might deignificantlybetter.We have always believed that different approaches can be
very successful and that no one methodsistentlydominates, so the diversity of the top
performingsubmissions in this competition was no sumptis us.

In designing the 2016 CBC Modeling Prize we were inspired by the $1MM Netflix Prize and
patterned our approach aftemmtterms ofmanagng the process and miakg it a robust test from
a statistical perspectivéhe key element wasowto keep tle winning team from just overfitting
to the holdouts with spurious or nonsensical paramétheseconomic realitwasthatwe
couldnét offer a $1MM pr ithattheoppastunityeo wnamls ol ed t
present the winning model here at thawtooth Software conference was| worth the
$995,000 prize gaprifteen teams ended up joining the competitido win the $5,000 prize,
the best team needeulbeat the default approach (HB main effects) as well as a more
sophisticated ensemble appch (involving a combination of 20 HB and 20 latent class models)
seeded by Sawtooth Software.

THECOMPETITIONSETUP

We designed a typical CBC study involving choice of vacation cruise packages on six
attributes (in a 6x6x5x3x2x5 design, showi\ppendix A. Around 1350 panelists from SSI
completed a @-minute questionnair@nter-quartile range i714 minutesjncluding 21 CBC
guestions along with a few other questions regardingtfzasti behavior disposable income for
travel,and attitudes/prefrences about cruise vacatigmeluding BYO questions regarding
preferred levels of each namdered conjoint attributeA\fter cleaningoutthe fastest and least
consistent respondents, we were left with 1200 completed respondent rédloeds.espondes

!t is ratherstriking that only one of the fifteen teams was led by aldSed researchevlaybe this says something about the lack of extra time
resarchers in the US have to work on R&D projects like tlisfld it be that US teams are more money motivated and $5000 prize money
just wasno6t enou g hltigcertainlysingerestinggo think @abut wbplynoheefrthe tedn® was basedthe US!
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entered the survey, we randomly assigned them to one of two buckets: the calibration sample
(n=600) or the holdout sample (n=600he questionnaires looked identical, so respondents did
not know they were in one sample or the other.

Each respondent cqteted 21 CBC tasks with four alternatives per screen (Exhibit 1).
Exhibit 1. Sample Choice Task

Imagine you were in a position to take a cruise with your spouse, significant other, or friend in the next 2 years.
If these were your only options, which would you choose?

(1 of 21)
Destination: | Alaska Mexican Riviera Western Caribbean Mediterranean
(sailing out of Seattle, WA) | (sailing out of Los Angeles, | (sailing out of Tampa, FL) | (sailing out of Barcelona,
CA) Spain)
Cruise Line: | Disney Norwegian Royal Caribbean Princess
Number of Days: | 7 days 10 days 7 days 8 days
Stateroom: | Oceanview stateroom, Inside stateroom (no Balcony stateroom, sliding | Oceanview stateroom,
porthole window windows) door to private balcony porthole window
Ship Amenities/Age: | Fewer amenities, older More amenities, newer Fewer amenities, older More amenities, newer
ship ship ship ship
Price per Person per Day: | $125 per person per day $100 per perscn per day $200 per person per day $100 per perscn per day
$875 Total per Person $1,000 Total per Person $1,400 Total per Person $800 Total per Person
O/ W/ U/ W/

The 600 calibration respondents completed 21 CBC tasksvereexperimentally designed
using 300 versions ( bbamcédwerlagaésigrepambixofthe2d Sof t w
tasks werdnoldouts, interspersed throughout the 21 CBC tasks. The holdoutfowpredictive
validation and not used for utility estimation.

The 600 holdout respondents saw an identmakting CBC questionnaire where all #isks
were fixed across respondents using a single version (block) plan, though we randomized the
taskpresentation ordewe purposefully made tse 21holdout tasks difficult to predict: two of
the concepts within each task had a great deal of simi(arése defined using the same levels
across 3, 4, or 5 of the 6 attributddpt only were these holdout taskigkier to predict, but the
enhanced similarity between concepts made them actually more like competitive offerings one
sees in the real world.

Exhibit 2is a schematic showing the study design along with the three mairisteps
submiting predictions

2 Balanced Overlap plans are ngarfectly level balanced (both omey and tweway attribute level occurrence) and nearly orthogonal both
within and across versions (blocks). They also feature a modest amount of level overlap (levelsaepesat@dore than one choice) within
each task.
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Exhibit 2

Experimental Design and
Prediction Modeling Overview

Cell 1 (n=600) Cell 2 (n=600)
“Calibration Sample” “Holdout Sample”
Screener, Usage, & Screener, Usage, &
Demographic Questions Demographic Questions
L
Estimate 3. Predict Holdout
Utilities Eebal s Shares of Preference — CBC. Tasl.(s
2. Predict (one version fixed
Holdouts task design)

6 CBC Holdout Tasks
(mixed among 15 tasks
above)

In-Sample Holdout Hit Rate (Step 2) x Out-of-Sample
Holdout R-Squared (Step 3) = Composite Score

The criterion for winning the competition was the joint predictive validitythe 6 irsample
choice tasks (raw first choice hit extand the 21 outf-sample choice tasks {8juared based on
the share of preference probabilitieegams could use different models to predict theample
and outof-sample holdouts, though we reserved a spboiabrable mention at egory (t he

mok| wondero) for the single model that did t
Il nterestingly enough, the grand prize winner
though his model di dnodt -sampreihierssorteeibéshoaitr t he ab

sample share predictions.

We invited teams to join the competition through an open call that was published on our
website, in our LinkedIn group, tfi@u i r k 6s Mar ket i,anglthRfanereanr c h Re v i
Mar ket i ng Marletng Insghtaagazideifteen teams of researchers entered the
competition.Sawtooth Software also seeded the competition with three submisEiengrize
for winning the competition was $5,000 plus a free registration to the 2016 Sawtooth Software
Conferencevith the opportunity to present the winning model at the conference and publish that
model within these Sawtooth Software Proceedimfs.winners were:

§ 1% place: MIReS: Naji Nassa(Marketing Intelligence & Research Servires
1 2" place: TeamNutcrackerDmitry Belyakov(lpsos Comcon

1 3" place SKIM 2 Team: Marco Hogerbrugge, Kees van der Wagt, Remco o]
Binggian Gadqall SKIM Group

Honorable mentions went:to

1 Best In-Sample Hit Rate:Landsberger Strasse 2 Teavterlin Muller, Stefan Bmnner,
Isabella @sselhardt, Maximilian RauschndMarkusBottger(TNS Infratest and bms
Marketing Research + Strategy)

1 Best OutOf-Sample Predictions:SKIM 2 Team: Marco Hogerbrugge, Kees van der
Wagt, Remco DorandBingian Gad(all SKIM Group)
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1 One-Model Wonder: MIReS:Naji Nassa(Marketing Intelligence & Research Serviges

We will see below that there was actually very little margin sepey#te top teams.
Furthermore, a variety of statistical approaches and software were very successful.

The competition ran from November 1, 2015 to July 29, 20&&mscould submit
predictions once per week during that period and once per day over the last two weeks of the
competition We leveraged ideas from the Netflix Prize competition to avoid the patgsibat
the teams would just continue to iterate their solutions to overfit the hol#autsach
submission, week after week, we scored the predictive models (using an automated script) and
reported the results on a tracking leaderboard on Sawtooth &afte 6 s Howebesfort e .
leaderboard trackinge only used a randomly selected half of the holdout taske¢ A qui z O
holdoutsrandomly selected once at the beginning of the competition and held constant
throughout the competitionJhis allowed the @ms to get a good feel for how well their models
were doing, but would penalize the teams if they built models that took advantage of variation in
just theal igofzothe holdouts that woul dndét gene
+ Ad ehsd | Atoha very gnd of the competition, the teams were scored based on all the
holdouts.

Sawtooth Software seeded the competition with three submis$ismspproach and model
specifications for these were set prior to seeing the data and (Undikéher teams) Sawtooth
Software was not allowed to iteraadtry to improve the fit to the holdouts (other than to adjust
the scale factor to improve the enftsample Rs quar ed t o t h&hedethieeseed hol d
approaches were:

1 HB-MNL (usingSawt oot h Softwareb6s CBC/ HBwvothy st e m)
estimation with default settingprior variance= 2, degrees of freedom = 5)

1 Same as above, but tunedthe calibration task®r optimal prior variance and prior
degrees of freedoin

1 An ersemble of 20 different latent class &@HB solutions(described in Appendix A)

The three seed submissions from Sawtooth Software all performed welgnsgmble
priors optimized HB> default HBin terms of relative predictive validity.

A stipulationfor winning the $5,000 prize was that the winner had to beat the best of the
Sawtooth Software seed submissions @hgembleolution) which te top five teams weia|
able todo.

INFERENCE VSPREDICTION

Market researchers and economists often debatealue of inference versus predictibor
conjoint/choice analysis, inference often focuseserpreting coefficients, such asether
one level of an attribute is preferred to another for the population or how much people are
willing to pay for ondeature over anothePrediction, however, deals with such issues as what
people will choose when given a set of product alternatives defined on multiple attiiautes.

5The priors were not tuned to the holdouts. Rat her, weossused Sawtooth
calibration tasks to find the best combination of priors to fit the data. @noh&Villiams demonstrated this method of fineing HB priors at
the SKIM/Sawtooth Software European Conference in Rome in 2016. Sawtooth Software has released a software todCB&llétBthe
Model Explorerfor this purpose.
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this CBC modeling competition, the competitors had to be ready to predict thdagigichgly
vast number of choice scenarios that respondentsneeerasked to consider.

THE CHALLENGE OFCBC PREDICTION

Teamsestimated parivorth utilities using the fifteen CBC tasks each respondent answered
(for the n=600 Cell 1 respondents)here eaclask involved a choice among four conceptse
attribute list makes it possible to construct 6x6x5x3x2x5=5400 unique product concepts.
Assuming we donot duplicate(wbncéptdewdeBbBignt
there are 35 trillion possie choice scenaripassuming order of concepts does not maftére
challenge facing the teams competing in this competition was to build a model that could do a
creditable job predicting the choices that people could make for any of those 35 taghble
situations.Of course, we o0 u | adtmabyttest their ability to predict all 35 trillion potential tasks
accuratelyWe selected just 21 of them to be evaluated by the ho{@&lit2) respondents and
300 versions x 6 tasks = 1800 holdout taskstfe calibration responden(iSell 1)to evaluate.

PREDICTIONRESULTS

Exhibit 3. Final Leaderboard Results
Quiz + Test Results (All Holdouts)

Within - Out-of-
Submission Single Sample Sample Composite
Rank Team Name Date Utility Model ® Hit Rate =~ R-Squared Score
1 MIReS 7129/2016 Yes 0.6844 0.9129 0.6248
2 Nutcracker 7129/2016 No 0.6831 0.9123 0.6232
3  SKIM Team 2 7129/2016 No 0.6775 0.9130 0.6186
4 Landsberger Strasse 6/3/2016 Yes 0.6831 0.9048 0.6181
5 ScooterQX 6/20/2016 No 0.6825 0.9043 0.6172
Sawtooth Software3
6 | (Ensemble 20LC&20HB) 11/1/2015 Yes 0.6814 0.9056 0.6170
Sawtooth Software2
7  (Priors Optimized HB) 11/1/2015 Yes 0.6792 0.9070 0.6160
8 | llluminas Partners 5/17/2016 Yes 0.6761 0.9099 0.6152
9 | Landsberger Strasse2 7/29/2016 No 0.6850 0.8959 0.6137
10 Yoda 7129/2016 No 0.6794 0.9021 0.6129
11 SKIM Team 1 7129/2016 No 0.6750 0.9062 0.6117
12 | Displayr 7126/2016 Yes 0.6789 0.8991 0.6104
13 | Sawtooth Software Fan Club 2/24/2016 Yes 0.6747 0.9016 0.6083
Sawtooth Software(Default HB
14 run) 11/1/2015 Yes 0.6725 0.9042 0.6080
15 | Jedi Dragons 7129/2016 Yes 0.6667 0.9018 0.6012
16 = Prediction Addiction 6/24/2016 Yes 0.6594 0.8981 0.5922
17 | Jigsaw 3/7/2016 Yes 0.6481 0.9013 0.5841
18 SMAP 7/28/2016 Yes 0.6486 0.8893 0.5768

4 Some of the teams subneitt predictions that took concept order into account. If we assume that order matters (predicting choice among
concepts A, B, C, D is different from predicting choice among A, B, D, C, etc.), then there are 24 times more possibketsqaredalict, or
849 trillion!

5 Indicates that the team used a single utility model to predict both-gaaviple and oubf-sample holdouts.
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It is interesting to note the parity among the top 14 submissions (where"tiethd default
Sawtooth Software submission using CBC/HB softwarkis baseline submission (Sawtooth
Software 1 Default HB run) achieved a composite score of 60.8% abdshsubmission
(MIReS) achieved 62.5% his seems pretty close, though it is notoriously hard to move the
needle much in terms of holdout predictions for conjoint analysis.

As a point of comparison, the winning team for the $1MM Netflix prize bédted f | i x 6 s
predictions of movie ratings by 10.06% (measured in terms of reduction in RMSE of movie
ratings) T e am M| Rogsarapleshate predictions had an RMSE 22 3ompared to 38
for the default Sawtooth Software HB run, a reduction 8¥din RMSE. One wonders, then, if
a) the default Sawtooth Software modeling approach is closer to theoretical optimal prediction
power for CBC than Netflix was with predicting movie ratings of itsud®rs, Net f | i X 0's
prediction problem for movie ratings is justrder than CBC predictionsy we wer enot
attract as deep poolof world-class modeling talent as Netflix was able to do with its $1MM
bountyWe t hi n k tddgeaofardtisto al thredeypothesesevent hough weodr e
confident that sme of the best conjoint modelers in the world entered our CBC modeling
competition.

Exhibit 4 gives a very brief summary of the modeling approach used by each of the top ten
teams.

Exhibit 4. Approaches Used by Top 10 Teams

Rank Team Methods & Model Specification

1 MIReS HB (GAUSS implementation), interaction between Stateroom and Ship Amenities,
utility constraintspudget constraints, fuzzy consideration set model

2 Nutcracker Sawtooth Softwar€BC/HB. 16 separate models in an ensemble, varying priors,
covariatesutility constraints, and attribute codings

3 SKIM Team2 | Sawtooth Softwar€BC/HB single model for hit rates with ASC for position effect;
regression based ensemble of many different HB solutions for share predictigns (
each single HB prediction was treated as one predictor)

4 Landsberger | HB (R bayesmwith a Dirichlet Process Prior)

Strasse
5 ScooterQX Latent Class Analysis (Q Software) ensemble of 20 solutions using a mixture mod
approach, distributional assumption: Multivariate Norin&ull Covariance
6 Sawtooth HB and Latent Clas§&Sawtooth Software) ensemble of 40 utility runs with varying
Software 3 starting points for LC and varying covariates for HB, default-parth coding
7 Sawtooth Sawtooth Software CBEB one priorsoptimized run, default paktorth coding
Software 2
8 llluminas Sawtooth Softwar€BC/HB single run, default priors, withositiontspecificeffectsfor
Partners order within a task
9 Landsberger | Sawtooth Software CBEB 4 separate models in an ensemble with different covari
Strasse 2 for hit rates; shares of peence based on HB models run separately within 5 LC
segments
10 | Yoda Sawtooth Software CBC/HBsurvey questions about preferences for levels of unord

attributes coded as augmented tasks, some utility constraints
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Naji Nassar of team MIReS providesl@tailed discussion of his winning model in the next
paper in these Proceedings.

Nine of the top 10 submissions used HB estimation, though sometimes with different
software implementations and sometimes using different distributional assumptions. Rere of t
top 10 submissions used an ensemble of models. Four of the top 10 submissions used HB with
covariates. We should be careful about drawing too many conclusions from this summary of the
top performers since they certainly were biased: influenced by ¢deSsavtooth Software
submissions, by Sawtooth Software documentation, and past Sawtooth Software conference
presentations. There is no doubt a lot of-seléction bias towards HB usage.

Below is an exhaustive list of all the software and utility estiomagilgorithms used across
the 15 teams:

T Sawt oot h CBGHB war eds

T Sawtooth Softwareds Latent Class, CCEA

T Q

1 R (ChoiceModelR, mlogit, bayesm)

1 Nilogit

1 GAUSS

|l t6s also quite interesting to |l ook at the n

below s not meant to ban exhaustive listf what was attemptedhut meant to give an example
of the wide variety of strategies.

Using covariates

Estimating price as linear, pasorth, or thermometer coding

Constrained vs. unconstrained utilities

Using subsetef tasks

Using respondent choices to other questions in the survey about the attribute levels (BYO
guestions on certain nayrdered conjoint attributes)

o As 1) Covariates, 2) Data Augmentation, 3) As individeakl utility constraints
Ensembles or singlmodels

Estimating separate models within subsets of respondents

Modeling alternative number as ASCs &itcountor concepiordertendencies
Examining interaction effects and-alpec attributes

Accounting for attribute noattendance

Coding budget constints

= =4 =4 -8 9

= =4 =4 -8 -4 -9

RaNDOMIZED HRSTCHOICE VS. DRAWS

In 1998, prior to the widespread use of HB for conjoint analysis, the author developed a
market simulation approach to reduce IlA (Independence from Irrelevant Alternatives, also
known as the rethus/bluebus problen) . Cal | ed Randomi zed First Ch
flexible approach since it can be used with pastth utilities coming from any utility estimation
approach. But, if you are using HB and are able to use multiple draws per respondent, using HB
draws is more sophisticated and statistically sound. Randomized First Choice could be described
as simulating poor mandés draws (i ndwateshdent d
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Because of the strength of this dataset for examining the acafra@rket simulations when
the scenarios include pairs of highly similar alternatives, we decided to look again at a
comparison of simulating on HB draws (responeeuél draws of beta) vs. Randomized First
Choice on the point estimates.

We compared these of the logit (share of preference) rule with the draws to Randomized
First Choice operating on the point estimates, tuning the scale factor to best predicothe out
sample aggregate share predictions for the 21 holdout scenarios. The results aia Exbniait
5. For simulating on the draws we used 200 draws per respondent across 600 respondents, for a
total of 120,000 utility vectors.

Exhibit 5. Randomized First Choice vs. Share of Preference Accuracy

Mean Absolute R-Squared
Error (MAE) Fit

Shareof Preferenceld@git) on thedraws 2.63 0.902
Randomized First Choiaan point estimates 2.65 0.9073
Share of Preferencégit) on thepoint 2.72 0.90¢4
estimates

The three simulation methods (all operating on individera¢l HB data) perform quitevell.
Randomized First Choice works slightly better than Share of Preference on the point estimates.
Share of Preference operating on the level of the draws works a tiny bié Hetitethe results
are so similar as to be essentially & tie

If you want theconvenience and speed of using Randomized First Choice within Sawtooth
Softwarebds mar ket simulation software, RFC wo
more sophisticated and statistically sound way to use HB results. If you can build & marke
simulator that operates on the level of the draws, you will have built a very good market
simulator indeed that will be more defensible in academic circles. These two approaches yield
extremely similar results in aggregate: Randomized First Choice sirategygregated shares
from the draws have a correlation of 0.9986 for this dataset.

THE STRENGTH OEENSEMBLES

This propertyd group forecasts beat best individual onesd has
been found to be true in almost every field in which it has been
studied.

0 Nate Silver, The Signal and the Noise

Ensembles (predictions from different models combined) outperformed single models in the
$1MM Netflix Prize contest which focused on improving individlealel predictions of movie
ratings based on i moviexAtthei2015Sa@wtoota3oftwarg s of ot he
Conference, Kevin Lattery demonstrated that ensembles ctimggnsionality latent class
solutions could beat the default HB approach in terms-s&imple individualevel hit rates for

© At the request of our reviewer, David Lyon, we also looked at results for applying RFC to the HB draws. The predictieevaasozeny good
(slightly better than share of preference on the draws on one measure of fit and slightly worse on the ottigry depeow we tuned the
scale factor).
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CBC (Lattery 2015). Theauthorn dependent |l y confirmed Latteryo
class and also demonstrated that ensembles of different HB solutions (each using different
covariates) could also beat the default single HB model for CBC in terms of hit rates (Orme

2015).

Goinginto this 2016 Sawtooth Software CBC Modeliigze competition, we again
expected that ensembles would outperform individual models in terms of hit rates (individual
level inrsample holdout predictionsgyh at we di dnodét know arnedtedwe bel i
before is whether ensembles could improweof-sample accuracy of share predictions for
holdout scenario3Ve were excited to test this possibility for CBC.

Across the 15 participating teams plus the 3 seed submissions by Sawtooth Software, we had
access to 178 total predictive submissions. The vast majority of these submissions were of very
good quality. A few of them involved errors in data processing or model budldhmey had
terrible predictive accuracy and obviously were outliers. We sdred#8 submissions in terms
of their fAguizodo hit rates and discarded the w
Atesto hit rates tdodhatpvouiddbave givénaiean tnfaie adwotdgendves s i o n
the information that the teamsdat the time of the competition). Then, we simply averaged
across the better submissions to create a single prediction for each respondent and each holdout
task. Could such a simple averaging across the better submissions beat the best prediction that
any one teanmad submitted?

Exhibit 6 shows that averaging across submissions indeed beats the best single submission
fromanyone teamintermsofisampl e hit rates. This shoul dnot
usually happens (iadadinghvieed is corhels ® predictrom).dkaldted me d
specifically to CBC data, Lattery and Ormlsopresented evidence of this at the 2015 Sawtooth
Software Conference. The best single submission among all 178 tries across all teams was a
68.50% insample hirate achieved by team Landsberger Strasse 2-Jul29A very good
prediction indeed! But, simply averaging across either the top 75% or 95% of all submissions
achieves a hit rate of 68.86%. Even averaging across the best single submission from each team
(again in terms of 't he fbgstsingkesubmissiondfronnangone i mpr o
team.

" For example, for a given holdout and a given respondent, if >50% of the models predicted that the respondent wouldazosénstead
of B, we took that as the consensus ensemble prediction.
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Exhibit 6. Hit Rates: Best Single Submission Compared to Ensemble

IS Hit Rates
(Quiz + Test)
Landsberger Strassg29-Jul) (Best overall team 0.6850
submission, even better than MIReS '
Top 95% of all submissions ensemble 0.6886
Top 75% of all submissions ensemble 0.6886
Top 50% of all submissions ensemble 0.6881
Top 25% of all submissions ensemble 0.6881
Top 10% of all submissions ensentble 0.6847
Best submission from each team ensemble 0.6881

Now we get to the issue that we were very interested in testing. We believe we are the first to
demonstrate the superiority of ensembles foraftgample share prediction accuracy in CBC
andmoreover we believe that our evidence is very compelling. Referring to Exhibit 7, the best
single submission among all 178 tries across all teams was a 0.28@%aRed achieved by team
Nutcrackef on 21July (congratulations!). But, simply averaging asregher the top 25% or
50% of all submissions (again judged only on
holdouts) achieves an-8quared share of preference accuracy 0.9163. Even averaging across the
best single submission from each team (intasnis t he Aqui z 0 bdswilgkout s) be
submission from any one team.

SAtfirstglane it may seem surprising that the ensemble of top hde® of all S
ensembles that include worse individually performing models. However, it is easily explained because these 18 modetyywere mos
contributed by the same very active and kpgiforming team. Thus, they lack diversity. The same issue occurs for Exhibit 7 ensemble
reporting.

9 Interestingly enough, team Nutcracker did not realize that thisiBlsubmission was the best overalsiission made by any team. Each
submi ssion was scored only on the random half of thell#8ol douts (
submi ssions in terms of all the hol do wedntinued toitemte &n@ subnztied what ended GpT e s t
being a slightly worse model when scored using all the holdouts for their final submission.

h

t he
0 hi
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Exhibit 7. Share Prediction Accuracy
Best Single Submission Compared to Ensemble

OO0S R-Squared
(Quiz + Test)

Nutcracker (21July) (Best overall team submission, even 09139
betterthan MIReS

Top 95% of all submissions ensemble 0.9151
Top 75% of all submissions ensemble 0.9157
Top 50% of all submissions ensemble 0.9163
Top 25% of all submissions ensemble 0.9163
Top 10% of all submissions ensemble 0.9129
Best submission from each team ensemble 0.9158

Ensembles benefit from both diversity and qu
model s that have been built in quite differen
series of HB rus whose only difference is random starting seed.) If a single researcher cannot
think creatively enough to develop diverse yet quality solutions, then it can be helpful to use the
results of multiple independetitinking researchers.

One challenge famplementing these findings in the real world is what to do when you
dondt have s uc-fsamplsholdouts as wes lad here fwhiah is almost certainly
the case) to enable you to discard the worst models and avoid including them in thdeensemb
We have a straightforward suggestion: create ten or so randomly generated choice scenarios each
with, say, four product concepts. Next, compute shares of preference for these scenarios across
the sample. This leads to 10 x 4 = 40 share of prefererde&pons of individual product
concepts that you can compare across the candidate models you are thinking about including in
the ensemble. Next, compute a correlation table showing how similar the predictions are between
all pairs of candidate models. Somarize the average correlation for each model with every
other modelwhich allows you to sort the models from most similar predictions to the others to
least similar. As you examine the raokder of models in your list, if you detect a sudden and
dramatc dropoff in terms of average correlation of predictions relative to the other models, the
remaining models are probably outliers representing poor quality solutions and should be
discarded from the ensemble.

SUMMARY OF HNDINGS

So what did we learn frotie 2016 Sawtooth Software Prize Competition? Here are our
observations:

1 The default Sawtooth Software approach of using CBC/HB with main effectypettt
models works very well (at least for this particular data set). The best models devised by
15 teamf researchers could improve only slightly upon the default standard.
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1 Tuning HB models in terms of the prior variance and prior degrees of freedom can
improve both irsample and owbf-sample holdout predictions (not cheating by tuning to
the holdouts otourse, but by jackknifing across calibration tasks for holdout validation).

1 HB works very well but is not the only way to obtain excellent predictions for CBC.
Many different software systems, utility estimation algorithms, and modeling
specifications cabe successful. No single approach dominates.

1 Ensembles of models that are diverse and of high quality can beat the best single
submission made by amye superibesearcher

1 Ensembles of models are helpful for lifting botkseimple hit rateand out-of-sample
share of preference prediction accurdoy CBC (this latter finding has never been
demonstrated before).

1 Simulating on HB draws works just as well and potentially a tiny bit better than
simulating using Randomized First Choice on the patitrates.

1 An enthusiastic group of analysts will commit a great deal of effort toward these kinds of
competitions, not only because they want to boost our collective knowledge about CBC
modeling, but also because they think this kind of activity is rewgddevenfun. (Our
correspondencencompassing hundre@f emails with the teams confirms this).

1 It takes hundreds of hours as the competition organizer to pull off a competition like this!
But it was certainly rewarding work.

CLOSING THOUGHTS

Practitioneravork in an environment thatsuallyallowslimited time and budget for
modeling and simulator building. The work involved in building dozens of diverse models and
ensembling them is not very practical given the realities of the marketplace. One wondérs ab
the practical improvements or additional insights clients could gain due to an increase of 1 or 2
absolute points in predictive validity or a reduction of 5% in RMSE. But, when competing in a
modeling contest, such gains mean the difference betweamgiand losing!

Consider a properly tuned HB model (for prior variance and d.f.) operating on the level of the

draws versus a more sophisticated ensemble of a dozen or more diverse models. Would a
manager make a very different decision based on the madigisbnal lift in predictive validity?
No doubt a slightly improved model could easily lead to changing a feature or two or slightly
changing the price, but would the impact on share and profitability be significantly different?
Given the amount of monend time invested in CBC modeling (by managers, modelers, and
respondents) it makes sense to do more with the data we already have paid for to get better
answerd especially when hundreds of thousands or millions of dollars may be on the line in
terms of ptential profits.

For highend modelers, ensembles offer a competitive advantage and additional point of
differentiation. For software developers, certain kinds of ensembles of models could be
automated, such as the sequential use of a variety of diffesamingful covariates across
replicates for both latent class and HB estimation.
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Bryan Orme

APPENDIXA
CBC Attribute & Level List

Attribute 1: Destination

Mexican Riviera(sailing out of Los Angeles, CA)

Eastern Caribbegsailing out of Fort Lauderda) FL)
Western Caribbeafsailing out of Tampa, FL)
Alaska(sailing out of Seattle, WA)

Norway and Northern Eurogeailing out of Oslo, Norway)
Mediterranearfsailing out of Barcelona, Spain)

ok wNE

Attribute 2: Cruise Line
Norwegian
Disney

Royal Caribbean
Princess
Holland America
Carnival

A

Attribute 3: Number of Days

7 days
8 days
9 days
10 days
11 days

abrwnpE

Attribute 4: Stateroom

1. Inside stateroom (no windows)
2. Oceanview stateroom, porthole window
3. Balcony stateroom, sliding door to private balcony

Attribute 5: Shi p Amenities/Age:

1. Fewer amenities, older ship
2. More amenities, newer ship



Attribute 6: Price per Person per Day

1. $100 per person per day
2. $125 per person per day
3. $150 per person per day
4. $175 per person per day
5. $200 per person per day

(Note: total price per pson was also displayed below the price per person per day, computed
as total days x price per person per day.)

APPENDIXB

Description of Sawtooth Softwareds BenchmarKk

(I'nspired by Latteryodos 2015 SaAnersanbleofSof t war
Latent Class and HB solutions (using simple averaging to obtain consensus), where the ensemble
contains 40 replicates:

1 20 replicates of Latent Class-g#oup solutions, broken out early such that the last 10
iterations provide about 0.1%:t#b lift in log likelihood Pseudo individualevel utilities
for each replicate developed by taking the weighted average of thegéntutilities,
where the weights are each respondent ds pr

1 20 replicates of HB sotions.First, optimal priors (prior DF and prior variance) were
searched on the training data set using jackknife and bootstrap resaifipésag.optimal
priors were used in all HB replicates in the ensenttdeh HB replicate was estimated
using alternatig sets of covariates developed using combinations of survey questions as
covariates.

Method of predicting individudl e vel choi ces for Sawtooth Soft
Shares of preference for eachsmmple holdout task to be computed using thi tatg for each
of the 40 replicates he individual hit rates were computed by averaging the shares of
preference across the 40 replicates for each respondent, thus determining for each holdout task
which concept has the highest share of preferencesaghd most likely choice for each
respondent.

Method of predicting shares of preference for the OOS fixed holdout tasks for Sawtooth
Softwareds E nRardontizedeFirsE@hbiae (siaaking the raw individeseél
utilities for all the replicatesiithe ensemble, such that the respondent utility run contains nxr
cases in the conjoint simulator representing n respondents by r replicates), tunegiuia tla¢a
set for optimal scale factor.
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THEWINNING CHOICE MODEL A SEMI-COMPENSATORYONE

NAJI NASSAR
MIRES!

In this paper, we will present the modeveloped by MIReghat won the2016Sawtooth
SoftwareCBC Modeling Prize&ompetitiod. We will describe the general approach to hinid
choice mode&nd then explain the MIReS perspective, based on our experience and marketing
i ntelligence slaborate oshg lyypothédsewe builtand ldolv thosaypotheses
led us tocreate the winning modeThe paper will concludeith the discussionfduture
research.

Our decision to participate in ti@&awtooth Software predictive modeling competitras
two-fold:

1 As a practitionerat the early stage, we wanted to treat the competition as a real case for
a marketingnanagerThis choice meant thatereliminated time consuming approaches,
like developing ensemid@f solutions, otoo new statisticalechniques. We wanted to
focusonour approachf@cwrsper for mance

1 As a competitarFrom our point of view, it was very likely that a good number of
competitors wuld base their approaches on the MhdtnialLogitmo d e | . Il tdés the
widely used one, and several tools are available to estimate it (Sawtooth Software tools,
some R packages, Stata, SAS among others). So, we paid special attentiotegiskiey s
see how we could gain a competitive advantage when building our own model.

We d i d n O0aholistie apgrdach ptest several different models and tlstiver the
bestone.We will showhow wefocused instead on buildinge most appropriate rdel for the
given dataThus,external validity of our approach is somewhat limitewk it was a successful
method for creating winning modelWe will demonstrate that buildingn adequate
representation of market dynamics can beat widely used modkladvianced estimation
techniques.

THE GENERALAPPROACH

This is the criterion that we receivedTo wi n, tsto®eatithe defaultragpmakch
(HB main effects) as well as a more sophisticated ensemble approach (involving a combination
of 20 HB and 20 latent class models) seeded by Sawtooth SaofiwarEh e obj ect i ve of
competitionwasto deliver a model that prexls consumetgkhoicespothat the individual level
(by achievingthe best withirsample hit rate)andat the aggregate level (by delivering the best
out-of-sample share predictions). We followed the-step approach described by Leeflatg
al. (2014):

! Marketing Intelligence and Research Services
2The design of the compet it iffindings of thelod@Sawitobtle Sbftwiare E® r M@ e 10ir mg 6 Rr iaz ¢ | €d rap e
the preceding paper in this volume.
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SteP1: CHOICE MODEL

How doesthe consumer evaluathe proposed alternatives before choosing the most
attractive one? What would be the formal model that desdhleeprocess of higr herchoices?
Is it a compensatory modais there some hierarchyine differentiating characteristics? Is there
any aspect that eliminates an alternatiroenfevaluation and consideration?

A modeler can consider several choice models (MNL, Paired Comparison, Nested MNL,
constrained MNL, MNP, and all their extensipaseManrai 1995andGarrow 2009 for some
nonrexhaustive extensions) and test their performance to represent consumer/respondent choice
behavior.

MIReS hadan existingbaseline model: the compensatory multinomial logit model. We
decided tanvestigate whethehere is some departure from this widely used model. Several
competitors used su@model, so we were aware tive¢ would have to builthevery best
choice modepossible talifferentiateus.

STEP2: HETEROGENEITY

To build achoice model for 600 responts, we neegld a representation of consumer
heterogeneity over the choice model. Two issues must be considered when describing consumer
heterogeneity: its scope and nature.

Exhibit 1. Heterogeneity representation

Nature
Scope Discrete  Continuous  Mixed+

Choice model
Consideration set

Attributes:i

Choice M odel Heterogeneity
After the selection of potential choice modéisan be determined either that

T Consumersé behavior can be r ef(homogeereeity) ed by
or

1 Consumers can be allocated to several classes, and each class has its own formal
representation of choice behavior (discrete heterogeneity).

Ourapproactwas the widely used one of assumaapsumer homogeneity thechoice
model,i.e.,thesame modehppliesfor all respondents.

Consideration S et Heterogeneity

Thereare numerous publications that examinedbesideration ses(ich asShockeret al.
1991, Horowitz and Louviere 1995, Andrews and Srinivasan 1995). Some publiteti@ns
treated consumer choice as a{step processhe firstlooks at the formation dhe
consideration set, the second step consists of choosing an alternative from the consideration set.
The authorgust citedused the Crisp Set Approgskhere an alternativis assumed to be either
considered or not. Other publications saw operational consideration sets as indicators of
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preferencesakind of elimination by cutoffOther authorsised the Fuzzy Set Approach
(Bronnenberg and Vanhonacker 1996, Wu and Rangas®@68) where each alternative has a
probability to be considered.

Despite those differences, all publications agreed that consideration sets can provide
information about preferences that can increase the efficiency of a choice model. One can
consider oneigiation among the following:

1 Respondents are considering all the alternatives present at each choice situation
1 Each respondent has his ofixed consideration set (when data have been collected for
such exercise, or when, for example, the modeler detmdssninate the worst
alternative from consideration set)
1 During a choice situation, every possible set of proposed alternatives has its own
probability to be the respondentds consi de
1 Every alternative has its own probability to belongtpresn d e nt 6 s consi der at

Attribute P reference Heterogeneity

Twenty yearsagg Carroll and Green (1995) staj¢dNew devel opments in co
are arriving so fast that even specialists find it difficult to keep up. Hierarchical Bayes models,
latent class choice modeling and individualized hybrid models are only a few of the approaches
and techniques that are arriving on the research sd#aeloubt this sentence is still accura#e.
complete review of this issweould require an exhaustive appch that goes beyond the scope
of thisarticle However, to represent consumersd heter
attributes perceptions, the modeler can chanseng

1 Discrete representation obnsumer heterogeneity: Latent Class apprpach

1 Continuous representation afinsumer heterogeneity: Hierarchical Bayes approach
(seeAndrews Ainslie and Currim 2002r Hess, BerAkiva and Gopinatl2011 for a
comparison between both representations)

1 Mixed approach of previous representations emgirical distributionAugmented
Latent Class (Varkand Chintagunta 20049y Mixture of Distributions (Train 2008,
Train 2016) and many others

Estimation

Once the choice model $iaeen designed and heterogeneity defined, one can estimate the
model usiig variousstatistical techniques. Three of those techniques been developed in the
last decader two:

Advantages Disadvantages
Hierarchical Easy to implement, excellent Only normal distribution (and
Bayes predictive capacity, very fast, by far | mathematical transformations of it)
the most common utility estimation | can be practically used to describe
approachMost importantly, our consumer heterogeneity.
learning curve in such approach has
already been climbed
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Simulated All previous hypotheses (as to choicqd An optimization procedure that is
Maximum model, heterogeneity presentation, | computationally cumbersome
Likelihood etc.) can be estimated

Expectation Easiest one to implement, even for | Limited to normaldistributions, time
Maximization Mixture of Distributions consuming computations

Thesesteps are interactive:
1 Coherence must be achieved betwgnmchoice model anthe heterogeneity
representation
1 Statistical estimation must be ablen@ndlethe models and heterogeneity assumptions
madeby the modeler. If not, (s)he mugdtange either the model or testimation
technique.

PRIORBELIEFS ANOCHOICES

We describe the general approach we follow to build a decision model at the individual level.
For the Sawtooth Software competition, we warteceplicate real case conditions in terms of
delays and timexpendedWe did not experiment withllahe modeling opportunitigsist
mentioned, butook some important decisiong-front in our approach:

1 We decided to build a unigue model thatuld desribe the marketing phenomena of the
marketplace. In our mind, the aggregate mankatthe aggregation of individual
behavior andve felt it wasmostimportant to delivebne, and only one, accurate
description of market dynami¢s the marketing manage3o, we did not use separate
models for insample and owbf-sample prediction.

T Res ponde n svwoiddbd eapturdby amerchoice modelyith the starting point
beingthe MNL model wheranalternativé stility is explained by the @ttributes
detailed in Appendix A (6 attributes of the design of experimeplitsstotal priceper
person).

Yo Ry 6 Qi Q
| |
| | | | |

T Consumer heterogenei t-worthswascomnsideradtoloef at tri bu
continuous andble tobe captured by normal distribution

9 Hierarchical Bayes estimatiomasthe appropriate statistical approach given our
objectives (easto implement,establishegredictive validity)

We chose tdocus our modelingffortson:

T Choice model formul ati on: relationsh,ip bet
and

1 Consideration set model: which attributes had an impact on consideration set formation,
and how to interadhe consideration model witthe choice model.
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OURCHOICE MODEL

We had no prior information dine consumer processvhich washow (s)he choséo teke a
cruise.To overcome this, @ conducted some qualitative interveew investigate how
consumers choosecruise. We alsoansome counting and quantitative analyses. We structured
those around the relevant attributes, and used them to genersttadhee ofour choice model.

Destination

Some destinations seedto be eliminated from considerationsdétor examplefi | 61 | never
buy a cruise with Alaska dsedestinationi t 6 s twaa typical qdaditative comment.
However, be underlying reasowas unobserved from other attributes or survey data.

Temperature (Median)

We determinedhat destinations can
have some physical/perceived aspects wt
eliminate the associated cruises from
consideration set, no matter the levels of
other attributes of the cruise

Alaska

Counting analysis confirmet us thathen o r ma | di st r i babetheomostd oesnb
accuratedl i stri bution to represent respondentsd he
With thedata having been collected usifgga wt oot h Sof t wareds Bal anced
all destinations are more or less equally proposedich respondent ( between 9 and 11 times

eachover the 15 choice situations). We counted the number o tieaespondent chose each
destination{ then madehe following hypothesis:

t
t

1 Atthe individual level, the number times adestinationwas choseffc  followsa
binomial distribution with parameter the number of exposures &nd choice
probability § & x 6 Q¢ ¢ Al a.

1 The choice probabilityy can follow, across respondents, either:

Beta distribution Inverse logit of Normal distribution

VI 0 € "QQ0N 7t

h* 6006 Px B &N 6,
LogLikelihood:-2575.8 LogLikelihood:-2595.9

TheBeta distributiorappearedo represent consumer preferences aaesgnation
preferences better than the Normal distribution théminvestigated the discrepancies between
both distributions.

3 We will use Winbugs notation as we used this software for this analysis.
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Normal distribution seems to over-estimate
extreme values

When we compared the distributions of
(transformedNormal draws and Beta
draws, we saw thahe Normal distribution
is undeestimatingthe frequency oliow
values. Foexample, with théMexican
Riviera destination, 25% of the population
impactedsoi t 6s qui te i mj
to correct sucladiscrepancy, we must add
type of penalty for destination preference
(basedon Normal distribution).

a Distribution

25% of the populationt

Difference

Conclusion: We will suppose that each destination has a probability to be considered

”_rr. va - F & -I ;:;:;:-ﬂ-- vaia =|=4< Hoow
By incorporating a consideration probability, we can model the large numlosv-atility
destination values while keeping a normal prior in the choice model itself, making estimation
simpler.

State Room & Ship Amenities

Counting analysis highlighted an interaction between those two attributes at the aggregate
level.

Choice probabity (counting)
We tested such interaction by

considering it in the preference model. We

Balcony stateroom sliding door to

private balcony 30% +12% . . . .
introduced some logical constraints on thi:
- interactionpartworth:
Oceanview stateroom porthoie [N ' More Amenitiesshould haveiigher
e preferences,

1 Oceanview stateroom and Balcony
stateroom shouldebpreferred to
Inside stateroom

Inside stateroom (no windows) 13% +6%

The cruise utility for the MNL model incorporated this interaction into a single term,
becoming:

 Vilirmve ot demo s vd Blgo e Bt <mth bi—mome
Floo: w0 ™) m

‘aE QR —
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We kept some logical constraints for the paorth ofeach e v el 6 s untefadtiont y i n
term(arrows go from one level to another that must have a higher utility thatattiegsone)

StateRoom Ship Amenities: Fewer | More

Inside stateroom (no windows)
Ocearnview stateroom porthole window
Balcony stateroom sliding door to private balc

i

Price Per Day
Choice probability (counting)

Price per person per day

40%

o Fortheprice attribute, wéntroduced some

30% logical constraints for decreasing part
worth:

25% ﬂ:A ﬂA ﬁA

20% :n:A ﬁ:A 5

%75 $100 $125 $150 $175 $200 $225

Budget Per Person®
We assumedhat if thecost of a cruisexceeds theespondert s b uhdtge tii se wonot

considered, no matter the levels of other attribfte8.Budget 6 in the for mul a
total cost per person per day of a cruise.)
0 060 QQU6 QRO & "QQO Eool FZ200QQQ0

Consideration must be decreasing with budget, so we imposed a consfraint: Tt

® Setting the $100 paworth to zero allowsis to generate positive pavbrths for all other levels of the attribute.
5 Computed as the product of number of days and price per person per day, this attribute had more than 20 distinctasatrestel ws a
continuous attribute.
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Choice probability (counting)

Budget
As one can notice, the shape of the

relationship between budget and aggrega
choice probability is nofinear. So we
introduced a second term for budget
attribute its natural logarithm. And we
constrained both parameters, one for bud
and one for its logarithm, to be negative a
the individual level

Hom g It

Fu o W] g T

The final formofc r ui seds wutility for the MNL model b e

T AP0 Vigva o fFpmo vl Hgnfar: |l +ﬁ+L ¥ Fo—0n-
Fo o4 .ﬁ%o-lu.Q'l--ﬁ'- Jomp B4 T
and we determined that consideration of a cruise is based upon its destination and budget
”' rmY<L -+ B I Bﬂ-- v <
Fompam=l: Bﬂo-|n.<ﬁ||<>-|r.<|| 0 'I m <
Both condiions must be satisfied for consideration.

In our earlier discussion of general approaches, we cited two ways to treat the consideration
set:

91 Crisp Set Approach Here aralternative is assumed to be either considered oQma.
has to estimate the probbtyi of each possible consideration sEte respondent has to

make a choice; the consideraticonpset canot
consideration sets are possildlbe probability for each consideration set can be written
as:
. "B 0 & p 0 &
0 W = =
p b p U a

This approach supposes that consideration of each cruise is independent from the 3 others
in the choice situation. But cr@s can share the same destination (this oedun about

10% of the choice tasks in this design). Further, if a cruise satisfies the budget condition,
al | cruises that have a | ower budget must
assumed in ourase. One would have to build a specific approach for each possible
consideration se§o, we ruled out the crisp set approach.

" In this formua, yi is 1 if alternative is present in possible consideration set ; 0 otherwise. The products are over the 4 alternatives in each
consideration set.
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1 Fuzzy Set Approach In this approach, an alternative has a probability to be considered
Oneneeds only the marginal distributiooEconsideration, one for each alternative
included in the universal sétle used this approach in our final model

o s ”-ITI v - @”?M"I %HO < ad A
F>e >0 un_rr. Vi §|Hléz;;<;>u-| %H:g T

This leads us to semicompensatorghoice model, as the compensatory term (MNL) is
counterbalanced by a n@mompensatory term (consideration model).

ESTIMATION& SMULATIONS

We wused the Hierarchical B paytewthsandgher i t hm t o
parameters that figured in our formal model. We followed, poyrapoint, every step Kenneth
Train (2003) des crHieoaelkicaliBayestor Mixed logitd | Wa d2e &:; N

i Starting values: Negative uniforfor individual dravs (10x), and large covariance matrix
(10x the covariance matrix of the uniform draws)

1 For the first 10000 draws, we kept draws showing better likelihoods

1 500000drawsfor convergence

1 We retained afterwards500 draws, skipping 100 between two retaidesivs(so
systematically sampled from a series of 250,000 draws)

T We di dnodt ugues fortconstraimed gamroeters,iinstead we transformed
normal drawgsee Appendix B for more detail).

Since our model reduced the IIA problems, we directly usedlationsbased on 500 HB
draws.We then took for each respondent the mean of alternative probabilities over all those
draws. The first choice gave us the most likely choice the respondent willfondake 6 in
sample choice tasks (hit ratdhe meanswer r espondents of the indiv
probabilities gave uthe performance of each alternative for 2 outof-sample choice tasks
(R-squared based on the shafg@reference probabilities)

We focused all of our attention on building the chei mo d e | itself so we d
all the avenues of research we mentioned in the general approach. With one model, we were able
to establish an adequate description of market dynamics. Our description offers the marketing
manager some significand\aantages:

1 the predictive capacity ahe model,

1 the noncompensatory role of destination and budgéhe choice model, which can have
a significant impact on pricing cues,

1 market competition as a consideration model defined the most comak¢ineative, and
reduced the IIA problem.

LIMITATIONS ANDFUTURERESEARCH

Several hypotheses led us to our model based on our experience and descriptive analysis. But
we are aware that other hypotheses craobwt be r
prior beliefs may have biased us when we developed the model.
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First of all, we had no information about consideration set formation, even from the survey.
We developed our formation from the 15 choice
considerata¢ s et f ormation apart fr om -depthisfornsaiooi ce m
that consideration formation could provide for the marketing manager: given the destination and
budget, the marketing manager might be able to define the addressedandrttet main
competitors. The main drivers of consideration formation could also be helpful for cruise
promotion.

Second, the consideration set candét be empty
characteristics of the proposed alternatives. This cahtéeaverestimation of the consideration
model parameters.

For destination consideration, we mustnoét fo
the consumersd heterogeneity representation,
parameterscame seen as a fAcorrectiono for this depa
the previous destinations for the respondents who had taken cruises before (47% of the
respondents). Varietyeeking buying behavior can also have an impact on the cortgsideset
for this last set of respondents. So, precautions must be taken for destination consideration.

For budget consideration, this factor varied from $700 to $2200 and indicated more than 20
l evel s. Thatés quite a wiwviththevdesy \ariagon@or®d udget
than 50% of the choice tasks showed a budget fdmigieer than $500). There is extensive
|l iterature on the i mpact of an attributeds nu
Such bias could explain a part of thencompensatory effect of budget.

The consideration model allowed us to build a seompensatory model that captured
marketplace dynamics and showed (as we now know) high predictive validity. With the
l i mitations we descr iHheéevdpadasobourenpdelmqapproach.n 6t s ep

We referenced some ideas in the general approach that we would like to test further:

1 Choice Model: MNL, Nested MNL over destination (limited by the modest overlap),
MNP as one can suspect that destinations can sholsarved similarities (weather, for
example)

Consideration Model: Crisp Set approach versus Fuzzy Set approach

1 Heterogeneity: Normal versus Dirichlet/Gamma distribution (as extensions of Beta
distributions) versus empirical distribution

8 Measured as difference between lowest anddsdiudget across proposed cruises
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We put relativelyminimal effort into building our semsompensatory choice model, using a
level of effort that would be feasible and reasonable in real commercial studies. It could be
interesting to see the performance results of our research ideas, and the relatineaftzary
to invest in order to achieve additional performance.

Naji Nassar
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APPENDIXA

CBC Choice Screen, Attributes & Level s

Each respondent completed 21 CBC tasks with four alternatives per, dikegme
following.

Imagine you were in a position to take a cruise with your spouse, significant other, or friend in the next 2 years.
If these were your only options, which would you choose?

(1 of 21)
Destination: | Alaska Mexican Riviera Western Caribbean Mediterranean
(sailing out of Seattle, WA) | (sailing out of Los Angeles, | (sailing out of Tampa, FL) | (sailing out of Barcelona,
CA) Spain)
Cruise Line: | Disney Norwegian Royal Caribbean Princess
Number of Days: | 7 days 10 days 7 days 8 days
Stateroom: | Oceanview stateroom, Inside statercom (no Balcony stateroom, sliding | Oceanview stateroom,
porthole window windows) door to private balcony porthole window
ShI'D Am enl‘tl‘eszg e: | Fewer amenities, older More amenities, newer Fewer amenities, older More amenities, newer
ship ship ship ship
Price per Person per Day: | $125 per person per day $100 per person per day $200 per person per day $100 per person per day
$875 Total per Person $1,000 Total per Person $1,400 Total per Person $800 Total per Person
U o ) o)
Attribute 1: Destination Attribute 2: Cruise Line
1. Mexican Riviera 1. Norwegian
(sailing out of Los Angeles, CA) 2. Disney
2. Eastern Caribbean 3. Royal Caribbean
(sailing out of Fort Lauderdale, FL) 4. Princess
3. Western Caribbean 5. Holland America
(sailing out of Tampa, FL) 6. Carnival
4. Alaska
(sailing out of Seattle, WA)
5. Norway and Northern Europe
(sailing out of O, Norway)
6. Mediterranean
(sailing out of Barcelona, Spain)
Attribute 3: Number of Days Attribute 4: Stateroom
1. 7 days 1. Inside stateroom (no windows)
2. 8days 2. Ocearview stateroom, porthole windoy
3. 9days 3. Balcony stateroom, sliding door to
4. 10 days private balcony
5. 11 days
Attribute 5: Ship Amenities/Age: Attrib ute 6: Price per Person per Day
1. Fewer amenities, older ship 1. $100 per person per day
2. More amenities, newer ship 2. $125 per person peag
3. $150 per person per day
4. $175 per person per day
5. $200 per person per day
AAttributeo 7: Price per Person
Computed asumber ofdays x price per person per day
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APPENDIXB

From Normal Draws 1 to Model Coefficients

fete

The 51 parameters assuméaihave normal priors in the Hierarchical Bayes estimation were
transformed to yield final model parametefsEl QEARE | E A A% for the consideration
model)with the desired constrainfshe transformations made constraint violations impossible,

no matter what valuestheds t ook on.
The final formofac r ui seds uti |l it
‘r4 IE.><> Vin—.v< =|=J¢fu>-<>

e

TR

Consideration model:

”_n'- A\

||-|'|'. A\ |

y

TR B I ﬁfr.v<
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for t he MNL model

E VR | MLr.ﬂ b <V

<>-|=4
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Overall probability:|f »= #»0 i v
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Attribute Level

Transformation from sto# or A

Mexican Riviera 0: reference

Eastern Caribbean

Western Caribbean

Alaska

Norway and Northern Europ
Mediterranean

No constaints,#

rmY < -

Norwegian 0: reference

Disney

Royal Caribbean
Princess
Holland America
Carnival

No constraintsf . .o -

ve? &

7 days 0: reference

8 days
9 days
10 days
11 days

No constraintsty o o 4 g »- | r =7 v

Inside stateroom Fewer

<t «md o) e

- Reference

Inside stateroom More Fl <t <md i m=Dm
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g e

| [ |
Balcony stateroom More #H Z<=|=n<-=| g Dlt:iz;;fn-=m o Pt idli—og <
| [ |
$100 per person per day 0: reference
$125 per person per day fre . ‘@ i

$150 per person per day Blio Efls e ‘W =
$175perpersonperday | gy, ey, u gl w
$200 per person per day oo Bt o gl ‘m m
Budget fpom|g « ‘o =
Ln(Budget) Fufom] 3« f

Mexican Riviera

Eastern Caribbean

Western Caribbean

Alaska

Norway and Northern Europ
Mediterranean

No constraintsg, v <« + <. &

Consideration Budget No constraint:a| o mpp, « 7
Budget Aol ‘W m
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USING BAYEDTHEOREM TOADJUSTSMULATEDPREFERENCE
SHARES TOMARKETREALITY

DAVID BAKKEN
FORESEEABLEFUTURESGROUP

ABSTRACT

As e\ery practitioner working with conjoint analysis knows, even with the best possible
model, simulated preference shares often do not map to actual market shares. This paper
introduces a fNrweswd madtiloond adff updsntent wes ng Bay
adjusted results to other pasttimation adjustment methods. External measurements of market
performance, previous survey data, or even subjective beliefs may serve as prior beliefs in the
application of Bayes®d Th eromGhoiteBasedCanjpojntu st i ng s h.
studies. The method is applied to two case studies. Results indicate that the method may be
appropriate in the face of ignorance or uncertainty about the underlying differences between the
predicted and reference market shares.

INTRODUCTION

Conjoint analysis has proved to be a valuable tool for understanding consumer choices
among competing alternatives that can be defined (and differentiated) by observable
characteristics (fAfeatur es o0 o jointfamalysisderiesit e s 0)
much of its value from the fact that a set of model parameters estimated from data collected from
survey respondents can be incorporatfed sicretnar a
analyses. Most often such analysesused to refine a product profile, optimize a portfolio, or
model competitive dynamics (such as price competition).

As every practitioner working with conjoint analysis knows, even with the best possible
model simulated preference shares often do not mapttial market shares. Discrepancies
between modébased simulated preference shares and actual market shares can be due to any
number of factors that have been identified elsewhere (e.g., Alkrddy2005; Orme &

Johnson 2006).

Practitioners have empjed various techniques for closing the gap between simulated
preference shares andnmarket results. In general, these techniques rely on either improving the
guality of the data and parameter estimates (Allextlat. 2005) or use of various pest
estimdion adjustments such as multiplicative weighting of predicted preferences shares to
achieve a target distribution of shares. Orme and Johnson (2006) have described and evaluated
several of these adjustments. In this paper we introduce a method-e§poation adjustment
using Bayes6 Theorem. The rationale for this |
a model, our best guess (prior belief) for the market shares of the various alternatives is the
current observed share. The current obsestades provide information about unobserved
factors that may be contributing to the differences between predicted and actual market shares.
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For example, actual shares are subject to a number of constraints, such as supply capacity, that
are not directly bserved but that are reflected in the actual market shares.

AREDISCREPANCIESREALLY APROBLEM?

The discrepancies between simulated and actual shares can be substantial. In one of the case
studies described later in this paper, the predicted preferenesfehane alternative was larger
than the actual market share by a factor of nine. In the other study, the predicted preference share
for one alternative was five times larger than the actual market share.

From one perspectidethat ofinternal validityd differences between model predictions and
the real world may not matter much. Consider the case where a company must decide on the set
of features that will define a new product. As long as the conjoint model informs the company as
to the optimal set of Bdures based on some relevant criterion, the model results can be
meaningful and useful even if they do not predict real world market shares. However, this view
is shortsighted in many respects. Imagine that in this case the predicted market shaienisstwo t
the (unobserved) actual share the product will achieve. Actual shares translate to actual volumes,
and volume usually determines both revenue and profit. If the economic breakeven point for the
product is somewhere between the predicted share anellimed actual share, the firm is likely
to lose money by launching the product.

Discrepancies between predicted and actual shares also make it difficult to validate our
models and modeling approaches. If we cannot demonstrate that our predictedtriesdts a
correlate with real world results, managers may justly question the credibility of our findings and
recommendations.

Finally, managers may possess knowledge and hold assumptions about their markets that are
not made explicit in the discrete chom@del. If results predicted by the model are at odds with
that knowledge and those assumptions, they again are likely to challenge the findings and
recommendations. Just such a case provided the impetus for testing the Bayesatirpasbn
adjustment dscribed in this paper.

CAUSES OFDISCREPANCIES BETWEESMULATED ANDACTUALMARKETSHARES

Because the reasons for differences between simulated and actual market shares have been
discussed in detail by other auth@fdlenby et al. 2005, Orme and Johnson 2006will only
summarize those reasons here. Several of these factors impact the estimated parameter values;
our primary interest lies in the impact of violating the assumptions incorporated into choice
simulators.

Here are th@rincipal causes of discrepancies between simulated and actual market shares:

Study design factors

Data collection errors

Respondent reliability

Respondent validity

Modeling errors

Violation of simulation assumptions

= =4 =4 -8 -8 -9
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Study design factolisclude poor or incorrect operationalization of attributes and levels,
mismatch between the conjoint method used,(€BC, ACBC, MBC) and the reaorld choice
architecture, inadequat e -ceaxmnpceirtiinemitnag 0 hdoefs i rgenssy
respect to their understanding of the choice context and tasks. Because the experimental choice
context is, by necessity, an abstraction or simplification of the real marketplace, we may omit or
ignore one or more explanatory variables, resulting inssspecified model.

Data collection errorsnclude inadequate sample size, improper sampling frame, inaccurate
measurement of actual share, anchelyonicity between the survey data and actual market
share measurement.

Respondent reliabilitis compromisedvhen respondents answer inconsistently or when their
responses change systematically over the course of the choice experiment. In addition to these
within-subjectseffects, stochastic heterogeneity in traits that may be related to preferences may
introdue betweenrsubjectanoise. For models using hierarchical Bayesian estimation methods,
within-subjectsoise should have greater impact on the lower level model, hiNeeen
subjectaoise should have greater impact on the upper level model.

Respondent vality suffers when respondents do not answer realistically. They may choose
to answer unrealisticaldy an example would be consistently choosing higitered options
when they would not do so in real ieor they may be unable to respond realisticallyyhsn
they do not have an adequate understanding of some of the attributes that define the choices.
Respondents may be insufficiently motivated to respond accurately. Several researchers have
experimented with incentivized conjoint methods to reduce tkeéHod of unrealistic
responses.

Modeling errorsinclude failing to account for interaction effects (for example, failing to
include a price crossffect when modeling choices between bundledaaladcarteoptions) and
possible mismatch between the moagdumptions and the dagenerating process (for example,
assuming a compensatory, additive process when consumers actually employ screening rules or
elimination by aspects).

Violations of simulator assumptioimclude all the differences between the dtinds
encoded into the simulator and the real world. The choices that generate the model parameters
for the simulator typically take @te under conditions of 1008wareness of the alternatives and
an assumption of 100% availability for each of the a¢ttwies (with a corollary assumption that
there are no differential supply constraints for the alternatives). Respondents often are better
informed and have greater understanding of the differences between the alternatives than might
occur in the marketplac Simulated shares are instantaneous; all options are assumed to have
reached maturity (or to require equal time to reach maturity). Other assumptions typically
include that the consumers represented in the simulator have no budget constraints, laad that t
sales efforts of the different brands are equally effective (a corollary of the 100% awareness
assumption).

WHATDO WE WANT FROM ANADJUSTMENMETHOLY

Any method that we apply to reducing simulator vs. real world discrepancies should satisfy a
few impotant criteria.
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First, the method should have some plausible link to the reasons for the differences between
simulated and real market shares. To understand why this is important, consider a simple
aggregate share adjustment. We might run a simulatiorpgetreflect the current market
(brands, prices and attributes), compare the simulated shares to actual shares and then calculate
an adjustment factor for each brand by dividing the predicted shares by the actual shares. Then,
for every scenariowe simuat, we mul ti ply the results for ea
weight (and then renormalize the shares to 100%). Because this method does not take any
explanatory variables into account, we have no way of validating simulations for scenarios other
than the current market. On the other hand, if our method explicitly incorporates explanatory
variables such as awareness or distribution, we can systematically vary our assumptions about
those explanatory variables to test the robustness of our adjustetiodn

Second, the method should th@nsparentUnderlying relative changes in preference shares
(that is, before external adjustment) between scenarios should be preserved in the post
adjustment results. Orme and Johnson (2006) demonstrate how thishis case for the simple
aggregate adjustment described in the precedi
anomal i es 0 -adiugmest silnutated ghaves actually move in different directions
from the uradjusted shares.

Third, the resus of the adjustment should peedictable We should be able to tell from the
method whether simulated shares will increase or decrease as a result of the adjustment. If we
increase the assumed awareness level for a brand, for example, we expectdhatbrars i mul at e
share to increase. | f we decrease distributio

Finally, the method should lwebust producing consistent results across the range of input
values. Basically, this means that for extreme \&bfeadjustment inputs, such as very low
levels of awareness, the adjusted results are not wildlyasié.

SOME POSSIBLESOLUTIONS

Al t hough it is something of an inversion to
assumptions, most approachesi¢aling with these violations involve interposing some type of
correction to bring the simulator assumptions more in line with the real world. For example, if
we know the actual awareness levels of each of the brands in our model, or the actual geographic
distribution, we can apply some type of weighting scheme that adjusts the probabilities of
choosing each of the brands based on actual awareness or distribution (or both). This type of
i e x t eadjustenénti.e., postestimation adjustment) depends om ahility to discover or
make an educated guess about the parameter values for awareness, distribution, or some other
real world factor that differs from the simulator assumption.

Some factors, such as awareness and distribution, have an aggregate effadted shares.
Other factors, such as budget constraints, operate at the level of the individual consumer. While
individualspecific factors should be applied to respondent level data, aggregate factors such as
awareness can be applied at either theeagde level (applying the weights to the alternatives)
or individuatlevel (stochastically deciding whether each respondent becomes aware of each
alternative, in proportion to the target levels of awareness). Aggregate adjustment has a
consistent effect aoss all respondents. Assigning respondewel probabilities can lead to
different results when the simulator is based on indivitiad! utilities and therefore the
specific mechanism used to adjust at the individual level is an important consideration

72



Aggregate rternal adjustments are fairly easy to construct and apply. By way of comparison,
we can imagine building a simulator that explicitly incorporates variables that differ between the
simulator and the real worl&akken (2006has illustrated t use of agerAbased modeling to
simulate awareness, consideration set formation, and consumer choice. Given a set of individual
decision models derived fro@hoice BasedConjoint, this approach overlays a set of stochastic
processes to model market chaicEach respondent is treated as an autonomous buyer agent
subject to a variety of environmental stimuli, such as advertising and word of mouth. Such
model s can also incorporate seller (brand) ag
changing pices, for example, or increasing the resources devoted to creating awareness).
Building this type of expanded simulator requires that we both understand and can parameterize
all of these various components of the market system of interest.

In most casesimpler external adjustment methods will be adequate for closing the gap
between predicted and actual shares. Agased simulations, however, may be a better choice
when we need to model temporal dynamics, such as the rate of adoption and diffusiewof a
product over time, or the impact of positive and negative word of mouth.

Orme and Johnson (200é¢scribe and evaluate several external effects adjustments. These
include a simple adjustment for awareness wherein respondents are asked to indicate their

awareness of each brand in the modperloc(epsrsiionrg ot
the partworth utilities, setting any paworth for a brand the respondent is unaware of to an
arbitrarily low val ue s o electngthatbrdngis dosetopzérm d e nt 6

The same type of adjustment can be applied to unequal distribution if individual level data
reflecting access (Orme and Johnson suggest t
alternatives is availabl&@he stochastic micrsimulation method described abdwee awareness
can also be used for unequal distribution in those cases where we do not have information about
which respondents will have access to the different choices in the simulation.

Orme and Jatson also describe a method of individlgadel utility adjustment that applies a
brands peci fi ¢ constant c¢ or rworhtfor thbebrandoThey ind these e s p o r
brandspecific correction factors with a simple iterative procedure thatsmghe ratios
between target shares and unadjusted simulated shares.

Orme and Johnson describe an additional approach that calculates resfmradevgights.
This method might be appropriate in situations where the discrepancy between predicted and
acual shares is due to the fact that the sampled respondents differ from the target population in
some unobserved way that interacts with their preferences.

USING BAYEDTHEOREM FOREXTERNALADJUSTMENT OSIMULATEDSHARES

These methods for adjusting simutafmeference shares are all based on the assumption that
the actual mar ket shares represent Atrutho an
the actual shares. We can also view the fAprob
information about consumer preferences, namely the data provided by our survey respondents

°As Orme and Johnson -hevel thbi sectf ba-repodedawarlreds tomehch brand, e could assign
respondents randomly to states of aware oraware for each brand with a probability equal to awareness measws@me other way, such
as a brand tracker and then adjust the branewmaths. We would need to run many simulations, repeating the random assignment in each
iteration, and then average across the iterations to obtain awaaeljested preference giesa.
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and data on actual market shares, and we can view our objective as the integration of these
di fferent i nfor mat i BayesslooBofferseasvay toBR@ambiees 6 Theor em
information from the survey data with other, external information about the market.

Whil e many mar ket research practitioners wil
helpful to review the calculations using a classic example describRteyii-Pdmarini (1994)
and known as the AJuroroés Fallacy. o I n this e:
accident. An eyewitness claims to have seen a blue taxi strike a pedestrian and drive away. The
police, understandably, look towards the bluecabmpany f or suspects. Webd
whatever reason, such as company recofedich drivers were on duty, a single plausible
suspect is identified. Additional information emerges during the course of the trial: there are only
two taxi companies town and one uses only blue cars and the other only green cars. On the
night of the accident, 85% of the taxis on the road were green and 15% were blue. The
prosecutor has been diligent and conducted an experiment to determine the reliability of the
eyavitness. The experiment revealed that, under conditions identical to those on the night of the
accident, the eyewitness was able to correctly identify the color of a taxi 80% of the time. The
jurors are charged with determining whether, in fact, the adauas involved in the hit and run
accident. Our concern at the moment is determining the probability that the cab seen by the
eyewitness was blue (which is analogous to determining the probabilithé¢heyewitness
telling the truth).

This exampl e Iifalacgbadadsear intulive rection is likdéysto be that the
probability of a blue cab is the same as the reliability of the eyewitness, or 80%. Even if we feel
that the answer cannot be quite that simple, we arg likedlssume that it is more probable that
the cab was blue than that it was green. If, given the fact of a blue taxi, other evidence points to
the accused, the preponderance of the evidence likely would support conviction. However, we
have not consideretite ey ewi t nes s 6s condlitoneton the likeahbadthat mu st b
any taxi out that night was blue.

There are a few different ways of writing Ba
the formula used bgilver (2012):

W W

0i € QL Q& 6—— -
OWwap

The fAevento of interest is the taxi being bl
X= our fAprior probabil ity o priorioahe eyevhiteesst a x i [
appearing. In this case= 15%, the proportion of taxis on the road that hitjlat were
blue.
y=t he probability of the eyewitnessods testi

accuracy of the eyewitness), which = 80%.
z = the probability of the witness saying the taxi is blue if in fact it is green, which = 20%
Droppingthese values into trequationgives us:
T U T
T T TE 2T

0l € QAU BODOR
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So now, instead of our intuitive 80% probability that a blue taxi was involved in the hit and
run, ourposteriorprobability is only 41%, and the driver ofetlblue taxi appears much less
l' i kely to be guilty. So why does the probabil
probability that any taxi seen by the witness that night was blue is much lower than the
probability that any taxi seen wasegn (15% versus 85%). Of course, there might be other
evidence that would alter our prior probability. Perhaps the two taxi companies tended to operate
in different parts of the city. I n that <case,
guesse and recalculate the probability that the witness saw a blue taxi.

How do we apply this calculation to the prob
In other words, how do we set valuespy andz in our formula?

AXO0 1 s our oprbastguesskamoutthe dxpectenl market share in the absence of
the data from our conjoint study. I n the proj
Theorem as a possible method for adjusting si
12% The study was designed to explore pricing for the next generation of the product that
included some feature enhancements. In the absence of the market research, our best guess might
be that the new version of the product will sell about the same nuinieitoper year as the
current version. For the moment considering only aggregate adjustment, wexcemesgial
current market share for the product.

AYO0 is our hypothesis about the probability
alternative. Agan considering just aggregate adjustment, we cay squal to the predicted
preference share for the alternative.

Setting a value for may present the greatest challenge. Unlike our blue taxi/green taxi
example where we know the error rate forthe veitse6 s c ol or i denti ficati or
carefully about the way in which we establish the probability that we would observe consumers
choosing the target @ the senulatedtpreferenceisHrsovong. IMi hy p ot
the absence of any @hinformation, we can setequal to the random probability of choosing
an alternative, which is 1/(number of alternatives). Thus, if we have five alternatives in our
simulation,z would be set to 1/5 or 0.2.

Going back to the example above:

x = 0.12(current market share)

y = 0.25(predicted market share)

z = 0.2(based on five alternatives in the simulator)
P = 0.14(adjusted share prediction)

Changing our assumption abauxan have a fairly big impact. If our simulation has eight
optonsandwesetequal to 0.125 (meaning that itbds | es:
selected by chance), our adjusted share jumps to 21%.

So far we have | ooked at applying Bayesod The
we have individualevel prior beliefs v can apply this adjustment at the individual level. For
example, i f we are simulating automotive choi

current vehicle make and we know something about the retention rate for each brand, we can
cal cul at ereB sepaeatelp foredcle respondent and then average across respondents.
To keep things simple, assume that there are only two makes of automobile; 45% of the sample
currently own Make A, which has a retention rate of 60%. Make B has a 55% share of current
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owners and a 70% retention rate. For respondents who currently own Make A, we wauld set
for Make A equal to 0.6 (the retention rate, which is our prior belief about the probability that
they will choose Make A). Consider two different respondents wkio don Make A. For one
respondent, the simulated probability of choosing Make A is 30% before adjustment; for the
second respondent, that simulated probability is 70%. Settm@&0% for each individual (with

z =50% since there are two alternatives), posteriorprobability of choosing Make A for the

first respondent is now 47% while the posterior probability for the second respondent’{$ 67%.

CASESTUDIES

This Bayesian method for externally adjusting siredaghares was applied to two market
studies. The first study focused on preferences for sliding patio doors. The second study focused
on individual choices of health insurance coverage.

Patio Door Study

The patio door study was designed to estimate constsm@ wi | | i ngness t o pa\)
feature enhancements. Most patio doors are sold through either big box home improvement
stores or trade channels (e.g., lumber supply companies and local door and window fabricators
who sell direct to contractors). Doaran be constructed using wood (which is usually covered
with aluminum cladding on the exterior side), fiberglass/composites, or vinyl. Vinyl doors are the
|l east expensive and account for the | ionds sh
aremore expensive and more durable, but represent only absUt 8f total patio door unit
sales. Wood doors tend to be most expensive and represent ala#3@f the market. Reasons
for the differences across the different materials include awarenesbudiish, and supply
constraints.

Health Insurance Study

Many health insurance companies offer Medicare Advantage plans which are sold directly to
eligible consumers (in contrast to group plans which are marketed to employers and other
organizations who pwide or offer insurance for employees or members). The insurance
companies attempt to design benefits and premium structures that will attract profitable
customers. This study tested different plan designs for Medicare Advantage products. The
underlying asumption is that consumers will prefer those plans with the richest benefits relative
to their needs. Thus, someone with a chronic iliness that results in occasional hospitalization will
look for a plan with richer hospitalization benefits, while a red&dyi healthy individual may be
drawn to ancillary benefits such as fitness club membership. Because of the regional nature of
health insurance, local Blue Cross Blue Shield carriers often have the largest market share.
Possible reasons for the observededénces in market shares include awareness, consumer
inertia, and time to market maturity (some of the brands are new to the local market).

The following charts display the simulated and actual market shares for each study, before
any externahdjustments.

Wifusingafirstc hoi ce method for simulated shares, the individual tlevel adj u
choice.
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Patio Door Study
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Bayesian Adjustment of Simulated Shares

In both studies an aggregate Bayesian adjustment was applied to simulated market shares.
This table illustrates the calculations for a patio door simulation. The simulation included three

dooroptionf wood, composite and vinyl) plus a Anone

Prior belief (x) 61% 5% 34%

Simulated 28.6% 24.4% 26.4% 20.6%

Preference

share (y)

Z 25% 25% 25% NA

Bayes 0.644 0.044 0.353 NA

calculation

Rescaled* 49.1% 3.3% 26.9% 20.6%
*Rescaling accounts for not includingsnoprierbefieionedo opt i

regardingthdinoneo opti on.

The following charts compare the unadjusted, Bayesian adjustment, and actual market shares
for bothstudies.
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Patio Door Study

Predicted (Raw) Predicted Actual
(Bayes)

#Wood m Composite % Vinyl

Health Insurance Study

(Raw) (Bayes) (Scale) (Bayes +
Scale)

# Brand U % Brand A ®Brand M Brand E

For the door study, the simple Bayesian adjustment brings the simulated market shares much
closer to the actual shares. In the health insurance study, one company offersdoutilitgting
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plan ($0 premium with relatively rich benefits). limsilation, this plan achieves about five times

the observed imarket share. Because the valug of the Bayesian calculation is relatively

high, the Bayesian adjustment alone shrinks the share only a little. In a frictionless market, this

might be an amrate representation of what will happen under conditions of 100% awareness.
However, given high consumer inertia (the retention rate for the market leader, Brand E, is about
90%), i1itbdés possible that ther e reabwomdolmsechinoi s e
cases, tuning the scale factor (as applied in Sawtooth Software simulators) reduces this

difference. Combining the scale factor and Bayesian adjustments brings simulated shares even
closer to actual shares.

How Does the Bayesian Adjus tment Compare to Other External
Adjustment Methods?

The Bayesian adjustment appears to reduce the gap between predicted and actual shares, but
we might ask if it is a legitimate way to adjust simulated shares. To answer that question, we
compare the Bayesiadjustment to two other adjustment methods using the patio door study.

We look at three different indicators:

T Ratios of adjusted predicted shares ,to act
1 Consistency of predictions across methausl
1 Ability to capture competitive interactions (substitution effects) between products.

Three adjustment methods are compared:

1 Bayesian external adjustment (a prior béieictual market shadeis integrated with the
simulated shafe to arrive at a posterigrediction)

1 Simple aggregate external adjustment (differential external factors such as awareness and
distribution are translated into weights applied to the simulated shares)

1 Stochastic consideration set formation (differential external factors suchaesnass and
distribution are used in a probabilistic simulation of consideration set formation).

The following table shows the calculations for the simple aggregate external adjustment.

| S t r | 1% 5% 4%
Simulated
Preference share A 24.4% 26.4% 200%
SD;};trr:abutlon X pref 17.6% 1.1% 0.0% 20.6%
Rescaled 50.4% 3.1% 25.8% 20.6%
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The stochastic simulation method models consideration set formation as a random process
dependent on the probability béing aware of the product and being able to find it when
shopping (distribution). For purposes of the simulation, we assumed that the probability that a
particular door type wil/ be included in a co
share of volumé! Using a Monte Carlo process, we generate a random number between 0 and 1
from a uniform distribution for each brand for each respondent. If that random value falls within
a specified range determined by the unit share of volume, the ah&yee is included in the
i ndividual 6s consideration set. This results
door in any one simulation. To keep things simple, we multiplied the total exponentiated utility
for each option by either 1 or 0, dsping on whether or not it was in the consideration set,
before calculating the preference shares. We then repeated this process 1,000 times and averaged
across the iterations.

This chart compares the ratio of simulated to actual shares for each ofttioelsnested. We
can see that for all of the adjustment methods, the ratio of simulated to actual shares is close to
1:1 for the three door types.

Ratio to Target

=
o

O P N W b 01O N 00 ©

- 77 r
w 7, 7 %,

Unadjusted Bayes Adjusted Simple External Rescale Stochastic consideration
set

Wood :: Composite # Vinyl

The following chart illustrates the degree of consistency in adjusted shares across the
different methodsIn this simulation, the product lingp has been expanded to capture
substitution effects. For each materi al type,
product with enhanced features (at a higher price). Both the Bayesian and simple aggregate
adjustments yield similar adjusted shares across the different alternatives in the simulation. The
stochastic simulation seems to run into some difficulty in predicting the shares for the two vinyl
options; the ratio of the simulated shares for Vinyl Vityyl 2 is much different for the

" This is a simplifying assumption that is useful for demonstrating the differences between the methods but that woldniémydpriate for
actual simulation of consideration set formation. Among other things, we would want to separate distribgiwaraness in determining
whether or not a material type gets into the consideration set.
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stochastic method than we see in the unadjusted shares. This particular implementation of
stochastic consideration set formation appears to fail the transparency criterion.

Base Scenario Comparisons
60%

50%
40%
30%
20%

10%

Wood 1 Composite 1 Composite 2 Vinyl 1 Vinyl 2 Composite 3 Wood 2

0%

mUnadjusted = Bayes Adjusted ::Simple External Rescale < Stochastic consideration se

Finally, using the same product lineup, thegrior Composite Door 2 was decreased by
$200 while the price for Composite Door 1 remained at $1,950. The doors are similar except for
small feature differences, so we would expect Composite 2 to compete most directly with
Composite 1. We might also expéc see some competition with Vinyl 1, which has a similar
feature set. As the price gap between Vinyl 1 and Composite 2 shrinks, Composite 2 may become
more appealing to some of those who preferred Vinyl 1.
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Change in predicted preference share vs. tase

Simple External Stochastic

Unadjusted Bayes Adjusted

Rescaled consideration sef
Wood 1 0.00% 0.11% 0.17% 1.90%
Composite 1 -0.30% -0.02% -0.02% -0.02%
Composite 2 1.48% 0.15% 0.16% -0.75%
Vinyl 1 -0.59% -0.48% -0.75% 15.59%
Vinyl 2 0.00% 0.22% 0.37% -19.63%
Composite 3 -0.59% -0.05% -0.05% -0.38%
Wood 2 0.00% 0.07% 0.11% 3.29%

The Bayesian and simple external adjustment methods both perform reasonably well. The
stochastic simulation does not perform well. There are inexplicable shétgsen the two
vinyl options, and Composite Door 2 actually loses some share despite the lower price.

However, there are some anomalies suggesting that the Bayesian adjustment method requires
further testing across some different contexts. For exampile fib® Bayesian and simple
external adjustments have Vinyl 2 increasing in share. The unadjusted shares do the best job of
capturing the expected substitution effects.

RECOMMENDATIONS AND CONCLUSIONS

It is tempting to suggest that practitioners avoid mglexternal adjustments to simulated
shares whenever possible. However, there are real consequences for-tegisranwhen
simulated shares vary from actual market conditions by as much as they do in the two case
studies.

The Bayesian adjustment methotraguced in this paper is intuitively appealing for at least
a few reasons. First, at least for those of us with a Bayesian orientation, the method offers a way
to incorporate all of the information we have available into our simulation models. Secend, thi
method is, for want of a better descriptor, ®afibrating. By that | mean that as the simulated
share value (or any other input, such as our assumptionszadogtchangesthe adjustment
changes in proportion to those changes. As the prior bahefshe simulated shares converge,
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the adjustments decrease in magnitude. Third, if indivitledl priors are available, this method
might well outperform other methods.

More testing, across different contexts, is needed to confirm the promise o&thisdnFor
one thing, we need to understand the apparent anomalies in substitution effects. While the
Bayesian method does a little better than the simple aggregate external adjustment in this regard,
there are still concerns. Testing the method acrossiety of choice models is imperative.

In the meantime, if there is a strong empirical prior like current market shaceparameter
values for factors like awareness and distribution are unknown, you may want to try this method
of external adjustment.

David Bakken
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MOBILEMAXDIFE WHAT ARE THEODPTIMALNUMBER OF
ATTRIBUTESCREENS ANDLEVEL OHNFORMATION COMPLEXITY?

MICHAEL PATTERSON

RADIUS GLOBALMARKETRESEARCH
MICHAEL SMITH
MFOUR

ABSTRACT

Research presemtat the 2015 Sawtooth Software@erence demonstratéhat conducting
MaxDiff exercises on traditional PCs (desktop/laptop), tablets and smartphones did not produce
any substantive differences by device type. However, this research did not investigate va
aspects associated with the presentation of content when conducting a MaxDiff study on a
mobile platform.

In our research, we investigated the number of items and screens to show, as well as the
length of the item descriptions to determine how tliiferent factors impact Maiff results
when conducted on mobile devices.

We found thashowing fewer items within mobile MaxDiff studylikely producesnore
accurate resultdhan showing larger number of itemBurther,we did not find any impaain
model accuracy as the number of screens incre@bas, our research found that whdaxDiff
studiesareconducted on mobile devicasis betterto show fewer items in each question and to
show more questions than presenting a greater number of items in fewer queégiatso find
that minimizing the Acomplexityo of the infor

INTRODUCTION

Mobile devices, particularly smartphanbave become ubiquito@sross the United States
It is estimated that by 2019, nearly 3 out of 4 US adultsomih and us@ smartphone (see
Figure 1).

Figure 1. US Smartphone Adoption Rates

a smartphone

Share of US population with

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Source:eMarketer; US Census Bureau
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Further given the prelence of smartphones (and tablets), they are frequently used to
complete online surveys (we estima@®b to 30%are completed via mobile devices)

However, there are several notable challenges with completing surveys using mobile devices
(particularly smaphones), including:

1 Smaller screen size$ which limit the amount and level of complexity of information
that can be displayed on the scredms can be particularly true with studies such as
MaxDiff which display multiple items within each question.

1 Lower attention span® we would argue that individuals are often midisking when
using mobile devices, therefore they are often less engaged in processing information and
are more easily distracted when taking surveys on a mobile device. This suggests that th
presentation of information should be compelling, succinct and easy to
understand/process.

Despite these challenges, mobile devices have been found to be an effective platform for
completing surveys, including relatively complex questions such as Max{@iftises.

For example, at the 2015 Sawtooth Software conference, Jing Yeh and Louise Hanlon
demonstraté that conducting MaxDiff exercises on traditional PCs such as desktops and/or
laptops, tablets and smartphones did not produce any substantivendéfelsy device type.
However, they did find that smartphone surveys take longer to complete and have greater drop
off levels than do MaxDiff questions administered on PCs and tablets.

While Yeh and Hanlon (2015) showed that researchers can be confidiésstiff results
obtained on mobile devices, they did not specifically investigate various parameters that should
be kept in mind (e.g., number of items showhgen designing questiondowever, other
research has been conducted tzett be used to providgiidance.

In one study, Chrzan & Patterson (2006)estigated the impact of displaying differing
numbers of items in MaxDiff experiments that were conducted on desktops and lAptops.
three studies, they found that predictive accuracy is enhancedresearchers show 4 or 5
items in each MaxDiff questioin conclusion, they argued that it is better to utilize a larger
number of questions witleweritemsthan fewer questions with more items.

In an earlier study, Orme (200&ls0 explored the traedf between the number of items
versus number of screens via analysis of simulated ldatés analysis, Orme found that
MaxDiff experiments that presented 5 items per set provide a substantial increase in predictive
accuracy versus those showing 3 itemeach set-e further found that moving from 5 to 7
items per set provided little incremental impact.

Based on these previous studies, it could be surmised that displaying 4 to 5 items in each
MaxDiff question might be optimahowever, given their smaller screens, it is possible that
showing fewer items (3 to 4) might be optinflt, if a researcher reduces the number of items
shown in each question, there needs to be a corresponding increase in the number of
tasks/screens shw in order to collect a sufficient amount of information to obtain accurate
utility estimatesincreasing the number of screens could be problematic, however, given the
higherdropo f f | evel s associated with smasttdphones

In previous research, one dimension that has not been investigated is the amount of
descriptive content associated with the information being preséritatlis, is there an effect of
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displaying more versus fewer words when trying to convey infooma&b the respondenté/ith
respect to mobile devices, it would seem that relatively short descriptions (defined as 2 to 6
words) could be easier to process on mobile devices relative to descriptive content that is more
verbose (e.g., ~10+ words).

Thus, n the current study, we were interested in exploring MaxDiff on mobile devices to
determinevhethet her e i s an fAopti mal o:

1 Number of items to show in each MaxDiff question
1 Number of screens to display
1 Amount of descriptive content to present to respondents

RESEARCHDESIGN

Respondents were recruited W&o ur 6 s mobi |l e panel which consi
complete surveys via an app on Apple and Android mobile devices (smartphones & tablets).
app does not exist for PCs; therefore we are certain thpairréents did not complete surveys via
desktops or notebook computerbe survey took respondents approximately 15 minutes to
completeTo qualify, respondents were required to be decision makers for technology purchases
within their homesDuring the MaxDff exercise, respondents were asked to evaluate the
importance of various features and capabilities when purchasing a PC (either a desktop or
notebook) or tablet computer for use in their home.

Prior to the MaxDiff exercise, respondents were randomlgasdito one of 8 experimental
conditions as shown ifable 1

Table 1 Experimental Conditions

. . Amount of
Experimental # of items shown o
" ; # of screens shown descriptive
Condition in each set :
Information
1 3 8 succinct
2 5 8 succinct
3 7 8 succinct
4 4 6 succinct
5 4 9 succinct
6 4 12 succinct
7 4 8 succinct
8 4 8 longer

The first three experimental groups allow us to investigate the impact, if any, of varying the
number of items shown in each MaxDiff questibnthis case, respondents either saw 3, 5, or 7
items in the MaxDiff question while the number of questions asked was held constant at 8 for
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each responderfiRespondents in these three groups were also shown content with descriptions
that consistedof 26 wor ds (defined as fAsuccincto descri

Experimental conditions 4 through 6 allowed us to look at the influence of the number of
MaxDiff questions answered by respondeRsspondents were shown 6, 9, or 12 MaxDiff
guestions in these groug=our itens were consistently shown in each of the questions and all of
their content was composed of Ashorto descrip

The final two groups varied the amount of information used to describe the product features.
I n the fAshorto condoi t6i owo,r dist,e mwsh icloen stihsotseed ionf t
were show descriptions that consisted of 7 to 20+ wadtlis.items tested in thitevo groups are
shown in Table 2

Table 2 Iltems Tested in the MaxDiff Exercise

Succinct Descriptions

Device price

Battery lifeor power consumption
Overall visual experience

CPU processor brand

Size/weight/form factor

Device manufacturer

Warranty/after sale service and support
Storage Capacity

Number of ports or external connections

Longer Descriptions

Device price(price of the device excluding tax)

Battery life or power consumption (how long the device will run on battery, or amount of power i
consumes)

Overall visual experience (e.g., resolution and graphic clarity)
CPU processor brand (the manufacturer ofpifeeessor)
Size/weight/form factor (the physical characteristics of the device)

Device manufacturer (the brand of the device)

Warranty/after sale service and support (the extent to which service and support are available a
purchase)

StorageCapacity (how much internet storage is available on the deditber a hard drive or SSD)

Number of ports or external connections (includes ports such as USB, HDMI, etc.)

A total of 2,002 completes were obtained in the TU& completed surveys were alxe
distributed across the 8 experimental conditions so that each group had 250 completes with the
exception of Experimental Condition #2 which had 252 completed surveys.



PLANNED COMPARISONS

Several planned comparisons were conducted:

Drop -Off Rates

We meaured the proportion of respondents who suspended the survey by failing to complete
the MaxDiff exercise once they begdinis analysis involved conducting a typooportion ztest
to test each of the experimental conditions against one another to detiétimeyavere
significantly different.

Task Length

We assessed the average amount of time (in seconds) it took individuals to complete the
MaxDiff exercise We would expect as the number of screens increase, the task length should
also increasdt is alsopossible as the number of items increase, the time will also increase.
Analysis of Variance (ANOVASs) with pogtoc tests were performed to compare the means
within each group of experimental conditions (e.g., conditiéls 4 6, 7 and 8).

Mc F a d d esedds R2

Mc Fadden 6 §(algp newn@oPerRent Certainty) was computed to judge the internal
fit within each respondent in each of the experimental conditiongrbups. t hi s case, Mc
pseudo Rwas calculated as-1(LN RLH / LN (1/C)) whereRLH is the root likelihood an€ is
the number of items shown in each MaxDiff exercidee pseudo Rwere theranalyzed via
ANOVAs with posthoctessto determine if there were differendestween experimental
conditions

Predictive Validity

To assespredictive validity, respondents were randomly shown two of six MaxDiff holdout
guestions, each of which contained four itefiriee holdout questions were always the last two
guestions asked in the MaxDitdnfgropeawongs. Those
descriptivaitems; all others saw succinct iteriisvo measures of predictive validity were
examined.

1 HitRate:The percentage of time we could predicl
worst responses based on the MaxDiff utilitidggher hitrates are preferred over lower
hit rates.

1 Mean Absolute Deviation (MAD): Allows us to measure how well the aggregate best
and worst share predictions match actual sh&msiller MAD is better than higher.

ANOVAs with posthoc tests were performed to compait rates and MAD within groups
of experimental conditions.

Parameter Equivalence

We examined the utilities from each of the conditions to determine if there were significant
differencesThe utilities were transformed via zetentered internal scalirig remove
differences in the scale factor that might exist across grdydsvariate ANOVAs
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(MANOVAS) with posthoc tests werearnputed to compare the utilityectors across
experimental condition groups.

Task Perceptions

To assess pereponoohtidesurvieyseiiperience, we asked three questions at the
conclusion of t he s ursatsfgctionnah thkeesurvey theaseoéther e s pond
survey to complete and haaecuratethey felt their answers were.

RESULTS

Drop - off Rates & Task Length

As the number of screens increases, the-dfbatealsoincreasesSignificantly more
respondents droppedf when shown 9 or 12 screens usly 6 screensAs the number of items
increases from 3 to 5, there is also an increase in the dropsudlthbugh the difference is not
significantly different.

For task length, as expected, as the number of items and screens increase, the time to
complete increase$he same is true for longer text vs. succinct text.

Table 3: Drop-off Rates & Task Length

Experimental Drop-off Rate Task Length (s)

Condition

3 ltems 7% 209
5 ltems 12% 235
7 ltems 12% 241
6 Screen 66t 183
9 Screen 11% 228
12 Screen 13% 258
Succinct 9% 2011
Longer 10% 257

McFaddends Pseudo R

When examinindc F a d geeudé B higher values suggest that we have more accurate
utility estimates and hence are better able t
demonstrate that showing 3 iteteads taa significantly higher peudo Rin comparison to
displaying5 or 7 items. Providing a shorter item description also produces a haghetqpR
relative to longer descriptions. This suggélat showing fewer items that are more succinct in
nature will lead to more accurate utility estimates that provide betteg fMaxDiff models.
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Figure 2. Pseudo R

0.6
0.59 0.59
0.58
3 0.56
0.551
3

I 0.53 | 0.53)

3ltems Sltems 7 Items 6 Screens9 Screensl2 Screens Succinct  Longer

Hit Rates & Mean Absolute Differences (MAD)

We find that displaying 7 items leads to a significantly lower hit rate in comparison to 3 or 5
items. Further, displaying longer descriptions resultslan@r hit rate in comparison to more
succinct items. There is no difference in hit rates based on the number of screens shown.

There are no differences across the experimental conditions in terms of the mean absolute
differences
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Table 5. Hit Rate and Mean Absolute Deviation(MAD)

Experimental Hit Rate MAD
Condition

3 Iltems 70% 4%

5 Iltems 70% 5%

7 ltems 61%) °*° 506

6 Screen 68% 5%

9 Screen 71% 4%

12 Screen 72% 4%

Succinct 57% 5%

Longer 54%1 5%

Testing for differences in parameters reveiads there are nstatisticallysignificant
differences mong the three number of items conditions

Table 6. Utilities by Number of Items Shown

3 items 5 items 7 items

Device price

Storage Capacity

Battery life

Overall visual experience 2 1 0
CPU brand -3 -1 -1
Device manufacturer

‘Warranty and support

Form factor

Ports

Looking at the screen conditions, we do find significant differences in the parameter
estimates. However, frommanagerial standpoint, we would draw similar conclusions
concerning the directional preferences of the items regardless of group. That is, looking at the
rank ordering of the utilities, we see that the appeal of the items is nearly identical across the
three conditions.
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Table 7. Utilities by Number of Screens Shown

6 screens 9 screens 12 screens

Device price *

Storage Capacity *

Battery life *

CPU brand

Device manufacturer *

Overall visual experience

Form factor

Warranty and support

Ports *

We also find significant difference in our parameter estimates based on the amount of content
displayed. While most of the differences are relatively modest, the one that is most notable is
related to AOverall visual experienceo0o where
description condition. In this case, we could surmise that the description provided additional
information leading respondents to judge that this factor was impietant.

Table 8. Utilities by Amount of Information

succinct

Storage Capacity

Device price

Battery life

CPU brand *

Overall visual experience *

Device manufacturer *

‘Warranty and support

Ports

Form factor
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Task Perceptions

There are no significant differences in terms of satisfaction levels, perceived ease of
completion or accuracy based on the number of items seen nor the number of screens shown. The
only significant difference is among those in the longer item description condition who express
higher satisfaction levels than the succinct group, however, the effect is relatively modest.

Table 9. Satisfaction, Ease of Completion & Accuracy

Experimental Satisfaction Ease of Completion Accuracy

Condition
3 Items 1.89 1.90 1.80
5 ltems 1.85 1.92 1.80
7 ltems 1.95 2.00 1.83
6 Screen 1.88 1.91 1.75
9 Screen 1.90 1.94 1.79
12 Screen 1.90 1.98 1.82
Succinct 187 1.83 1.78
Longer 1.98 2.06 1.88

DISCUSSION

In this research, wind that showing fewer items (ideally 3, but up to 5) withidaxDiff
studyconducted on mobile deviceslikely to produce morecaurate results (when judged by
holdout hitratesandpseudo R valued versus studies thahow a larger number of iter(is and
perhaps morekFurther, there seems to be no impact on madelracyas the number of screens
increases (at least up to 4&eenk

Thus, like Chrzan & Patterson (2006)e would argue that with MaxDiff studiesnducted
on mobile devicet is advised to show fewer items in each question and to show more questions
thanpresenting respondents with a greater number of itefesver questions.

Further we also find thahs much as possible, the verbiage assatiaith the items
presented to respondestsould be minimized thus resulting in more accurate reagtsn as
judged by hitrates and geudo R). Obviously items need to be adequately explained so that
respondents understand them sufficiemthich sug@sts that préesting of items is warranted to
ensure proper understanding
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CHOICE-BASEDCONJOINT IN A MOBILEWORLD
How FAR CAN WEGO?

CHRISMOORE
CHRISTIANNEUERBURG
GFK

ABSTRACT

With morethan twothirds of panel respondents having now used a tablet or smartphone to
answer surveys it is just as important as ever to understand what effect this has on the results of
conjoint studies. Past research into the effect of conducting conjoint sloneymobile device
has typically concentrated on how to simplify the conjoint task and have tested a limited number
of designs. To expand knowledge in this research area we conducted the most comprehensive
study known using an 18 spample design anadore than 6,800 respondents to evaluate what
effect different conjoint designs have on conjoint data. Rather than asking the question of how
simple do we need to make design, the question is how complex a design can we show and still
obtain robust resultsPhrough this research we are able to conclude that respondents can
comfortably cope with complex designs with very little, if any, degradation on the robustness of
the data. Interesting findingsaenealso captured regarding the environment responderds tak
mobile surveys in, which conflict with popular perception and the demographic composition of
these respondents. Analysis was also conducted to look at the effect of showing concepts
vertically rather than the more traditional horizontal layout, whichveldconly minor
differences.

BACKGROUND

Over recent years thesage of mobile devices (defined in this paper as a smartphone or
tablet) makes up a significant minority of the interviews collected on market research access
panels. Internal research on pastjgcts conducted in 2015 concluded that on any one survey
the proportion of panelists answering a survey on a mobile device was:

Proportion of RespondentdJsing Mobile Devices

Germany 12%

UK 14%

USA 21%
Source: GfK

This shift towards using mobildevices to answer surveys also has a significant impact on
dropout rates. In a comparison of dropout rates for those respondents that answer on a
desktop/laptop versus a mobile device, those answering on a smartphone are more likely to drop
out of the surey. Figures of dropout rates are shown below.
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Dropout Rates
Desktop/Laptop  Tablet Smartphone

Germany 6% 20% 22%
UK 6% 14% 22%
USA 14% 31% 30%

In the research conducted for this papethe®b,866respondents that were intervieweder
91% hadpreviousy used a smartphone or tablet to answer a market research survey (54% had
previouslyused a smartphone and 61% Ipaelviouslyused a tablet). Due #n increasing use of
mobile devicesmost market resear@genciesiow implement responsive webslgns to
provide a better user experience fespondentanswering a survey on a mobile device.

However, these responsive desitmslatehave typically been limited to standard survey
guestions rather than the conjoint exercise itself.

Two papers that we pregnted at the 2013 Sawtooth Softwapaference (Dienegt al,
White) investigated whether there are any differennenjoint results when a conjoint survey
had been conducted via a mobile device versus more traditional meptep(or PC). Both
papers found little evidence of any differences but the researctestastedn terms of the
number of experimental conditions that were tested, for example, the number ahisks,
number ofconcepts anthe number oéttributes contained within tleesign. The focus instead
was more onestingsimplifying strategies that may be needsthe researchen order to
obtain comparable conjoint results.

As these papers showed evidence that there is little need to simplify conjoint démsgns
primary ohjective of this paper is teystematically research the effect of different conjoint design
settingswithin a mobile environmerdand to recommend where possible the best combination of
design parameters to conduct mobile CBC experiméntwder to test this, a 16 split sample
design was set up where the experimental design conditions diffecedl. The experimental
conditions tested were:

Experimental Factors Tested

Factors

Responsive
Standard
6
10
8
15
2
4

Programming platform

Number of attributes

Number of random tasks

Number of concepts

In addition to these 16 mobile cells, an additional 2 cells weteded where respondents
completed the conjoint experiment on a fixed device (desktop or laptop), which allowed, as a
secondary objective, comparisons to be made between device types. To be able to also make
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some direct comparisons between previous wotkigareathe study area used for the conjoint
experiment wabasedn the preference for tablets.

WHAT WE (THINK WE) KNOW ABOUT OM OBILE) RESPONDENTS

When we think of a respondent answering a survey on a mobile device, the image of what
onethinksis hagpening is not necessarily what is actually happening inlifeallhe immediate
thought is that someone conducting a survey on a mobile device is either in a public place or in a
busy andbr distracting environment, and as a consequence it is not pass@iie their full
attention to the stimuli that is required to give sensallé consisteranswes to the conjoint
tasks They are also viewing the questi@mjoint tasks on a much smaller screen so the survey
experience is compromised and these peopy be very time conscious so are only willing to
spend a short time to answer the entire survey. Compare this to someone who is answering on
their PQlaptopand is at home in a quiet and relaxed environment. We assume that they are
giving the survey thefull attention, have gooduser experience because of the much bigger
screen size and are willing to spend more time to answer the survey.

Within this research a number of questions were asked about the environment that the survey
was taken, in additioto survey experience questions. Analysis that will be presented later in the
paper will show that the reality is that respondents answering on mobile devices are just as likely
to be at home in a quiet a relaxed atmosphere and despite the smallesizerdegre is little to
suggest that their user experience has been significantly affected.

In terms of what we know about differences between respondents answering on a mobile
device and those answering on a fixed de{iesktop/laptopprevious paperdyeneret al.
2013, White 2013pave shown thdietween device types

Conjoint utilities are highly correlated

Holdout accuracys comparable

Mean Absolute Errors (MAE) are comparable

Dropout rates are comparable

The user experience is slightly lesgosrable for mobile users
Conjointexerciss taken on mobile take slightly more time to complete

= =4 =4 8 -8 -9

This research has shown similar findsng most of these poinsit adds to the body of
evidence thaindicatesthat theras little, if any systematic bias when answering conjoint studies
on a mobile device.

We also know from demographic analysis of respondents answering surveys on a mobile
device that they tend to be younger anemore likely to be female.

STUDYDESIGN

In order to systematically test different design conditions, a 16 monadic cell design was set
up, each testing a specific design configuratigyre 1). A sample size ®§=400 was assigned
to each cell, andoft quotas were included to ensure a minimum of M=Espondents answered
on smartphone and N=175 respondents answered on a tablet (quotas were not needed as each cell
had ¢.50% of each device typ&)o other gotas were included in the survéys a benchmark,
two additional cells werancludedwhere respndents answered viadasktopor laptop. The
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most simple andhostcomplex combinations of experimental factors were chosen for these fixed
cells and there was a sample of 200 in each of these cells.

Figure 1. Experimental Designs Ested

16 Mobile Cells

Cell Platform Attributes Tasks Concepts n

1 Responsive 6 8 2 400

Responsive 6 8 4 400
3 Responsive 6 15 2 400
4 Responsive 6 15 4 400
5 Responsive 10 8 2 400
6 Responsive 10 8 4 400
7 Responsive 10 15 2 400
8 Responsive 10 15 4 400
9 Dimensions 6 8 2 400
10 Dimensions 6 8 4 400
11 Dimensions 6 15 2 400
12 Dimensions 6 15 4 400
13 Dimensions 10 8 2 400
14 Dimensions 10 8 4 400
15 Dimensions 10 15 2 400
16 Dimensions 10 15 4 400

Cell | Platform Attributes Tasks Concepts n
17 Dimensions 6 8 2 200
18 Dimensions 10 15 4 200

The experimerat conditions were defined as:

Platform:

The nonconjoint element of the main questionnaire was condugted)SPSS
Dimension® andit had been optimized for use on a mobile device. For the conjoint part of the
guestionnaire this differed, where in ong@ermental condition theonjoint taskwas still taken
within thesameDimensions platfornf we r ef er t o t Whilesintleothei Di mensi o
condition a responsive method calligularJS( we r ef er t o twass as fiRes|
implementedThis involvedrouting out of the main questionnaire to conduct the conjoint
experiment beforeoutingback in to thebimensiors platform. TheAngularJS method is a
framework which is used for creating responsive single page applications and consists of a
collection of libraries and directives. The main components of the framework are:

1 Angular (by Google) is a fast and simple JavaScript framework that allows the creation
of single page applications in an easy an efficient manner
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91 Twitter Bootstrap deliversthe responsiveness to the platform by automatically
repositioning and resizing based on the screen resolution that the respondent is
conducting thesurvey on

1 Yeoman/Bower/Grunt are tools that are combined and used as an app creator which
delivers a tesframework and test server

The combination of these techniques provid@sultidevice applicationvith the same
layout quality as Flash but with the advantage that it allows complex surveys to be conducted via
smartphones and tablefs advantage of thimethod over standard interviewing platforms like
Dimensions oConfirmit is that it is a single page applicatiprocessand as such the
interviewing time is reduced. With a platform suctDasensions, there involves a significant
amount of server commigation in order to process the result that a respondent has given for a
task and then to upload the new task. With&hgular JSsystem the conjoint tasks are loaded
onto a single page applicatitmat is uploaded prior to commencing the conjoint paithe
surveyso there is no lag between submittamganswer to a task and the next task appearing.

The presentation of the concepts will also differ. With the respoAsigelar JS platform,
the concepts will ¢herbealongside one another (horizontajdat) or below one another
(vertical layout)depending on the orientation and size of the sdiesrithe respondent is using
In aDimensiors platform the concepts always appalangsideto one another regardless of
orientation and size of screen. Apper@l shows example screenshots of the layout of the
conjoint tasks by device and orientation. Figure 2 shows a summary of the differences between
Dimensiors andAngular JS.

Figure 2. Comparison of Dimensions and Angular JS

Responsive- Automatically adapts to different screen Automatically adapts to different screen
ness sizes but cannot adapt to different device  sizes and device orientations
orientations

Concept Landscape: Next to each other Landscape: Next to each other
Presentation Portrait: Next to each other Portrait: Below each other

Concept By hitting a check box By clicking the whole concept card
Selection

Server Task#1 Task #2 Task#3 Task#1 Task#2 Task #N

aon . 3 128 1238 118 L)
e oo oo ][] [

Attributes:

A six- and a terattribute design wernaesed across the cellBhe attributes and levels were
chosen based actualretail sales datand reviewing the technical descriptiasfghe leading 50
tablets sold in the UK in 201%ee Appendix B for a description of the attrdmiaind levels.
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Tasks:

Designs with eighor fifteen random tasks were created. In additiotheorandontasks, two
additional holdout tasks were included, meaning in total, ten or seventeen tasks were shown to
respondents.

Concepts:

Designs either had twar four concepts, plus a None option for respondentsatce a single
choice from.

The designs were generated in Sawtooth Softwar&\®&81/8.3.10. For each design, 50
versions of the tasks were generated using a balanced overlap algorithm.

ESTIMATIONPROCEDURE

The analysis was conductadingSawtooth Softwai@ €BC/HB v55.3and the analysis was
run separately foeach device typésmartphone and tablet)ithin cell. Thisresulted in 34
separate runs (16 cells x 2 device types + 2 fixed @alid)waslone to ensure that any
differences between respondents were not influencélddmevice type. A partvorth estimation
procedure was used and covariates or constraints were included in the estimation procedure.

Due to the split sample design, in orttemake comparisons across cells it is important to
ensure the demographic balance of the cells. Througtatisemfallout of interviewsthe
demographic balance was very similar actbssmobilecells but a RIM weighting procedure in
SAS was implementedhere the target weights weset aghe demographic composition across
the entire sample. Each célicluding the fixed cellsjvas weighted on:

Age

Gender

Children in HH

Working status

Internet usage

Tablet ownership

Device type (used to conduct survey)

* For the two fixed cells the device types was not applicable.

=4 =42 =4 -8 -8 _9_-9

RESULTS

Sample demographics

A review of the unweighted demographic data by cell showed large differences between the
mobile and fixed sampdan terms of age distribution and gender. This backs up previous
research done in this area which has shown similar patterns. Figure 3 shows further details of the
demographic differences between the moéiidfixed cells
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Figure 3. Demographic Breakdown of Mobile and Fixed Cells

Total  Total Total Total
Total .
(Mobile (Fixed . Smartphone Tablet
sample (ope Chies Cells) (Fixed cells) P
1 Under 35 41.0% | 43.1% | 6.9% 43.1% 6.9% 59.3% 27.1%
Age bands 2 35-44 23.1% | 23.7% | 14.3% 23.7% 14.3% 24.6% 22.8%
3 45 orover 36.9% | 33.2% | 78.8% 33.2% 78.8% 16.1% 50.1%
1 Male 36.6% | 36.0% | 43.7%
Gender
2 Female 64 5% | 65.0% | 56.3%
1 Yes 61.6% | 61.5% | 63.2%
Children in HH
2 No 38.4% | 38.5% | 36.8%
1 Full time 42.2% | 43.0% | 30.1%
Working Status 2 Part time 18.7% | 18.9% | 16.3%
3 Other 39.1% | 38.1% | 54.6%
1 Light user 34.3% | 342% | 36.5%
Internet Usage 2 Mid user 36.7% | 36.7% | 38.3%
3 Heavy user 29.0% | 29.2% | 25.2%
1 Yes 81.0% | B2.6% | 67.5%
Tablet Ownership
2 No 19.0% | 17.6% | 42.5%
Device answered 1 Smartphone e
survey 2 Tablet 50.1%

An interesting findings that when the mobile sampkesplit between those that answered
the survey on a smartphone and those that answered on a tablet, the age distribution differs
significantly againTablet users are morégned to the fixectellsin terms of age demographic
and are much older that those that answer on a smartphone

User Experience

Four user experience questions were included in the survey after the conjoint section to
understand differences in user expecie across the different experimental conditions. An
additional question about willingness to answer future surveys using the same device was also
asked. The questions were asked orpaift anchored scale.

Horrible (1) vs. Fun (5)

Complicated to answelf) vs. Easy to answer (5)

Difficult to read (1) vs. Easy to read (5)

Boring (1) vs. Interesting (5)

Unwilling to use device again (1) vs. Willing to use device again (5)

aprownpE

When comparing results for the mobile cells against the fixed cells theclatigstently
scored higher by c.0.2 points on average on all statenfegts€ 4). Howeverthe results
suggest therss little difficulty in completing the exercisen a mobile device witheadability
averaging 4.3 (out of 5) and willingness to use deWpe again also averaging 4/8hile the
results arestatisticallysignificant between the fixed and mobile cells (due to the large sample
size)the results suggest that there areegaconcerns regarding conducting surveys on mobile
devicesWhen lookng at the mobile cells only, the biggest difference is between the device
types (smartphone vs. tablet) where the tablet consistently scored higher by up to 0.2 points.
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Figure 4. User Experience Questions

Complicated vs

. Difficult vs Boring vs Willingness to
Horrible vs Fun Easy Easy (to read) Interesting use again
(to answer)
Total - Mobile 3.6 4.1 4.3 3.5 4.3
Total - Fixed 3.8 4.3 4.5 3.7 4.5

Differences across the four sets of experimesdablitions were minimalgenerally less than
0.1pointsin mean score)or the platform type, number of attributes and number of tasks,
differences wereall less than 0.1 and it is only with the number of concepts where differences
seen are between 6012 in favour of the 2 concept desighcomparison was also conducted to
look at the different combinations of concéfatsks. While it would be expected that a 2
conceptB task design would have better ratings than the 4 cdtédpisk design, the total
amount of information shown is similar for the 2 contEptask design and the 4 cond8pask
design so any differences may lead to a recommendation to use one over the other. Like the other
experimental conditions, while the scores across the corslitvere very similaithe 2
conceptl5 task design combination had better ratings on statements 2 and 3 and comparable
ratings for the other statements.

Environment

To understand the environment in which the survey was taken, particularly for the mobile
cels, questions were asked about where they took the survey and the surrounding environment
they answered it in. Across tleatiremobile sample, 90% of respondents took the survey at
home, 5% at work with the remaining 5% in a public place. The figuresetifislightly when
comparing where smartphone users took the survey compared to tablet users. For smartphone
users 85% took the survey at home, 7% at work and 8% in a public place, whereas for tablet
usersthe figures were 95%, 2% and 3% respectivelyrdtoee while smartphongsersare more
likely to be onthe-go, it appears that this is not the primary purpose for using a mobile device to
answer surveys$2robably die to a higher proportion of smartphone respondents conducting the
survey in public placethere is amalldifference in the general environment of where the survey
was conducted with 4% stating that they answered the survey in a very busy or distracting
environment (compared to 1% for tablet respondents). Overall, more than 80% claimeal to hav
taken the survey in a quiet and relaxed environment which would indicate that we can reject the
hypothesis that any differences we see in conjoint resxdesttributable to the distracting nature
of the environmenOne has to note though that theggrifes are based on claimed behaviour
and not observed behaviour. Therefore, the numbers might be biased as some respondents might
fear negative consequences when admitting they took the study in a distracting environment.

Time to Complete the Conjoint S urvey

The time taken to complete the conjoint part of the survey was captured to test the hypothesis
that theAngularJS platform is quickeas well ago test for differences in time taken to
complete equivalent designs on a mobile deviceoss all mobilecells the grand mean time
taken to complete the conjoint element was 192 seconds. Eigin@vs the difference in time
taken between the grand mean and the different experimental conditions.
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Figure 5. Average Interview Time (Sec),
Deviation from Grand Mean

-100 -50 0 50 100

Responsive
Dimensions

6 attributes

10 attributes

8 tasks

15 tasks

2 concepts

4 concepts
Smartphone

Tablet

2 concepts / 8 tasks
2 concepts / 15 tasks
4 concepts / 8 tasks
4 concepts / 15 tasks

Across all cells that used tegularJS platform the average time to complete the conjoint
section was 176 seconds. This compares to 207 seconds for the cells that Dseeénise®rs
platform, which represenen 18% increase in time and thpoving the hypothesis that this type
of responsive design is quickidien the standar@®imensiors platform Increasing the number of
tasks from 8 to 15 increased the time needed by 55% (150s vs. 232s) and doubling the number of
concepts from 2 to 4 condspincreased the time needed by 30% (166s vs. 2hésestingly
there is very little difference in time taken for those that answered on smartphone versus a tablet
despite the need to do extra scrolling to review the text.

It was alsgossible tairecly compare timings between equivalent designs conducted on a
mobile device (usin@imensiors) and a fixed device. For the simple 6 attribute, 8 task, 2
concept design it took on average 128 seconds to complete the conjoint experiment on a mobile
device corpared to 131 seconds on the fixed device, while for the complex design (10 attributes,
15 tasks, 4 concepts) the fixed cell was slightly quicker, averaging 298 seconds compared to 311
secondsPrevious studies (Kuret al.2016) have indicated that conjoexercise taken on a
mobile device take longer and this research shows similar results when the design is,complex
albeit only margindy, but timings are comparable when designs are much simpler.

Behavioural D ifferences

Due to the smaller screen sizeemhconducting a mobile survéyere is a hypothesis that
there may bénherent biases regarding the position of the concepistih@ingchosen. Figuré
shows the percentage of times the first and last coreepbsen across the mobile cells (results
split by the 2concept cells and theebncepts cells). Across each of the experimental conditions
and device types there appears to be a very marginal bias towards the first concept being chosen
more often. Typically the difference is less than two peeggnpoints for the 2 concept design
and less than 1.5 percentage points for the 4 concept design. When comparing positional bias of
the mobile cells against the fixed cetlsere is no such bias the fixed designs towards thiest
concept.
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Figure 6. Percent of Timesthe First and Last Concept Was Chosen

2 Concepts 4 Concepts

0% 20% 40% 0% 20%
Responsive __;_ Responsive —_}F
Dimensions e Dimensions —
6 attributes | — 6 attributes —
10 attributes | : 10 attributes L ‘
8 tasks | — 8 tasks —
15 tasks — 15tasks —
2 concepts i 2 concepts | ‘
4 concepts : 4 concepts :—r
Smartphone | —— Smartphone —
Tablet | —— Tablet |
2 concepts / 8 tasks —_— 2 concepts / 8 tasks
2 concepts / 15 tasks i 2 concepts / 15 tasks i
4 concepts / 8 tasks 4 concepts / 8 tasks —
4 concepts / 15 tasks : 4 concepts / 15 tasks : ‘

Other behavioural analysis between the mobile and fixed cells was also conducted which
evaluated the proportion of times that thene option was selected for each tasid across all
tasks how often the most frequently chosen concept position was chosénifigatand
whether there were any behavioural changes in terms of selectiNgrieeoption more often
later in the tasks. The results were very consistertssoth mobile and fixed cells and results
are in line vith what would be expected given the design conditions.

Analysis was also conducted to identify the number of reversals in the individual level part
worth utility scores. Across the attributes which lada priori order, for the low complexity
design there were on average 4.8 reversals in the mobile cells compared to an average of 4
reversals for the fixed cells. The figures for the high complexity design were 9.5 and 8.1
respectively. In reviewing theumber of reversals by attribute, the difference seen aeve
purely a result of differences in the price attribute as the number of reversals were very similar
between device types for all other attributes.

Utility Structure

Figure7 shows the average-scaled(zerccentred) partworth utilities for thesix attributes
that were included across all designs. Attributes relating to Brand, Screen size, Screen resolution,
Storage and Connectivity have almost identical-pantth utility structures acrosseldifferent
experimental conditions. For Price there are a number of reversals between the £99 and £149
level. Within the UK market the entry level Apple tablet retails foi249 whereas the Kindle
Fire is generdy available from £99. As no prohibitiomngere included in the design, during the
conjoint experiment there woulthve beemumerous occasions where an Apple proeasg
shownat a pricesignificantlylower than is seen in the reabrld. Given that the majority of
respondents the mobile celliad a tablet and therefore would have a good knowledge of the
pricing structure of the market it is believed that these reversals are a cause of psychological
pricing and the belief that products at the lower end of the price range tested would hase doubt
about the quality of the produdthis is likely to explain when the number of reversals in the
mobile cells is higher than the fixed cellsis also interesting to note that the reversals tend to be
where the 4 concept experimental condition is based.Overall the correlation between the
partworth utility parameters across the 18 cells was over 0.92.
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Figure 7. Part-Worth Utility Scores by Experimental Condition
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The biggest difference in utility structure that was identified was the differehwediethe
mobilecellsand the fixedtells Therearesignificant differences in the utili structure for the
Brand and Rce attributes. Within the mobile sample, there is a large increase ‘wquaint
utility for the Apple iPad, at the expense of the Google Nexus and Kindle Fire. Meltdare
also less price sensitive especially at the lower end of the price rategke Tdsds again suggests
a high level of market knowledge in this category and the pricing of tablets. Thequtrt
utility structure is flat between £88199 and only after this price does the elasticity become
more pronounced. The fixexbllsare lesdikely than the mobilecellsto have a tablet arttiey
show very high levels of price elasticity across all price points. The comparison of theghrt
utility structure between the mobile and fixegllsis shown inFigure 8.

This result is notinexpected. White (2013) also found the same pattern, albeit less
pronounced than in this study. He hypothesized that this is a result of the study area and that
respondents answering on a mobile device have a strong affinity to brands that they ogin. To te
this, he conducted a second study in atemhnology area and found no significant differences

in utility structure.
Figure 8. Part-Worth Utility S cores byMobile and Fixed Cells
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There is also strong evidence from this research to back up this égisothnalysis of the
partworth utility structures split by device and screen size showed that respondents answering
the survey on a smartphonethva screen size greater tharhdd a very different set of part
worth utilities for Brand. Unlike the otheells, rather than the Apple iPad being the most
preferred, for this group of respondents the Samsung Galaxy was most preferred. At tiie time
the survey (March 20155amsung wasieé most dominant brand in thetstharket (as the
iPhone 6 had not beenlifulaunched) and almost halie sample in the smartphonef=ell
answered the survey on a Samsung device. Similarly, Figare 9, the Apple iPad pantorth
utility is most dominant in the Tablet 10¢ell, and this is where Apple is dominant over
Samsing with more than 75% of respondents in this cell answering the survey on an Apple iPad.
Apple is much less dominant in thé9%tablet market and this cell (38% answered on an Apple
iPad and 15% on a Kindle Fire) show a much loweryarth utility for the Apple iPad while
the Kindle Fire displayahigherpreference tham the other cells. It is also noted that the main
reversal in the price aiibute comes from the tablet B05ample which further enhances the
hypothesis of psychological pricing issugs the pricing of these products typically start from
£300.

Figure 9. Part-Worth Utility S cores byDeviceScreen e
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PREDICTIVEVALIDITY

For this researchablet sales data had been obtained so an external validation was conducted
to simulate the sat of the top 20 tablet products. The attributes/levels had been designed based
on the sales datothat it was possible to do this even for cells that contained 6 attributes. For
the purposes of the simulation, cells with 6 attributes had a utility structur@iofh@ levels
within the 4 attributes that were not included.

However, the resultwerenot s at i sf act or ywaeverythighbeWhev er age M/
comparing simulated results against +@alld shares there are many external factors which are
not taken in to account such that when conducting simulations there is the possibility that real
world shares do not align well to simulated shares. These factors can be extensive and include
awareness, distributions, marketing campaigns, stock availability, effect of saleefordavo
of the leading products are tAppleiPad Air 16GB and the Galaxiyab 3. TheAppleiPad has
double the sales of ttfamsundsalaxy despite the latter product having a better technical
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specification andbeingalmost 50% cheapeso when simulating sharesing the partvorth
utilities the Samsundsalaxytabletobtaineda significantly higher share than th@ple iPad,
resulting inverylarge errors in the sharasrosghese two products.

Two holdout tasks were incorporated into each desigihis possiblea conduct analysis to
determine internal predictin accuracyOuputs such as hit rates, mean absolute error (MAE) and
root likelihood (RIH) are typically used in these casEsr this study,n addition to running
internal validation, MAE figures were also calculated based cofeseimple analysis, for
example, usinghe utility estimates obtained in cell 1 to predict the holdout data for ¢al& 2
(only cells with the same number of attributes were analystge outof-sample analysjsand
SO on.

While this output can provide useful diagnostics of intevaatlity they can also be
misleading. For example, it is not possible to directly compare a 2 concept design with a 4
concept design as it would be expected that hit eatdMAE would be lower for the 4 concept
designslt is also common among some bodieswbemmp ar i ng MAEG&6s across
the partworth utilities by an exponent factor in order to minimise MAE. This is done in an
attempt to remove the effects of scale across the cells. For thisas®dgitLouviere test was
conducted on all possibicombinations of experimental conditions (where feasiblejrantests
indicated in most cases that any differences in prefemmeteo strong to attribute the
differences between the cells to only scale faéteit is therefore unknown whether the
exponent is adjusting for scale or actual differences in the preference structure it was also felt
that any output based on this would be misleading so results are not reported.

HORIZONTAL VS VERTICALCONCEPTLAYOUT

While not an initial objective of thelwsdly, additional analysis was conducted to understand
whether theravereany differences observed depending on whether the concepts were presented
horizontally or vertically. This was possible because with the respofssidarJS design the
choice of whéter the concepts appeared horizontally or vertically was automatic based on the
orientation and screen size of the device being used. For respondents using a tablet, more than
98% of respondents had the tablet in a landscape orientation and as sucls @ppegoted
horizontally. These respondents also did not change to a portrait orientation so it was not possible
to do any analysis on respondents who used a tablet. However, for respondents who used a
smartphone, those who went throughAlmgularJS platbrm would see the concepts in a
vertical layout regardless of orientation and screen size, whereas respondents who went through
theDimensiors platform would see the concepts in a horizontal layout regardless of orientation
and screen size. Therefore, it is possible to compare smartphone users who went through the
AngularJS platform to those who went through Dienensiors platform to understal if there
are any differences between horizontal and vertical layouts.

Figure 10 shows the differences in paurth utility scores for the 6 attributes that were
present in all designs. For comparison, the-parth utilities for all mobile respondentsve
been included. Reversals can be seen for the vertical layout and the magnitude (and subsequently
the importance) for the Brand/Product attribute is also higher in the vertical layout.

The higher importance for the Brand/Product attribute may sugddsional simplification
strategies being applied in the case of the vertical layout but when looking at behavioural
diagnostics this does not appear to be the case. As discussed previously, across the mobile cells,
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the proportion of times the first contenvas chosen was consistently highentthee proportion

of times the last concept was chosen. When comparing the horizontal and vertical cells, it is the
horizontal layout that produces the biggest bias with 41.1% choosing the first concept (in the 2
corcept design) and 38.2% the last concept. This compares to the vertical layout which had
figures of 37.3% and 36.9% respectively. A similar pattern can also be observed-rotieegt
designs where the horizontal layout had proportions of 21.4% and B8.d%e vertical layout

had proportions of 22.6% and 21.3%.

Figure 10.Part-Worth Utility S cores byL ayout
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When looking at the number of reversals by the different layouts, fordtigléute designs
the vertical design had more reversals (5.5) thahdhieontal layout (4.9). This compared to 5.1
across all mobile respondents. A similar pattern was observed in-tit&ibOte designs also
(Vertical = 7.5, Horizontal = 6.9). An interesting observation recorded was that the number of
reversals did notiffer much when comparing thed@ncepts designs against theahcept
designs for the vertical layout (5.4 vs. 5.6 in thattBibute designs) but was much more
pronounced for the horizontal layout (4.7 vs. 5.2).

In terms of the user experience, simileoi®s were recorded for both layouts although the
vertical layout did score marginally higher in some of the statemieigisré 11).

Figure 11.User Experience $ores

Complicated vs

Horrible vs Fun Easy Difficult vs Easy Boring vs Wllllngnes_s to use
(to read) Interesting again
(to answer)
Smartphone / Vertical 36 41 43 34 42
Smartphone / Horizontal 3.5 41 4.2 34 4.2

Further work would need to be conducted to look at the composition of responderits in bo
these cells as the research has shown that the device that was used to answer the survey and the
knowledge of market prices could have caused any of the differences that have been observed.
While the two cells are not directly comparable as the vettigalt was conducted within an
AngularJS platform and the horizontal layout completed Diraensiors layout there is little to
suggest based on the work done that using a vertical layout will result in significantly different
results hanthe more convaional horizontal layout.
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CONCLUSIONY RECOMMENDATIONS

The research has shown that there arsignificantissues with conducting conjoint on a
mobile device as long as the overall questionnaire structure has been optimized for mobile.
Tablet users did v& a better user experience than smartphone users and while differences
between fixed cells and mobile cells are significant, the mobile cells scored highly on the key
user experience questions.

There are large demographic differences between respondergsmobile devices and
those that use fixed devices so it is not recommended to conduct mobileadyicesearch
unless there is a specific requirement to target those particular types of respondents.

The analysis has shown that respondargable tocomplete conjoint designs with a high
cognitive burden (4 concepts, 17 tasks, 10 attributes) with little difficulty or degradation in
survey experience. While respondents could cope with 10 attribute designs which involved
scrolling it should be noted thtne attribute text in this research was relatively little. Only minor
differences were seen in utility structure between the experimental condiggassals in Price
utility more prominent in the-doncept designgind where there were differencessiaeould be
explained through psychological pricing issues or due to the brand affinity that respondents had
which is a reflection of the brand of the device they usembnduct the survefgmartphone or
tablet).

While there was little sign of degradatithre data showed slightly better user experience for
the 2 concepl5 task design compared to the 4 con@etatsk design, although the time to
complete the conjoint experiment is slightly longer for the 2 cofitepask design. Unless a
responsivelatform is being used a 2 concept design will require less scrolling which is an
advantage over the 4 concept design.

Based on the desigmised in this research, standard interviewing platforms such as
Dimensiors, as long as they are optimized for mobésearchappear to perform as well as
more sophisticated responsive platforms. However, if designs are likely to include heavy text
and/or use of imagethen a responsive design is likely to be more suitable. Responsive designs
are also proven to be quir due to the single page application and generally scored higher on
the usesexperience ratings.

Hypotheses regarding whether it is the environment that may affect the quality of usabile
rather than the device were rejected on the basis that maré tha 0 conduct the survey at
home and 8 in 10 do so in a quiet and relaxed environment.

The analysis conducted to understand whether there were any behavioural changes in the
way mobileusersanswer conjoint tasks did not show any significant differenthere appear
to be a very minor first concept biasg lpercentage points) but this is unlikely to affect results.
Across the experimental conditions there was a consistent pattern towards the first concept
across all conditiong.herewerealso no diferences identified in the proportion of #&sthe
None option was selected (across experimental conditions or across device type) and the increase
in reversals may be explained by the mobile sample having a better knowledge of pricing in the
tablet area.

In summary:
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1 Conducting conjoint on mobile devices, even complex designs is no prolilen if
guestionnaire is optimized for mohile

1 Those answering on a tablet had a slightly better user experience that those answering on
a smartphone but both scored highl

1 Respondents answering on a mobile deeidabit a different demographic structuhan
thosewho answer on PC/Laptop

1 There is o need to oversimplify conjoint designs for mobRespondents can

comfortably cope with 10 attributes when text is light

It is still better to keep things simple so 2 concepts per task is preferred to 4

For complex designs that involves long text, lots of concepts and/or graphics, cansider

responsive platform

The vertical layout did not affect results significantly

Studes optimized for mobile do nokecessarily taklonger to completespecially with a

simple design

= =
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Chris Moore Christian Neueburg

APPENDIXAN CONCEPTORIENTATION
Tabletd ResponsiveDesign

Portrait

Landscape

Samsung Galaxy / Android
os.

Screen Size
7

Scrolling
required

0 No scrolling required
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Dimension® ResponsiveDesign

Landscape

Q No scrolling required

Portrait

Smartphoned ResponsiveDesign

Landscape

Samsung Galaxy / Android OS

Screen Size
7.9"

Screen resolution
Greater than full HD (> 1080p)
Storage
32GB
Connectivity
WIFI only
Processor Speed
1GHz Dual core

Scrolling
required

Portrait

Thinking about your next Tablet, which one of these
would you prefer?
You may choose none of these' if you wish

Task 1/10

iPad [ Apple 05

Screen Size
i
Screen resolution
Less than full HD (< 1080p)

Storage
32068

Connectivity
WiFi + 4G

®

No scrolling
required

Scrolling
required
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Smartphoned Dimensions

Portrait

Landscape

A | B
samsung| iPad /
Galaxy / | Apple |Nesus
Android | 05

os 0s

7 |01 | a7

A B C D
samsung| iPad / | Google | Kindle
Galaxy / | Apple |Nexus /| Fire /
Android 05 |Android| Fire

0s 0s 0s

7 101" | 97 | 79"
Full HD |Full HD|Greater| Less
(around ((around| than | than
1080p) | 1080p) | full HD |full HD

(> (<
1080p) | 1080p)
8cB 32GCB

Full HD [Full Hi
(around |(around| than
1080p) |1080p) | full HO

(>

1080p)
1668 | 6468 | 8GB

Scrolling Scrolling
required required
APPENDIXBRA CONJOINT ATTRIBUTES
Attributes Level 1 Level 2 Level 3 Level 4 Level 5 Level 6
Samsung . .
1 | Product Galaxy /  iPad / Apple 0g &0°gle Nexus [ Kindle Fire /
. Android 08 Fire O8
Android OS
2 | Screen Size 7 7.9" 9.7" 10.1"
3 Screen Less than full Full HD (around Gfﬁ?ﬁgt;‘:n
resolution HD (< 1080p) 1080p) 1080p)
4 | Storage 8GB 16GB 32GB 64GB
5 | Connectivity WiFi only WiFi + 3G WiFi + 4G
6 Processor 1GHz Dual core 1.5GHz Dual 1.56GHz Triple 1.5GHz Quad
Speed core core core
7 | RAM 512 MB 1024 MB 1536 MB 2048 MB
8 | Battery Life Up to 8 Hours Up to 10 Hours Up to 12 Hours
9 | Dual Camera Yes No
10 | Price £99 £149 £199 £299 £399 £499
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CAN ADAPTIVEMAXDIFFPROVIDE BETTERESUTSTHAN
STANDARD MAXDIFF?

HOWARD HRESTONE
RTi RESEARCH

BACKGROUND

Maximum Difference Scatig (a.k.a. MaxDiff) is a choiebased tradeoff technique that is
widely used tainderstandhe value oimembers o# list of itemsRespondents are shown a
seriesos creens (typically comprised of 3 to 5 it
item on each screeHlere is an example of a MaxDiff screen.

We are going to show you a series of screens. On each screen you will see a variety of ice cream flavors.
Please select the ONE ice cream flavor that you would most likely buy and the ONE that you are least
likely to buy

Most Least
Likely Likely
)] Flavor 1 ()]
() Flavor 2 )
(& Flavor 3 ()
() Flavor 4 )

Historically, MaxDiff has provided a hierarchy of tredative appeal or importance of the
items being measured

We, at RTi, report this hierarchy as indices (where the averages@é@@a/We calculate the
indices from the rescaled scores (or the probability sheet from LightStoudiefiles) by simply
multiplying the scores by the number of items on the liisthe study we will be referencing in
this article, we included 28 flavors in the MaxDiff exeréigherefore, we multiplied the
Average MaxDiff scores by 28 to calculate the unanchored indices

Label Average  Average X 28
Flavor 1 3.00 84
Flavor 2 541 151
Flavor 28 5.15 144
Sum 100.00
Average 100

About 8 10 years ago, both Jordan Louviere (Indirect Dual Response method) and Kevin
Lattery (Direct Binarymethod) developed ahoring techniques that addedabsolute
dimension to the MaxDiff scores. Prior to the development of these anchoring techniques, you
woul dndét know i f the most appealing iatems wer
weak set of items.
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Both of hese anchoring techniguescompare e ut i | i ti es to a fArefere
item. W/hen the utilities are more appealing than the reference point, the indices are above 100,
whereas items that are less appealing have indices below 100.

Brief desciptions of bothanchoringapproaches follow:

1 Indirect Dual Response Metho@d On each MaxDiffscreenrespondents are askexd
select all/some or none of the items.
Would you say that...
(_JNone of these items are appealing
(_JSome of these items are appealing
(_JAll of these items are appealing
We dondt wuse this technigue $omedtheseitermse wo Ul

areappealing to most MaxDiff screendlith this response, we learn how only 2 (of the
4 or 5) items are rated relative to the reference.

1 Direct Binary Method d With this technique, a followap question is asked after the last
MaxDiff screen.

Below are some ice cream flavors that you have evaluated. Which, if any, of the following
flavors would you békely to purchase (SELECTALL THAT APPLY)

We use this question on most studies and typically report it as an Dep&nding on the
appeal oimportance of the items included in the MaxDiff exercises, we find that the
average of all indices can be higher or lower than 100.

We typically include alltems in the followup questionSawtoothS o f t wMexD&fo s
scoreon-thefly functionalitycan aso be usetb select a subset of items for the follow

up.
While we have successfully employed the Direct Binary Method on numerous studies, a few
concerns have surfaced over time:

1.1l ndices that donot -intitive to elignts who@recdu8tOmedto e c o u n
indices that average 100.
2. The wording of the followup question can influence the response to the anchoring
guestion and impact resulSsor examples houl d t he anchor be aske
flavors are appeal i ogakeeryappealiiggthi ch of t hese
3. When using MaxDifscoreson-the-fly functionality, Sawtoottsoftwarerecommends
showing each item 4 timas order to obtain reasonable individual level score estimation
for follow-up questioningSince we typically include eacliem on 2 MaxDiff screensve
usually include all items in thHellow-up anchorquestion.

As a result of these concerns, we sought an alternative apfraachdaptive MaxDiff
technique where we changed both the composition of the items shown in the Medbifse
and the followup exercise.
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1 For the MaxDiff exercisewe felt that we would get better individual level discrimination

between items by including:

o MaxDiff tasks comprised dher e s p o mmederrdd@Bes) items only The
itemsthatareth fiBest of the Best 0 -@msleerqueston i ncl
described below.

o Ot her MaxDi ff task
items. The items t
slider question.

o Other MaxDiff tasks comprised of items that were not selected as either best or worst

s thatileamrst aipWasd o mley Ot
hat are the AWoupst of t

1 For the followup question, we replaced the Direct Binary Method with a 100 point slider
which enables us to convert the HB scores to a 100 paitg. Sthis scale provides a
better gauge of the appeal or importance of each item because it provides an end point at
the upper end of the scaléhe followup slider question was only asked of a few items
(thefbest of the bestandfiworst of the worgl) which shortened the respondent exercise.

50

The Adaptive MaxDiff approach was comprised of 4 rounds of MaxDiff Screens

1 Round B SparseMaxDiff (where each item appears on only 1 screen) of all the items.
This round is used to assign items to 3 gréupseferred/Not selectedLess Preferred

1 Round @ Sparse MaxDiff of theitem8 Not S eih Rogntd B @h&Not Selected
group tends to be the largest group from Round 1. This round provides additional
learning of preferences from this large number of items. Furthermore, the items selected
as fNBest o aRrekeredddedptantdhehe items delecte

to LessPreferred. Thisi ncr eases the | ikelihood that a I
A Pr ef dtenrgeodpoand was not massigned because it was on a screen with
another fApreferredo item

1 Round 3 MaxDiff of the Preferred (fi B e)steamd selectechiRounds 1 and. X his
round develops the hierarchy of the prefer
Besto which will serve as the AHIigho end o
are converted to the 100 point scale

1 Round 4 MaxDiff of theLess Preferred(ii Wo r) getn®selected in Rounds 1 and 2
This round identifies the 0 Wdbowotendoffthet he Wo
respondents scale when the respondentdés HB

The schematic oht approach follows.
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Round 1 -
Sparse
MaxDiff

T 1
-

Selected Items Not
as Best Selected

Round 1

Selected
as Worst
Round 1

Selected Items Not
as Best Selected

Round 2

Selected
as Worst
Round 2

Round 4
MaxDiff
Worst
items
Rounds
1&2

/

As mentioned earlierhe follow-up exercisavas al00 point slider for the items that are the
AfBest of the Bestittems otmh®&®touarde 3t men dil Whrest of

" Round 4
MaxDiff
Worst

Round 5 - 100-Point Slider ~€——— Jtems
(e.g., 100-Point Purchase Intent) 1&“25

While the primary focus of this paper is to illustrate the value o$lider follow-up, we also
assessed the viability of usihgat t er y6s Direct Binary anchoring
items

1 For the proof of concept study, we asked the Direct Binaegtipn for the items that
were not selected from the first 2 rounds of MaxDiff screens
1 Alternatively, we could have selected a mix of items from the MaxDiff exercise

We expected the Adaptive MaxDiff approach to have the following advantagestanad
MaxDiff approaches

1 Better individual level discrimination between items
1 Easier understanding of reporting by replacing indices with a 100 scaling framework
1 Shorter MaxDiff exercise for the respondent
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ADAPTIVEMAXDIFF1 PROOF OFCONCEPTSTUDYMETHODOLOGY

The next section of this paper describes the research appveaahployed to assess the
Adaptive concept.

The study we conducted was comprised of 1,000 adults who had purchased and eaten ice
cream in the past 6 monthsach respondent was assigned to & oélls.

1 2 cells used Standard MaxDiff exercise
o They differedin terms of the number of MaxDiff screens and the number of times
each item was seen
o Both cells included FLtupantorgralyflavers Di r ect Bi n a
1 2 cells employed Adaptive MaxDiff
0 1 used the slider followup
o The other used Latterybés Direct Binary An
follow-up
1 2 cells of holdout tasks

The methodological comparison between the 4 MaxDiff cells is provided in the table below

Cell 1 Cell 2 Cell 3 Cell 4
Standard Standard Adaptive Adaptive
MaxDiff MaxDiff MaxDiff \YEV
# MaxDiff Screens 17 12 14 14
# Items/ MaxDiff Screen 5 5 4/5 4/5
Direct Direct . 100 Point Slidet
: . Direct
Binary Binary Binar 0 4 flavors
Follow-up Question Ancho®  Ancho y (Best of Best
AnchoB
all 28 all 28 8 flavors and Worst of
flavors flavors Worst)

More detailed descriptions of the 6 cells follows.

1 4 MaxDiff cellsd all cells included 28 ice cream flavi280 respondents per cell
o Cell 10 Standard MaxDiff exercise in which eachités shown on 3 MaxDiff
screens

1 17 MaxDiff screend 5 items per screen

T Latteryds Direct Binary Anchor asked of
o0 Cell 25 Standard MaxDiff exercise in which each item is show2 dMaxDiff
screens

1 12 MaxDiff screend 5 items per screen

9 Direct Binary Anchor asked of all 28 flavors spread across 3 screens
o Cell 30 Adaptive MaxDiff with Direct Binary Anchor

1 4 rounds of MaxDiff screens (total of 14 screens)
1 Round B Sparse design of all 28 flavér$ screens4 had 5 items/2 hadl items

1 Round @ Sparse design of items not selected in Round kcreens4 items
each

 Round ® Winners from rounds 1 and22 screens of 5 items each
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9 Round 4 Losers from rounds 1 an@22 screens of 5 items each
1 Follow-up questiod Direct Binary anchor of # 8 items not selected in either
Round 1 or Round 2
o Cell 40 Adaptive MaxDiff with Slider Followup
9 4 rounds of MaxDiff screedsSame as Cell 3
1 Follow-up questiod 100 point slider for 4 items
0 2 items selected as best in round 3
0 2 items selected as worst irural 4
1 2 Holdout Task cels 100 respondents per task
o Holdout cell B 2 holdout tasks
1 Ranking of 8 of the 28 flavors
9 Purchase interest of 8 other flavors
0 Holdoutcell 20 2 holdout tasks
1 Ranking of a different set of 8 flavors
1 Purchase interest of a differert f 8 flavors

The grid below describes the MaxDiff design that was used for the 2 Adaptive cells.
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Round 1 Round 2 Round 3 Round 4

Setl Iteml Set7 SI1INS1 |Setll S8 Winner Set 13 S2 Loser
ltem 2 S2 NS1 S3 Winner S9 Loser
ltem 3 S5NS1 S1 Winner S10 Loser
ltem 4 S4 NS1 S10Winner S5 Loser
Item 5 S5 Winner S3 Loser

Set2 Item6 Set8 S3NS1 |Setl2 S7 Winner Set 14 S1 Loser
Item 7 S5NS-2 S2 Winner S8 Loser
ltem 8 S4 NS2 S6 Winner S4 Loser
Item 9 S6 NS1 S4 Winner S7 Loser
Item 10 S9 Winner S6 Loser

Set3 Item1l | Set9 S2NS2
ltem 12 S3 NS2
Item 13 S4 NS3
Item 14 S1 NS2

Set4 Item15 | Set 10 S1 NS3
Item 16 S6 NS2
ltem 17 S2 NS3
Item 18 S5 NS3
ltem 19

Set5 Item 20
ltem 21
ltem 22
ltem 23
ltem 24

Set6 Item 25
Item 26
Item 27
Item 28

One hundred versions of the Round 1 design were generated using S&oftwtre® s
MaxDiff designer with the following specifications

1 Number of Items (&ributes) = 28

1 Number of Items per Set (Question) =4

1 Number of Sets (Questions) per Respondent = 6

1 Allow Individual Designs Lacking Connectivity = Yes

This accounted for 24 of the 28 flavors in each verdton.each version, we scrambled the 4
items thawere not included and assigned them to Sets 1, 2, 4 disSmeans that 4 screens
contained 5 items and the other 2 screens contained 4 items.

Round 2 was structured so that each set was comprised of items that came from different sets
in Round 1Ead set in round 3 included 3 winners from Roundrid 2 winners from Round 2
while each set in Round 4 contained 3 losers from Rouaddl2 losers from Round 2.
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CeLL4N ADAPTIVEMAXDIFF WITH THELIDERFOLLOW- UP

The next section of this paper descrihes the slider scores are processeHB and how
scores are converted to the 100 point scale

In Cell 4we asked respondents to use a 100 point slider to tell us how interested they would
be in purchasing 4 of the ice cream flavors that had been included in the MaxDiff exeacise.
respondent rated the 2 f1l| avor saxDifiswsreendffrand been
the items selected as fAbesto in earlier round
4 (MaxDiff screens from items selected as Mfdwo

Eachof the slider scoremere compared to an anchor such thastira of the slider score
plus the anchor would equal 1Q8singthis suggestion, there would be 4 additional tésksfor
each of the 4 slider scoras follows

Worst Worst

Best1 Best?2 1 2
Flavor 1 2 3 28
Slider Score 90 70 40 25
Value for Choice
Task (Slider 0.90 0.70 0.40 0.25
Score/100)

Anchor (100
Slider Score)

Value for Choice
0.10 0.30 0.60 0.75
Task (Anchor/100)

10 30 60 75
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Using CBC/HB, the tasks would be coded as follows:

Flavor Flavor Flavor Flavor

Task 2 .. 28 Choice

0 0.90
0.10
0.70
0.30
0.40
0.60

0.25
0.75

Best1 1

Best 2

1
2
2
Worst 1 3
3
4

Worst 2

O O|O O|©O O|O O

© O|O O|© O|O

Note that the anchor is coded as Os for all flavors. In addition to creatiagphepriate
relationship between the slider scores when generating the HB scores, this anchoring technique
helps to establish 50 as the slider score for an average item. Thus a score of 50 on a 100 point
slider would be equivalent to an index of 100 wheporting anchored MaxDiff scores.

Since the purchase interest slider was obtained for only 4 flavors, we used the following
process to interpolate purchase intent scores for the other 24 flavors for each respondent.

1. Calculate the difference between ttighest and lowest HB score for each respondent
HB Range = HB Max minus HB Min
1 Since we had included the slider scores as additional tasks, we knew that the item
that received the higher slider score would have the highest HB and the item with
the lower sder score would have the lowest HB score
2. Calculate the difference between the highest and lowest slider scores for each respondent
Slider Range = Slider Max minus Slider Min
3. Foreachrespondent cal cul ate the difference bet ween
lowest HB score
Item HB diff = HB Item minus HB min
4. Slider scores for each respondent were interpolated using the following formula
Item Slider score = (Item HB diff / HB Range tider Range) + Slider Min

An example of the interpolation calculationléats:

Example Scores

HB Score 3.72
HB Max 6.21
HB Min -6.05
Slider Max 90
Slider Min 15
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Calculation Result

HB Range (HB Max HB Min) 6.21 minus6.05 12.26
Slider Range (Slider MaxSlider Min) 90 minus 15 75
Item HB Diff (HB Score- HB Min) 3.72 minus6.05 9.77
Item Slider Score [(9.77 ] 12/26) * 75] + 15
9.771/12.26 79.70%
79.7% * 75 59.80
59.8 + 15 74.80

For this example, the item Slider Score = 74.80

KEY LEARNINGS FROMPROOF OF CONCEPTSTUDY

Key Finding #1 i Converting scores to a 100 point
similar findings to the MaxDiff I ndices .

client -friendly scale generates

The following exhibit compares the Interpolated Purchase Intent scoresliadahehored
MaxDiff Indicesfor Cell 4 and shows that theerarchy of results is veisimilaras reflected by
the correlation 0.99 for the actual scores

PI Score Based on Raw Scores MaxDiff Indices
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In the exhibit above, Rurchase Intent scooé 55 would be equivalent to an unanchored
MaxDiff Index of 100. As you can see from the following analyses, this ethetsidpoint
between the Average Maximum (95) and Average Minimum §lidlerscores

Key Finding #2 i The range of slider scores helps to convey strong individual
respondent discrimination between items

In cell 4, the Adaptive MaxDiff with the slider followp, mostresponlents gave very high
purchase intent scores to the flavors they preferred and very low scores to the flavors they liked
least suggesting very good discrimination between these flavors

Maximum Score on Slider Minimum Score on Slider
60 0%
50% n
& 3 =}
g 90 or higher = 85% g Less than 20 = 74%
E 400 85 or higher =36% , g a0% = Less than 40 = 90%
27 Avg Maximum = 95 35% % 33% Avg Minimum = 14
w
U] e 25%
x 5 °
g 20% JE. 20 10% o
g 12% 5 . 7% 9%
A 4%
0% 1% N 0% - —
0% _— 0 -5 10-1% 20-29 30-39 40-49 50 or
Less than 60  60-69 T0-79 B80-89 80-99 100 higher
Highest Slider Score Lowest Slider Score

When comparing the maximum and minimum scores, most respondentsdrgdade
range of slider scores and only 2 respondents gave essentially the same slider scores (as indicated
by a range of less than 10) which would be equivalent to strging when using a rating
scale.

Range of Slider Scores
40%
80 or higher = 67%
60 or higher = 85%
Average Range = 81
20% 16%

ll:l.f'
Yo 5%
o quﬂ 5':'_',-' :ID;
1% 2% 0% '
% [ ] -

Less 10-19 20-29 30-39 40-49 50-39 60-60 70-79 80-39 90-99
than 10

Percent of Respondents

Difference between Highest and Lowest Slider Score
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Key Finding #3 i Individual respondent discri  mination between flavors was
higher for the 2 Adaptive MaxDiff cells

As mentioned earlier, we expected individual level results to be more discriminating for the 2
Adaptive approaches than they were for the Standard approd@bisesxpectation was bormeit
when we looked at the range of both unanchored and anchored HB scores for individual
responderst

Average Range of Raw Scores Average Range of Raw Scores
w/o anchor w/anchor

Celll - MD

Cell 1 - MD (17 soreens - 3¥/

itern - Anchor all) item - Anchor all) .
Cell 2 - MD Cell 2 - MD

itern = Anchor all ) item - Ancher all )

Cell 3 - Adaptive MD Cell 3 - Adaptive MD

Anchor NS) Anchor NS)

Cell 4 - Adaptive MD
(14 sreens -FI 15.3
Slider)

Key Finding #4 A The results from the Adaptive MaxDiff cells were similar to the
Standard MaxDiff cells

The pattern of results were very similar acré®s4 cells as noted by the high correlations
between the 4 cells when looking at both the Indices from the Unanchored HB scores and the
resultsas they would be reportedor bothof the Standard MaxDiff cells and 1 of the 2 Adaptive
MaxDiff cells, the scoes would be reported as Indices from the anchored HB scores, while the
Adaptive cell that includes the slider would be reported as Averages on a 100 poirftleesde.
results are included in the appendix as:

1 AppendixTable © Unanchored MaxDiff Indices
1 AppendixTable 3 Results as they Would be Reported

The pattern of resultsasvery similar for both analysésas between cell correlations are
very high.

Unanchored As Results Would be Reported

Adaptive MD - Adaptive MD -
Standard MD Standard MD  Anchor Not  Adaptive MD - Standard MD Standard MDD  Anchor Not Adaptive MD -
17 screens 12 screens Selected PI Slider 17 screens 2 screens Selected PI Slider
Standard MD - 0.1 0.95 0.93 Standard MD - 0.90 0.94 0.92
17 screens 17 screens
Standard MD ) 0.93 0.92 Standard MD ) 0.4 0.92
12 screens 12 screens
Adaptive MD - Adaptive MD -
Anchor Not - 0.96 Anchor Not - 0.93
Selected Selected
Adaptive MD - Adaptive MD -
PI Slider ) PI Slider
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Key Finding #5 i The results from the Adaptive and Standard MaxDiff
Approaches were similar when compar ed to Holdout Tasks

The results from the 4 cells were compared to 4ofisample holdout tasks.

1. 2 holdout tasks were comprised of Rankings of 8 flavors
2. The other 2 holdout tasks were purchase intent scores using a standarcpbnobise
intentscale

For the holdout tasks where flavors were ranked, the analysis was based on the Average
ranking of the 8 flavorg-or all 4 cells the pattern of rankings are similar to the holdout tasks as
the correlations were strong when these 2 holdout tasks are combieeAverage difference
(MAE) tends to be slightly higher for the 2 Adaptive cells than they are for the 2 Standard cells

Std MD - Std MD -
Std MD - 12 Adaptive- Adaptive - Std MD - 12 Adaptive- Adaptive -
Holdout 17 screens Screems Anchor NS PI Holdout 17 screens Screems Anchor NS PI

Flavor 12 342 3.83 3.72 3.55 3.27 Flavor 6 3.13 298 3.00 2.89 276
Flavor 6 3.82 335 348 329 322 Flavor 22 3.36 3.63 334 3.64 3.35
Flavor 27 4.36 4.57 431 4.49 4.52 Flavor 4 4.26 428 3.82 4.08 4.02
Flavor 2 436 3.56 318 3.55 336 Flavor 26 4.47 422 429 449 4.16
Flavor 24 4.44 5.09 5.09 4.42 482 Flavor 24 4.78 476 4.76 4.07 4.69
Flavor 11 503 517 542 529 548 Flavor 7 513 513 547 554 539
Flavor 17 5.28 5.50 538 5.89 549 Flavor 11 5.16 479 5.01 479 512
Flavor 1 529 496 544 5.54 5.87 Flavor 10 571 6.22 6.33 6.52 6.54
Average Diff (MAE) 0.405 0.461 0.361 0.441 Average Diff (MAE) 0.41 0.46 0.36 0.44
Correlations to Holdout 0.81 0.81 0.92 0.91 Correlations to Holdout 0.81 0.81 0.92 0.91

MAE Two Tasks 0.302 0.317 0.360 0.356

Combined (4.3%) (4.5%) (5.1%) (5.1%)

gorrf!ah:ms to Holdouts 0.90 0.91 0.91 0.94

When the results from these 4 cells were compared to the 2 holdouts using a standard
purchase interquestion the pattern of rg@nses was again similar to the holdout tasks (as
reflected by the fairly strong correlationsjowever, both the MaxDiff Indices (for cells 1 thru 3)
and the Purchase Intent scores estimated (for cell 4) are substantially lower than the Top Box
Purchaseritent levels for the holdout task=his likely reflects the overstatement inherent with
rating scales rather than any concerns with the MaxDiff exercise

Std MD - Std MD - Adaptive- Std MD - Std MD - Adaptive-
17 12 Anchor Adaptive - 17 12 Anchor Adaptive -
Holdout screens  Screens NS PI Holdout screens  Screens NS PI
Flavor 8 0.78 0.39 045 0.48 0.37 Flavor 28 0.75 0.39 0.38 0.40 0.26
Flavor 14 0.68 0.33 0.49 0.50 0.39 Flavor 20 0.73 0.35 0.36 0.34 0.25
Flavor 15 0.67 0.27 031 0.33 0.22 Flavor 25 0.69 042 0.60 0.47 0.40
Flavor 26 0.66 0.23 032 0.17 0.22 Flavor 9 0.63 0.33 0.30 0.34 0.20
Flavor 5 0.63 0.23 0.24 0.20 0.12 Flavor 19 0.58 0.35 0.48 0.43 0.28
Flavor 18 0.60 0.24 027 0.18 0.15 Flavor 16 0.56 0.17 0.23 0.17 0.09
Flavor 3 0.56 0.25 012 0.12 0.11 Flavor 13 0.43 0.28 0.16 0.23 0.13
Flavor 21 0.52 0.16 0.18 0.13 0.16 Flavor 23 031 0.11 011 0.08 0.05
Correlations to Holdout 0.89 0.80 0.85 0.89 Correlations to Holdout  0.89 0.80 0.85 0.87

CONCLUSIONS

We recommend using Adaptive MaxDiff with the Slider folloyy because it has a number
of advantages compared to a Standard MaxDiff exercise.
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The primary advantage of the Adaptive MaxDiff with Slider folaw is that he

reporting frameworks moreclientfriendly and intuitiveas Indices (that do not average

100) are replaced bystraightforward 100 point scale

o Furthermore it provides a gauge of how well an item performs relative to a top end
value of 100.

0 Ascore of 50 is average which is comparable to an index of 100 for an Anchored
MaxDiff exercise.

o In addition to reporting thecores as averages, you can report the percent of
respondents who have interpolated scores that meet or exceed a threshold.

Item hierarchies for individual respondents are clearer as reflected by the wider ranges of

HB scores

Respondents who should bensalered to be pulled can be ideietif while the study is in

field, thereby improving the quality of the datather than waiting for the fieldwork to

be completedsb h@oaddness of Fit o svheatheiHB scorearec an be

generated.

0 Respadents would be pulled if:

T They assign a higher slider score to a
ABest of. Besto item

T The difference between the slider score
threshold level may suggest that the resgondt i s-lining.d r ai ght

Shortens the MaxDiff exercise for the respondent as only a few items are included in the
follow-up slider question

The use of the slider with the endpoints and midpoint labeled reduces the concern we had
regarding the questiomording for the followup question when using Direct Binary

anchor.

Contains strong correlations to the holdout tasks

There are, however a few disadvantages to using this approach

T

1
1

Requires more programming expertise and data preparation time (If usigp8a
Software the analysis must be done in CBC/HB rather than Lighthouse)

MAE was slightly higher than the Standard MaxDiff cells

The Goodness of Fit statistic does not apply

The Adaptive MaxDiff approachwithat t er y 6 s andhor ®lobwupiBalsna r vy
viable approach that offers advantages relative to a standard MaxDiff

T
1

T

Item hierarchies for individual respondents are clearer as the ranges of the HB scores are

wider.

Shortens the MaxDiff exercise for respondents by reducing the number sfiteloded

in the anchor followup.

o Further investigation is needed to determine if the anchoring question should include
a mix of preferred, not selectaddless preferred items

Contains strong correlations to the holdout tasks

There are, however, sordesadvantages to this approach

l

Requires more programming expertise and data preparation time (If using Sawtooth
Software the analysis must be done in CBC/HB rather than Lighthouse)



1 MAE was slightly higher than the Standard MaxDiff cells
1 The Goodnessfd-it statistic does not apply

ADDITIONALCONSIDERATIONS

It is important to note there are a number of differences between the Adaptive MaxDiff
approach and a Standard MaxDiff.

When using an Adaptive MaxDijff

1 Counts analysis should not be used
T Thedesi gn is not orthogonal even thoeghot he
orthogonal
1 You cannot prohibit pairs of itefnrom appearing together
1 Item pairs will appear together @MaxDiff tasks for some respondents
1 The number of itemmay vay between screens
0 The design can be modified slightly so that the same number of items can be shown
on all screendn our design, Round 1 had 6 MaxDiff scregnsscreens had 5 items;
and 2 screens contained only 4 items. We could have taken items tbatoie
selected on earlier screens and added them to later screens in the same round.

FUTUREC ONSIDERATIONS

We plan to adé MaxDiff screen to future studies that use the Adaptive technits.
additional screen addresses the concern that all of the iteame of the Round 1 screens may
be among the more preferred iteméich places a preferred item in the less preferred group.
This screen woulthclude:

1 The items selected #isWo ofghe Besh from Round 3 (Round 3 containédiaxDiff

tasksofthdi Pr ef erred items)y from Rounds 1 and 2
1 Theitemsseleetd as fABest of the WaongihedMatDifom Round
tasks of the fALess Pref)erredo items from R

1 Item(s)not selectedh Rounds 1 and.2

Howard Firestone
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Appendix Table 1 Unanchored MaxDiff Scores

Std MD Std MD  Adaptive

17 14 Anchor  Adaptive
screens Screens NS Pl
Flavor 2 151 176 155 162
Flavor 25 151 195 157 150
Flavor 8 146 150 158 146
Flavor 6 145 149 160 170
Flavor 28 144 131 141 134
Flavor 12 130 127 148 169
Flavor 20 126 110 118 126
Flavor 19 125 150 129 117
Flavor 22 123 133 133 145
Flavor 9 121 93 115 102
Flavor 14 116 145 148 138
Flavor 27 102 111 108 103
Flavor 15 99 96 113 107
Flavor 4 96 120 107 118
Flavor 26 93 98 97 107
Flavor 1 90 69 78 61
Flavor 11 87 82 92 77
Flavor 18 87 82 76 83
Flavor 5 85 81 76 74
Flavor 13 84 47 67 62
Flavor 3 83 52 61 64
Flavor 24 79 74 110 89
Flavor 7 71 59 62 68
Flavor 17 68 68 56 71
Flavor 21 61 54 52 61
Flavor 16 55 65 65 61
Flavor 23 54 49 32 47
Flavor 10 29 33 26 25
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Appendix Table 2 As ResultsWould Be Reported

StdaMD Std MD  Adaptive

17 12 Anchor  Adaptive

screens  Screens NS Pl
Flavor 6 191 211 210 70
Flavor 25 189 261 201 67
Flavor 2 188 229 193 68
Flavor 8 185 203 212 65
Flavor 28 179 175 185 64
Flavor 12 173 195 194 70
Flavor 22 158 181 180 66
Flavor 19 157 210 180 59
Flavor 14 156 218 198 63
Flavor 20 156 156 148 63
Flavor 9 146 131 151 57
Flavor 27 135 166 144 56
Flavor 4 127 165 145 60
Flavor 26 120 138 113 58
Flavor13 119 73 100 44
Flavor 15 119 133 143 57
Flavor 1 117 86 104 43
Flavor 11 112 121 124 48
Flavor 3 111 68 76 49
Flavor 18 107 118 94 53
Flavor 5 105 113 97 52
Flavor 24 99 98 137 53
Flavor 7 94 85 75 47
Flavor 17 90 95 80 48
Flavor 21 78 81 68 44
Flavor 16 77 99 86 49
Flavor 23 63 61 48 42
Flavor 10 33 46 43 36
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COMPARING TWO METHODS TAESTIMATEMISSNG
MAXIMUM DIFFERENCBJTILITIES

KELSEWVHITE

PAUL JOHNSON
sst

Since the development of the Maximum Difference technique, researchers have been pushing
the limits of how many items can be tested isingle exercis&Vhat might have started as 20 to
30 itemsin one exercisbas quicky ballooned to 40 or even 408aving every respondent see
every item quickly creates fatigueven with Sparse MaxDiff where the respondents only see
each item oce instead of multiple times.

Thetrend of wanting more data out of fewer quassi is not unique to MaxDifMany
researcherbBavebeen looking at ways to getore data out of shorteurveys using
modularizationThe biggest problem with modularizatimhow to handlgéhe missing data.
Ralph Wirth used one technique called ExpiagDiff (Wirth & Wolfrath 2009),which
systemactally selecs which itemsrespondentsee.This techniqueelieson the HB algorithm to
borrowinformationacross respondents to estimateititgviduaklevel utilities for itemsa
respondent did not sed/e blend this technique witlements oanothertechnique appliety
Kevin Latery (2007) Lattery useshe EM algorithmto estimate unseeagks in Choicd3ased
Conjoint.We use the same technique, noestimate the tasks themselyest to replace the
estimation of the individudkvel utilities fromthe HB algorithm when the item was never
shown to the respondent.

To test the EM algorithm against HB estimatior sglect200policy statements made by
2016 presidential candidate Donald Trump and design an Express MaxDiff exercise. Then we
use theDirect Binary method to andr to two different thresholdsnethreshold being
increagd likelihood of voting for Mr. Trump and one threshold being decreased likelihood of
voting for Mr. Trump We thenperform several types of analyses and compare théses the
HB-only utilities with the HB+EM uitilities.

INTRODUCTION

Mar ket researchers in todayds environment f a
data from a single survey, and respondents who want a shorter, more engaging survey
experienceDiscrete choice data collected via a conjoint or MaxDiff exercise requires question
repetition, naturally limiting the number of attributes that can be tested if respondent fatigue is to
be avoided.

In considering MaxDiff specifically, it isecommendetb show each itemi times to each
respondent@rme 200%. The number of tasks required for stable individual level utility

! Survey Sampling International
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estimates scales linearly with a large item set, contributing to long interviews and causing
respondent fatigue.

In an effort to aval burdening respondents with a large number of MaxDiff tasks while still
obtaining utilities for a large set of attributes, researchers have tried several methods of dealing
with the issue. These methods include adautesgns (Orme 2006), aggregatedds such as
the Bandit Mode(Fairchild, Ome & Schwartz 2015)estimating unseetasks (Lattery 2007),
conducting an initial sorting exercise (Hendrix & Drucker 2007), showing attributes fewer times
than recommended, such as Sparse MaxWiffth & Wolfrath 2009) and not showing all
attributes to all respondents via an Express MaxWifth & Wolfrath 2009).

With an interest in eliminating the tradeoff between respondent fatigue and complete data for
a larger number of attributes, we decided to testdpallities of the EM algorithm (expectation
maxi mi zation) in imputing Amissingo data in

BACKGROUND

We decided to use an extreme number of items, 200 in total, in designing our MaxDiff test.
We wanted to find angrially unique subject matter, and decided upon policy statements made by
2016 presidential candidate Donald Trump. We hoped to not only test utility imputation methods,
but to also illustrate the usefulness of the MaxDiff technique when applied to pelitidees.

Mr. Trump has spent time in the political sphere as both a conservative and a liberal,
providing a wide range of statements from both sides of the aisle for use in our study. Trump is
also a polarizing figure with strong and simple statemeantsate easy for respondents to
evaluate and then agree or disagree with.

We chose roughly 10 statements in each of 22 topical categories, with statements
representing both conservative and liberal stances on the issues. These statements, with the

categoricé i ncl uded shown in Table 1, ranguppdrt fr om

a

the ban on assault weapomsdfl support a slightly longeravi t i ng peri od to pur

more gener al comment ary on tObreountryneedeatruly st at e

great leaderandfiwe need a truly great leader now.
Table 1. Statement Categories

2" Amendment Immigration
Corporate America Jobs/Economy
Criminal Justice Reform Military/VA
Deficit/Spending Other candidates/politicians
Discrimination Patriotic Statements
Education Religion

Eminent Domain Social Issues
Environment Social Programs
Foreign Policy Taxes

Free spedtdMedia Trade

Healthcare Women
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RESEARCHDESIGNM ETHODOLOGY

We fielded a 2@juestion survey (excluding MaxDiff exercisésgused on political opinions
and feelings about the media among Survey Sam
We obtained n=1,500 completes from late March to early April 2016. The survey began by
coll ecting r esponduetwnoting pattgrna, and genexrdl dttitutleialdotitthe n, r e
direction the country is headed. Quotas were in place to balance respondents on key metrics
aligned with the registered U.S. voting population, including age, gender, and party affiliation,
displayed belowin Table 2. After the data were collected, some minor weighting was put in place
to balance on ethnicity.

Table 2. Respondent Quotas

Gender Age Party Affiliation
Male 47% 1834 23% Republicar26%
Femaleb3% 351 54 34% Democrat30%

55+43% Independent4%

After assessing respondent familiarity with current 2016 presidential candidates from the two
major political parties (at the time includiktillary Clinton, Donald Trump, Bernie Sanders, Ted
Cruz, andlohn Kasichand collecting the candidate eaelspondent felt most likely to vote for
at that moment in time, we began the MaxDiff portion of the study.

Figure 1, displayed below, shows the experimental design of the study. Respondents were
shown a partial subset of the total 200 items in an Expres®Nf and were then given the
option to opin to additional rounds of MaxDiff questions. Once respondents no longeriopted
to additional rounds, they were shown a Direct Binary threshold question for use in creating two
anchors.

Figure 1. Survey Flow

Respondent sees partial
list of items in an

Express MaxDiff
Asked direct binary
Asked to opt in or out of ARG BT

additional MaxDiff sets

The MaxDiff portion of the study was set up
subset of the total 200 items. The first MaxDiff module consisted of 10 fixed items and 20
additional items selected randomly, for a total of 30 items tested. Eacindespsaw 25
screens with 4 statements per screen. We wanted a large amount of data oentise®eaihsure
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robust individuallevel utilities for each statement seen. Table 3 displays the 10 statements
chosen as fixed to be seen by all 1,500 respondents

Table 3. Fixed Items in the First MaxDiff Module

Category Statement
Webve got to bring on the compel
Education choice, charter schools, vouchers, even opportunity scholarships. | cal
competitior® the Americarway.
We have to have a wall. We have
Immigration going to have a big fat door where people can come into the country, b

they have to come in legally.

Unions are about the only political forceminding us to remember the

Labor Unions American working family.

Militarily, we&e going to build up our military. Wiee going to have such g

Military/VA strong military that nobody, nobody is going to mess with usré/\eot
going to have to use it.
Other One of the key problems today is that politics is such a disgrace. Good
candidates/politicianfjpeopl e dondét go i nto government

Patriotic Statements Our country needs a truly great leader, and we need a truly great leadg

| have samany fabulous friends who happen to be gay, but | am a

Social Issues traditionalist.

Supreme Court | The ideal Supreme Court Justice would be Scalia reincarnated.

If you tax something you get less of ifslas simple as that. The more yo

Taxes tax work, the less petgpare willing to work. The more you tax
investments, the fewer investments bget. This isi@ rocket science.
Trade We have very unfair trade with China.

Respondents were informed that the statements displayed on the MaxDiff screens could be
said bya political candidate, but were not initially told the statements were real quotes from
Donald Trump. Respondents were then asked to choose the statement they most agreed with and
the statement they least agreed with. An example of the question foshatis in Figure 2.

Figure 2. MaxDiff Example Screen

The following statements could be said by a political candidate.

Which of the following statements do you most agree with, and which statement do you
least agree with?

(1 of 25)

Most Least
Agree With Agree With
— We've got to bring on the competition. Education reformers call this school choice, charter schools, vouchers, —

o even opportunity scholarships. | call it competition—the American way. v
— If you tax something you get less of it. It's as simple as that. The more you tax work, the less people are willing to —

o work. The more you tax investments, the fewer investments you'll get. This isn't rocket science. o
u | am a huge fan of the police. I think the police have to be given back power. u
u I have so many fabulous friends who happen to be gay, but | am a traditionalist. U
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After completing the first 25 MaxDiff tasks, with exposure to 30 of the 200 items,
respondents were asked if they would like to continue the survey by completing an additional
round of statement questi® with new statements, or if they wanted to simply proceed through
the remaining 6 minutes of questions required of all respondents. The question format is

displayed in Figure 3.
Figure 3. Modularization Opt-In Screen

Are you interested in completing an additional round of statement
questions with new statements this time?

Please note, an additional round will take about 4-5 minutes, and
following that exercise we still have a few more questions for you
that will take about 6 minutes to complete.

Q Yes, I'd like to see more statements
Q No, please take me through the remainder of the survey
Respondents who chose to opto additional rounds of MaxDiff sets were again shown 30
statements (all randomly selected this time) across 25 screens with 4 items per screen.

Respondents were able to apto up to 6 additional rounds, with the final round consisting of
20 randomly selded statements across 18 screens of 4 statements per screen.

At the first optin juncture, nearly three quarters of respondents opted out of additional
rounds of statements, instead finishing the remainder of the required survey questions and
completing tle study with only one MaxDiff module. A little over a quarter of respondents
proceeded to oph to an additional round, with the percentage of respondents opting in to
additional rounds dropping quickly, as displayed in Figure 4. In the end, a totdy dfoon
respondents out of n=1,500 were exposed to all 200 statements. This resulted in a massive

amount of missing data for our test.
Figure 4. Opt In Rates

Additional MaxDiff Module Opt In Rates

100.0%
100%

80%

60%

40%

20% 5.9% 2.3% 1.4% 1.0% 0.7%
0%

27.9%

% of Respondent:

30 60 90 120 150 180 200
Number of Iltems Seel
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As soon as a respondent opted out of additional MaxDiff modules (whether it be following
thefirst module or after completing all 7 modules), respondents were exposed to a threshold
guestion. At this point, we informed respondents that all of the statements seen previously had
been said by 2016 presidential candidate Donald Trump. We then shespeddents a grid of
the 30 statements seen in the first MaxDiff module, and asked them to indicate, for each
individual statement, whether it increases, d
likelihood of voting for Donald Trump. These responsese then used to create two anchors
using the Direct Binary approach presented by Kevin Lattery (2010). The first anchor
distinguished which statements increase respondent likelihood of voting for Trump, while the
second anchor distinguished those statesthat decrease respondent likelihood of voting for
Trump. The exact question wording can be seen below in Figure 5.

Figure 5. Direct Binary Threshold Question

All of the statements you saw in the previous round of questions are policy statements that have
been said by 2016 presidential candidate Donald Trump.

We are now going to show you the same set of statements, but this time, please indicate
whether the statement increases or decreases the likelihood that you would vote for Donald
Trump.

Increases Does not affect Decreases
We've got to bring on the competition. Education reformers call this school choice, charter schools, — — —
vouchers, even opportunity scholarships. | call it competition—the American way. o o o
We have to have a wall. We have to have a border. And in that wall we're going to have a big fat door —~ — —~
where people can come into the country, but they have to come in legally. o o o
Unions are about the only political force reminding us to remember the American working family. Q Q g;)
Militarily, we're going to build up our military. We're going to have such a strong military that nobody, — — -
nobody is going to mess with us. We're not going to have to use it. v o o
One of they key problems today is that politics is such a disgrace. Good people don’t go into —~ — —~
government. o o o
Our country needs a truly great leader, and we need a truly great leader now. Q Q Q

Once the experimental portion of the study was completed, respondents answered a few more
guestions about their views on the trustworthiness of various forms of media, and then concluded
the survey by answering a set of demographic questions.

After collecting all data, we discovered that nearly 75% of respondents were lacking data for
85% of the statements tested. This is where we began our analysis to see whether HB estimation
or EM imputation performs better in generating utilities where data are missing.

We started with two separate sets of utilities: one individual level model (anchodeutclu
run in Sawtooth Software using the default HB estimation, and a second model in which we
removed the anchored HB utilities generated by Sawtooth Software for items that a given
respondent did not see, and then estimated those blanks using the E¥iralgoR (Soft
Impute Package).
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Figure 6. Estimation Approaches Used

Estimation Approach 1 Estimation Approach 2
Estimate HB utilities Estimate HB utilities
(Sawtooth Software) (Sawtooth Software)

Remove HB utilities for
items not shown

Estimate missing utilities
with EM algorithm (R)

These two sets of utilities, HB only and HB+EM, were used in performing several types of
analyses, and the results were compared.

Following some of our initial analysis, we decideddoontact a portion of the original
respondents to collect some additional data to serve as a baseline in comparing the utilities
estimated using HB and those replaced with imputed EM utilities.

In early July weecontacted 310 respondents daotal ofn=200 completesVe used the
exact same questionnaire, simply removing those candidates who had at that point dropped out
of the race. Respondents only saw one MaxDiff exercise with no modularization. Like the first
study, the MaxDiff included 30 statemeatsd consisted of 25 screens with 4 items displayed per
task. The design contained 30 statements that the recontacted respondents had not been exposed
to in the original survey.

Coll ecting this data gave us a [Badyahdi ne of
HB+EM utilities that had previously been estimated with zero direct information about the 30
statements in question.

RESEARCHRESULTS

When the two sets of utilities (with and without the EM algorithm) are compared at the
aggregate level we engb wvith very similar results. Figure 7 below plots the mean of each of the
200 items with and without the EM algorithm to estimate the utilities of the missing items. The
correlation is very close to 1 (r=.99), which indicates that at the aggregate legeihesEM
algorithm to estimate the individual | evel ut
estimated utilities.
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Figure 7. Aggregate Utility Comparison
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This result holds up even when looking at the key segments of the data such as party
affiliation even when not using these variables as covariates. The aggregate utilities also make
intuitive sense within these segments of the population. Figure 8 shows the aggregate utilities
both with and without the EM algorithm by party affiliatioggaegating the items by topic for

an easier read. In particular, you can see th
labor unions, while the Democrats do. To a lesser extent the same is true with social issues where
Trump is considered moremadat e t han many Republicans. Both

statements on the economy, jobs, and general patriotic statements. The Republicans like his
statements on the opposition (in particular Hillary Clinton), immigration, and taxes more than the
DemocratsNeither party is particularly enamored with his environmental stances or the delay in
the Supreme Court nomination (although Republicans prefer that delay to the Democrats). These
trends hold regardless of if the EM algorithm is added to the normal HBss¢towever, we do

notice more volatility in the segmentation analysis than when we look at the two in aggregate.
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Figure 8. Topical Aggregate Utility Comparison by Political Affiliation
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While the aggregate results are nice, the main reason to do tiesdual level models is to
operate at the individual level rather than the aggregate level. In particular, many times these
models are used for segmentation purposes. We ran both sets of utilities with and without the EM
algorithm through a Latent Clase@nentation (using Latent Gold) and as a standaneé&ns
cluster analysis. While we looked dt73segment solutions in both cases, we preferred the five
segment solution to tell the story of attitudes towards Trump. Figure 9 shows the results of the
segmatation. Surprisingly, these results were similar regardless of whether or not the anchors

were included in the utility calculations.

Figure 9. Top Statements by Each Segment

Trump Trump Undecided
Supporters Leaners Swing Vote
11% 32% 27%
American interests The way veterans are Our government is
come first being treated in our failing us
country is a disgrace
Obamacare is a The only special
disaster It is time we imposed interest not being
budget discipline served ... is the
Our unprotected American people
border is a threat

Trump Trump
Skeptics Haters
19% 10%

We must have

universal healthcare

number on [social

programs]. And
can’t do that.

One of our ... goals

must be to induce a

greater tolerance for
Every Republican diversity.
wants to do a big

we a program that's
worked

[Medicare] is actually

While every segment of respondents had statements that they related witlerétedoiver
of the segment assignment was the anchor in the utilities (increased/decreased likelihood of

voting for Trump). Those

wh o

supported

Tr ump

interests coming first in foreign policy, his statementrag) the current Obama administration,
and strong immigration policy. Those who opposed Trump agreed with more of his statements on
the importance of tolerance towards minorities and how current social programs work. While
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they might agree with these statents he has said, they probably do not agree that Trump
exemplifies these statements, as information that Trump was the author of the statement did not
cause these respondents to be more likely to vote for him. In fact, many respondents for whom
some ofthe statements resonated simultaneously indicated that knowing Trump said the
statements in fact made them less likely to vote for Trump. It is also interesting to note that the
undecided swing voters were most likely to be disgusted with the currenhgem@rand not

feel their Iinterests are being represented.
Full results of the 200 statements by segment can be provided at request to the authors. This
story does not change depending on which setgtien is used or if the EM algorithm is

included or excluded.

Both segmentation methods and utility calculation methods yielded similar results. When
using anchored utilities, the classification into the same segment was between 92% and 96%.
Removing theanchor does provide more variation in the segmentation algorithms, but the
classification into same segments is still extremely high with the lowest being 80%. Table 4
compares these segmentation results and demonstrates the similarity.

Table 4. Segment Assignment Similarity by Utility Algorithm and Segmentation Method
Anchored Utilities

EM No EM EM No EM
K-Means K-Means Latent Class Latent Class
EM K-Means 100% 96% 94% 92%
No EM K-Means 96% 100% 94% 94%
EM Latent Class 94% 94% 100% 96%
No EM LatentClass 92% 94% 96% 100%
Unanchored Utilities
EM No EM EM No EM
K-Means K-Means Latent Class Latent Class
EM K-Means 100% 80% 85% 83%
No EM K-Means 80% 100% 82% 94%
EM Latent Class 85% 82% 100% 87%
No EM Latent Class 83% 94% 87% 100%

The final testve did used the recontact data to assess the ability of the two sets of utilities to
predict future tasks by the same respondents. We used the individual utilities from each model to
see which was better at predicting how respondents would react toablesavhere they had not
seen any of the items using hit rates. We compare both of these models to an aggregate logit
model to see what, if any, predictive lift we get at the individual level. Table 5 confirms that
adding in the EM algorithm on top of theBralgorithm does not boost predictive validity.

However, both methods do slightly better than the aggregate logit model, and all models do
significantly better than just random chance with no information.
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Table 5. Predictive Comparison Using Hit Rates byModel Type
Best Tasks Worst Tasks

EM Anchored 42.9% 44.1%
EM Unanchored 42.6% 43.4%
No EM Anchored 42.3% 44.0%
No EM Unanchored 42.7% 43.4%
Aggregate Logit 38.7% 40.2%

CONCLUSION

It is clear that respondents get fatigued when completing adarges of MaxDiff tasks.
Most of our respondents decided to leave after 25 MaxDiff tasks rather than continue evaluating
more political statements. However, not everyone was equally fatigued. Giving respondents the
option to complete additional MaxDiff tes did give us more complete data on a few
respondents who likely had higher interest in the topic. Finding a way to estimate unseen items is
essential to keeping an engaged audience when confronted with a large number of items to
evaluate.

Trying to predct individual level utilities where a respondent has not seen the item in a
MaxDiff exercise is uncertain at best. While the HB algorithm will estimate individual level
utilities, there is a lot of shrinkage going on to the aggregate model. While wetatiempdd
in covariates to help guide the shrinkage, the amount of time it took to run the model with these
covariates was prohibitive. Removing the utilities for items not seen in the tasks and imputing
them with an EM algorithm yields very similar retsulThe two algorithms produce similar
results not only at the aggregate level, but on the individual level when looking at segmentation
composition. Both types of utilities give a slight boost in hit rates for items when a respondent
sees new items in agontact when compared to the aggregate logit model.

One important advantage of HB is that it has an estimate of variance in the draws, whereas
the EM algorithm only provides point estimates. However, industry market simulators commonly
only use the poingstimates, which do not allow for the full advantage of HB. While calculating
individual level utilities might not boost predictive performance much above the aggregate
model, it can still be useful in these simulators that use the point estimatesicungrart
individual level utilities allow simulators to recalculate preference for subgroups on the fly
without having to calculate new utilities. The aggregate logit model would need to be
recalculated for every desired segment of the population rathrejutstataking a new average of
existing individual utilities. The extra step of removing the HB utilities for unseen items and
replacing with an EM algorithm doesnét seem t
in the future.

There are many aveas researchers could take to build on this work. In particular, with
political surveys there are known covariates (such as party affiliation and past voting behavior)
that could likely inform the models on respondent attitudes towards statements thadtwere
seen. Using a Sparse MaxDiff instead of an Express MaxDiff to get some information on most of
the statements instead of a lot of information on only some of the statements could yield much
better results. Lastly, even using the results of a segmen#dgjorithm (either the ones used or a
cluster ensemble algorithm) might i mprove the
adding it in as a covariate.
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We would also prefer to do the recontact closer to the initial survey as several big news items
occurred between the two waves of data collection. In particular, presidential candidates dropped
out of the race, which could have changed res
in general. This delay could have contributed to the overadidwt rates of all the models when
predicting respondent choices in the recontact data.

KEIseyWhite Paul Johnson

WORKSCITED

Fairchild, K., Orme, B. & Schwartz E. (201Bandit Adaptive MaxDiff Designs for Huge
Number of Items2015 Sawtooth Softwe Conference Proceedings. 105 117.

Hendrix, P., & Drucker D. (2007). Alternative Approaches to MaxDiff with Large Set of
Disparate Item& Augmented and Tailored MaxDif2007 Sawtooth Software Conference
Proceedingspp. 169 188.

Lattery, K. (2007). & CBC: A New Framework for Deriving Individual Conjoint Utility by
Estimating Responses to Unobserved Tasks via Expectddaimization.2007 Sawtooth
Software Conference Proceedingp. 127 138.

Lattery, K. (2010)Anchoring Maximum Difference Scalinggainst a Thresho&l Dual
Response and Direct Binary Method810 Sawtooth Software Conference Proceedpygs.
771 90.

Orme, B. (2005). Accuracy of HB Estimation in MaxDiff Experime&awtooth Software
Research Papeavailable atvww.sawtoothsoftware.com/download/techpap/maxdacc.pdf

Orme, B. (2006)Adaptive Maximum Difference Scalin@awtoothSoftwareResearch Paper
available at www.sawtoothsoftware.com/support/techspeplers.

Wirth, R. & Wolfrath, A. (2009). UsiniflaxDiff for Evaluating Very Large Sets of Iten2009
Sawtooth Software Conference Proceedipgs59 78.

146



THE RESEARCHE® PARADOX: A FURTHEROOK AT THEIMPACT OF
LARGE- SCALE CHOICE EXERCISES

MIKE SERPETTI
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SAWTOOTHSOFTWARE

ABSTRACT

MaxDiff is ideal for determining preference order, yet becomes problematic for large item
sets. While sparse and express methods address these issues, not enough-ketjeegearch
exists. This research explores and validates ineithods, with real respondents, on a set of 100
items to determine which is better.

BACKGROUND

Clients continue to push the envelope when it comes to increasing the length of item lists in a
MaxDiff (Maximum Difference Scaling or Be$Vorst Scaling) study=or traditional MaxDiff,
Sawtooth Software hasiggestdthat each itenshouldbe seen at least three times per
respondent for accurate, individtlal’el estimation. This rule of thumb means longer béts
items(i.e.,>50) equate to more survey screemich can lead to respondent fatigue and bad
dat a. It is our duty as researchers to consid
researchers want more data to ensure better estimation, they have to balance this desire with what
respondents are iNng to provide.

MaxDiff is a superior technique for determining preference order among a list of items. This
methodology not only ranks a list of items, but also reveals the magnitude of difference between
ranked itemsAdditionally, MaxDiff has beerwvaluablein other research applications such as
TURF or Segmentatigrandhas proverits use in pevious researcfor up to 30 to 40tems.

Under the traditional MaxDiff method, the more items included in the exercise, the longer the
survey will be. The staratd formula for determining the number of sets is shown below
Equation 1In this formula, the goal is for each item to be seen at least three times, on average,
by each respondent.

Equation 1. The Numbers of MaxDiff ScreensRequired for Analysis
w o ~ee =0 o = O ATABO AN AOEG ACOTHA A
. 01 AIABA O 6—F—F+=—= }SQO,\ .
. O AIRBOAORS PR®A O
The number of screens increases quickly as the number of items being tested increases.
Assuming the formula above, along with showing each respondent five items, jpéguset 1
indicates how long and taxing this exercise can be for a respondent.
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Figure 1. TheNumber of Set Required to Test perNumber of Items

20 items 50 items 100 items 200 items
sets
12 screens 30 screens
Number of items seen per screen: 5 60 screens
Average # of times each item is shown: 3 120 screens

One of the major issues facing a long MaxDiff exercise is respondent fatigue, resulting in bad
data that can bias final resulfis paper encourages researchers to address this issue and
explores if there is a way to obtain accurate estimation without tang respondents in large
scale choice exercises.

PREVIOUSRESEARCH

Over the past decade, a number of practitioners have investigated different ways of analyzing
largescale MaxDiff exercises. These include:

1 Orme&d Adaptive MaxDiff

1 Hendrix/Drucked AugmentedviaxDiff, Tailored MaxDiff
1 Wirth/Wolfrathd Express MaxDiff Sparse MaxDiff

1 Orme/Fairchild/Schwartz Bandit Adaptive MaxDiff

Most of the research presented in this paper stems from the work presented by Wirth and
Wolfrath in their exploration of sparse and express MaxDiff. The theory behind sparse MaxDiff
is to show respondents each item lefssnthan they would see in the dliional method. For
exampleunder the traditional methotksponderst are usually shown each item aerageof
three timeswhereaswith the sparse methodology, respondenight only see each iteriewer
timeson average.

On the other hand, the expressthodology uses a different approach by showing
respondents a subset of the items being tested. For example, a study with a list of 100 items is
broken up into smaller subsetsd.,30) where each respondent receives one subken,
Hierarchical Bayess used to stitch the data together into a set of utilities that can be used for
analysis. The maiadvantagef both of these methodologies is their ability to test a large
number of items without burdening respondents with a losigeey.

Although therehas been a lot of research in the past decade, many of these studies have
eitherbeen simulations dravecontained lists of items that were not excessive in nature (e.g.
Wirth and Wolfrath tested 60 items). The purpose of this paper is to deterramnexicessive
numberof items (.e., 100 items) can beestedunderthree different MaxDiff methods: traditional
MaxDiff, sparseMaxDiff, and &press MaxDiff.
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RESEARCHDESIGN

A MaxDiff experiment containing 100 items was fielded among 2,746 respondentgtthrou
G M1 Kbightspeed panel. The survey tested the importance of a wide array of items related to ice
cream. It contained items sure to resonate with many respondents, dilittaates gooafit
has good adéhspandfi t 6 s . doveeaemiyalso tesd the importance of more obscure
items, includingfithe packaging is biodegradaliiéhe packing is sethrough¢ andfithe ice
cream is made with steviao

Respondents were screened to be between the ages of 18 and 65, to have at least half of the
responsibility for grocery shopping in their household, and have had purchased or consumed
packaged ice cream within the past six months. Each respondent waanith@mly assigned to

one of six MaxDiff methods, shown belowFigure 2 When data collection was complete, the
data was weighted to the same demographic proportions across all 6 cells.

Figure 2. MaxDiff MethodsTested

Sparse Express All Express Unique 1 Version
MaxDift Anchor Anchor Traditional

N=7549 N=545 N=543 N=544 N =285 N =280

S

1 Version
Sparse

Each of the MaxDiff methodshown n Figure 2wasset up to beiniqueand dependedn
the overall number of items seen, the number of sets and versions shown and the average number
of times each item was shown per respondent. A more detailed description of the first four
methodsappearsn the figure belowFigure 3.
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Figure 3. MaxDiff Method Details

N 549 545 543 544
Items per Screen 5 5 5 5
Number of Items 100 100 30 30
Seen
ew @ m
Number of 300 300 270 270

Versions

Average # of
Times Each 3 1.5 3 3
Item is Shown

As previouslyreferenced, two other MaxDiffersions were tested. The firstsva tversion
traditional MaxDiff exercise (n = 285) and the otheraetsion sparse MaxDiff exercise (n =
280).Both of these methods were randomly assigned to respondents and were used-a& an out
sample validation test against the main, three hundred versions of both the traditional and sparse
MaxDiff methods. Another note of importance is that both of the egpfesDiff methods
contained the same exact design.

In addition to testing the accuracy of estimation for each MaxDiff method, another goal of
this research was to test if applying Kevin L
accuracy measures assothese different methods. Respondents who saw the traditional and
sparse were asked a follayp Direct Anchoring question on all items. This was a rputich
qguestion that also offered a fAinone of the abo
express all anchor respondents, even if their specific MaxDiff did not include these items. On the
other hand, express unique anchor respondents were only shown items that they rated in their
actual MaxDiff exercise.

ACCURACY ANALYSIS

A hit rate was calculateusing a holdout task ttetermine the accuracy of each method in
identifying preferencat the individual levelThe hit rate is the proportion of the holdout ranks
that match the utility ranks across the entire population. In the holdout task, responeien
asked to rank five statements from the MaxDiff in order of preference. They did this for five
unique batterigs resulting in5 holdout tasks, or more specifical® statements that could be
compared to the rank order okthtilities. For comparan, the utilities for the 25 statements
were ranked in order within each of the 5 groups. Each person had 25 pairs of randslthat
either match or not.
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Due to the large item list, some utilities were very close to one another. To accommodate
these veryclose scores hat coul d essentially be ties in th
interval was developed to apply to the hit rate scores. This process allows very close thdities,
overlap within their margin of error, to flip ranks and be considareaccessful match. The 95%
confidence interval for each of the 25 statements was created using the standard deviation of all
utilities for the statement. Bounds of 95% were applied to the utility to create a range of utilities
(1.96*sd). These ranges veeranked; those that overlapped could count as a success in either
rank, while those that had no overlap were assigned their rank.

Using either hit ratealcdation traditional MaxDiff is the most accurate. Sparse follows as a
close second, while both engss methods are less accurate, seen bel&wgime 4

Figure 4. Pure and Confidence hterval Hit R ates

Pure Hit 38% 34% 32% 30%
Rate

Confidence 58% 529 49% 47%
Interval
Hit Rate

CORRELATIONANALYSIS

Another measure of accuracy is the correlation betweeuntithg ranksand the rankfrom
the holdout taskat the individual levelThis measures the relationship between the ranks of the
hol douts and the ranks of the genermetiems ut il i
calculated for eactf the fiveholdout task, comparingthe five holdout anksto their
corresponding utilityds ranks. This results i
correlationwas taken to create one measure for each respondent. Similar to results from hit rate
calculatiors, the traditional method shows tkteongest relationship between the holdout and

MaxDiff exercise with sparse falling just behind, followed by both express methodsh in
Figure 5
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Figure5.Spear mano6s R a sfkr Hdout, Mraditianal,iadn
Sparse Utility Ranks

T S eA elU

Correlation to
Holdout Ranks
Correlation to
Traditional Ranks
Correlation to Sparse
Ranks

When itemgarks are plotted, sparse ranks align better to the traditional ranks than the
express, however sparse and express align to one another betethitiadoes tthe
traditional shown below irFigure 6

Figure 6. Utility Ranks Plotted against Different Desgns

Sparse against Traditional ExircssA]l Anchor against Traditional Express Unique Anchor against Traditional

Express All Anchor against Sparse Express Unique Anchor against Sparse

&)

OUTOF-SAMPLEVALIDATION

Anotherwayto test the modefperformance is oubf-sample validationTwo sample groups
were withheld from the estirmianh process, each consistingrsf250 respondentsOne group
saw a 1version traditional MaxDiff, resulting in 60 fixesktsfor this outof-sample datalhe
other group saw a-\tersion sparse MaxDiff, resuig in 30 fixed sets of hottlit dataDesign
details are shown below Figure 7
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Figure 7. Details for the 1-Version Out-of-Sample Validation \ersions

N 285 280
Items per Screen 5 5
Number of Items 100 100
Seen
“fsw o0 *
Number of 1 1

Versions

Average # of
Times Each 3 1.5
Item is Shown

Using model estimates from each of the fowathodqT, S, eA, eU), share of preference
(SOP) simulations were compared to thé#& counts
should be mentioned that the scaletbr for each of the four models was also tueetb
minimize the mean absolute error (MAE) within each model.

The table below shows the MAE scores for each of thenfmihods at the aggregate level;
the goal is to minimize the MAHE-{gure 8 with a typcal MAE found between .02 and .04
Although the differences in MARBrelikely not significant, they do suggest thgiagseis a viable
alternative to the traditional.

Figure 8. Mean Absolute Eror Scores for Each M ethod Using the 1-Version
Out-of-Sample \alidation

MAE
o 0.034 0.030 0.038 0.036

0.034 0.030 0.038 0.039

Another hypothesis wabatincreasing the number of tasks used in model estimation would
decrease the MAE (i.emore sets resuin less error)l f t htiue, one mighbassume the
gual ity of an i ndi vi du dHhe@fereusiegdatafion the trdditignala d e s
only, four separate utility estimates were created usiadirst 30 tasks; then 40; then 5den
all 60.Thetable suggests that even as the number of tasks used in the utility estimation
increasesthere is nba significant decrease in MAEigure 9. This isanotherindication that
gparse oexpressmethodanay be just as, if not more, effectitren traditionaln utility
estimation for large item sets.
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Figure 9. Mean Absolute Error Scores for Traditional Egimating Using the First 30, 40, 50,
and 60 Tasksand the 1-Version Out-of-Sample

MAE@Q@@

0.032 0.032 0.033 0.034

0.034 0.035 0.035 0.034

The traditional method is more accurate than the proposed alternatives, havi®aemuch
longer exerciséo include in a survey. In orday tinderstand the increaseaccuracy relative to
the number of tradeoffetsevaluated by respondents, hit rates and correlations were calculated
for the first 30, 40, and 5€etsseen. As more tasks are estimaisshgHierarchicalBayes only
slight increases among-sample hit ates occur. This further suggests that the gain in adding
moresetsmay not offset the loss through respondengtegt and satisfaction. Hit rates and
correlations suggest thgparse is approximately as accurata tiaditionalmethodwith a
limited numter ofsets Figure 10andFigure 4.

Figure 10.Hit Rates and Correlation to Holdout for Traditional Using Only
First 30, 40, 50 and All 60 8ts

Pure Hit 349 359% 37% 38%
Rate
Confidence
Interval 54% 54% S7% 38%
Hit Rate
Correlation to 0.42 0.44 0.46 0.49
Holdout
RESPONDENTSATISFACTION

Although the scientific purpose of this paper is to focus on the statistical acofieash of
the MaxDiff methods tested, the respondent experience is a very important piece of the puzzle
that cannot be overlooked. Respondents who are disengaged throughout the course of the survey
or who become dissatisfied with the length of the sucayhave a substantial impact on the
overall results. Disengaged respondents can lead to responses with a large amount of directional
noiseéd without a researcher being able to discover the éssuwghe need to clean a large
number of respondents out of ata set.
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In order to gauge satisfaction, respondents were asked a series egpseNe@mantic
differential questions about the MaxDiff exercise they took. Some examples of these questions
included: was the MaxDiff portion short or long, was it fun df,dund was the MaxDiff
enjoyable or not. The results with regard to respondent satisfaction are shown Helguveril

and indicate a topvo box score with regard to the semantic differential queskmule 1).

Figure 11.Top Two Box Scores for Respndent Satisfaction on Each Atribute

Short
Easy

Appealing

Fun

Enjoyable

7%
51%
38%
40%

43%

8%
60%
47%
47%

53%

10%
68%
56%
53%

59%

15%
68%
57%
55%

59%

Composite

36%

43%

49%

51%

These results show a positive trend from those who participated in the longer, traditional
MaxDiff to those who were shown the shorter, express MaxDiff. Respondent satisfaction was
lower for those who saw the traditial; they explained that the survey was long, hard, less
appealing, and duller. These results improved for those respondents who were assigned the
sparse MaxDiff and were the highest with the express. In addition to being shorter, the more
satisfied respadents also found the survey easier, more enjoyable, more appealing, and more

fun.

Respondents were askeperrend questionabout what they liked and disliked in the

MaxDiff exercisesThese were analyzed using Rapid Automatic Keyword Extraction text
ncl uded fwitkcligle cr e a mo

variability across MaxDifimethodsHowever, hefiDi s | categogshowed more variation
between methodss can be seen in the word cloudBEigure 12 The tradiional emphasized the
Al o andifor e p e hatute ofvhe éxerciseth er e a s
fichoicesd Both of the express methodsmp hasi z ed

analsis. Common themas n

the choices availabdewhich makes sense, gy only saw a small subset of the items

Lihkee @it e gor y

the sparse

highli gt

tnatee ofitheexeriseiandi v e 0

available The key takeaway from the text analysis weestraditionalmethod was viewed as

flong.0
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Figure 12.Word Clouds for the fiDisliked Open End for Each Method
TRADITIONAL SPARSE

ot wsatiar
. o

o oy
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urefert’m:e ‘ faclors ...
EXPRESSALL ANCHOR EXPRESS UNIQUE ANCHOR
lluestlons
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preference L Ll valiirenel

weteir varw

0 BDO RESPONDENTANALYSIS

Another objectiveof hi s research was to determine the
each MaxDi ff method yielded. A respondent was
or more data quality checks or if that respondent admitted to cheating during their suevey. Th
different quality checks implemented throughout the survey included: respondent completion
time for their respective MaxDiff, a poor Root Likelihood Score, strdigimg on other
guestions asked throughout the survey, or incorrectly answering a guestichich they were
told to mark a specific answer. When analyzing the amount of bad data across each of the
different designs, the traditional MaxDiff and the express all anchor had the highest percentage
removed (16%). The sparse and express unigueasbowed fewer respondents removed, 8%
and 12% respectively.

The traditional MaxDiff took respondents a median completion time of 16.4 minutes, while
the shorter exercises, sparse and express, took respoadetgn time of 9.7 minutes aidb
minutes respectively. This measure was calculated using all respondents who completed the
survey, whether they were flaggedaa®ad respondent or not. When focusing on this overall
sample (goo@nd bad respondents), the longer, traditional MaxDiff had meporelents
considered fAspeederso (14%). A speeder is def |
completion time for their assigned MaxDiff design. On the other hand, the sparse and express
MaxDiff respondents had a lower number of speeders (9% é&vss and 109d.1% for the two
express methods).
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As mentioned earlier, after respondents had finished completing the MaxDiff exercise, they
were asked i f they thought about cheating. | f
cheated. Respondentere made aware that they would not be penalized for their truthful
answer, would still receive the incentive promised to them, and that they would not face any
repercussions from the panel company. With re:i
100% d the data removed was due to respondents admitting to cheating, while the two express
methods averaged over 75%. However, when looking at the traditional, under 70% of the bad
data was accounted for by cheating, which means that these respondents wédileeimao be
removed for other reasons (i.e., poor timing, straight lining, etc.). Amongst the data that
remained as good data, almost 25% of the respondents in the traditional method considered
cheating or straight lining in order to move through threespimore quickly. As the survey
length shortened, the percentage of those who considered cheating decreasedl@parse:
express:149%).

ESTIMATINGIMPORTANCEVALUES

Previous research by Wirth and Wolfrath states that sparse and express MeetBdtls
perform similarly when estimating the importammfehighly rankedtems. To evaluate how the
variousmethoderformed against the more and less important itémeswo holdout ranking
tasks that contained the five most important and the five least mmpaems were isolated.
Most and least important items were determined from a previous study containing a subset of
this item list. These holdoutrapk wer e corr el ated t o ibhdidertocorresp
establish a measure of comparisbhis research found that sparse did better than express with
the more important items and slightly better than express with the least importar{figumns
13).

Figure13.Spear mandés Rank oStamdLeadtiagontaotMoldout B attdvies
eA

Correlation to Holdout
Ranks for Least Important
Battery

T
Correlation to Holdout
Ranks for Most Important e o
Battery
To furtherunderstand how the alternative methodsqgrenfagainst the traditional MaxiD)
the top 25 ranked items from the traditional were correlated to their corresponding ranks in each
of the other three methods. The same was done with the bottom 25 tradérdksalThe story is

similar to that of the holdout task as wiebparse does better than express with the top ranked
items, but conversely, express seems to do better with the items ranked Fogest 14.
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Figure 14.Correlation to Top and Bottom 25 Ranks

eA

Correlation to Top 25
Traditional Ranks
Correlation to Bottom 25
Traditional Ranks

ADDITIONAL TECHNIQUESEXPLOREDFOR IMPROVING RESULTS

Education

Il nspired by the findings of Sawtooth Softwar
explore if a respondedtexperience would improve if they were educated prior to the MaxDiff
exerci®. The sample was split into two groups, one of which was educated prior to the MaxDiff
exercise with the following text #AOn#gmeof t he
feedback to thank them for taking part in this survey. At the endéxarcise, we will reveal
your top 5 attributes that are MOSTTheotheor t ant
group received no information.

After the MaxDi ff exer ci s-theflyGlawationsoverbcaleed f t wa r
upon to sbw theeducatedespondents their top 5 rankiéeins Respondents were then asked
fiHow well do these statements align with what is most important to you when buying packaged
ice cream®

Among those that wereducated, thedditionalmethoddoes the best at aligning the
estimated top 5 ranks with actuaptb ranks, followed closely by sparse and thgressA
slight lift in hit rate predictability is also observ@gigure 15. However, further investigation is
necessary to understandwhye spondent s answer s exgressméthodsal i gn &
The assumption is that respondents are more critical of théfiredfty results in the block
designs because they had a shorter list of items to evaluate and thus remember more about each
itembébs preference.
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Figure 15.0n-the-Fly Alignment with Top Attributes Sought and Hit Rates for the
Educated Sample

S eA

T eU
Do on-the-fly
rankings align with M 90%

your responses
(top-two box)* e
Confidence 48%,
4% 4% 4% 1%

Interval Hit Rate*
' Indicate an increase/decrease from original holdout scores

Pure Hit Rate*

*Results amongst those who were educated

More importantly is the lift in key satisfaction measures byetthécatedyroup compared to
the noneducatedjroup.In almost every caséhe exercise is more appealing, more, famd
more enjoyable, regardless of MaxDifiethod Figure 1. These results would suggest that
making respondents aware that they will be provided with their top ranked attributes at the end of

the exercise shoulde implemented wherever possible, especially given the ease of using
Sawt oot h Sof t wheiflyesériptlaMjaagedi f f on

Figure 16.Top Two Box Satisfaction M easures for theEducated Sample

Educated 45% 49% 59% 59%
Appeal

Not Educated 31% 44% 53% 54%

Educated 48% 47% 55% 60%

Fun

Not Educated  33% 47% 50% 50%

. Educated 51% 54% 65% 63%

Enjoyable
Not Educated  35% 52% 54% 55%
ANCHORING

Because MaxDiff scores are relative and researchers often want to draw a line between the
items that are actually important to respondents and those that are not important, this research
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applied the Direct Binary Anchoring approach developed by Kevinnyat@ttery 2011). This
method employs the standard MaxDiff questioning followed by a fseléct question at the end
that is used for threshold estimation.

Exploring the results shows that including the Direct Binary approach in the analysis has a
positive effect on the hit rates of the traditional, sparse, and express methods when all items are
used in the anchor question (eA). However, when only the subset of items tested in the express
MaxDiff are used in the anchor (eU), there is a slight negatieetgfigure 173. This is likely
due to the fact that the anchor in the eU app
outside of the design. While a random subset of items may work well as the anchor, it is
recommended that the subset not be limitethé items tested in the block.

Figure 17. Hit Rates for Al DesignEmploying Direct Anchoring

eA

Pure Hit Rate
1% 2% 4%
Confidence 60%
Interval Hit Rate 2% 3% 6% 2%

It should also be mentioned that in comparing the position of the anchor, the anchors for the
sparse and express all anchor methods were much higher (positions 12 and 13 respectively) than
the traditional anchor (position 2X)ne hypothesis is that witeds data, the actual anchor can
fluctuate in comparison to the traditional method, which estimates with more infornvatida.
it cannot be said which approach is more fdAcor
insights drawn from the diffeng anchor positions depending on the estimation method used.

CONCLUSONS AND FUTURERESEARCH

Overall, looking at largescale MaxDiff studies, the traditional method is statistically the best
when measured by accuracy hit rates amongst holdout tasksvéetotes type of study is
extremely longand challenging to respondents. It runs the risk of alienating respondents and
leads to a significant amount of bad data and wasted sample

There are alternatives to help solve for the length of traditional Maxiitluding either
sparse or express. The express method is preferred most by respondents due to its shorter length
and more efficient questioning structure. However, the research within this paper demonstrates
that it is the statistically least precisketioe three methods tested, suffering the most on accuracy.
Based on the data gathered during this research, the sparse MaxDiff is able to hold up both ends
of the spectrum in terms of data accuracy and respondent satisfaction. Given its strength in both
of these areas, sparse MaxDiff is the recommended methodology when dealing with MaxDiff
studies that are extremely large in nature.

Further exploration is required to answer the questidhe sparse method in this study only
showed each item one tidieon average, per respondénandif the connectivity of the design
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was limited would the express design perform better? Another hypotivesis explorings that

there may be a fAisweet spoto for the express m
Theexpress desigased in this studgnly showed 30% of the total items tested, but if that

proportion were increased, possibly to 50%, different conclusions may be drawn.

Claire Gilbert

Mike Serpetti

Megan Peitz
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NAIVE BAYESCLASSIFIEROR
How TO CLASSIFY VIAMAXDIFF WITHOUDOING MAXDIFF

DAaviD W. LYON
AURORAMARKETMODELING

INTRODUCTION

MaxDiff utilities are a popular basis for segmentation, in part becausevbo&lthe scale
usage bias often seen with batteries of ratings s@&eswuilding a classifier (ofit y pi ng t ool ¢
for MaxDiff-based segments can be a probMfhy? Because typing toolssuallydo best when
built using the original basis variables, but with MaxDiff, the utilities are not available to the
classifier

Classifieran generalnot just forMaxDiff) need to use as few questions as possiblejave
notwant to repeat a whole original questionnaire, and seldom even want to repeat every one of
the original basis variableslso,manyt y pi ng t ool s need to work fAon
can beassgned to different concept testecus group®r quotasas soon as they are screerad.
the case of MaxDiff, this means we dondét want
or use all the original ifulleewsamplaondvhich® daxaer t ai n
lengthy HB run or latent class run to get utiliti€ke utilities are great for segmentation, but we
c a mugethem at typingtool time.

This problem is widely recognized, @atad a nun
get around it have been discusg&lt].however, involveadegree of either violating the basic
MaxDiff model or throwing away some information that is availables is unfortunate,
because Bryan Orme and Rich Johnson (2009) publishedleeting Reearchmagazinearticle
that showed a theoretically sound solution that fully respects the MaxDiff model.

The method Orme and Johnson used is called Naive Bayes Classifi on ( ANBCo0) . T
articleapplied NBC to the MaxDiff situation, bdid not discus or namehe underlyingNBC
method they were usinghis paper has two main objectivéisst, to further popularize the
Orme and Johnson idea, and second, to introduce Naive Bayes Classification as a general and
widely useful approach to classificatiddBCscan be a useful alternative to the usual
discriminant analysis, multinomial logit regression or4paeed methods (CART, random
forests, etc.).

Others have addressed the MaxDiff classification problem in other. day$1agidson
(2016) showed aalegant and easy solution, not using NBCs, when the typing tool is meant to
use onlypairs of items.It can be extended to more typical MaxDiff tasks of triples, quadruplets,
etc, but much less easily as netandard software will then be neededch Komendat (2016)
shows, in the next paper in this volume, other approaabtesnly for MaxDiff but also for
ordinary choice tasks.

NAIVE BAYESCLASSIFIERS

This section introduces the general ideas behind Naive BHyiediscussion isndependent
of MaxDiff; how to embed MaxDiff into NBCs will be the topic of the next section.
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Let6s begi exampleShpposei weahave segments, | eto
are asked to classify them udevehrggiomWwhhtyganwee s i n gl
do?Not much, but we could look at a crosstab like this

Classifying from One Categorical Variable

Counts Row Percentages
SegA SegB SegC Seg A Seg B Seg C
Northeast 52 31 40 42.3% 25.2% 32.5%
Midwest 85 50 42 48.0% 28.2% 23.7%
South 87 89 43 39.7%  40.6% 19.6%
West 86 77 55 39.4% 353% 25.2%
anduseittoclassify. f we know a respondent 1is in the Sol

entry in the South row, in this case 89, and conclude that our best bet is to classify them into
Segment BMore precisely, we could look at row percentages for the South row, and say that

there is a 40.6% chance the respondent is in Segment B, and a nearly equal chance he or she is in
segment A.

Note that we are using row percentages when we doahike the usual use of a crosstab
like this in a segmentation context would focus on column percenfEgesolumn percents are
used in profiling the segments, to evaluate them and describe them to thé\@iean relate
the twopercentageby obsering that the segment sizes (at the total sample level) times a row of
column percent ages (peroentagadrby dividiegall tbosedpsoductoby ) , 1 f
the region size, produce the row percentages.

Thus we can say that the estimated probabilities of a respondent being in each segment are
the vectorotolumnper cent s for that respondentds region
sizes, repercentaged (i.e., divided by their total so that the babmes 100%; their original
total happens to be the overall percentage of the sample in that r&gierihe table below for
concrete details, continuing our region example.

The reason for separating the row percentages into column percentages amd Segses
that we need the two split apart when we look at using multiple variables to classify, rather than
using a single variable.
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Separating Row Percentages into Segment Sizes and Column Likelihoods

Counts Reg Row%s
SegA SegB SegC Sizes SegA SegB SegC
Northeast 52 31 40 16.7% 42.3% 25.2% 32.5%
Midwest 85 50 42 24.0% 48.0% 28.2% 23.7%
South 87 89 43 29.7% 39.7% 40.6% 19.6%
West 86 77 55 29.6% 39.4% 35.3% 25.2%¢

Seg Sizes 42.1% 33.5% 24.4%

Column % Likelihoods
Northeast 16.8% 12.6% 22.2%
Midwest 27.4% 20.2% 23.3%
South 28.1% 36.0% 23.9% Size XCol% 11.7% 10.4% 7.5%
West 27.7% 31.2% 30.6% +West reg size 39.4% 35.3% 25.2%

When running through these mechanics, we are simply applying @ayedo the
classification proces3he priors are the segment sizes (i.e., the probability of membership in
each segment before consideranyrespondent data), the likelihoods are the row of column
percentages (i.e., the likelihood of the region given the segment) and the posterior probabilities
are the row perceages (i.e., the classification probabilities we seek).

Sizes 42.1% 33.5% 24.4%
West Col %s 27.7% 31.2% 30.6%

.| & RuEeQ
Pr(Segk | RegG) =Pr(Seg<) x Pr(Red5| SegX )/ Pr ( RegG)
i Bsteriod = fpriord x filikelihoodd / fevidencé
Posterior % prior x likelihood

Segment probabilities Tabled Row Percents (from counts)
Segment probabilities Segment Sizes x Column Percents

|l t 6s obvi ous -vanable classifier wikvorkippodrlye nobonlgisegion a poor
predictor in this casdut classifiers invariably need at least a handful of variables, if not a
couple of dozeneven with good predictarslow canwe add more variables here?

The process is simpl&/e calculate similar crogsbs for all the other variables we want to
use, f@using on the column percentages, and multiply the segment sizes (prior) times all the
applicable rows from the various crosstabs (the likelihoods of the data given a segment) for all
the variableslf a respondent is in the West, colleg@ucated, higincome and female, we find
the right row in each of four crosstabs for region, education, income and gender, multiply them
all together along with the segnt sizes, and fgercentage. In the example below, the
respondent is 62.6% likely to be in segment B.
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Multiplying Prior and Likelihoods$o IncorporateMultiple Variables

SegA SegB SegC
Priors (segment sizes) 42.1% 33.5% 24.4%
Variable: Value Likelihoods (from column percents)
Region: South 27.7% 31.2% 30.6%
Eduation College 32.0% 49.0% 19.0%
Income: $150K and up 28.2% 37.5% 34.3%
Gender: Female 40.0% 60.0% 55.0%
(Column) Products 0.00421 0.01152 0.00268
Re-% to Probabilities 22.%% 62.6% 14.3%

What if avariableis continuousnot categoricalmMstead of usingrosstabs to get likelihoods
(column perceradges) for the data at hand, we can assume a distribution shape and use the
probability density at the observed data point as the likelindeanightassume normal
distributions, using the observed mean and stahdeviation for each segment, as illustrated
the leftmost plot below f we dondt | i k eyothersassumptiorgcanrbeuseda | i t y,
as long as we can compute ghrobability densitylf we want to avoid any assumptions at all, we
can use anmpirical density obtained from a kernel smoother in the same way.

Likelihoods for Continuous Variables Are Their Probability Density Function Values

7 <
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In practice,jt is common tdoypass the problemaridb i nd or categorize the
variablesinto, say,quartiles or quintiles or the like, and treat them like any categorical variable.
It is also common to assume normal#gmetimesfteratransformation to make the data at
leasstmoresymmetricor shortertailedMany ficonti nuouso SsSurvey quest
scales (1to 5, 1to 7, 1to 10, etc.) anywagucingthoseto categoriess recognizing reality,
not losing information.

NBCs rely onavery simple process and conceyfe start with segment sizes as pridke
multiply them by a set of likelihoods for each variable in the classifier, with the likelileotds
asimplerow of column perceages from a tabler an easyevaluation of a probality density
function for some distributioVe divide the final products by their total to get peraget
summing to 100%, and assign a respondent to the segment with the highest final percentage.
What could be simpler?
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Independence and Legitimacy

But, is this legitimate™ the variables are all independent of each pttien yes, it is a
rigorous, defensible procedur@f course, that is never true in practice, and often not even
approximately truelNevertheless, almost every introductory expositioN@ive Bayes notes
that it worwel NBSswaregprare case of gomgthing that works in practice, but
not in theoryThe naiveté of assuming independence is what gives Naive Bayes its name, and
al so alternative toemsdefner Btaytlato iNdc mpde MBla
Bayeso!

The independence assumption is not as strong, or as simple, as it first afpearcgual
assumption required is not true independence at the total sample lewenditibnal
independence at the segmével.In everyday terms, we need to assume that the variables are
independentvithin each segmenin principle, we can have conditional independence without
overall independence.

Does this matter in practicétdoes, because one way of conceptuadjzvhat latent class
does is that it tries to find segments that maximize the conditional independence within segment.
In other words, latent class is doing the best it can to give us conditional independence (on the
original basis variablesHow well it succeeds dependa biow related the variables aamdon
the number of variables and number of segméhtst , 1t 0s at | east trying
that NBCs assumé&ven if latent class was not used to find the original segmemgsjustering
approach must enhance conditional dependence to produce useful results, even if only as a by
product of whatever crit@n it explicitly considersSo, yes, the fact that we only need
conditional independence does make the independence assumption of NBQalatable,
even if still far from trué.

In practice, we can avoid too much conditional dependence by our choice of variables to use.
In an ordinary regression, adding a new variable that is highly collinear with the ones already in
use helps prediciveower very Il ittle, so we dondét. With
new variables doesndét help much, or even hurt
avoid that will follow.

INCORPORATINGMAXDIFF

How do NBCs helps classify using MaxDiff?Ve 6 ve seen how to incorpa
variables into NBCs, so an obvious first thought is to use MaxDiff utilities as variables in the
NBC. But, as pointed out in the timetandewnifcti on,
we could,weprobbl vy arenét willing to ask as many t as

accurate. Indeed, the secret of classifying via MaxDiff is to forget about using the utilities.

Instead, we observe that the answer to any single MaxDiff task is a categaiedaleyand
we know how to use categorical variables in an NBC. The answer to a MaxDiff task has two

*We can also have overall independence but not conditional independence, but examples of that are contrived andexistesr inon
practice.

2 Even conditional independence is not strictly requifédeast in the case of normaltiistributed variables, NBC has been shown to be an
optimal classifier (in terms of hit rates) as long as each segment rems1tbeonditional dependee patterns as the others (Z2004).
However, nothing in latent class or clustering methods promotes ialertitditional dependence, so tlE®nly a slight weakening of the
assumption.
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parts: the best item and the worst item. In this discussion, we will consider the two together. That
means we will think of a4tem task as producing o 12 possible answers (one of 4 possible
bests, and for each of those, one of 3 possib
answer is a 1-Bevel categorical variable.

There is a problem. Any task we might be considering for a typing took magthave been
used in the original guestionnaire, and al mos
then do we generate the crosstab from which to select one of the 12 rows of likelihoods (column
percentages)? The basic idea is easy: if we hdlities for each segment, we can compute the
likelihood of each answer from the multinomial logit model that underlies MaxDiff.

The formulas below give the details. They are standard multinomial logits, treating the best
and worst answers asdependent, except that they must eliminate (from the denominators) the
impossible combination of the same item being both best and worst. Note that the easy
computation in terms of scores works only for the score definition given below. The usual
Sawtooh Software MaxDiff scores are adjusted in a way that does not work with the formulas
shown.

MaxDiff Response Probabilities from Utilities or (Unadjusted) Scores

eUa e_Ub eUa_Ub

Pr(a best, bworst |Task) = —— = —
ijeT,izj€ L € 7J Yijerizj€ e Up

X Pr (abest) Pr (bworst)

U.
—et
o« Score,/Score, where Score; = /25_{:1er

| f our original segments came from | atent cl
(meaning segments defined by a probability of inclusion for each resppademposed to
pl acing every r espond e nlikelytegrhehty then the latdnteciass f mo d a
model utilities are what we need. No matter where our segments came from, we can compute an
aggregateMaxDiff model for each segment, and usestnatilities for this purpose.

But what if we have individual responddatel utilities estimated by hierarchical Bayes
(AHBO) ? An obvious idea is to average the wuti
approach leads to suboptimal performo@. A better procedure is to use the MaxDiff model to
transform the individualevel utilities into individuallevel probabilities of each response to a
task, and then average thgsebabilities(not the utilities) for each segment.

This is one of numers situations in statistics where it is best to keep all transformations at
the lowest level (i.e., the respondent level in this case) as long as possible before averaging up or
otherwise aggregating. In this case, the key is that we want to averageatndorthat is already
in the terms we want (probabilities of response, as in a crosstab) rather than average underlying
ideas like utilities and then transform them. The author has verified that this procedure performs

Anot her common way of t hi rithrodocgs twolvariabtes, ot oheq eadh bavingeas mamwyeavelsiasthete werd
items in the task. We could use that thinking instead, with no difference in any conclusions or outcomes, as long as uge dlataythe
variables, or neither, from a giverska
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more accurately than transforming eaged utilities and that it almost exactly duplicates the
results from building an aggregate MaxDiff model for each segment (details are beyond the
scope of this paper).

IMPLEMENTATIONPRACTICALITIES

At this point we know what NBCs are and have seen haixcan use answers to MaxDiff
tasks with them. But a number of practical details must be dealt with:

I How do we know which tasks to use?

T 1f the answer is Athose that work besto (a
O How can we tell from our original satepdata?
O What 6s the criterion for how well a task

I How can we decide which ordinary (nrtaxDiff) questions to use?
O When should we use ordinary variables, vs. using MaxDiff tasks?

f How many tasks/variables is fAenougho (or t
1 How canwe honestly estimate the expected accuracy of the final NBC?

Which Tasks to Use

We know how to use MaxDiff tasks for classification, iMiichtasks should we use? The
answer is simple: the ones that work best. Much as we do when using stepwise distrimina
analysis to build a typing tool, we can conduct a stepwise search. First, we find the best task to
use on its own, then the one that helps the most given that we already have the first one, then the
third one to add to the first two, etc.

But, we may nt want or be able to evaluate every possible task. With 25 items, there are
12,650 possible quadruplets to choose from, and far more if we want to consider quintuplets or if
we have more items. We may not want to evaluate all the possibilities. Inseeadl| use a
random subset of tasks as starting points and apply a greedy algorithm to try to improve them,
taking the best final product.

First, note that if there are few items, or if we want to use triplets or pairs in our typing tool
tasks (and pairs ay be an attractive option for typing tools to be administered by phone), the
numbers are small enough that we can evaluate
we do that and pick the best.

With | arger probl e ms,h ntogénerat@500 randomdasks sutofalt e gy
the possibilities, evaluate them and choose the 10 that perform best. Then, each of those 10 is
improved as much as possible by simple item swaps until no further improvement is possible.
Whichever of the 10 imprad finalists does best is then accepted as the one to use. This process
is not guaranteed to find the best possible, but practical experience suggests that it often does (it
is common to find many, or all, the 10 best starts converging to the samedigdbtaexample).

Nor is the best possible necessary; we need to be good, not perfect.

The greedy improvement strategy is to consider all possible stegieswaps. If we have 25
items in total and are considering quadruplets, then we have 4 itemgjunetheve are
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considering and 21 not in it. Any of the 4 could be replaced by any of the 21, so there are 84
possible singlétem swaps. We evaluate each of the 84, and take whichever of them ddes best.

We repeat that process on the new quad until norteed4 is better than the current quad. At

that point, the algorithm is done; it has improved that quad as much as possible given the
Agreedyo simplification of | ooking at only on

Note that we are free to consider any size task in thegypoi. If the original questionnaire
used quadruplets, we can still use triples, or pairs, or quintuplets, or of course quads, in the
typing tool. Any of those Aworkso in the sens
Many (this author includgdchave an automatic preference for keeping the same task size as in
the original questionnaire, but this is by no means required and should not be automatic. We are
free to consider the practicalities of typing tool implementation (which may argue fdeismal
tasks), and to experiment to see how well wedawith different task sizes.

Also note that we are free to exclude a few MaxDiff items from consideration when
searching for tasks to use in the classifier. Doing so does not disrupt the underlyiggniaeny
way. Of course, it may hurt classification accuracy if we exclude an item that is viewed very
differently across the segments!

Evaluating What Works from the Original Sample

We want the tasks that work best, but how do we evaluate how well\arytgsk works?
We again have the problem that any task we mi
all respondents, perhaps not by any at all. The solution is, in spirit, the same as before: use the
utilities we do have to determine how any givespondent would have answered the task.

First, consider the case where we haved$Bmated individual utilities. They give us a
probability of each response for each respondent. This is, of course, different from the situation
for ordinary questions whemve know, with certainty, which one answer the respondent chose.

We could assume the one MaxDiff task response with the highest probability, but that would
ignore the uncertainty in the possible answers. Instead, we use the probabilities of each possible
answer as weights, applied to the segment tables of likelihoods of each answer by segment, to
obtain the likelihoods that would apply to that respondent, as illustrated by the table below.

“This process is a simple special case of the A mwoptinalfexperidenttleder ov s wap
designs.
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Net Likelihood by Segment for One Respondent (HB case)

Likelihoods (col %s) Normalized (rows B QR ( One
Best/Worst Seg Seg Seg Seg Seg Seg Row Responant
A B C A B C Total
Useful/Correct 06 15 6.8 6.7 169 76.4 100 2.4
Useful/Cute 256 3.1 29 81.0 98 9.2 100 1.4
Useful/Brief 104 36 2.3 63.8 22.1 14.1 100 6.5
Correct/Useful 6.5 34.1 56 141 73.8 121 100 2.7
Correct/Cute 33.0 9.0 15 759 20.7 3.4 100 3.3
Correct/Brief 16.1 116 1.7 548 395 58 100 14.8
Cute/Useful 01 75 119 0.5 385 61.0 100 15
Cute/Correct 0.1 05 55 16 8.2 90.2 100 3.0
Cute/Brief 04 28 3.7 58 40.6 53.6 100 8.1
Brief/Useful 0.8 185 32.6 1.5 356 628 100 13.3
Brief/Correct 0.1 18 156 0.6 10.3 89.1 100 26.8
Brief/Cute 64 6.1 938 28.7 27.4 439 100 16.3
Column Totals 100 100 100 2 §A 3K (G S Rs probabilitibsPazrade 6f rows
22.0 26,5 515 100 100

Conceptually, we are using the expected likelihood for the MaxDiff response, with the
expectation over all possible answers. Mechanically, instead of choosing acngle
likelihoods (like we would by picking a single region row out of the region crosstab), we take a
weighted average of all the rows in the MaxDiff likelihoods table, weighted by the chances of
each row being that r es poopoidtefrdistiaction vsersapyatioe . Th
approacheswe do not presume to Aknowd one correct
for all the possibilities.

What about latentcladssa s ed segment s wher eleveldilities®hetet have
we u® the segmerevel utilities to generate likelihoods of each response and assume they are
the same for all respondents in the segment. If we are using modal segments (i.e., each
respondent is assigned only to the segment for which his latent clasobkilitas highest),
those segmerlevel utilities are from an aggregate MaxDiff model for each segment, estimated
after the fact. In effect, we are using one column of theliggdegment likelihood tablésthe
one for the segment a respondent & ia weighttogether the rows of the table to get a single
vector of likelihoods for the respondent.

| f we are using Atrueodo segments, we dondt kn
In that case, we use the segment probabilities from latent class to teggthter the likelihoods
for each possible segment. In other words, we weight the rows of theytagigment likelihood
table together once for each segment, wusing t
then weight those results by segmewgetber based on the segment likelihodds.

5 Magidson (2016) avoids this by simulating answers inst@adpproach that is simpler, but less exae to the random nature of simulation,
and which this author has not explored.
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Criterion for What Works

How shall we decide which task or variable works best? An obvious way is to look at the hit
rate when it is included. However, there are problems with hit rates, in any classifigpearad
i ssues with NBCs. A gener al problem is that hi
one extra respondent is classified correctly, but do not budge when any improvements in the
underlying probabilities are not quite enough to pushonemees pondent fAover t he
the correct segment. They are simply not sensitive or precise.

To see the particular problem with hit rates
violate the key NBC assumption of conditional independence. Consideogtextreme
possible dependence: what if we include the exact same variable several times? The table below
shows the results as we repeatedly include an education variable, for a respondent with a post
grad education (ignoring segment sizes).

Repeated lalusion of Highly (Perfectly) Dependent Variables

Or_1e~\_/ariable Net Pro_babili_ties Up |Classification In-Sample
Likelihoods to This Variable Result
Variable: Value | Seg A Seg B Seg C| Seg A SegB Seg C Hit% RLH
Educ: Posgrad 0.32 049 0.19 0.32 0.49 0.19 B 0.49 0.357
Educ: Posgrad 0.32 049 0.19 027 063 0.10 B 0.49 0.337
Educ: Posgrad 0.32 049 0.19 021 075 004 B 0.49 0.290
Educ: Posgrad 0.32 049 0.19 015 083 002 B 0.49 0234

Confidence in B is exaggerated; hit rate ig affected; RLH raises the alar

The likelihoods for postjrad respondents,-percentaged to add to 1.00, tell us 48Rthem
are in segment B, which is the most likely segment, so we get a hit rate of 49%. So far, so good.
If we add the variable again, the process of multiplying likelihoods for different variables squares
our original likelihoods. After rgpercentagingthe segment B likelihood is now 0.63. That is still
largest, so we still put all these respondents in segment B and are still right 49% of the time. If
we add the same variable a third and fourth time, the segment B probability climbs to 0.83,
staying thehighest, so the hit rate stays at 49%. We have exaggerated our confidence about
placing these respondents in segment B, and completely violated the conditional independence
assumption, without a hint of trouble in the hit ritatleed, in data scienceditature, the
surprising success of NBCs is often explained in terms of their hit rates being insensitive to
various errors.

A more sensitive and useful <criterion is the
meari of the probabilities assigned tcetoorrect segments for the respondents. RLH will be
familiar to many readers in the context of choice experiments, where it is commonly computed at
the respondent level, as the geometric mean across the various choice tasks that respondent
answered. Its @shere is different; we have one classification probability per respondent and are
taking the geometric mean across respondents, not within each one.

% In fairness, the hit rate did not go up and actually encourage this either.

"Where a regul ar aver agumofallthe fialuesidividedrby, the geometecamean isithth robt lofthe productof all
the values, or the product raised to iiepower. The computation process in practice is to take the exponential of the average of the natural
logarithms of the values. If there are weights, tbay be applied in the usual way when the logs are averaged.
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In the table above, we see the RLH (computed here for theymubeducation respondents,
but similar paterns would apply in the total sample) declining, faster and faster, as we make the
mistake of introducing a highly (in this example, perfectly) dependent variable over and over. In
effect, the RLH is penalizing our exaggerated confidence for segment/® gs. For the 19%
of these respondents in segment C, we are assigning a probability of 0.02 to the correct segment,
and for the 35% in segment A, a 0.15 correct probability. In the geometric mean, these low
values far outweigh the (illegitimate) gainsrfrelaiming 0.83 certainty for the 49% in segment
B.

Consequently, our key criterion in the stepwise search process will be the RLH. It is sensitive
to the details of the classification probabilities a typing tool produces, not just toahe fin
assignmenand the hit rate.

| ncl udir dg ne/arigbtes

It is important to understand that an NBC treats ordinary survey questions and MaxDiff tasks
in the same way. Many early readers of this paper and the conference presentation interpreted
survey questionsasc ovari ates, 0 or as providing a start
adding MaxDiff tasks. But there is no need to view them differently from the MaxDiff tasks.
They are noto-variates, they are simply other variables.

This means that we can sdatbrough the available survey variables in a stepwise fashion,
much as we do for MaxDiff tasks, and indeed that is what the author would recommend in most
cases, and what he did in the second case study presented below.

Of course, we may want to excludertain questions from a typing tool (many clients are
reluctant to ask for income in a short consuorgnted questionnaire, for example). As in any
other classification situation, the original basis variables tend to predict much better than non
basis vaables. Thus, we may decide to simplify or speed up our search by considering only
basis variable& If MaxDiff was the only basis for segmentation, we might not consider other
survey questions at all. Or, we might consider only those survey questibwndlitba needed in
a new screener anyway, whether basis variables or not, ntaking m A freed to t he t

There is no inherent theoretical or statistical reason to avoid any survey questions, or to force
any into an NBC. They can be excluded faqtical reasons, but otherwise considered for
inclusion in competition against possible MaxDiff tasks, with the ones that help the most being
included.

Significance Testing in the Stepwise Search

As we build an NBC stepwise, we need a criterion for whestaje. This may be as simple as
stoppingwhentheis ampl e hit rate or RLH is Ahigh eno
that may never happen. At some point, addi ti
legitimate and we cross the lineandverfitting. Significance testing helps prevent this.

In addition, when considering survey questions with varying numbers of categories, and
MaxDi ff tasks with | arger numbers of possi bl e

8 If some basis variables are excluded from the typing tool, it may be much more worthwhile to search for other surveythaestight help
substitute for them; a wider search would be appate in that case.
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with more levelsyst because it is easier for them to increase RLH. Significance testing is a way
to put all possible items on a more equal footing; we can choose the most significant option
rather than the one with highest raw RLH increase.

We can test significanceusiag Li kel i hood Rati o Test (ALRTO).
the loglikelihood for a model vs. that for the same model with one more variable or task added.
Twice the difference in logikelihoods (the difference in logs is the log of tia¢io of the two
likelihoods; hence the name) is distributed as esgoared under the null hypothesis of no
contribution from the new variable. The logelihoods are easy to compute: they Bregmes
the natural log of the RLH, wheb¢is the number of respondents.

For survey guestions, that efguared is om-1 degrees of freedom if the variable imas
possible levels. The appropriate degrees of freedom is notctiesr the case of MaxDiff tasks.
We could say that a quadruplet leads to 12 different possible enametuse 11 d.f. in that case.
But then we are ignoring the fact that those 12 are structured from only 4 underlying utilities. In
view of that, the author recommends the number of items in the MaxDiff task as the d.f. for the
chi-squared.He is not certain that this is the correct procedure, however, and would appreciate
any feedback. When we choose what to add next to an NBC, the assumption made here is critical
in choosing between the best possible MaxDiff task and the best availakdg question; it is
an important question.

A critical part of the significance testing is deciding at what level we will stop. When we are
testing tens or hundreds of thousands of possible MaxDiff tasks, and perhaps hundreds of survey
guestions, we cannetmply apply a 0.05 significance criterion to each one. Doing that would
lead to dozens or hundreds of variables being added even when all were generated randomly.

There are many ways to deal with this multiple testing issue. The author uses the sitmple, bu
highly conservative and stringent, Bonferroni procedure. Its basic idea is that if we want an
overall fwexper ismgmti fi cance | evel of 0.05, we
a criterion of0.05k, wherek is the number of variables weeatonsidering. If we have 250
survey variables, for instance, we would use only the ones that pass a 0.0002 level of
significance.

As with the d.f. in the chsquared, it is not cleaut how to apply this idea to the MaxDiff
tasks. Do we say that thereedr2,650 possible quadruplets of 25 items we are considering and
ask for 0.05/ 12,650 = 0.000004 as our criterion? That is extreme, since there are only 25
underlying utilities generating al/l those opt
number of MaxDiff items as the number of variables being tested. This may be too lenient, and is
another topic \were feedback would be welcome.

An easy way to implement the Bonferroni process is to calculate a conventional significance
level for each variale or task, and then multiply it by the number of variables being considered,
and compare that to the desired overall level (such as 0.05). (In other words, we can adjust the
significance level for each variable by multiplying, rather than adjustingiteei@an to be met
by dividing.) If we do that both for the survey variables and for the MaxDiff tasks, we then have
them on a common significance scale and can decide which one helps the classifier the most. If

° In the conference presentation, and in the implementation of the Case Studies in a later section, the author usedahiéemusribex task
minusone Further thinking since then hasateonWihcéedehi memhati imtines 6o
parameters. Since none are constrained by the others, all should be counted toward degrees of freedom.

174



the MaxDiff correction is in fact too lenigrthis process will favor MaxDiff tasks unduly.

Judging from the face validity of the results in Case Study 2 (in a later section), this does not
appear to be occurring. The Bonferroni correction for MaxDiff tasks in that case seems not to be
lenient by darge margin, if at all.

We could take all this one step further and
further adjusting the significance calculations. A MaxDiff task, for example, involves two
guestions and might be viewed as a bigger intesivig burden than an ordinary survey question.
Or, a ratings item from the survey might be viewed as more costly if no other items using its
scale have yet been added to the classifier, but less costly if the necessary scale and question
introductionarealeady necessary for earlier items. The
for the bucko criterion that reflects both cl
One obvious idea would be to divide the RLH gain by some cost measure (that weeldibe
1.0 for most questions), before applying the LRTs.

Evaluating the Final P roduct

Any stepwise procedure involves a degree of capitalizing on chance. We control this
somewhat by careful significance testing. But to honestly estimate the performamediaél
classifier, we need some type of -@itsample testing.

The classic market research response to this is the holdout sample. Modern data science

practitioners go one step further, dividing t
which to estimate parameters (i.e., in this case to generate the simple crosstabs and the MaxDiff
utilities at the segment | evel), a Avalidatio
variables to use (in our case, RLHs would be computed oratitation sample as we do the
stepwise search) and a fAtesto sample, |ike ou
performance.

But market research samples are often smallish, and when divided into three parts, the
validation and test sam@enay be too small to provide stable estimates of performance. This
author would much rather use an approach that keeps the entire sample together.

The author uses an approach known to statist
more descriptvey, as Al eave one outo or ALOO.O0 I n it,
him or her out while computing all the model likelihoods and tables on the rest. Then we
calculate segment classification probabilities for the one left out, based on afitfrendesee
how we did. That process is repeated for each of the original respondents. Each is predicted only
by the others, creating AN hol dout samples of
seems; it can biast with careful programming.

This pocedure is honest in terms of the likelihood estimates, and does not give credit for
overfitting in estimating them. What it does not account for, however, is that the original
stepwise decisions of which tasks and variables to use might have beemdiféera@ given
respondent been left out of the original search. In principle, we could conduct the entire stepwise
process for each respondent, but that would indeed be a crushing computational problem.
Applying LOO to the likelihood estimates is a majtpstoward an honest estimate of overall
performance, and it is practical to implement. We use it even though it does not quite cover all
the issues.
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It is crucial that the LOO assessment be appisek to the one final classifier, after all other
decisbns have been made. If we were to apply LOO along the way to help decide what to do, we
would be converting our leftut respondents from a test sample to a validation sample, and be
back to overfitting. In the case studies presented here, LOO evaluatgosisown for several
alternative models. To be clear, the point of that is not to suggest looking at them and choosing
the best. They simply indicate what the final assessment would have been for each of several
different possibilities that might have Imegecided omased on irsample statistics.

Summarizing the Implementation
In sum, our process for building a Naive Bayes Classifier stepwise will be:

1 Generate 500 possible MaxDiff tasks, pick the 10 best, apply greedy improvements to
each, and choose tbest final one of the 10 results. Calculate its significance on a
Bonferronicorrected LRT basis.

1 Evaluate each survey variable (if they are being considered) via a Bordeoretted
LRT and choose the one with the best final significance.

1 Stop the stapise search if neither the best task nor the best survey question passes our
overall significance criterion.

1 Add the best task or the best variable, whichever had the lower corrected significance
level, to the classifier so far, and repeat from the top.

1 Examine insample RLH and hit rates and decide whether to stop earlier than the
significance tests suggested (based on practical issues).

M Evaluate hit rates and RLH for the final classifier on an LOO basis.

CASESTUDIES

Case Study 1: Textbook -Simple

The fird case study is a straightforward MaxBihsed segmentation. The MaxDiff exercise
involved 14 items, with each respondent answering 11 quadruplets of items. That means each
item appeared three times per respondent, in line with the most frequent recationeiod
numbers of tasks. The items were characteristics of allergy medications. The 577 respondents
were physicians treating allergies and the sample was unweighted. Indiexeialtilities were
estimated via HB, and then latent class was appligti®posterior meart8 A 4-segment
solution was chosen for the final segments. The MaxDiff utilities were the only basis variables;
no other questions were used.

To build the NBC, we started with quadruplets, as in the original exercise, and excluded all
other survey questions (since none were basis variables anyway). As detailed in the table below,
significance testing stopped adding tasks after 9 were used, and produced an NBC with a hit rate
over 90% (both irssample and LOO). From a practical point ofw;i¢he last two tasks added

“YWhile this is a common procedure i n commer dsiSadEager20i8)firane, it canot &
di scussion of why not. As Jay Magidson has said, thiestryipg[wac ess amou
LC] to find those segments that dondt exist. o Nevertheless, it is
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pushed the RLH up only a little and the hit rate hardly at all. We can still hit 90% with 7 tasks.
We had 11 tasks in the original exercise; neither 9 nor 7 feel like much improvement. However,
we can hit almost 85% with onlytdsks, and 70% with just one! Those are outstanding results,
with a mere 3 tasks achieving a performance better than most classifiers seen in practice.

Case Study 1: Classification Accuracy USiugdruplets

#MD In-Sample L-O-0
Classifier tasks RLH Hits RLH Hits
NBC, all significant tasks 9 0.783 0.905 0.784 0.905
NBC, cut off sooner 7 0.751 0.899 0.751 0.901
NBC, cut much sooner 3 0.617 0.846 0.617 0.844
NBC, cut ridiculously soon 1 0.438 0.700 0.437 0.697

If we do that well with quadruplets,ratural question is whether we might get away with
triplets or even pairs, resulting in an even less burdensome classifier. As shown in the table
below, we can. Three triplets, or five pairs, either of which is a low respondent burden, will get
us to 80%hit rates, a level that again beats most-vealld classifiers. By the way, the largest
segment in this study was 31% of the @dt#he high hit rates with minimal data were not
achieved by putting almost everyone in a single huge segment.

Case Study 1: & sification Accuracy Usintripletsor Pairs

#MD In-Sample L-O-O

Classifier tasks RLH Hits RLH Hits

NBC, all significanttriplets 10 0.766 0.905 0.767 0.901
NBC, fewer triplets 6 0.700 0.863 0.699 0.860
NBC, still fewer triplets 3 0.581 0.825 0.581 0.825
NBC, all significantpairs 13 0.710 0.877 0.709 0.877
NBC, fewer pairs 10 0.685 0.858 0.684 0.854
NBC, still fewer pairs 5 0.583 0.809 0.582 0.808
NBC, ridiculously few pairs 2 0.455 0.714 0453 0.711

In this case study, the-sample and LOO evaluations of performance, in terms of both RLH
and hits, were close to each other. The LOO values were lower, as would be expected, but by
slim margins. This suggests that the significance testing is preventing overfitting, and that the
sample is large enough vs. the number of tasks being considered as to not facilitate overfitting.

Case Study 2: Complex

The second case stuthwolvedtwo MaxDiff exercises, one with 27 items, the other with 26.
Each concerned a software product; the two products were related but different. Twenty of the
MaxDiff items were the same or similar between the two exercises, but of course applied to
different pralucts. There were 1047 smhbllsiness respondents, who each answered 11
quintuplets for the first MaxDiff, and 10 for the second, so each item was seen twice by each
respondent. MaxDiff utilities were estimated via HB, and the MaxDiff posterior meansheere
combined with numerous survey questions via canonical correlation. Hélaarg clustering
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on the canonical variates produced the finae§ment solution. There were many moving parts
here!

The stepwise search process to build the NBC consideredbtite two MaxDiff exercises
simultaneously, as well as almost all the available survey question variables. Many of the survey
guestions included were ratings otob scales, which were treated as continuous normally
distributed variables, not binn¢an arguably sloppy, but still obviously effective, approach);
about half those in the final classifiers were this kind of variable. The outcome of the search
process is summarized in the table below. Note that the full final classifier, as determined by t
significancetesting cutoff, involves more questions (16) and more MaxDiff tasks (nearly half the
original total) than we would want to use in practice, although it does achieve about a 70% hit
rate! We can cut the number of variables and tasks inamalfsill get a hit rate (LOO) of 66%

The first 5 MaxDiff tasks and 3 survey variables bring us up to 60%, and 4 more survey
variables add about 6% more.

Case Study 2: Classification Accuracy Using Both MaxDiffs and Survey Variables

#Survey #MD 1 #MD 2 In-Sample L-O-0
Classifier Vars  tasks tasks RLH Hits RLH Hits
NBC, all significant items 16 4 6 0.491 0.725 0.438 0.703
NBC, cut off sooner 7 2 3 0.414 0.670 0.397 0.660
NBC, cut much sooner 3 2 3 0.376 0.605 0.366 0.600

Out of curiosity, we looked at NBCs usingly MaxDiff tasks andnly survey questions.
Running them out until the final significance stop, we use 13 MaxDiff tasks but achieve only
55% hit rates, or 21 survey questions to reach only 57% on LOO hits (edample).

Eliminating either big chunk of the original basis variables hurts; we need them both to classify
well.

Case Study 2: Classification AccuraddgxDiffs Only,Survey Questions Onlys. Both

#Survey #MD 1 #MD 2 In-Sample L-O-0
Classifier Vars  tasks tasks RLH Hits RLH Hits
NBC, all significant items 16 4 6 0.491 0.725 0.438 0.703
NBC, MaxDiff tasks only 0 7 6 0.315 0.554 0.314 0.551
NBC, no MaxDiff info 21 0 0 0.346 0.607 0.313 0.574

The LOO evaluations are noticeably lower thanithgample ones in this case study,
reflecting the huge number of available tasks and variables and suggesting that the details of the
LRT significance testing might in fact be too lenient.

SUMMARY

When segments are based on MaxDiff utilities, even if onpart, classifiers are unlikely to
work well unless they can use MaxDiff results. But, that is not possible with most classification

I After the high rates seen in the first case study, 70% may seem low, but$egaént solution of such complexity, and compared to many
live commercial studies, it is quite reasonable and acceptable.
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approaches. With Naive Bayes Classifiers, however, incorporating MaxDiff tasks in the classifier
is natural. We are frete use tasks of any desired size in the classifier, regardless of what task

sizes were in the original study. We do need a search strategy to determine what tasks to use, and
have presented one such strategy that works well in practice.

This procedure hdsey advantages over most of the alternatives that have been proposed. It

fully accounts for what we know about each or
we use the probabilities instead of pretending certainty that the higfiiggtitem will be best,

for example. Similarly, there are a@waysassumpt i
choose item A as best. o It treats both parts

the best and the worst responses. It uses actaDNf questions (i.e., best and worst) rather
than requiring a full ranking of all the items in a task. It does not attempt to createpseudo
utilities to substitute for the real ones. In short, it adheres fully to the fundamental MaxDiff
multinomial logitmodel.

Naive Bayes Classifiers, with or without MaxDiff, are another tool in the classifier toolbox;
they can be considered alongside discriminant analysis, multinomial logit, CART, random
forests, knearest neighbors, neural nets and a host of {&esam (in market research circles)
others. They are theoretically sound except for the (conditional) independence assumption. But
they work much better in practice than might be expected, in part because judicious stepwise
selection avoids inclusion of hightpnditionally dependent variables. In machine learning
circles, there are widespread claims that NBCs outperform other, more complex, options.

The basic ideas presented here can be extended to general choice models beyond MaxDiff (as
Komendant 201@lustrates), although segmentations based on geparpbse discrete choice
are not as common as ones based on MaxDiff.

R includes several packages with functions to implement NBCse(H)@landklaR), but
none that understand MaxDiff or implement tlezessary stepwise search for tasks to use.
However, after the original Orme and Johnson (2009) paper was published, Sawtooth Software
implemented the basic process in a pair of programs designedfouse consulting use,
without a nice user interfacBryan Orme has now offered to make those availasés, to
interested parties.

The Sawtooth Software programs do not use the exact search procedure described here for
MaxDiff tasks, but achieve the same goal through similar means. The search progipi® acc
ordinary survey question variables in addition to the MaxDiff, but the questions to be used must
be specified in advance and are taken as given; they are not part of the stepwise search. One
strategy to deal with this is to run a stepwise multipledmdiscriminant analysis on the regular
survey questions, and use its results to select the ones to include in the NBC via the Sawtooth
Software programs.
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David W. Lyon

APPENDIXA 0 BOOTHINGOAN NBC

Naive Bayes Classifiers can run into problems wheategory of one of their variables
never occurs in a segment. If no one in segment 2 was ever in the West region, for example,
every respondent in the West will have a zero likelihood for segment 2. No matter how many
other variables are included, or howosigly they might all point to segment 2 for a respondent
in the West, that zero gives region an absol ui
many variables, and a number of zeroes amongst them, we might even have to classify a new
respondat for whomeverysegment is forced to zero likelihood by one variable or another!

The fix for this is to ensure a minimum value in every cell. We can add 1.0 to every cell of a
crosstab of counts before calcula¢i smophiceagd
(not to be confused with ALaplacian smoothing
amountd withUt ypi cally |l ess than 1 (perhaps 0.5), a
smoot hi n{g, fprodutes lralace smoothing ddd Gis no smoothing. Or, we might
simply raise any zero percentage up to some minimum.

Anything we do here has a distinct practitio
and Lidstone fiadditive s moot hofimgtikematigabr oac hes
elegance: applying them yields percentages that are the Bayesian posterior mean estimates of the

percentages under a symmetric Dirichlet prior with paramtéter | n ef f ect , they ar
estimatorso pulling al/l percentages toward a
a variable.

Similar problems can occur with continuous variables if an outlier value on one variable
produces a tiny prability density, and with MaxDiff tasks if an improbable answer is chosen.
The author has controlled for that by imposing a minimum likelihood of 0.0001 (i.e., 0.01%) for
all MaxDiff likelihood computations, and the same for all continuous PDFs.
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TYPING TOOLS IN THECONTEXT OFCHOICE EXPERIMENTS

LECH KOMENDANT

IQS

INTRODUCTION

Choice data isgenerally acclaimed excellent soufoe obtainingpreference information.
Especially MaxDiff enjoys the status of being almost the perfect method for preference
elicitation in segmentation studies. CBC data could provide great segmentation material as well,
even though usually conjoint studies are run for different purposes.

In many segmentation projects one of the main deliverables is a typidgaabiort length
guestionnaire that could be used for predicting segment membership outside the main
segmentation study. Strategies for building such tools in choice based segmentesi
embrace the fact that every person potentially had been given a different questionnaire. That is
the reason whgome peopl&nd it intimidating. But it does not have to be so.

In this article | will demonstrate that simple principles can help tmild an efficient typing
guestionnaire. And well known classification models can be used for segment prediction even in
real time classification.

Building a typing tool for a choiebased segmentation study comes down to 4 interrelated
parts:

1 Decisionon the type and number of questions

1 Selection of particular questions (feature selection)
1 Selection of the classifying modeind

1 Quality assessment

| will elaborate on each of those elements during an analysis of the three basic approaches to
typing taol constuction. Those gmoaches were meant for MaxDifsed segmentations but, as
will be seen, they can also be successfully used in CBC and ACBC segmentations.

Basic Typing Tools in Choice -Based Segmentations

| will describe two solutions for a typirtgol problem using the MaxDiff data structure as
examples. Then I will introduce a possible extension to canonical Naive Bayes approach. Next, |
will cover conjoint data structure as well. Three basic options are as follows:

Option 1: Pairwise classifieassuggestethy Thomas Eagle in 2012 dhe Sawtooth
SoftwareLinkedIn grou@ this option lends itself to numerous implementations.

Option 2: Extensive regression search suggested by Kevin Lattery in 20th2 on
Sawtooth SoftwaréinkedIn group.

Option 3: Naive Bayes + greedy search classifier tailored faxDiff (Orme &
Johnsod Marketing Research009).

Options 2 and 3 represent specific combinations of the predictive model and the feature
selection algorithm as used by different researchers. Of courteppthose models can be
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replaced to a certain degree as we will see in the next part, namely a review of their classification
efficiency.

PAIRWISETYPING TOOL

Let s assume that we have run adrigngmpl e MaxDi
preferencs formuffins. We used 6 items: fluffiness, moisture, flavor, crust, taste, color. We ran a
clustering and got 2 segments: gourmands and aesthetes.

After HB estimation, a sample of our data will look likablel:
Table 1

ID |fluffiness moisture flavor crust taste color Segment

1 |3.46 -2.09 4.28 2.42 -0.32 -0.41 1

2 |2.05 -3.94 -0.97 0.89 -0.19 1.12 2

3 [2.85 -3.53 -1.85 1.98 -0.34 0.13 1

4 [1.19 -4.26 -1.34 1.50 0.48 -1.12 1

5 |0.85 -4.15 -1.52 3.06 0.99 2.01 2

The question f otrynmitndg otro cal o RifisisingthePpardimgwfi se tr
the original question. Firstly, we have to identify which pairs work best for our tasks. To do this
we put together all possible pairs of utilities (in our example we would only have 15 such pairs).
For every person in each pair we decide using the First Choice rule the winning item:

Table 2
pair 1 pair 2 pair 3 etc.
fluffiness moisture|fluffiness  flavor |fluffiness  crust |etc.
3.46 -2.09 3.46 4.28 |3.46 2.42 |etc.
2.05 -3.94 2.05 -0.97 |2.05 0.89 |etc.
2.85 -3.53 2.85 -1.85 |2.85 1.98 |etc.
1.19 -4.26 1.19 -1.34 |1.19 1.50 |etc.
0.85 -4.15 0.85 -1.52 |0.85 3.06 |etc.

Next, we take each pair and make an indicator variable from it. After adding a segment
membership flagTable 3), it becomes our dataset on which we could run any possible classifier
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with any possible feature seten algorithm. | will not go into classifier and feature selection
choice here. Later on, I will discuss some possible approaches. After selecting features, we
should have a list of pairs which serves in our optimal classifier. It is based on thoslegbaies
will build our typing questionnaire.

Table 3
Pair 1 pair 2 pair 3 pair 4 Segment
etc.
1 2 1 etc. 1
1 1 1 etc. 2
1 1 1 etc. 1
1 1 2 etc. 1
1 1 2 etc. 2

REGRESSIONJSING RANKINGS

Sometimes we might decide that using pairs is not effieieatgld based on the general
MaxDiff experiments we know that using larger sets of taifle offers us more information and
greater efficiency. We can use a very similar approach to the one given above to build a tool
based on triplets, quads, quints, aodn. The only difference with the larger sets is that we do
not build indicators of choice, but use sets of indicators of ranking insiabte$ 4 and 5). In
our questionnaire, we can either use sets of rankingsstwbrst exercises.

Table 4
triplet 1 triplet 2 etc.
Huffiness moisture flavor |fluffiness  moisture crust |etc.
3.46 -2.09 4.28 |3.46 -2.09 2.42 |etc.
2.05 -3.94 -0.97 |2.05 -3.94 0.89 |etc.
2.85 -3.53 -1.85 |2.85 -3.53 1.98 |etc.
1.19 -4.26 -1.34 |1.19 -4.26 1.50 |etc.
0.85 -4.15 -1.52 |0.85 -4.15 3.06 |etc.

: |
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Table 5

triplet 1 triplet 2 etc. Segment
fluffiness  moisture flavor |fluffiness  moisture crust |etc.

2 1 3 3 1 2 etc. 1

3 1 2 3 1 2 etc. 2

3 1 2 3 1 2 etc. 1

3 1 2 2 1 3 etc. 1

3 1 2 2 1 3 etc. 2

The original approach, that Kevin Lattery suggested, used the stepwise algorithm with an
exhaustive search on each step and logistic regression as classifier. That means that we have to:

1. Build all possible 1 triplet models

2. Choose the best one on some critermg.(minimal deviance)

3. Build all 2-triplets models with the first triplet set from the previous step
4. Choose the besttiplets modelAnd so on.

For our simple @ttributes study only 20 regressions are requUweeach step. But as the
number of items grows, the number of models grows very fast as well. Given 20 items, 1,140

triplet regressions are required for each step. Except for the small problems, making all the
required computations consumes a lot of time.

ADAPTIVENAIVE BAYES FORMAXDIFF

The typing tools we use are usually s@tice., all people are given the same questions/

exerci
community, 0 we

better results in a shorter time (and possibly a better experience for our respondents). The same
premises stand behind an idea of the adaptive Naive Bayes Classifier.

The concept is very simple: let usg a respondent a very short set of exercises to assess his
vague segment membership. Having done that, we can proceed with giving him only exercises

Ses

and

are cl

assi

fi

ed

according
a r adaptiveregss of guestionhages as@ way torpeovadf

t o

which probe his most probable segments. As this adaptive step is beyond what Sawtooth

Software NB classiér does, we have to address certain issues at each step.
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1. We have to use an adaptive questionnaire with real time computation of membership
probabilities. It means that our survey software has to have this capability.

2. The preliminary paft which is the saméor each persah should be efficient and
unbiased. What this means is that we should optimize the model to have high overall

accuracy and minimal differences between accuracies for segments.
featur e
show basing on both the probabilities of segment membership and the questions asked. It
means that we have to prepare optimal questionnaires of a given length for many

3. The

t

he

s el e ctd aptimally weowant teknow wlich setstoa nc h e d

situations. Alternatively, we could use a simpler filtering stradegyg., choosing several



sets which differentiate the probability of the besirst choices in the given pair of
segments to the greatest extent.

4. The pevious point becomes more complicated if we decide that we want to probe more
than two segmendswhich coull be a good idea if we have obtained many segments and
possibly flat probabilities after the preliminary part.

From the perspective of the Naive Bayes MaxDiff typing tool, the classification itself is
straightforward. All we need to do is combine the prnelary and adaptive parts and compute
likelihoods as with the use of the standard tool.

EXTENSION FORCBC STUDIES

Any of the above described tools can be used for typing-B&ed segmentation as well.
One difference is, needless to say, the format ofjtiestiond here they constitute discrete
choices between profiles. The other is much more important though, namely it is the way of
arriving at our optimal questionnaire.

In the conjoint HB data matrix we have utilities for every level of every attributey® will
be showing full profiles to our respondents. The obvious solution would be to build all possible
profiles from all of the attributes we have at our disposal, and then to proceed as if they were
MaxDiff items. Unfortunately, it will only work fothe simplest conjoint experiments. A Brand
PricePack study with 4 brands, 3 pack sizes and 5 price levels translates into 60 possible
profiles. This is doable with the Pairwise classifier and Naive Bayes (1,770 pairs). It probably
will not be possible wih triplet Regression oRanking approach since there are 34,220 possible
triplets of the full profiles. And those numbers rise very quickly makimail possible profiles
strategy unfeasible in general.

For the Naive Bayes tool we can leveragestnategy of greedy search. We simply add an
additional layer to the search. We improve our randomly composed questionnaire swapping:

Attribute levels "
} CBC specific parof the loop
In all attributes

In all profiles
In all sets

The criterion foimprovement is the same, the classification model is also the same as for
MaxDiff.

The same selection procedure can be used with the pairwise typing tool &etdjtbssion
on Rankings typing tool. Otherwise, you can {hifeer attributes/levels and choot#®se most
discriminatingof your segments and then use them to build a subset of possible profiles.

TYPING TOOLSACCURACY REVIEW

Gener al Notes

This sections devoted to the comparison of three specific approaches to building a typing
tool for choicebasd segmentation. Two of those approaches are certain combinations of feature
selection and classification models. | must make a note of the obvious limitation of this review: |
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am not going to assess the general usefulness of certain classification anddelsture

selection algorithms in choice data. What is also obvious is that some peculiarities of various
datasets may lead to situations favoring different methods. That said, all MD and conjoint data
share some attributes which can lead to a prefers@mne methods over others. Therefore, the
core questions in this part are: 1) Are all those methods useful for typing tool cons&r@gtion
Should we prefer some of them? If so, always or only in some cases?

Below are the specifics of implementationeaich approach:

Standard and A daptive Naive Bayes

Standard Johnson & Or meds (2009) greedy selectio
replicates to avoid local maxima.

Adaptived based on above, 2 last item sets adaptive. Adaptive sets based on simple filter
maximizing differences between probabilities for 2 most probable segments from preliminary
exercises.

Regression on Rankings

Full rankings as input. Multinomial regression as a building block. Feature selection: forward
stepwise algorithm with exhaustive sdain all possible additions on each step. Feature
selection outside the crosalidation.

Pairwise C lassifier
Feature selection with recursive feature elimination based on boosted trees.

Three different classifiers: simple classification tree, rantbast, linear discriminant
analysis.

To provide a measure of classification efficiency, all the results were compared using average
accuracy of classification across segments. To assure unbiased accuracy;folsetbgs
validation*

Before the moddbuilding and testing process, raw utilities were disturbed wiBumbel
error of the form:In(-In(X)) where X is uniform random variable. The main purpose of this step
was to provide more relife accuracy assessment. If this step was omitted, theaagclavels
would be much too optimistic. All approaches would suffer from it in the same degree, although
| have not put this assumption to the test.

MaxDiff

The first and the most importatype of data for our study should be MaxDiff. | decided to
usethree very different datasets to check the behavior of each strategy of building a typing tool:

! The main dataset was divided into 7 parts and then tiséevmodel building was done leaving out one of the parts. Thisdéftart was used
for testing accuracy.
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1 20 items, 5 segment solution, N = 1081 which cod@tnsidered an average Maxbiff
based segmentation. The number of items is modest and segments are fuite wel
separated.

1 Extremely sparse data with 36 items and 5 segments, N = 700. Each of the items was
shown only once during main study resulting in fuzzy borders between segments and
potentially lots of uncertainty for classification.

1 4 very well separated segmts on 12 items, N = 500.

To provide a more condensed view on the results, accuracy was averaged for all datasets.
This decision wamadeafter examining the results separately for the potential interactions
between classifier accuracy and data condifionsne were found. The main difference
stemmed from cluster separation and resulted with up or down shifts in accuracy for all
classifiers.

Results

The results presented below cover a comparison of typing tools built onQzers (),
triplets and quadruets (Chart 2). The last two are examined only with Naive Bayes and
Regression on &kings. For clarity, adaptive Naive Bayes is compared only with standard
Naive BayesChart 3).

Chart 1

§ 80% pairs- LDA
= pairs- random forest
% pairs- tree
O 70% - ——=ranking & regressior
< Naive Bayes

60%

50%

40%

2 3 4 5 6 7 8

Number of pairs

189



Chart 2

g 90% NB3
P ranking & regression:
gsoO/ NB4 -7
g 0 — = ranking & regressionZ _ - <~
z
70%
60%
50%
40%
Number of sets o 3 4 5 6

The results clearly demonstrate that starting fronm egelittle as 2 pairs we get a large gain
in classification power compared to the baseline of random guesses. We also boost accuracy with
every additional question, but those gains diminish as we approach longer questionnaires.

Naive Bayes and Regressiom Rankings are best for any number of exercises explored and
are very close to each other. Thgdr improves with the length of the questionnaire.

With pairwise classifiers we clearly depend on the classification algorithm. Random forest
performs nearlyas well as the winners, while a simple classification tree performs poorly
(starting low and getting the smallest gains).

When we compare results for triads and quadruples exercises, the top posiegnesision
on Rankings is clear. Its gains are afeach higher than in Naive Bayes when more items are
added to the set.

There are two caveats regardithg dominance of Regression oarRings. Firgd this is the
only tool using exhaustive search at each step of building a typing tool. For reasons of speed,
feature selection was not included the cresledation loop, so we can have legitimate concerns
about possible biasing on the feature selection step. The second issue is that for quadruples we
assumed a full ranking of all alternatives (compared to ésewmorst exercise). In the case of
live respondents, this could be much harder thall Br a besbnly question, and results in
larger response error then the latter options. In this work, we assumed a uniform error for all
situations which is, of coursa,simplificatior® possibly biasing up results for larger sets and
especially for quads with ranking.
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PrRoOBING ADAPTIVENB CLASSIFIER

Giventhe work involved in reprograming the Naive Bayes classifier and adaptive
guestionnairgresults of the adaptive part were quite disappoin@iga(t 3). We only got 1%
over standard NB. Such gain could be an interesting route for some machine learning
competition, but in practice, it is immaterial. Of course, we could go into details of our
implementation and improve some elements of this algorithm such as the criteria for optimal
adaptive questions.

Chart 3

% 70% -
= standard NB
% . .
< ——NB with adaptive part
0
<

60% -

50% -

40%

2 3 4 5 6 7 8

Number of pairs

CLASSIFYINGCBC-BASEDSEGMENTATION

The exploration of classification accuracy of typing tools derived by examined methods was
done orone data set only, which came from a quite standard facelpack study. The
specifics were as follows:

1 4 attributes (4x4x4x2 levels), 3 segment solution, 600 respondésegmentation
itself wasdone with CCEA on zeroentered HB utilities.

Since he main goal was to explore the adaptation of MaxDiff tailored algorithm to CBC data
we experimented only with classifiers using pairs in discrete choice exercises, assuming that if it
works with pairs it will work with larger datasets. That combined withodest number of
attributes and levels allowed usfadlowt he fdal | possible profil eso ¢
regression algorithms. We got 128 profiles expanding into 8,128 pairs. As mentioned earlier, the
Naive Bayes algorithm added depth intodheedy search loop.

191



290% .
© Naive Bayes
% pairs- LDA
(@] .
© pairs- random forest
o
9 ,
pairs-tree
<80% | |
—ranking & regressior
70%
Random guess
33%
60%
1 2 3 4 5 6 7 8

Number of pairs

Strikingly, the entire pattern of results is very similar to one observed for pairwise
classification MaxDiff data. Classification of this particular segmentation proved to be quite
simple with only one pair more than doublitng ramlom guess. Regression oariking won
over all other approaches with more than 3 pairs. Also, interestingly, HB was the winner with
shorter questionnaires. This last observation leads to the conclusion that the NB approach can
have a tendency for local maxa which is more pronounced with more exercises. The greedy
search algorithm most likely has a problem with finding the global maximum when the space of
possible solutions is very large. Running more random starts or looping the search several times
for each random start could probably improve its results.

ACBC AND UsSING BYO EXERCISES INIYPING TOOLS

For ACBGbased segmentation we can use standard-li@Ehoice questions (like those in
theACBC tournament). Elicitation of the optimal classifier will bendacted in the same way as
for standard CBCOf course, most ACBC problems are much more complex, so some
prescreening of attributes for approaches other than NB is a must. Any search itself has to take a
consideration of prohibitions, conditional relatships and summed price, which are quite
common in ACBC studies.

What bings my exploration to the ACBBased segmentation is a possibility of using a BYO
guestio® which can be used in any typing tool but in ACBCs they are part of the estimation of
utilities, so it seems more natural. A BYO question is generally liked by respondents, so it would
be a bonus to break the routine of repetitive discrete choice questions and give them a more
enjoyable task. As regardtassification it is expanded in the same was forthe standard
estimation routine (to as many sets as there are attributes included in this question).
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The study used here:

1 11 attributesvith 6 variables in BYO pard segments, 1040 respondents
For simplicity, only NB with pairs was used. Th&¥® exercise was static and included
all 6 variables used in the original study for this part.

Chart 4
2 90%
© no_byo
= with_byo
(O]
g 80%
2
<
70%
60%
50% Random guess
20%
40%
1 2 3 4 5 6 7 8

Number of pairs

It turns out Chart 4) thathe BYO exercise was of litthealue except for the shortest
guestionnairesThis result is disappointing, but we haveake one thing into consideration
before we exclude the possibility of using BYO for typing tool building.

As mentioned above, the original BYO task had only %2 of all conjoint attributes. What is
more, those included were not the most important discrionsaf segments. We could
hypothesize that the impact of BYO could be greater if BYO attributes were more important in
segmentation.

CONCLUSIONS

We found that each one of the explored options can work well for chasmd segmentation
(MaxDiff-based,CBebh ased al i ke) . Th e jadnmgpspaeificdetteed appr oac
selection and a classification algorithm worked best. Naive Bayes with greedy search was
tailored by its proposers (Orme & Johnson 2009) to work along the logic of MaxDiff. The greedy
searchcan be seen as not optimal with more complicated problesagmentations where the
classifier must have many questions. However, it is the price to pay for excellent scélability
works fast enough without any modifications for very large sets of iterdsGBRS). This
cannot be said aboRegression on &kings whose great results rely on stepwise exhaustive
search.
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On the other hand, |l ogistic regredwion does
answers) conditional independence. Sometimes the sedioeiita a latent class will give us
segments which comply with this assumption, but much more often ones that do not. In such
casedRegression on &king will stand a considerable chance of providing a better model. This
could also be one of the reasonsvdB loses against regression with more questions in the
typing tool. Of course, we could remove this assumption from NB but it would no longer be
naive and simple.

The pairwise classifier is more of an open framework than a ready solution. Given the right
choice of the underlying classifier and algorithm for question sets it can produce excellent
results. One of such choices is the pairing of a random forest with recursive feature elimination.
But the main advantage of this approach is its simpécite can employ it with very basic
analytical toolset. Just run some ranking of discrimination power of the items, build all the pairs,
run a stepwise logistic regression or discriminant analysis and we arrive at a decent typing tool.
In less than an hour and wiho programming!

As to numbersmore is bettemeedless to saye still have to consider the burden of longer
guestionnaires and/or more items in each exercise. Banenagave can delete one ercise
from a typing questionnaiger one added itein set The gain is more pronounced when we
have more exercises. Of course, each data set is different and accuracy increments will diminish
at a different rate, so the only way/find our practical optimum is by experiment.

Lech Komendant
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FULI- HAVOUREDHB: BYO DATA IN THEUPPERM ODEL
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SUMMARY

Build-Your-Own (BYO) questions are quite common in CBC resedrohy are useful as a
training/education tool prior to conjoint questioRgther than throwing the BYO data away or
encoding the responses into the choice data, BYO responses can be included as covariates in the
upperlevel HB model.

Covariates are most useful if they are tedato attribute preferences. BYO questions on the
conjoint attributes fit that requirement perfeciliie use of BYO as covariates adds nuanced,
subtl e, yet meani ngf ul -wodhruiilites; it captures greaterh e r es po
heterogeneitymd br i ngs out the Afull flavouro of HB.

Does the use of BYO questions as covariates improve the predictive validity of the models?
Thatdepends on the sparsity of the data and the amount of heterogeneity (disagreement across
respondents)The sparser theatla, the more likely prediction can be improved. At the same time,
the more disagreement, the more opportunity there is for predictive gain by employing BYO
guestions as covariates.

The use of BYO questions in the upjerel HB model also provides a readyade solution
for generalization to future samples. The BYO
guestions that can be quickly administered to new resporddatitaving researchers to apply
the HB model to the new sample without the conjoint exercise.

1. INTRODUCTION

1.1 BYO

Build-Your-Own (BYO) exercises have long been a favourite tool for product development
research. Product features are chosen one at a time, but these choices are made in the context of
the full product combinations. The additiorcalst associated with advanced features can also be
included as part of the exercise.

Sawt oot h Sof t wa r-Baged CoAjoint (ACBCluses BYIO@xerciges as the
basis for near neighbor configurations presented in the conjoint tasks. These tlaga are
included as additional choice tasks in model estimation.

BYO exercises can also be used for respondent education. In earlier researeh alang
(2009 showed that when they are used as an introduction to a discrete choice exercise, BYO
guestions a useful in familiarizing respondents with the product features being tested and
focusing each respondentds attention on his m
impact derived price sensitivity in the subsequent conjoint exercise.
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1.2 The Upper-Level Model

While useful for educating respondents, the BYO data itself is typically not used for
anything. The question is, could it be? One option would be to code the BYO answers as
additional choice tasks, as in ACBC. Alternatively, this researobuséd determine if BYO data
could be used effectively in the upgevel HB model.

The upper model is what makes Hierarchical Bdyegarchical The lower model is what
most researchers are familiar with, that is, the individiesg| utilities, or thebeta estimates. The
means of these utilities are determined by a multivariate regressionartodele Auppéer mode

In the simplest case, one with no covariates, a single intercept, is used to model the mean.
This is an Auni nf or maall iespandentphave similar prefarences.h at as
Adding covariates to the upper model enables it to estimate differentleppemeans given the
covariate pattern.

For example, if we include gender in the upper model, we are making the assumption that
males ad females have different preferences, that the means of the betas are different for each
gender. These differences will appear in the alpha. To use an analogy, an HB model without
covariates is an everyday melals good and nutritious. However, if yovant a really tasty
meal, you will want something more elaborate. The covariates in the upper model are what give
HB its full flavour.

1.3 Previous Research

It is important to consider which variables should be used as covariates:le\ger
variables camave an impact on lowdevel parameters only if they are strongly correlated with
the attribute preferences or purchasing behaviors being modeled. They are also more impactful
with sparse data (Eagle 2016). However, it is not a good idea to throw éveiyitio the upper
model in the hopes of finding something useful. Spurious covariates can hurt the model. Badly
fitting covariates can adversely affect lovlevel parameters and overfitting can influence
results.

Other studies have looked at the useasariates in the upper model. McCullou@®14),
Sentis & Geller(2010, Kurz & Binner(2010, all produced similar results. McCullough
summarized them succinctly, saying the purpose of covariates in the upper level of the HB model
is probablynotto improve model performance, as measured by hit rates, MAE, etc. The purpose
probablyis to better describe or understand respondent heterogeneity.

It is important to note that in all three studies referenced here, potential covariates were used
one at @ime. McCullough(2014) was the only one to use BYO datarand and priag but
again, one variable at a time. Sentis & Gelg10 usedin-sample statisticed compare model
performance based on holdout tasksrz & Binner(2010 used both irsample stastics and
real market dataMicCullough(2014) based his model performance comparisonsaldout
sample, including hit rates

1.4 Prediction in Holdout Sample

Evaluating model performance using the holdout sample is generally preferred over that of
usiin-gampl e 0 hs¢Eagle®l6)Hovevear,khere are many different ways one can
generalize from a Hierarchical Bayes model (Paattadi. 2014).Perhaps the more theoretically

196



Acorrecto way i s Howeverpfor idst ptattidoner$Ba tdasa wosf.t en di f f
do. For our purposes, we generalized the results of our HB models through the posterior means.

That is, we used the posterior alpha draws, calculated the average across the draws to create
posterior meand\Ve then run the holdouaeple data through these means to create a pseudo
Abetao | ike utility esti mat e Wéusethesepseldor espond
A b e \alaes to make predictions for each respondent in the holdout sample.

2. OBJECTIVESDATA & RESULTS

The pupose of this research was to determine the impact of BYO data specifically on
respondent heterogeneity and on hit rates. We wanted to know, can BYO data bring out flavour?
To this end, we compared models with BYO covariates to models with no covariatedl, @s
to those with other more traditional covariates, such as demographic data.

We also wanted to know if the number of choice tasks is important. Does it make a difference
if we have sparse data?

And finally, how should we prioritize when we have too much BYO information realistically
to run an HB model quickly. Is it better to pick the variables that matter, or to use segments
derived from the BYO data?

To answer these questions, we looked atktineal world studies where BYO data was
collected as part of an education section prior to the conjoint exercise: 1. a MaxDiff concept test;
2.aCBCstudyabout Congressional politics and; 3. a
preferences.

2.1 Study 1: MaxD iff Concept Test

The first study we looked at was an Adaptive MaxDiff exercise involving 10 concepts, with
binary anchoring to none to indicate purchase. An adaptive MaxDiff exercise is simply a
MaxDiff exercise repeated in stagiems chosen as worsteatiropped off in each stage, and the
later stages focus on the more preferred items.

#of Concepts  #of Tasks #of Alternatives

2 6+1 3 2

For example, here in stage one, nine oftémeoncepts were randomized to three tasks, each
with three options. Respondents were asked to choose the one they pteéemedt and the
one they preferred the least in each task. The least preferred concept from each task was
discarded. In stage two, the remaining six concepts, plus the one not included in stage one (total
seven concepts) were shown as three paired cigopar The one concept not shown in the
three pairs in stage two was carried forward to stage three. The three concepts not chosen as
preferred in the paired comparisons were droppestage three, the four remaining concepts
(three preferred concept®in stage two and one concept carried forward) were ranked based on
the respondent 6s order of preference.
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Respondents were introduced to theconcepts in an education section prior to completing
the MaxDiff exercise. As in many concept tests, each coneap given a descriptive name to
help identifyit in the MaxDiff exercise. However, it was important to be sure respondents had
read and understood what each concept was about before completing the MaxDiff tasks. This
was accomplished by showing the cqriseone at a time and asking respondents whether or not
they were interested in each one.

From this simple exercise we obtained a set of binary var@&higsrested or nét for the
tenconcepts. Normally this data would not be used for anyghihg/as simpy a means to
engage respondents in the concept descriptions, to force them to read and think about them.
However, we wondered, could this thramway data be useful? Could it be used to improve the
model?

To answer this question, we first ran a simple madil no covariates and plotted the
simulated purchase intent for each concipEigure 21 b e | o wTo t tam eachiine
indicates he mean pur cYeasDe Nonpbintdishow the Mmbaas far two grodps
those who expressed interest in theaapt in the education section, and those who did not.

Figure 1-1

No covariates

70

60 Yes

Yes
50

Total
‘@ Yes Yes Yes

Total Yes
20 Yes

h{
Total & Yes

Total
0 Total Total Total
Total Total

0 No No Total

No No No No
No
o]
bf6 bf2 bf5 bf8 bfs bfl bf7 bf3 bfa bf10
A casual comment from t he G@hlwasexpectimfptesee he s aw
greater differences between the gweups, based

differencesthey were not as striking as the client expected. Could this be because we assumed in
the upper model that all the respondents come from a single, uninformative prior?

Another way to see the differences between these two groups is to look at the idissriblt
the betas. Figure-2 below shows the distribution of the beta for one of the concepts, Concept D,
grouped by initial interest in it. While there is good separation between the two groups, F=259
with (1, 1500) degrees of freedom, there is alsagelaverlap.
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Figure 1-2
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BYO Interest in Concept D

Figure 3 compares this simple model where we have no covariates to one that includes all
tenBYO variables in the upper model. Again, looking at the distributions of the beta for Concept
D, the impact is quite clear: BYO covéaera allow us to more effectively separate those who are
interested in Concept D, versus those who are not. The F statistics also support this conclusion,
increasing from 259 in the model with no covariates to 881 in the model with covariates, both
with (1,1500) degrees of freedom.

Figure 1-3
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pistibution of Betafor CONCEPL D

We see this pattern for a#énconcepts in the table of differences hstatistics in Figure-¥.
The result of including the BYO data in the upper model is more effective separation. The
separation is meaningfiulit is where you expect it to Beand it leads to higher overall variance
of the betas.
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Another way to show this increase in overall variance in the model with BYO covariates is in
Figure 24, which plots the summary statistics for the inverse logit of trefoeeach concept,
and for each model. The inverse lagensformatiorwas used to deal with the scale facssue
that is inherent in the logit estimate.

eb

1+e?

f(b) =

It is well known that the raw beta utility score from the HB procesedstti a scale
parameter; the better the model fit, the larger the magnitude of the eslimateansformed
betas are much easier to work with, having a range of between 0 and 1.

Figure 1-4

Mean of Inv_Logit(Beta)
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Standard Deviation of Inv_Logit(Beta)

0.35

0.3
6 2 5 9 8 1 7 4 3 10

No Covariates BYO Covariates

The top half of the chart clearly shows that the means ofetas o not change when BYO
covariates are included. However, as a result of better separation in the distributions of the betas,
there Iis an increase in the variability acros
evident in the standard devt plot in the lower half of Figure-4. This increase in variance is
a reflection of the heightened ability to capture individual heterogeneity using BYO covariates,
compared to no covariates.

While we will use this increase in variance of the betanasdicator for meaningful
separation throughout this paper, the best way to check for it is to plot out the distributions of the
betas. Greater variance is not enough in isétiere needs to be real separation, not just greater
variabilityd and the sepatian needs to be meaningful.

Now we come back to our client, and his initial comment about the differences in mean
purchase intent for the concepts, based on interest, not being as great as he expected. When we
add the BYO data to the upper model we semieh more striking picture than what we saw
initially (Figure 15).
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Figure 1-5
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While the mean for each concept remains the same as it was in the initial model with no
covariates, we now see greater contrast between respondents who are inherentdiimerest
each concept, versus those who are not. Using the BYO data in the upper model adds nuance
subtle, yet meaningful variation in the betas. The results are more palatable for the client, and
easier for him to understand. It adds flavour to our HB model.

One of the differences between this work and previous research into upper model covariates
is that here we have introduced several variables into the upper model simultaneously. One
concern with this approach is the possibility of overfitting. Sentis 862010 demonstrated
evidence of overfitting in the increased separation between analysis groups by introducing a
randomly scrambled segment variable in the upper model. Along this same line of thinking, we
looked at whether initial interest in an ulated concept, Concept F, would impact the utility for
Concept D. Separation in the distribution of the beta for concept D for those interested/not
interested in Concept F would be evidence of overfitting; it would indicate separation that is not
meaningflt However, if there is no overfitting, the distributions should overlap completely.
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Figure 1-6
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Distribution of Beta for Concept D

Figure 16 shows the distribution of the Concept D beta as before, but this time grouped
based on interest in Concept F. There is no separation betweemtkeosgted in Concept F and
those not interested. The distributions overlap completely in the model without covariates and
also in the model with BYO covariates. This is as it should be, since we would not expect
interest in an unrelated concept to imparetference for Concept D. Additionally, the F statistics
are very small, again with (1,1500) degrees of freedom, and do not effectively change with the
addition of covariates. There is no evidence of overfittiagpite the inclusion of the t&YO
covarides.

Figure 1-7

Difference in F (1,1500) between

BYO Covariate model and No Covariate model

Beta for BYO Interest in Concept

Concept A B D E F G H | J
A 354 0 7 5 8 8 1 0 16 1
B 635 4 4 0 1 0 0 5 4
C 7 663 0 3 7 -1 5 -1 -2
D -4 1 621 0 1 0 4 1 6
E 0 0 1 701 0 0 1 20 0
F 11 -3 13 2 0 466 2 3 0 4
G 0 3 3 5 0 596 0 0 0
H 0 0 -4 3 2 10 525 7 0
| 0 -7 4 7 26 -6 1 -7 686 0
J 2 5 -1 11 21 7 -1 4 13 634

We found the same pattern for all the concepts in FigutreSkeparation occurs only where it
should, and is meaningful.
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2.2 Study 2: Congressional Politics

Our second studig a dataset used in Tang & Grenv{&910. It usedChoiceBased

Conjoint to understand how respondents vote based on political policy platforms. Fieldwork was
conducted in 2010 and included a BYO section as an introduction to the CBC, asking

respondents

Democratic

t o

descri

be their-r i deal

candi

dat e

The CBCdesign included factors for five public policy areas: health care, foreign affairs, size
of government, environment and education. Each had two levels describing the traditional

and

Republican

described the federal tax implications of the policy platform, as below:

choice tasks with three options. Cell B had a similar number of respondents (n=504) and 15

For a family of four with a household
income of $85,000:

For a single person with an income of
$35,000:

Reduce federal tax by $1,000 per year.

Reduce federal tax by $400 per year.

Reduce federal tax by $500 per year.

Reduce federal tax by $200 per year.

No change to your federal tax.

No change to your federal tax.

Increase federal tax by $500 per year.

Increase federal tax by $200 per year.

Increase federal tax by $1,000 per year.

Increase federal tax by $400 per year.

party g.Asxthtfactarn s,

as

The BYO questions were based on the five policy areas only. The questionnaire also included
a holdout task. Other data collected in the survey included the mmositant issue facing the
US today, performance of the President, Congressional approval, voting intent, past (2008) vote,
party affiliation, and political leaning (conservative vs. liberal).

The sample was divided into four cells. Cell A1 had 500 respasdand each saw six

choice tasks, each with three options.atiB were used as calibration samples. Cell A2 had

712 respondents, and was set up the same waglb&1C Cell C had 308 respondents, and each

saw 15 tasks with five option&2 andC were used as holdout samples.

Wi

We ran three versions of HB models for each of CelaAdB: one with no covariates; one
ide mo gr & polticatl@aning andiorgiedsienal approvialas covariates; and
one with the BYO data five public policy area$ as covariates.

t h

As we did with the MaxDiff example, we plotted the summary statistics for the inverse logit
of the betas for each cell and each model, as shown ineR2gu
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Again, the covariates did not affect the mean of the betas, but they did help to improve the

Figure 2-1

Mean RLH Cell A CellB
N? 0.627 0.565
Covariates
Den.'m 0.638 0568
Covariates
Em.j 0.659 0.571
Covariates

Mean of Inv_Logit{Betas) - Cell Al

Standard Deviation

Cell Al

Mean of Inv_Logit(Betas) - Cell B

hrd
i

variability among respondents for Cell A1, where the data is sgdreeémpact on Cell B, where

there were more choice tasks, was considgiaik.

ASs

separation Adding covariates does not automatically increase variability/RLH/scale factor, as
we see in Cell BCovariates are only useful where it medteghat is, where the data is sparse and

befor e,

we

ar e

using

t he

ncrease

n

vari

the covariates are meaningful. Notably, in Cell A1, where the impact of covariates is greater, the

BYO covariates had a greater impact on variability than the demographic covariates.

We designed a holdout task withlanced alternatives for this study that was identical for all
cells. It included traditional Democratic aR@publicarparty positions, both moderate and more
extreme. Respondents were asked to choose their preferred candidate out of the four options

presented, and then asked how likely they would be to vote for that candidate in a Congressional

election.
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Health Care

Candidate A

The government should get out of
health care

Candidate B
The government should get out of
health care

Candidate C
The government should provide
health insurance for all Americans

Candidate D
The government should provide
health insurance for all Americans

Foreign Affairs

Overseas America should focus on
leading the world and promoting our
values, and not listen to the UM

America should always work with
the UN and other countries to
improve the intemnational situation

Size Of Government

The federal government is bloated,
corrupt and wasteful—spending
needs to be cut dramatically

The federal government needs to
spend more to provide high quality
social programs for all Americans

Energy/Environment

Jobs, a strong economy and energy
independence are more important
that the environment

We need to invest in clean energy
to build a green economy to fight
climate change

Education

The best way to improve the
education system is to encourage
more charter and independent
schools.

The best way to improve the
education system is by giving more
resources to our public school
teachers.

For a family of four
with a household
income of $85,000:

Decrease tax by $500.

Mo change to your current taxes

Mo change to your current taxes

Increase tax by $500.

For a single person
with an income of
$35,000:

Decrease tax by $200.

Mo change to your current taxes

Mo change to your current taxes

Increase tax by $200.

Waould you vote for the candidate you selected above in a congressional election?
Please select one response.

Definitely would vote for this candidate
Probably would vote for this candidate
Might or might not vote for this candidate
Probably would not vote for this candidate
Definitely would not vote for this candidate

Comparing inrsample hit rates on the holdout task for each model and each cell, we saw

slight improvement for Cell A1, where the data was sparsédittteibr no improvement for Cell
B, where we had more choice tasks.

Hit Rate Holdout Task (Dual Response) In Sample

n=~500

No
Covariates

Demo
Covariates

BYO
Covariates

Preference| Cell Al (6 choice tasks) 52% 53% 56%

Only Cell B (15 choice tasks) 57% 58% 58%
Preference| Cell Al (6 choice tasks) 54% 55% 57%
+"No buy"| Cell B (15 choice tasks) 54% 54% 55%

However, when we looked at the results for holdout sample (Cell A2 and C), the
improvement in holdout task hit rates were more dramatic. Here the addition of demographic
covariates impoved hit rates substantially. And BYO data offered even more improvement.
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Hit Rate Holdout Task (Dual Respons@)dout Sample

Upper model developed facell AL No Demo BYO
(In-sample data) Covariates | Covariates | Covariates
Preference| Cell A2 Holdout Sampl¢g 37% 48% 55%
Only CellC 34% 41% 51%
Preference| Cell A2 Holdout Sampl¢g 32% 39% 43%
+"No buy" CellC 36% 40% 46%
Hit Rate Holdout Task (Dual Respons@)dout Sample
Upper model developed farell B No_ Demo BY_O
Covariates | Covariates | Covariates
Preference| Cell A2 Holdout Samplg 34% 45% 55%
Only CellC 33% 40% 50%
Preference| Cell A2 Holdout Sampleg 31% 37% 42%
+"No buy" CellC 35% 38% 42%

It is also interesting to note that the model developed using less data (Cell Al, 6 tasks) did

slightly better than the model developed using more data (Cell B, 15 tasks)hekiemere

generalized to the holdout sample.

However, the hit rate in holdout sample was still less than that of-gaanple hit rates for

the constant holdout task, suggesting that despite the improvement brought on by the upper

model, theravas still some way to go compared to thesimmple prediction due to the

contribution of the lower model itself.

2.3 Study 3: Dating

The dating studysed in Tang & Grenvill€2013, was fielded in 2013, to approximately 300
respondents in each of Canadaandthei t ed St ates, and | ooked
There were nine factors in the design, and nine corresponding BYO questions, shown below.

at

Much younger than me

Age Much older than me, A bit older than me About the same age A bit younger than me
Height Much taller than me A little taller than me Same height as me Shorter than me
Big & Cuddly Big & Muscly Athletic & Sporty Lean & Fit
=) = = a
Body Type images usgd at th
BYO question onl
not in conjoint tasl
as a8 as as
Driven to succeed and ma Works hard, but with a goc Has a job, but it's only to pi Prefers to find work wher
Career B . X
money work/life balance the bills he needs it
Activity Exercise fanatic Active, but doesn't overdo Ficizs ¢y toAday lie @%
exercise
Attitude towards q .
Hay as a couple Wants a few kids Wants a large famil
Familv/Kids Y B ¢ Y
Personality Reliable & Practical Funny & Playful Sensitive & Empathetic Serious & Determined ' Passionate & Spontaneo s

Flower Scale :
occasions

Low middle
$50,000 to $79,999
$30,000 to $49,999

not expecting
Pretty low
Under $50,000
Under $30,000
Under £15,000

Yearly Income

Flowers, even when you a Flowers for the important Cf 2 4 SN& 2y f
saying sorry
Middle
$80,000 to $119,999
$50,000 to $99,999
MMPZANnNN G MOdwndididn nn ¢

High middle
$120,000 to $159,999
$100,000 to $149,999

Mp gwcdadidn N ¢

"What are flowers?"

Really high
$160,000 or more
$150,000 or more

M ¢h £1DQiDG0dor more

Australia
US/Canada
UK



Respondents completed eight dual response CBC tasks, each with three alternatives. The
research showed thabmen in the two countries are largely similar in their preferences, with
US women slightly more likely to date their preferred alternative.

As there was no designed holdout task for this study, we randomly selected one of the eight
choice tasks from eaclspondent to use as the holdout task. Additionally, since the two
countries are largely similar, and arguably can be treated as being in the same market, we also
used the US data as holdout sample to demonstrate the idea of generalizing the HB thsults to
market.

We ran four versions of the model, with widely differing times to complete the HB runs. The
first model, with no covariates, took seven minutes. The second model, using all nine BYO
guestions as covariates, took 58 hours. At this point irhbe@vident that we needed a more
efficient way to include this much BYO data in the upper model.

The first alternative was to use six key BYO variables as covariates. These key questions
were where we saw the most differentiation across the levels. Theyselected using a simple
counting analysis showing how often each level was chosen in each factor, and identifying where
the largest differences appeared between the most and the least preferred levels. This model took
six hours to rué quite a bit bettethan 58 hours, but still a fairly long run time.

As a final alternative, we ran a latent class segmentation using all the BYO questions. Twelve
clusters were derived and used as covariates in the upper model. This version took 65 minutes to
run.

Figure 31 compares the standard deviation of the inverse logit of the betas for each of the
four models. Again we see increased variance for the models with BYO covariates, compared to
no covariates. The model with all the BYO covariates has the most variabilityhe model
with the BYO clusters has the least of the three BYO versions. However, as discussed, an
importanttradeo f f must be made between Aflavouro (var

Figure 3-1

Standard Deviation of Inv_Logit(Beta)
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Turning tomodel prediction, we see a differgrdttern from the Congressional politics study.
We found virtually no improvement in hit rates in the models where BYO data isH»edver,
the hit rates for the holdout sample are comparable to that for-Haerniple rates.

In-Sample Hit Rates (Random Holdout Task)

, In Sample

No Covariates (Cana dpa)
Preference only 53%
Preference + "No Buy" 48%

Average Hit Rate on All CBC Tasks - Holdout Sample

HB Model: Canadian Women, No Covariates Key BYO All BYO

Holdout Sample: US Women variables Variables
Preference only 53% 52% 52%
Preference + "No Buy" 43% 44% 43%

Since there was no purpdgiy designed holdout task in this study, one of the eight CBC
tasks was randomly selected in the Canadian sample to act as the holdout task in order to
evaluate the wsample hit rates for the no covariates modlitlthe choice tasks were used in the
modeling for the various BYO data upper model rufa. those, no ksample hit rate could be
calculatedThat being said, we do not expect notabiprovement in the ksample hit rate as a
result of the inclusion of BYO data in the upper mobliglither Setis & Geller(2010, nor Kurz
& Binner (2010, observedmprovemers in the insample hit ratedn the politics data in section
2.2, we observednly a moderate improvement in cell Al (ere data wersparse) and none in
cell B.

2.4 Dating vs. Politics

Sowhy the difference between the two studies in terms of the impact of BYO data on hit
rates? When we compare them directly in Figufeahd 42 (and overlook the issue that we
dondt have a designed hol dout t sayikgthltahe t he da
upper model can be beneficial to prediction for holdout sample, but you can only go as far as the
in-sample prediction.

In dating, the no covariate model itself already does a good job of predicting dNeice.
suspect this is because mosimaen are in agreement about what they @ahere is relatively
less heterogeneit§io even a uniform prior.€., what the average woman wants) does a good
enough job of predictingdaving a fuller upper model is a bit like eating organic vegetables:
while there is no added nutritional valsimce we see no improvement in predictithere is
more flavour, as we can better descriThis and u
is similar to what was found in earlier papers.
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Figure 4-1

In-Sample Holdout Sample
. (Canadian) (Us)
Average Hit Rates on Random Tas| ) ) Key BYO All BYO
No Covariates| No Covariate$ ; .
variables Variables
Preference only 53% 53% 52% 52%
Preference + "No Buy" 48% 43% 44% 43%
Figure 4-2
Congressional Politics
Demo
Holdout Task Hit Rate No Covariates . .
Covariates |BYO Covariaté

52%

In Sample (Cell A1)

Preference only

53%

56%

Preference +"No buy"

Preference only

54%
Holdout Sample (Cell A2)
37%

55%

48%

57%

55%

Preference +"No buy"

32%

39%

43%

The politics study is differentere there is little consensus on what makes an ideal political
platform. A uniform prior (no covariates) does a poor job in predicting preferences in holdout
p oefmining his §ahd othersalikeihin) g
preferenceThe BYO information is even more usefln.this case, the upper model is more than
just ordinary organic vegetables. It not only tastes better, but also comes with additional

sampl e.

nutrient® we have greater heteregeity, as well as better predictive power (because it is needed

here).

A

3. CONCLUSIONS

This analysis of three different choice studies confirmed our hypothesis that BYO data from
the education section contains valuable information. Using BYO data in plee mqodel as

respondent 6s

covariates adds nuaricesubtle, yet meaningful variation in the lower model estimates. By
capturing individual heterogeneity, we bring out the full flavour of HB.

The answer to our second quesfiotioes BYO data help to improve model predict®dng
less clear. Prediction may be improved, but only where it is needed. Our research found
improvement where data is sparse, as well as in cases where there is little consensus and greater

heterogeneity (lots of disagreement across respond€&hts)noredisagreement, the more

opportunity there is for predictive gain by employing BYO questions as covariates.

The use of BYO questions in the upjerel HB model also provides a readhyade solution
for generalization to future sampl@$e BYO questions therasl v e s
guestions that can be quickly administered to new resporddatitsving researchers to apply
the HB model to the new sample without the conjoint exercise.

become

The BYO data can also be coded as extra choice tasks and be includetiadéhe
estimationAs pointed out by one of the audience members during the Q&A session at the

t he
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conference, rather than comparing performance of models where BYO data are part of the upper
model against models with no covariates, or demographic covariaesulalsohave

compared them to moddisatincluded the BYO data as additional choice taskss is indeed a

good suggestion for future work on this topic.

Jane Tang
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SMULATING FROMHB UPPERLEVELM ODEL

Motivation for t his Paper

PETERKURZ
TNSINFRATEST

STEFANBINNER

BMSMARKETINGRESEARCHF STRATEGY

Today many practitioners inarket researchonduct conjoint analysis or discrete choice

modeling (DCM) studies in their dap-day research work. Since HB became available many

years ago to the research community, sinmutgtare quite accurate and therefore many
researchers simply base their estimations on standard HB settings and use standard simulation
means

tool s. Thi

simulation models. Posterimeansaret h e

S

t hat

fAfppocsit retr i eceret userkiaabmasts, ,00
i ndi vi du a-worth wildigsondent so

calculated by taking the mean value for each parameterdroentain number ondomdraws
from the posterior distribution after the convergence phasedfiBestimationprocess. Using

posteior means is thetandard in Satwoth Software simulation tools. The disadvantage of this

popular simulation method is the risk that due to the averaging of the diiattidution
uncertainty informatiomets lost. Therefore, simulations based on pastereans might
calculateartificial or too simplifiedpreference shares.

In order toaccount foboth heterogeneity anthcertainty athe individual level some
researchers use individuaindom draws from the lower level model of the HB estimatiafter
convergence is reached and apply thosemulations. Random draws shogldvide more

insights into the uncertainty of respond@®nt ¢ h o i ¢ and bheréfaevprowde more accurate

preference shares. One disadvantage of using random draws is thatimesdtstandard

simulation tools do not support random draw simulations and therefore such simulation tools

a l

need to be created individually (e.g., in Excel). Furthermore, the large number of random draws
in such tools (e.g100 drawdor each respondenleads to very large data sets which might
make the simulation toolow, difficult to operate and sometimes evard to distributed.g.,
to clients due to their size
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Both simulation methods, posterior means and random dsawslate from the lower level
modelof theHierarchical BayesHB) model, thusieglecing the upper level modeHowever,
some weHlknown scientists and research experts emphasize the relevance and impact of the
upper level model of HB.

Figure 2. Expert Quotes
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As there are comens about losing uncertaintytae individual data, the motivation of this
paper is to understand whether simulation results can be improved by usippé¢néevel
model as the simulation method.

How HBWORKS

HB A s hr i duaHewel uiilited towatds the means of all respondeniss is
necessary becaustemit is impossible to estimaiadividual respondenés simply because
there is not enough information in the data for esinplerespondentit is the hierarchical
Apror o of HB that pool s attmefpapulatea leveinchalloawghe o ss r es
calculation of pseudmdividual values angimulations. Therefore, the weaker the individual
data,thest r onger i s the resul tiofthe pdmlbtionlavet andtbed or <
results are actually more based on the prior (see Figuf@&)use of posterior means
aggregated mean values of the d@vigrther strengthest hi s fAs hr i nthigaogee 0 e f f e cC
the uncertainty iformation withinindividud-level posterior drawg&reen line in Figure 3 misses
the greater variance in the black line).

Figure 3. HB Shrinkage Effect

— Single respondents* posteriors
Posterior means

— Upper Level

— Random draws from all respondents

Adapted from Dave Lyon Turbo_CBC 2.0

At the upper level, we assume individuals are distributestme specified way, usually as
multivariate normalwith means andovariances to be estimatéd.the lower level, we assume
that each individual 6s answers conform to a s
Hierarchical Bayes determines the optimal degree to which the lgmeémodel and the lower
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level model ifluence the parameters for each individddlelowerlevel model only dominates
if a lot of information per respondent is available

By applying these hierarchical models, we estimate the population means and covatiances
the upper level as well as thartworths (betas) of each individualtthe lower levelThe
information about the population means and covariances strengthens our estimation of individual
results for each respondemhe payoff is that HB permits more precise estimation for each
individual, often permitting individudkvel estimation where previously only aggregated or
segmemevel estimatior(such as latent clasgjas possible.

Due to the lack of individual information and the subsequent shrinkage, gffeatdividual
estimate®f the lower level modeal e p r e s e n tathditlaan raal rasposdentdn the other
hand, the upper | evel model allows us to crea
functional form which is derived from the respondents in the lower level. Eaa nalues over
the avatars and the mean values over the agesitsore or lesshe same

Figure 4. Model Characteristics

HB Avatars Agents or Sims

(of the Respondents)
oo £ 9 @
o0 ——> g ¥ 3
®®® : *
=
n ﬁ n %’ x :@1

Theupperlevelmodel usuallymakesthe nvariantassumptiorthat the data follows a
multivariatenormal (MVN) distribution GeeCBC/MHB technical paper, Sawtooth Software
2009. The uppetevel ppulation measand varianceovariancenf the estimates followhat
multivariate normadistribution These parameters are updated in every iteration of the sampler
based on draw3he uppe level captureshevariance as well abe correlation structure in
drawsatan aggregate levdl is sensitive to the assumption about the functional {d/AWiN).
The covariance matrix characterizes the extent of unobserved heterogeneity. Large diagonal
elements, for instance, indicate more (preference) heterogeneity across consunrukagoD#i
elements indicate patterns in the evaluation of attribute levels (the covariance structure of the
partworth coefficients). For example, positive covariatiordicate pairs of attribute levels
which tend to be evaluated similarly across respondents. Taagfinal values can be
translated into correlation coefficients. Figure 5 illustrates a model with good representation of
the individual heterogeneity byaivs and only a small shrinkage effect through the posterior
means (the green and blue lines are relatively similar to the black).
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Figure 5. Good Representation of the Individual Heterogeneity

— Single respondents’ posteriors

Posterior means
— Upper Level
— Random draws from all respondents ~
Adapted from Dave Lyon Turbo_CBC 2.0

It is the combination of pperlevel andowerlevelmodelsthat allows ugo estimate the
partworth valuesin HB, apartworth (beta) follows a distribution over respondefitise upper
level model contains this fullistribution over all respondeniBhe lowerlevel modeldentifies
the best spot for each individiuwithin that distribution

Figure 6 shows a different picture: Posterior means, upper level model and draws show
similar results which indicates a good overall model fit. However, the plots of single
respondent sé post er i orisnofindieidual lketenogeneityeespecmllyor r e
on the right side of the distribution. This could lead to misinterpretation of the results, if we
wered for exampl@ looking at niche segments which are actually not sufficiently covered by
the model.

Figure 6. Shrinkage of Individual Heterogeneity

UPPER.LEVELMODELN RESULTS

When estimated with the HB sampler, the upper level model has the following aggregated
results:

T Thaenmeafival ue o B thesé valbesa ar@often called the Bayesian logit model
because thalpha values usually come very close to the aggregate logit model. The
alphas are the mean values of the population for each attributeMatbematicady
speakingthey are themean values of the normal distribution of tipperlevelmodel.

1 The variare and covariance structudethese structures descrithee captured
heterogeneity and the correlation between the different attribute levels.
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