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SUMMARY OF HNDINGS

The twentysecondSawtodh Software Conference was held in @artonio, Texas April 22-23,

2021. The summaries below capture some of the main points of the presentations and provide a
quick overview of the articles available within the22@awtooth Software Conference

Proceedigs

Ten Tips for the Effective Presenting of Complex Information(Ray PoynterNewMR,

Potentiate, Nottingham Trent Univergityfoo often good thinking is rendered less accessible by
cluttered and ineffective presentiiRay presenteten ideago help makgresentations more

effective, in the context of complex methods, research and thinking. The presenetidroar

best practices from sources such as Edward Tufte, Nancy Duarte, Garr Reynolds and Barbara
Minto. Ray encouraged us to hamancentricwhendeveloping slidesfocusing on how people
understand and learn, rather than being presemeesultscentric. Examples included not

trying to make the slides become a document, using large enough font sizes, and rounding to two
or three significant djits when presenting numeric results. Ray encouraged presenters to focus

on the main takeaways, or the key message, rather than having it get lost in the details.

Improving Accessibility for Online Surveys: Looking into Increasing the Online Survey

Experience for Individuals with Vision Impairments (Nathan Wiggin, Comengage.U$jfty-

seven million Americans have a disability. Thigix million experience challenges with using

the internet such as limited dexterity, vision or hearing problsiathan and is coauthors

pointed out that @signingsurveyresearch without accessibility in mind can lead to pitfalls

including frustration, ostracization, and legal issugseir presentatiomecounted thehallenges

theyfaced in creating an accessible survey using Sawtooth Softgares ur vey pl at f or n
(Lighthouse Studio) Screen readers to assist the sight impaired (such as JAWS) can be installed

and used to test how understandable and manageable the survey is fonjibadgt

disabilities. The earlier version of Lighthouse Studio led to surveys that were difficult to use for
visually impaired respondents. Nat han’s team
developers and made recommendations, many ohwihgce incorporated within a followp

release of Lighthouse Studio.

Critical User Journey Mad Libs: a new technique for concept developmer(tlon Gass,
Pinterest and Aideen Stronge, GoolylBU): As researchers at large organizations, Jon and
Aideen describd how they often are tasked with prioritizipgpduct requiremenind gtheing
pain pointfrom usersTraditionally this is performed via concept studies in which dega
collected on how potential solutions resonate with potential custodensandAideen
introducel a qualitativeapproach called CUJ Mad Lilbsr generating the list of customer
insights (especially into pain points) that later may be studied more quantitatively using

Max Di f f . The approach i s i nbegsplayerglfilimgyntheih e “ Ma
own words to complete phrases. The researcher creates phrases with blanks for the respondent to
fill out , s u-providedgask npniRecanme challengirtg because [Respendent
provided r eas on] 8esfollovDo lbaenmore aboupthe gorodem prid hoav

i mportant it is. Jon and Aideen suggested it

more information. They suggested the approach could also be adapted for focus groups.

Upgrade Your Brand Tracker Using the Power of Conjoint Analysis(Alexandra Chirilov
and James Pitcher, GfK): Alexandra and James reported thavafidation studies that



compare conjoint preference shares with actual sales only focus on one single pointTihéyne.
wentonestep further and compateonjoint preference shares with real market shares over time.
Theydiscusedthe ability of a simple brandricetrackerconjoint to capture monthly

fluctuations and the lonterm trend in brand saleBheir investigation involvethree product
categories (washing machines, laptops, and TVs) in two countries over 16 monthly waves of
data. Because conjoint analysis involves showing products at realistic prices, they found that
conjoint preferencwas superior to traditional statédand preferenci tracking with actual
purchase shares. Calibrating conjoint predictions by overall distribution effects improved
conjoint’s predictions of actual mar ket share
conjoint market simulator did mo They also found that conjoint analysis trackers were more
stable across waves and also more correlated witht@yngtrends in purchase shares compared
to stated brand preferencelowever, neither conjoint analysis nor stated brand preference were
ale to predict shorterm fluctuations in market share. Alexandra and James pointed out there
are other factors that affect market shares such-steia promotions, product placement, and
sales staff effectiveness. Such effects cannot be capturedyvedthér stated brand preference

or conjoint analysis and this may have explained why gkart fluctuations in market share

were not predictable.

Respondent Quality: Identifying Bad Respondents from MaxDiff Response Patterrdane

Tang, Mona Foss, andoRanna Mau, Bootstrap Analytics): Jane and heutbors extended
previous research regarding how to reliably identify bad respondents in MaxDiff surveys. They
specifically examined three different approaches to identifying random patterns of responses:
HB'R&Hfitscoreand a | ogi stic regression approach in
with eitherLatent Class (LC) and Scalédljusted Latent Class (SALC)With the HB RLH fit
criterion, random respondents are generated and a fit cutoff is sddasetion the distribution

of RLH scores for these random respondents. The two Latent Class approached fimadhg

a group (or groups) of respondents who ssgm reflect random responses. Jane and her co
authors looked at how removing suspect ramdesponders using the three methods would
improve the differentiation in the MaxDiff scores as well as improving the differentiation in
concept test rating results. They concluded that the simple HB RLH approach and the more
complex RLH + SALC performedbout equally well for identifying bad respondents and
improving the signato-noise ratio in the data. Because the HB RLH approach is much simpler,
they recommended this approach for practitioners.

Uncommon Choices: Novel Applications of ConjoinAnalysis in Practice(Chris Chapman,
Google):Chrisreviewed foumovel applications of Conjoint Analysis for product design from
various presentati on $2yéasatSawtabih SaftwaeerCenterercease r t h e
He highlighedhow each methodias useful, describing its key points for succeBke four

applications were as follows: 1) comparing CBC and ACBC for real respondent preferences,

where ACBC was found to slightly improve predictions of real choices, 2) using Game Theory

with conjoint amlysis, to decide whether to add a product enhancement or not while considering

the possible reactions of a key competitor, 3) using genetic algorithms with market simulators to
figure out which products to include in a streamlined product line, andrd)gusi“ Pr of i | e CB(
for psychographic segmentation, where respondents pick which conjoint profile most resembles
them in terms of personality characteristics. When comparing CBC and ACBC results, Chris

found that they were very similar, but that ACBC seetodtave a bit better precision. He
recommended ACBC for smaller sample sizes and when you can take some extra time with
respondents in the interview. As for “Profil



personas (characteristic profiles of goewf buyers) via latent class that validate with external
measures and directly follow from the CBC data. In conclusion, Chris stressed that conjoint
analysis works very well and that the cost of collecting the data and performing the research
outweighsthe costs of making business mistakes.

Comparing Predicted Automotive Purchase with Passive Geolocation Covariates to Actual
Ownership Records(Marc Dotson, BYU anddwardPaul Johnson, Harris Polfaul and
Marcinvestigated the use phssive geolocatiodataregardingvisits to automotive service

locations as covariates KB modeling fora standard CBC model to predict car purchase.

Passive geolocation data eliminates recall error, since it directly observes whether respondents
visited different car éalerships. However, there are challenges with geolocation data involving
geographic measurement error and issues with smartphone availability/permissioradPaul
Marc examined the usefulness of different covariates in their HB modeling for their €R&C d
Those covariates included geolocation data for dealership visits, demographics, and stated
preferences for car type, price, and brand. They found that holdout hit rate predictions for CBC
choices using covariates improved to 0.50 from 0.36 whemndgwey all three types of

covariates, though most of gain in hit rate could be accounted for by stated preference data and
demographics. They had planned to be able to do more with actual purchase information via
follow-up with their original respondentsyt ran into various troubles largely due to the Covid
pandemic in assembling the validation data.

* Enhance Conjoint with a Behavioral Framework(Peter Kurz and Stefan Binner, bms

Marketing Research Strategy): Finding useful covariates (variables alet$he conjoint task)

that can boost the predictive validity of conjoint analysis via HB estimation is a topic that Peter

and Stefan have investigated and reported on multiple times at past Sawtooth Software
conferences. In this presentation, Peter apth8tfound better success than past investigations

by using a simple set of nine questions (binary semantic differentials) that can be added to the
survey just prior to the CBC questionBhenine questions are based on principles of behalvior
economicand i nclude such pairs as: “1 think brand
|l ess the same” (respondents pick the statemen
that these simple pairs statements help respondents remember tieshppiping situations and

prime them to do a more realistic job in answering CBC questions. The showeit-thtgsh

and outof-sample predictions could be significantly improved using this framewbky

presented results for nine different CBC stad@emonstrating good improvement in both in

sample and owubf-sample hit rates when leveraging the nine covariatdsat was perhaps even

more intriguing is that just the mere presenc
performance on the®C tasks. Even without using the covariates in HB estimation, the act of
compl eting the nine semantic differential pai

utilities for outof-sample holdouts. In addition to the usefulness of covariat@sfpooving
predictive accuracy of the conjoint results, Peter and Steven recommended their value in
developing useful consumer segmentations.

*Best Paper Award, based on audience evaluation and steering committee recommendation.

Enhancement of Van Westendp Price Model via Newer Statistical ApproachegMing

Shan, KNETEC): In this presentation, Ming describedme of the methodological

shortcomings of the frequently used Van Westen@gM)price model t he “ 4 pricing
guestions” appr ghtedthe)NewtoiMiller-Sraith ENMS) lextegsioh that asks

for purchase intent on the two middle price points. Ming forwarded the idea of applying survival



analysis to PSM, where price was used instead of the traditional time variable. A key change

that Ming suggested for his models was that probability of choice (via the NMS extension)
should be considered to be 1.0 at the respond
found that the optimal price suggested by PSM and the NMS extension wereamd hess

stable than those developed from the new models. Furthermore, the new models could be used

to develop confidence intervals via the survival model framework. He described how he is
developing an R package for sharing that implements the modeistael in his paper.

Estimating Willingness to Pay WWTP) Given Competition in Conjoint Analysis (Bryan

Orme, Sawtooth Software): Since the inception of conjoint analysis, clients have wanted to use

the data to figure out how much consumers are willing to pay for enhanced features. Bryan
described how the two most common approaches to WTP (theaitgapproach and the two

product 50/50 simulation approach) ignore competition and tend to overstate WTP. He reviewed

an intuitive approach to WTP from decades ago
a rich set of competitors andthe None alr nat i v e. The client’s prod
that drives its share back to the original base case share is taken as the WTP. Bryan showed that
the WTP results using the competitive set approach tended to be lower than other traditional
appraches over nine CBC datasets. He introduced a new approach called Sampling of

Scenarios (SOS) when the base case client and
involves randomly picking attributers.|ISOS el s fo
can involve constraints on the products such

competitors cannot take on that brand name) or accounting for the client having a patent on a
product feature. Bryan also described how confidence intevmalse WTP estimates could be
developed using bootstrap sampling

Filter CBC: A New Approach to Mimic the Online Shopping Experience(Marco

Hoogerbrugge, Menno de Jong, Kevin Lattery, and Kees van der Wagt, SKIM): Marco and his
co-authors showed a new appch to conjoint analysis that uskszens otoncepts per task and
allows respondents to filter and sort the concepts like they would do in online shopping. Filters
allow respondents to narrow the product selection to acceptable ranges of featureseand pr
Sorting allows respondents to prioritize the acceptable options on more important features. In
the end, the respondent makes a single choicedam®ns otoncepts in each task; but the

filtering selections could also be used in modeling the dd&rco described aexperimenthey
conductedn two wavesfirst a conjoint surveyor mobile phone plans (involving both filter

CBC and standard CBC task8)enlatertheyasked the same respondents witaine plan they
hadpurchased. They compared gmnt predictions vith reality. They found that the filte€BC

tasks provided slightly better predictions of later actual purchase behavior than the standard CBC
tasks. They also reported their results by different ways of including the filter selectibas

CBC modeling. Ignoring the filter information led to very good models, but a fancier
conjunctive screening model using the filters information could lead to potentially better results.

Using MaxDiff instead of CBC? Pros, Cons, and Recommendatioiilegan Peitz and Abby
Lerner, Numerious)With the introduction of Anchored MaxDiff from Jordan Louviere (Indirect
Anchoring) and Kevin Lattery (Direct Anchoring), we're given a new set of capabilities and a
proxy for the "none" alternative that we prewstuonly had in a ChoieBased ConjointMegan
and Abby examined whether we cotddke smaller CBC desigrte.g., four attributes each with
three levelspnd turn them into Anchored MaxDiftby taking the 374 fulfactorial

combinations as a list of 8ems into a sparse MaxDiffOr, sometimes our conjoint designs



have so many alternativgpecific relationships or prohibitions that the fialttorial of concept
combinations could lead to 120 or fewer total concepts that could be treated as iteperse a s
MaxDiff. Benefitsof using MaxDiff in this waycould include automatically capturirad
higherorderinteraction effects, easily running TURF analysis, and creating clustering solutions
based on reactions to the entire product preference, natgidgtiual feature preferencéMegan
and Abby fielded a fiveell experiment that tested different ways of asking CBC questions and
MaxDiff questions with the None alternative to compare the results. They found significant
differences in the None predmh from CBC compared to direct anchored MaxDiff questions.
Although using a sparse MaxDiff covering the fidttorial for small conjoint designs seems like
a viable approach, they concluded that it did not perform better than CBC for predieting in
sampé and oubf-sample holdout choices.

Concept Screening and Evaluation Using Survey Based Atrtificial Market§lohn Pemberton,

Alfred Johnson, Emily Gasparro, Alyssa MacDonald, and Lauren Piskorski, Butler University

and Indiana University}raced with thehallenges presented by established concept testing and
screening techniquedohn and his cauthorsdescribé an alternative approach that utilizes an
artificial market in whichrespondents evaluated 16 wholistic product concepts et08 Bcale.
Thealgorithm they used rewards respondents based on the quality of their judgments, which
creates the feeling of a game or competition, and the winner gets some cash to buy articles in the
university bookstore. The artificial market algorithm tested diftgpeices for the concepts to

find the balance where there were about as ma
research team fielded a standard MaxDiff survey for the 16 product concepts as well as
implementing the prediction market experien@ue to challenges on campus with Covid, the
number of participants was not as many as initially hoped for. Even so, the correlation between
MaxDiff and the prediction market approach was above 0.7. In addition to sampling error being

a possible explation of some differences in rankings between MaxDiff surveys and prediction
markets, another possible difference was that respondents in the prediction market were trying to
evaluate the concepts based on what they thought the market receptivity waattdrehan

their own personal preferences.

ACBC vs. Partial Profile CBC: A Market -Based Comparison(Fisher Liu,Diagaid,Shumin

Wang Yi You, Vivo Mobile Communication CO, and Dapeng Cui, DiagaRhrtiatprofile

CBC is an alternative to ACBC when there are many attributes in conjoint sturdiéss

presentation, Fisher and-aeathorscompare partiatprofile CBCto ACBC for a smartphone

choice studynvolving 14 attributes The utility estimates and saitivity analyses from both
methodsweresimilar, but partiatprofile seemed to neutralize the differences between attributes
relative to ACBC. A benefit for partial profile is thataiok less time for respondents to

completethan ACBC (twethirds asdng) However, ACBC was able to detect and better

measure an important interaction between RAM and ROM attributes, whereasypaftialwas

not able to detect the interaction. That particular tradeoff (between RAM and ROM) was critical

t o t h edesigh deeisioh forsa new product launchasecondwave survey was fielded

which isolated just the RAM and ROM tradeoff. That folaw study demonstrated that the
fristwave ACBC model better predicted resgondent
partiatprofile prediction. With that seconslave survey validation in hand, the client decided to
rely on ACBC's prediction regarding the optim
sales data showed that ACBCtheactyalsalesresutt.iTobens ver
client launched two products with different RAM & ROM specifications. Relative to the key



competitor, the ACBC predictions for the three products were 33%, 21%, and 46%; and the real
relative market shares after launch esdp being 31%, 20%, and 49%.

Replication of Known Segment Structure and Membership: A DateDriven Comparison of

Robust Partitioning Methods for Metric Data (Keith Chrzan, Sawtooth Software and Joseph

White, InMoment): When segmenting the market usinlg oretric input variablesseveral

algorithmsc oul d be wused. Because “truth” iwen’'t typ
don’t know whi c hRaying on artdicrallyveanstriicsed dat sets with known
segmentation solutions, Keitind Josepheseda handful olsegmentation algorithnte see

which fared best in terms of identifying the correct number of segments and in correctly

assigning respondents to segmeritse testdata setsvere experimentally created tteflect a

number ofvarying data conditions (number of segments, relative segment sizes, degree of

segment separation, number of dimensions and number of variables per dimeksitnand

Joseph tested five methods: PAMpke ans ( Sawt oot h Software’ s CCA)
(Sawt oot h Sof tmeanswth 1900 St@&tlhd\points (k R), and Latent Class

clustering (in R). Additionally, Keith and Joseph used various approaches to measuring quality

of solutions to see if the correct number of clusters could be identdiably (Hopkins statistic,

NbClust ensemble of cluster measurements, Sawtootv&of e’ s r eproduci bi | ity
statistics). They found that therddeans package with 1000 starting points in R as well as

Sawt oot h Soft war e’ edbestinCdedveripgaraekrembershipiindegindnts

(assuming the analyst knows the correct number of segments). However, none of the fit statistics
were able to point very successfully to the true number of segments for the artificial data sets

they constrated. They concluded that researchers should be skeptical of statistics meant to point

to the correct number of segments and be willing to leverage client expert knowledge regarding

how many segments make sense for their business problems.

Bi-Cluster Identification & Profiling (Ewa NowakowskakEY and Joe RetzeACT Market

Research SolutionsJraditional data clustering algorithms are challenged both by conceptual as
well as practical issueb this presentation, Ewa and Juesenédan approach, kilustering,

which addresses the presence of dyadic relationships in clusteringliatéemostrated how
thismethodcapr of i | e t he r esul t aWithbf-ctustanireytsebsetsofe |l | s” ¢
respondents cluster on different subsets of features. Respondents can be in more than one
cluster, but one can constrain the algorithm so thelt eespondent is assigned to only one

cluster. Similarly, one can constraindbistering so that features only group with one cluster.
Bi-clustering can use multiple algorithms and different profiling data (binary, ordinal, metric).
Ewa and Joe poindeout that bicluster solutions in which respondents uniquely belong segments
are easier for clients to understand; though clients can easily handle the notion that features are
not mutually exclusive to clusters. They demonstrated hasiubter analysisould be applied

to a data set of new auto buyers, where respondents have been asked to indicate (binary
response) regarding which of 45 reasons for buying are important to them. To help determine
the appropriate number of clusters, Ewa and Joe suggebtsuistrapped approach that

replicates the solution many times and finds the agreement across replicates using the Adjusted
Rand Index. As caveats, they mentioned that using the BCBimax algorithm leads to long run
ti mes and it do sesvaions areeclassified mto adiustear. al | ob

Conjoint Analysis for Difficult Choices (Joel Huber, Duke University and Martin Meissner,
Zeppelin Universit): Joel and Martin expressed based on their experience that conjoint analysis
sometimes faces problem&na sur i ng and predicting peopl e’ s c

Vi



topics. Problems occur when the attributes themselves are hard to understand, when the decision

is novel, if the tradeoffs can involve unacceptable levels, and if the decision is irr@versibl

Some of these problems can be addressed by recruiting the right people, introducing each

attribute level and relating it to their lives, and using simple labels or icons to describe them.

With difficult decisions, especially involving such topics asaer treatment or hand

replacement surgery, Joel and Martin expressed that asking pairs of choices is better than triples

or quads. They described a conjoint study involving hand replacement (after the loss of a hand),
where the results of conjointanaly s pretest involving 100 respol
predict people’s final choices between a pros
follow-up study, they conducted a conjoint study involving only options for a prosthetic hand.

Then they provided more details about the hand transplant process and asked respondents to
identify statements regarding concerns and important features involving that decision.

Respondents were asked to then make a choice about transplant or not; theéimgemetneir

choice a new set of new statements (represented to be from physicians) were shown to them

either for or against transplants. The respondents then repeated their choice, given that new
information purportedly from physicians. Joel and Mafidund that this process helped

respondents better understand the difficult decision and provide better insights regarding their
probable choices.

Concordance between Treatment Choice and Preference for Localized Prostate Cancer
(Ravishankar Jayadevappain®edha Chhatre, Joseph J. Gallo, Marsha Wittink, Knashawn H.
Morales, David I. Lee, Thomas J. Guzzo, Neha VapiwalaN¥g Wong, Diane K. Newman,

Keith van Arsdalen, S. Bruce Malkowicz, and Alan J. Welmgatment choice for localized

prostate cancer greference sensitive given that several medically viable and effective treatment
options are available, each with specific risks and benBfigishankar and eauthors reported

on theeffectiveness o PreProCare preference assessment instrufusinigadaptive conjoint
analysis)}o assess the association between value markers (utility levels) and treatment choice in
localized prostate cancer patienteeyobserved that preference assessment intervention helped
prostate cancer patients reveal their @refices, leading to better alignment with treatment
decision. When patients completed the PreProCare preference assessment questionnaire, they
received reatime recommendations regarding their most important concerns (attributes) to
discuss with their pfsicians. This facilitated enhanced discussions between patient and
physicians regarding the most appropriate treatment for their stage of prostate cancer. Patients
were randomly selected to receive the PreProCare instrument (n=371) or not (the congrol g
n=372). After 24 months, the PreProCare group showed greater satisfaction with care and
satisfaction with their decision than the control group. Also, amongikkpatients, a higher
proportion of the PreProCare instrument group were on activeitance rather than more
aggressive treatment options. For the PreProCare group, treatment choices were more consistent
with the estimated risk level of prostate cancer diagnosis.

Price Fixing: Can you construct an experimental design to make pricgensitive consumers

appear price seeking?(Jake Lee, Red AnalyticsJhe impact of experimental design on the
inferential results of a choice experiment is often overlookakke expressed thatgigns are the

most complicated and least sexy part of goeexnentWhen software makes it easy to generate

the experimental plan, researchers sometimes ignore deficiencies that can lead to poor outcomes.
Jake demonstratedhat can go wrong if you use a poor dedi@m., too many prohibitiong)nd

fail to pay dtention to design diagnostics that would suggest a problem. He also showed how
overly constrained designs can lead to problematic repetitions of pairs of attribute levels within



choice tasks (pricdominated brand pairs). The particular data set Jaafos illustration led

to a great many respondents with positive coefficients for price. He stressed that the number of
things to consider in choice experiments (e.g., level balance, level overlap, orthogonality, utility
balance, appropriate complexit/tbe attribute list, and how many times each level appears
within each respondent’s tasks) means that we
than just trust that a design algorithm has done an adequate job. Since manual inspection of
desigs to root out problems is tedious, Jake recommended automated procedures for detecting
them.

Should ShapleyAdjusted Regression Coefficients Be Used in Making Predictiong3ack
Horne,Jack Horne ConsultingShapley regression is a useful tool for understanding relative
importance of predictorsi-or example, a company might be interested to know what attributes
about a customer’s experience with the compan
With such information, not only would companies understand the importance of factors for
driving satisfaction, but they’ ' d be able to p
improvements in specific aspects of their business. Jack pointed out thatcdllméarity in

the independent variables, standard regression weights can be unrediabledisplaying

reversals (negative coefficients) when we know framwisecorrelations that improvements on

such variables are associated with positive outcom#eeidependent variable. Methods to deal

with the problems of collinearity among the independent variables include applying principal
components analysis, but Jack suggested an approachSiadiplty regressiorShapley values

are based on how much agaredictive variable adds to the dependent variable outcome when
involved in coalitions (all possible stgyoupings) of predictive variabledack stated that

although Shapley values give a better read on the true contribution of each variable to the
dependent variable outcome, thage not regression coefficients asttbuld not be used

prediction.He reported that is possiblego derivepredictive regressioaoefficients by

optimizing on the Shapley valuéand suggested a routine in R and in Pyttwodo so) But, he
demonstrated for a particular data set that the fit of the Shapley adjusted coefficients is less than
the traditional regression analysis and the coefficients were flatter. Jack recommended that if the
purpose of the model is predmti, using the standard regression coefficients should be

preferred. But, if the goal is to interpret individdevel coefficients, then the Shapley value
coefficients would be preferred.

An Integrative Model for Complex Conjoint Analysis (Yichun Miriam Liu, Ohio State

University, Jeff Brazell, University of Utah, and Greg Allenby, Ohio Staméversity): Miriam

and her ceauthors focused on how to improve conjoint analysis when dealing with large
numbers of attributes: situations in whichanplex produtcis made up of simpler, component
products. While many academics discount the widespread need for such models, they showed a
result from a Sawtooth Software survey of its customers in which 36% of conjoint analysis
studies were reported to have 10 or enattributes and 12% involved 15 or more attribues.
challenge in modeling demand for complex products lies in simultaneously studying features that
affect component preference and its resulting effect on marketplace demteydargued that

there ardaifferences in modeling preference for the whole product versus modeling choices that
buyers make regarding the components of an offering. progpose an integrative model for
studying complex products utilizing multiple conjoint exercises within desistgucture.A key

aspect of their model was including price as an attribute in the overall product choice as well as
an aspect of the choice of components within the product. Miriam and-hethoars noted that

they are not the first to suggest thatltiple conjoint studies could be bridged via common



attributes, but that their model accounts for differences in scale (response error) between the
overall and stizomponent conjoint analysis designs. Thiestrated their model using a
conjoint study ®demand for option packages when purchasing an automobile.
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6. USECOMPARISONS
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How popular is Joe Biden?
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ONE TiP TORULETHEM ALL

At al | ti mes remember you are not creat.
don’ t design the presentation to be exact
When you aresemtationg, aypu already know t
why vyou are including various el ement s, b
audi ence. Your preferences in terms of t a
not rel evamtt itoon tyhoeu pcrreesad ret. Wh at i's rel ev
audi ence, . e. , wh at i's effective.

SUMMARY

| f you don’t effectively communicate you
brilliant, i s |I'ikely to be waosure daudVioan me
create something that iI's going to be wunde

These ten tips are going to help you be
on what wor ks for your audi ence, i n ter ms
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IMPROVING ACCESSIBILITY FORNLINESURVEYS
LOOKING INTO INCREASING THEONLINESURVEYEXPERIENCE FOR
INDIVIDUALS WITHVISION IMPAIRMENTS

NATHAN WIGGIN
COMENGAGE

INTRODUCTION
People withedbeahilVVi i bbeaan20ishavsitsudy e.

conducted by t he ajSprCexismat eBluyyr eZa7u% ( or 85.
Ameri cans have some type of sdevsearbe |ditsya b(ill
This includes:

1T 12.3 milli baspeepleedwlhidi culty seeing, 1incl

full blindness,

T 27.1 million people with a serious hearing

deaf, and

T 48. 2 mil liitom @efopn et iwonal (physical) i mit:

Wor |l dwi de, it i s estimated t hat upwards
di sabilities.

Considering accessibility research organ
to participathe Somenlkexaept esearc

f Low vision, color blindness, or ful/ bl ind

or screen reader,

T Limited dexterity can make it di fficult to

T People with hearing i mparimést ®ormappheedst

content .

This is a | arge group of peopl e who ofte
desi gn. Unl ess a researcher i s specifical
we often put i n mi nismadli,l iitfy arfy,t hteh ooung hitn e
for peopl e with disabilities.

Not only does this invoke frustration, b
I mportant part of the popul ati on, as, I i kK
t han dedilf fwicul ta, or i mpossi bl e, survey.

Mor eover, not taking accessibility into
2018, Uhet eds 858t e adeddteaar mihned t hat website
accessible to peopl e wibtohdli deids avh idluiatlises as

Addi tionall vy, i ncluding people with disa
opportunities to |l earn from consumers who
di sabi esegrcbers and platforms want to ig
popul ation and miss out on this hidden ma

11


https://www.ada.gov/astria_sa.html
https://www.ada.gov/astria_sa.html
https://www.ada.gov/astria_sa.html

e stwudy for a s
o

er al survey it

ture direction of acce
when designing

The primary ob
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Apoini o20d2heat Gawr Ve
t take the reader al o
e reader either wat ch

PACKING FOR THEJOURNEY

Some t ool s are needdidf ftioc uflutlileys wuonfd etrasktiann
not designed with accessibility. We recom

T JAWS Reader by FfeeedeomeBsientibkiavail abl e)
1T ChromeLams extension for Google Chrome (fre
1T Headphones

JAWS i s a simple downl oad an-chi nosteal | . T
i ntervaltshdedomput er needs to be reset. F
should be plenty of ti me.

ChromelLens i s an extension for Googl e Ch
[ I bring up t e devel oper tools.t&€lick
bring up the extension.

ChromelLens provides a variety of opti ons

as tools to run accessibility testing and
reader s. We recommend enabliegrtbaesl|l pasta
bl i ndness setting.
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TAKE 1: NO ACCESSIBILITY, ONSIDERATIONS

The first i veyawhnende®a wthe adts u B3 aogfdt twhaor ues’ es
Studi 9. Addi tionalll vy, nNo considerations Wi
true “out of t he box” experience. Al sur
3 mi nut ese.t of hceoympcloents i st of very few quest
demonstrations of accessibility access an

We recommend t hat readers attempt to con
uthhr ough shouttdrmaigsh guwmi ak trypmreeabhndtanner
yboar d. Tthrer sweglo ndh o wind be done using t|
romelLens to miminespartial (or f ul [

— W0

e
h )
To attempt iteration 1 <c¢click t heFEifrodtl owi
u I
n

0Ox -

Attempt, No .COmgied ¢ het isaamsy ey i s
to @bLens, pick your visual i mpair me



https://confpresentationnoconsiderations.sawtoothsoftware.com/cgi-bin/ciwweb.pl?hid_studyname=NoConsiderations&hid_pagenum=0&hid_link=1&hid_javascript=1&hid_screenwidth=2560
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With no considerations taken toward acce
compl et e. Respondents are unable to know
navigate as thernterearserree ni meiadatrorn o fusre .

|l mmedi ately wupon client testing, this su
had to address/ filxtstelre cionnsguwua@acaoar awe awo ulmg o
sampl e was individuals with a visual i mp a

TAKE 2: SEPARATE BUEQUAL

Reali zing that the initial study design
resolve the issues. The second design use
programmed. The first was desidginnegd gtroi dbse &
standard question types. The second was s
reader s. This is what Mi's known as “ Separ a

There are two definitions for Separ ate b
pracdefciani ti on i s creating separate items
The | egal definition is “The doctrine set
sanctioned the segregation of i ndi vidual s
waisnvali dated as unWebstetutdi onhabhatWMgrri

A good exampl e of separate but equal i s
were segregated such as drinking fountain
was to prouvadetyhexpestegce for al/l user s
which this was accomplished is generally
resulting from its use

Open the following |link in $daocommek Atot ermhpg

Separ ate but Equal

Launch the screen readeroughdheChhmuogmelye pg ,i
enabling a vision i mpair mantq.uelhada ofni rasstk i tn
are using a screen reader. This i1 s an obyv
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O ST DQ T

s 8 —

o -

e

>
«Q

o ® > —+ —

® oo -
~E-xpsgo

:T(ﬂl—l-f—rr—i-
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The grid below is a bit unique because it has ‘hidden’ letters that will pop up. We use this when displaying a tetter grade
scale and don't want to clutter the screen
Once you select the letter grade It will expand, and you may then add & plus or minus for each grade

I'd
Not prefer
F C A applicable/Don’t ot to
(Fasng) D C- [(Average) C+ B  (Excellent) know say
Qverall Grade .
Back Next
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This is the same overall grade question you have experienced before. [n this “accesshie® version the question 15 nol a
grid, but ts naw a single select quastion that 15 missing some funchonakty

Additionally, this is a complelely seperale quastion/varisble meanng any changes made must be done in two places

F

D mnus

D plus
C mnus
C

C plus
B minus
B

B plus
Aminus
A

A pius
Not applicableDon't know

I'd prafer not to say

- T 3535 O

tion to usability concerns, t he p
t i esd tBaa cche ,q uoensctei of no
cond time for the a
ul ti pl e places resu

dditionall vy, tthaef islpel.i tVaap mrbd &
nd mer ged, again resulting in an

CSVE_I) (SR _r1 C5M_tl CSVI_12 CIWE_r) CHN6_s8 COVIowhiian CSVELawiias COMBALIWAIDS CIVIBLIwses CIVMCLrwise

Wiits Questionnais

Ex0rEvo=0 R E T T

Queman Narve ammon Type u
Tt Asrmtorrare Accmw ad F et <
BUND Selact 5
rav Ten L
' '
TC1EA Select
' '
1642 Select 2 1
'
TCIEA ot X
u
'
M d .
N, Grd .
CSNE G
u
CSM1LowVisan Select
Select
CSNEALw ieon Select
- :Y"‘J&._A-'-"\" Select
CONECLow Vion Skt
COMPLETE Temwate
1 Select
Selact
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TAKE 3: THIRD TIME ISTHECHARM (SORTOF)

The study for whichwa hars Gnug cvieryg wsaatsu dlye sd
ti ple waves of dvest aa bcooul tI e6c tti oo n9. nkEcancthh sw
t i me2waofrtkeirnglTackne i mpr ovi ng t he survey €
i ght forwar d, credtoe aldi melsep,0o ndeaklse

Thanks to the dil Bgen®#ap@gdotrtwe ofma sagve @ o
toget her a fairly solid survey.

u l
he
tr

U'J""3

a

Open the f oChroonmen gt ol iantkt e nmp t the third,

For this iteration we r e oanenwend soat tfiund
bl i ndnedgsogantdhe esd yreen reader for the fir:
cl eaner. It i's & shonglpopratesdaslbroéyt hbkba
the expanding grid, whil e still bei ng acc

Whil e testing, we made an i mportant di sc
to bottom. They do not go babkwhet@it) oi seah
changed. Therefor e, we needed to modify t
first two i terations, when a | etter gr ade
(indicating a “minus?” gr adegdea)n.d T hies rwash
redesigned so all expansion happemnterce on t
screen reader was able to pick up the exp
t he mat hemati cal sy mb)o.l sHowbregeprs usn¢g +we ahd
t hat the screen reader doesn’t have cont e
be confusing to respondent s. Therefor e, w

If you were giving your public transit agency an overall report card, where A means excellent, C means average, and F
means falling, what overall grade would you give them?

Once you select the letter grade, it will expand and you may then add a plus or minus for each grade.
F c A
(Failing) D (Average) CMinus C Plus B (Excellent)
Overall Grade e
Back Next

We al so realized that t he nortat ekéehtawvoi 0
top of the screen Somet hing needed to be
not pick up on the error messages unl ess
screen reader overn Ba&tv etr lad pttags .ts Toteeiri dnigrc ausnual
advance, not knowing why, and closing the

Our solution was a simple change ;w® t he

added a command t hat changed thhpoprupr me
stati ngThd&hesenreeoem .readers picked up and r
respondents were able to find the missed
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https://confpresentationbestshot.sawtoothsoftware.com/login.html

An error has occurred on this page. Please fix this error and try again

A response Is required

This Is the same overall grade question you have experienced before. In this "accessible” version the question Is not a
grid, but is now a single select question that is missing some functionality.

confpresentationbestshot.sawtoothsoftware.com says

Please provide an answer for: Values its passengers

blic transit agency?

To what extent do you ggree

at Strongly
Agree Agree

Disagree  Disagree Disagree sagree Agree

Values its passengers

Offers good value for the
level and quality of service
provided

CONTINUING REFINEMENTS

The third iteration was used I B8oDtwaber
has worked diligently to improve the grou
Lighthouse 9.11.0 in April 2021 native ac

COVEIID® sh@aontinued to have an i mpact on t
i ncorporated all of the i mprovementbhefrom
nex-t wave is currently schedulfedarmer Octo
ground up uss$ingnt hehil la¢ ewe are excited to
i mprovement s, there are addi wilolnalbe c¢ o mah tn
in 12 | anguages and we hSovfet shagpegeo rwo rtkoi ncg e
single survey Wwietshtdhme 3Seast noft wadiyalmccess
mul ti ple | anguages.r uWe owe rteh ea bl laen gtuoa gdeo pao r
and we | ook forward to the chall enges of
CONCLUSIONS AND TAKEAWAYS

Our teaar had & | ot whil e working on this
conclude by reiterating the most i mportan

1. Consider the abil:i tAse sa asnpde cnieeesd,s we toa khee rsi

vast majorityemdugls T@anuseeawebmputer. We ¢
i mpairment, be it vision bdavdexAerieé¢gygear op
is something that we need to get into the
and considercnktew evapyedi ffer for individual

2. Try thi:s lynoutrhseelpfr esent ati on, I wal ked thro

and whil e | provided the |inks, a conferen

oneselémainda a$ ariveelye tBiurhe . nowhe t ool s are ea

18



go through the | inks ,6gmdvtiake a nfdew rmyi nunti ess
program a survey to test it for accessibil
3. Get amt elxhppes i s probably not needed for eve
situation where accessibild]i

ty is of high i
accessibility expert. They ar

e invaluabl e.
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CRITICALUSERJOURNEYMAD LIBS
A NEWTECHNIQUE FORCONCEPTDEVELOPMENT
JON GASS

PI NTEREST
AIDEENSTRONGE

GOOGLE
ABSTRACT
CUJ Mad Libs is a technique used to bett
Product Devel opment i's to gat  m&mofwe eedylh yc k
have insufficient i nformation to fairly r
i nnovative —+tdheiass pbaepienrg pcruotposes an al ter na
INTRODUCTION
CUJ (Critical User Journey) Madt @i bs i s
better under stand nuances around user redg
at Google in 2020 by the first aut hor , an
whi ch features are more | ikely ¢eémwmactriaonmsi t
designs before there i s opWwhorlteunihtey tteoc hgna
be used as a standal one process, t he tech
combined with other user experience (UX)
1.1t helps resebarobBersscepaei os more accur at
conceptf asdiuldiitessti ng the devel opment of i nnc
defined probl ems.
2.1t dr afwsncriossal partners into the process
(CUJswhich can someti mes f eel l i ke a solita
only by user experience professional s.

How MAD LIBSWORKS

l ndi vi dual sb acsoendp |teetnep |taetxets f or probl ems
cruci aBy CiUtlesr. atgi tenleys er epfriobilmrem st at ement s,
faster ali gnment with stakehol ders on whi
used during planning phases but can al so
wi reframe evaluati ons.

CUJ Madahbi bsai |l d out CUJs with the input
are created. Whil e concept studies using
concept s, new opportunities may be missed
time hasrkeéemi sgenthe problem statements b
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Figuideél ListloatteinRigt daa ICO mmaeBe quenc e
User RelesebBnchues

of

Diary studies

What If these scenarios are not

portrayed accurately?
Surveys
Usabllity
ovaluation
@ > @ i L -
Identify pain points Prioritize scenarios Validate solutions
What problems do users Which features shoutd we Can tha Usar oasily
encounter? prioritae? complete ther tasks with

the solution?

FiguldélZsWhatenghe

C WPd o M@cslcsuLri sb s

Diary studies
Usabdlity
Mentity pain points fterate on scenarios Prioritize scenarios Validste solutions
What problems do users What sre the scenarios Which features should we Can the Lser easily
ancounter? associated with these buiki? complets their tasks with
problems? e soltion?
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INSPIRATION FOR THRIETHOD

The devel opment of the method came about
devel op a roadmapni paatcomphexthpateam ne
under standing of the problems and to prio
but concept testing was not feasi bl e beca
occurred in the caomd eexuemmfi ft hva rc a walsdk st her
approach Net , the team needed anot her wa
wi t desaitgns.

Of al | the unexpected pl aces, i nspiratio
Mad Li bsa Caantpalsactde wor d game where pl ayers
using words from a set of pl aying cards.

I n the exd&mpure bfliolwtdiee peret ence woul d r
Wel come aboard the most (fl i mswppipa g)alt’™e s
Pl ayers read their sentences aloud and th
from the other pl ayers wins the round.

FiguMad3Li bs Card Game

METHOD
Overview

At a-l evegh, there are four phases i1 nvol ve
whi ch can optionally be foll owed by a Max
cust omer pain points from other sources s
anetcalo i nsights from internal t eams. Seco
t hemes of explorati oamoagpdsusnctagogmeade men ta kie
on the problem statements to focus on. Th



templ @s hBiwnu riemA& bf)jtrhael Idescri pti on of t hese
Il terated on with the i nput of User s. I n
phas&saggd 4.
Figudél a4sWhatenghe CUWdJo d@cslcsuLrisb s
Overview of Study preparation
‘ (]
® : *
o \
1. 2, 3. 4.
Gather pain points Categorize pain points Craft pain points into lterate on scenarios
through foundational from user feedback and templates with participants
study methods identify pain points you
want to iterate on
WHAT TOEXPECT

T Ti me Commi@0nemitns 3@er User
T ParticHarndtseir s8

T Planning Required: Researchers must have
This might be obtainable from surveys or
these,5 aweé®hs 1t o buil d out the scenarios

T Required material s:

o Empty dnd !l grde scenarios in a deck to prese
o Addi ti onal document to take notes.

O Survey responses from parmemopaaessonarpahes

they want to construct CUJs for.

Research Stage: Primary wuse: Foundati onal

Where does this fall in the product cycl e?

v.2/ v. X releases

25



How 1o ConbucT ACUJ MAD LIBSSTUDY

1. Gat her existing customer .pain points from
2. Categorize pain points into themes you’d |
3. Complete a template fFogue®thlkepf ybhemayt bem
the customer task na , Oor a pain point. O
concrete idea of the outcome or solution i
inviting Users to fi ionr eo ri mpeowotradn ttlhye pnric
reasoning behinfdiguhei Baahsweri sat(oedactory t
4. I ntervi eUWserts Itemshel8p you compl ete your ter
5. lterate on problem statements between each
precdseaanly understandable. Occasionally
problem you are asking about. I f this happ
name and decide i f i1it’s worth asking other
6. Review the compmentesd wirtohb |lyeoru rs ttagaem, and de
i ssues you'd |ike to prioritize using a te
7. Present the prioritiAedypistloexiasmples swiol

o What
o Barriersnto

resonated with
adoptio

0O Next steps or
8. Once you hayv agreement on
val i date tha Uster"re

EXAMPLES OFPARTICIPANTMATERIAS

Figurlentbraoduct i on

User s

openpugluleisntg oandsd i tF oorn aelx aimpslte

the subset of i

rseogluu trieomesn t nse e t

Teax htnhguMad Li bs

Goals of the activity

In the following session please fill in the bla

structure will be very similar to the game "Mad Libs Cards”

Other participants will vote on the scenarios at these
‘H;,f.'n"" 2 { 'Al‘:'.'o-, SO please | elp us '.‘,';"'5 VOUr best ideas!
For each scenario you will help me enter

I'he name of the scenarlo

How mportant It is solve the II""‘f.I(‘IH

Any suggestions you might have to solve the problem

E
o
e The outcome you'd like to see
o
- eing adopted

Challenges to any solution b

On the next page we'll review an example

inks to inform which scenarios are problem

interviews, and we v

atic for vou. The

vill prioritize the most important
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Figurex &mpl e

ofTemMadakbLebs

Example template that customers complete

[Name of customer problem]
[Customer task name| can be challenging because
[reason/problem)

The cutcome I'd like 10 see s [what success looks likel

This might work by the following steps: [ideas for solutions)

The biggest barrier to my solution being adopted at my

company would be [anticipated hurdies]

How important is it solve the problem? 0/S
Figure 5b is an example of —ther eempkatex
fields that a partici pantp amutsitd liclloymppd redh & o
i nsights to gather include:
1. A name for. the probl em
2. Why the task is tough
3. The ideal outcome they are trying to achie
opportunities that a participant might ove
4. Their ideas for a solution. Note this isn’
up an opportunity for the Researcher to pr
l ed to their solution.
5. The barriers to the s-stlhiitd omi dpleti ndgr awd opu te di
wor karounds to the problem from coll eagues
6. An i mportance rathnhng pPpoovidbdesprolwhgmto spo
segments of Users so that when you do send
mi ndf mldionfg 9 out to a representative audi
Ti ps for conducting the interview with t
1. All ow the customer to t.ry some warm up CUJ
2. Al l ow the customer to refer back ittot @chy pr
via screener surveys or diaries.
3. Al l ow each customer tosoetfhate e @ambu gdat
templates with your team members between p
4. 1 f a customer i1 dentifies a different pain

27



5. Ensure that partici
problem statement t
t weaks earl y.

6. Use the template to draw outempkratensngatp

pants understand the Sc
o stand on its own in t

point that is new to tHenUgeu,thigkeat gque
encounter edTet he mer Rédoalnl iintg this will oftel
more information.

7.1l nvol ve your XFN pat¢ftidnegr st:h e dteennpilfaytien gwiatnhd
aligns you, but it gives you a second set

to beidadanesdlwi th ot her s.

RESULTSEXAMPLES

Due to reasons of confidentiality, resul
Figures 6 and 7 illustrate two examples of

Figure 6 illustratesmhglvt al cokipil et dp & e a
CUJ Mad Lib for challenges with parenting
have chosen is deciding on what to make f

Figudél asHowCampl et ed CUTe mpd Mt gebabosk

Example: Deciding what's for dinner

Deciding on what to make for dinner can be challenging

because my kids are so fussy about what they eat

The outcome I'd like to see is not having to cook different ‘
food for 1hem atthe Ias( minute and everyone eating at the ~

same time \

This might work by the following steps
1 My kads could vote on their favorite mesls at the start
of the week.
2 They come shopping with us

.
The biggest hurdle to my solutiens being adopted would be ) . ' ’
Getting the kids off Roblox

How impartant is it to solve the problem? §/5

| A @gr e 7, an example output i s shown for
parenting chall enges acr olsasnda ssiadmp lies otfh e
favorabl e problemhtbodsscslide asdtboae tkeasktebD
sol ve

28



FigiEgampe ®ul t s foWurakBAywmexdidd CUJ Mad Li bs

*Example Output for a MaxDiff Survey

Tier 4 Ther 3 Tier 2 Tier 1

Preference by Task (overall average)

Limiting screen time [
Example e
Example Lol
Enforcing chores o]
Example gl
Example -
Deciding dinner e
Example <l
Example TR
Completing homework
Example
Example
Late for school
Example
Example [
Choosing clothing ey

Feature

*Fake date for illustrative purposes Relative Preference

DiSCcUSSION OFRESULTS

From | oilgiumg &t (t he c o Ripguertee d7 t(etnhpe aMaex)D
h three observations become apparen
coax participants to fil/ i n miss
i ng.F aumr ee 6a mel d ,e airdil et haassts otch eart ee di
theyharehpropesi pgayi ng,t hbe game
team doesn’t have to take the sol
oes provide insighwtfaoeéo anot her

n
n

TcTOwnwa—TaQ
c-Socc -
~0—0 0o
Qacwn—~+oT
f-l'o—'—'r-l'\_/
~00O0-*"

t
t
u
[

o

The second takeaway from the templ at e
empty o ar ti [
Il T ustr
r
e

,_,,_
w9 =

r
at
k

O T
o —

r
homewo h
provi d h
The third takeaway i s that t he Fi gbpoetanc
i el Researbberi wet &t aons to
I Max Di f f ranking. A part
| y rated as uni mportant
e qa&uYgue rtement i's now bett

)
o —
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CONCLUSION

Il n summari zing the i nformation presented
adding CUJ Mad Libs to your processes:
l.1lncreases confidehteempoweus ®hbenasneobsto g
scenarios rather than slip into the mindse
wireframes. The advantage of this is that
about how scenarios differ from one partic
2. Easy toSexeeutbéde technique does not requir
earlier in the process or appended as a se
feedback on existing probl em st aitregnetntes t h
door on new problem statements that partic
3.1t makes sewhlesaeaqhe stWees ywasipair CUJ Mad Li
MaxDi ff survey, you can recruit better par
cust ovheor €« hought the problem was 1 mportant
was not i mportant to solve because they al
Finall vy, in this talk we presented one v
varianusdt hbhet gdapsbheredexampl e: -phraevfel Ipl artthie
templ at ewsorwietrlbs cpa i or to the interview or
unmoderated version of the technique.
ACKNOWLEDGEMENTS
We give speci al thanke®serses owhio Googlé bXERMN

Jolyn Yao (Product Manager) and Lauren Be

Jon GassAideen Stronge
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UPGRADEYOUR BRAND TRACKER
USING THEPOWER OFCONJOINT ANALYSIS

ALEXANDRACHIRILOV
JAMES PITCHER
GFK

ABSTRACT

Mo st val i dation studies that compare con
nly focus on onWe sgongolnee psotienpt fiunr tthiente .a n c
reference shares wit NWetredsdtle mdrn Kett yslodr as
ragnrdi ce conj oi nt to capturttemomnt héiyd fi mcl
alaestolssee product categories (washing ma
ountGeemanyoanrnd WRKB) mont hWe nfdia vehiatthoehr d at a
oi nt anal ysi s maanc cu Ppa tedlli yattearsth opt ef er
uati onsduien tnoa rekxetersnhadr emar k et factor s
Y., having a | arge infl wHeonweer onwe hang
stcamnjoit hast pac ermeatemadewi it dn al stated L
amee not only c¢cl oser to mar ket share
owerr rrad md eahntdeomg t r ends i nrOpur c hase
g s csoungjgoeisntt tahnaatl ysi s offers consider
khaersd t nteashermeennthaand the deci si ons
nvesting in their Dbrands

t
e
n
&S
I
[
o

SO CTVT QMW OO WMWOTDTO
ST T TS OmC —Oo
POTS®O®3 S C S
5T Qo0 < 0™

r
e
n
a
[

MOTIVATION

Conjanaliyssitsypi cawl prosedtf odeveé opment , [
communi cati ons, and mar ket segment ati ons.
onef fhood pi ece of research at a single poi
proposing a new use measeuferBrcamdgaokdgui t ys
tracking study that i s conducted on a cont

Therael riegadly evi dencdg Ormtet(ldd 919i)t, e tAd H lLerneb y
005)et HRID.HTY ) ) , t h acta nccdbngjsceil nwi adh agarroedsdi a | S
wever, mo s t val i dati on studiles oogmrley ft®c
monstrate t hat conj oint analysis i s a s
acki ngnesé¢etdu deysa nwiad ticdoantj eo i rnetn cpersenfaeg la e h s t
gore a r eg@uwlearTtob aneirs knowl edge, t his has
erefore, we condwaentpad eowcrongwnmndgt padyfteo e
rket(soharmr es: Gfokn RO Snofha rl tya nbda stirsa cikni nag
swevmeaif n gqguesti ons:

1. At any point in time, Btoow rcd als emarrlkeetc onh ari e

2. How stable are conjoint preferences over t

3. How wel | can conj oi ntte rpm ecfhearnegsetsa si ens anpatr ekireet
ti me?

®»¥3 40 raTxT~
S50 33335 DON
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4. How wel | can
5. How do conj oi
above?

RESEARCHDESIGN

We fi el
Ger many
mac hi
200

Respondent s

and the
nes. The s
respondenuess.

co

o

m
t h

C
n

ddd hsiB acse€®@ CCounrj wa
h

preferences
rences

CDI—I-

on
t compar e

) Wi
UK i n t di
tudy has n r
purixcaeddb gpeirse nw

mpl eted a si mpl
O i magine they
tThVe matt @ giomy g i

t h
st
unn
aleo
e
wer e

e

cBC

t o

t o

tals&ktedt h

capture

tra

buy
ey

t
e
T W.e t Wee-2tihersh 2edds
n fromomarketh
e dv eawwis B-lnBT B C

t asks

and (D egmweecer ptdi
dbvyeaeamage spmigc e€) n

e of whi c

dtegpsik)d i
thetsied n

(on
ng on the

@ only avalable options, which of the following products would you buy?

LOEWE.

SHARP

PHILIPS

Hisense

SONY UnNnsar

Sany Linsar

£479 £359

None of these products

Paper Tissues study

Our resul ts
used t he same
consisting of
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ANALYSIS

Utility Estimation

A separvetrd hpaurtti | 1 ty warsanned.t i liraitceed Waos es
single attributaevoagdrsiudtiilng icefs fainde wmar tc o
pri cdas hhagher ut il ity. Utilities were est.
Mo d el R. This was so armalcysil gl dredtemrodcduwdto
pr ef esrheanrcees acr oss ,omud n,@ampidesvawae £Egori es

Scaling of Shares

Conjoint shar esadfcup rag fealr evin ¢ dh owdr @€ he “ nc
they summed to 100 %. St awed eprefsenmnérmrde t @an
100% across all brands tested in the conj

Share Adjustments by Distribution and Awareness

As wel | as comparing the raw conjoint an
al so adjusted them byf dderjraoibrutt,i omne p armalt a l
Shares were adjusted by distribution by m
preferences by the total wei ghted distrib
and then rescaling.tRensgbanéeésprefesumntesl
adjusted by awareness in the same way. N o
i nherently adjusted by awareness as the t
can only prefer a brand that t hey are awa
RESULTS

Cross-Sectional Validation

Il n ou-sectossal cvoanipiadraea,mp np avien t t met i me,
shares of each brcoomdnmnwedelhbsit at at eadmoegnrted er e
t reee@dr | d marokett hsolseer edosr ands.

Fi gussrheowls a complaansAbs ol MA& edrrr ctoarjisthi n t
pr ef er e stcaepecdd ed e ma e ssleavij @  balalnds @&i t bl hsall
across alTlhhel MAK&SYV & D.r conjoi htowprsehdhaeinces
pr ef eex efna@r t hef ON& schea Inlgs Maarcd i .thne sL ai pnt oGyesr naanndy
TVen Gentmamyy, i s liint ttlhee dMAHse roefn.ctehe t wo a|
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FigaMean Absolute Errors for Conjoint P
Stated Preferences with Mar ket Sha

> 41 4 P
.'_|: r
WM DE W GB LT GB v DE v GB

LT DE

B Conjoint Preference B Stated Preference

Fi gBlsheows od glhgtprienfter enc e mahralgestsfeadsmng aalinis t
brands within al/l o heelel gs,4 ramcnngearse laaltli oln6s
bet ween t hevieiwghr welt &t Howe wer S8@.nfj loamnt
pr ef erencesuncdeesgtsi matatt e hgprtlogpts.share of

FigaCerrel ati €Gonpet weeRreferences and Mar

Conjoint Preference vs Market Share

HP Laptops ®

Market Share

Conjoint Preference
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Fi gBsheotwlse 3 lalontet f opr e 6§ eae BndaarsisedarWist.h a

correl ati oonv doifa r7e8I%a < itshtrersdn @, but sl ightly
preferemaelsdeakirelsso olasgreval hf ehamessme
br amdcen pr ef et atpreelf er ence unrdaerrksdari enadfes
HPRapt ®8pts . we alssatedeptbherence overesti mat
and premium br ands, such as Appl e, Samsun
Fig@Cerrel ati 8haBediveraences and Mar ket St
Stated Preference vs Market Share
HP Laptops
:  top.g il NI
- t ot H 3L i
\;' 2 ® .8 Samsung TVs
* Miele Washing
Machines DE
Apple Laptops
Stated Preference
Figure 4 demonstrates hnow assttalsye donvpetre f & h e
mar ket share (12. 9 %) of |l arge brands such
many different product categori es. |l n con
more realistic estimates of the share of
S mil arl vy, Figure 5 demonstrates how st a
overestimate the market share (12. 3%) of
machi nes) t hat have a high price tag comp
shows kdeéte anmaer age prices of each brand of
conj oint preferences (11. 6 %) provide mor e
premi um brands
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Conj oRmeaf ePrrerf cea eanrce , Mt lkad t

FigdCemparison of
Germany (*September 201

of Appperops in
Apple Laptop DE*

J o . - P
1.2 %% P
: I
h Conjoint Stat

Preference

Share

21.0%
!

FigiCempari son of Conj oRmédaf errerf ea earccef, Mé&rt lkad te
Mi el e Washing Machines in Germany (*Sept

Miele Washing Machines DE*

22.1
159
Q PPy
— 12.39 11 6%
N
10%
Y76
ne I
0
Market Sha Conjoint
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FigegCempar i Bomwlestf eBr afmods of Wds miersg i Ma Ger man
Current Prices Tested in Conjoint

899

Fi gur e t7h es hvbavles nfj cori nt i psr e feedruecrecdelswh en adj u

di str,i bmastonnot ably fwhi dhh pha st h em HGeg hmaant
when stated apgr aifsdreedn ddyshdarsanpabuti onl ower i
reduced. I n fact, t he error i ncreases for
Fi g8ssrheows t he MAE f or ncoan jiomphkto vierdlg fuesnt erdc
awar eness. Further mor e, Fi gure 9 shows th
brands in Ger many, whil e adjusting conj oi
MAE (from 2.5% to 2. 1%), adj uste age < otnh e i
MAE (3. 2%) .
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Fi g@iSe udy Brod nadf®@ p dir s siure sGer many
Mean Absolute Errors for Co&mjagiest Prefer e
Adj ustRdstbryi b uAwiao e n&a s

Mean Absolute Error

Longitudinal Validation

Il n loawnrgi vadi dad |1 o@mptaree s har es of each br
from our conjoint mao che It eflr@sstdaold It @ad telle ypr & e
ti me and how their sta-lwolbrl dymaokhpar ebawestst

To essss abi ciat pahfSateabi | Ttthyatl nrdeepgxr esent s t he
the relative mont hly chlan%.ieguili @ b asgslkowdh a
compari son of t hef eco @ jr @rigeeft eS; teasbtpreledif £y elnic @ & x

anmdar lsedraecy 0 s cehd6s walwesStability I ndex i
mar ket shares in al/l cells and is notably
cell s I n | aptops, and washing machi nes i
Stabilithgtlaneex priledrelkeicinttlee Ibait fwieeerne nnchee t wo
met hods i n the other three cell s
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Figabfever age St dhoirl iCtoynjlonchgx Pref erences
St ated Praenfilarre&kredaesShar es.

I | I I :ﬁ.

N=53 brands, brands wit.h monthly wvalues
Fi gure tlhe shwevisaged aa b svoad acthjgeon g esfi m o m e
mont h tar enonitrh mo st cell s, much | ower t har
to the | ow average relative changes we o0b
wi th tihtey Stk made x, suggest t hat conjoint pr
stated preferences, and mar ket shares ar e
Fi gafleverAmbgseo IRet aCharg®omnmnBbygj oi nt Preferenc
Stated Praeflar&eteShares
N=53 brands, brands wit.h mont hly wval ues
Ne xwef | ¢ e mptalree ext ent t 4 -ovomit chh cthhdeegmsEndirhe s
of each brand we obtai n fprroenf eoruern cceo nmaoti cnht
mont hly changeworolbds enmavrekde ti ns hraerael s .

40



We comput edhit hdroammmis dil ryt preferences and
i h respect to their abimatlketods hataenld st h
6 cel-mMmenbheri mbepd&aBi od. | f t he conj oi
a bont hd eiommceasagsi ven month compared t c
at represents a “ Hi te.s”, Itfheon & hiantc ri
s.” The hit rate iIis the percentage of

-
oQ

h

M

Figure 12 shows there is | ictotnljeiditf f er en
references andnsahtedeplefeBenhbemet hods
0% odt idomal changes i n mar ket shar e. Al t
33 %) , only 51% of brands have an average
urt her mor e, Fi gure 13 shows there is alm
nonjporienfter ences andndtmbeathpyetbaeagessin

FigaeMont HilRat es: Perlc eséa h@ge ctChangk
i €Gonj dPr et er enxt asPe d h @& rMantccehs
t hGhangaeMarik$tares.

. &1 i
10%
R W W UK TDE LT UK TV DE TV UK

B Conjoint Preference W 5tated Preference

N=53 br andsmo trlalnyd sv avli u.dhs above 0. 01%
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turrerimomcdhanges i n maMeedosharesbygveorrt
nadeniji ;i nt amrde fsearaeenecde spr ef er ences with t
h &rmadde 16. nmfort hesx ampl e, i f the trend
ference i ncreases over time along with
said to correlate. Similarl vy, the tre
el adecridaseotdver ti me. However, i f O n e
h

ey are said to not correl at e.

all ®hicel depr esenteebiabi4ibye d-inectrmelacreg |
mar ket share compar edbrwandn st at
rel ate wi tFh gtulree tlrde ,scho wisn tmart k e
ween amd jmd rnkaerte r seHoalhreebsh ¢ @ 1 8 b |
i t h
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FigadRer c e a Bragred Whfi ethTrtemaetonj &i et erences or
St atPedf er@maes atwi Trhe ntdlaarrkSaar e s .

- T WAIRA L1k . UK R . )

NA Dramdands with<la. 5kar ket bsmabaepde t he resul.ts wer €

DiscussION

Conjoint preferences reflect market shares better than stated preferences
We have observed that conjoibmtanpgr sef enae ke

share than sttataends prod¢ imer emada ¢ mMeewer di ff e
conj oint preferences and mar ket shar es, C
conj oint preferences -aeembretea pldr aantd 'csa pnhaurr k
shafewelobserve a@ahbfamsdowveco,hjiioieniisnplriek elr y
al so observe similar s IBit fatt & di mp rtelf &etr emrcaen d
reliabl e predictor of such changes.

One reasont whryefcemgmmaeaes are cl oser to th
conj oint exercise mimics how consumers <ch
stated metrics are a poor refl ection of t
on a screep apdpaskeng tb sel ect whi ch ©br
real ity of how t hat respondent would actu
wor | d. I n contrast, the conjoint-lekercise
scenari o.r eTahliissmdideeadds to better data on t
t heir everyday | i ves.

Stated prefer ence hngarrekabttl rye so voefr el satrignea tbher a
Appl e angdt hSaatmsaurneg successf ul i n CGoaxnpy iditf f e
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analpyrsoigsi har e r eal i st isdh ae £t iorha tt enehseef | biti Kgee | by
reason f ocgonjhaisnti sd dersattlaamusthabet t eref ®ben
anchoring consumer choi c&Eorwiexaimpl| ehe whan

reodndents evaluate Apple within the | apto
i nfluenced by Appl e beinfpeguaheatbt nkngghb
Appl e brand i nambrreotgeamwaladattiemgnsAppl e s pe
cont ext of BuwcegAppl apepbppoys very strong
categori es, such as mobi hal phtehflagsadésn d ot a th
preference for Aphpel ec @ngeahias dsvecerss ft éntt &ssd thya | o
pl acing respondentisk ei nsiteemcaerailobs ahdsbayene
specifically withiRemspbhaedeategeval aAtenApp
Appl e 1 Wegbkbaeerehbr e, obtain mUchbgeode adbdat
pl ay in multipl e ,causwsigrog ieesn| siurcth arsa IAp il s
preference

Stated @mpiglenéhygeoveresti maeey pPhe mmnmamke
brasdsh as Miel e (twadhihmy etmaghhic gdnp pr ed ewi
rest of .t hPeg eacngntoeigaotr yanal ysi s provides f ar
share eoXpaerhbheiadahs s I s because t hker amdhg oatnt
t heir associated dni aeds evelibcsht a dchdas rMa allies
expensive than any ot her brands i n the ma
account when they make their choice of br
show brands with any adentsaaed mporeebi kél
Mi el e because there is no additional cost
refl ects the fact t hat many of the respon
never pay t hat much foand wWahaehiehor maphione
preferences for premium dwroands mah &ktetarsd am
stated preferences

Conjoint preferences will never be the same as market shares
Al t hooghoi nt preferences coimlel chesver t ex a

mat c h. Ther ediwiflelr eanlcweasysihebcea s s ar maskid j ect
mar ket factors that are notfFocapkxampbdwrcth
pl acement i n store, space Dadksesmal eg nesmnhafhe

store promosuomadhs mada&mpl alyl sighlsuence t he
t he moment of pur chase.

Anot her I mpgdratantnfflacetihnare si prhayrséi ectatlpe b @ b1
e general l ywikidhe atrtreataviarid mdbd e tenjpbey bough
ghemHowalves ., conj oint assumes all produc
ual I

y .
Of cour se, it i sn’t just conj oint anal ys
ket facteansur &@&hey ang aufvey @ugsotiinan.

ar

ref earnedn cset at edn pered £triematee t Haep tnoagr skl e tk esl hya
O be because both fail to capture extern
X
P

CD:TE

a -

ampl e, hHRy hheasst tdhiest ri buti on i n the mar ke
| aptops are recommended by sales staff

IO ~0T 3



These external mar ket factors al so expl a

It conj oint p rteaf teer de npcreesf eorre nsc ensp,l ewist h mont
shar e For exampl e, a brand’s mar ket shar
of a-tehortadvertising campaign or price pr
sal es Theretinreasohnhabbepteohappect conj oi
be able to accurately predict mont hly f1 u
However, dm fdemjemicets pr ef ecraenn cper oavni dd emairnks
i anadt hemsEbrveesexamplte ,prieff eacdcemjcceei ppredi ct s a
brand than what we see in market, we can
mar ket factors that are pr eventdonngv etrhsee | byr,
i f conjoint pFrefivesbkace poedacbsanad tthhaen w
brand may be at ri sk of |l osing share in t

Conjoint preferences adjusted for distribution are  even closer to market shares.

As j ust di scussedt haxtareahotmac &pturfadt w
exercise i nfl vuaenndc et hnea rlkeevte |s hoafr edsi st r i but i
often a | arge indicator of its share in t
assume t hat adjafsdrn enigc @ h ef wronhroamds pby t he
physical di stribution would result i n sha
Hencei mahiyso mmo no fmed chjoudsd dnelmyt pr acti ti oner s

Il n our st usdegeh awe aidnpaise id mwgt iboon dbri ngs con

even cl| dogamadt loett Hewe v e s, we do not see t h
err ost afoedf er emlteen adj ustlend dPogmei casedbutt loe
I ncr s ss i brhaenacdasu swa sth dihset rhii lgihtei on ar e t h
for which the mar ket shares are already o
adjusting for di stri butobnsecghclabage elsr aih

Consumers sometimes buy beardofds t heydve never

Anot her common wayprteo edrelnicesanmeessnj) oi nt
However, t hi @nd paeenfteaoe n d® ea rnigtaor Jeesd A E ®

did notf drmpamiwies el H.htee vt jeeaxiscemtaclirseeady capt ur e
rol e of awabeaerdponideihde sr.e spomeode mtwar e of

brand, they can simply not choose that br
Conversely, respondents have the option
Thi smper tamgsumer £ someti mes buy product s f
| f a product | ooks acceptable and i s offe
from a brand theVhihavies nevgec ihalalryd tofue i
categowhese prices don’t represehenaesi gn
consumers are willing to riTégk sbupiusuhuydy br a

of 13 obr pragpwirn tdesrsnuaensy , we found t hat cal i
pref ebye moveas e ne s s vneardseu st hnmeaw bkAeEt en e hlatb eitsg e r
therwfongl wagstmadnsumers do not buy br anc
of as is the case with traditional brand
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Conjoint preferences have better stability than s tated preferences

Our resul tes asvheorwa gteh arteltaht i ve change i n s
tonont h i s over doubThei st hhaatc ko fo fmasrtkaehti |sihtayr
unreli abl e measure of t h e ¢ ucrornejmdt mar ket
prefer eamucehs mormre st abl e, and the monthly f
changes we see in real mar ket shar es, ma k
consumer preferences. Not e t hat this stab
j ust 200 respondents per mocnotnhj.o ilntt ipsr eefxepr
woul d be even closer to the stability of
IMPLICATIONS FORBRAND TRACKING
Marketers expect their brand metrics to be lin ked to sales .

An organisation’s brand is among its mos
key to gaining a good mar ket position, br
However, mar ket ers often strugglte vtia igest
becauseexhbeygt adet o provide hard numbers t
osubhaancdt i.viltn etshi s paper we have shown th
closely linked to sales than tdadit in@nval
superior way for mar ket ers to assess the
Conjoint preferences align with modern brand theory o n how we choose brands .

Conjoint preferences refl ect t he I-f act t h
known HowkBr ands PG3roofwe ssor Byron Sharp st a

Aféindividual brand memori es, |l i ke our
probabilistic. We each have a steady, o]
somet hi ng, and for mo st of 1o0uOr%.boel i ef s
Sharp Iis essentially saying that we don’
don’t have an absolute preference for one
pr opetnos iptryef er one brand over anot Her . Wh e
asks resporatianes with 100% probeabisithisw
propetnos iptryef er a brand which i s measured b
preferencteexnemrirewlBieaoh consumers prefer e a

Conjoint preference s provide richer data
A maj or benef it of conegepitad t whriecf he rceonncseusm

prefer easch hmtganadaomparedowj phetéepeadege ef
f amor e gr asublmmepdat@e eoanl vy provides inform
brand a respondeetsthptekekst uso which a re
t heir chaosemebrameél ati ve prlenf ecroenntcrea sfto,r cac
prefer aeancesalerde emEaseneeof hat i's compar abl
each indivi dhiasln hraemcreande rctpned epemdecederpoi n
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great swblreenrefritunni ng addi t,sarmdl rdieaf@ moysetKisc
Anal ysi s and segmengemgr ates ponmdteimeér i nsi gt

Conjoint analysis provides many more useful ways to diagnose a brand

Conjanaltysi s provides many wusef ul addi ti
traditional sFat edx amplheddhronwéc @ m8uUu mer s s wi |
bet wkiefnf er ent brands; how | i kletitg@gsi s a brar
competkH o/moadh ?Pcdimpet i ng brands i s a brand mc
We <can al broancda |lecliafsatimecciotnijeosi nt dat a, gai ni
extent to which br alnhdiss ciammnarchmpe mgtae b ipm g mti |
often overdliadkedl|by atarnagdr mewvasgr enafr ket shar

way to incr ekBwiel pirrod ihdradbnd igryemi um can ha\
om brpmndfstability.

CONCLUSION

Conj oint anal ysi s i sadcdoadb avsiiotsha aghayo dd er pel ao
I t i s ca mhpil ghlx|l ynedaihfofdioctualatpl v i n a brand tr a
cost igh | Hoeéverlf, cdseéeé omo sadvamces i
show it S possi iplre ait¢goocanutt oenxaetrec ias e€s i s
used cCo i nuous basis to track the p
usi n oI analysis in this way offer
appr t brand measur esnecins mardk éhteaerc:
wh en i i n their brands.

Al exandra Chamesl| Pvtcher
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RESPONDENTQUALITY. IDENTIFYINGBAD RESPONDENTS FROM
MAXDIFFRESPONSEHPATTERNS

JANE TANG

MONA Foss

RosANNA M AU
BOOTSTRNRLYTI CS

INTRODUCTION

Al t hough much work has already been done
respondents i n —fber Keiteyr aasneanrgalg eddatree s ponde
botguesti ons remain abowubawhi ¢cls meshoedlf e
wh at i's the besOuwawothk | mpkemeaotbutl d on
researcher s, t est t he wvari ous awoprrloda cdhaetsa .
For the purposes of t hi se rwehsoe grr ohv,i dee s* lra
response patterns. To identify these rand
Aut omated Test Respondent ( ATR) data wusi n
respondents in the real data wididel ss,i MAiTIRar
data has a | ower RLH (root l i kel i hood) fi
devising a cutoff point . Past resear chers
l ogi t) model s t hat I ncl uded ATeR ndag toar.i tTyh eo
ATR cases would be deemed to have suspect
falling into those c¢cl asses woul dAdbeu sftleadg g
Lat ent Class (SAL® trmodidel thaes anleela S g e dd iR
i n the class constrained to have scal e eq
By removing these respondent s, our goal

noi se and stronger signal

PASTRESEARCH

Hoogerbndgde Jong (2019) i ntroduced the
identi fy true respondents who provide poo
root |l i kel i hood ( RUIMHN)L smodred i anrgd LTatee mmtut @lo
RLH scoresl|lasd patobmatbi | i ties in a | ogisti
ver sus r eal respondent s. Al t hough their L
domi nated by the ATR data, t hey found the
i denti fyomheheemabando respondent s.

The authors al so spent some time det er mi
woul d be removed from the dat a. They sett
identi fy the cutoff, whi ch gmaiwatyairreead a b
respondent s” and “.kKeeping bad respondent s

Addi ti onal work from Offmer ¢ 20t1i9) e r @t o RMimid
based on an HB modAhyasdaom bcaosngpol ActitiRirrdaa ttah €
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survey would have ab®&lbéwl t kie$Hiet uatd asfofo f | & \a e |
suggested incordpeveaelti datat hseuchumseyi me t
strdiigphhtng, to flag ot her candi dates for d
Max Di f f data wi l | regul ar liyy pmoadcudaoda fHiIl ghul
di stinguish between random and conscient.
Finall vy, Chrzan (2020) used an artificia
“real” oMHe“ t &2 d @ th-RhbdHt ma ntdiVeNhleBB p €r oac hes, a
with a -adwustatel atent class (SALC) mo d e |
i n scal e, based on response erraor refl ect
di fferences in preference. They can be wus
ramdadhoosi ng Chrzan’s evalthet iran ef mduded
positives (the ability to identify random
(mi sidentifying redlo nespersddrmhse dhrrean domd
scenarrono sr,obfust to sparse dat a. He concl uc
bot hMNLC met hods

GAPS IN THERESEARCH

These earlier papers focusedabnrespomden
being i dentified as random ande®&AlMTR Hewewval
mi ni mi zing misidentification is not the wu
to move beyond misidentification and | ook
research results. | f t he gohael niosi steo iwnep rnoa
better serveldif byheemeal ngespondents who b
we end up misidentifying some real dat a.

METHODS

Our study investigated 3 met hods:

1. HBRLH witpkeredntile cutoff (foRslnHy ofnolrywar d,
2. Logistic regression to predict the probabi
probabilitiesRIKie)l@i ahdl abel this

3. Logistic regression to predict the probabi
class probabil iRtLYH+(Swd Cwi | | |l abel this

For both of the | ogistic regression mode
a. The 95t h per cemtrielda cctuetdo fpfr obbaasbeid iotny fr om t
|l abe®5%hc)s;t od If

b. The equal misidentification rule, used by
cutoff (we wHgquall aMied!l. O hciust aofhfe

We sed t hrvwoer Isck tcdwantadu cttce alhi s r esear c h:

u
T n=2,000 from Country A, which was generall
T n=4,000 from Country B, which potentiall

T n=1

, 800 ATR cases.

I
y
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Each real and ATR respondemtt darhml Atdead t a

MaxDi ff with 24 items, using the foll owin
Stage  # ofltems # of Tasks # of Options Task Discard
1 24 8 3 Winner/Loser Loser
2 16 4 4 Winner/Loser Loser
3 12 4 3 Winner/Loser Loser
4 8 4 2 Winner Non-winner
5 4 1 4 Rank

ANCHOR TASK (select all that apply from below, none is mutually exclusive)

Ranked 1st from Stage 5

Ranked 4th from Stage 5

Randomly select one of the non-winners in Stage 4
Randomly select one of the losers in Stage 3
Randomly select one of the losers in Stage 2
Randomly select one of the losers in Stage 1

None of the above

We chose to use the tournament Max Di f f b

datyfday research. However, it has -ian d oowgn sci
t o tnmoeurtn aMax Di f f dat a, e vceonmpt| meet redToRn. d aMea i
were interested to see if any of t hhe met h

i n this case.

Respondents al so compl et edofa tcloenmcriedati tt eemn
vari ety of measur es.

RESEARCHOBJECTIVES

The main objective of our research was t
(RLH onl vy, RLH+LC, RLH+SALC) and two cuto
Mi si denti ficati on) redmoshgefhechoveei nnt
measure this noise reduction, we | ook at
resul ts, as wel | as i mprovements in the d
removing respondent shddsagged by the vario
Secondl vy we sought to deter mine if it I
ATR dat a, or to combine it with the real
We al so examine how | arge of an ATR dat as:
bet ween 15% and 90% of t he real dat a.
Using the two country datasets described
come up with the following runs:

f Country A, n=2000 + 300 ATR (15%)
f Country A, n=2000 + 1800 ATR ( 90 %)
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1T Country B, n=2000 + 300 ATR (15%
T Country B, nN=4000 + 600 ATR (15%)
T Country B, nN=4000 + 1800 ATR (45%)
f Country B, n=2000 + 1800 ATR (90 %)
For each of( rtehaels ea ndda tAalsRevelsart aan camMmbH By erdg d €
|l at ent cl ass MNL model with 20dcPRassesabkbe a
cl asses, as weldf oas tlheeg iLsCt iacm dr eSgArLeCs smoadre | s
ver sus r eal data using RLH score and <cl as
not eadavht hat t he SALC model does naots rweequi r e
wanted to keep the datasets consistent i n
Addi t iwenadildy ,not attempt more than 2 sca
to the very |l ong run ti me r egHiB rfeodr. tWee UuhsE
runs aatnids tStc al l nnovati ons’ Latent Gol d So

We al so ran HB model s separately for eac
above. -dhley ATRns were ubhear contdielt @ r Rli H ec ut
real data runs.

HNDINGS

To compare any i mprovements in different
cal cul ated the standard deviation acr oss
for each sample and indexed thislhteo t he s
i ndexed value shows any i mprovement i n di
cl eaned dat a We use this index throughou
of the various met hods, where a | arger in

2000 Country A + 300 AFR5% Cutoff

Coneept 23 Concept 23

3neept 34 oncept 24 gncant 23 &oncept g4

Concept 9 Concept 9

iieh 2 EgREERI o
EEEEEEE% EEH%SEE £ EEEEBE! 25

— Total (n=2000) After Removat After Removal RLH+LC After Removak
RLH only (n=1467) (n=1760) RLH+SALC (n=1393)
St. Dev.Indexto Total: 1.28 1.07 1.29

Thesebyside t hehmmplhet er he MaxDi f f scor es
met hod using Country A davear thvaatahl t1Hhé6 AT KRat
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di fferentiation in the betas. Il n this <cas
i n very similar lanpirovemeantseemnm by ftflee elne |
t her mome,it eas cwmalrlt sas the index scores. RL |
RLH Only versus RLH+SALC

Looking more cl osely at t dneelsle g iwo dnett &h od
find that t he fneewde ra frteesrp adnadt ean tcsl eraenti anig , t h
i n MaxDi ff scor es, summari zed by the i nde
I mprovements in differentiation of Ma x Di f

RLH only RLH+SALC
95% cutoff 95% cutoff

n= %Retained Index % Retained Index
2000 Country A + 0 0
300 ATR 73% 1.28 70% 1.29
2000 Country A + 0 0
1800 ATR 68% 1.27 73% 1.21
2000 Country B + 0 0
300 ATR 47% 1.62 37% 1.44
4000 Country B + 0 0
600 ATR 46% 1.63 40% 1.51
4000 Country B + 0 0
1800 ATR 39% 1.69 35% 1.31
2000 Country B + 0 0
1800 ATR 33% 1.73 68% 0.88

I n Country A, where we expect to have fe
RLH+SALC remove about 30% of respondent s.
“bad?” respondent s, bo M%.meB ditold samre maolvlee atb
di fference i n data quality.

The one outlier i's Country B, n=2000 + 1
remotvvetsshi r ds of respondents and actually n
score < 1). Our best explanation i s that
(90% in this case), as wel | as very poor
respondaelnstos baerheavi ng badl y), makes it di f f
truly “bad” respondent s.
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RLH Only versus RLH+LC

Comparing RLH only to the RLH+LC method, the LC approach retains more respondents, but
achieves less differentiation. The result isrenooise and less signal. This method also retains
about the same number of respondents in both countries, failing to pick up the difference in data
guality between the two.

RLH only RLH+LC
95% cutoff 95% cutoff
. % Retained Index % Retained Index
2000 Country A + 73% 1.28 88% 1.07
300 ATR
2000 Country A+ g 1.27 94% 1.03
1800 ATR
2000 Country B + 47% 1.62 82% 1.25
300 ATR
4000 Country B + 46% 1.63 84% 1.19
600 ATR
4000 Country B + 39% 1.69 89% 1.13
1800 ATR
2000 Country B 4 33% 1.73 88% 1.08
1800 ATR
Amount of ATR Data
We al so notice that t he amount of ATR da
retained for the RLH only method in part.
findi ngs, where we sSsaeerttlheseamowmt 1&f% ATOR 4
t he proportion of ree s monn adbmmtus rheaetldia trosd dttah e
only a third of it . We suspect this is du
together for this dowrl|lthefREeldtofvetl lye br é an!
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Q- ~

RLH only 95%RLH+SALC (9" RLH+LC (95¢

cutoff cutoff) cutoff)
n= ATR % Retained % Retained % Retained
2000 Country A + 0 0 0 0
300 ATR 15% 73% 70% 88%
2000 Country A + 0 0 0 0
1800 ATR 90% 68% 73% 94%
2000 Country B + 0 ) 0 0
300 ATR 15% 47% 37% 82%
4000 Country B + 0 0 0 o
600 ATR 15% 46% 40% 84%
4000 Country B + 0 0 0 o
1800 ATR 45% 39% 35% 89%
2000 Country B + 0 0 0 o
1800 ATR 90% 33% 68% 88%
When we separate the ATR data from t he
he amount bbnAEBR datsa anmoti ceabl e effec
espondents retained. Addi tionall vy, sepa
i fferentiati on, summari zed by the i ndex
RLH Only RLH Only
(combined runs) (separateruns)
95% cutoff 95% cutoff
ATR % Retained Index % Retained Index
n=
2000 Country A 1504 73% 1.28 75% 1.26
+ 300 ATR
2000 Country A ggos 68% 1.27 75% 1.27
+ 1800 ATR
2000 Country B 1504 47% 1.62 44% 1.69
+ 300 ATR
4000 Country B 1504 46% 1.63 45% 1.66
+ 600 ATR
4000 Country B 4504 39% 1.69 43% 1.68
+ 1800 ATR
2000 Country B ggos 33% 1.73 42% 1.70

+ 1800 ATR
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A mo rdee pitrh | ook at combined versus separ:
to this paper.

RLH+SALC Threshold

We al so compared t hresh®3tdls @ eorrc @rtei 1SeA LcC
redicted probabidnd yt Ffea oam uale miegir keerst
d

on p
recommende by Hoogerbrugge and de Jong.
95%o0ddt does a better job of removing “bad
di fferentiati on.
RLH+SALC RLH+SALC
95% cutoff Equal misID cutoff
n= % Retained Index % Retained Index
2000 Country A 70% 1.29 82% 1.19
+ 300 ATR
2000 Country A 73% 1.21 84% 1.14
+ 1800 ATR
2000 Country B 37% 1.44 70% 1.21
+ 300 ATR
4000 Country B 40% 1.51 63% 1.27
+ 600 ATR
4000 Country B 35% 1.31 67% 1.12
+ 1800 ATR
2000 Country B 68% 0.88 82% 0.97
+ 1800 ATR

The RLH+LC modelf®rwemre tlmotth e SALC model s

Concept Test Data

Il n addition to the MaxDi ff exercise, res
KPI measures such as ,epweat¢tal caslageed di se¢ i
per cent agceosn cfeoprt efaocrh each KPI and cal cul at
concept s. We indexed the standard devi at.i
sample (before cleaning), as we did for t
t abl e arge talte oswAn dien be xKkPMasl.ue gr eater th
I mpr ovement in differentiation.
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95% cutoff 95% cutoff

RLHOnly — RLHOnly o L sAlc RLH+LC

n= (Combined) (Separate)

2000 Country A

+ 300 ATR 1.30 1.26 1.33 1.02

2000 Country A

+ 1800 ATR 1.33 1.26 1.24 1.00

2000 Country B

+ 300 ATR 1.80 1.91 1.48 1.19

4000 Country B

+ 600 ATR 1.64 1.59 1.55 1.09

4000 Country B

+ 1800 ATR 1.70 1.64 1.51 1.07

2000 Country B

+ 1800 ATR 2.16 1.96 1.17 1.08

Af ter removal of “bad?” respondents using

we find similar i mprovements itm dulefadtwr ent
wi th MaxDi ff scor es. Both do a fairly goo
agai n, IResad u sefpwln.dent s who behave as r an
contribute to randomness in the concept t
bd concept tester s.

Final Consideration
Of t he met hods test ed, RLH al one and RL F

removing more respondents that behave as
Max Di f f and concept test mprcovemenfThei nat e
di fferentiation achieved are similar bet w
I s Are the two memé&Ecpo nideaentsi faysi M g otold & a
Thankful |y, there i s reasonably good agr
RLH+ S AWbLOGUTLt whi ch respondents are “good” a
random behaving
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n= % Match

2000 Country A + 300 ATR 88%
2000 Country A + 1800 ATR 87%
2000 Country B + 300 ATR 71%
4000 Country B + 600 ATR 82%
4000 Country B + 1800 ATR 72%
2000 Country B + 1800 ATR 52%

Agr eement i's better i n the Country A dat
i s more difficult to identify “bad” respo
greater. Our reseamoale iofdiamati esss utehifsorméayyh e
RLH onl vy. This is further confirmed by th
cases, with only a 52% match bet ween meth
not hel pf ul i n this case.

CONCLUSIONS AND RECOMMENDATIONS

Both RLH only and RLH+SALC perform si mi/l
ranedoemavi ng respondents and i mproving dif
t est resul ts. To a | arge extent they fl ag
simihyamand the complexity of i mpl ementi ng
to say that the SALC met hod i s worth the
not wor k wel | with very poor qual ity dat a
only dppgemaotto be affected as much by the
to pursue the SALC approach, we recommend
mi sidentification rul e.

Running HB with real and AThRe rdcaetnat icloembA Trf
cut,oftfhe number of ATR cases does have an
retained af+mor €l aAT@aR cd etasnilnggads t o f ewer I
t hi s, it makes sense to run the ATR and r .

Whi |l e wet |AJTRK escesmgx laen gsiinzge bet ween 15% and
15% of the real data i s adequate assuming
s mal | sampl e si zes, consi der 'np=e3rOcOe notri Imeo rc

58



RLH ca
reliab
SALC a
over wh

n béd crud Wit celd t he more ATR
|l e RLH cuto data and r eal
pproach i s t e
el ming the )

h r e i s som

b
od
Af tmaurc h anal ysi s, by multiple researcher :
simpl est and most ef f ectbievhea viimgt earemp onfd ern
i mproving differentiation i n MaxDi ff (and

LIMITATIONS ANDCONSIDERATIONS

Theri s somet hi
e more string
opl e who just
s ?

oo ~
o0 =

® 5
QS

ugh we don’t k n,odbw rw hriecshe ammecthh ogodr oivsi d“
i ng data from two count
he strengths and weakne
s also helped to valida

Or me and Chrzan both acknowl edged that S
[ cul t t [ [ ' h random fro ons
y where we u
r d
I

Q 5

e

al respon nt s a

gged 15 %. i tor
S

e
a
di ence has been quite good, so i n thi
e
a
n

nw 900

m

S
e

H

havior. As Or me
swwaht asr aegbbt

velsagsf ome“ had?” b
v
i whi ch a respond

i
e |l ength ofinnnegreg
c h coul d be us ed

Practicadudupyp!l seampl @&r e open to
cl eanif nge send back the *“bad”
source. It I's I mportant for re
so that twh eyu ckamm @onwwpelre i s needed
approach to i dentifying “bad” r

g

00 <«
w35
—+

i
r n
S h
a
n

—~ Q
n T —~0

[
e
r
e
e

DD
w S o v
O~ 0o

0
p
r
d
p

o
)

Jane TangMona FossRosanna Mau

59



APPENDIX

A Further Look at Combined versus Separate Runs

Wecompared the RLH distributions for com
A with 15% ATR dat a. I n version 1, t he 95¢
mod el i n which the ATR data was run toget
run seeparoart t he r eal dat a.

Distribution of RLH
Min: 358
Max: /96
Mean: 575
Mir 361
Max 806
Mear: 585
Country A, n=2000 (ATR n=300)

Not e that in the combined run (ver 1), t
respondents shifts slightly tolnhtheeft C
combined r un, t Redptaskoawer sft heeRAH of t

However, the 95% cutoff i s slightly high
borrowing in the combined run shifts the
makes sense, si ncrei tiyn dCfournd s pyo Md & htes marn @ (
answer s.

Regar dl es s, there is stild]l a 98% match b
respondents being fTahggedmlaisnédoodin ®olradgé®o
respondents as “bad

Il n pr eviweu ss acwh a rhtast the greater t he prop
dat a, the greater the effect on this shitf
(separate runs) iI's stable regardl ess of h

When we compar e itnhdeisneg sCotuon ttrhye ACountry B

15% ATR, t he st or ySiinsc es otnhmeew hgauta | diitfyf eorfe ntth.e
poor, a much | arger proportion of the rea
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Distribution of RLMW

ATR 95% Catoll AfRI9¥% Ciaph AT Fo% S oholt

0.7 ) {0489 | ) 0492
|
ATR 95% Cutaft ’}m 95% ¢ "{”ﬂ ’Ym 95% Cutofl
04 0509 o

Il n the combined r uLnHs ,a ntohneg driesatlr irbeustpioonndse |
the | eft (regardl ess of country), but t he
B, meaning t hat -bsedhiagvhitnngy rneoarle rreasnpdoonnd e nt s
Wi th separate runse, tahse icutsdchfofulrde maRengsa rsdtl
di fferences in cutoff point s, the two app
mat c h
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UNCOMMON CHOICES NOVELAPPLICATIONS OFCONJOINT
ANALYSIS INPRACTICE

CHRISCHAPMAN
GOOGLNB Y NXBI LLIUSERS

ABSTRACT

Thi s paaprearn aigser i al review of four i nNnova:
Al t hough each case stands independentl vy,

how experienced conj oint practitioners ma
tackle | asgeratamgd cmpmre®j ect s. The cases 1in
anticipation of competitivebassegoaose oand
analysis for psychographic segmentati on.

t echni calc oddeet aairles pamdvi ded i n associated w
Sawtooth Software Conferences.

INTRODUCTION

Il n this paper, I review and | ink a serie
i ncrement al i nnovations i nxpamjsoiomt odnal vy
applications for choice modeling practit.i
previous years of the Sawtooth Software C
met hods her e, di scuss how they fantd t oget h
practical refl ections f or practitioners

Ther e are four cor e met hods di scussed h e

Adapti veasddbiceanodoimow it may obtain high
Usigiagme twhedryonjoint analysis to predict
Findi ngpropduaotalportfolios in gkekeepiresence
al gorithms

4. Usi ng -bcahsoeedc econpsesyabhogoaphind (csoengsnuemetrs )pr of |

W

My goal here is to give an approachabl e
each mayrlee toft oi mptracti ti oner s. Techni cal
some met hods, ar e aPvaicleasdli apgssegra r Saa vetl oyo ti n
Conferences (see references i n each sect.i
typi cabtappbsiand probl ems f or conjoint an
product s, refer to Love & Chapman (2007)

For pur poses here, I assume gener al awar
analysis (Ormeonj2eild)) ,angpesi ®¥fsurveys (C
foundati ons of mar ket simul ati ons. My ai m
but to di scuss how and why each is useful
anot her .
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FOUNDATION: GETTING THBESTINDIVIDUAL ESTIMATES WITACBC (CASE1)

The first premise in this paper iI's si mpl
|l evel, we wi | | have the most and -beswsé¢l opt
anal yses ar e gleanteirvadllyy iOKplrveivctens erees thidmavti & .
However, when we have better esti mat es, w
ot her approaches s+wach lasargegegmemt dthieord odnn d
competitive and portfolio modeling.

Il n nparnoyj ect s, I have f-Basad t@Gan] Aidmatpt (| XEL
performs well d te vfeil n cekisnt g man ceisv itchwmal ar e ef
predictioeat ,(Ch@®@PIMmMantIohnson & Or me, 2007) .

Case 1: B.a cWegdrépauehldo ped and pl anned to | ai
el ectronics product “P1,” when a competit
compete very <closely Arguabl vy, Cl offere
price point as Pl1nd®®uedbwbenhkbes Pétadedsaw
success Vs Cl in the market

Case 1: Operational TResernecht Quest eam de
product achieved <25% est-wmut #heéaecar ket s h
competitionowi tCHL ,c d ficmmentcikeé wbahdt o | aunch
experience, it i s rare fodeédannexdederci g€ on
criterion This reflects both the execut.i
we | | as prewanadud rauxspgerwiigrhcd hi s aut hor’' s g

Case 1: Met hodWandi Resot twi sh to make su
of a single method or esti mat e, and inste
for P1: (19 -basaad tea @wmmjadi rcth ( CBC) ; (2) a h
f or mat , for the exact compari son of P1 an
heddnead offer for theerelepondE&Enor télchpoes
richer, mor esidmslkcar ptoveesaiyl emar keti ng.

As shown in Figure 1, al | 4 met hods est.i
| east 25 %. We felt confident reporting th
was no reason to cancell yi trelleaasreadh . P1T ke fp

As det ail ed 1 npapmher c(o&@ipd gekhGed OWh iwwee bel i ev
ACBC provided the most credi bl e estimate
Pl @l. This was due to thelgrcdedatdern namPACBICt
each respondent, along with indicators of
attributes that showed | evel rever sal s. W
team as our best prediction of consumer p
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Fi geuBEsti nateé @ heanrcee f oOlufilnmeddh.od s
0.70

0.60 |

0.50~

0.40 +
0.30 | -l-

- I
0.20 -I-

0.10-
0.00- T T
CBC Holdout ACBC Free choice
(N=100)

How di d it perform? Sever al mont hs after
actual mar ket share of 34. 6% foraPl vs. C
di fference abdsdlewtse,t hami 2 was wel | wi t hi i
ACBC mar ket simul ati on.

Case 1: Not.e sAtf otrh es uccacrefsesr enc e, we di scu
expected | evel of accuracy for ACBC. That
few poikhitr st , this 1 s not a uni que or e X c
the opportunity on only a few occasions t
data in any <c¢cl ear way. On each occasi on,
Al f.or&d Love, 2009) . However, I beli eve it
fiostasion to conduct a conjoint anal ysi s
require iteration to | earn about the attr
tlen aspects of t he model such as brand eff
CBC on many occasions in this product spa

Overall, my conclusion is that AGBC is ¢
| ev aelmad =ts , and t he speernhiaoyr mienagd ptroe ftehree nbcees ti
comes at the cost of greater survey compl
some of the considerations between CBC an
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TablRBr itempar i ecors i adfes atoro CBC vs. ACBC

CBC ACBC
Survey length Shorter, 4-10 minutes ~2x as long, 815 minutes
Sample Larger standard deviations Better withsmaller samples
~2x sample needed for same
precision
Individual -level precision | Moderate, depending on High. Especially good when
number of tasks segmentationis desired
Experimental design Full control; easy to control | Less control; depends on the

for information density, nesteq¢ ACBC process
attributes, prohibitions, etc.

Non-compensatory Limited assessment; relies on| Moderate to high ability to
features design matrix assess (higher=longer)

Il n cases wher e—®g eicn stiloen prsefcghicglml §i nes

recommend considering ACBC, and atsop entatkse otf
a survey. Il n the next secti on, we- wi | | s e
qual ity individual esti mat es.

OPTIMIZE RESPOND TOCOMPETITIONUSING GAME THEORY(C ASE2)

A common question for any prodHowt wimhihage

competition respond?” Il n this section, I

to i mprove the feature set of a product,

it 2

Case 2: B.a cA goa oomusnudme r el ectropieseptr od uc
with the opportunity to i mprove the nomin
known to be highly salient f or consumer s.
product’s cost of goods and compdlRixingt of
yield any real I mMmpr ovement i n the consume
of fer F1, and consumers ended up believin
| ower profits for not hi ng. The eZXx’ecwaulvde

nootf f er F1, and al so that we should not; [
both benef it i f F1 was i n neither product
as t-cael Isod “pri soner’s dil emmaf,o’r whoetrhe t h
pl ayers to make t he s-amme tchhiosi ccea—boaft naodtd y“ndg
i f both players make the same, i ndependen
Love, 2012) .

Case 2: Operational B®&esesédaonht Qed sytscecsa s s

(such as Case 1 above), we expected that

6 6



answer as to the consumer value of F1 i n
Case 1 above, I n this case we wedactohcmee
because F1 might be offered in multiple p
preference within a product Il i ne.

We conducted a conjoint analysis survey
preference of our lomeZPd 2pwvesdudthel kg ‘CO|
scenari os: t hat we offer F1 and they don’
of fer F1; and t hat neither of us offers F
anal ysi s, see Choi and Ve seagtbhiomatledd 3t) he | mr
f or our l i ne PL2 vs t heir l i ne CL2, i n t
Karty, 2012, for di scussion of the I mport

Case 2:. Reisgudrtes 2 s hows oufrormoadtelf arn a hgea
theoretic anal ysi s. Fir smhoowe econFsli denr owlra
as shown in the two mar-kenhdssmdéaof oRi ges
answer i's that the competréeber@nweushdaseece

of ferd4anng iFNlcr ease from 44% proeufrerle nncee atnod 7
“nohcepti on. Concl usi on: i f we don’t of fer

FiguEat2ndesrimeof t.€& 2PmRe tvgatmevié arur e F1,
wi toompet i t ibband rod m
We include feature?

We include feature? o
NO YES
Competitor Z Competitor Z

Competitor Competitor Competitor Competitor
includes? NO includes? YES includes? NO includes? YES

e s 2 v BN .
Us 23% U Us 61%

S 10% Us 29%

None 33% None 18% None 19% None 17%

Next , we consi dedwo fwthean HBh,p paesn gsahrddviveaodhe t
of Fi gure 2. We see t hat i f we of fer F1, |
ot herwise they obtpaissi dl ehdAdév. ofCoa@%uvs on
then Z al so wil/l of fer it

Now, i ven t hat Z shoul d offer F1, regartr
better for us? Comparing the two " YES” p a
of fer F 1h,0 utlhde na hatebh ssv6 f f eacrielmases our prefer e
wi t hout F1 to 29% with F1. Concl usi on: we
do not) .
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Finall vy, wh at about the pr-meosmnmeestsi mMat e m
Figurer?giotstt eest i mat e, we s e e otehkipse:cti ft owe
see mar ket share increase. That i's becaus
purchasers vs the “none” option.

The executive team was convi necde dF 1b yi nt hoeu
pr odudMerlei nvel hrei gophrto™d u c t l ine share is diff
model ed portfolios for both wus and the co
note the foll owing: competet owoZds nitheaeal é&
expectation about t heir |l i kely action was
hi ghly successful, wi nning awards and ach
F1 to their | i ne many nuamrctolmse Icd toesre.l yl nmaattc
expectation from our game t heoretic analy
competitive positioning. Finall vy, it turn
user experience, whi ch hadcbkbeen difficul't

Case 2: Key.s Asori nSuCacsees sl , I cannot cl ai |
outcome should be expected routinely, yet
Rat her , my bel i ef i s that such success is
experience in a product area across mul ti
i mportant point in this case is that t he
t hat breaks the prisoner’ s deddmmar e fTlhlat
attention for such competitive model i ng o
in the space all owed us to add brand eff e
cali brated across multiple studies.

My recommendatsieon sf rsammptlhei:s ecvaen basi c g
yield strong insight into |i kely competit
consider a more compl ex model i nvol ving p
2012) A cor ol | ar ydorne’ cto nbneetn daagtaiionns ti swhtahti sc
y ou | f customers want F1, then 1 t’s a go
to outguess t hem.

Thi s case cocnrsa fdteerde dp rao dhuacntd port f ol i o vs
portfoli os twd tchhargianmgd a singl e key featur
portfolio we should make, i n 1 ight of ma n
an entire portfolio? The next section di s
“geneticbrseddmeh alg

EXTEND BUILD APORTFOLIO USINGG ENETICALGORITHMS(C ASE 3)

The previous sections discuss how to obt

preference, and how to combine game theor
definition angr @dwsdtt i wintiimgr gdgar das t o c omp ¢
di scuss how to generalize that anal ysis t
Thi s extension answers three cruci al que
our opti mal productd?i®ecaond,h ared pelcds ¢loy
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many products should we make? Finally, t h
t here features that Sshould be added to th
Case 3 B.acKkagrmr oaandonsumer el ectrCases pr
1 and 2), the firm was making more than 2
mar ket i ng, and sales channel s were excess
know whet her, and by how much, to reduce
wolud be to -warntf armmi wprpsrntoduct s. However, C
shift around as the portfolio changes, an
to their mar gi n. For exampl e, suppose a p
t hat product, woul d we | ose sales to comp
i n our portfoli o, perhaps with currently

mar gi n?

Case 3: Operational FRes galrr plo s@uwetdviair cen s |
questions (see the complete writeup for o]
many products should we make? We know t ha
some additional shar e, but t his should | e
prowdt |l eads to a small i ncrement al i ncr ea
opti mal product portfolio for us (with th
competitor Z), ‘nrohtepbtei pnegskeowemahyt peoduc
reachhe point of strongly di minishing retur

Second, is there a feature not currently
I n opti mal portfolios, and should be cons

Case 3:. M@uhmomet htoldi € og mensstwiean i ncl uded 1
First, we want ed utadd ad lbgteaei nC atshee 1h iagbhoevset) . N
single method or survey, we opted to perf
consumers t hat t eish letde 3 daeemd ilceav els®e;t so md a¢
usi ng ACBC.

Second, we hoaudt ctoomet enfiedtpreiicenn z e . Il n this ¢
for the t csthaaflroepraferefres@eump!| yr csdiumentest t oget
although one mi ghav dmuda ecard porpafiinti,z eorf oa aoc
(Ferguson &—cdomspeerred 2t0dl 3t)he “none” option
choice mar ket simul ati on. ( Note that it [
t he mar ket si mul amii oens sfeor, swharcdéd YHhenc omp
above Il n subsequent projects with this G

Third, themeehmdst blesespaodluct space. A gen
i's an optimization mebhedol ospbnaedybpiaho
solutions are found by recombining parts
Bel |l oni20e0t8 )aldemonstrate that GAs may achi
product spaces. Goembetrgcli ni9OB88) guvi dd EXC
anal ysis dat a, the genes represent produc
br ands, and prices). Figure 3 presents a
finding an opti mant paomalfydiiso dvattah. cWen jiomp |
a standard GA | i brary (Mebane & Sekhon, 2

69



FiguOetdi menod igar aptphrno aft m dtopatni poarlt £ ol i o

Create random set of
candidate portfolios

.......
.................
-----
. .
- .

Assign fitness (“share") Solution or
to each candidate in population Output best solution

population improving2
Finished

149 11 15 19 = 74% share
258 11 15 19 = 55% share

Yes

Create new population Select, crossover,

with best of old plus reproduce by fitness;
mutate some

The fourth and fiintaé r govaarrd ntohfe tshpea cnee tohfo dp
portfolio sizes The GA method is stochas
we need more compr edhesntsriovbeu piomsaii goH te isrotl a tti
accomplished this by repeatnedl|l pofithaoing 6
Speci fically, we examined portfolio sizes
and ran 50 iterations oo6pthmamopgetttol f on
each size of producteliwe. sdghssofvadatapeht
ACBC surveys

Case 3: OResutl tst question involved optin
Figure 4 shows the incremental change i n
products Vvs. “nNonre” ) n@s etakespord inf oleisaul & s
CBC and the ACBC dat a, t here was very |it
preference when | ines exceeded 8 product s
primarily at t he sexvypdarhs en dfh eo tpltoert fprl d duy c ta
addi tional preference Vvs. “none.” This su
product s
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FiguCdhashhge in total share of preference
for each increment al product, as the
fr&mto 16 tot al product s.

7%
6% AN

5% ‘—\\
4%

== ACBC data
3% \ — CBC data
2%
1% \ —

OO/O 1 I 1 I 1 I 1
2 - 6 8 10 12 16

The second question was whether there wa

l i ne but was not. Figure 5 shows the tota
portfolio that i clude mpkéad, CBCppECBE bher
opti mal i ne with 8 product s, and 2 of th
2, with shares of 10% and-25%heachasWd 5Wo W
share

One featureut hpmne sveastomiatf odny ,p f or us or
was Attribute 2, Level 2. I n Figure 5 we
At tri-buweul2d have abldo3un) 209f% p(rreafnegrer eldd pr od
featur e. We concludedutt mat wi hihs cloamauumee sw
appear i n roughly ¥ of t he products chose
consideration of i ncluding it in the prod
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Figumet al preference share of products

each featurel J(Jataptiibmale dcervtef ol i os.
100% .
90% 1
*»
80%
70% Y * *
60% . 80 % High
L 3 L 2

50% * 1t 80 % Low
40% 1

o

L = Average
30% * i . *
-»

20% LA °

o

* T *
10% % I | - 1
0% M I I

Attr 1 Attr 2 Attr 3 Attr 4 Attr 5 Attr 6 Atr 7

Wh at actually happened? First, t he produ
it i s di fficult to determine the exact e X
anal ysi s, because shgnipoirecdaomt i Di médangeasch
whil e ot her mar ket variables continued to
see the firm return to a | arger, expanded
a stable strategy

Second, besacempbéxity, t he product tean
22 i n the product Il i ne, despite the expec
analytic success because it was strongly
al so nlo.tbe ytehaarts | at er compe2t iitnori tZs ipnrtordoudct
Sever al years | ater, it remains a core pa
brands in the market. I woul d consider th
becsseu we forecasted the desirability of th
and thus anticipated a |i kely change i n d

Case 3: KeySi mor asutoes e preceding case
i n succeassefwasthighcqual ity consumer dat
product space. We al so conducted the anal
CBC and ACBC, and the agreement i n anal ys
Anot her I ncpto, r tsanmi laasrpet o Case 2, i's carefu
and the nature of the “none”2@12; i Buber ,( K
Chapman, 2013) . Finall vy, it required i nno
customiegedse® the original whitepaper for
of the R code; Chapman & Al ford, 2010)

As | have noted already, I woul d cauti on
gener al ; y et I al so hawe rma cgerstsi.c ulflhaer craes
direct experience without “file drawer? S
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experience in the product Il i ne, and our C
wer e probably unusuaanlal ycsotnmipsa roerd etxot ear ntayl p is
Such experience, communi cati on, and trust
kinds of strategic projects.

UNDERSTAND DEVELOPC ONSUMERSEGMENTS WITHPROFILECBC (CASE4)

Cases 1, 2, andgld cchd mormr sotgrreetsesd oan i n t he
one can answer with conjoint anal ysis dat
consumer preference; this may be used for
broadened to angqwest hogbl| gsbetut ataaegent.

Il n the final Case 4, I turn to a differe
conj oint analysis (Orme & Chr zan, 2017) ,
one tackle? I n thiobleamso®f wonNlsawomlkerat etgme n
the problem of buil ding psychographic pro
“per sonas.”

Case 4: B.acMarr loatnar s , designer s, product
stakehol ders oftemnypieqalstusttcmei ptdemnisve
or similar anal yses. Often call ed per sona
producedepVinabl edi meeregiforigl hqgquwant i t ati ve
qualitative met hods (ICha,p mame &d évs d rhiapnt, i 2
typically selected post hoc by the anal ys
rel evant to the wuser, and thus of i ttl e

It I s typically I mpossi alceutratsay rwipédt Ite
descri pt +w e -achuysmaonnyer s (,ChZa@Oma)n. ewWhyad Beca
profile typically includes many descripto
proportion of users or C usitptmeors wihlol mdart a|
one version of the “curse of di mensi onal i
and simul ated data set s. Il n consumer dat a
attributes is I|likelmosn. be aneexact mat ch

FiguPeoportion of respondents who mat ch
of values in a profile, as the number of
i ncreastelsl f(rGChnap2Znan et al ., 2008)

100%

90%

20% = = = [T Survey
70% Consumer US 1
60% —— Consumer US 2

—w - Consumer US 3

S Consumer US4
0% Consumer France
30% ===~ Simutated 1
20% e —— O Simulated 2
10% -

0% "'“w*'mnz.ﬁ.—.zp-ﬂ

2 3 4 5 6 7 8 9 10 11
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I n Case 4, our research team wacs asked f
engagement , of adults in the US. We expec
there were many adults in the US who migh
who are generally interested in ciiwiiac i nf
activities., (ERDdaB)i rTheeexatutive stakehol
users better, and crucially, to know *“ How

Case 4 Operational Resedrnc H i @Ques toifont haen
diemsionality, our team sought a met hod tF
i denti fi cuastepodisnt r om &i ew rather than our
and (2) be | ess subject to the curall pf d
rat her than categori-taseéyg.covej oenti apdl Vv bi
such a method (thanks to a suggestion fro
We could find no prior exampl e of psy,chog
y et beli eved it was highly promising, and
calling it “Profile CBC."”

We selected attributes and | evels to des
i nterviews conducted acr o9ss8thetUbBbuTlkess &
3 Il evels each, and used Who cthormpmod i CERC itsa 9ar
you?” We found that t he task was best con
“nNnooeti on, and with nownmorne at hpaarmr t3 aadt tprriobf
(Chrzan & EIl rod, 1995; Patterson & Chr zan
seen by a respondent (Chapman, Krontiris,

FiguExampl e task for Profile CBC, used for

Thinking about civic or community engagement, which one of these PROFILES is more like YOU?

Choose which profile is more like you by clicking one of the buttons below:

Profile 1

Profile 2

Profile 3

Career Involvement

Civic engagement
(volunteering or
community activity)

Family involvement

I'm not working or in
school right now.

When I have free time,
I spend it on civic or
community activities.

I balance family time
with career and social
pursuits.

My career or education
is my main priority
right now.

I don't have time for
civic or community
activities.

I don't spend very
much time with my
family.

I balance my career or
education with other
obligations and
pursuits.

I try to do as much
civic engagement as 1
can, but I have other
obligations.

I spend as much time
with my family as I
can.

Notdat t hese

t hat i nvol ve produc
woul d be unusual an
t herbhet wvarranted for
compl ex for respond
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Af t er col |l ectii

ng the CBC dat a

on

respond

profil es, we used | atent cl assi demmt iyfsy sar
size the potenti al segments for civic eng
Case 4 Rreisguurtes 8 shows the resultt from
solution identified 6 segment-<23%wiotf h tdrset i
sampl e siegmeadh Il n answer to the res-earch
"absent eeaswa’r e“,i”s saneds “ vewchal jopinntil oon atoarps i
the sample and matched the concept of i nt
executive quwue hioiwomaay potenti al users we
and design efforts.

FigumM@de8psychographic segments and their si

Additionall vy, we f

Civic Profiles in the United States

Civically Disconnected

The Absentees

Issues-Aware

Community Active

Neighborhood Advocates

—

o
ariab

Vocal Opinionators

psychhiga alpasi s v e used for

al so highly differentiated on ot her demog
not used in the segmentation (for detail's
ot hweorr d s , the psychographic segmentation s
expected covariates and reported civic be
Il n short, the Profile CBC method achi eve
segmentati on It answer esd ttilben q@uaestsiicare afn
the basis of user s’ own reports about t he
sel ecti on. Because the i mportant I dent i f i
and applied through adprcomali Initstainal met Is0
gener al ), it was free from the most detri
al so afforded the opportunity to explore
of the underl yingr lkdatt i giudwelsat iiaore” ,i n op dyc |
Case 4 Key.s Trhoerr eS uacrcee stswo cr uci al aspec:
attributes and | evels must be appropriate
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pamcd flye apipo otplsamt ien
but s are psychogr a
uct . The best appr o
nelwsr kangn atviae | @mrbé e
dual attitudes.

concern i s construction of
t s. | a@uau mitar kparl-6sd o ovsce— b@GBRGE i t w a
|l i mi nate the “none” option and t
n 3 cards at a ti me; to use
esting-pwirtsio na@ainotuwuhsh npkr ot oc ol i en mor €
e wectused CBC. For more desigg i
I

paper (Chapman, Krontiris, and WebD>Db,

n
e
a

>

CONCLUSION

Taken together, t h e -schaaspeesd "h epraet hd ef noor n sctorng
ractitioner s, t hat extends both their br
espondeenst (uGasle tl1) , consideration of C O Mg
xpl oration beyond duct to an entire
onj oi nt practi ti il be abl e to an
uestions accur at
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, we wi | | soon add code for t h
today) .

pl ease consider sharing «your <ca
ea sS atvatl okost hi nSoffuttwarr e Conf er enc e s
been possible without t he supp
and | have received over the vy
ctitioner!

Chri s a@hapm
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COMPARING PREDICTEDAUTOMOTIVEPURCHASE WITHPASSIVE
GEOLOCATION COVARIATES TQACTUALOWNERSHIHRECORDS

EDWARD PAUL JOHNSON
HARRPGL L
MARC DOTSON
BRI GHX®UNGNI VERSI TY

INTRODUCTION

With the rise of the mobil e phone, resea
data coming framptrloprdeavieceonwWetnh , a pane
to study website visits (Zemla et al ., 20
2016) , calls made (Masso et al ., 2019) , p
| ocati ons vdtsidaled, (HuIrOWWi.t z<Someti mes t hi s ¢
analyzed i n aggregate (Sedayao et al ., 20
the basis for triggering a survey (Poynte
been anal yyediagteenhbevebrn of the century
Whil e the passive data stream coming fro
i mportant, it i's unli kely to repiltaswe tr ad
uni gqu advant agetsi.onWhtirlaec kpi ansgs icvaen lionceax p e n s
where peopl e went with no recall error, i
t her e. Survey dat a, whil e more expensive
expl ore the motdtviadn so.n sS uwrevhe yn dd athae ias al s
structured Experi ments can be done to ma
conj oint anal ysis (Or me, 2020) . Survey da
representative toham @®olpwpraddwant raft hassi st i
directi ®@2mOsl 7)Baker

When integrating or comparing survey and
both sets of data from a tot al error fram
when tdcdet & woour ces wi | | not agree due to 1
2017) . However, t he passive data stream c
Some esgiancpllued e : mi ssing data whe-nnaepaoel i
amnummd who agrees to be metered, processing
transfor mati on, and measur ement error ar o
behavior. Lastl vy, someti mes essenti al asp
passiveda cchatcaanwH ead to data incompatibilit
DATA SOURCES

We examined the potenti al of combining p
predicting automotive purchases. To under
| ocati on data and s uyrpveesy odfatdaat awea ngoant gh ea uet
the United States. Al Lwhsoe tgsa tohfe rdeadt at hcea neep r
per mi ssions to integrate the data and sup
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of a S ubsetr oforadboml a trygipvaere |l p evihmi fhsaidon t o h
| ocati ghhéermae&kedts might not be generaliz
pur pose was not a research goal , Sso no at
demographics to account for the coverage

Il n May wd <22WrlBeyed 784 panelists who int
next 6 mont hs. Every panel i st answered 12
woul d | i ke to purchase with 8 attributes
demographi c ecataa,i omrsi maende xsg ated brand pre
i nvited those panelists who were tracked,
deal erships by brand for al |l respondent s
the survey.

Dynat athagd emullat a streams for I t's passi Ve
The first i's visits collected in their m o
radius for predetermined retail | ocati ons
becaussenilty iavail abl e going forward after
6 mont hs of hi story in visiting deal er shi
| ati tude and | ongitude data that i s coll e
“pisigcan be intersected with polygons pro
of i nterest . Lastl vy, Dynata wil |l have mob
downl oaded the QuickThoughts app and t hos
spiexli zes in passive Vvisitation dat a. Al me
came from the second data stream whil e th

Collected
in App

Mobile Vend Visit
App Data jer Database

Device
Identity
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We al so did some manual veri fdcaat @anstorfe
to confirm the accuracy of the data (Fi gu
geol ocation data was reasonabl e, so we ag
every brand tested in the coespiomdenhatwid
a deal ership affiliated with that brand i
with multiple brands the visit was count e

Figure 2
= s
‘_4 | —{| . - |

Unf ortunatel vy, butvamsdat ntag o rs uryp roifs itrhgel yr,e
visit a branded deal ership in the past 6
visit data across all deal er ships for the
vi sited | ooked veewdyi enecaes o(nhsaebel eFifgourr e hdi)s wi
Chevy receiving the most deal er visits an
receiving the fewest

Figure 3 Figure 4
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Af t er buil ding the models specified in t
fro bodgdmplne -oasnadmpoluet conj oi nt task hol dout s
al so wanted to compare to two more source
recontacted those who compl eted Itytha&deur ve



a carasmunrdc h f ,whhaety thyapde o f car it was . We ¢
provider to passively append automoti ve

o]
We were able to append vehicle ownership

owneresdhompds came from car service records
addr es s. Not e t hat t he passive data i n th
for (purchase recor ds) and could have unk
partediipmtshari ng data with the vendor We
recont a@sksumgvewnem i f amdy i mavhéad & V\musdcthhaes
make and model of ).t Boetdharsettlsey fpurad lma sved e
end, cboeu ludsne'dt t o validate t he model becaus
t he car (such as the purchase pri e) . It

i ncluded in the conjoint sur vey wh ch f oc
RESULTS

To determinessheebgeef iocaodcfi omadata compa
[ stated preference dat a, we ran a ser
model s where the-levwvdr motdeed idndlIf ed
iedvied|l dat ates covahis way eivselnatnurtale
chy is a model of heterogeneity whe
ence heterogeneity across responden

D

- = -

Addi tional ly, when our i nteirersd fiesr tentuis
new individuals (i . e., hol dout respondent
drawing new sets of preference parameters
have a huge i mpact on predictive perfor ma

The resul ts arfe tgmreownodleed i n Figure 5. Th
according to the coHoearilamosdel-salhiemoththera
uses no covariates other than an intercep
geol ocation data, Fepgparee3d3ps as cevariates
demographics model uses both the geol ocat
associated survey as covariates. The st at
battery of statatdopgeftwet antbevdemabltaphi c
associated survey, as covariates Finally
mod el uses all t he above as covariates 1in

Figure 5 also includeamp we -odsmadnspol oef (fii.te .s
predicting to actual hol dout respondent s
i nformative of preference heterogeneity a
mar gi nal density and DI Cios, tbhes @cewelaince
measursamef ei mit. HR i s the h|t rate whil
standar d medssaumpelse offi toutparticul arly i n th
mo d e | l' i ke a multinomi al |l ogi t choice mod

8 4



Figure 5

lmd dic  hr hp
Intercept-Only -4270 16061 0.355 0.289
Geolocation -4254 15933 0.426 0.2924
Geolocation and Demographics —4124 15686 0.460 0.301
Stated and Demographics -4051 14777 0.476 0.316

Geolocation, Stated, and Demographics -3941 14629 0.504 0.322

As owa&n see, al | three sets of covari at es
|l eads to the best wadel eovertalllclioseret ms z
t er ms-odsfampute f it (I arger i's better) anWe e
t he I mprovement over sets of covari-ates b
ofsampl e (i e ., predictive) fit i n Figur e

Figure 6

Predictive Fz

madel
it Ordy
Detoc wwe

B seocrer e tarcgera
thmat 5 Desagness
Gackcaoo amt v Cnevagachos

The geol ocation covariates give us the b
i ncl udi nogf atlhle tshertese o f covariates provi des

But what covariates matter? We can | ook
95% credible intervals don’t i nclude zero
significa&ngartesgtiimg.a Heattl maxmedff itchenudpm
esti matesfiftori ndhembeslt, col ored according
i mpact i's positive or negative on the res
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Uppear-Level Coefficiant Matrix Estimates
Geolocation, Siabed. and Demographics Covarales

Mol Signifecan

Aftributa Levals

Here wendamm what we see in the predicti
of covariat es, we see covariates that hav
negati ve, on the resulting preferences of
covarntres appear to have the most “signific
heterogeneity.

Il n particul ar, we can | ook at t he margin
see the inferential i mpact of is®acnl du d9 ng t
pl ot t he margi nal posteri or saxoifs tfhoer atthter ik
in each facet Note that in each figure w
clarity.
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Altribute Levals
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| lustratel bobsy, tionr Eadut @e8 e we can s
ed a Chevrol et deal ership are | ess |
rior for Saf et y: 5 out of 5 stars is
y Y sQutandf pogst @gas mil eage50i e ., t
S negative with rdpMtG)t ovi tt lhe ah @lr & d

vehicles (1 .e., t&®O0Mman i palsipo vtee w
ence ltoevelheofhBYeaad@nhtl 016t appears th
ol et deal er ar e most |l i kely | ocoking
vehicles (1 .e., only Chevrol et and G



il lustrael pnhsgbul dhh the i mportance of h
mo d el of heterogeneity when dr awing betas
we |l | i n odaramgp |l ef pawtdi ct i on.

CONCLUSION

Passive geol ocation datwi tlansbeveyfeat ay
t he geol ocation dat a, it i's i mportant to

free. Users should include data quality c
pol ygd&oasgMae s , conf ir mi nmgv ewi sdiattaat iwohne nwiptohs ¢
aggr egaltev édlr amldec ki ng. I t i s also I mport ail
per mi ssions have been given to use the ge
i ndi vi dual rat her thanfaggregatoe nltevcelvath
recommend having a predefined use for the
di gest the i nformation that way rather th
t hat mi ght correl sstte Wiitsh twsarntioableegsaidf |ior
way to start, but we encourage researcher
Passively coll ected geol ocation data has
i nf er ened aampd eo uptr edi c tni ouns, e de sipne ccioanl jl uyn cwthie
I nformative stated covari at es. These cova
predictive capaoblddmpglye rhaiitsirmat € sh ef roawrh 3 5. °
significant covariates taepr bkebaviead torr
t he car preferences. The model per f or manc
t hat geol ocation data can be i nformative

We wer en’t able to effecuddivelomalse®ebsep o a
data to further validate the results. It

passive validation data that the conjoint
When mul tiple sources eqgf ewgleicdattihcan d ateay
agree and plan for what to do in the situ
recommend a robust i ni ti al sampl e size is
respondents will not have Unaleird athieom i gahtt a
and with the right for mat , we believe val
the value of i ncorporating the passive da

Edwar d PauMadaohDe®os on
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ENHANCE CONJOINT WITH ABEHAVIORAL FRAMEWORK

PETERKURZ
STEFANBINNER
BMSMARKETI NG RESHERRCHGY

BEHAVIORAL FRAMEWORK

As shoppers process i nfor mati ona easnpdo nascet
robot s Creating a behavior al framewor k p
respondents sel ect from choice tasks as i
and assortment changes are the focus of t
under stand shopper perceptions cfwoprki dess
usef ul for i nterpreting consumer deci si on
model , i n the appropriate context

To create such a behavior al framewor k, p
nine standardi zed, thiomarQu e“sBd hhanwi”o rraelg aC ali
respondent’s i ndi fiodualhes Horxlpadl  ecdalt eethgaopriiyio m
from behavi or al economi c g, cttallledisre wWauweaslt | D
habit s. “Behavi or al Casleidbrt ot iders cQu ot it dires
consumer choi ces, i ncluding how purchase
category, as they reveal typi cal patterns
brand value perceptions, as wel | as price
BEHAVIORAL CALIBRATIONQUESTIONS

We use the derived contextual i nfor mati o
di sposition towards brand and price knowl
perceptions within the cat egaorpyi nign sa uru aa ni
and their i ndi vi dual di spositions hel ps c
choice experi ment Currently, t he set con
(semantic differential s) widi menss peact boa
price, and i nnovation.

“Behavior al Cali bration Questions’ are u
pur poses:

T to establish a behavioral framework before
f as covariates i n mhti bheapnadoc s s al Bayes es
T as segmentation/filter wvariables in the <ch
Further mor e, we store the responses to t
benchmar k adacthaolra sheert cconj oi nt studies i n t

categori es.
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OURSTANDARD BEHAVIORAL CALIBRATIONQUESTIONS

Il n each of our conjoint questionnaires,
nine semantic differentit awbtsa tasmmde lraesfki s oers proi
more related to their | ast shopping trip.

We would like to learn a few things about you and your general thoughts, feelings, and opinions when it comes to home
upkeep, construction adhesives.

Please read each pair of statements. For each pair, please indicate whether you agree with the statement on the left or
the statement on the right more, and how much more.

If both statements describe your opinion well, choose the one that best describes you. If neither seems to describe you
well, choose the one that comes the closest.

Select one response for each.

Agree Left Agree Right
: : | think that all brands are more or less
| think that brands differ a lot O O the same
| always know exactly what brand I'm O | decide what brand I'm going to buy
going to buy before | enter the shop when I'm standing in front of the shelf
| i Iy e (e boughtt:;sé ) O I switch between different brands
| compare prices very carefully before | O O To be honest, | compare prices only
make a choice superficially
. ' Special offers are not the first thing |
| always search for special offers first O O ook out for
| always know the price of the procllL:]cut; O O | never really know what products cost
I'm always interested in new products O O | prefer to stick to what | know
| think that products in this category O O I'm completely satisfied with the
need to be improved products as they are
| find it easy to make the right choice O O | find it very difficult to make the right
for me choice for me
Example from R&D study in US (2020, cont ext
Of the nine semantic differential s, t hre
the “Rol e of Brand, ” andont.Nr eleh itso atphpea o“aRed
respondents to recal/l past behavi or when
Over the year s, we have adapted sets of
product categori es, as not aslhlo popti antge e n tusa
or categor i evh enuFyoirn ge xaa nmpel wve ,c ar , virtually
answer , “ never really know what the car
a question such as *“|I nevemandeallogtkndwmw
compare only within my preferred brand.?”
necessary to produce a valid framing of r

! We are uncertain of the origin of these questions; we first encountered them in a segmentation approach from Reseameal limt@6ES. In
this approach, the questions wersked as scale questions and used to derive consumer segments.
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BEHAVIORAL CALIBRATIONQUESTIONS

The first i nst pbhsewai derguestroms is the
respondent segment s. Two semantic di ffere
t he same brand,” can be used to cl assify
“Category I nvorvemednng” uskeénuébyngi ghts ab
I n gener al . Quantifying these diffe+rent b
performing strategies for products wunder

A
yes

Critical

Category

involvement
no

Brand switching
disposition
>
no yes

This c¢cl assi fi oatciolmmms umegtsl’y antdfidrud ets t o we
classified as “I ndifferent?” i's not necess
names shoul dolnaterbad Iltygk ers tcd assi ficati ons
of consumees’ rFersomalt iamic e, a “Loyal?” con
rel evant set of two or three brands. Wh at
perception as someone who sticks to her b
i ndi fferentanaoebemhldal t he di fference betw
really matters
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Loyal

highly involved, and committed to one
favourite brand

Critical

highly involved, but not committed to
one favourite brand

Routine

uninvolved, habitually buying the same
brandis)

Indifferant

uninvolved and uncommitted

Thfei gure above shbwsdast exbwmpienodf t he

witthhe “1 aundry deWergeatt hcatagoamg i nit.i
categoiliy tiotkekegpreting the results of our
from past studi es, the clienttktiamk ealso uty

category

EXPERIENCE WITIBEHAVIORAL CALIBRATIONQUESTIONS

Asking the nineti“dBre hQuwe sotriadn sC'al b efroar e ou
respondents to recal/l t heir behavior dur i
Therefor e, we assume t hat t hnea knii mge pruocecse s
t he subsequesnet, cshuopipcoer teixnegr cai r eal i sti ¢ ans
real shopping situations. Therefor e, t his
Using the derived shopper classifications
simul at or pnevgldes deeperespondent s’ pref
findings from numerous conjoint exercises
questions results i n besttceormp“aheadr ewiotfh Choon
exercises perforbhmad i wint hfauets htiehwemed el part
estimawheisch i nclude the “Behavioral Cal i b
i mprove share predictions against hol dout
ot her covariatesmenfernmaeguhtés) i mprove
BEMPIRICAL VALIDATION OF BEHAVIORALCALIBRATIONQUESTIONS

For validation purposes, we conducted ni
year s, i n which we asked 50% of responden
Questi ons’s werriianrg ttdhea choi ce model | wher ea
choice model wi t hout being exposed to the
t asks
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We addressed the foll owing hypotheses in

T The framing offered ibyn tQue s“tBemaVvi arealul asl
answering behavior amongwout hrespomdémrssi h
stable and valid.

T Adding the answers to the “Behavioral Cal i
estimation f er paent h mpgtoivimmast ¢ N.

T Using the questions as filter/ segment vari
insights in the data as “Shares of Choice”
segments based on rohesabfohrand, price, a

Al studi es were conducted with responde

2019 and 2020 and the samples were split
Questions shown or not ) . The strudifesatuwmarib
number of |l evel s, number of concept s, and
the number of parameters to be estimated
respondent s
Only one study (“super gl uewe aoddanrfduwatead s
sample splits to create an opportunity to
val i dati on sampl es ( For the two esti mat.i
i nterviews for the two validlae¢ei eoradsasmapli ®@n
of t meo rptahr test i mates derived from asking o
Questions?” and including or excluding the
Project Ns Attributes Levels "’"”?::"" P Model Specifics Covariates
Detergent ADW 1006 6 10+2°242°346 12/8+None 502/504 S.f"”n‘:’:‘;ﬂ;i“"f
Construction adhesives 510 30 6 15/4+None 250/260 :“2"3":;:';:"“:”:‘
Drops 1030 ) 47434473 et 30¢500 9‘?“;\3"‘:‘5:';5::"':: ;
Edible Fat 2030 12 1246°243°242%6  15/64None 1030/1000 S‘flfh‘:':‘:fm':_:
Nane Electric Air freshener 500 5 742494247 15/5+Nono 250/250 5‘: ;Tvi:‘;::»iu';t
Hair Shampoo 1016 13 QG+ 40%2 +3°5 15/12+None 509/507 5“‘";:’3::‘;:”‘::‘:::
Potato Chips 800 38 AS+242430°5 15/S+None 400/400 J.:J.u(]z:::l::‘:‘j‘:':
Lsundry Detergent agn 16 06 4 15%G 15/12+None 580/400 ‘;’m(’z:::'::‘;;‘:'f
Super Glue 1500 23 224 22°5 15/12+Mone 500/500/250/250 Sgw’n‘:":‘:f:]fh:'r
BUYING HABITS ANDINVOLVEMENT

The four segmeeat sBdbpbavivedalfrGal t br ati on
potenti al to differentiate between catego
exampl e, a significant proportioaf foodnc t' i nd
strategies fet opemenprodompaded with a | ar
“l oyal” consumer s.
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yes

Critical

Category
involvement

no

Brand switching
disposition

no yes

A comparison of the nine empirical studi
categories have different compositions 1in
pl €,s uiprert hgd ue” category, the study 1i1d
fferent” and *“ Routine” consumer s, w h
ast , in the category “l aundry,” “Loy
wed ibcyalt,h’e ““IQrditf f erent,” and “Routir
ctric air freshener?” ( NECA) category
mer s . I n the context of i ntroducing
f ere mgopmyrmami ti es as compared with t

_,,
OO0 >00—X
39—3393

m
di
tr
| o
n e
s u
of

Construction Adhesives I
=gy |
=vyel®@ .|
ADW | L
Potato Chips | I S
Shampoo | S
Drops |
NECA |
Super Glue I
0%  10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

m Indifferent m Routine m Critical m Loyal

BEHAVIORALROLES

The three behavior al roles represent a s
questions to understand the behavior of t
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par tri ccualtaegor y. We found these roles hel pf
from si mul ati ons. They all ow deeper I nsi g
di f fleyrne ntthei r choi ces.

The three rol es deri ved froms "t her €¢:Be havi
T Rol e of Price
T Rol e of Brand

1T Role of I nnovation

Each is represented by three semantic di
whet her the | eft or the right statement b
shopping trip in that category.

The foll owing results, based on nine emp
behavior within the different categori es.
ROLE OFPRICE

The “Rol e of Price” ( RoP) i s based on th

“ compare priefecr elr ymalkhe ed udhgi be”
vV S
“To be honest, I compare prices only st
‘o al ways search for special of fers
V S
Speci al of fers are not the first thing

‘o al ways know the price of t he produc
V'S
“ never retal pryodumotws whost”

Thelf owabhg shows how differently consume
these nine categori es:

|
{

|||l
?

4 et b S repnn

{ i
‘ '

L

{
i
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The number o f consumers who al ways c¢compa

41. 9% (“cough drops”) “eendd b86. 40% | (" NEQ A"g)o.r
| ooking for special of fers first, compar e
detergent?” (*“ ADW”) segment . Price knowl ed
78% (“l aundry detergent”)

Such di ff er encaevsi orn acroennsuuenegbre gbtidfliog f r om <
model s. For exampl e, i n the “cough drops”
be accepted, gi ven that 58% of the consum
15% do not cno mphaer € NoEAQ Ac”e sc ait egor vy, SO pric
much higher I mpact on preference shares.
ROLE OFBRAND

The “Rol e of Brand” ( RoB) i's represented

‘o al ways buy the brand | bought | ast
V S
‘o switch beawdei di fferent br
I think brands differ a | ot”’
VvV S
“ think that brands are more or | ess
‘o al ways buy the brand | bought | ast
V S
I switch between different brands?”

These three differentials provide insigh
undermsg amfdiconsumer s’ behavior in this r1ec
i nsi ght when i nterpreting simulations bas

fous D e
Ve -
[y v

L B )
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Agai n, there are significant dsi w i ftecrheinncge s
attitude varies between 21% (*“ NECA”) and
a significant di fference when a company a
cateBecyguse 72duef Tsaswspemers think that a
t he same, compared with only 14% of “NECA
brand has more equity in the “gNEEA” categ
ROLE OFINNOVATION

For “Rol e of l nnovati on” ( Rol) the follo

‘1’ m al ways interested in new produc!t
V S
‘o prefer to stick with what I know’

“ think products in
V'S

t hi

s category need

‘Il " m compl etelyodati sfasedt wey hatdéde pr

‘o find it easy to
V'S
‘1 find it difficult
With these differentials
products in the different

G comarne (emeges

"e

Congts D N e re e e sbover

- " -~

“Sattiisdmcwi t h current product s

ma k

to

e the right <choi

make t he

right

we <can deri ve
tegori es.

c a

(“Potato Chips”), represent.i
new product s. Anot her exampl
di shwashert edgeadreyr,g ecnotmpcaar e d wi
need f o di fferentiati on, su
USPs f o

= =

100

di fferent product s.

R

-

-

-
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ng a | a
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INITIALCONCLUSIONS

Results from the nine “Behaviboaaal tGeli be
potenti al to differentiate between respon
behavior during t he( wiotshta r aautiealgw esycoepsp it hge
answering behavior in theeskoiueséxensi sé
respondents to recal/l t heir deci sions dur
therektspepdhes fodbl owi ng conj oi nt tasks sho
t hem Bi vari ate analgsisosnofQuebéei 6Behasgwugg
hypot hesis may be correct and that it i s
time to I mprove the answertihreg chheoh a&wi dra sdcf

ENHANCE CONJOINT

To expl ore how t heenhcaan d e rtalt @ ocno mgjuceisntti oenxs
we consider three different mechani s ms:

T Simply asking the questions helps responde
which results in more reliable answers.
T Using
| i

these questions ased¢owmar i &@trveoxftihhihreo\p
i eishamtder es8harcse of Choate’, eandmhes:

t
T The three roles may provide huormrthem ivasi @lo
the choice simulator.

Al nine empirical studi es were analyzed
met hodol ogi cal bi as. We wused S-awtra@aatsh Sof
write out 1,000 draws by wdiang oy ewye tueretd
average over these 1,000 dr aws, as wel | a
prior variance and degrees of freedom (1.
compari sons, we used three dpfiféereet]| ss wi
“Behavior al Cali bration Questions”’

f Standard HB estimati on

T HB with the nine binamawdquestions as covar
T Ensembl e of nine estimation runs with one

run.
One of t he g roehaatc ha cnhei ielsrecanedmriittessg ind ey o f ens e
mbl e approach genenrcalii@dse sntuil ma tpil en <
nascbwmat hBsesthuegwmdedi cti ons with ea
ciHB i moDdueelast loy t he ditffenodat scawvari a

n

i t b e o sdeidfsfee rt ehnata npdracddEscd wro nisni q u e
hs alhar wtelak nerssamb ltakaepdpfhteac kb nt mo |
ankdl e t he SorCe dpuccd itch d soinfedaadnd Idhe ale by

genenngotr e r obust and accurate predictions.

101



SHORTREMINDER HOW WE MEASURE THNALIDITY OFCONJOINT STUDIES

Before describing the results oéviawe dif

how t he measurcespaft edal i di ty ar e
The standard approach i s to use one pred
estimati on process aiss at Hehrmo | diomul ataesck .d n drl
absolute error) or the MSE (mean square e
taking into account t hhe number of concept
Standard MAE (mean absolute error)
Solution: MSE (mean squared error)
Choice Task Estimation of ﬂ‘ Simulation of
) g part worths Holdout Task
Choice Task ‘ (Utilities)
Choice Task Jl’
gl Holdout Simulstion Err | MAE | MSE |
Choice Task ; 2 rs
Concept 1 40 20 -10 1" 100
Choice Task Concept 2 0 25 5 5 2%
Concept 3 30 25 5 5 25
Holdout Task s T
# conoepls = LV G:’r : “
The alternative approach is to ihndivi dua
respondent and match it with his or her a
Alternative Individual
Solution: Hit Rates
Choice Task | Estimation of Q Simulation of
\ @) part worths Holdout Task
Choice Task ( (Utilities)
Choice Task 'w'
Choice Task Ideal workd ’ Concept 1 ] Concept 2 Concept 3 .
Concept 1 100 0 ] 100
Choeice Task J Concapt 2 0 _ 100 | 0 100
c 3 ( 0 100 00
Holdout Task = — u‘:u 100 100 "
| f real mar ket data (e. g., mar ket shares
( RMSE) i's used.

EMPIRICALRESULTS

The nine studies ana¢yzetdheohBemanvioar alhy

Questions” are aecefesectainvde andgnhift cantl y i
questions up front, even if they are not
“Behavior al Cali bration ©sésmabnsesh &asrctobe
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hirtat es . Fi nal | y-wo aunthielnisteinebsl ef roofm pnairnte e st i
cali bration question as covarratesi coempalh
with a single HB nwmst mat cosvaralalt ersi. n &i q un
more specific the three different rol es o
more trheebBitan be i mproved by wusing this
esti mati on For exampl ewhienet neméeNBGA” coa
prices and search for rmeaetwe i mwlvdath e/ ei rpp roa\
43.5% to 53.5%.
Behavioral Calibration Questions
Hitrate in % Chance-Rate not shown shown used as covariate Ensemble
ADW 11,11 36,50 41,60 41,90 43,20
Construction adhesives 20,00 53.90 55,30 55,60 57,10
Cough Drops 7,69 32,40 39,10 40,20 41,90
Edible oil 14,29 41,20 49,30 51,10 53,20
NECA 16,67 43,50 52,40 52,80 53,50
Hair Shampoo 71,60 30,90 32,10 33,00 33,40
Potato Chips 16,67 47,10 52,40 52,60 52,90
Laundry Detergent 1,69 31,80 36,20 37,20 37,80
Super Glue 1.69 34,20 38,70 39,10 39,60

Ouofsampl e cal cul ations were done by spl.

val i dati on samplpest(i8&®E%ygnd 20 %, res

Only the “super gl ue?” study design consi
possibility of using validation sampl es a
Il n this study, the separate vanswartiim@ @ra
answering the Behavior al Cal i bration Ques
500 respondents each.

As we <coul d mAwotr tcha |lecsutli-aHaa regad rdtotr e Dtug anc
could not simul ate predbprprakenweyshwawe egsea It
(described in Johnson, Or me, Pi nmelhlat2 006
f or t hnee mtbioomeetde i tal most al | studi es have
“Behavior al Cal i brati onOnQuye stthieo n*sS’h awreproeo i
seemedbemémomtin use of the “Behavior al Cal i
framing did not harm the results.

within-sample out-of-sample
RMSE not shown shown used as covarlate Ensemble not shown shown used as cova Ensemble
ADw 212 P L9 1.0 267 248 23 _
e 2 s - o " e e

Only two of our nine studies have reliab
therefore bestombamedl agihe *“super gl ue”
model s f or the validation and esti mati on

measur e.
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The results support the same deducti ons

the “"Behaviovabt Cahsbhampoedg®cti ons. The
questions as covariates or stnhean" Smasreanbd fe
Choi ce” si mul ati ons.
Share of Choice - Market Shares
RMSE not shown shown used as covariate Ensemble
Construction adhesives 5,68 511 519 4,96
MECA 10,23 9,63 9,60 9,38
Super Glue B,36 7.56 747 7.18

USEBEHAVIORAL CALIBRATION ASSEGMENTATION
Our third apprBalcdadvi oir aulsi @agl ithreat i on Que

three “Rol es.” For each, we cal cul ated a
derive specific *“Share of Choice” wvalues
The foIIowing exampl e shrowsnedi SKWLriemtt hper
oi |~ study. Agai n, it i's clear that askin
di fferent el asticities:

Behavioral Calibration

m_,

“—E—0=2—0

£2.,49 £2.99 €349 €£3,99 €449

v SHOWD sl (OT S hOWN

The different el asticities correspond wi
price, i-sne nt shhaity epesi oas wiht cbhrianngd behavi or (i
who switch to a different brand when pric

Role of Price

-~
! —

— /\ -

3‘\’-——}—’;"-—( )

2449 €299 €3,449 €399 €449

i D I0E SENSTLIVE  welee Price insensitive all
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Role of Brand

7 < \”'\9. = o
€249 €299 €349 €3,99 4,49
v Brand Joyal s Brand switcher all
| nnovsaetelwenres | ess price sensitive. Si
“Behavior al Cal ibesatl o Queditf foamsent
Role of Innovation
m\
— Sl
€249 €2,99 €349 £3.99 €449
s (INOYATION Seaker -t traditional buyer all
For a more dettahieededdectihspewe i-obbd oti at
demand for the different segment s. Th
detailed insights into the influence
for more insight fluilemtesc.commendati ons t
ARC - Elasticities of Demand
€ 2,49-2,99 2,99-3,49 3,49-3,99 3,99-4,49
yes -1,00 -1,44 -2,14 -1,00
Role of Brand no -0,94 -1,19 -0,61 -0,53
all -0,94 -1,22 -0,78 -0,58
Role of Price ves  -1,57 0,00 -0,88 -1,16
no -0,89 -1,33 -0,77 -0,53
all -0,94 -1,22 -0,78 -0,58
. ves -1,29 0,00 -0,52 0,00
Role of Innovation o -0.89 14 0,83 0,69
all -0,94 -1,22 -0,78 -0,58
Behavioral shown  -0,94 -1,22 -0,78 -0,58
Calibration| notshown  -0,26 -0,61 -0,49 -0,42
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HNDINGS

Based on c al studi es, w e
t a usef ul
es may be
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Consequentl vy, it seems hat further i nve
worthwhile to i mprove our conj oint model s

FUTURHERESEARCH

The nine “Behavior al Cal i br i on
p heaktéesr.anTage of such a raming exer
ation Questions” coul d e extended

nasntc e , three additional semanti c di ffer en
e
[

a Questio

t
f
b

added fougelmer aMer a speci fic wording f
so be devel oped and validated.

From a more met hodolxdgisd alp mEoiudtd dfe uihew
estions as an input for a Baye®iram var.i
ti mat es.

Benchmar ks should be established by buil
Cal i bration resul ts ctoomnpeorsciitailo ns ttuedsiteesd c o

Pet er KurSzt ef an Binner
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ENHANCEMENT OFVAN WESTENDORIPRICEMODEL
VIA NEWERSTATISTICAIAPPROACHES

MING SHAN
KYNETEC

BACKGROUND AND OBJECTIVES
Over four decades simnhkveani tWe sadreingiomal Pirnm t

Sensiti vVvivay WeseteabbmrrSMO®M&Ii ns as a frequi
choiser-bagperd ci ngThesftfauchquestions requir
col |l edtidd evieant s Bhug vaeryalmogies andamet put I n
rel atively si mplAe P&EMd extt eaisg lotinf drywadredvt on,
(Mi et ée®19a3b b rNM3by addviong@gddi ti onal pur chase
questions duptbemanadl towee t o be plotted.

Whil e there is no shortage of critiques
usage means any enhancement or even advic
wast e AAfftefr hpaxrditlc,i n g cdreictiisciaoln iin mar ket res

i nferior recomme sd dtsitfamnt & raawli atl hroad udbte i inrg e
not iwhe df. ¢ aeitme d at applying mor e hatvrei oggemt

made . g. , POpbGeetdowhkmygneansteeunssa t o have been
original f or m.

This paper sbarespbomenwoakd bwsilmg ng st
PSM and NWMSatdiasttai c al options consi-develd ir
model i ng and Baye®si amaiisef guensteé onWe adlout
the existing approaches and offer suggest

R i s @&amuagmgen pl atform fRrCorteatTesaimd c2b@ 2akn)d
sciences.edesyfuasaget apprda QtrimaneodRe plaektage wi
devel oped to share.

PSMAND NMSiA A VERYBRIEFSUMMARY

PSMses 4 gqguestions to construct a price

At which price are you beginning to exper.
1 too eBeaphat you say tannohi epgood”t he

2. cheap
3. expensi ve
4. too expmnstivet you would never consider

Figure 1 is a typical PSM output. Van We
cumul ative distribution curves separately
di f fiemteenntsecti ng po-c atdptdiomadle fp rniec e ,h oisned isfc
anmdargi naadnrdahgamal pekxpeBssi Aemi nor poi nt t

1009



f ol

Cumulaive Share of respondents (0-100%)

100% —

o
Q
>

60%

40%

N
Q
X

|l ow Van Westendorp’s original pr aposal

expensi ve™c hteoa ps”"h eann pl'enixstior e ” curves instea

Figumea@li ti onal PSM

Legend
too cheap
not cheap
not expensive
0% -- too expensive
T T T T 1
0 50 100 150 200
Price

OPP = 39; IDP = 49; Range = [21, 74]

Once a respondent has named the 4 prices

respondent t wo additional questions on pu

How | i kely wgulPdovoawehk@etast i vper i(coe x gahdesaipy) e

price:

definitely would buy

probably would buy

mi ght or might not buy

probably would not buy

definitely would not buy
Figure 2 illustrates the resulgimhadmPISMS
questions, the two purchase intention que
i ntended purchase and anot her curve on th
all ow one to | ook for t heir ppoer a kcse st. o Tiod esma
space, we show the two curves in a single
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Fi gumNe w2Minl-Emrt h Extensi on

35% - — $2600
N Share B
30% Shp: 41 \ $2200
& 25% - / \ - $1800
) 5
5 / :
S 20% - —$1500§
5 e
a )
%5 15% - - $1100 ©
o / Ie)
(.U S
& 10% - — $700 o
5% Nz - $400
/ — |
0% o ! | - 50
I I I I |
0 50 100 150 200
Price
Over the years, t here have been question
PS M. The resul t i s statioc and additional
i nterval s are absent . I t seems t hat t hese
pati al dat a. These four i ndepeadelbbgs di st
nowi t hespondent s, l eaving a | ot of i nf or me
stability of its resul t and i f there i s a
For NMS, wer airee gaimgj aro question shortl
i ntention assumption and show it gener at e
amount , t hus we recommend a correction.
SURVIVALANALYSIS
Survi val anal ysi s i s applbieod oigny,mapnuyb | fiice
epidemi ol ogy, engineering, demogr aphy, an
such as demography and econaehmisctso r yt haen anleyt s
The key concer nidrug avt a roiwaht lcesheuwdeeand d e det e, [
censorimlgustsadcwsy aorsibeethesas t he previ ous me
treat ment |l evel s of patient s or compari so
occur s i f the final s uv evd varl fsd lalt avwse & atninro«
exampl e when the event has vyet to happen
an exampsluer voinvalhest atus among 5 patients.
dr opped out of a studylfyor ceéinfsfoen eamgt i se a®
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our probl em, SO we can pretty muclpriigreor e
as the 8 |l ure ti me
FiguAe 3l l ustration of Survival St at us
Patient 1 ®
Patient 2 ® X,
Patient 3 @&
Patient 4 ® 3
Patient 5 @
[ I I I I I I I I I ]
0 10 20 30 40 50 60 70 80 90 100
Time (weeks)

Just verhmhy Hnise fiXli yutthanaoferi zed by four
sur vi val, afhuarrcdt iroat, € pbfabbm ¢ t & ydefaronn ¢ teiso @ u a | |
XAl | t hese wheiywhfmmmacecti izends he behawirers of t
i nterKmowienlg oneotohert htehmr,ed heeeesdevewvmlneéc
has a range between 1 and 0 f or percent ag
call ed the hazard functi on, whi ch speci fi
of ti me

There araendieidtlearbelnits hed approaches for s
ThikapiMaen er cur v e -piasr aamectlra bce i epet diwonn .C 0 X
proport i orneaglr ehsasziaornd samaearl ayrea tsr iV tedp peamlcihc i 1

assumption oard dvianeyi bgtcowvwakhtakesaomar £ mat
appr cachl y, machine | earning using surviyv
possi bl e

VAN WESTERNDORP VIS&URVIVALANALYSIS

To f it PSM data into sur viX=al)“tfaaemewor Kk,
Speci fically, we have 4 prices from | ow t
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1T X1= Too,cKE@pheaXBExpenX¥XdVeo expensive
T Al saot iss¥T y< X2 < X3 < X4

We treat each named pr.i
we expect to | ose a cus
since we can win/ keep t

Traditiosapr 6S6My much

e point from PSWN
me r ,dore caasu sseu rt vhiev &
cust omer bel ow

Cc
o]
e
thfe tr hsee pfladruard e 3 us W
u
f

ura&esillustrated i n oHFIii mreo 4L£stOmatway hteo
“medi an,” or some sort baseline surviyv
bl ue | ines in the demo pplrootp.orRoiro neaxl a npal zea,r
first stacking the data and then treating
coul d e mppasnXiao f each rdddpweadieab| est o cons
survivalOmrwe v survi vawecanor vbenscabosgl atuet
cur(vew @ and | ocate the pricdlphodgdi m@tt
shown her e, ot her functions of .price incl
Fi gukKeap4Men er Curves for 4 PSM Prices
Price Level toocheap cheap — expen tooexpen

1.001 O

0.751

2

3

3

o

5.0.501

S

s

=]

w

0.251

0.004

0 100 200

Price

NEWTON MILLER SVIITH EXTENSION

Questioning the Original Assumptions

I n NM®ach respondent gvabwet wa |IPRRu tatmbldens e
P3both fallingi foewevewineww a@arndc dnvert t hem i
According to wahagbr ngt ndIiPriaaraRpik yw ha sckhe da,r e
pur cihhmatsen'tt iomn taoneddlagpo e x peharn ev es iparri tceea O h
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respondeints ar psiukchasieni nhiem tti men ochudgywie es hbo v
the solid black | ine. A smoot hed curve il
fitted

PSM i s oft esmmesw dand Itiekseal yOmeu pcean oar gou e

we s lexypledc t a higher Pwhemhmatslkee | p kaeltle hdot®hdecrio
t hingd fegwealaccept t htilatarlgy meemavyi lit snemmrs

purchase | i kel i hooNIMSa tu ntdheer sltoaw eers ptrhiec emazrok
| ower price space and inflates the final
This | eadospotscalouro pmodi W ¢ dte purn gh aasad N |
pr obaP0DMhietny pequ &l to O to 1 instead of 0
compl et.elWe ftrheeen | n tPedv e o)l lad t€ 29Ed oupstliandy by t |
respondent P8 asmes ears nNeMa®D, O . This gives us
an individual demand curve for each respo
alternative curve. With this assumption,
shaped survival cur ve.
FiguPerB8hase I ntendAbfeann&tebspendent
o | R . P
* - NMS original:
P2 ® Reported
T 2 g Inferred-NMS
Fn —— NMS-Direct
= 2 . NMS-Curve
2 ©
[e] .
. ° Alternative:
E ; 3 ® Inferred
E < | N Alternative
o ©
w
2
2
£ o
o
= ~/P1 P —
X0 X1 X2 X3 X4

Price (X)

Need of Modeling

Besides arguing that we should amend th
i mpr ov e mamotd eflrionny per specti ve. The eoerigin
parametriti bygzagpeggad across i1 ndividual
i's no mention on how one shouP&nBl&atreer mi ne

e
a
S
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e S ame, i mpl ying a range of opti mal proi
spondent .c kBuwut shovw lteo ppii ce wi | |
commended price.

We propose a par amet r i We inbddbetl r iodhu t&ivbSn & a t

= = ~
® O =

we | | applied itho sax puestsaedr faan d Isydshiaspledo s @ r ivie
form with |2anpdarlaonteh.ep\sasroitbibvtee i s gr eater t
t o tOhtei sne t o Ag¢ s@datr e par ameters on “shape”
respectkivediye 6 shows 3 dif fneggr et ds urfweirveal
| AlTAval ues. This shows each customer’s pur
characterized Swinicke et gsMRBRt kamaesicfalwef or ms
wi s h, al | ot her survival rel ated features
mat hemat i cal expressions.

Figuwei 6ul | Survival Function with Differen
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AWei bul | survi val functi on can >3bs® tehxepr e s
shape panmdc@es et he scale paramet er :

w Q Q)
Or I - (2)
Or IT 1w |11 (3)
Or ITT1® (1 Tlo |17 (4)
Or 0 O ® (5)

To fiurvaveit buwWeiebul I function on data p
cadchi rect !l Fgeat i onan &dniunse anrg fmea xtesd mo d e | ( Duu
Choat,P2@dbh2iro andABaeextptRreaddgf swhmiadc h olne a d s
to Equation 5 as ssihnopMne Iwieneozarn meel gstroe afrsistfo oar
data and backtAidcal test hEi itihanh eaasichglcal
(or rifftedt s) mo d e | onwthhe hwhever atgedy sarmn
pool ing/information borrowing-l aeredbosa resp
i ndi vi duahla se smmannyataedsv ant ages over fitting
respondent i ndependently based on only a
ustehRnl meckage to fitefdermad Rl imbadael®?. .0l X e d

Ore mi ght specul ate that some alternati ve
f the attractive featur esWeifbttlhis evend & u | |
6it the type obbetdtagra taldam elb @gsdsititdea emo d e |
ompanrd smade but not reported here.

i)

lllustration of Potential Applications

Fi gur e wh ashheo wesu r v € #4r | doi of kf el ri eknet i ndi vi dual
happy with the individual curves, the tot
these iIisBdtwoi ppaduce different types of re
revenue curve.
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Fi guiSe géiemg Respondents on Their I ndividual

100% -

50% -

Purchase Probability

0 50 100 150 200

Price
Segment 1Low 1/3 == 2Middle 1/3 == 3.High 1/3

Bayesian Estimation and Inference

We al so r an ayesi an est3tntaQa ropeetnotaelrt he s
01 7)a Probabilistic Programming Lhnogsage
Bur k nema k2e0s1 7 )t simple by all owing al/l mo d
Figure 9 compares the posterior di stri bu

f feheindes. Tohfe preifor panel slhaotwso rt hlee s s siun f

[

rieorres appl ireeds botéob sl telty oduomi n a'thed playg atth e da
hows when we set the prior @n utshea s@alre w
stri bat itdmi tpgawea a strongeosiefioendesor
Ifwe compare the two poster,wbrchissrabaoui o
(or thhefl pveke, opwpr maek af 58nomt iphalclkeebf a
47t o t hehat gwe .i ntend to demonstrate here

2
(

R
d
p
S
di

[
knowl edge about price can be injected in
under the Bayesian fr amewor k, etshpee cd aatl d ,y i
situati ons | i khea vlcoong csearrmpsl ea bsoi uzte tohre dat a c
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FiguPes®erior DistroWeakenm Compiricoger Pr

b_a_Desercegn b_a_lstercop b_a_Inteecept b_a_inevcept
ﬁ“ RULRIY : | il
d '(l m\»r\. _ R A il

b b [nsercept b_b_lnteecept b b _imercept

od_reapsd_ b [ntercept od_reapsd__h_lntercepe i sd_reapdd b Erdercopt ad_respid__ b Intercept )

1 - ;". 4
LY w‘aé&w&:
; *«V“IU‘HM“&VQ ‘ lﬂv.l’ “'r ‘Nh‘ \
‘ A <\_ _.v ..f ol A )”[ ly 'nu.l.. ud
Using weaker priors Using stronger priors
A few points iamags vao rctoln crhaurstiiooan on t he pr c
NMS. AV il d-lu enVde | estimation can be ea-sily ac
effects model all ows i nformation borrowin
i ndi vi dual het dreovged n eciothye raeemd egrboyu gt ewmwe ing d
noi se. pPAdtt hohugwin her e, ot her det ail ed i nfc
respondents by percentiles can be easily
with range not Il i mited betweenmpbethmenoed
i ndepemhdeme fr amewor k we are proposi ng.

BEviPIRICAL DATA EVALUATION

Data and Measurements

Il n this section we compare the existing
the corresponsdihmg mwediaftiecaglt io @ wIPiSIMg PS M
survi valhnamiogihwawdNMSM®e Atbatl &l of 8 data set ¢
al | i ncluding traditional 4 PSM questions
by intended purchase shares. These are al
types of respondents and product categor.i
by forcing the awkregewraloft d cditelmepTthigmrafilacceu s
pricing point that prodautcensdamhmhe dewgihatsitom
bootstrap weabhlOOD®&blde alvssummari zes the r
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Tabll@omparamseog 4 Met hods on 8 Different
Summary of PSM/NMS Input Data Bootstrap Comparison on Optimal Price
Mean Standard Deviation
4 PSM Prices Intent at x2,x3 PSM NMS PSM NMS
Study n x1 x2 x3 x4 x2int x3.int Old New Old New Old New Old New
1 155/ 18 50 76 101| 75% 49%(39 46 59 48|16 34 3.0 49
2 100|121 50 74 94| 32% 34%|42 52 71 39|39 55 76 37
3 90(28 50 70 91| 53% 37%|48 45 63 38| 4.0 2 45 338
4 150| 34 50 56 61| 21% 17%| 46 47 55 32|14 17 12 05
5 120 22 50 80 102| 56% 33%(54 52 68 5455 31 49 26
6 165| 16 50 76 110 97% 75%|29 50 70 59|09 27 22 17
7 70|30 50 57 67| 72% 59% |51 49 59 46|45 27 22 1.2
8 170| 14 50 70 101| 63% 59%| 38 47 69 43|35 48 41 31

Average 128|23 50 70 91| 58% 45%|43 48 @ 45(3.2 3.2 3.7 27

Note: Bootstrap repetitions = 1000; Old = Traditional PSM/NMS; New = PSM survival/NMS Weibull

The first observation goes to the highld:@
opti mal price of 641 /f3 ohm dNWMer. tThhars tilse ane:
price of 48 from the other 3 methods, qui
| ar gest standard deviati on.

Among al l 4 opti onsp, O0sorli wetl rya“dtiodraor ceal ledt aegel’S
pr iXde tm™)ysuggesting Hdimfimiugmtcele byveartat proi
optimal price from traditional PSM has ne
ot he met hods Lastl vy, the results betwee
(i learc]) vehitlhe results from the two(inew met
= o, suggesting some convergence between t

Figure 10 shows the detailed bootstrap d
data set. NMS 1 n igogresent s ttama sr ioguht i dhu @ otsa
the mul ti modal di stributions suggest a ne
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FigurkBodtOstrap Distribution of Opti mal Pri
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IMPLEMENTATIOR RPACKAGE

A packag®oumceplkRnwi Gi t Khetbtsphsar/e/dgiotnh-ub . cor

md)¥ or free access. Upon favorabl e accept a
t he f or mail e Ro ghattct&kpasg:-e/r /og reacrt ..ror 9 /. wdlh/ep od kaang
of fer at | east the foll owing features in
T I mpl ementation of the core methods/ cal cul a
T Si mpl e ard nicrtti wint icvad | s

T Documentation and exampl es

1T Detailed outrpatdy a@maphegsr t

19 Diagnostics such as bootstrap confidence i
T Subroup anal ysis
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https://github.com/mingshan-mds
https://github.com/mingshan-mds
https://cran.r-project.org/web/packages

To keep t heomdak aeca saldf easy t o use witdhtl
knowl edgeaof tRBR, | avpl t he Bayesian esti mat
initially due to the requirement speci al
However, we still pl an to share some mor e
Github for itnhegseswhka ame exploring further
especially related to more intuitive prio

SUMMARY AND RECOMMENDATIONS

Method ological

Sur vi vali sanparloypsoissedtihe Qgeinerpapéouasati or
alfyosri sa coupl e of main reasons. First, t
ves ar e y similar to he cl assic su
[ i n NMS exc t t hat it i s
e of avail abl e t hvieioxreedt i c al C
ptt i n respondemdspomcd etaklow f
[ i Il 'y model

c <
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< =
D

t
ep

» "o

S ome of

3300 mW3IM®O O
O cCc 53X O00 P+ C S
~——Bo-~oo8o

e
n ffers more
: S o] t
tions f o u her model i
h the intenti®instwndenprtolvei t her iagian gl
osed met hod modi fication is built on
We could al so consi der hiommntdhat opposi
ons should be askedhenprheef pestcept
ndents mortebetrteen sedypamtd tathes omodel |
cheap?” price is ambiguous to the r
ei doat hsucwvhsgsalucuroa a
ed first f cGa biGemomgalr or
ve some similarities to
So t o
ul ng

-T:mm(nog.
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> MfSU rNtM8e aabi@Galt at negnepr t
be al so i nterest.
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On PSM, our bootstrapping exerc
encouwrheega&kamniga brielsutsyit ngf boot strapp
i nvesti gatacotn ooff rtehsepoinmspe di stri b
standard PSM could be beneficial. There ¢
report tXh2za nXd3wet hoet any consideration of
shown i n t heiesmsp a poe ro,v etrhsattatse t he opti mal p
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On NMS, we question the ptuhtetbaseheapénpr
and thus call for caution and change as I

overstated opti mad price recommendati on
We hwipteh f urther val i dity checking that
further considerati on. We are al so very e
to benefit the mar ket research community.
l

1;5'

i

Mi ng Shan
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ESTIMATINGWILLINGNESS TdPAY (WTB GIVEN
COMPETITION INCONJOINT ANALYSIS

BrRYAN ORME
SAWT OOBHF TWARE

This article describes how to simulate V
and focused way than either t-pepodoomon al
Ssimul ation approach The common approache
overstatwe WITe&Pcommend si mul ating product e |
set of alternatives (including the possib
bootstrap sampling for estimati on of conf
gener al ippavelrd udnextension called Sampling
estimating WTP t hat can be tailored to ma
firm s product as wel | as competitive rea
are i mpl emeontthe dSoifnt wsaarwet’os deskt op mar ket S
Lighthouse Studi o and al so as standal one

INTRODUCTIONAND MOTIVATION

S nce the inceptiroems eoda rcdoatrlweii nrts @al g deltnyt ssi sh
i nt uwayiswed ot igf v t h eartptrre fbeurtreenrclesed \a @ (lyes.tge.m, ms
Willingness to Pay or WTP). We should not
i nvol ve ot her currencies such as time or
coul d bestwismat ¢ oOWTP on other such currenc.i

Hi st orically, raiwkrenmtt amwtoep dr tSioh ¢ WAT R
quantify the i mpact of atshabatefl|l pvefere
sensitivi tHo weivrearl,a thireemau.e ntol yl ed $ kOavde rtWT P.e
| ast decade, t hese requests have only 1inc
packages compute WTP, but depending on th
often overstated. T h et ecnodmntoon oavpeprr sotaacthee si tt,
explicitly consi der competition or t he ab
tend to average across respondents rather
respondents on the cwpgmpdafctc Heasiumge st. he e

To promote better practice and more reas
procedures outlined bel ow considering com
simul ati on. These procedures are now avali
smul ati on software package, t hough resear
could i mpl ement -usheedn ti o los.h eEv evi dtetl-ayu g h we
use software features to compute WTP, w e
i nvol medrpneting WTP results, many of wh i
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FAILURE TQACCOUNT FORCOMPETTION

Il n our opinion, failure to account for c
i n most commonly i mpl emented WTP apmr oach
a 2001 paper | attehre i@hecbokripnogr aSteadr tweidt hwint h C

(Orme D0 6220, )pWlegave anbasgsadipugoh960s TV show,
l i gamnmdd ulsetrewrndanig ur e t o acamudtatfeo "'WTdo |
i Mdotast i s marooned on the island and
sengers appearsseloln pahses asgcee nbea crke atdoy ctiov i
diehres r i ¢ h aMpre.amiFdolwiem 44 t o pay mads s agea sf of
wi fandL dbwergteilIf a second equally seawo
rifder h®bom@O Howel | of cour s eT hgelod msg e 0 ft h
s il lusttaough Ms .t HaweetVvens willing a
It daares  avail abi | i tt ygeoaoordds prni d dmeodmass Wddepilfta ¢
e boat) cannotf cWTpPt urse ntelming amo uretpr es e
wi | Itihreg ftiog mpdy r ine nthhaen cceudr rfeenati unsaersk et p
cul ation should account for competitio

OV ~Q~**+TTTO(Q

4 PTTOoOTTT TR0
— 0O oOowVwWan —~+—

=
(@]

common approaches to WTP estimati on
ity toof toegphhe aodutt canidnf | ated esti mates of

Q
(@3

1. Th&l gebr ai coanpurt @eac ld ofl rlcam st lpeerpruitdd ef unct i c
uti landses) thidi tbecenvestonheti aityi bet wek
monetary .@dgusvabganbsg hdkeconendi vi dual l evel us
WTP estimates for the sample can be made m
means) across respondent s.

2. Thtewpr oduct mar ket ssiimull attiesn reppromaemt s ¢
just rtswaoonwe of the product: one wilThé and on

rifoe the enhancedi g e aduypowsatredt avhidaer tnri ogdiaurc t

ing our simulator’s GBOLVEFODRSSHAREe § uarcé

.5@lrce difference that equalizes the sha

te: ««hoibe fTutetfor simulating choice i

i ans apardoduhcet tmweor ket simul ati on approact

i nHboteevse.r, we generally recommend)the | o0g

SMULATION-BASEDW TPWITHPROPERC OMPETITIVEC ONTEXT

Twe ryteyar s ago, Ri ch Je@ekowsmendcn@ample tt ihti isveaugd &
mar ket s i mulfaotri oens WAl gRpdr odaccgiuont compet i ti ve
alternati ves asn wehlel nmnaasr kteh{€p IbecneBh@1 t er nat i
approach invollmas kfeitr sthosicrmulf @atri ndne unenh

! For WTP estimation via simulations, we generally recommend using the Share of Preference (Logit equation) approaclirfgr estima
likelihood of choice for competing alternatives at the individual level, then averaging those results across resposid€htsiceijr
Randomized First Choice, and First Choice on the Draws could be used, but we would tend to prefer the Share of Preteehapeaggiing
on individuatlevel logitscaled utilities for WTP estimation.
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Il n such unusual cases, WTP via vhel dompet
sol ution.

PROPERINTERPRETATION OV TP

As wi trhetofdhdasppr o WTR ¢ opnmroensestlea f ¥ er
[

ence
rel atai ve f (el adsenees | of Famr eetxtarmph wet, e .i f we'’ Vv e
|l evel s of speed (|l oownsamedrbeoame&dndshbichghpsw
speed) and estimate the valuereoefeltdmrebt he
For exampl e, the rekative WTP estimates m
Low speedN/ A (reference | evel)
Medium sp8B6f (relative to Low speed)
High spee#8120 (relative to Low speed)

NON-ADDITIVITY ORNTP

Mo st approaches for estimating WTP for a
a product ff easteur esr atfhesrn muhdamnaous featur
mul tiple attributes. A coommasseme orhan WhHI
addi ti vedaprmadgilen bRidresexampl e, i f each of
esti mated WTiPn dbif wegsdbda iwheemnpendentl y enhanci
product, it woul d be extrapolating beyond
conclude that t hes Whe!l f aneaaelds It i >a basteu ca
is 6 x $50 or $300.

Si mply summird@i WBP twalaceount for di mi ni s
cumul ati ve product i mprovements (which is
the | ogi't functi on) Summi ng WTP values a
due to buyers’ WwWhegetiamgr eafnisn g att meé spr i ce
may very well push the wutility function f
t hat refl ects greater price sensitivity.
mul ti pl e fse artud rteasn etoauksd ny ; it just requires
product foll owed by a venuditbepatelir € e ( agad
vis relevant competition and the None al't
trialroandrerusi ng Sawtooth Software’s auto
NEWADVANCES IN SMULATING WTPFORCONJOINT ANALYSIS

Ne xwe | | dtelsermbadvances within Sawtooth

esti mat.ing WTP

1. We’ ve aut ompat edéd afuisnedailrecghc hanfgleatsnbpad eeof
preference(ii.nedi,f feeqqueaniciety i n preference sha
case versions of the firm s product when t
alternatives and the None
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2. Pr ews,loytwm@&net a str augihnd oo wmraor slodwtapywatree con f i
i nt ewhvead susi ng tmarkedommenudfexdri ocno meppupt ri onagc hw

We’ ve implesmenapdisd ompdcbindfiedence iaterval
WT P

3. For instr@&meesowlpeti tive set isn’t well

€ !

kno

account for uncertainpyoponseompeéepiendi redueaea
SamplOfagenarios (SOS) with varyihgrfbathre
the firm s product as well as competitors

CONTRASTS T® THERN TPAPPROACHES

The ctomomaompr oaches t odeessctriinbaetdi nega rWTiPe r

i n

algebrai anadpevwwo @acdiuct si mu)laatei amr a&@mpoi sd ¢ It ,
account for one or mor e of the foll owing:

T The firm usually doesn’t hold a monopoly
provide the enhanced features, someti mes

0]
a

T Competitor ®t ¢ccammbpornoavtiopdfe f eat ures or prices
preference despite the feature enhancement

T Competition doesn’t necesdadrei Ilpyr onédursai n st a

enhancements in myriad ways, either rati

T Comumaren’t forced to buy anything, but
alternative).

T WTP prismhaoraibldysi der t h e ktestwiptomld etnd sohre away

firm s(phodacbon the cusp of buying)

on

us L

f

T WTP should depemrdertn gdsei ththomd g aadeppr Ceece
could |l ead to a differtemanbb@®e f oadsO0np reindh & n

Some apprecaonlvems cataot i on of product featur

addi tional pr ofpirtod utcd tehads afdiafgorechdai @ mpet i t i
reacatnas siunay game t heory framewor k where th
are guided by profit maxi mi zat iSechgaal s u
approach wusually meqggi festknewcongtsesr fasse
(such that profit may be computed), whi ch
2We’ ve | ong adv oc ahferdonjoist modgs artiBor easetofiinmplernentation and efficiency for practitioners in the trenches

we've relied upon summary point estimates rather t Implificatiorhittet gr anul ar

departs fron a full Bayesian treatment for representing uncertainty and confidence bounds. Instead, we employ bootstrap samplite to esti
confidence intervals for the simulatitbased WTP method. Another simplification is to conduct bootstrap sampling withiantieeHB

estimation run. Formally, bootstrap sampling should be done with new HB estimation runs (a separate HB estimation étstesgh bo
sample), rather than just bootstrap sampling the posteriors within the same HB estimation run. We compare tressdtsfo approaches in
Appendix B.
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t u aNteii d rhse.r of t he t wo
| ogwu irree knowl edge of C

n O
—~ 3

petitive simul a
S

o O

S i
be

The Fixed C ompetitors Simulation Approach

Wh etnhe competitive set I's known or may b
specify the firm s base case product and
competitors within a si mufl acta npne tsicteonrasr i doo. e
to be specified; but the 1T mport @Arsts pb es/ter
practice for conjwe @t o mme khd tguasall mgtlya-ti inodn sv,i
| evel utilities from hi eMiaxrecdh,ilLcoagli &Bianyielsaira
estimati om mstthomhs e WTP for features asso
pr odtwcte,mpwpoaye ftelree hic md is thfae recehn cweh)i cahp pfrionad s t
i n price associated with a product enhanc
the firm back to its original Whreenf earnenc e
attribute i s not the focussolbaWwd Pcaseéei smpeée
for the firm' s product. We can repeat the
sampling to estimate confidence intervals
| east 300 bootstrap sampidenterineasovnabl
more bootstrap sampl es if hi gh preci si on

The Sampling Of Scenarios (SOS) Approach
Th& mplOf&genari os ( SOS) approach i s a wuse

t herte aesmtainty as to the base case produ
uncertainty about compeWh a to r mhad le erd@SpQpSri ot a cohn
di f fferemtt he fi xed icomplat twe srappaobadlhy s
randseml gcompeéetpiotsiivtei oni ng as wel | as randor
product for which Fwe @&mae hestaimpateidng cWhRT i
i n the same way we’ ve described above: t h
enhanced tprsoedtusc ti ttshashar e back to the oric
Our appr ol@axihnyt @l ®OSmor e than just a gene
featur es. |l acespeaaitfifed, cécbaamreaasuWanntgi o m
firfnmd @uesr iomg t he competitourF'r fexatmprl es avred
assume the firm cannot tchheaenwe@meotootimeamd o
att rsiWeauduess e a r-ckeesfeiamedhebbase pri gce offomwet ltan
generial itzoe cover t .Hfe temda icoempetiictei wea nagfef er
certain atwer ichant es pleecv elyse,tt hhes e oampelt U S i00 IIBS ¢
assume the brand |l eyél thesdcirant el wietvke st

3 Dave Lyon, the reviewer for this paper, suggested (and we agree) that the SOS approach could be used for generahseysigifity
attribute levels. This is where we specify competitive scenarios and obsewelct hanges to the base case |l evels o
the share of preference outcomes.
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mompoolry pam emeértain other feature(s), t hen
from taking on such feature(s)

The reader may wonder how | ong it t akes
WTP estimation for al/l Statmmpil b ntge Of i Bcae nat
It takes around 5 to 45 minutes for the t
experi mented with. | f performing bootstra
ti mes as | ong as this if usm nighathepsctod n twia.
a |l ong lunch break to overnight to finish

The SOS met hod seems robust to variati on
Ssimul ation scenari o. (Appendi x A)

EXAMPLERESULTS FOR ONJOINT DATA SETS
We have testedi WgPthet nmwt Samplusng Of Sc

approach for nNine conj oint data sets. Al |
constrained price to be negative. For com
approaches for computing WTPonhhaal deht ai a
wi t h rhadd apnrecodsuicrhul at i on) .

The results aaer dasrCpCcohatsaseteqnnit The SO
|l ead to the | owest esti mates of WTP of th
go beyond | imitations of the other two ap
|l ed to the foPl owiogsaverage WT

Algebraic Approach tq 2-Product Simulation | SOS Approach vs.
WTP (medians) Approach to WTP competitors

TV Data Set (n=382): $106 $99 $79

WTP for this TV Data Set i s fairly repre
dat aset s, where the SOS approach wusually
algebraic approach usually |l eads to the h

To add mor enaxloy soirs taond hdkeemonstr ate t he a
SOS approach to WTP, we can estimate WTP
Let’s i magine our product has a patent on
t hat we can waeei thatntbhberaontdom dr aws of
this | evel. I n t hat case, WTP f or Bl ockou
case where competitors can i nclude this f

4 For the algebraic approach with medians, we generally usewpstt price coding and constrained price to be negative. We calculated the
dollars per ute by referencing the lowest and highest price levels.

5 For the 2product simulation approach, we generally simulated the two products starting at a price point about in the middlenirdlofviet
price range. We felt this would better approximate average price sensitivity across the price function than, for example, always starting the
simulations referencing the lowest price.
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As
WT P
br an
RCA,
know
pref
t he
dr aw
br an

Bel
esti

WTP for Bl odak owtt hwiutth Part ent
With Patent: $87
Without Patent: $56
a second exampl e of the strength of t
for Bl ockout technol ogy hol ding ev
d. There aseotdr €8Cbsandyg-1@90kkcti&a, i
and Sony From past experience t h
t hat respondents who prefer Sony ten
erring the oWhPrabalbwsss Weiognt hanSO
WTP pr duct al ways carries (i tur n)
s of competitors take on t Bleo coktohuetr btyw
d is
WTH or BIlboyc kBruand
JvC $4
RCA $50
Sony $66
ow, we report WTP results for al ni n
mation to 1.0 for compari son.

TV Dat(an =S3e8t2) :

Algebraic 2-Product Simulation| SOS Approach vs. !
Approach to Approach to WTP competitors
WTP (medians)

Mono to Stereo 1.12 1.11 0.77

No Blockout to 1.09 0.99 0.92
Blockout

No Picturein- 1.14 0.99 0.87

Picture to PIP

Column averages: 1.12 1.03 0.85

CesAma pDaha nS&)X3:9(

Algebraic Approach 2-Product SOS Approach vs.
to WTP (Medians) Simulation competitors
Approach to WTP
Brand1 to Brand4 1.18 1.10 0.71
A2L.3 to A2L2 0.95 0.93 1.13
A3L1 to A3L2 1.05 1.03 0.92
A3L1 to A3L3 1.03 1.02 0.95
Column averages: 1.05 1.02 0.93
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Phomaeat a(hnS&)3:6
Algebraic Approach 2-Product SOS Approach vs.
to WTP (Medians) Simulation competitors
Approach to WTP

Brand5 to Brand4 0.80 0.95 1.24
A3L1 to A3L2 1.07 1.07 0.86
A4L1 to A4L3 1.01 1.08 0.92
A5L4 to A5L1 0.87 1.04 1.09
A5L4 to A5L3 0.95 1.05 1.09
A6L4 to A6L1 1.03 1.05 0.92
Column averages: 0.95 1.04 1.01

INDI ADMat a nSdt 0

Algebraic Approach 2-Product SOS Approach vs.
to WTP (Medians) Simulation competitors
Approach to WTP
Brand9 to Brand4 0.97 0.81 1.22
Brand9 to Brand5 1.23 0.78 0.99
Brand9 to Brand6 0.96 0.64 1.39
A2L6 to A2L4 1.23 1.12 0.65
A2L6 to A2L8 1.82 0.87 0.32
Column averages: 1.24 0.84 0.91

Crui sé@altianneg&g&)0:0(

Algebraic Approach 2-Product SORApproach vs. 5
to WTP (Medians) Simulation competitors
Approach to WTP
Carnival to Norw 0.83 1.29 0.88
Inside to Ocean 1.17 1.14 0.69
Older to Newer 1.02 1.08 0.90
11 days to 7 days 0.87 1.13 1.00
Column averages: 0.97 1.16 0.87
Cons Data Set (n=120):
Algebraic Approach 2-Product SOS Approach vs.
to WTP(Medians) Simulation competitors
Approach to WTP
AlLlto AlL2 0.75 1.10 1.15
A3L6 to A3L4 141 0.87 0.71
A3L6 to A3L5 1.20 1.05 0.74
Column averages: 1.12 1.01 0.87
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Chspr Data Set (n=356):
Algebraic Approach 2-Product SOS Approach vs.
to WTP (Medians) Simulation competitors
Approach to WTP
Brand4 to Brand3 1.60 0.81 0.58
A2L2 to A2L3 0.96 0.99 1.05
A3L1 to A3L2 1.30 1.13 0.57
A4L2 to A4L1 1.79 0.79 0.42
A5L1 to A5L2 1.31 0.98 0.70
Columnaverages: 1.39 0.94 0.66
Fl at ScDhaeteaanF&)5:1(
Algebraic Approach 2-Product SOS Approach vs.
to WTP (Medians) Simulation competitors
Approach to WTP
Vizio to Samsung 0.75 0.96 1.29
1080p to 4K 0.62 1.07 1.31
No HDR to HDR 0.91 0.98 1.11
60Hz to 120Hz 0.81 1.43 0.77
3HDMI to 4HDMI 0.86 1.25 0.90
Column averages: 0.79 1.14 1.08
Studyl Data Set (n=420):
Algebraic Approach 2-Product SOS Approach vs.
to WTP (Medians) Simulation competitors
Approach to WTP
Brand3 toBrand1 1.32 1.05 0.63
Brand3 to Brand?2 1.16 1.09 0.75
A2L3to A2L1 1.04 1.05 0.92
A3L1 to A3L2 1.31 1.01 0.69
Column averages: 1.09 1.03 0.88
Across data set s, t he Al gebraic

Count i

Aver agi

134

ng

how many

Algebraic Approach (Medians)

2-Product Simulation Approach

i meisgleasth mapedoWtTR,

6 out of 9
3 outof 9
O out of 9

Sampling Of Scenarios (SOS) Approach

ng

acr oss

Algebraic Approach (Medians)

2-Product Simulation Approach

t he i

ndi

Sampling Of Scenarios (SOS) Approach

ces for

1.09
1.03
0.88

approach
| weal

h e ni ne



Refetoi hhbe rel ative WTP price indices, W
WTP values that are onproeoeuagesilmdn AoOwen
20% | ower than the Al gebraic approach wit

BOOTSTRAFSAMPLING FORCONFIDENCEINTERVALS

Wecan devel op confidence intervals via b
using HB estimati olnevealo wti lhiatviees ndBoo tdaital
sampling with replacement (repeatedl y) as
seNaot e that sampling with replacement me a
wi | | not appear i n a given bootstrap samp
As an exampl e, t he | NDI AA data set has 12
sanmpl of t hat data set each involving 1202
standard deviation of the WTP values acro
esti mate of the standa®d8 €rmes. t Thkenstf anda
t he 950 nfi dence i nterval range.

Here are confidence interval resul ts usi
set:

INDI ADat a nSd2 0@
SOS Approach vs. Standard Error Lower 95% Upper 95%
competitors Confidence Interval Confidence Interval

Brand9 to Brand4 $45.0 $7.2 $30.8 $59.1
Brand9 to Brand5 $33.8 $3.4 $27.1 $40.4
Brand9 to Brand6 $10.6 $3.7 $3.4 $17.9
A2L6 to A2L4 $43.2 $4.2 $35.0 $51.5
A2L6 to A2L8 $4.5 $2.3 $0.1 $8.9
CONCLUSIONS

Wil lingness to Pay (WTP) has been chall e
right . Al t hough conj oint anal yswstphbi mes u
realliosotkiicng mar ket scenari o context s, t he
f roomijcoi nt anal ysi s data have weaknesses.
algebraic met hoglr machudc tt hsei rﬁUJI/eEtOictrwoapproact
using conj oi nt mar ket S i ul ators that i nc
appropri atoen da mgxd tuidti ng the None option) I
esti mates of WT P. The mar ket simul ati on a
focuses the estimation on respondents who
averagi ng r eosnudetnst sa cwhoos smarye shpave rel ati vel
feature enhancement. The Sampling Of Scen
simul ation approach all ows us to either g
competitive rearcdtonspeoirfito asicwompt i ons |
brand name or feature enhancements (e. g.,
commer ci al CBC datasets show t hat t he mar
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set of compet i tmarn £ so mtnaiarve r WOR &Dt%U | ower
al gebraic approach.

AREAS FORFUTURERESEARCH

|l ndi viiedvued|l ut i |l i ties from HB estimati on
i ndi Wiedvued | anedv eupplearggr egat e) i nfor mati on.
boot samppi ng aneovneg IHBweurt i | i ti es from a si
under state the true sampling variability
estimated the wutilities using HB for each
resampbnggthen HB utilities that have been
respondent sampl e. Esti mating HB for each
amount o f time (typically 3 to 10 minutes
havelahlyeamaumber of choice tasks rel-ative
| ev el utilitied erveelly ilnd g man itome wpperonf i
be understated by much. However, for spar
tsaks per i ndi vi dual rel at i vlee vteol pnaordaenie tcearn:
fairly | arge 1 nf-ll esveanlc ee otni mdtee s .n dWes i daimg a r
results for confidence intervals Idt ween
i nvol xveishg mae¢ i on of the HB wutilities for e
more work could be done across a variety
Running HB with useful external covari at
respondent ut iolviatriieast.e sT hnuasy, pursoivnigd ec mor e &
confidence interval esti mates when wusing
vanilla HB estimation without covariat es.
hel pf ul covari atiensg cagpuwlrd prda aitre rhesftleecmgene
with a healthy number of choice tasks per
few usef ul covariates related to preferen
change much whetpbaratstymbhorngadiB beot str

>

Bryan Or me
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APPENDIXA

Robustness of WTP to Number of Competitors

We have found t hat WTP estimates are f ai
number of competitors in Sampling Of Scen
Usionme of the CBC datasets cited earlier
robustness of WTP estimates for a given a
Speci fically, we varied the number of ran
scenarilos of 8@®m The results are shown bel o
Axi s and indexed to 1.0 and number of com
axi s
WTP SOS Method by #Competitors

12

11

T S A S

01

10 15 20 25 30 35 40

For this CBC dataset, t he WTP with just
than t hend4d®WbBPomwhet i t ors are assumed. Af ter
competitors, the WTP stabilizes with WTP
when using 5 assumed competitors.
We examined the same i ssue for a second
assumengedc i t or s, the WTP results stabilize
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For the softwar e,
This would seem to
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APPENDIXB

Bootstrap Sampling within the Same HB Run vs. Separate HB Runs for Each
Bootstrap Sampl e

To devel op WTP confidence interval s, we'’
sampling the posterior wutility estimates
run (estumati hgesiBj ust once) . Yet , since
| evel estimation (each individual’'s estim
me mber s of t he popul ati on) , we may be und
Formall y,e imorwouwlpgprmpri ate to esti mate WT
estimation performed on each bootstrap sa
i ncrease the time requirement for obtaini
making it prwoiht bonewve. for pr ac

How much our simplified boatrstowapppitmngnadsp
confidence intervals depends on 4 kbeellegr e
model ) i n the posterior utility Ebeilmas es
each respondent’s wutilities should be aff
surrounding popul ati on. Thus, for CBC dat
tasks per respondent , we’' d expect t hat t h
confi dence intervals wil/l tend to be | arge

with relatively few tasks per respondent

We compared WTP (using the simulation ap
confidence i ntervalaseesttsi nfaotre st woo ra pt ppwroo aCcBhCe
approach as wused i n Sawtooth Software’ s i
sampling among t hlee vpeols tuetriiloirt iiensd;2wiitdhuianl t F
approach wher e we conadwictthisne peaarcaht eb otbB set srta
use those utility estimat esa.niHFdra tHBe ecd mpr
with no covariates (i . e., a single popul a
dat aset was rel ativerdnd tsipearstehermnwi had 8a crhel
number of choice tasks (20).

We found washkh CBE€ #data set t hat the si mp
confidence intervals about 25% narrower t
estimati ng HB hutbioloittsitersa pwistahmipn €eBaCcFd at & h e e
confidence intervals were about hal f t he

We conclude that the simplified approach
the confidence idattavatl s f ewa nsiglatds es @Byl en ¢
assumption in the upper model . | f using o
more accurate confidence intervals for WT

T Using CBC datasetsewhatel easpoiddenchsi aerswa

T Using a-quewiliyglmovariates (related to pref
more di sperse representation of heterogene
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Taking these steps wildl at i apvpiusge appt da
I mpl emented in Sawtooth Software’s mar ket
accurate estimates of WTP confidence inte

We should al so note thatScasenagi osir( SO} w
approach tends to increase the standard e
compared to using a set of fixed competit
competitors adds anot her sourd¢cea dodfacvar wahb
SOS approach, the width of the confidence
l ncreasing the soft @GampelOsScgerati og WDt hnom
bootstrap | oop (the default ing 3pA) cwinlfli dre
bounds. As software devel oper s, we have t
and time to comput e. The def aul t of 30 Sa
bootstrapping | oop is one such judgement
REFERENCES
All embeyg,, @eff Brazell, John Howell, and Peter

Product GQGurarttaMa®miel nGcamdcsl 24 3.1
Chr zan, Keith and Bryan Orme (2017), “Becomin

Software.

Or me,anBr2ypo01, “Assessing the Monetary Value of
War nings and Suggestions,” Technical Paper a
https:// www. sawt olod &nd/otf ¢ avtap &p /croond eltoavmny . p d f

Or me , Bryan 2004, “Getting Started with Conjo

Edition.

140
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COMMENTS ONOESTIMATINGWILLINGNESSIO PAY

GIVEN COMPETITION INCONJOINT ANALYSI®D

DAaviID W. LYON
AURORMARKHEMIODENGL L C

INNOVATIONS AND STRENGTHS O RMES WTPAPPROACH

The preceding paper by Bryaw e@rsmen elr e s en

approach to answering the “willingness to
problem familiaranad tmhenys puracd i dfi omamy pr
form of | aughably high estimates of wi | | i
i s particularly satisfying because it i s
mat h. There is elowmedcomputiani way s$ nivhat ma
program t  hemsel ves if they had to.

Bryan’s approach recognizes or i ncorpor a
t hat some ot her approaches i gnor e:

T Respondent s
T WTP is not additive.

on the cusp of choice” are wh

T WTP is not absolute, but dependent on the
measur ement .

T The manageri al problem is to set a single
summari ze the WTPs ofl heterogeneous respon

The Cusp of Choice

Consider the foll owing graph of the | ogi
for a paxoidsu)cti n(txo her probab-aki 8y, ohsehmo:
some particul ar set of competitors.

L Allenby et al. (2014) address an evenmorg@oni nt manager i al probl em: t o ofhtulkknowledyge t he cl i ent
competitive responses. |t essentially involves setotsiThigdireetypri ce t hat
addresses the value of a feature, separately from WTP itself, and typically suggestsrgsogiterease than any form of WTP analysis
does. However, their approach places limitations on the formulation of the price utility and requires knowledge of @llcampes ° cost s or
margins.
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+Feature -> +Utility, +Choice

_ Probability of Choice

Total Utility of Client's Product

f the respondenttbeudbnlthg ceErae aahd we
ature to the client’s product, ut il ity
own by the red arrows. | f we al so incre
obability oé kywomaere ¢t mamht e ciascr eases
een bar at the | eft hi ghlights how much
This respondent i s on the cusp o
i tnye aorfe rc h500i% et hiasn t o ei t her extren
he middle is where smallish utild:@
[

ty.

S
b I
v e, t
b I

Consider anot her respondent whose util it

fi
|l o
co
pr
an
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r$t whiose overall utility for the client
w utility for the client’”s brand). Il n t
rner, and even with identicalceprice and
obability is far | ess. The respondent i
y etleey are not anywhere near “the cusp



14

0B

+Price -> -Ulility, -Cholce

+Feature -> +Utility, +Choice

~ Probability of Choice

Total Utility of Client's Product

By focusing on total simul ated shar e, w h
probabilitependenbss BFlanés approach i mp
on the first respondent than on the secon
arbitrary weighting or assignment of wh o
nat urpaloduirta lodgitt mo d e | anal ysi s. This is

Non - Additivity of WTP

Bryan’s reminder that WTP is not addi tiv
stories from the 1980s of anal ystspltel |l in
t heir price and expect mar ket success. Un
This is a common and concrete speci al cas

Context -Dependence and Sampling  Of Scenarios

WTP i s not an absolhuttéhevallue,ntb wto ndae main d
starting point, and on the competitive <co
above, respondent s’ starting points depen
Even more obvi oulsd ygompetyi tdiegre.n dWlokhh ftor a
the client wi || clearly be higher than i f
competitors.

Occasional l vy, the right client starting
exampl e, p hlairematcss umhay aHawe a definite tar
the competit-hkmoawn,s wifttlenatwted il but es t hat a |l
chemi stry or regul ati on. But more often,

f or WTPotohrerankyi nd of sensitivity analysi s.

The Sampling Of Scenarios (SOS) approach
situati on. |t removes any need to make an
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Sawtooth Software I mplemewnmtfatsioome  eate!l sl K

competitors makes it particularly wusef ul
fixed parts of t he situati on, when we Kkno
uncertain parts of the competitive situat
The basea S$SPOP8Bul d prove useful in all sor
WT P.

The Right Managerial Problem

Wh at underl i es bot h atnhlde t ¢ wedqgepoanftdeexrttaoe cceo rc
i s the adoption obBethengi emewpaget. offha puohn
problem is to find a price for a feature
coul d of course be gdnegahbhi pedceotsat hwod
X% gain i n market share.)

Si mul ating the effects of adding a featu

to address that manageri al probl em. Too m
statistical oo ufmmadi €£eme tuyefnyl twhAgved mak.
WTP cal cul ati ons. But why do we care abou

L

who won’t buy anyway, or who wiwlhlbu(yal, most
except to thédeextteentagigtr elgad es stionul ati on r
we shoul dn’ t!

Starting with the business problem and w
and Bryan’s approach does exactly that

BOOTSTRAPPING FORC ONFIDENCEINTERVALE WHY NOT THEHB POSTERIOR

I t i s good to see confidence interval s (
they are i gnored until a client asks (and
about the difficulty of cal cul ating them.
Software iIincorporated CI cal cul ati ons fro

But , iI's bootstrapping the right way to g
her e | tonafcgcroutnhtes r espondent sampling varia
uncertainty isn uetaiclhi trieesspga(rsdoameh ' nri egshpt o nsdaeyn t
ut i liistgineosr)ed when bootstrapping on posteri
any Bayesian analysis is the posterior di
how detkbr mimespemaddnt ' s utility esti mates
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i gnored when we use just t he posterior me
does nothing to re’store that | ost i nf or ma

l nst ead, we ceoqual irainng hpr iBeear e afcBragtan
met hod f or each of, |l et’ s say, 1000 rando
variance to generate the confidence inter
computation than working with 100 hgast st
woul d be the same.

Wor king from the HB dr awsltlhdosvewreasces woful

uncertainty in the moamdl,i mptv gruisande.e Ui
woul d be much more in the spierriitorofa nBsaweerss
questions,” as opposed -am afstienrg <shiomp Isit fryaipr
hi erarchi cal Bayes analysis down to post e

Il n my own experiments with a single stud

par ameter $ gsmdb *Tblarresapondent s) , t he CI s f
estimated fwemsHBulithaws® s as wide as those
bootstrapping, depending on the featur e,

whet D& rwaEs iutshke dmo am b&i wgORdes ¢ earseé subst an
di fferences, i mpl ying that the bootstrapp
t hat are far too optimistic.

Il n short, I beli eve the wuse of HB dr aws
srei ously considered. The results would be

not much. di fferent

Confidence Intervals with Sampling  Of Scenarios

The SOS process nacded s( tahdudsi,t iwoi ndaeln sv atrhiea c o

becauseabnpfathen in results for di fferent
Software I mpl ementation averages resul ts
s 0) bootstrap replications, and then cal c

aver ages.

Thusfortunately i gnores most of the wvar.i
woul d be to calcul ate the wvariance of t he

2 As Bryanalso notes, the implementation skips the Hggmation for each replicate that an ideal bootstrap implementation would involve.
There are good practical reasons for that, but he "s ebeesc aauss emuocfh tahsat2
simplification.

3 This commenter used draws from the losarel model. The uppdevel draws could be used in very similar fashion.

4 With current Sawtooth Software programs, there may be somewhat more human effort in using HB draws, in that the draeaptoustibe
andmanaged, which is not common in everyday practice.
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average those variances over the 1000 boo
overaalilannvce estimated from the bootstrap r
i nherent respondent/ model variance (not C
average variance within a replicate 1 s th
be

It aoroge-r umbryi m@ with more than the defaul't

n this commenter’s experiments (on the
bsection), accountd@sSngvi ft dhr 3t0h es cvear@airamse i
andard errerisnmeadvalonwidems by 2% to 22
%. This seems reasonably smal.l and very
t the i ncrease i n hadSf slaywplbeisng whouwath twio
rrespondingl Yyongkéofoun.di Bes as$ really

O o0 Fr non
oOcCc N T C

| f Cl s ar e cal cul ated from HB dr aws as S

exactly parall el i ssues apply for SOS: t h
t hat can be doneival eompwawgasional |l y equ
The vari an©OX2 iasd dee ds nhayl ISer i ssue than the
HB dr aws, but it wotud )Jd tbhe @&ea@acourtanfdora pipm o:
updat e.

David W. Lyon
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HLTERCBC: A NEWAPPROACH TOMIMIC THE

ONLINESHOPPING EXPERIENCE

MARCO HOOGERBRUGGE
MENNO DEJONG
KEVIN LATTERY
KEES VAN DERNAGT
SKI M

1. BACKGROUND AND INTRODUCTION

Many mar kets are hugely ft hS&KuUnelnd wal .whWint

say, 10 brands the mar ket seems to be qui
d fferent sizes or wvariants it becomes a d
SKU, but i n certain scenarios they may sw
brand under certain circumstances, or S Wi
becomes very difficult to assess which di
only has a tiny esrhdadnsseoo ft st nd mant ket s wh e
to clients. That i s most cl earadarwy ivmdi il é&u.
respondent’s shares of preference among t
a substanti al number of SKUs (even whil e
preference). This paper i s abhoeutp rae dci ecrtti aoin
such fragmented mar kets and i s about me a s
predictions with real buying behavior.

The paper buil ds upon an earl i er present

Mol en, déhiev uedpteBaonf tStaawmtfeoeor e nce of Septen
i's about an expesfSiumanetr e 2di dvhiic hSrroinreg st
di fferent component s:

1. “Externdl Wealdiidli thyt only do a choice exerc
woul d do, hbeuctk ende aalfseow cmont hs hladtoeig hwh atSot h
it wasva@etwaorvey with the samédmpapendemt s

predictions with the real choice rather th
survey instrument s.

2. "Filtér 1 @B€Che first wave, we did the choic
was the trad;tthieooaalh E@RIC Fwdl st lemu cCBOnor e | i ke
where peoplammdc swlilrd fbialsteelr on product attrib
choice.
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The two components were not accidentally

suspected that Filter CBC would deliver b
to make a c¢chaicde lihadgwmdeaerceta cal |l y | arger) S
a traditional CBC exercise. But t here is
means of hol dout t as ks, b eocuahuasaev itlhye isntfyll uee
t he o uthceo nteo nopfa rti s on. e fneotrhee |hiokled oturta dti atsi kos
t asks, they would probably assign tradit:
tasvlkesmere | i ke Filter CBC t asks, t hey woul
Wi nner . Teetonmley waly t o compeex peri ismd ot "h ad/ael
i .ree gl buying behavior.

This paper consi sts of t hree parts. Part
val i dity component. Par t 3 providaAgmlsd mor e
fi phtry 4 goes in depth about di fferent u

2. EXTERNALVALIDITYASSESSMENT

May 2020 we fielded the first wave of
i1t a si mul atoort hwaitt hf otrh ee accuhr rreenstp ommac
c tdiuacra.t eTgloer yprwaas mobi |l e phone subsc
t es: brand, dat a, mi nut es, contrac
O the surveyhlkRupreddchnoonpgl decause
at t he ti me. The simul ator that w e
oduct s. Thewacobhret Netdhferfliamlddwo Mk e n
dents in the fised ovavthevacsr ilt4€rmli om
ake a new subscription.

)
—

u i
di
b u
t

—_

S FPIT20 90
©

O o WL o
OU’)@D.D.""'OD.D
D
OT QO T OD® T

)

>
(&
c

y we managed to recontact about 2/
ondents qualified for the compari son
i ptionredrsdg:o (benlmo)y e2 p% had chosen
i der , (as much as) 42% had chosen an
(as much as) 37% had simply renewed t
rtant f ork douerc apurseec t“isctaaly iwiar wi t h curr e
ent product?” are phenomena that we of
nt, but seldom as extreme as these ac
uti |l ipgndent 'esv ea wyr rrerst brand shoul d i
i ct the same brand f or many responden
ondents switch brand easi er than t hey

< O T
(@)
=

=T D0 O T T O =
® =~ 7 X C 35 - cCc o
nw o - ~+=-ST QOO0 TO”

T QT m® " O

)

this second wave we als&kepll aestpploenydema @&
wi th which provider, and in addition we a
respondents what we predicted for them, a
question why respondents t hodugehxtp eictt ewda st hda

148



respondents woul te xatnéstvaeart otrihsireragess eanlso uth at C
be captured by a conj oint model . To s ome
menti oned they got an extra uwhsaocroiumtti ovh,e n\
we cannot capture in the conjoint predict
expectati ons, because respondents mostly
dat a“t his brangdi .itsh etyo oweerxep emossiavtey or e f eh at n
suppbeede captured by our esomehdathemaeaedel

mu st be ample room f or i mpr ovement for cCo
As sai d, t he second wave was ai med at co
val i oiwt e Measur @b jwef dgiov € uvraes, but iidteawas r
measur e. Even data about reall buyi ng beha

steardg a few dozen respondents had chosen a
grised, we decided to omit these respondent s
few dozen r espondednattrsa nhuat de sc hcoosnebni naa t bi roann dt h
according to thdad .ve¢bsvsatse aofcombheée nlat ama ¢ ha

i nucdle i n the simul ator either). We deci ded
t obi.nal | vy, the repdathendutpes cer iodetdh@mibir mant
di fferent than | i sted on the webshte of t
we | | have been because respondents added
(even while we specifically asked them no
on the other hand, it coul d havte fboeren t he
renewing their exi stihgepebscreppowmade nWe
analysis and | argely foc-psei oaratbmphbhut een
mi nut es, and contract peri od) .

The goal was t o compamrd tthhee wwawee 21 agocrteuwda
match turned ouExhviebriyt fla)v.o rVdeb | hea d(bspeocet h e x p €
way . On an attribute | evel t he hi't rate w
random hi't rat e, buteabhitndavedwas$s PpPprobdut
t heoretical random hit rat e, and that i s

we tested many estimati gom%mhet hods (as wi l
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Exhi botmplar ik dRat ef vVRamgduwsnedi ct i on

SKUs in simulator 139 0.7% 2.5% - 13.5% 3.5-19

Brand attribute 7 14.3% 27.5% - 51.5% 2-3.5

Data attribute 7 14.3% 26.3% - 37.5% 2-2.5

Voice attribute 4 25.0% 47.9% - 53.9% 2

Contract duration 3 33.3% 36.1% - 48.1% 1-45

attribute

Att he same -ftulme,glaashsamps yalgd @asa , haslof it IS
mention t hat there is stil]l a huge amount
rates are not getting anywhere neat h#00 %
earl i er comment we made about the open an

the right brand for only half of the resp
of data for only a third of them (in the

On t op o fantdh gtwh efrtprr elatiblr ]ach d¥'c lagilp @&nds)
we see a pecullthhaa odirejnooinretn Homo e ’ilbumme d if otr e «
respondent , then they su-t efagmhdc Hdhssen da tpriem
l i kely the veaxsacpr eébdiammtde d!h altn ot her wor ds,
|l i fe behavifbe wehj|j oi But‘enbelepapdedorctadr as
then they might we | | have taken a premium
brand thatnthege haheapest” brand in part.
| ot but chosenSwgienr yt hlei tltaltet eirn craesael itthye br &
real |l i weéebebhgtwi or

Onpr acitdealt o I mprove pecedf cthensomhjuoi it
s to favor respondent s’ current brand mo
arlier Eur Speb@amhevT®®dc édxt ent to whioch t

espondents by their predicted brand (so

i
e
happen may vary from onehstutddetnoi sheonwesg
r
extremely price sensitive survey behavior

3. HLTERCBC AND THEC OMPARISON WITHTRADITIONALCBC

Te traditiomalse&€&®BCi n htahi sv study wasn’t f

one i mportant speci al featur e: the price
sum of at-spedbdbiutiec|l pviec¢e amounts with some
ACBC) . Especitalolfy dahea amowmi ving the pric
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i s was necessary to kweeCBCprliocese dr g asl

Exhi bBxtamplTeadf ti ofaasslk CBC

fot . ‘ -y
simpel vodatone hollands % - -Mobile- I:Z
& kpn Ovesalone || We. TEL
ta £ inbeperkt £ G 10 GE
aal
€26.00 €31.00 €20.50 €16.00 €13.50 Q150

Fil ter CBC | ooks a wot hf Aoaovi we, nawaddmy s e
on websites. An exampl e ofeExhiolwi i Bt ert CB&
attribute |l evels to be filtered in the |Ie
i n the middl Addntdiionnh gthhtey prangehlt. t op cor ner
to sort the concepts with respect to a ce

Exhi bBxamdpl e of T&skter CBC

Prijs par maand €16.00

Pris per maand €40.5¢

s

lsim@el o
Poter s pot maand €24 00

hasr el

¥ kpn
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Under,t Wemsg aatttwo but e design of 100 produ
sel ection of the 139 t hatThwe phraovdeu citn atthter i
been expanded to dat a, mi nut es, eloinfter act
speciohbaatrliyep l i ke i n CBC, i s calcul ated
some random variation.

The products shown in the choice task ar
i nsofar they fit the respondenntrcsadt d$tanre
filtered in by the respondent, so all con
the respondent changes filter criteri a, t
The concepts fitting the fiolrtdemr ,coirt emi ar
certain attribute if t he respondent has u
| ook at more product concepts than just t
The obvious advantage of t hés smoyrlee of t h
“reali sti espondents (at | east for certain
di fferent, met hodol ogi cal , eagaadt atpe ichop

from 6 to 100 concept s. Il n the FEiolnttcerptGBC
have been rejected even etxihpd uregh t rueast ppadn ceearncth
those 99 concepts individually. By making
much more detailed insight i n whta.t respon
The way we i mpl emented traditional CBC a
i mportant t hi ngn tAoB wib esbattht 5 s eparsd Miedlel .si gni f i

of t he

a nal

di f f ebrecalese
respodassingn
CBC tasks. But on the o
mu c h, sSsoO we gave each o
randomnarederst iingl vy,
of the two styl es
Some respondents menti o
“al mosal 1) keotrleer s
choices”) For traditio
choices avail able for t
the otbehehapdopl e 1Ii ke

al | vy, we
tasks and on 6
too f e@wiacatsaoper
match and we

a. 6
b. 3

Il ni t i
Filter

compar ed:

CBC
CBC

traditional
traditional
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respondent s
iThet avms agf

ment i

presumed
cBC
,we sdheomidceend .t &5Sog o

tasks + 3
tasks + 6

s aanmisitwepldg s eo@a wn ¥ dli wne
Ir erqausesd edld mtasl i tt 0 othaak e CBC ¢

t her hand, we woul
f them 6 tradition
did not h
sLOr sexwher i/
ned advantages of
oned di”s & dvoaon tneagney
nal cCBC, peopl e me
hem, so that i's an

traditional CBC b

ng HB i
woul d not
f orwar d

t hat runni
t as ks

Fi
Fi

CBC
CBC

t as

| t er
| t er t as



As a matter of deducti on, we wWbehdFatlt gaee
CBC performs better than traditional CBC.
EuropeanSgawlamebr ence, however with the
t hat (a) and (b) dil d rmont eme thfaartedr e aw.el @tolugni
t hat we were mistakeehi bnt odr wassesampar enso
but al so just 6 Filter CBC and just 6 tr a
( b) and just 6 Filter CBC tda stkiso npad r fCoBrGm t na
ot her words, 3 extra Filter CBC tasks add
traditional CBC tasks do not add anything
an indication that Fi ICtBeCr. CBC outperf or ms

Exhi bdotmpdari son of CBCTearnmis Foifl tHeirt (RBaQ ei n
and Mean AbsTakuhee Bh éPher c hase
o Re s pondenBes cahanatr tke

Hit rates Sum of hit rates MAE Sum of MAEs
SKU)  Provider Data rb‘l:'_r;,'H Contract - SXU) Provides Data ‘.'_"..'n\' Contract

Random 0.7% 14.3% 143% 333% 3313% o6% 0.56% 73% B.4%N 16.2% 8.5% 1%
INITIAL VARIANTS
6 CRC + 3 Filter CHC 5.5% 47.3% 30.3% 52.7% 43 1‘«-' 179% 0.62% 7.55% 6.16% 4.39% 4.09% 3%
© Hiter C8HC « 3 CBL >% 29.3% 95.1% a4 ‘.'«‘t' 187% Q.0U% 1 25% bdl% 4 .04% 2.82% 4%
6 CBC 3.1% 3% 311%  483%  35.a%l BSON os6%  936% 581% 1150% 1053 388
6 Filter C3( 71% 5% 1% 50.% 451%" 185% 0.58% 6.67% 3,15% 37% 6.08% 2)‘

4. ALTERNATESTIMATIONMETHODS FORHLTERCBC (INTRODUCTION

Il n the previous sections wéehenbyCB8€&€nstnde
and©6tirel terHECBEvVvERSkwe al sdihaee i chmt prorce

Filter wiBeG e respondents tell us which att
creafa considerationt Bet d ¥8/e ucaanea |l ayfsisidsa it sBeuft
|l ess straightforward i Beandohbhbwutoddd ftehae
i ncluding that filter pr oceshkbetihmeds mag i on

di sauwues not avai Babt wari ec l5¥evd o ©@ hio g r A manm e g
St.an

4.1 Screen Alternatives

One way to think about the filtering pro

alternatives For eadhlmsraasmudndenty, ddhehra
compares this wutility to a certain thresh
utility greater than a certain threshol d,
utility than the threshol d.

Thi s approanpchi stent with the method deve
anchored MaxDi ff. There are two approache
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recommends creating two additional t as ks,
anot her whege ttchet hea etnsr d sohol d.

For the *“bad” items (filtered out) we CoO
t he bad i t ems and a threshol d, where t he

Filtered Out Response

Bad 0
Back 0
Badh
Threshold
For the good items (filtered i n) the cod
whi ch i s eguihwealdenmtl dttoe ms . So the coding |
Filtered In Response
Good *-1 0
Gooa * -1 0
Goodh *-1 0
Threshold *-1 1
| genegrhaelr e wi | | be a different number of
i's even possible that the bad set iI's empt
Whil e Latt er yt apsrke fasaurgsmetnhti,s ottwcer sy fa nd i 1
set of bi nary tasks. Il n our study with 10
t asks. Each task has two alternatives. Th
it em:
Filtered Out Response Filtered In Response

Iltem 0 ltem 1
Threshold 1 Threshold 0

Kees vandidert Waganal ysi s forotdhibg nmestyhod
t asks.

The set of binary tasks poses two probl e
the binary tasks vesrhsouws 1t0OhOe aclotngyweniantti vwehse. r
actually have two scale factor s, one f or
CBC:
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1. Filtering Process

Filtered In 2. 100 Choices
Altl 0
Alt2 1
e 1 o scale1 - Piow maind Ciess
Altd 0 < Threshold ) n gy -
Alt5 1 > Threshold P — .:-nm
s *  [impel A
Alt100 0 < Threshold . Bkpn 3 e o €20
s Sgee

3. Traditional CBC

- hon nd‘
¥ kpn [simped -

) aLe asw e [t e

| f one cannot apptliyers ewarhit ghlsy all ec d mmd o

suppl ement . I n t hat case there wildl typic
t here wil/| not be such a strong differenc
Il n addition to the differencechnosctahe, 6
filterinlgt procwserstels. noting that responden:
and maB8g, dwd. added 100 * 6 = 600 tasks. T
woul d cl early dominat e e a6abOysuppl Sme w

t h
tasksKdewnvanexdger Wamgnt ed with many di ff el
results are shown | ater.

| f one cannot apply separate scale facto
recommend atstkke atuwanent € wmnl it hatypcaadel|l tyhdr n

alternatives in each task (all the good o
di fference i n scal e. And adding two tasks
down is probably not needed.

4.2 Screen Levels of At tributes

The second method (preferred by Lattery)
screening alternatives. Rat her the respon
The respondent i's telling us déemttahkdlhe.se |
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Her e our
conjuncti
screening
whi c h:

— — —~ —
<K KK KK K

Mat hemat i

condi tiuolnt iaonldy nt hese

not
ob (Ut
ob (Ut
ob (Ut
ob (Ut

each

I n or

Pr
Pr
Pr
Pr

And

e Xxamp
t as ks,
t he

VvV e
def

of
of
of
of

of

compar.i
t hreshol

anal ysi s
screeni
i nes

i & nAdl nl ael nobgyo u(s2 Otlo4 )t hpea pGei
ng rul es. Using the at
those i tems remaining (

brand threshold &
> minutes threshol
data threshold &

> contract thresholdd

binary indicat
to determine whet her
probabilities rather

of brand > brand threshol d)
of minutes > minutes threshol
reshobada > data t

of contract > contract thresh

probabili teéwce§ds def i

hadt4ibaeavel s Woef wauindnad e
a specific | evel of t he
r mi nut es. The ot her attr

brand >
mi nut es
data >
contract

e@iblyl

d &

c aa nAl |l hursied ea

We t

*

used

ity
ity
it
ity
he
w e

ng
fo

t ned

| e

d

Task |[Concept

brand data

n
@

minutes contract price

1

0 1 0 0

0.3333

0.6667

0.5

0.5

s W W IN N [ |
N = N = (N = N

o |0 |0 |0 |0 |0 |C
O | |O WO (N |O
O |O |0 |0 |0 (O |C
O |0 |0 |0 |0 |0 |0
O |0 |0 |0 |0 |0 |0 |C
O 0|0 |0 |0 |0 |0

At t
t asks.
| ev el
filte
ordin
s hows
wi t h

We had
each res
we are ¢c

f a

of

t |

4

e

S i
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espond

men ,
SO

ev el

pondent ,
ompar.i

r er ipgehrtc ewnet ahgaev eo ft ht i me each | ev
ents changed their filters
mi nut esi twawa sal avlawasy § i U aea ecap toaul
14d8d olfexédle 3i50% of t he ti me.
| evel 4 (unl iNotedt mMinut les )t av
eWel woudlod gsnt inlult ecode the minut

BsSshat I near .

| tasks for br and, dat a,
corresponding to the
each | eveal caft oan caoatdtedi

mi ar an

pos

ng (G )F:}



|t woul d be erroneous to assume t hat a sp
sum is O (effects coding) when we are ass
attributes that are nots nfoldeklee dp raisc ep)a rwte oc
standard ways with dummy or effects codin
only 6 filter CBC t asks, we weighted supp
Il n addition to parti al profil e lcuoddei ng t h
those probabilities in the filter CBC t as
alternatives are more |likehey folberscC€BECen
t wo components to the utility.i tTyhe Bfuitr ¢the
also add the | og of the probability from
Ual XB+=

I n( Pex®Db) U+

I n( Pex®b) U+

I n( Pe®b) U+

I n( Pew®b)¥ U

e Gumbel
I t i s i mport anes ttiomantoitneg tthhaet 3wed iafrfeer ent
simultaneudt ashyweodas si gn each yrpeedp @nydpeemt 3t a
1 is filter cCBC (with 100 alternatives),
suppl ement al parti al profiThlke tasktsormalsielde |
function | oops through each tiats kd o easn do nbea sc
three computati ons:

t a_beg:a_end

resp_num - task individual [t];

task_typelt

vector [P beta beta_ind,resp_num);

vector [P| beta_w_scale beta_scale2 beta) ;

logprob/| (start(t]| sub_adj end|t| sub_adj
X{start(t):end[t beta Standard X * B

X/ start/t :end t], beta_w_scale
Xistart/t]:end|t], beta_w_scale
X/start/t):endt], beta_w_scale
Xistart/t]:end(t], beta_w_scale

Log of Prob(Utility > 0)
using scaled

task_typelt
vector [P| beta w_scale beta_scalel beta_ind,resp_num) ) ; et
logprob| (startt] sub_adj): (end t] sub_adj X[start|t]:end(t beta_w_scale);

task_type 't
vector P! beta_w_scale beta_scale2 beta_ind,resp_num
logprob| (start[t]-sub_adj): (end/t| sub_adj X[start(t]:end[t beta_w_scale);

As befor e, we have separate scale factor
the parti al profile filtering tasks (beat

157



4.3 Comparative Summary and a  Few Other Considerations

For screeni,weg uasletde ran actuisvteassm Gi bbs sampl e
Stan’s sampler for Ascaeeasndeat tAl bmrtigc e e
sl oweerseo 0 Manyr efers to determine the numb
unconstrained Wagcdr €dlatpe i med esll o.pes, an unc
mo d e | produces sever al tmeshett ioweegUasti ilodpee)s. ( w
price, sttlogpesnconstrained aggregate-. INL mo ¢
A summary of t weedi ther ¢ woe sneth dalbldds ows s ho

Filter = Screen Alternatives Filter = Screen Attributes
Kees Kevin

Gibbs Sampler in R Stan (NUTS sampler)

21 Price Slopes 12 Price Slopes

Filter Process = Filter Tasks = 6

Weighted 3 Formats in many different Wit aditional CBC = 3

I n the table bel ow we show the many di ff
was weighted.

Exhi bOvterwy iAdw \Mafhe antWeHawieles$st ed

Weights Which CBC tasks Scale lactor(s)
Filter CBC cholces Fitanng process B0 chaces

r Initial variants
R l . 16 CBC +3 Filter CBC 0.333333333 0 0.666666667 all 6 CBC tasks constant
esults shov_vn Ll 1 lecsc 0 0 1 all 6 CBC tasks
section 3 6 Filter CBC + 3 CBC 0.666666667 0 0.333333333 CBCtask 24 and 6 constant
|6 Filter CBC 1 0 0
N New variants
-
#1 0 1 0
w2 0 0.666666667 0.333333333 CBCtask2d4andé optimized
LE] 0 0.5 05 CBCtask 2.4and 6 cptimized
n 0 0.333333333 0.666666667 CBC task 2.4 and 6 cptimized
|#5 0 0 1CBCtask24and 6
#5 0.166666667 05 0.333333333 CBCtask2,4and6 optimized
"7 0.166666667 0.333333333 0.5 CBCtask 24and 6 optimized
#3 0,333333333  0.566666667 0 optimized
#3 0.333333333 0.5 0.166666667 CBC task 2,4 and 6 optimized
SCREEN ALTERNATIVES — #10 0.333333333 0.333333333 0.333333333 CBCtask24and6 optimized
L% 0.333333333 0.166666667 05 CBCtask2.4and 6 optimized
#12 0.333333333 0 0.666666667 CBC task 2.4and 6 optimized
|13 0.5 0.5 Q0 cptimized
#14 05 0.333333333 0.166666667 CBCtask2 4and6 optimized
s 0.5 0.166666667 0.333333333 CBClask24and6 optimized
#16 0.5 0 0.5 CBCtask 2.4and 6 optimized
"7 0.666666667 0.333333323 0 eptimized
#18 0.666666667 0 0.333333333 CBCtask24and 6 optimized
L Im8 1 0 0
SCREEN ATTRIBUTES 04 04 02
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5. RESULTS FORLTERNATESTIMATIONMETHODS FORHLTERCBC

Bel ol hiinbi t 6 the results of everything
“rrandom pPaedialcahwuedblh benchmar k. Every wvari an
than a random predictiisonhecdsgyadepn whaei ainit
proceasmpeat ar ms wor se on MAE.e TShHaiusefwar i an:
mo st respondent s, so that was unstabl e. B
process dauver wfndrymatsi meoltabbaot cebe Ot her t
rates doubled compared to random in most
random in most vari ant s.

Exhi bOvter& i e we ou | dildgaaeoifa n tweshatvtes tt e d .
For Hi t Rate and Mean Ak$fbdbfete Error we
purclhhdseespondents.as the benchmark

Hit rates Sumn of hit rates MAE Sam of MAEs
S Provider Dsta Minvtes Coetract SXU  Provider Data Minutes Contract
Rancom o 12.9% 14.3% 3338 13.3% W, 0.56% 7.9% 4N 15.I% 9% 1%
INITIAL VARIANTS
SCNC + ) Tilser CBC 55N FY AL 10.3% 2.7% a1n” 1795 0.62% 6% (3.9 aa% s PELY
& Filter CBC + 3 CRC 7.7% 30.5% 29.3% S51% s’ 137% 0.60% 7.5 64N 0% S3% Jan
6 CBC san s aas sasw sanBEEE o.00% 9% SEN LN 10 >\-
& Filger COC Ta% 30.5% NI%N 50.5% 514" as% 0.55% 6.7% 3% 54% [§19
SUREEN ALTERNATIVES
= Ls% MS% 16.2% 5L1% 0.77% 12.6% % nT% SON oS
“ 1A% 273% UM% 497% 0NN 119N L% s [
L) 1. 2.9% 3L.9% 47.5% 0.05% 10.¥% .3% 3% 34% s
a2 15% N 875 293% 0.63% .7% 10N 1%
- 1% WIS s S0Is 0.66% 9Xs 1L9% 10.4%
- 61% W% 36.5% S19% 0.67% AN AN L%
7 1N Mm% 16.9% LY S 0.65% BN 30N 2.0%
. TA% 50.3% 2.7% 51.5% 0.66% 6% 245 A%
= 8% B.9% .% 20.5% 0.65% 0.2 15% LN
e 131.5% 22 16.3% 2N 0.63% 6% 14% TA%
" E3% a7 9% SL7% 0.67% 7.5% 1a% sI%
=12 9N H.3% 315% SL3% 139% 0.62% 1% 2% 5%
LI%) e s0.1% 34.1% 52.9% aasn” 190% 0.60% 6% 25% 5T%
na s8% 0% 1% 295 asonf 1548 0.61% ass 10% 9%
s 2% 3% 6% uew s 00N 1.1% 1% s
ne 2% 3% 35.9% 25 5% 451K 136% 0.60% 7.4% 7% 5.2%
"7 BN S1IN AT 53.3% a7ang 15N 0.56% a6 iz PR
=18 9% S15% 34.5% S2.9% PTRL 15 0.55% o8% 1IN s
1o 74%  03%  123%  sos% 4saN’ S TC S 12% sA%
SCREFN ATTRIBUTES

new s s s oxxTEN oo % 3.0% 7.5% 5A4% o

Within the 19 “screen alternatives” wvar.i
i's given to Filter CBC choices, the bette
extreme case ewhyen gweo rceo miphleett r adi ti onal CE
process dat a, t he hi't rate starts to decrtr
rate and MAE, t he shresst# Iperdmd md Ing. vTahra afnd
wei ght f or cthhoei cFeisl,t er7 % BfCor the filtering
for the CBC choices; the | atter has 67 % w
wei ght for the filtering process. Bot h th
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at SKU | evela.p pvaerrsaltihati a hi gh wei ght for

but enhancing it a bit with filtering pro
The “screen attributes” wvariant al so per
#15 ande#1%coktenhalternatives” wvariants,
choices is only 40%. Since the "“screen at
than “screégntahtemnghivéese the better way
posidgsuwlet rof “screen attributes?” mi g ht h a\
HB, although that i s not very | ikely.
6. CONCLUSIONS

T Real buying behavior of consumers can be p

model i ng.

o But there oemat ¢ of pl temeéry irmpr ove.

T Filter CBC choices on their own (single ch

predicting correctly.

o Especially so compared to predictions bas

tasks) on their own.

T Enhancing Filt ért€CB€E€ dHatd& with other dat a

in particular) improves predictions furthe

T There are multiple ways to incorporate the
attribute performs verygwkeylcomceaemptmpanmd sioNn
efficient in data handling.

Maacdo HoogeMbnonggde Xenwdgn LaKeesyvan der Wagt
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USING MAXDIFFINSTEADOF CBC?

PROS CONS, AND RECOMMENDATIONS

MEGAN PEITZ
ABBYLERNER
NUMERI OUS

ABSTRACT

AnchoredhdMax®i ¥én researchers a new set
the anal YWerstoflaBast Using the | hdirdant An
Louvorerthe Direct AnEKawor nnbaatpep rnpoavx Wwaebfl reo m
si mul Motnea lat éren a thia t we pr evi ouBsalsye do ndoyn jhoa dn
(CB.But can (and shoul d) we take our small
Anchored IMaxwe fdse,? wi | I Wei gepapemi $atrsr @t
under stand t he pr as samp !l cco CB Co fi ntt wbor minn Anc
recommendiamp loeammeVWdoaalion t est t wo new appra
Max Di f f dat a.

INTRODUCTION

MaxDiff versus Choice -Based Conjoint

Max Di f f |, ot her Wos es t k ifaawmn iaapgp r Béaasth f or me
preferences ffonreansl’"i ctanofi nicltl eamMe adverti si
product messaging, i mages, product names,
and morlemn a MaxDi ff expepi ecn2iMB¥ skewmendenat:
and arteo aisrkceidcat e whi ch ,i sorb essotmea nodt hwehri crhe
alternaaskeis Thepeated many ti mes, showi n
t a.s kTehseulrt i ng modwetcapedvsdesesatoo each it
transformed i nto ranks
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FigurExdmpal e MaxDi ff Task

o —— - — - § o—
e oy - — e . iy e S

Il n a -BasedeConj oint (CBC) experi ment , we
defined by two Tohhregmrdcei md meinn L nasr.e t ypi C:
“attributes” (i . e., brand and price). Wi t
Samsung, Appl e, Pi xel are | evels of t he B
used t o show ereesmpto ncdoenmhltisn adtiifons of t he | e\

Respondents ar®4 tcyopnictegpnilssy a$ & emestkierde t and ndi
whitcthey are most .Thé&el gskoi buyepeadt adyman)y

di ffereocnciegutceho Tras&ul t i cgemoees!| ut il ities
t hat can be sumaeptdr arcyg fosrsmead tudibmug etshe | 0
probabil i tsiheasr eo fo fc hposifcbee r(ehcopeepit bl e

combi natRiessresar ¢ hiemusl actaen hohw npesopl e woul d c
combinati on.
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FiguzExAadmpl e-B@ms®eidceConj oi nt Task

»

=)

3 : £ SAMSUNG
f o Sevwes Busulistion &
m . Commia ©
e
- SAMSUNG G & @Lq

Both methodol ogi es have their grmoesadand c
For exampl e, t he r é 8 hikttesneseafne @t hMa xsDdi niied t spcl aal
we can directly compare.tWbeseasgBafsrerdaog@hk

Conjoint,tdedaomeme wend only one | evel of e
congepthere isn’t a commo ne sa nacnydp irweea Igtl py oc a
compare util i t.i eTshiasc rcoasns odttterni bbuet ecsonf usi n
use simple math to compare the utilities
price attribute.

Bel ow i s a sunmmatriyve fprtdise amdnpaons t o ea
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Figu3Brds and Cons of MaxDiff wversus

oice-Based Conjoint

Which Method Should | Choose ?

One mi ght consi der |l everaging MaxDi ff i n
obj ecti veagr hporwecvteirt.i ddFner s, ei t omhgwvbeaaChart
Based Conj oint (CBChaklest g exnmadbsteinoe ghe
combi niartticonas manageabl| &oMarDiafmfp | eex p ear iCBeCn t
attributes, each with 3 |l evels, uraas thAi 3 o
i nto a MaxDi ff experi ment and wehofwilnlgow t
each of the 27 tot al combi 6@t mehs 20051 eas
could have a MaxDi ff (e27peirtiemesn t* w3 mohb sle7r vse

5 items per screen = 16.2 MaxDi ff screens
Odds are though that our desi gnuscpkadey,i s
we hlaevaer n e rftrhomn @ OWo2ltfhraatt hwe can | ever age
wher e weacshhow em toatalchasEcpoaampl| e, wi t
i n the study, 15 sets per respondent and

responden0. iQremswiitnic &a1th esOls®ew 8 pewer esponde
I t ems Apdedri tsi@hnrazlalny ,and Peidthmit( BOL&)y gehawtr
sean,-MEBELmodel t leatc haltda lama per ri ssopnprad een t
ta modedlwiwewdh ofperacnhceegmtée mhough the more
bet.t er)

No w, assuming we have a 1|i st of attribut
Max Di f f desi gn, we can | mpl ement an “anch
to all ow uSNotneal medaalatst hcews mtmloantpl ace 1 n a CE

There are two anchoring methods currentl
Light hhouslkee SDualloReismentseMet hod &ndmt Ber d:
Di rect Bi nary Approach MéendbdettompKewvwanh
1.4), we add a question to every MaxDi ff
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items are i mportant (al ternat
items in the subset shown) .

none of

t he
none of t he
Figu4buadl Response Indirect Anchoring Me

Thunking of your ideal Mobile Phone Retail Store, which of these features is most important and which is least
important to you?

Friendly sales representative ) O
Store front is attractive
Convenient store location O @)

Information about rebates/discounts

Considering just the 4 features above, which of the following best describes your views about which features
are Very Important for your ideal Mobile Phone Retail Store:

(O All 4 of these features are Very Important
_) None of these 4 features are Very Important

®) Some are Very Important, Some are Not

Il n the Direct approach (Figure 1.5), we
Max Di f f exerci se, and it -sccdmecdi)t loaer ab e aa i
questi on, and ye ul icsatn ofh oiwt earhse cernta rsubset

FigurPi de&t Anchoring Method Exampl e Q

Please tell us which of the features below are Very Important for your ideal Mobile Phone Retail Store?
(Check all that are Very Important)

[”] Good layout and design of the store

[] Do not have to wait for service

Variety of accessories available

[7] store front is attractive

[7] store has the phones that I want

Store has the camer(s) (AT&T, Verizon, etc) I want
Clarity of displays and product information

[[] Accessibility of phones for you to try

[C] Informational matenals available

[C] Convenient store hours (evenings/weekends, atc.)

[T] 1 do not consider any of these to be Very Important

Assuming the reseatrtchiebuwthes earetkihmtuwsdli sv e
combi naaan olmes managed wdebBignSpahseenbsaxDQgtut
whet huesre tGBC or Max Di f f to. design and anal

And because Sparse MaxDi ff di d Redtlt9e r t h
wor k., t h eo fh ytphoetwreesistothdeedbts e r vat i on of every i
could prove greater than CBC where only a
are shown.

And, riun wae MNL Latent Cl ass anadiyysinss on
are essentially the entire product combi n
product preference, not j ust i ndi vi dual f

165



STUDYDESIGN

Attributes and Levels
Thi s r essemarcth dusssefsh aty @ r lo @ u €Tvthael usaette do f att

and | evel Bali2e®e eedmplkoy nasnp ead itfeircn add@ sviegn wt
price attribute shown is conditional upon
di fferent |l evel s of VWoamse tAsdiedt amtd ft dire tCl
attribute is conditional upon the-asi ze of
camera i s not avail able on the 7" devi ce)

TablB8t2ri butes and Levels Tested
Size 7 10 15’
Brand Amazon Apple Facebook Google
Voice Assistant  No Voice AssistantVoice Assistant

Works with
Amazon Alexa &
Google Assistant

Voice Assistant No Voice Assistan 1Works with Works with Google
(IF Facebook) Amazon Alexa Assistant

Camera for

Video Calling No Camera Includes Camera &
Video Calling

(IF 10" or 15"

Price of 7' $89 $99 $129

Price of 10' $179 $199 $229

Price of 15' $279 $299 $329

Wi t hs etlhtee rsnpaetciivfei ¢ irre |l mltae@eaearhé fpasrilay 120
combi nadat tomislbaeofelssn t her e, each respondent
the foll owing cell s.
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OO0 0O T 0 QT O

FigurgatdipkRe Cel |l s

Choice-Based Conjoint N=259
with a Dual-Response

None Alternative

“Best” with a None N=231
Alternative

“Best” with a Dual-
Response None
Alternative

Best-Worst with a N=241
Random Subset

Direct Anchor

Best-Worst with an N=243
On-the-Fly Subset

Direct Anchor

There i s one CBC cel |, t wWdo r“sB e shte’el drmsl.y Tc
rimary difference is that the CBC cell o]
roduct c Nmlbi nat memdg.i on, although there a
ef &@Bl@tesi ghewt cant h Sof t war e’ osssilHdo w hd thpluisea't
oche jmtss t he goal i s obtain higdr dedrficiency
nteractions. Therefor e, it .iea hbt sreqekery
xampVen though we sbaoavwvelpfdasksmond yt abOaut 6
onc& et ani gque on aver age |lacrtdhses Baldtr gameal
el | s, al | 120 concepts wild@ be shown onc
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Figur€e®CBIC with Dual Response None

CBC with DR None

5 concepts per screen
Dual-response none alternative

Sawtooth's CBC Balanced
Overlap design with 100 versions

14 total screens
Note - we did attempt a
“smaller CBC design” with
10 tasks but the default
designers returned
unestimatable designs

Respondents only see /: of the
total 120 product combinations

If these were your ondy options for a new smart display, which would you choose?

You can hold your Cursar owy the Image 1o see § lrger version,

Figur€e®ndBest 0 with a None Al

Best with Traditional
None

5 items per screen

None alternative on every screen
Ask "Best” only

24 screens so that each of the 120
“items” is shown ~1x

Similar to “Status-Quo" MaxDiff

(Chrzan and Lee) except the
“None" is on every screen
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|Fthese were your only options for a new smart display, which would you choose?

You can hold your cursor over the image to see a larger version.




Figure€eld.niBest oDwat hRaNsopnoenshel t ernati ve

Best with Dual
Response None

1

If these were your only options for a new smart display, which would you choose?

You can hald your cursor ovey the Image to see a larger version.

5 items per screen

Dual Response None-alternative
on every screen

Ask “Best” only

24 screens so that each of the
120 “items” is shown ~1x

Figur€e 0ntBleWar st 0 with a Random Subset Di

Best-Worst with Random Subset Direct Binary Anchor

4 N

5 items per screen ;"',:;‘::: :‘”l: Sety options T & i Unart Sy, whech would pou be sl Sy 1 Buy 2nd et weudd you be
Ask “Best” and “Worst"”
24 screens so that each of the v -
120 “items” is shown ~1x A e — e

. X '%' facebock facebook facebook
Anchor Question - Now, which e.f,.? n...... l?_._ ‘-;P_ple n.......
of these smart displays, if any, e 6. 18 — S X
would you actually purchase? Oy s o alll | ooescianmaaad I e rogeacn <
Select 20 out of 120 random i :: s oy :.: ::
items to be shown in Anchor
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Fi gur€e Dlin7BeWar st 0 wi-tthkel g n SQmset Direct Anc

Best-Worst with On-The-Fly Subset Direct Binary Anchor

A 4 h
5 items per screen ‘

Ask “Best” and "Worst”

24 screens so that each of the
120 "items” is shown ~1x

Anchor Question - Now, whic amagon
r j ¥ 4 echo Bltcwox  Fjacewok @@ Apple  [Jfacebook

of these smart displays, if any, —— - —— e
would you actually purchase? O, -
Show 20 items based on i - [ “ioes |

Sawtooth’s "On-the-Fly" logit [ | -
estimation of ranks 1, 6, 12, 18....

108, 114, 120 ——

Holdout Tasks

| n“Ho | dbask, t he attri but e—hleelvde |t-hceo nsba nmea t
across respondent s. These fixed choice ta
paworth utilities estimated from the resp
are useidct or pspondent s’ choices to the hol
predictions closely resembl €hrzanarnf2Wwdrny
suggest t hat at | east 5 hol dout t asks, i f

concl Uadgsi osntsudy5CBneil tuhd el3u a l Rres Ilpd o istée tNaosles
woul d expecf{celhbdCBEsctdlclebDR @&lrlf or m best
DR hol douts because they most cl osely res

Il n addition, siirvee yMax @i fsft arc&ks ulatnk @ f pr
we al so i ncluded 5 ranking ehisod amdue n tqgsu evge ri e
asked to rank rSami omfuxttshe whreotuat t hey wi
buyhe goal i's t'modetdt heprreadspgoemndaearst snat ch t h

the product s.

The Models

Il n 5akl | s, dawehiceeatehi cal vBiatyle spgrainor( HBar in
and 5 degrees of freedom and used point e
settammigs 0K nisuramd .bAOKaddewms hgramtodrsact i on ¢
were included in any model
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Il n oowdissec afl e f act or (r eg paeinfsfee ree mtastr o li choru
noaf f ect t he shar e pr ediecatonlbodne la csc uerxapcoyn ecnrti
tuned to minimize the TMAE hadrdosud 4dlals kiso Ilwae
estimating the wutilities.

THERESULTS

Across the f iowvmpaacael Ith,e ve awmi IAlb sha ltu trea t Eersr
and how wel |l the modell praddctbsobhhepf Noee
curves are compared.

We al soi tbeild eivmportant t o have taom ceoljloeycat

higlal i.fTyhedatf oar e, we wi | | tooomat et hes men
per spect i vneediteaxmeni tho/lngo mphedo L Oh)Y-efr i e pv
percent ages, percentage of t hhose who admi
(i . e., easy VvVs. har d, fun vs. dul |)

Comparing Mean Absolute Eror

To cal cul ate the MeanuAbsokhumedElL-r oo €MA
worth fuoi | @édac¢lescoenhpgadrhshlaere wd @referaocceal

shares of choice (i .e.at frerquaeggli egat of| a
cadul ate the difference begedlhve etnh e sa b snalt etde
avertagean. The smaller the MAE the better.
First, -daomplwa tthalndout s, we find that CcCBC

MAE (Table 3. 1) both when using the model
t hNene alternative anhonae sacletnearrni aot ievxet | (uid.ien.
t he si mul ati oenX)p e cTtha dd osfaikndwal Intdjloheets t as ks mi |
| ook aofwoehdeése compared to the ot hers.
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Tabl eWidt.lBiamp | e Me an Albxscoll uudtihem gBNrornoer

CBC Best + None Best + DR MXD Rand MXD OTF
Task 1 1.4% 3.5% 2.0% 1.0% 6.2%
Task 2 3.4% 7.3% 3.9% 3.5% 5.6%
Task 3 3.4% 4.5% 3.9% 4.2% 4.6%
Task 4 1.7% 5.1% 1.5% 4.6% 2.7%
Task 5 2.4% 0.9% 2.4% 3.8% 6.2%
AVG MAE 2.6% 4.2% 2.7% 3.4% 5.1%

Tabl eWidt.iBiaimmp |l e Mean Almgd ludth@ gRNomer

CBC Best + None Best + DR MXD Rand MXD OTF
Task 1 2.2% 2.3% 3.2% 7.8% 6.8%
Task 2 1.0% 4.6% 2.4% 3.5% 4.5%
Task 3 2.4% 1.8% 2.0% 5.6% 5.1%
Task 4 1.3% 41% 1.6% 3.9% 3.8%
Task 5 1.9% 2.5% 2.0% 4.8% 6.6%
AVG MAE 1.8% 3.1% 2.2% 5.1% 5.4%
Whil e the previosamphbéel bel depost (wi ehijnc
si mul ated shares to the actual shar es us i

ouasampl e dat a t(he esi,mwloartpead | snbgafr easn & rcoer Ir
the actual shares using r es peoddemptlse fMAOENS
are best for the CBC and Best Nend®R <cel | s.
alternative, cewbss?d Bhad BopBrampt mi MA&EId
(Tabl e 3. 2, 3. 4) .
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Tabl eOudt.f8a mpl e Me an Albxscolluudthes gENrornoer

CBC Best + None Best + DR MXD Rand MXD OTF
Task 1 2.5% 3.6% 1.8% 2.2% 8.3%
Task 2 3.1% 6.0% 2.7% 2.8% 4.3%
Task3 3.0% 5.2% 2.9% 4.4% 5.1%
Task 4 3.7% 3.2% 5.6% 4.8% 1.0%
Task 5 2.4% 3.4% 1.9% 3.6% 6.3%
AVG MAE 2.9% 4.3% 2.9% 3.5% 5.0%

Tabl eOudv.f8lampl e Mean Amgdludthe gRomer

CBC Best + None Best + DR MXD Rand MXD OTF
Task 1 2.6% 3.2% 3.0% 6.6% 8.6%
Task 2 1.3% 3.8% 0.9% 4.6% 3.4%
Task 3 2.0% 1.2% 1.6% 5.1% 5.9%
Task 4 2.1% 2.1% 3.7% 5.6% 4.9%
Task 5 2.4% 3.4% 0.6% 5.7% 6.5%
AVG MAE 21% 2.7% 2.0% 5.5% 5.9%

Comparing Hit Rates

I n order th fadel, ceumieahtaes stahmee model s but C O |
share of preferaacealksshamaeesof choice (i

tasaksthe individual l evel. I f the product
chosen i n t hre thhoatd oruets ptoansdkeansto,a "t“ Haft iitt d cse
mat c h, it iI's ahmi ssm W thhers taxzkhkeo®ss all r

tot al cor.r efchte phla dpdtielr Itehlee bet t er
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Tabl eHi3t. bEat estdh@gNone

CBC Best + None Best + DR MXD Rand MXD OTF
Task 1 60.6% 61.0% 61.2% 61.0% 55.1%
Task 2 48.6% 42.9% 47.0% 45.2% 44.0%
Task 3 57.9% 55.0% 57.7% 50.2% S4.7%
Task 4 61.8% 53.2% 61.6% 52.3% 55.6%
Task 5 62.5% 51.9% 59.1% 51.9% 52.3%
[ AVG HIT RATE 58.3% 52.8% 57.3% 52.1% 52.3% ]
When including the none, CBC and Best +
r atTense. Be st + None al so separates itself f

Tabl eHi3t. 6Rmdlesdh@gNone

CBC Best + None Best + DR MXD Rand MXD OTF
* * *
Task 1 61.0% 59.7% 62.6% 42.3% 37.4%
- *
Task 2 60.2% 52.4% 61.9% 43.2% 42.4%
Task 3 64.5\;* 62 3'\-* 63.3'$* 39.4% 41.6%
Task 4 6334 62.8%" 60.4%" 47.7% 47.7%
* * *
Task 5 66.0% 59.3% 60.9% 41.5% 41.2%
{ AVG HIT RATE 63.0% 59.3% 63.6% 42.8% 421% ]

*Significantly different from MXD Rand & MXD OTF

Comparing Rank Orders

Simil ar to t hoemp htrlteam&t @r dwewe dammc est i mat
i ndi vi dual t o achteu allaonilkal mkgs Ad ddh&agEs dalsl coun
simul ated rank order mat ches t heakact thel r

sum of hit sonadcecerndsss dalvli dreeds poby. tThihee thoitgaH e rc o
rantknrat e t he -blent ttehri.s Nooalecul at i on, only an
and there are 51!, or 120 possi bl e ways th
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Tabl eRa3n.k7i ng Hit Rates

CBC Best + None Best + DR MXD Rand MXD OTF
Task 1 38% 36% 37% 43% 42%
Task 2 37% 33% 37% 35% 39%
Task 3 40% 35% 41% 36% 37%
Task 4 35% 25% 3% 32% 35%
Task § 37% 35% 38% 39% 38%
AVG RANK HIT 37.3% 33.0% 36.7% 36.9% 38.1%

I n ahlkei ng hit meahess peqbobvalecexertiepti v alyE
None. clehl tmiaveaeresdpeo,ndenssel ecti ng nfdhne 25%
perhaps is resulting in too I|ittle inform
design po edosoweenip f t-haskedi ddé& ms

Unintended HFnding

What is happening with the Direct Anchor?

When examini ngadltheofr etstud t i, r e ot anchor C

t he None is included in the simulati on, w
MAE score in parity to the other <cell s. I
exponent ( Talkklee tHh.a8) ,t hewe moarels si mul at es r
are two times nNome ”| ialselt hetyo asel eat t'he ot

Tabl eRa3w 85i mul ati ons from Hol dout # 3

Share of Preference Simulations

Out-Of
iiﬁﬁ:i CBC Best+None  Best+DR MXD Rand MXD OTF
ttom 1 19% 12% 18% 20% 10% 8%
em 2 15% 14% 18% 14% 8% 6%
Itom 3 7% 7% 8% &% &% 5%
Item 4 16% 18% 14% 18% 10% &%
Item 5 8% 11% 5% 5% 5% 3%
Nome  35% 37% 37% 37% 62% 71%
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Af ter tuning the exponent (Tabl ee&. 9) , a
t hat t he shares are fl attened in cell s 4

Tabl eEEx3ppc9nent i s EAahe@ewitthonMini mize MA

Share of Preference Simulations

Out-Of
iz:‘;iiz CBC Best+None  Best+DR MXD Rand MXD OTF
tem 1 19% 12% 19% 20% 14% 13%
Nem 2 18% 14% 18% 14% 14% 14%
ftem 3 7% 7% 8% 6% 12% 12%
hem 4 16% 18% 14% 18% 14% 15%
ttem S 8% 1% 5% 5% 12% 12%
None  35% 37% 37% 37% 34% 34%

Our hypot heses around the extreme differ
Direct Anchoe bl yhabhowendg damsstulbs eanothomrl
thus not getting a complac¢ceuvwagllldy unrge tof bwhy
addi td amnms e btehe i tems are displayed in a |
respondents mavyohawéybebonsSe@aas dtelwey | i ke
only ever buy one or two of these devices

Based on t hi d&deinmgelec thgAnchored MaxDi ff fo
t hBlonegd esear cher s s hotlod doawn ssi derr ipmrolpwedi n
anchor addi ti on, more resseanghtkoDi debée A

approach with a | apgetiicst aofyiitémen(y4a4868h
items in the anchor.

Price Sensitivity

Priseersiitsi vai tpyr i mar y deé a viehnearbelfeo roef, cwheo isci
an Amazon devi ce, a Facebodkgdepyhed &ahe s
pref efroernctehe Gesgi madedi teom each tnhoed e | w h
priodet he Gaogl e devi ce

When exclIlNoden¢Ft geBreesiNdb.nke) motshie cl osel y al
CBC price sensitivity curve.
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FigdrRBrice
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FigdrRrice

SerGoiotgil wiltDgelva tiee gNo n e

Price Sensitivity Curve - Google Smart Display
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$179

w e can

cell s. Then we can use Spear man

L=

$199 $229

@ Best:DR @ MXDRand @ MXDOTF

transfoeamchhiet agpgir egata

d the rank ordering of the 1
t hevecroyr reéiItabtniBeersst ar eDRhand

120

s t( Fciogrurreel a4t.i30)n
Figdrr8orrelation of Rank of
CBC Best + None Best + DR MXD Rand MXD OTF
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Model Interactions

One fi
bei ng a
downsi d
over fit

nal i ssue to address is the percei
bl e to automatical t e c atpotveelvee ra, | It hpe
e to this approach of a model wi t h
ting.

Sawtooth Software offers an -laggrleigkadlei H o
test, t hat all ows t he er aseanmnalyersitgmi duicak
considerWheeg!|l udnmigng this test on the CBC
deemed significant, and even still, t he g
mi ni mal (Rogutre wwedenonft wat did add t hi s
be up to 22 parameter s, a s mal | fracti on

Figurendedhacti on Search Results on CE

Fun Parsmeters n Model  Log-Ukebhood Pt Che Squars Value 2L PVale or immeracticn Thect Geinm Pt Cort over Mam Eflecty
o

0038101733

J57234745 0o4%

Therefor e, one can conclude that in this
out performs all t he exhaustive designs.

Respondent Preference

The CBICs ctehé qui ckest exdrecBestt o O&Rmpgledé
| ongest (Figualksb6. Aas Besesthitgp&®sit kelrppdoé
l engt h.
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Figbrfurvey Metrics

CBC Best + None Best + DR MXD Rand MXD OTF
Total Survey Time
Median 20 22 25 24 25
Drop-Off % 17% 19% 26% 21% 17%
During Experiment 14% 20% 26% 25% 15%

Throughout the paper, bad data is define
t hroughout the exercise or who hsatdr a@iweh tf |
l i ni n.g,Atetat gel aGhBcGk ,cel |l s seems to have the
di fferences across cells are not signific

FigbrRespondent Accuracy
CBC Best + None Best+ DR MXD Rand MXD OTF

Removed for DQ* 10.1% 9.1% 8.2% 6.6% 6.5%

Felt Like Cheating** 26.3% 25.1% 25.3% 28.6% 259%
Admitted to

. 10.4% 10.0% 6.8% 10.4% 7.8%
Cheating**

*Standard research DQ checks (half median time to complete, poor open ends, miss DO flag).
These respondents are NOT included in the final N/analys(s.
**“These respondents are in the analysis.

When rating the diffeeéenst smgmmtbem htolgyad g sts
ot her met hods and seems to be easier, mo r
( Fi guuaTédn eb5 BR)st + None <cell i's rated second
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FigbrBespondent SurReetyi Egkperi ence

Long ® 09 @ Short
Difficult @q @ Easy
Unappealing N ) ) Appealing
Dull @ C & Fun
Unenjoyable @& « & Enjoyable
@ csC Best+None @@ Best+DR @ MXDRand @@ MXDOTF
CONCLUSION

Overall Recommendations

| f we distilled al/l the findings, Best +
still oveegeabkem both a r espon(dhegnati na,n dwintohd et
caveat t hat t he hol dout s -lwoaH idn g ea pppxXrpead ke
Tlerefor e, even when the experi ment al desi

Max Di f f desi gn, one should stick to CBC.

Considerations for Future Research

Whi he B®stal +Respdngamst cl osely aligns wi
arduousspond®enttahpes appr oeavcidhahicteh @ emor e
manageabl e llni satddo ft i iothemso.ne coul d consi der

asking Best & Wor st + DR None, assuming t

The Bestektl Nosewel |l |l T ked by respondent s
| ose too much i nf dMomaet abbhe¢ by apipbtawi og eke
scr.eefnher ef or e, it i's I'i kely not a viabl e

Spar se deesdsgar i s ne
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With a | arge | i st of i 't ems, 6bnbhgwpde mowr ng
OTFR)eems t dNebearrei cloyn.cerned about how sevel
be tuned to align with siTmwlretfioaaet i 6infe® m itn
are your goal , and your Il i st of i tems is

Megan Pei Abby Lerner
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ABSTRACT

Screening and evalwuation of mar keti ng co

Il nitiall vy, product concepts were evaluate
focus groups ambnsauwdrn e Y3 fseagqtuemitnal monad
Li ker't s cMolree meetcreinads .t echni ques for concep
i nvol velaséddimet hod rssuc IScaad | BEegsBUl ¢ v ingr e
on advances i n, Poermddeaepgti one anarr ikteitess t r adi n
utilized for concepO0 l1¥dnnil aad i oma l( IDam@eas ed |
i mpl ement ati on, reliability, respondent u
researchers wutilizing these approaches.

Thaut hors describe an approach that ut il
research panel responds to sequenti al mo n
within a prWwidihdtni ¢'np egiagneethe r epr esent s a val
e v atleusar @ Ihantair ke t potenti aWherd @ar ¢ esnteald cwinte
purchase opportunity, a pl ayer may choose
presented price based on their i nf or med p
mar WPeti mtes cal | ected for correct deci si ons
i ndi fference price poiPmti cii degn twii it idoe chu wihileh iy
a | earning algorithm to progressively nar
for the tested concept to a precise range
i denti fies the t"That IFnddff éeemroaeepprcecei
aggregate mar ket iI's equally as | i kely to

The aut hors believe thehamnpt bmeptatenbdonadb
mor e r el i abloda hHparreedii tcit m a ItThmaent éarotdiofl io@ii a&ls . ma
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be tested with a static panwdr dth)ateswalt U a tai
an identical set of tested concept s.

1. INTRODUCTION

Successful product | aunches and mar ket in
to create products of g e nearnadl enfefeedc tai nvde ianc
copy to commurniukesh eafitdbasn dosfo dlwecitsg pr omot ed
l ncorrect assessments of consumer iinteres
devel opment and Prademenbnofesepnpaftestive
represents tthéeuaxgmedn dviitthroawto ROI , but al so
effects for the brand or product bei ng ma

We propose the Artificial Mar ket met hodo
address screening needs offheprAadtudarcdred ad
Met hodol ogy uses mar ket i nspired purchase
rel atair ke t strength within a prelWeunch tes
beli eve that the Artificial Mar k ett g whi ch
concept or stimulus and t hheasr tpheer cpeoptte notnise
crowdsource mar ket wisdom into a more r el

Ther poaeadv anrt ealgaetse d p bofoadceng xpedi ence r eal

byet Artifici al Mar ket t hat strengt hens it
Respondents participating in Artificial M
t hancouemgageame ht t haen dnmaerakrente st nTehses Aidnt irfei scpi
Mar kmet had t he ponéotmad byg bespondent i nf
di stributing group assessment i nf ormati on

considerati ons.

Thi s resear sah deanmpoerrs tprraetsieainivli ol f rtehpeo rtte cahbnc
exploratory executproel ioeghn d khyety it ;e ccdhaompgaurei swa r
commonly i mpl emeémd eglamdnt ewinlalt itvleen def i ne
research and devel opment

2. ARTIFICIALMARKETM ETHODOLOGY

BroadlAyti fhei al Mar ket seeks to create a
within a bounddeacdaec, rierstuée t aanlt gEealireddiavidése ta me
Potenti al for the ceacepics pamtisdeagalgei ng

pur cthaslks t hat mi mi ¢ mar ket opportunities
predict tore amar&kdcapt ed commddity mar ket mi ¢
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Arti ficial Mar ket participants are not r
t hhey have tbhlheenegadtte nftrioan tthee deci si ons t hey
t asTkhse. exer ci se i s repeated across partici
of concepts at vari ous mar ket poldasndd al “
priWie.hi nsthbiamaucri ®nmgs e deci si ons across the
aggregated sbyfobhowptd bgstan estimation of
whi ch seeks to fiindfltdéetbile@dwepmiattthwh inawmmbtehm
willing tepselklquahe ¢tbdbecnumber wanting to

2.1 The Basic Process

The process starts with aThistcahfh bencemp
of a stadnaocegtiasnieme f st udy or a continual f
contributing to a dat alasea sf raame wlhiech nitteda
respondents as brief concepts that are co
points that represents thBhimarkeftf @rot emd ii !
bounded hle scal e of 5 to 95 for an initial

Artificial Mar ket participants react t o
concept and the “ofttherwy” ptelwod ed gvgered d ti & emd rol
l i kely to epdalfudthe trles poormeat feels the *“
to howxptledy mar ket wi | | eval uate the conc
i ndicating “ Pdrfc htahseey iffeell Qdwel dconcept i s
t han t he enhayr kteot eivsalluiakt e i t , then tHlHey r es
For mal |l vy, using definitions from above, u
wi | | seek to maximize his virtual portf ol

i PW then partheipamcept | |l r éEdbpyrise = 1
i RW
a

7 1 f P
T I f P then participant will “sell” the co
For participant t hese purchase opportu
mul ti ple screens, so @afopxretpit si gamtm wihlel ps
avail abl e concepts &t &ahvarpeobyesf psi cepeg
mul ti ple participants and subsequent “pl a
coll ected for the portfolio of concepts a

c hhoc e s ar e stored wi t hin a dat abase.

Wi th sufficient edsatiacaatm obna mboaetnaa & .si raigtgir el

by concept and coded such that a “Purchas
“Sel | i f I CoullfTdt si shbobdedsaonae“Oariabl e
variable i n a |imited dependent regressio
i ndependehhr oaghabilt evwveluave ecleasem,t o util i :

regression for this purpose.
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The pur plosgimotiet hesegai fpodntumat whi ch t

mar ket as a whole is indiff erTehnet |[boegtiwseteinc
regression model e a Mhleyn It éared snairtkee | fi st o ntd
concept, 50%sofwitthe ngparntletpur chase the <con

the cdheepbg odd3 )ratisozef®B/ ( Baving the m
= ob 1M*Col |l ecting teb/msThiwe ifsi ntcheP*model " s e

Mar et ent i al for the concept

Once t he magdckerees piosnaneé d al or a concept, t
i ndi wiaduadlci pants are eveal acitied fortlker marc
parti.cifpeaasispendent responded “Purchase if |
mar ket potenti al score was higher than th
t he odfdmepamesdt he di fference i s deposited
“baak’t oluknetwi s e, i f a participant respondec
where the mar ket potenti al score was | owe
calcul ated and deposited as points in the

As points accrue ti nt hme pphaitsietds pcpanrns’'cO r &@c @O
rewarding the participants making the bes

program f or Tahlils piesreteinceispva nmtos .pur poses, it
wi t h t he epnrcoocug saky dasnidt h ef f orts in the eval
For uskeé& the artificial mar ket , t he cal cu
scale the portfoliascan estrhaadamcafn den uesgptds
research needs @fststhakpimienlgdamise tt op dthentti al
be used to benchmark ideas to a set portf
Stakehol ders can then use this informatio
phase in producta ddvaeleanmemdant or me d i

2.2 A Learning Model

An enhancement to the simple Artificial
al gorAifttlkem. an adequate number of exposur es
woul d be neede for f ulma tees toifmatthieo nc,o nac epprt
score i s obtai ed usi ng aWHhaederne aRbo) perbo(b.a% i |

r

d

n
Addi ti onal of fers for a concept are now m
narrowed around t héeepralsrmngar ¥y oestihmat of
narrows as mor e eTxhpioss unraersr ocawien ga cogfu irraendg.e ¢
addi ti onal exposures to the i mmediate por
i ndi fferen i nfl ecti on pdiistnliveau Ipdo rbte oenx
al gor it hm Xpected to reducertebeselmbe

[

(o
i
esti mate th nal mar ket potenti al scor e
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2.3 Learning by Participants

Il n the base model , participants tar @ hreot
tested concepts until after the market p o
credi't account sAaradapbaedoandt abme&ed®del ph
to distribute i nf ortnaati oenn caomwrnaggsets ptahret ipcar
deci si ons .Afot arheprmalrikmitnary mar ket potent.i
concept, participants may haveraandcesestti ona
for mar ket pot entCioanls issacerneas wiadrh cexrpceeptas.i
met hod itself, participants can evaluate
purchase opportunities.

3. TESTING THARTIFICIALMARKET

Testoifnd he Marrtkiefti cdoieagglan wi th a beta test
and expanded i ntodederite®dtedssdtiualwt ctowndt at na
celbf sr esheearAcrhit.i fTiamida la sMar lkednt threars tc opnomiomtl |y
uti zed methaimidudidd er eWoes ¢ Bebshg

3.1 Stimulus Used in Testing

The test stimulus was a batch of concept
concepts O©ohet Aconmaltfchocmampesetr elifat ed pr odLu
created within ansephompmrean eatr i taHeh el ame ol
aut hSoirxstoden hese concepts Meearceh sceolneccetped wacst
described i n a oDhaenxt, tdianglwea sp prraegraaehd i n
aomrss concepts.

3.2 Participants Recruited and Incentives

The audience for the test were students
I nst iWiutthiionn.t hi s sampl e, we expected to fi
creati on pr octehses einntvroel pvigedmp ewnrdiihanlg ®©lna x4 as s
students had either compl eted t hlehecl ass o
research team reached out to professors w
i nf ormati on andt hae ssutruvdeyy tlo ntkh eaibroustt udent s
taking the screening survey.

Participants understood t hat they were t

mul tphpadsees of research and they were to be
Arti fi1 ci al Mar k eltn gpeorr tt ii vwvens owe rt eh eg isfttu deyar d s
for t he top Rahrrteiec ippearnftosr nneerrse. i nvi ted t o

research.
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3.3 Research Phase

Cell 1A MaxDiff

Celdonsi sted of a saMagil mumubivefydvibemt €& r o m
Scalpremgent ati on ofMaxxibe ff eswasd chobismm| as. t h

research in order to expose participants
soat hrespondents could create internal e X
woul d experience in | ater research phases

Participants whoeceexadspkrde.stidan o le2dempt s
separate swirvleyt bbe rraémdcaoend epdsoaEht hentapl
was 3teiemme Vi t hin a task, whaadin cehptag ntiver we f 81
Li kdgloy’ puamcdh awki ch t hey were Udiemgtt il kKedly
dataye®Bi an cfsnwalma tnidon adt Bladgasi s f or eval

Cell 2 The Artificial Market

CePConsi At adi bAti ons to partikEapkhte i n t
participation featuwlkeédaga®doppo rctheasidti op por t u
randomly drawn conEaplkspoddeaedttiode Yad uad [etc e
using the foll owing copy:

Pl ease review the product above.

When thinking about the #Afinal product ©pot
product wéreaea etberedfa<lnsert test score>
|l f you think the AFinal Mar ket Potential o
t hen APwWr Onagerei tot her hand, i f you think t
should be | ower tthleaan Serfd egmotul varlei ctoed,ect ,
the difference between the score above and
Woul d you purchase or sell ?

Il nvitations to the mar ket w e 2wee eskp apceerdi 03d
When data coll ecti onpwaplay eadpnd ccd pet, wihteh dtal
potenti al bei nigne@&iswiodmaaelpd fUsesi ngatlbgi stic

4. RESJLTS ORNITIALTESTING

4.1 Data Collection

Datf &r expl owatsorcy |l tl & swieiekkg poveen oal T r om Fe
unt i |l Mar 6#fpa26, c2@aht s cowmpdfdtlerdt iafti dieaals t
t as3dkisompl et ed a si hgbaesrotatddcompéeéeakbdat wo
three 7 mes pondeaatshadaow | edleldMaxX Dirfefsear ct
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( BeWwotr st ) .Csoced If iifrogroetnit Isl s o f research were e
previously

4.2 Comparison of Aggregate Resul ts

Resul ts of both met hodol ogMedehreoef keisen
r both met hodol ogi es are normali zed, p a
e aggregateTMax®Oodffeluatil oniefs.t he nor mal
O met hodol ogi es amalsti ast £ioa@ i if Tyhcareeantti so fg e.n7e
nsistency in identifying winners and | o

O ~ ~+ =
0os o

Exhibit 1

——ArtMarket Concept Worth
o-Scaled Max Diff

- r=.7235, P =.0015

ConceptConceptConceptConceptConceptConceptConceptConceptConceptConceptConceptConceptConceptConceptConceptConcept
2 4 10 5 13 3 8 6 7 9 12 1 11 15 16 14

4.3 Discussion

Overall, there is <corrledgaiteiso.n Hoeweweeern, tth
mul ti ple reversals or di sagreements for t
the current data set to comment on t hese
explanations are worth considering.

First, sfaorrp | beo tsh zceesl | s wer e smal | . Wi t h
of sampling error i n the estimates become
considering differences in the resulting

referenpendédat srase being asked to contem
as I mplemented in the current t est
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Tradi ti onal met hods of, ciomcleypdi nge sMa xnyi faf

expose i ndivi atueaslt ecdo asstdii medelaucsea pko ndent t o
eval uat e itrheatsveadymtdu uneesa shurse oaf heti Telixipsge.ct e
process is repeated for a representative
summari zed i nt ot anpragwir depaitasgmasglbte @fi ci on s .
Within the Artificial Mar ket , respondent
t heir perceptions of how the makketg wiulklh
specul ati veeaAptriofaicdhi, al Mar ket |liy cioderotriafti

by Ganogwnknown as t he t“oWinsadkoem perae ddircotiw plosmist s
t hAd¢e t i firkieadle Mai or witness of mar ket wi sdoc
items being tested.

I n summary,
esti mate of i
respondents t
measur ement d
tested cell s.

the MaxDi ffdesn¢ sl tmg i aperoadh
nt ernal value for tested con
o predict how ot her particip
i mension &@masved hei poercancas i

5. FUTUREIESTING ANDDEVELOPMENT

Sever al research questuisons Acamdioms ad Mlae
as a metshodlaheogeg .questions include:

1. How do evaluations fcommaAret irfeil @italv eMd rok ett h
met hodol ogi es as more robust samples are o
2.l nompaammgvard, util ity tmaxa miizidmoap povfadourteotwi d
to concept evalwuation, which is the better
3. Camonsi stency between the Artificial Mar k ef
alterations in the evalwuation basis for ex
MaxDi ff exercise be reworded to create an

Arftiici al Mar ket estimates?

4, How does a “learning” participant, one pre
met hod, affect future responses and aggreg
evaluation?

5. Does the “learning” alpgorntémcfeat eaefjket cin:
exposures required for the estimation of m

6. Do novice respondents | earn as they compl e
participant makes more reliableuttdaeraebyl i
evaluations be given | ess weight?
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6. PRACTICALIMPLEMENTATION

Shoul d testing conutlitn uwd etmas ¢ o filafd derg fi enso mihe e
researcher to i mpl ement an Artificial Ma r
need. Thaptpwo amdéies ti e back to the source
tesTree .t hi rd i s a hybrid approach.

6.1 Static Panel

A testing program featuri negaaovwhaehn dtineg p
concepts to be test erdoad ec lavhdon td wpvard | siotmems
knowl edge about w h a tE xoatnihpd resss uanft ¢vdedslitpiormu | ud:
i nclude advertising copy or creati ve, or

Il n this form of i mpl elmewt ab noodpftecsrhaveila
testing which are asammldedcdgampanegldl eseant ¢édtith
of evaluafioonseaalAe cmdéEeéppoi nt , t hat conce
active pool and the Market Potenti al scor

Oncesdtcbdre f or a concept i s calcul at ed, i
ested concept s. Care should be taken to
i mil arity of category and consistency of
nt ermar Kehte as part of an active advertisi
peci al i nterest and «anamkkreél| pufccremse ppovt
ampaigns or product | aunch strategies ar
ares ne@edbendwarke nt h at referenced norms rer

oo un o un

I n the static panel approachareggregat e
accumul ated as panel member s eval uate new
conceptsThaiwrdlhteatiendy. t o panel wi sdom cr eat e
rmati ve benchmar king to previous i deas

=]
o

A standing panel all ows f or an incentive
r Ptairmme .ci pants can cash odar goredsmptio
e or a catal ddhviesf irsedearhetliyorn oi tkemp. exp
aged overThtihse alpopnrgo atcehr nm.l so al | ows f or
paneli sts can be pr esealtuweat icoomsc erpet esd ar
uded in the finalRepetitmat eaerraef sesnadce
i

i

> o =~ O
Y YW SO SCc <

sts to get a feeltfos AGAbwot hbessmabke
sts who perform poorly in their Art

T T —
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6.2 Point in Time Testing

An al ternative approach, one wutilized wi
tested relative toCeoaclkkpatshersite da asien @l ¢
screened for further sdeovrel boegmeefnitt soru speod etnc
product i n the mar ket

Participants are recruid»ar ova 4 gha rt thiec iepxgte

t he mar ket . Speci al care for training mus
Partici pantom ntatye bpanstfiing faf al | tested
i nvitationSitmi tdael ymarkeitng a | earning app!l

mar ket potenti al scores for participant r

responses topdwut whaett hmatstkeeste odbesi gn poi nt s
in future research.

| f benchmar king is a consideration, t hen
presented within t he Tsheets eofi tneenws istheonusl db erie
of fppermance f or previously tested or | aunc

f or mat consi stMantkevti t hothemwt iidlemscores for
evaluated relative to the scores obtained

6.3 Multiple Concepts Se tsover Time

Some organi zations create waves of conce
created as setlst siesp anroatt erde ablyi sttiinte.t o mai nt

situation as | ack of engagemetnets tiisnlgh ipkaenl eyl
t hese cases, it makes sense to recruit ne
Recruit ment strategies Bhestchmar c®nef spreav
tested items can beAcarnmre ateidore® vneays elmmav edbtl oe
create a calibration scheme to transform

comparison space.

7. CONCLUSION

Overall, the Artificial Mar ket has the p
screening tool f olg mas Mt id e@ morr ea d veesrt ti insgi
a preliminarhye eAxpdge rfii ma matl Mar ket has shown
testing met hodol ogy whil e creating room f
i ncorpor-aaesedc@i@®@domif i ci al Mar ket i s easi
basic formul ation of a testing study can
readily avaiMoakl adivmnmanrdkemhancements r eq
dedi cat ed plPaatrftarcm pamd sapepn.j oy t he experi e
compensate in a way that keeps engagement
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ACBC vsS. PARTIALPROFILECBC: A MARKETFTBASED

COMPARISON
HSHERLU
DI AGAI D
SHUMIN WANG
Yi You
viI WhoBlI CeMMUNI CACIOQN,DL
DAPENG Cul
DI AGAI D
ABSTRACT
Some useprsofoifl &8 UAGCGBC have concerns on th
especially when there are many attributes
questi onsProoff iPlaer tGBG ( pp CBC) containing a
easidmiandn better with their thinking | o

good prediction results.

Il n this study, we comparefd AGRC pagaimgst v
par-piratil e CBC (ppCBC) in the setting of
met hods with two independent sampl es of c
the recommended designs as welelt hags darmalryys
significant di fferences between the two m

Our results show that ACBC did take | ong
The utilities estimated from both ppCBC a
attribute | eanklisn’'g drrefme rbeortche mret hods wer e
t htahe wutilities of ppCBC | ooked | i ke shri.
attribute I mportances) of those of ACBC.

However, the predictive accur pcCPBCofwi AGBC
respecds amphéi dati on and r eal mar ket sal e
manuf acturer adopting ACBC results in its

significantly better mar ket growth 1t han e
i n the new product series.
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BACKGROUND

One ofthmkenmtraphone manufacturers in Chir
reseparrocchechow consumers make purchase deci
smart phone featur es. hlehlep rtehses aclcihe nmta smaekxep
configuratiomnmar moanhdrohds grhaotrdagi e s . Mor e i1
wanted the conjoint research to help them
competition in the Chinese mar ket

The | oeag anm& of ACBC was the major conc

val ued the extra benefits gained from ACB
qui ck, ysi mpteur ate chpiackei eapEBCmeas .r &g a.
alternatdlvieentbugt itlhle t hought it was t oo cC¢
when there were many attributes.

l nspired by the rather Ssi mAICBCc Rxiece i ts@uy

whi ch some unchanged attributew Bfei gresges
possible to replace ACBC with phay tMiadh gealo
Patterson and Keith Chrzan ( DptCtBe&r s@ere mesn d
wor k wel | when there were many attributes
There were somehdebhbhtent bahdees, but nei
convi nci ngs eetvtid de¢anpeper d amc mr der t o reach a c.
under standi ng, the client proposed to run
ppCBC.

RESEARCHDESIGN

We picked eoemmapdbr tpeoduct |l i nes f or t hi s
Both ACBC and ppCBC experiments were cCcrea
|l evel s. Mor eover, sampling criteria for b

were coll ect esdunherosm oTfhd ishienracld @sBaCmpalned spipzCe
were 351 and 225.

1. Attributes and Levels

There were 14 attributes iIin this researc
I mportant smartphone featur es, caméudj ng
battery, Ghrad gh  ingmetpried. The attri butes ai
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Tabl At tlr i

butes!| and

Brand (*) CPU (* Rear Camera No. Battery
Brand H CPU1 2 3500 mAh
Brand X CPU2 3 4000 mAh
Brand Y CPU3
Brand V CPU4 Rear Camera Pixels Fast Charge Speed
CPU5 24M 90 mins
Screen Size CPUG6 32M 60 mins
5.80" CPU7 48M 30 mins
6.40"
6.65" RAM Front Camera No. Biometric
6.85" 4G 1 Face
6G 2 Rear fingerprint
Screen Design*) 8G 3 Screen fingerprint
Designl
Design2 ROM Front Camera Pixels Price
Design3 128G 24M Summed prices range
Design4 256G 32M from_ 1199 to_ 4999
40M
(*) For confg dermtei aleiatly bmreaamsdo mame s, CPU model s,
her e.
The price att rdiebsutgen eicmea/dC BC i waess .
concept was summed across the mani fested
varied with

wer e
predef.
gi ve

g OO0 noa te
ned
preci se

To addr es s

summed

I n t hi
pri ce
simul at e
price di

mu |

vari

price
t he summed
by using
fil e was
Excel S i
sumnperdi c-288 %31/

way,
at i

t he

stri

pri

pri

ator

mul at or t o
di stribut.
t hsa nsda nhee veetl tsr i(bnuottte hiennc It uhdei
I mported to an

by applyli

our cl icent

range by

on f or

random3d¥%awof +8d8M%anViwé es @ mim

giewmisognabl e prices than
l evel s, even t hough
attribute | evel component
client’ s rdocrecser nwes wrrrecau red

hel p t he

on at t he

Excel si mul
ng t he

coomplochemadipfry ctelse
t hemsel ves.
summed pri ces
checking.

for each
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This si mudadatt hben feinmsaulr summed price distr
real mar ket price distribution even if ou
fully accur at e. The Excel si mul at or examp

Fi guSemmed Price Simulator

ImiTated Summed Price DIstribution
© import d Click to Run!
Base Price | 1300
[Price wp | 3.5
PFrice dosn 0.7
> Sussed Price n -
Rounded E 108 1199 2 0.0%
e . 139 2 o
Att Level lable [Cospanent Price ':2 1 % 0. 2%
Bra i 0 1559 1 6 0.5%
L 1699 § &8s 0.8
e ] | BEY] "
g 1899 - ™
mas A%
4t - .
120 [=== 3 ™
[ TR 5.
130 9 gL 5.5
240 2499 o=, 5.5%
400 %
2654 R
230 ves U 6. 2%
30 289 N 6.
480 9 A .
a 3099 T SAWT 5.a%
0 ERL-] . - 2 5.1%
120 e et 1 i 9 a.m
B 360 1399 | san a.5%
G 3499 == 3.8
20 3599 om 3. %
400 3659 — 2.9%
e 379 -as2 1.4%
120 AL ;.0 1.
0 39 mo2 .8
AL 4099 m6s 1.1%
¢ 4He 8125 0.9%
1o a9 | 0.6
v ‘)‘"3 4319 I 0.a%
o 4499 ] 1«"! :.“\
o pres % o
” st o.%
v 'lu 4% 0%
%o
t
[
40
2 ne
2. ACBC Design
I n our ACBC exerci se, w& o dawdn n(oBtY QU) s eq utelsd
(an option in the software all ows -tyyopue t o
questions to | et the respondenbmdesel ect/
considerati on, so these | evels were not (o
choice tournament stages.
There were two reasons that we removed t
component prices wer e conefakdetnhtiisali,n faonrdmaw
respondents in the BYO question. Secondl vy

be abl

98

e

t o

hel t

p

h e

program home

i n on
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but es.
r el

attri

buil di ng evant

Fi guRel 2 $eaabetf i n Stdamdar d

Relevant set by using BYO

The
pro#fugureoRcept

dbett iwere non
set i s

BrYdde saenldeQuteisd m o n

di f f edr epivece & |

Relevant set by using pre-deselection

Relevant set

To avoid removi
|l evel s only
example is 1in
fouat tri but es
mpensatory
sel ection
e | l i sts
el ected 5.
wn i n
mi ni mal
stions.

Fi
wer e
deci
stage,
via Li
80"

requi

o ~*+unv o — oo
cC T OD®O® D® O
® ® O n <

ng
from Brand,
gur e 3.
k ey
S i

ght house
from.t4r0é
subsequent
rement

Relevant set

too many attributes’ |
Screen Si ze, Ram,
From the client’s
buying factors for
onsf ovaerrter i bsuu eelsl.y Arfdleat
the desired key attrib
Studi o’s const
, S ®Br. &b’ sinzde 61.189D
ACBC questions. And i

, t hen 4G Ram woul
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FigubDes&!| Quoé¢ s tkkampl e

Imagine you are purchasing a new Android smartphone. Which of the
following screen sizes would you never consider buying?

5.80"
[0 6.40"
O 6.65"
0 6.85"
M

All these screen sizes are acceptable.

()
Imagine you are purchasing a new Android smartphone, What is the
minimum Ram size that it should come with?

|’\
®

)

o O S

Il n t hescAGBeOhi ng st age, we di spl ayed 18 s
j ust had ONE concept. The client hoped <co
concept product for considerati on, i ke w

before malkicngifoingal

Given the fact it was an offline survey,
18 screening tasks smoohavegr: UWesticept pbo
also allowed in the screening stpaga,l star
screening task in our study is in Figure
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Fi guiSer £ efTfaslxggmpl e

1 of 18. You may like this smartphone. Would you want to buy it?

Brand

CPU

Screen Size
Screen Design
Ram

Rom

Rear camera no. and max pixels

Front camera no. and max pixels

Battery
Faslt charge speed
Biometric

Price

Brand X
CPU4
5.80"

Design3

8G
128G
2/32M
2/24M
3500 mAh
60 mins
Only Screen fingerprint

¥2399

(O Would buy
O Not a possibility

I n the ACBC choice tournament st age, our
t asks. A recent study by ,avad tJione | MeH usbsenre rs, u
usiagr e of concepts rather than ACBC’ s de-
and difficult We di spl ayed just TWO conc
respondents make a cholzZechaomi eacthaslas ki. n T
tour namgnto mhpaseow down the one winning coO
of screeocedcept products for each respond
5.
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FiguCdoblxekx ampl e

115, According your previous selections, we think you may like these two smartphones. Please tell

me which one you will prefer

e same features have

Brana
CPU
Scresn See

Rear camera no. 3nd max pixels

Fromt camera no. and max pbels

Deen greyed ou

to purchase?

18k

You can pst

2 focus on the differance

Brand X
CPUB
6.40"

Design1

8G
256G
3/48M
2321
4000 man

30 mins

Cnly Screen fingerprint

¥ 3899

Brand X
CPUG
6.40"

Design2

8G
256G
3/32m
3/32u

3500 mAr

60 mins

Only Rear fingerprint

¥3099

3. Partial

Genal |

ett
I n
eit
pCB

o mp

I
r

® O O

But
onc
h e
ene
b a

We
omp

We
wi t h
for
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sdact i

Profile CBC Design

Y, t h
i ngs as
t he

VvV e
h Chr zan
C. Il n te

ari son (

show quite

et each
t as k.

ma d e
t o
at
a
d

used t he
arabi |l i

w e
ept s
ot her
rated
|l anced

expected
ipmeoffiule
responde

e
i N

(20
rms
t wo
a
resp

S 0ome
ondent s.

resp
tri

part.
ACBC.

ppCBC desi

attribut es i

al

gn,

n
03), i -B
of t he
product
few t as
ondent

d esu tg na tf torri

esi g

s ame
t exwirtch steh e

t he

| app
nt s

n acr os

modi f i
roach
t o comp

prof i/l

4

summed

( mor e

e

out of

cCBC

14

Ol OATORIC n a Bieangte

(ppCBC)

attri bu

ppCBC dameg sfornom t
awbichetheyr sbhgges

nNumber of

concept aul @l
achi
18

k s t o

compl et e

c hanyge ss it iol “It f hselh lgp fpieCldBeC”
attwhbutes

but es evwaarheo i kceep tt aastk .t MAen ds avre
It uhtee sg rteoy emda k e

Four

t asks.

pri
ACBC

ed ppCBC

S

c e

l et e. To

c al

compl
S ome

ternat
me ea -
eve an
t asks

al

a

e X

sur e

cul ati o

exerci se
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twr nament

t as k i

n

t b lker eantttAhr@BbCut e s
Dhuowmt Rlidgyuries 6.

whk rep CBRC eyledi

a al

FiguPar@&i afli | €éh o«CiBeCelkx a mp | e

1 of 18. If you will purchase a brand new Android smartphone, which one of the following product

you will buy?

“The 58me SGILIES Nare DEen rayed oul YU Can Jst 13K K00uS 0N NE BIMErEnos
Brand Brand Y Brand X Brand H
cPU CPU3 CPUS CPUS
Screen Size 6.85" 580" 6.65"
Screen Design Design2 Design2 Design2
Ram 4c 40 45
Rom 2560 256 256
Rear camero no. 2 2 3
Rear camera max. pixels 240 240 240
Front camera no 3 3 3
Front camera max plxsls 32u 2w 2
Batiery 4000 4000 man 40004
Fast charpe speed 80 mins 20 mins 80 mins
Biometric oty Screen fingerprint »w Screen fingerprint 1y Screen fingerprint
Price 1099 ¥1999 10090
Please select O C O

() 1 wouldn't choose any of these.

RESULTC OMPARISON

1. Answer Time

On
r e g ua br oceudt 10 minut
i's in.Figure 7
The actual me an
ppCBC, al t hhough
ti mes | onger t han

e s t o

answer

ppCBC.

averagetobé&spmpondeas s he

pampli at epr of i |

compl

t

me

based eoxnp epcrt eevdi

ete the ACBC

of ACBC was
o us wBoeusl eda rbce

203



FiguAaeasweme stri bution of ACBC and ppCl|

200 400 H0l 800 1000 1200

406+

592,

2. Utilities

We usmB algorithm to estimate the attrib
parti al profil e CBC. Prices were piecewis
price point utilities along the piecewise
ACBC and pepCBCumedotfhé ef elolded desi gn matr

For each attribute, the utility ranking
the same-efTRetmatmn!| i ti es per each attri bu

FiguA€BE and Map-EBBfC&etl i ti es

However, we still oOobserved some inconsi s
exercises. Ram and Price, the top 2 i1 nflu
i mpact f ul (rel ative to tahnédr onherc aasterdai Ipwu
batyt @recame much more I mportant in ppCBC t
ot her athrgbdbueresl . ppCBC made the attri bu
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extreme than ACBC. Thi s over st at ement and
di spl ayed 9®n Fi gu

FiguOee9stat emaeretr samdlmmaat of

Ram Rear comera Front camesa Battery Price

pixels plaels
3. Ram and Rom Interaction
We al so observed a significant i nteract.
(as model ed as additiowerafeparamei eems ebegyo
t hhem Rsai ze i ncreased, the desirability for
i nteraction effect bet ween Ram and Rom i s
I t was our client t hatt hpeo s st babkegdg af Ra

i nteraction eftf'’esctssal eFsr oenx poeurri ecniciee,n t hey ¢
woul d rather purchase a smartphone equi pp

We tried to add this interaction effect [
signi ficant i n our ACBC choice dat a.
We al so explored some additional potent.

none of them were found to be as signific
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FigurRamO& IROmr aftfiect i n ACBC

P il

—_—

We triealRamoxa®Rom i npepC8B8Ct mondeiln e t he

was found very weak in ppCBC. The ppCBC e
ACBC’s design for detecting and modeling
estimation of ACBC and ppCBC are in Tabl e
TablrRam® x IRtoewr aE tfiecetr i n ACBC and ppCBC
ppCBC ( HB) ACBC ( HB)
4G x 1286 8 -36
4G x 2560G -8 36
6G X 128G -5 14
6G x 256606 5 -14
8G x 1286 -3 22
8G x 256G 3 22

OUTOF-SAMPLEVALIDATION

Our client adopted the conjoint resul ts
she i ntended to | aunch. Based on ACBC, p p
decided on most of the new product featur
Ram & Rom configuration.

At t hat ti me, theswiltRRrnt8GoRamet 615528 G clkR m

Ram + 256G Rom” competiti on. These two al
have a crossfattnivbuvengr adelitndremratcitv eosn vee
appealing to consumer s.

We al so tested tHReonmnltirandte’'od fs ppeeeinfaird oR avir
ppCBC choice simulators to obtain the pre
ACBC prediction wasnbaseaedetf i ecenaima diesl Rtahm
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Rom i nteraction effect whil e the-epp€@BC pr
model . These two models yielded quite dif

The ppCBC si mul ati daprm Op rsehdaircet epd eaBiCcet a rolny |
predicted the 8G + 128G alternative (71%)
resul t i's in Tabl e 3.

Tabll®e8G8 + 1050 +v SmouGoResoht

D |
ppCB! 225 49 % 46 % 5 %
ACBC 351 27 % 71 % 2 %
These i nconsi stent predictions undoubt ed
client si de. Some people thought t he ACBC

ppCBC prediction.

To justify whiweas cloentjtoarntf ane t phro®dimant | n g
tradeof f of i nterest-upt-b&E aampil @entvailnvdadst ®cadh
Three new groups of respondents were si mp
tradeof f bet ween the tw06&t #+25 B @neeS5’"Na mong
alter.nalthewewsal i dati on study was independer

T Grouopnll:i ne consumers (nNn=609)
T Gr ouopf2f:l i ne consumers (n=453)
T GroutpiB3e cl i ecntamnelf fdh e assi stants (n=316)

The “8G + 128fGdr cthlne c® v altiidat i,aoamd gr oups
76 %, whi ch were extremely ¢l ose to the AC
i's shown in Tabl e 4.

Tabl@u-tt{Sa mpCheo iRa¢ PeoEa cVa |l i d &t 0 wm

Val D | 6 G Razwb6tG F 8 G Ram + 1 Non
Online <co 609 22 % 70 % 8 %
Ooffline ¢ 453 24 % 75 % 1%
Shop assi 316 14 % 76 % 10 %

This wvalidation resul't gave our client n
6G + 256G confipguoduactonl|l iimetdher ine v.

We think the following reasons hel ped AC
the 1 so-Ramedr Rdmof f s. First, ACBC i s much
ppCBC desi gn. The adapti ve meecahad nyi swo,r kaeldt
hit the consideration space for mo s t resp
experi ment al design (with respect to i nte

207



unwil l ingness to upgrade Rom when Ram was
i nteoaceffect) .

REALMARKETC OMPETITION

We al so had an opportunity to verify the
competiti on. The conjoint studi es we’ ve d
November of 2018 and theauoghcbkbatd’ 4 mewt hso

Our client’s new product l ine had two ve
+ 256G Rom. The major competitor’s new pr
+ 256G Rom. Both the client’s wemwr @dwdadtuct
series were | aunched in adjacent mont hs i
det ai | s.

Fi gurRealll Mar ket Competition

Qur client new product series The competitor new product series

8G 8G 6G
+ + +
128G 256G 256G
3198 3598 2999
— | N —
2 versions 1 version
Launched in March 2019 Launched in April 2019

Both product series sharednd poi cetf fTéadet

brands had quite similar brand i mage and
of fline channel coverage and sales capabi
stores were al most si dei doryalsliyd,e tohne itrh ep rsoac
capacities were highly comparable.’” I n sho
competition can be somewhat i gnor ed.

We al so conducted a mar ket simul ati on ba
we appliedvtahd apridduscytor actadj ummlent ) t o
mar ket situati on. Given t-pbepodame ptoduegy
resul t i n more “out ofprotdack” sdpmdretgyni teys
the majormr sdliesntofcaane from of fl i ne channe
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After checking the real hi storical sal es
rel ative preference share was remar kably
prai sed ACBC highl yh fporediitcd i mar peotwegi. mAll a
new product was priced even higher than t
achieved 16 percent more revenue than the
shafrreom t he ACBC si neud arteoarl ammadr ktehte sohbasreersv

Fi gurkRe l1&2% imud 8t eerde RaaMdr kShtar e

The client's Competitor
new product series product series
Ram & Rom 8G + 128G 8G + 256G 63 + 256G
Frice 3198 3598 29995
Launch date March 2019 March 2018 April 20159
Simulated Share (relative) 33.3% 20.7% 46.0%
Real Share (relative) 30.6% 20.3% 4% 1%

n qu®emi on (th

To concl uvoHeg malhe walti dat o]
O verriafsyt ,a AsQBnCg
S
n

[
tradeof f) may only serve t
i nvol ving all 14 attribute
features and competition a
questions.

empowered t he
d-i al'l sewedausot

ACBC DEePDIVE

When we reviewed this atudgw, owet aksaCBCd
Actuat heg, end of the ACBC questionnaire se:q
concept and asked each respondent to eval
t heir own expectations. Thi g nf iFtigaus s dls3s e
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Figurki tlBesessment fWirnnOoneyck@BC

According your previous choices, we recommend this smartphone for
you. Please look at its configurations and price, then tell us whether it
fits your next purchase expectations.

Bramd

cPy

Rom
R camers no o piceds
Frond Camera No Amax poes

Batlery

(O Completely not match my expectation

O Only a few features match my expectations

O Somewhat match my expections

(@ Most features and price match my expectatons
O Perfectly match all my expectons

The c¢cl aimed fitness was exceedingly hiagh
ACBC winning product fit their expectatio

Fi gure@l didmetdness WifnmACmByrept

34%

Perfectly match all my expectations

54%

Most features and price match my expectaticns

Somewhat match my expectations . 1%

Only a few features match my expectations | 1%

This resul't al so showed that the dynamic
opti mal or near opti mal concepts at t he i
choice dat a.
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The winning conceptmst! Rendi &&nRomicemlbiyn ati
make sense from the client’s perspective.

Fi gurfrCBLWI nnCormgc ePrtidsest ri buti on

BG+256G
BG+128G
56*2566 « % . t 39
1500 2000 2500 3000 3500 4000 4500 5000
Price
Winning products’ price percentile
2.5% 50.0% 97.5%
6G + 256G 1854 2499 3989
8G + 128G 1799 2399 3502
8G + 256G 2199 2899 4029

We al so revibaRerd ddhref iRp@ur ati on count amo
product s. “8G + 256G"s awed e“ 8 G e+ 1t208pG "2 pwi ondn
“6G + 256G~ product . See Figure 16.

Fi gurRam6andCoRam o fWi AGQEGmcept

8G + 128G

4G + 128G

And we compared the Ram x Rom counts re
t he Ram x Rom ¢ bopertetes ed nre €gididg s tf ircoms . The r e
Tabl e 5.

S
€
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TabllRam x Rom s iWieandfhoghCBICs by
SelCt ai Medept abl e Ram x Rom

Predeselection ACBC winning concepts

keptinlevels | 4G+128G 4G+256G 6G+128G 6G+256G 8G+128G 8G+256G

4G+128G 18.2% 15.9% 15.9% 11.4% 22.7% 15.9%

4G+256G 17.8% 15.6% 15.6% 11.1% 22.2% 17.8%

6G+128G 3.7% 3.2% 20.1% 26.0% 25.1% 21.9%

6G+256G 3.4% 2.9% 18.5% 26.5% 23.1% 25.6%

8G+128G 2.9% 2.5% 15.8% 20.4% 28.7% 29.7%

8G+256G 2.3% 2.0% 12.5% 17.9% 22.8% 42.5%

This table al so shows some inclination t

| ow R&8ms)s iwoal |l (d4 G)i keer tlo
he best one. wbhud sde who
e best one but they al :

Those who accepted
8G Ram product as t
| argel y6 @ hRaomeas t h

CONCLUSIONS

Il n this swasdypr we&dB Ct o be | ess accurate
there were many (14) attributes. ppCBC ov
attributes while underestimating some i mp
bet ween Ram aontd bReo nd ectoeucltdedn ei t her at t he
| evel i n ppCBC.

A tailored key attributes | evel desel ect
under some circumstances and help the ACB
meani ngful fsod ueaaohm rsepagendent . But reseall
i nclude these key attributes in the desig
| evetlhgeeay begi nni ng. The dynamic mechani s

experiment dlel pésilgnnwasenti fying meani ngf
attributes.

ACBC worked much boeudfseamptalta d agpp @BWC iams  we

mar ket simul ati on. Il n a perfectly compet:i
hel d at t hre &iafmfeerl ervte |l brf aands, as shown in
accurately predict t he real mar ket shar e.

CONSIDERATIONS FORUTURHERESEARCH

Il n this comparison study, the ppCBC just
desi gn. When wey,r ewei &weodu gthiti st hset ydat i o ( 4/
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enough information to detect i nteractions
|l i kely respondents are to overrate some n

Some previous studi esa(let.koa.ts orKes tphr eCshe rzta

the 2003 Sawtooth Software conference) h a
shown in ppCBC (main effect model ) ; still
opti mal number o f attri butoersommemwsnat eir ppC
behaviors or i nteractions. We t hought t he
respondents first choose sever al mo st i nf
considered attributes i n conjmpirrotv et d shile, w
efficiency and relevancy of the ppCBC des
And we wi l |l al so rmeoendks ttaonte xaamirn e utt ee choenlt

ppCBC compared to clhhemnszeamdi ngvedts timhe t hel
study, we s hapiede tthaegplp pLBCacfownlel wi t h “non
[

ncluded.nnWet hconcapt, the held constant

attributes do not contribute any infor mat
more context fohet hespespdemdeainsaer s t he

“none” concept i n tchoen scthaonitc ea tttarsi kb,u ttehse ihnedl e
some information to the design and for ut
empirical studi ebBi someEehbwdhownmumpr ove th
prediction power of ppCBC.

Fi sher LiShumin WangYi You Dapeng Cui
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REPLICATION OFKNOWN SEGMENTSTRUCTURE ANIM EMBERSHIP
A DATA-DRIVENCOMPARISON OF ROBUST
PARTITIONINGMETHODS FORMETRICDATA

KEITHCHRZAN

SAWT 00 83HF T WA IREC

JOSEPHWHITE
INMOMENT

BACKGROUND

Anal ysts freqlueeds | goifmgpnds ¢ hmensteat i on and
Sawtooth Software Conference has seen a s
segment at iDes pinméetehoads. per haps because of,
met hods avaisloankltfeinnedsennad eyflswess unsure about
usderwéenseek to reduce some of t hat uncer

Some Things We Know

Under certain data conditions mar keting
ment at iFoonr neextahnopd se., wh etna thbi aosni nogn otuhre sreeg
based conjoint or Max Di f f experi ment ,

er 2 0ilmM tSmewt oot h Softwasbo@onbaewveéemce ngt
gl e and Magi dsTohnre 2s0alnPe, hlLoywadnst 2t Or bu9emii Xt dwee
m choice expéepi mgodsswi wht hamnhemt cl ass M

We al so know t hat i f we want to build se
data that mi xaensd mentorridece,r eldi rcaartyegor i c al dat
accommaaadtae s c amxe.dsuch met hod, Partition
( PAM) creates a common dissimil atrhd i es ma
Gower statistic ( KBAaud,maRe tadedr e Ra0u@stsjpemend ww  Ia n
use the Latent Gol d software package, wh i
variable types (Magidson and Ver munt 2002

Some Things We Do n &row

For one very common situatisesayehailvever,
egmentation mehbodwewbakse bBesme: number of
urvey (or ot her) measur e anldi kbg heeau motr ,d eg e
ategorichhi syxamaywbdeesm odd, becauseshavi nt
ageem | i ke the ar cheVYeyrpyalmacnays emea fh osdesg nceonu
ranging fmemnsi mpl €eAM t o any of the abund
met hods to more robust segmentati on al gor
cltuesri ng and met hods t hat run manAnye arnesp,|l i c &
or that combine various segmentation solu
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OBJECTIVE

To hel p anarhgrsg st e cpldeet hor a of segment a
use case, we conduct an experi ment using
we know both the number of segments i n ou
record bel ongs.

RESEARCHPLAN
Data

We create artificial adet aneamdtesvs rd favygrgaarhg
segments each with a centroid | ocated in
has been done i n past studies (Milligan 1

SoftwarWe 2will3l) .i ndependsndfl ysee@amentf i srter wacsty
mi g ht affect the relative success of the
cells in our experi ment

Number oftkBegemeweérssus five.

Number of indepeagmant i may sv anmey da lnmemg i tomrs
Prior researchers noted that additional di
redundant and make it too easy for segment
correct segments, so we will avoid that pa
T Al i gnment adbfl ebsa swiist hvedriemeanes ihoarvse: t hr ee condi
o Each dimension is measured with a single
o Each dimension is measured with five vari
o Each dimension is measured with one varia

uncorrel atedbwirtsthi @l asteeral m@emi ncl uded

T Amount of separathalnf befft weem datgmeeat S:ar e
of oneclwi gthdam st andard deviati on-cWwhiisltert he
standard devi ati on.

T Rel ati ve slhglmMandafdad aesets feature equal se

hal f I imit the Kth segment to 1/ K the size

To reduce t heofcfhamdccckist itehsati mfnleuence our
replicates of e a Als dafe sacuriwvkeke 8 hdessd idgmo kceed | ast
range of di fficulty in those 100 replicat
in our final anal yses.

Note that what we’re doing is i nomany wa
data sets havel tcliusttert segmuandrteheuadcl ust el
sever al di mensions fDirsowhvehi wg thherere mead!
automatically capture the meanThmigsf uma ys tmraout
be the case I nwhemppei rtihceals edgantean tssettsh a't may
mar keting purposes may not be the ones wi
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Mor eover, we have deliberately | eft t he
addi ti onal di mensionsrthéaicidéndiatpya tSkhéss
eadvMym.ny empirical applications attempt t o
resul ting 1in the kinds of probl ems di scus
Segmentation Methods to Investigate

From expdrapacdotal evidence we believe
met hods producet beyemagbbe heghl yssensiti
even to the order of cases in the data fi

g

resul msnbromhanges tWe

[
b
S
dfetr ed roe es d totciursg o.ur
five robust partitioning

met hods:
Convermeans kcl uster analysis: available 1in
Cluster ensembles analysis: also availabl e
PAM: alvlag i n R

K-means with a search for thefbesarsbhgtpon
available in R

= =4 =4 =2

T Mod-bhased clustering (AKA finite :miaxvtauirlea bnioe
i hatent Gold and in R.

Once wecrsdaatritregdl t he data sets as describ
could al so test a coupFer oéxampkee, cRobBasy
c al Nbdl tuhsat t generates a consensus recommen
i n a dasadfohethe results of 30+ criteria
(Charrad .lem addi 2i0dd) t he Sawtooth Soft wa
reproducibility statistic that may be wuse
comping a silhouette statistic for the Sa
addition to our anal ysi s Wes o awdkedet beaskel a
comparisons to our analysis plan in the h

Ot hteorpi cs of posltsetbhd reo s lnd cca etsitc i(tey gof b a
of outl i er s)duardem iglae 3 tn stpaaddidodt ,r acnlsef aorrimagt i «
to cluster anal ysi s, so we do not i ncl ude
Succe ss Criteria

We assess, acr,eashdat atbentli veosegment at

T How wel | each method performs in terms of

and

T For the correct number of segment s, how ea

resmpdents in their true segments.

We wi | | al so be able to note whether sonm
some data conditions differentially bette
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DATA GENERATION
Il n order to assesms,t lwe geknywettahteetgi 1| djaotra t

each of the 48 cells i n tBOumrmixpee demda afl i |
dat aafgeelnees at ed to ensure compl ete separ at
recor desceltohsadieti rt mbtser ved cent meoiid i n Eucl.
accomplished through an iterative process
1. Establish initial centroids from a multiva
design cel |l (3 or 5).
2. Generate 100, 00di sctarnidh wWWtaet & mwelctoirwdasr i at e nor
initial centroids with design cell separat
3. Select the number of records according to
4. Cal cul ate the neweshiefstudd i mgntsred iecd i fornom t
5. Remove any records that are no | onger <cl os
with unselected candidates from step 2.
6. Repeat step 4 and 5 wuntil no replacement s
Not al | of our al gorittohmautamatae me c isadl Iwy
100 replicates to a set of 10 f or our f ul
solutions given the known-MeamisBer amfd sned mes
calcul ating the averageordseiaof oatbaeratel
replicate, and then selecting those assoc
hel ps to ensure we present our met hods wi
i ni ti al replicates
Tlepr ocess of eetnes usreipnagr actoinoppni i n -t Asedat a I
scenari o fAxrr ocstsa pptuerc ah g s, we want to unde
di fficulty presentedlot odot htehicsl,u swee rlionogk taet
statisti c, s i lchhoaurett taes spolcoita,t eadn dwi MART e ac h
The Hopkins statistic i s a measure of cl
compares the true distribution of the dat
di stri buffTed dabai set c eesmp aree g hdbwer algd s t raen
data to that for the wuniformly random dat
H- ——
\I‘l ‘.&.',!u
i—1 =1
wheyies the di st ainme tlhet wenarf opgan mtandom dat
nei ghbwirs tamat f orl ft mauracatcualaldataa.a i s un
t he sxuwmoudfd be cl| ow e atnad tHh evAsid muddfed &t & .
approaches perfect xthes&gsuglhadijgratamy= j,xo0 f or
the val ue of THewiHlolpkappr csdaah ikti c for our
to 0.n84 catmen g s @athe acroen dmuocriev e anod csl ounset elre s
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I n this waayy awreastgecea f di bf i thket yendenhey msi
points tdegroup toget
52
2y
c
(O]
=]
g
2
--II I.--- —
0.610.620.630.640.650.660.670.680.690.700.710.720.730.740.750.760.770.780.790.800.810.820.830.84
Hopkins Statistic
l nspection of the sil houette plots and V
present i N ourNosty nstuhreptriics idnagtlay ,s etthse. mo s t C
associated with an wuneven distribution of
standard deviati ond) he a3 daudirel ye acksii setsrti b st em
greater separ aevioalhi(e® nppa. nsetla rbded rodv s hows t h
and VAT charts fhoar daéeret imi'ehiemmaadn tedrd, e ,7 5a n d

a

Silhouette Plots

b b i i RO

VAT Charts

Min 25t Median 75% Max

HardFuzzy = -»  Easy/Clear
verage sil houette width.
Negative sil houettes represent records t
| tuesr me mber s, i ndicating fuzziness that S
I fficamldaoarrespondi ng VAT chart further sh
articul aAl repudglkaome®nmay intuitively thi.)
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compl et e eparati on i
di stinct di fferent

-h —+
—_

t S
ctly

CORRECTNUMBER OFCLUSTERS

The first afssesinaintgho rri & shpnesc t to th
identi fy the numbéve obkvelragetet ei netc
each of the techniques to i1 dentify t
stati stiiscadllhoenes.pye i f i camhesc if il d o wesr. i t

T PAM a#Me& ali sitnhe al gorithm for 28etec8 ¢th
t hger eatest average sil houette width.

mcl:usmodel solutions fytrhel othoe 8wecslhu sBtheG.s ar
Sawt 8ot h@@Aeand ge@EA:at ef osrol2uttioo n8se ttehoes t er s
one with the greatest reproducibility stat

As much ofi ¢édhredantae ysa esv nt avgleClodi st he
package as anaot htehre wauymbtea iod &l bcCQ lufsskterss ainn
ensembl e approach, | oo k ie mag hcaot n s3eln sdui sf feesrteinr
number o f c Anst Bes pddséenbn f oirsd ha pp lpyh atst
maxi mum dwerueegd esirul e to the CCA and CCEA

The bebbw shows t he resul t s f or each tec
nNumber of cl usters i n the dat a.

E

Percent Correct Identification of WNumber of Clusters

CCA CCEA
NEClust PAM  Melust EKmeans  EBep Si Eep Sl Aveg

Overall 0.463 0.306 0.617 0.308 0.330 0.306 0.323 0.317
Segments 3 0.730 0.438 0.763 0.442 0.496 0.446 0.579 0430 | 0293

3 0.173 0.173 0.471 0.173 0204 0.167 0.471 0.183
Dimensions 5 0.4467 0.333 0.667 0.317 0.330 0.321 0.504 0346 | 0039

3 0.458 0279 0.567 0.300 0.330 0292 0.546 0288
Indicators 1 0.538 0.419 0.756 0.430 0336 0.438 0.513 0419 | 0195

5 0.494 0.204 0.413 0.300 0.373 0.300 0.513 0.306

1+Eand 0336 0206 0.681 0.1735 0319 0.181 0330 0225

Separation Large 0479 0325 0.367 0323 0383 0325 0321 0342 0.046
Small 0446 0288 0.667 0292 0317 0288 0.32% 0292

Size Even 0.596 0.421 0.850 0379 0.529 0.383 0.788 0.383 0.284
Uneven 0329 0.192 0383 0238 0.171 0229 0263 0230

Average 02132 0.159 0260 0147 01535 015l 0.i44 0040 | 0171

The “ Rep” and “Sil?” col umns f or CCA and
repr oduciisbtiilcad toyr smmaaxti mum si |l houette rul e f
clusters, Thespeetagel yol umn shows the mea:
and wor st effect | evel across techniques,
I mpact by technique
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Il n general , the ability of our algorithn

of cl ust erOs:m Inecsl ansotit Sgaddw dotdwsdhr GCEA br eak t he
marTkhhe maxi mum si |l houette approach consi st
n ght number of segmenssggbketuit ngownef mi gat
alternative -Moppno axzfewPSBOTr h'Wsarreepr oduci bi l
statistic outperforms sil houettes for bot
The number o f gegmantdsi ndl aat er sshave th
I mpact on finding tNbeCliunsgtiptarmnumbémarof sgho
number of segments in the datma)| us@dAsi ard
CCEANteresti nyolfy,/esaS &WEAoOuUBI ng reproduci bi
i nvari ant with respeot t bet hneacshkuianbge .nv aorfi at
Across our experiment al cells the technigq
exceptmcd a sild Clwhsitch appear to be more susc
chall enges

To further assess the I mpact orf e @tu r ef fe
number of cluster s, we conduct an ANOVA wi
var i albd eresul ts supber pr & tehmmit s mthantbkee iorf S
cluster size, and the number of Tihredi cat or
ANOVA results for the main effects only m
Et?aal.ues

MMain Effects only Vanance Accounted for ['Etaz}
CCA CCEA
Overall NBClust PAM  Mclust Emeans  Eep il Eep S

Algorithm 0,033

Segments  0.08% 0.332 0.081 0.0%0 0.083 0.093 0.153 0.007 0.082
Size 0.054 0.071 0.0462 0230 0.023 0.141 0.047 0.163 0.020
Indicators  0.017 0.024 0.036 0.092 0.059 0.002 0.086 0.001 0.029
Dimensions 0.001%  0.000 0.003 0.011 0.000 0.000 0.002 0.001 0.004
Separation 0,000 0.001 0.002 0.011 0.001 0.003 0.003 0.000 0.003
B2 0243 0.420 0.184 0.434 0.168 0.242 0.291 0.174 0.139

* Bignificant with 23% confidence_ all cells not shaded are significant with greater than 90% confidence

The 2 Edlaue represents the amount of expl a

ef fBltese are rescaled to rrattésetchkdieRdeco
thus the <dwan bDésthmhemlEema of segments in th
consistently the top contributofTbBeto the
number of i ndi cators is al s8®ofat’wsmipe cont r i
reproducibility statistic where the effec
An -iahtl er act iioan ss o)A NQIVA, w i-wt ahy niani tne raancdt itownos
presented in theé following table of Et a
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O 7T oQ
< 3330
® —~+0OQ

The f ul

Main Effects and 2-Wayv Interaction Vanance Accounted for (Eta®

Alzorithm Size Segments Indicators Dimensions Separation
Algorithm 0.053 0.021 0.013 0.018 0.002 0.003
Size 0.021 0.084 0.010 0.003 0.000 0.006
Segments 0.013 0.010 0.089 0.000 0.000 0.000
Indicators 0.018 0.003 0.000 0.017 0.002 0.001
Dimensions 0.002 0.000 0.000 0.002 0.001* 0.000
Separation 0.003 0.006 0.000 0.001 0.000 0.000

* Bignificant with 93% confidence, cells not shaded significant with 90% confidence

Ful model B2 =10.378

-]
~+ 3>Q

[
rom
ber
al
t 1

on

—®» OoC

e
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N
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mo d e |

i mpr oves

0The4but b

S , t heiirmicnoinmarli

ACCURACY OF CLUSTERASSIGNMENT

w0 o

N

wza3z3 "

The second

f odwsn dfowo uwrel dnalaycdatd ec hni qu
ci

thod &b .

ou

rhaxpd@dawiotr ly

domi nant effect
tdhfei g e gnmaavamty sainmlt € wacti ons accoun
v aWwhiianecdewee d p$s eav @ eha l.g hseirg moirfdiecra n t
,b uat ci coonu nttoi ntgh ef onr

€
1
|

ccurately assa gtnh enigr relsipotnare nitfs we s pe
egment s.s tehxapte citfedt he c or riesc tk nriouwmmb eoruro f S
echni ques shoul d diohiwe |l If owi tthh ec |naosxdti fpiacrat
hown in the ftoalblloewi ng summary
Percent Correct Segment Assizgnment
Level PAM  Mclust E-Means CCA CCEA Ave
Overall 0871 09834 0961 0940 0961
Segments 3 0914 0878 099 0993 0983 | 0075
5 0827 0801 0826 0805 0938
Dimensions 3 0887 0846 0976 0960 0968 | 0024
3 0855 0822 0846 0938 0933
Indicators 1 0013 0042 0971 0953 0968 | 0.056
5 0902 0046 0979 0967 0976
1+Rand  0.792 0015 0933 0928 00938
Separation  Large 0854 09826 0955 0943 0952 | 0018
Small 0.887 0842 0967 0955 0060
Size Even 0940 0885 0897 0997 098¢ | 0094
Uneven 0801 0881 0825 0901 0832
Average 0.084 0033 0046 0051 0034 | 0054
The r ocNMeussnits Kand CCEA are cl ear winners i
espondents to clusters wiHohwegvreera,t eera cthh aonf
et hods per f ogwimsh wtehe eowd@dmtsilamdefr pRAM.OTr m
ue primaril y tmadkenrgi mdll essi am do fu ntetveen s e
hiarmespecial |l y detri ment al t ol MAM enneelraatl i v
ee a consistent storyspfandmbegmeht sepgme
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hal | awte@0f hhwsarGCEA i s notably i mpacted t
ariiaml eesr ms of accuracy.

Similar to our analysis of identi fying t
n ANOVA wiaé aeagccudepghlle nmaimeasfurect s onl
ummari zed bel ow?2 again | ooking at Et a
Main Effects Only Vanance Accounted for ['Etaz}
Orverall PAM MbMelust Kmeans CCA-Rep CCEA-EBep

Algorithm  0.088

Size 0.172 0.250 0.254 0.135 0.201 0.116

Segments  0.111 0.099 0.169 0.124 0.171 0.075

Indicators  0.046 0.164 0.018 0.042 0.023 0.038

Dimensions  0.012 0.013 0.013 0.023 0.011 0.007+

Separation  0.006 0.015 0.006* 0.004 0.003 0.010*

B2 0.433 0.54 0.439 327 0.409 0.245

* Bignificant with 23% confidence, all cells not shaded are significant with zreater

than 2% confidence
Consistent with the performance summary,
ontribution to explaining diffehences in
umber ofThsee gmoetnabsl.e outl i er here i s PAM,
erformance results is hit particularl y h
ariables in the base

The-i altler acti ons ANOVA agaghl yeiS@ Pt henpr ov
xpl ained variance of°?gpheagmbédeim OvdBal ko

-
Main Effects and 2-Way Interaction Variance Accounted for (Eta™)

Algorithm Size Segments Indicators Dimensions Sepatation
Algorithm 0.088 0.016 0.0035 0.021 0.001 0.001
Size 0.016 0.172 0.091 0.009 0.005 0.004
Segments 0.005 0.091 0.111 0.007 0.001* 0.001
Indicators 0.021 0.009 0.007 0.044 0.005 0.001
Dimensions 0.001 0.0035 0.001* 0.0035 0.012 0.000
Separation 0.001 0.004 0.001 0.001 0.000 0.006

* Bignificant with 83% confidence, cells not shaded significant with 99% confidence.
Full model B2 =0.642

1 butwdy vienttewroacti ons are highly signi
Il mensions I s signi fSevamtal wiht lgh®@%%oc adrefri d
| so significaway é&utembs naaeaoduntwofor a |
ot al expl dheetbi ggesancentri butor s, numbe
| ong wi twha yt henitrertawea i ons, accoumwerf oaf 58.
he nondteelr.esti ngl vy, choi ce ofamtae aihrifd ee t o
ust 20 % i-wacyl uidn tnegr & omoi on s .
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RELATIVEHMPORTANCE OFEFFECTS

The final shabiWshg ahvbbweinfluenti al e a
arien driving our ability to correctly iden
accurately assigning responWeentesu dwdiaegne t h e
randomFor est package in R to estimate mod
mod gl iprar amet eTlse oitthhpomwti saece results are p
bel ow.

[
a
Is

Comect Accuracy

Segments Segmens Agonthm Sue

Algonitem 0 Dyvmensions | 5 I E 0 Segment

InCalor Separshon | Dimeresons Dymensions

( 5 100 1% 0 W0 L 50 100 20 LU 0 10 20 3 40 5
MeanDedreaseAcamacy MeanDecreasaGin SHCMSE BoNodaePunty

Segment size balance is by far the | arge
segment s, with algorithm dYalfecttivarat gl &
| d seem t hat aurneb all ;mknecleyd tsoergememfttsen i n
re should be healthy skepticism about

However, I f we do know the correct numbe
becomesi met opf daccurately grouping resp
And this is good news since i1t is the o
pract iSawtnoeortsh. Sof t waro b U sMeGRKhESA aarnedsfctbheea r
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For best resul ts we recommend

T Use Sawtooth Software’s CCEA (ensembl es)

0 |
maym segments are present in your data (and

T Use H®Remank algorithm with 1,000 random sets
Software’s CCEA (ensembles) to create segm

SUGGESTIONS FORUTURHERESEARCH

Fut uraer crheesres mi ght buil d on this researc
to be I mportant and eli minate some

Il 'y we thought we |J ust scratched th
ngablves, using only either -zero or

i s t oi tditswrorvsero uthetmhat handl ing t her
vari able selection (Scrucca and R

tstpiexc t & b tndagyu rn o t need to be repeated in
ected a handf ul of met hods we cons

Ot her s mi ght extend this analysi s
d 1t ept@&@P®B'gs p2 ocedur e)
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BICLUSTERDENTIFICATION& PROFILING

BEwvA NOWAKOWSKA
EY
JOSEPHRETZER
ACWMARKHEHRESEAR®H UTI ONS

AfWhat hme aniorfigWat s o.n P tnu stte nt do
mendre!l seuni vesseéebeydhanwtiic
t hi nKhador Iel@wd kme s
Advenotfah@ar db 8axd

—4c o
>3 0

ABSTRACT

Tradidatwhmhwud tad gioma@rceh ms | beantghe d n c egpsvarm
pr a&atlisiTshspusepweirp it e bé ctl u satrmeprpirnagh,caadhdr ¢ hree s
presemigadebtat iwvthresnhu piartliannighll goof hreeesul t ant
“cl wsetlgrsa’p hwiciah d iy odvtaarisanbploer t anc e .

1. INTRODUCTION

1.1 Market Segmentation

Asmosntar kes eaamdwarmatr ke g me ndiav iadbans k et o
Ssmalghr®mjgcs st ovnadrhss thierratsar ac b bdeihatwihaos s
mi grhagsiepapraccdeuma s k enti iX@@gp t & eAlr mst 20h § ,
Thiast!|l mavsagé bponuasr k ectaimpgpe gmisd y e e dhii rnggg t
mar k estf if jegt,to $5 p e cciufsita me & pnsa x | enfafl e c t .

Lile@lmottehsaMar Xed me nit s 3 efmdmiaa Ik estuicrcge s s
t hnes tucs e § 6 fdombkit vheb ius i nbeassseeslse g men({ &t hadh
Rangas¥@amFhi sest andved lané@ mpord mmaclket
segmenamali yosni s .

1.2 Challenges

Wi ttthaedvehncr dasadi | abnbsiumgpr mat mhawvse
i nceedadr amaitattharhd rys i(onuantbfetny i/abbheaweh b
t hneu mlodorb s er atuisa msmer s ) .

Consequouéehasshe r dihme nsdiasvimd In a d inteit chraadld ,

i nsufficientudbdservati ons, i ncl
T Threel at if ¥ eoridd nsct éa @ € edsiefnf ppo iedrdtcsr va ¢ @ s
i ncrgeiadgnemsi onal i ty.

T Hendiest haetepseimteasfsf eicdii vfeer bat whathan g
pot(rcust omer s) .
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T Ihaaw, mensiinrcaldidileeda st r { & oxtoseogne ntead at e
randcomse.

Il n other words, wi t hout a sufficient nunmn
poithgrsd t o become al most equi di st ant from
cl ustda rss otve r .

Theeadost bebagdrdyg hi dh mensipamalisted h e

f atchh apti ya ls tfaunncceg i @ g sweeli g B tdli me n Ailldinmensi ons
arnecocckequandporh awelebh alse smowhaddi ngel evant

di mendaamgness any c¢clustering based on a di st
di mencCsEmiseqd2.0,0Bhdeande,hny dh me nisi soonnsmo n

f oarlolb ] e ad st a Dente ae g yi dfirsermobehc,ompl et el vy

ma s ku madye rd lyu sntge r s .

Thehal oangdéd mensihamwadme &y tt b ar yierggod e s
effectivenes$ e artnh reagyegehh wh rgjeaeds|f yetrarse d
‘“regul ame tzad,. foghl,”2a nall ams ¢rtiecg ul a rMazrakteiton ) .
r es erg r chhoevaerwget tl ecid W aa te hceh a | | aesnsgoeosii ahthegdh

di me n s iwdenna Ipietryf or mi ng unsupervised | ear nin
Speci fically, as dimensionality increase
dramatically making reliable identificat:.
wi t hout sufficient dat a. Just howt smuwhsda
suggested by For marmrinmd 9h8i4s) .1 9NBodt ep at pheart (Fso
performing | atteowevvémashi €l ssgee $higon was

to that met hod.

The recommepidbdbdaemivoabcse ¢ @ arey uiad eerutgieff yu |
ust er st,heysissateinhnegr e ar e x2° f Sat er s ,i $ 05 |
30, the suggested sample sizes would b

T p=5n=160
f p=10n=5, 120
f p=30n=5, 368, 709, 120

Cl e aervieym, iwvh anta p &€ o n s i adsetryepds ¢ & bech 5 e(tpe= 3 0 ) ,
requir edi iseaxniprlacod cairgar. i |y

Theonsequeontae sn§gf dat ahbespoapgeperids
equi damd aaamntrer ahdo@oftgbseail apg aargta it © wn

I
r

o0

T quality,
T reprodyacnidbi | ity
T prediactciuvacy.

1.3 Dealing with High Dimensionality

Tr adidasaammrhe na lag a roimt vhomewnaa yc”l us tmert ihrog s
whifcdir m pdnctrietahtoimmegg egroofp ® wsnp | o“ya lnlg”
columns/ featur es.
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Whemer f omimgimge nsliac hals ttehreagngyg , o@afc theerda d
practi chhi 8 swsoutelisheex p a nostihdea $ p a(caesot e d
previaweh$ hper esemuomern ou< if € aanuarsek& xigst i ng
c |l udtneoridsayt a .

1.4 Unsupervised Feature Selection

Thehal odn gd menslachak thalse agdr esasadi et y
ofways i nwchlanadip el @ s c asibuends upéeabksegéeTti on

Tweumket hoedsmadpei ewsmdat prabresacomrasi ng
general i:ty, i ncl ude

1T Feataelee:.citeiaotsierl eea ¢ $ ohmegih me n gliadnmaaglont ai n
ma ndyi mentshameh aictr el @waméa sekx i sctliunsgtneori ss y
datReatserrefcit s @tma ldlad e mengcfi eabaseear i ous
cri tsaura@ivagr i antc eapbpivi,pt § slead walmi leaicis e g,
Cior®didpPdhedentsdhefst el Beantur eswhcialrhemn s ”
us é a@crl us t‘erriloings / r e 9 phohded s alt st hveorr,dal | ”

i ndi vid ldweatt ddsea smeu besfe e atlur es .

T COSATri edamaieul madPLOSACI usOlejr eooBsbset s
of tAri puoeaschesvha ecdiee f ibndeidf f euleandtesat ur es.
COS rpoduade s tmaantctehse r ¥ € 8 gfuwprr o x iamiatl yy si s
met hddtssstmantcceo Rttalden st b et e'setnbj eTchtes .
dastdtassutmeralvaeunderdlyusntgd miuicav o rtetioebj ect s
arcel usoel @d p ecsiufbiscdatt & r iThoan tshelsustiesr i ng
repr e i hde esdt naantcteihaet, t rd ibsutt derdeiefsf,elr leatfer s
respordwewanit g s etdhjeKNe arNeestg hpENEp pr dac h.
shoal demottehd®SAr odakcestmehrischiws / r esmqaggndent s
onbel dbagi ngllwest er .

1.5 Factor -Cluster Analysis

An o tphoepr walpegprr bdelalwii hdhdh mensliad a&laet or
Cl usareal(yosfiggermnf oursmEndg nCompbApralt YRCA)OQA
i empl aywear eat eva mniewlb ibsersee s g ht Bcdoammb i naft i ons
t hoer i giema(wea sgdhlfaenadma matri x ei genvectors).
princompadnesudgleltyerimseéeacnki ngseamssoci at ed
ei ge ngrad auteeore,q ut adl,.

Ther i goiameaids | a btéheesea p | vaictelper i nc o ppb@a@t s
t hcel ustasmal ysi s i s perfor med.

11t should be noted that researchers will sometimes run Principal Component Analysis (PCA) prior to clustering and thely seléables
that load strongly on each component/factor. This could teghnalso be considered a form of feature selection
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Some seri ous dr aGnbuasctkesr taop ptrhoea cFha chtoowe v e r
suggeshoeldc @y sPte lcardGin 2 0 0BhH eisrec| ude:

1T Thapprdaeebact uvalmawnmet hoer i gaitntarlf b o ne s
consi derianffornmadomorlde manmsproeaser ved.

T Av er aogvienhger i o iemmaduerdeusaea 9 artaiklidntgyt i ngui shi ng
Cl usyteaf i miotrdaofnf i cul t .

1T Theattwmr ans hodangpemde néeds n b a boendldler ansf or med
spa®odeé t he original i nf or mat i olne arde stpoond
di f freegwnltt s . Il n addition, I nterpretatio
vari adpuest ipes mvaidhesee g mbabeeonnstirtulce e d
spactelffeacter es.

T Si ntcyepegpl aiame idbhectewe@®@ n@l(p er cuegnth ad t h e
i nfor mhwdeml | ecovomdpondentdbed®dgmantes
i denticfoinessd.ruct ed

T EIl'i miwmatiwljidedoltohdghhli wcwobaki genwfal ue
moe h alme atnis@ad t e ntthnea B tmp o pti @a@tesf or Mmeathieon
i dent idhicaheegomm ndeiss c mma # @ @ gnp o stsa vod tkent i fy
sughoups.

T PCMabpbdesuittaat ansheetmse oth hdei me n a ireenl setvoa n t
tdhl esttea dlanga nayrhei g o Iy r edlraetdeudn dant .

2. BICLUSTERING

2.2 The Model

Whi udres upefrevai sseetdemo d enlas iidd e a lwii thdn g h
di mengsliagmeavieno MeatndamesmwteehaS mesc i Mmucadfl | vy,
ma r k edtait m@ mp roif'sdeyda@d b ic i a-wy brpealiart iboent swhevepns
ent ot ind sesTrheis#t us mg geelsu wvtreoryss es pomaiga €e6) ned
Wi respeat wiurbgo&€tod u(mhnesa tEuxraensp)ined”“ pdie c hasi ng
goods'ustpomarnedtadti mmapg@ galu’s tboameedl at i on)
consi dsatag.i on

Anappr owhcrhdp @i s ¢ @ nc otvhealsyead € L at ii dGdmsohaiBp s
bi cl uBtied iursd enuil n gcl eucsatrdely gstaunmdes pondent s
pr odguch sn@ft sdi vt lWaltau estde f f U lroadteat UNe@tse :
respomdlge mortehdaml upt er

Bi cl ussher i ggunalgldgHaerdt i @aHHar tlioggrBdnta s
orylt e c ebnetcl ggnoep wWlutew tap pl itcaqr ¢ @ p r edsas{i soene
Cheagd CROOONH.,

Thlei cl uapproaghrappli yyeadhayr @ anscilnogd r k e t
reseBirclhugtad&rmilnugs tseirmunigt)acd eucshicdirisva 1 d
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col uaninldeat a deattH dpd oaghe®obises W/ cclbmimhn nat i ons
Thecsehlre ofstualh yaowoerdd ehreeah de pi ot ihseanl ut i on.

l'ts I mportant to note that biclustering
approatbdesnedwygy apawoi ti on of dat a. Thi s
vari et of dalfgfpoerri t hms t hat

c

y
t ypeldsat hdpgwl (le,.bg.nar gdimealrmind)
t h t ruactt hbei ec”l It WWa oegph 12.0,1 6

Graphildalstbphpbatsismihdleitsnt le@ trselr evgh hfei ghue leo w.

(a) Single Bicluster (b) Exclusive row (¢) Checkerboard (d) Exclusive-rows (¢) Exclusive-
and column biclus- Structure biclusters columns biclusters
lers
n Non- g) Non- (h) Overlapping - (1) Arbitrunly po-
Overlapping Overlapping clusters with hicrar. sitioned overlapping
biclusters with tree son-exclusive chical structure biclusters
structure biclusters
. « .
For this paper we selected @exsudrues i evaec hr o

i ndi irdbwg!l woul d be a member of a single b
may paritoinanpoatddeust er s.

R e a sfoaarb 0 o s hsntgr ua rtae rbdo ws :

1. Thei mpltarufcd wir leiotmantu e 3srceastuibntgs @ ntiask e s
mar k esttirragtaesgiyeor mul at e.
2.l maddi it eolppse wamatli Inesnn g rcil fuiddrasdomési fnogr me d

An al gorithm therefotrratmeietds to be sel ec

l.i appr ofpaotihgeit wdeant s pewhi hnasvyldé hoiwn
s e c B)i ,0 da
2. ensu‘rewxclruodni ced ustering
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2.2 BCBimax

Thal gociholemBBCBi,)naao di f ioctahBei mak gor i t hm
suggéedsPt €eflsPeiee |l 20DPDBhBI makx go wad thing iarpapdl iy
tgene exgpateads.e aopfadsrerbat rofcesal ogmaabsixng
af ackit v-a dato n gqaulegror i t h m.

BCBi mid0 | eht2axled s ua it 8 X ¢ lruoswil wes t sea li intgi”o n .
BCBi paxead®»!| | ows:

1. Rearr amgfes espoadlenimiseda t wr etedri adurbat of x
alll’'(si="yedsdatBhei r seraft hsotwe pl | u 9 thrhaet e d
hemappse | o w.

2. Ne xrteemavrdo wa nv oil wlegper e vd lowshrda petag fit)d6 i nd
t hneegt uster.

Thepr oceond umd égerrsepecn @ mioerl usteeeraxcMetde
t hnaott lolb s er vaahee o @ slaaicaayl ust er .
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3. THE DATA

Oudat sakfeanaswur o £ WeAw tBauy 6 Re s p 0 nwkeaaet kse d
whtae asbosur chasa&t r ée mployttodrtrb i masy doge) |,
exampl e:

1 Overnaltlstiydgn ng
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T Ridcoomf ort
T Qui et ness
1 Passesreqarapget ¢y

45 eaqdresat nmmavalues é dirhaenal ysi s.

4. REPRODUCIBILITY

Whidvear péntey madpsis ¢ead elacemmwpt icrhauls beuwe on,
choteset wsc| uséepr od aacliexiabiyEtreyghsntdo | n {2 O 4 18

The processréproevail baf ohgpowsoceeds as

1. Dr a2 oot s amafpredassihdea  acd!|l ubb®k isnogmmel gor i t hm
“A” nags pecn@ meedrl usk’er s

2. Cr e2preed imotdibdaesoerpar t f t sdedu)s i en.gg . ,
randomFor est .

3. Pr edihcerti gdianbasl awvée €l @h e d imotdifevi € 18 ) .

4. Det ertnhlera ®dalgr e ebneet ntehpen edc t umd mbewvekit@r s
(3) usingthe® A d | uRartdle ml d éARI).

( Repeat3at o o 10101 nmaensdr ekadvweh i spkl gort

| s hobbdottehdait tthh@al g o rA”tohmmu mboecrl uss kK’ “ena b e
variirmdor der to sel ect tkhei spbeimayy wadieéd. |
5ckPap ot enal fadis”

Theowhi s(kve rll ione)s ufl t @ hrge |l i amial ayriseh e wn

Ty

ARl
5 6 7 5 9
Clusters Clusters Clusters Clusters Clustors
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Solutionsk ={ 7, 8, 9} all had maximum ARI values below the k ={ 5, 6} solutions. In
addition eachwasconcentrated75" to 25" percentilespetweenyoughly .76 to .67, ascan be
seen by the embedded box plots. Bothkhe{ 5, 6} solutionshad higher75" percentile scores
(andhigher max values) so those two were the solutions considered.

| @ omp atrhkea{®,6} s ol ut ¢ @mese € hwh ikl=&6h atdh e
ma x immAWRIl jtvs odliat eahbguseabecenbebo®dhres ef or e
k=5S5wacshosadémoept ismdlut i on.

6. RESULTS
6.1 Partition
After applyialggdodhiet BG@8Bt osnatxhe dat a, t he r
produced as illustrated in the table belo

Bi cl|l wanrt teirReisaurd t s
BC1 BC2 BC3 BC4 BC5
Numberof Rows/ Respondents1186 284 302 258 300
Numberof Columng/ Features: 9 8 7 6 5

Ass an bbistaster 1 has by far the most r
associat.ed features

I n order to gain additional i ntuition 1in
Uusi nigcludtnfereber f uncti on fbixlusn dp d mk & hed oRame dp.e r
The graphic produced by the function is s
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Feat byBes!| uster

bicluster 1 bicluster 2 bicluster 3 bicluster 4 bicluster 5

Feature Means biCluster All Others biCluster ‘
|l W haebove graphi c, each cluster i S repres
col umni Hdi oatt'hrees stpheacti fi ¢ feature I s not i n
bi cl ustempt yA sa1lomt i's shaded so as to indic
dar ker the shading, the cl oser the mean i
Note that t he sl ot sT haer emiddidvlied esde citnitoon 3r es
feature mean i n all biclusters other than
refl ect t he mean for the given bicluster
So, for exampl e, “Smoot hness of transmi s
2. addi ti on, it appears to be a unique f ea
rel atively 1 ight i n col or
6.2 Profiling
Since most profiling variables were eith
met hod f or profil i ndg. s@rcahp hmecaaslu rielsl uwsatsr antei
Mosai c Pl ot was chosen to visualize the r
bicluster me mber shi p.

For the sakweobnill psesanton single pl ot
Pl easur.e Driving
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Frequency of Use: Pleasure Driving

teClustert biChster2 biChstord BiChsters D Clusters
2 . <
é; Al inast monthly ! P .
3 o
g
n' ™~
~ M-
g Al lnast weekly
P 3
I L N
b
s caily | o >
~ I = m ]
3 - mx
*Twaovaly aldlepiltyt edt avhgelaesaapger opontcieinealbuenci es.

I n the mosaic pl ot above, t he area of e a
frequentor ex thmpgl € he wi dt hs of |aitalvesd tyer
| arge compared to those of biclusters 2 t
rel ative frequencies for al | |l evel s of “ U
1

The mosaic pl ot i's “extended?ebyi ogl dthec
significance associated with tests of i nd
Agafar exampl e, we see “Use for Pl easur e
significantly higher that would be expect
Al t er ntah e vied we | “Al most Dai l y” appears si
biclusters 3 and 5 again under the assump

7. CONCLUSIONS

Conclusions drawn from the analysis may
advant abQkeksaasascweeats relating to Dbicluste

Advantages

Biclustering addresses the chall enge of
sel ecting s uwhbstehtosu to ft r.faetdstifluordessa tuinesmu per vi s e
sel ection, t he s ubmsgtisntaa ea csced vernctt epdo twehn tliee
rel ationships between features and respon
(as iwluateor anal ysi s) i s also advantageo
from this approach (see section 1.5).

236



1 Vaguasl gorarachms i dewikts pe diaftipgad s otwh e g
apphobhe mpl dyyavdar oéteaset s .

T RespomithehmetIsa s 6§ muil eplagrltei § de s sWheidl.rewas
del i bavatidiehg tsuidtye pr eassenmngm@ot enitnfadrlngat i ve
extewmdiypmc tabtrersiungdg s .

T Bicluptetihmgre ph ediactciuvh c yree d iactciuwa s y
nortepot tbe& cc,| up a et dhighhaneshalrgee nek a mivy ,
pr odhuicgeh ¢ ¢ utryaptemgl s .

Caveats

T Comput alteimamahg e siuhl an gtni mElsc s al waisfact
experi @amg tsdpdayr t | & ¢ hnaurmhhyedre s icd erdstpeercs f i ed
wancreased.

T BiclusteridgeéBCBi magpessaril Whcl asshiyg m
beaeli sconfcamroimtednige h hevali nsiubss etquetinad Ir © m
proviadicugrae cc t U end ;b e rfsdari/g plot ema it @l e
customer s.
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CONJOINT FORDIFFICULTCHOICES

JOELHUBER
DUKHEINI VERSI TY
MARTINMEIRNER

ZEPPEIUNNVERSITY

ABSTRACT

Choibased conjoint has successfully predi
deci-md koinn g . This papewheaxphateprwhatcti onda
because the conjoint choices are difficul
when the choice is novel and requires | ea
to under st ane,f fasn darvweh dara starugdet hey i ncl ude
I rreversiblpr owitdceo mepseciWei ¢ recommendati or
deci si ons To increase the motivation to
rel evance in the masé&leeptit acespondest $s mploo
t he deci si on Unf amil i ar attributes can b
a |'imited number of | evel s and encour agin
Unwil |l ingnesof ft®o omark elde baxldleesviinag paired co
preference rather than absolute choice W
us <cl ar i-mayk idregcifsarondi ffi cul t probl ems.

INTRODUCTION

Choice experi menftfss apes®erplse t dairdewteraaldlei ng t

alternatives They wor k wel |l I n contexts
val ue of the attributes. Thus, for produc
bet ween a heavy detergent boxr eviddnwe rioavn t
size with a higher price However, conj oi
are unfamiliar with the attributes or hav
agai nst each ot her P ar abdaosgeoda mmlh | y ,n tshue hr e
may appear correct, i ndi cated by measur es
However, the ability of peopl e to make <co
can be severely | imited if rt ees pdoencd esntosn ar
context s. Our goal here is to suggest way
attributes, and simplify the choice sets
I n the next section we provide ways to n

deci si ons We consider the selection of r
choice task, ways to encourage thoughts a
choevval uations by simplifying the choice
Foll owi ng t hat we focus on dealing with a
probabilistic outcomes We summari ze what
probabndigiiwes an exampl e of appropriate us:s
Finall vy, we di scuss the outcome of a stud
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FiguhAeB#Vwt st Conjoint for High School

School 1 School 2 School 3 School 4

Travel Time 5 min 30 min 45 min 15 min
FESESH Mndey 45% 15% 15% 25%

Grade Level

Percent

Economically 30% 30% 10% 70%

Disadvantaged
Percent Minority 40% 70% 25% 55%

o , ' -
s @ e
o '& ) oy

Special features

"li’ | [

The respondents were panel me mber s prede
o 17 pwhlrisc isnc hool School choice is i1ncr
s districts seek to enable parents to se
hil dr en. To frame the probl em, we told r
reaewhemi |l i es are able to choose which s
o attend.”

The survey began by defining each attrib
espondent’ s experience. For exampl e, aft
erwuenter grade | evel, it asked “At your C
rade | evel 2I”evliehle attthreirb dutoaussr wer e bus or
conomically disadvantaged measured by th
ercendr ached elrev el |, and the percent of mi n
i nary variables refl ect areas of strengt
echnol ogy, engineering, and mat hemati cs)
Definisngwnteh/esllmple | abel s and identifi a
espondent’ s job of selecting the best al
|l ternative is identified, then finding t
een cdnbydehe respondevrotr. stTlheh od amlsi mpad vb
uf ficient i nformation to generate stable
i ndi ngs, thewamalhy vyias uefs tshewegar t hat par
ducati omr esftarornggd yschool s with high acader
ducation desired schools with active spo
The useWooafstBeSsctal i ng ( MaxDi f f) for conj o]
ost choice experitmenbestopuesdoctfi seir vg c
akes sense for goods where there are a |
hose cases, there is relativielybltandl ef v
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t oot hp aeshtsdk eids. fHoorwesveelrq o | choice it i's | mp

upsetting school characteristics.

The focus on factors to accepérmndeavei d
where any option includes both positive a
exampllleustheavas ue of conjoint for this ki
conj oint choi ces, respondents were encour
|l evel s defined by consi stent | abel s or e a
verasns of the task similar to those shown
rel evant topic and simplifying the presen
higowal ity preference measur ement

WHAT TODO ABOUTPROBABILISTICCONJOINT ATTRIBUR?

Probabilistic outcomes can increase the
(2021) wrote a fine review of the appropr
concerned with the risks and benefomns of
from t hat review t hat apply generally to

1. People differ strongly in Peepreawithtlyi mo:

experience dealing with probabilities may
waysRespondents can be grouped by a simple
may be useful to include visuaR)repreasenrta
intuitive subjective probabi”l istic express

2. Peopl eagegwehaywendeaerfdtiamuditng small or | arge

Probabilities are best used when greater t
probabilities may be transformed to an acc
or populeaxamplke, Fa-yeary blyowromabi |l ity of h
by assegsiamg pari®d or the harm for a town
aggregation is wused, it is important that
probabilistic attributes.

3. Probabwdribkeis¢esi f expressed in term&doé$ a co

ratios and proportions are generally harde

4. Vi sual count i mages are better ways to sho

represei’®hawi ongustblree of cases as points or f
provides relative risk and absolute risk p
5. Use redundant measRmrewsi od @owmtavidut i @fs.a I
graphs to represent the same probability m

The recent article by Fairchild et al . (
based conj oint study. |t e xdeempir reesss i ppant ide rutg
may cause bl adder or memory probl gmd.ntFi g
task where the focal question involves th
reduction of depression and probabilities
i mprovement . Those benefits ar e btaeraamc e d
di zz,jamels$ he probabilities of bl adder or m
t he drug
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Fi gumRe sX

Probabi iBiatsieals Ciom j @heopitrcessrs i Amt iDr ug

Medicine A Medicine B
Feel gloomy, tense, uninterested

Difficult most of the time critical of yourself occsionally
Choices S e S
Between ;::[::m':
anti-
gepressan — =

rugs sensations,

3‘.2"‘.:,“ - 10 out of 100 - 5 out of 100
g | [ 3| e - [
(h_mfeol 0 o
mm : 8 out 200 (5%) : 1 out of 100
prodiems - - (1%)
starting in 1 year s - o)

Notice that the probabilities have redun
number inflicted out of 100, then as a pe
figures in a 20 x 5 grid. The ideaaiys to
t hat IS most meani ngf uly.eaFurtti hmer ,permradtoad tam
probability denominators are equival ent a
framing all ows the processing of ean her a
medi ci ne B has twice the bl adder cancer r
of memory | oss of medi ci ne A. However, me
occurring. Il n al |l t hen, the designtdemons
in di fficult but i mportant deci si ons

There are sever al ot her | earnings that c
t wo alternatives simplifies the choice fo
choice among altpanabéenveswi bohtdwhgt hesi st
willing to accept ri sks to get significan
around 40% of respondents focused on one
of f gains in onehatsri bMabhy ae@gajoshnht ast uadi
natur al unwi | | i-oafgfnse.s sH d we vaevro,i di n rtahdies c a s ¢
maxi mum probability of harm t hat |l eads a
effective medicpubklie heakth pekfaoaV &od i
contributions from this paper.

When Classic Conjoint Can Go Wrong

Conj oint i's so reliable that Its failure
surgeons i dentify approprri aéhtueanamh ahraanadt d rriasn
Hand transplants are a promising alternat
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PosiStiave menflrsa mbplasv Isu e d

Top 3

72%l ts connebcotdiyon st onamyur al , just | i ke n
67%Feeling and strength wil|l gradually
51%A transplanted hand would be part o

f
46%l train the transplanted hand with e
45 %People can hold my handedamandhake m
20%My transplanted hand is cleaned and

The next tasks asked respondents to indi
negative statements.

Negaéttiavtee me n flrsa mdbmludcmds n o € r n

Top 3
6 8 % Requiree ismmpression drugs
58 % Il ntensive surgery

38% Limited |Iikely grasp

37 % Limited |Iikely sensation

31% Having to accept a hand from ano
28 % Vi sual difference in your transp
26 % Extensive physical therapy

These selectiaong ecpmomdesint &t artehanostl y wc

suppressive drugs and the extent of sur ge
i ntended to move the attitude in either d
and benefitspoécedhe, tamdstppbamptepare respo

critical choice question:
The Critical Transplant Question
Now suppose you had an artificial hand t ha
opportunity go thr ougha tthrea npsrpolcaensts hoafn do.ei n
Ther e woulodp dbcek ento cooustt t o you, but the sele
therapy, and | imited abilities would be as
Woul d you be I|Iikely to enter such a

Yes N o

Notice the question |ldskkes yavinte¢e mhesudheyg o
encouraged respondents to be open to revi
|l i kel i hood by providing statements by a p
int i al deci si on Bel ow we show the negat.i:
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Questions Seeking Changes in Choice wit
You said you would be Iikely to enter a he
1. Suppose your doctor andl dhgotypkeabfgiwnel
you suffered to your hand, the chance of )
transplanted hand would be | ess |ikely theé
Woul d this possibility change your mind?
Ye sNo
As kNoi f
2. Suppose yourddectorcemot @i youhahadt eri st
I mmune system, you will be required to tal
for the rest of your [|ife These drugs wil
described including a ric&knder, deivabhbhetpe ng
and infections.
Would you stil/l be Ii kely to enter a hand
Ye sNo
f a person held to their I ni ti al j udgme
i tioal commi t ment to a nsphapt asntpper sts
e first counter i's resisted but not t he
verses after the first counter, it get s
ose initiallnyolti kiebli geanttiemrg tthhee yt raarnes pl ant
unters give favorable rather than unfav
r st counter may i ndi catyd utnlcati otnhad dhaanrdc
mor e, rat hern tnloasn Ipeasts elnitkse |l yT htem , j ust
sitive response, t he dég2r,e e8 nodfp rnoevgi adtii nvge
asonabl e continuous measure of support
FiguPer&8ent Supporting Tr amesnptl aaantd Gi ven |
Physician Counters
100%
80% Initial Judgment W
ooo"’-——_’_
60% —__,---
20% Initial Judgment —
0%
No Advice 1 counter 2 counters
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gure 3 shows the i mpact of new i nfor ma
rting a hand transpl ant. About 50% s
bl ue | ine shows thane n&rad | ggn @tORe b el !
hed after the second counter The re
st the transpl ant, the counters incr
y the same amount Thepoeret amcé taef vii vfi
knowl edgeabl e physicians on this dec

to +3 scale al sot patovaugmemat ed chiwemr in
cteristics of t hhose who support tran
nfde nhave significantly stronger tran:
ts given first

Transplant supporters are those wh
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O
c

-~ —-g—~ao0
oomqQo ™

®O =~ 0m= T
O“('D<8U)O

o
3""_'_CQ,Q.O

T Are younger and supporters of technolo
1T Have more medical knowledge and are | e
T Bel i ever eglhaetyi meley heal thy

1T Attend regular religious services

T Had mil it awmayneosree vliickcelayndt o be mal e

T Continue risky behavior: heavy Ilifting
T Prefer I|indehalkeolivreg arti ficial hands
first t hr ee rlelsyul tTsh onsaek ew hsoe nasree nmeedail ¢
medi cal processes are good prospects
ol ogically, suggesting that physicia
ary experiesuppamd .strong religious
transpl ant study al so has value as a
gsed conjoint does not wor k. Conjoint
pl e options each with clearl ycdefine
transpl ant i s not a choice among man
ve towards a hopeful but uncertain o
mati on about t he cost and benefits o
i on, and assessing the i mpact of i nf
ble to determine the characteristics
al tri al, and t hge nraebd 9 ;nrgs ptolt &tn ma kae mp
fective medical deci sion with the do
pri mary goal has been to suggest way
e tasks. The better respondents wunde
vamteagesd evfel ts, the more | i kely they
S Consi stent choices are facilitate
s and focusing on judgments among pa
catcitauma It c hoi ce i mproves f or choices f
he product category and consi der opt
mendati ons may b-batedscomporhanéeéxéoc



features welkl rehawnvehg where there are m
providing different featur es. However, we
deci sions that require more el aborate pre
prosthetranspht adant human hand requires thi
di sadvantages of a transpl ant hand in a <c
absol ut e. We il lustrate how to identify a
how t ot lmes siempact of physician statements
di fficul't deci si ons.

Joel Hub®&artin MeiBner
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CONCORDANC E BETWEENREATMENTCHOICE AND PREFERENCE
FORLOCALIZED PROSTATECANCER

RAVISHANKAR JAYADEVAPPAL
SUMEDHA CHHATRE
JOSEPHJ. GALLO3
MARSHAWITTINK
KNASHAWN H. MORALES
DAvID |. LEE
THOMAS J. Guzzd
NEHA VAPIWALAL
YU-NING WONG?2
DiAaNE K. NEWMAN1
KEITHVAN ARSDALEN
S.BRUCEMALKOWICZL
ALAN J. WEIN
LUNI VERS IPEWNGFY L VR®II IAADEL PENMSYLVANI A
2CORPORMILCHAECRESCEWAMEDI CBENTERY | LADELPENMSYLVANI A
3JOHNHOPKI I VERBATY I MARE
4UNI VERS I ROCC HEFS SEROOL MEM I CI NEDEAND S RRYHE S TN ¥

ABSTRACT

I ntroduction Taredat@ejnd c tcihwe :ce f or | ocal i z
preference sensitive. The objective of ou
bet ween valluiet ymar&eelss) Y uamd treat ment c ho
patient s.

Met hddis it hicenmelrt i Iramgdgiofrododnierdaoll | ed desi gn
| ocali zed prostate cancer patients were r
i ntervemwmtitdre amsual care ar m. Pati ent repo
satisfaction with decspe oinf,i anlde ggletnlern el af
i f e, depression and anxi ety) wemoentnhbe asur
f ol-tpow Cl i ni cal data such as stage of canc
comorbidity were obtained from medical c h
our -bweeshed adaptiseed clooijoéent analysis tool,
treat ment Fomoipec ost ate cancer paltoigeinsttsi cf r o
regression model was used to analyze the
treat ment attributes and treat ment , i ncl u
ResuBdgatsween JamuwarMarzxthlf£ 015, 743 | ocal iz
patients were recruited and randomized to
contr ol group (n=372). The sampl e demogr a
comparabl e by i ntetrivemtwiotnh sd arnt e ss h Gwe d sd i
I mpr ovement for the i ntervention group, C
satisfaction with decision showed that s a
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groups However, stilgeiif mgrdont & tyle egtriemstd eerrvent
Simil arl vy, deci sion regret declined in bo
the i ntervention group. Treat ment choice

| o-wi ggrkoahpi,gher pr otphoen teendg roomup mwer e on act.
surveill andéduecwanlgpamarge { 66 % Vv s. 54 %; p=0. 2
I nter macdskaegory patients, this proportion
93 %t bifent er geoupblihei gihcs&kt egor mcwemve omeat me
compared tou?9&éalrfer gm otulpe (p=0.72) . Among 3
patientsnfeogenppPpponi bwrtwi wal was associ at e
odds of radiation treat ment (ORE]1. 2D571CO0E€E
1. 2@ABn .t he ot her hand, survi val was associ e
surveillance (OR=0.67, alt=rovaswBtees@ o024 nt ede
hi gher odds of being on acti vealsluy,v efiddranc
cutting was associated with | ower odds of
odds of being on active surveillance (OR=
Concl uBRnemesrence assessment -ciesnteae rkay ccaams
and i £ faenosigbll ocali zed prostate cancer p a
showed t hat preference assessment was ass
satisfaction with dempati®emt atnde dtowemt relyo |
t heiuresvalval ue mar kers (or wutility | evels)
surgery were associated with active surve
can help prostate cancer patients reveal

with treat ment deci si on. Future research
and treat ment options are communicated to
overtreat ment and the resulting burden on

INTRODUCTION

Ther ey ilsi minted evi denkbenefiglaalduaegch daei aid
met hods through prefeaedset asscacisimenat € np
ma k iThhge.r e ar e sever al types of val ue <c¢cl ar.i
type hel mEstandomi zed controlled trials de
of enrichaindis dwictilsi waal ue <c¢l ari fi cation me:

mat ch bet ween val ule®Reared tt reevastdnsennttd acshuogi goeki
procedure to clarify v,dluaeg hiempmpwaues @anteir
ti mMm&t present, many believe that support.i
beneficial

Uncertainties confronted by healthcare p
prostate cancer care indicate tphada ireengad f o
prefet én®lriss piarticul arly i mportant becaus
opti mal management strategies for prost at
treat meht'* heilcest it untaes odfe fMendeind iprnaet il e & r e
“providing care t hat i Bdrespgaeat fpht oéenangd
needs, and values, and ensur i'dPgattiheantt pat i
centered care that e madkmmegs 9 ess ai mfrorcreesds d
making by patient and physician where the
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seriousness of t hbee dgrseevaesret eod; c2)n du nt d eorns tte
service, i ncluding risks, benefits, al ter
val ues regarding the potenti al benefits a
engaged #immkdeagilseitvoenn he/ she desir%es®4bnd f e

|t i s estimated that i n year 2021, t her e
prostate cancer, and 34,130 estimated dea
deci sions for prostate canceragatpeoststate
cancer i n particul ar face chall enging tre
prostate canc®Pi®P¥Fmai patueoakteawith | ocal.
treat ment choices include actiessiserveill
potentially curative therapies, suwch as r
assisted | aparoscopi c peamtaaeicatoimgn (RA&IP
brachyt herapy (BT) and proton tahdryapy (PT
signifi cankPtatsiciedmet erfef de cdaasr. e, a key componer
i nvol ves application of scientific knowl e
uni que characteristics, civtiuumspavioent ede
pr ost at e ccoannccoerrd acnacree ,bet ween patient pref e
may hel p optimi%Ze2®@outcomes of <care.

Only few studies have assessed the patie
patient s-makidge¢ci andnt he association of p a
outcomes among prostate cambheroppbrCcsenive, o
randomi zed cbtodgat heraabocsatoon bet ween
of care among men wi tWe Iwdaddl iad esd prdesttadtfe
attributes of alternative prostatetdaancer
wi | | ai d tmeatvrmae nOaitro pstgiuodnys addr esses t he n
patient s’ val ues and their rel ationship t
patient s’ val ues to attributes tocfomerse.at me
Paticemt ered care requires knowl edge of h o
affects choice of alternative therapeutic
pat-centered care as we will i deaoor dgnpati
bet ween preferences and attri butes of tre
prostate cancer treat ment
METHODS
Study Design and Conduct

The overall study met hodoPfP®Bgiyehhg, bieent W

mu kcteint er ed RCT, t he-biastedr WEMICH foeoroadvmcse sa fwee
Prostate (BapPe)pCBarepreferences assessmen
t ool was a | i st of t vea | fuievdeanadtsdtmr.ti 9 ud eemp It et

i ntervention either dWwnrdilng atrheé co fpfaind es \ciosn
admi ni stered outcome assessments at basel
and-m2aat h -dpPlalrdw ci pfafndrse dvea e$ 20 gi ft card

a token ofLa@polr eicn sattii tont. i on all r eTvhi ee ws t buodayr ¢
had a stakehol ders advisory board and a d
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Study Participants

-summged prostate cancer at di agnosi s; (2
ready treetednter. prost a

Study Sites

Theni ver sity of Pennsyl vania (si®thédy w a
study sites were Cirlreesc@arzporedler dinch &elmi hi s
Center (site 2) and Fox Chase Cancer Cent
Basedampl e si ze esti mat es, the total targ
participants

Study Eligibility Criteria

The study eligibility criteria were: (1)
cancer (Il ow ri sk: PSA < 1€62mg/ min,t e@Glmeas an
PSA =< 120 ng/ ml , or Gl eason 7, or stage T2
Gl easonl@cooe 8t dfe(ZPc)rgrnompnt nai ve,; (
( I nf ormed consent . The
0

a

I
4) able to provide
r
I

Recruitment and Randomization

Recruit ment i nvol ved f ol | owihpegt isd retp’ss 1)
ur ol ogi st/ physician for reviewing medical
recor ds; 3) screenipagttaeci padsess awidl 4i) ngie
consent and HI PAA perime sstondy flrioans tpatrit g tci
created randomi zation sequamdems Mmombemacdhe
with random bl ocking warnyiemmg memts iase i fgrnane
pl aced in seal ed, opaque envel opes. Resea
noti fied participants of group assignment
treat ment assignment . The sPAA yStaanrdd acrodchss ef
Privacy of Il ndi vidually I dentifiabl e Heal
| oc al l nstituti onal Review Board at al |l S
Clinicaltrials.gov (NCT02032550) .

Preferences for Prostate Cancer Care ( PreProCare) Intervention

Participants in the intebuausati adagtoup cC
analysis instrumentasskRPsaeaPitt@arelihteado vi dual
PreProw&areevel opedSaafstiwagrheea wew eeli b smerit dof
we-based i ngsthreeme ptubh a sfresd sphroewni oidns IFyi.gur e :
bri efl vy, i n tabirs ef hnee rpalntctt ool t o t he i nc

onkn t he s
i mpoitttbemt r
combi nati o
participan
and a | i st f the five attr inbeuwtaetse dmo sTth e
participant has the option to have a pr

cond part, the partici“pants r a
me |l ¥) Linmptohret anhti r d pcaonts,i scthion gc eo
s of attributes are presented
s selecting the combination th
o] pr

i n

252



average, this i nstrument resjwalr ecdarad ognt o B
participants received care arsalusmatl ennihalt
prostate cancer treatments.

Figure 1: Adaptive Choice Based

Conjoint PreProCare Instrument

@& Penn Medicine
=

Preference Assessment Decision Aid

Welcome to
My Prostate Cancer, My Choice

=~ R 5 i ' )
& henn peoriY EREQXCHORE @'
the cure is with™m
ARRAMLON CANCER CEMTERN

Figure 2: ATTRIBUTES

+ Suppose your are given two treatment options for your prostate
cancer, They are identical in every way, except for their rate of
survival,

» Treatment A may make many (85%) of patients survive 10 years

» Treatment B may make all most all (98%]of patients survive 10
years

* How important would this difference in survival be to you?

Not Somewhat Vary Extremely
Important Important Important Important

& Fenn Medicine e DS -

253



Figure 3: CHOICE SCENARIOS

+ If these two prostate cancer treatments were identical in all other
ways, which would you prefer?

Treatment A Treatment B

» More than half (60%) may experience » _Some (20%) may experience urinary
urinary function problems in the short-term  function problems in the short-term
&

&
Less than half (40%) may experience Very few (10%) may experience urninary
urinary function problems in the long-term function problems in the long-term
» Some (20%) may experience » Very few (10%) may experience
psychological distress psychological distress
Strongly prefer | Somewhat prefer | No Somewhat prefer | Strongly prefer
treatment A treatment A Preference | Treatment B treatment B
o o o Qo o ) o Q Qo

%= Penn Medicine the S B wit hl."

Figure 4: Output to Respondents

My Prostate Cancer Treatment Features

Your Priorities

Based on your responses, these prostate cancer treatment outcomes are most
important to you. You may want to talk to your physician about:

1. Urinary function
2. Cancer recurrence
3. Sexual function
4. Survival
. Out-of-pocket expenses (such as co-pays, transportation, travel, parking, and
meals)
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Out come asBlees spreinmar.y outcome was sati sf

secondary outcomes were satisfaction with
choi ce. Sati sfacti an bwvwaistel i meeu pp.Nnvd& satt md #od d to
with decision and deci si-bm. regr et wer e me

1. Satisfaction with care: Satisfaction with
questiondA8&)irre t(HPISQ questionnaire, 18 items
subscales that assess satisbéhctaoa. wEt br ene
each subscale ranges from 1 to 5. Higher s
PSQ8 has good internal consi ssteneyt (Celoindla
(r, 0.92)

2. Satisfaction with decosibs: mSasustdmusiongw
Satisfaction Wit HhZThec itwoitad (sTWD)e gaalge.s be
hi gher scores indicate higher satisfaction
(€onbach’s alpha, 0.88).

3. Deci sion regret: Decision regret i s measur
anxiety scal e-PlCAThpr ssbnatictodimMAXegfetvesubsc:
bet ween 0O and 100. Hi gher score indicates
internal consistency and wvalidity.

4. Treat ment choice: We obtaiamedvedatsaroripidiam;
radi cal pr o satsastiesctteodmyr,a dariochaolt pr ost atect omy,
(intensity modul ated, br achyetphoerrta payn,d ofrr opnr
medi cal charts.

Covariates

Data on foll owi hggpuwvtentabhkescentbunand TNNM
cancer, Gl eason scort*éveacmmdl |Cehcatrel ds otnh rcooungohr bn
reviWwWewal so obtai ned demofgrreappohritc bdaasteal ivniea Cc
patient age, i ncome, race, et hnicity, edu
status,stsamouksi,nghei ght , wei ght and family h
Statistical Analysis

To begin with, we ontecaedi edeodutdesgoani p
soedieomogr aphi c and outcome variabl es. We a
the characteristics of t hose who compl et e
upl.he out comes wer eanads saets s3e, dnéantt hb2al Ewvdel di onkes,
usaad nttetnrte at approach to our anal ysi s. To
satisfaction with car e, sati sfaction with
appropriate mixed ¢fyf actcoumaoaddeélos tcorace qu
measudmes model s included fixed effeets for
by i me, which all ows f or comparing the c¢cha
i ntervention gr ouBpotahn ds huasdy aaln dc aardg ugsrt cewdp .r e
reported in terms of the Wald t esWe point
al so performed | ongitudinal compari son of
group Vs usual car e igrHfawcpg) ofnomwitthe caaulkes c
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si x i tems of t he satisfaction with deci si
bet ween intervention group and wusual car e
Hi er ar chi cal Bayesian random effects reg
Range of an attribute (differences betwee
sum of the ranges of al | at tWei bcurteeast eydi etlhdr
ri sk groups based on prostate canaerdri sk
bet ween interventionFgQroupeapadriunstaearpvaeanatsiec
group only, we devel oped values mar ker s,
performed | at ent profile anal ysi & olrasendke o
participants from intervention group, we
of attribut e, ademograp uwise i nagr if dabl e.Ci O
RESULTS

We recruited a total of 743 | ocalized pr
and March 28713. w®heotneBPerde ProCare i nterven
371 were randomized to usual -ntoansteh. Over al
Satisfacti:Forwitthle GSawven slBbs owel ess tafmatthes
changes f r onmnobnatshe tdippnled rotdw c 2mbpea rweece Nt t eh e

i ntervention group and wusual care group.
satisfaction withleareofowsvant itsifmet i ANl ws u b
significant I mpr ovement for the intervent
For e xiammpprloev e me n t in MMmMoeatmesahmroeamobasatl | 24
satisfaction subs,cadre,e gwaasl O0t. A 40 .(55 E(=®D )0 6f)
group and was <clinically and statisticall
Longi t Qodmpnaarli MleaSa o fi sf acCar@omedrh t he seve
subscal esl1®,f méeameRAssEoaempared betwaén i nte
care group at basemnoinntenh aimdFlidagpw e 6 pl s and
| ongi tudi nal compari son of mean scores fo
subscal e. It wvaZednobs br-wmpdl tolhvea t meadamnals cor e
satisfaction was higher f or the i ntervent
observed similar -geasludd.s for the other su
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Fig 5: General satisfaction with care over time, by intervention status*

45
o 4
S 35
? 3
§ Z.g
= 15
1
0.5
0

Baseline
Time (months)
m Intervention Usual care

* Satisfaction with care scores range from1 to 5. Higher score indicates better satisfaction with care.

T TaoQw @~

Satisfact on wi Réds Dletts$s ggoaommtaly Snwikided of c he

[

ot al score otatwWhf abbobwed whahtdeci si on h
ntervention group and al so in the usual

mpr ovement was | arger and statistically

sti mate of changentf mos-me&@h hdaowage 4L&GE20. 03

hhent er vent i-®©0.n0 6 ocuPE=-an@. 03) For Ewlhehuothal
i X i tems of t he SWD, we compliend c rtvleentp rom
roup and wusual cRairge @6&goro Uipha mMissamjosvihi ed w
eci/g9ihen proportion satisfied tahe 3t wnm ng hsu
owever , at 6, 12 and 24 months a higher

ntervention group reportead osasiual actaireng
values < 0. 5) . A similar phda tSWDh. was o

Fig 6: Satisfaction with decision over time, by intervention status*

T|me (Months)
H Intervention ® Usual care

100
80
6
4
2

Percent satisfied
o o o o

24

* | am satisfied with my decision
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Deci Ragrmeeésul ts of the mixed effects mode
i ndi cated t hat regret had reduced i n both
group) However, the reducti ®hdeawaeg el amger
esti mated meant fconiber © ats23.264Ps ( SEt=He 27) for
i ntervention group heshwalO . ®dalr  SggEr=adlu 2.3 ) Nd gpa't
i ndi cative of decline i n regret.

Tr eat Gheonitcler obsyiCa h eRirsCat eglom yt kries K ogvr ou p
parti ahipgmeé s, pr otphbent eomwe ht booaon gr oup wer e
compared to the wusual cagpar{bb6pheet s58P~PLpM
I nt er ma dika tgea ou p, t he proportion on active
13 %, p=0.76) . it mheipgair € K cd ptaend sr f,r 09M3 % o f t !
received active treat ment, compared to 95

Tabl:As&oci at i 0Otni IbiettTywese Traoafadt me n t
Treatment Type
Attributes Radiation Surgery Active
Surveillance
Odds Ratio Odds Ratio Odds Ratio
(95% ClI) (95% CI) (95% CI)

Survival 1.20 (1.06, 1.50) 1.11 (1.06, 1.28) 0.67 (0.480.94)

Cancer recurrence or progressi 0.90 (0.70, 1.16) 0.99 (0.86, 1.15) 1.02 (0.75, 1.38)

Change in urinary function 1.07 (0.85, 1.36) 0.98 (0.85, 1.15) 1.11 (0.77, 1.60)

Change in bowel function 1.18 (1.03, 1.51) | 0.95 (0.82, 1.11) 1.09 (0.75,1.58)

Change in sexual function 0.95 (0.75, 1.19) 0.93 (0.80, 0.99) 1.46 (1.04, 2.06)
Psychological distress 1.22 (1.09, 1.56) | 0.90 (0.78, 0.99) 0.88 (0.63, 1.23)

Side effects 0.71 (0.54, 0.95)  0.99 (0.85, 1.16) 0.99 (0.67, 1.47,
Treatmenduration 0.87 (0.66, 1.16) | 0.98 (0.83, 1.15) 1.11 (0.78, 1.58)

Need for cutting 1.05 (0.84, 1.31) 0.88 (0.77,0.99) 1.54 (1.06, 2.24)

Radiation or seed implants 0.86 (0.67,1.10) | 1.01 (0.88, 1.17) 1.10 (0.80, 1.51)

Recovery time 0.98 (0.76, 1.27) | 0.98 (0.85, 1.15) 1.43 (1.02, 1.99)

Cancer control 0.90 (0.71,1.14)| 1.16 (1.00, 1.34) 1.10 (0.81, 1.51)
Out-of-pocket expenses during 1.12 (0.89, 1.38) 0.98 (0.86, 1.13) 1.03 (0.77, 1.37,
treatment year
Caregiver burden 0.84 (0.64, 1.11) | 1.03(0.88, 1.21) 1.09 (0.77, 1.55)

Associ at i Atnt rbieb uteecana MAp e s ul t s of t he | oc¢
regressions among 371 prostate cancer pat
present edwWei no bTsaebrlvee dl1 .t h at sur vi val was ass
radiation treat ment (OR=1. 20,i a€ le=hli .\gOhGe,r 1 .
odds of surgery ( @mN=1%.hlel ,otCQlex1 .hGabn,d, 1 .s2u8)v.i
with | ower odds of being on active survei
funcwasonassoci ated with higher( ORIdIs. ©d, bei
Cl=1.014, 2. 06) Fear of cutting was assoc
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Cl=0.7T7, 0. 99) . Finall vy, fear of cutting
active surveillance (OR-= 54, Cl=1.014, 2.
DiscuUssION

Preferesanxsmemnmtssi s the -cennerstdooar efapdth

uni ver salalsy aacncteetphtoedd t o | mprove the qualit
evidence that preferencecanatessthentutcbobmesb
treat ment c.holimeours -aleanctkdirngqgph t R@Th t o f mor e t
patients with | ocalized prostate cancer,

i nterventi on, t he PreProCare tool, was as
i ncreased deci $ioowver s &teiqst fergectti a@mnd i ces wer e
consi stent with the estimatedchreakl|l VYeseat
val ues/ preferences for t heVadwtec omae sk etrhsator
|l evel s of treaalmentecoavcér mast isme vand sexua
wi th active surrviesikl | parnocset aat@a mcgasitcapwsty pias itehr
analyze the associatvahubkbebweessmenjiointe
outcomes antd) dehermomear 4dti ve effectivene
i ntervention on trewmgdunelntc arhe;i c(e2 )o utt lkced mergj
assessment of vad aret envae k eaasr e;n prad i eh)t as
mar kers (utility | OQuwel st ualnyd dtemeatsme mtt edh
prostate cancer , thheelipri nogwnp aptrieefnetrse ni cdeesn tuisfi
standar di zbeads ecdo npprwetfeerr ence assessment t ool
enhanci rcge npeetrieedmdadka cmigs iacnrd  out c o mes

CONCLUSIONS

Preference assessment i Nt egrnvtemntri eowe a&lant M
preferences, |l eading to better alignment
i denti fy strategies to ensure diagnosi s a
patients accurately.
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PRICERXING: CAN YOU CONSTRUCT ANEXPERIMENTAIDESIGN
TO MAKE PRICE SENSITIVEC ONSUMERS
APPEARPRICE SEEKING?

JAKE LEE
REDANAL Y T, INTS

ABSTRACT

Experi ment al design i s a necessary compo
design that determines which combinati ons
whi ch coll ection of alternati mest amakeesipg
bal ances the need of the analyst to conve
mat hemat i cal form and the desire to keep
acceptabl e | engt h.

Anal ysts observe weird modeb gesestt whan
think is going on. |t I' S not al ways easy
there was a misstep i n the analysis proce
considered aswlaempowsmrsii ibtl wistpioMg erdé sul t s ar e

I n this paper we wil |l review an experi me
i nference of the study. We wi | | go i n dep
suggestions to avoid disaster i nethe futu
experi ment al desihdgn pfsi:l/€ rcecam nkkad.yftDac rskdensgit /
the project confidenti al there are no att
our bestthe desesshey component s.

I n the | ast section we wil/l i ntroduce th
design mistakes that result from clients
opr owiodbe f ew t asks.

BACKGROUND

A friemdhdwmacst i ng a choice experi ment as |
When he saw t he perrpeevteunau e yc u rnvcerse,a shien gr eparc

analytics group to see if we had any tips
Il ni ti al mo o eoluinndg hasnmhedb weefd tahe subjects had
par ameter . The model was suggesting that

prices. The range of prices tested was ve
as to why anyoinghewoupdi pe ef er a h

The client was paying between six and se
suggestion that they can profitably raise
The consultants knew t hat c o mnyesn”t sarle koen “t
f ast track to getting thrown out of t he o
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https://redanalytics.net/dumpsterfire

PROJECTSPECIFICS

The category studied i n this case I s con
Brand had seven | eveltdhearmd tpriibaud etsa ch afdi we
had three, anot her ei ght attributes were

There were prohibitions between attribut
and price. The prohibitions were caotmpl et e
someone would suggest i ncluding them to m

C

The survey had 300 versions of t he choi
i to a version with ten tasks. Eac

assigned
none.cdlhleggct ed responses from over 2,400 |
t he model
The decision criteria used for the numbe
respondents used by the consultants i s wun
Figare
Experimental Design Correlation
(All Versions)
Att 2 Att3 Att4 Att5 Att6 Att7 Att8 Att9 Att 10Att 11Att 12 Price

Brand 0O 0.01 -0.03 0.01 0.01 -0.01 0.03 0.01 -0.01 -0.01 0.01 -0.01

Att 2 -0.01 -0.01 0 0 001 -002 0 001 O 0 -0.01

Att 3 -0.03 0 0 0O -004 0 -0.03 -0.01 -0.01 0.01

Att 4 002 002 0 001 0 -0.01-001 0.01 -0.01

Att 5 0,999 -0.02 -0.01 001 -0.01 0 -001 O

Att 6 -0.02 -0.01 0.01 -0.01 0 -001 0O

Att 7 0 -002 0 -001 O 0

Att 8 0 0.03 0.01 0.01 0.02

Att 9 0.02 -0.01 O 0

Att 10 -0.02 -0.01 -0.02

Att 11 0.01 0.3

Att 12 -0.01
Ondeeper i nspection, the | evel s were per:
each | evel appeared the same number of toi
design file was orthogonal (uncorrebtated)
by the prohibitions Level overl ap was f u
single task never had the same | evel show
DIAGNOSING THEISSUES

The severe design iIissues were hidden, b u
| ns@pti on or di agnostics aggregated across
bl oc k. The file did not appear to have an
resulting inference was wunbelievabl e, s o



The firsteal te@eokameg who rtthhes Krreonmd tpheer ti ni
S . Many of the values were in the t
i bl e) t o $&.e Thad ugeuwe Dtuit sn der oode :+ wh:
t trheastp olnedd ttoowsuth wahughfparbrand 1

The respondent had chosen b+rantdottakvefyf

ti mes. Was there anything speci al about t
could | ead taotrhdhse&xtYyeemeBpand 3 appeared
Mo st ver sions of the design had t-he same
occurring Iin every task. See Figure 2 for
an option.
Figare
Task Brand Price
1 B 4
1 3 5
1 1 2
4 1 1
4 i 4
4 3 5
7 1 1
7 3 3
7 2 2
9 3 5
] 1 2
] 4 1
But —wai tgets wor se. Anot her pattern that
version 1 of t he desi gn. Brand 3 was al wa
ti me. See Figure 3 for the dameds &8t hofght a
Use the | ink to the full design in the ab
t hroughout the entire design file.
FigG8re
Task Brand Price
1 6 4
1 3 5
1 1 2
4 1 1
4 7 4
4 3 5
7 1 1
7 3 3
7 2 2
g9 3 5
] 1 2
9 4 1
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Il n versi oandl ,webrreanadesnflounded way hf @omritcle
statistical mo d e | to know i f a respondent
because of the brand or the | ower prices.
to know t hat a person choosibgabdaadd3netw
hi gher prices

Roughly 60% of t hoec ctua srki-shama doa & eftku | by aaod
Si nch etrhaer chi c al Bayes (HB) mo d e | eval uat e
I ndi vi dual l evel, this Iieummoacrsosnetdeniggn
This confounding drove both the apparent
brand coefficients.

An experi ment al design procedure that pr
consider e random, ednecsep itthea tt hhee aunsael dy stth es <
a “random” desi gn

The design was not as orthogonal as we f
ver si on of the design independentl vy, maj o
shows extreme ctolme edtattn iolmst et wkrem | ooki n
desi gn. Since each respondent only sees a
sense to construct/ diagnose the design on

Figdre

Experimental Design Correlation

(Version 1 of 300)

Att2 Att3 Att4 Att5 Att6 Att7 Att8 Att9 Att10 Att11 Att12 Price

Brand -0.2 0.11 0.18 -0.15 -0.24 0.02 -0.11 -0.24 -0.05 -0.01 0.41 0.27

Att 2 0O -0.08 033 041 024 0 0.33 -0.08 -0.18 0.06 -0.4

Att 3 -0.2 -0.13 -0.07 0.73 -0.33 0.07 -0.07 -0.08 0.1 0.05

Att 4 -0.27 -0.33 0.07 0.07 -0.33 -0.2 -0.33 0.22 0.09

Att 5 0.94 -0.27 0.13 0 -0.13 -0.23 -0.2 -0.38

Att 6 -0.2 0.07 0.07 -0.07 -0.3 -0.22 -0.42

Att 7 -0.07 0.33 033 0 0.1 0.09

Att 8 0.6 -0.07 0.27 -0.19 0.14

Att 9 0.33 0.42 -0.22 0.14

Att 10 0.24 0.01 0.14

Att 11 -0.11 0.46

Att 12 0.02
Thedesign procedure masked serious design flaws within each version by averaging out the
problems across 300 versions.

EXPERIMENTAIDESIGNCONCEPTS

The centr al i dea i n experiment al desi gn
survey ti noe)miynoiumiwaentt hte er r or i n the mode
Di fferent combinati ons of features/ profil
final mo d e |
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ficient d
ogonal me
an attr.i
I i n most
\Y i I appe
Il n addi ti on ort hogonal i y and bal ance
| evel bal ance) has been suggested to i mpr
amounterdfapowvwi ght I mpr ove t y out comes (
u

Kuhfeld (1994) observed that e
are bohbhgonal and bal anc
bal anced means each | eve
profile setting, whi ch i
mi ni mem| ayp . That i s, each

t o

S d

choice experi ment s, the multinomi al I

the MNL the design efficiency de

d of odd becauspear ainfe tweer sk, n ewe twhoeu | ndo dneolt
er i nt

i n the first pl ace.

A maj or criticbamedf debBagast esi atiack of
characteristics. There are measurements f
comparei gmwo amrds see how they differ on ea:
separ atel y. But how do you i mprove a desi
di s aearned mpr ove ment i n one di mension <can
they do di mnegrne&,eswipircloroty over the o

e
e
opti mal designs use a sin
s and -emprowvenctcywei €xtiléeim
r me asslexebfBceepogssbekrsf
e model ' s covariance matr
[

seeks t o mi ni mi ze as

The | argest lMersdIlgen sf ors d phtei maled t o speci
O optimize around. Il n most cases an expe
o)

The anal yst made some un

eshobekd S

b i r

t kmaal kye rtso wbeer ec h

etabngnpri or

itions in th

Despite these error s, these mistakes see
domi nated brand pairs.

They al so needed mmrog tuans kvse.r sAa | cl oymnkonno, w ny,
t hat each | evel shoul d appear at | east S i
3.75 times each. 10 tasks * 3 alternative
appearances peotl tevel pheafjsbut asgaod pl
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I f t he user i nNntended on a maxi mum | i kel i
mber of responden
modeld,e dmavihe nt & hile

wf-l'

Q_(/)

8

A

®-
«Q

5

(0)]

g a nu
rogeneous HB
e

BAD DESIGNC ONSEQUENCES

We set up a si mul ation experiment to exp
to an opti mal design with the same setup
woul d appeiamg pde gen dcdiereck on t he design i n f

The strategy was to start with the same
the original data set Then we shrunk the
for each sim wemntedeggatdddDOesi We geamewver i fi
uti ity for hi gher prices.

The experi ment had eachchoofi cteh et assi knss. cTohmrep
were based on highest utility plus Gumbel
designé&e Briginat defsf igni. esecoa@adflf gmai Bhhir
design with an extra alternative and two
cover the error cl i ff i n a moment .

stic we wer e cad n dhemarviree da a b o u

i
confirmed negative price coefficient, end
Figure 5 shows that the “random” design |
price parameter compared to t e soptAidmdaln gd
few tasks, t he model further reduced t he
Figbre
Bl
. Difference is due to
the experimental
. design
10
' 5
B TRl e I i imial I timal 1
The same sims were used i n al/l three tre

appareBsatepRrngesubjexpsrismendual tdes hen str
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RECOMMENDATIONS

The first recommendation i s more robust
with fake r to see if it “runs w
mi st akes. T gy miexn anetd Hufamidc ipean tr
al ways wor k n the data is very p
t he version not across all vers

b
c

The aut hor i s not aware of a
r

st set
comperneshh ve and standardi zed p I

r obu
ot oco woul o©
The second recommendati on i s to consider
i p ur es Opt i madlo nd ensait gerds bsr hmaonudl oo
sbvers winteh fverin yeynl oose and r

e
B

t he -hd miomattédean widnd repil ras e
s

2]

I

—~ —~
(]

o O

owmw~—O0n
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more suited to minimize
éhloud @s iagrm i gr aonaed/u rdeessi gn p
recommended.
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The third recommendation i s wsd& ssi muldatsii
efficiency. This is illustrated in the er

THEERRORCLIFF

The erroirnwdntfdd walsen a competing anal yt
could have up to 120 parameters in their
maxi mum number of |l evel s per attribute. O
statistical baoundapeonmenbsspdlaybe a come

Humor asi de, it does beg the question: h
attributes or |l evel s or when do you have

of the si x appear anmesvep ggru alnga v dly heuwarti satnid
mor e pr-etf8e cut

We set up an experi ment al design simul at
study. We created opti mal experi ment al de.
from ei ght t oo pstiixmaele nd.e sFiogrn ewaec hr-Eercroo rd etdo a r
vi sually i mwndpge dbtettwreee nt taadeks and model err
Fi gure 6.

The steep decent bends creating an el bow
ri ght wher ef ywyoau wosuedl tblre i si x appear ances
i s shown on | og scale so that you can act
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Figeére
100,000,000

10,000,000

1,000,000

10,000
1,000

100

8 9 10 11 12 13 14 15 16

we )-Error Theoretical Minimum

The same anal ysi suphtoavelds twaul éh alogenr éa

ground,s whhiychwei i ncl uded t hat as an altern

Thi s technique can be used to understand

arew dr| ng i f you can get away with | e

i nt o espace.

CONCLUSION

| f a poor experimental design can change

i nference and ny recommendations of t he

procedur es should be | ess | i kelewitgm pr odu

checking i s suggested regardl ess of t he d
designs have the advantage of ge

bet ween | evels and tasks.

Jake Lee
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SHOULD SHAPLE¥ADJUSTEOREGRESSIONC OEFFICIENTS
BE USED INMAKING PREDICTION®

JACK HORNE
JACHORNEONSULTI NG

INTRODUCTION

Customer satisfaction is one of t he most
research. Efforts to measure and track <cu
mar ket research budget for many fir ms. Ju
the key drivers of consumer satisfacti on

Say, for examplsatti sdtacwe omr olmetthore el en
suppor,t p(rvoduct 2f,unand otnhad iitrgs t(rvWe t ¢ @Inl en@atn
for each of t hese measurespoimtcl ssIdalngs 0oV E
deter mi ne how emtcsh afff & chtess eo ved reanl | sati sf e
regression anal ysi s, using overall sati sf
service/ product el ements as predictors. T
each el ementr,eswhileid daon fbewd the rel ative
expl aining overall satisfaction.

So far, so good. WephadodkRenambdehtt BAtcse
satisfaction with specific el ememdesd adfi vteh
i mporaeafaneach of those el ements in deter mi|
both ideas to focus our efforts in |1 mprov
straightforward approach and seematpiact.
affecting satisfaction. Unf ortunately tho
(Strat mann et al , 1994) .

Linear regr édsasieadn ciurstoumreveysati sfaction r
shortcomings in actual p eparcetdiiccetniooRiesg e & a & i
i mportance of the contributing variabl es.
vari ance in some other variable i n simila
mo d e | and contributedni’tts maxmpl dmmatber yadgew
the second variabl e. This often causes th
be | arge, and the coefficient for the sec
the point of vi eew osfucrhe laatrievseulitmpwoorutl adn cl e a
first variable is highly i mportant i n exp
even though the two variables have simil a

At ti mes, we mmhgey eegnetssndnt baef ficient

opposite sign compared to the direction o

! jack@jackhorne.net
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he dependent . This |l eads to nonsensi

sol ati on. Syoubdsatcempaniyohr with th i n
ncroevaereal | satisfaction due to a negati Ve
nstruction manual ? That hardly seems | i Kk
airwise coermrretlhaag itowmo bwarwieabl es i s posi ti\

The adbeosvcer i bed phenomenon i smuwlatlil cedl Imun & ¢
hVarrti abl es t hat are highly correlated
atory powevaroinalsloane areg emaiechtt o be ¢
The problem is frequently exacer
on the same rating scealteglaendiias e
and “ hor rmsg” seafcfhe cbti sa saerse wehxea mnep lae s
te apy features of a produgtattehat

tures of product t hat they are dis

i near i dy ciusnean e e a pelrsysh domndn anneal | Iry esc
sults in incre

—_—— N

Sever al di f f
Components Re
vabl as, and r
approach i s t
i nterpretabil

Ri dge regression is anothencmeahodndhat

i estriidagtee @b yatnae d teklren gr egr es si on
t hat mi ni mi zes the variance a
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exampl e, say we wish it o unde

V2, 3, M)V on a single dependent vari abl e. Sharcg
s involving those variabl es, compar e

averages across them t oitforsrBdu atrheed uworfi o uhee v
enl

repeats o b&tasnpdr oocess f or \Y
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Figare
Determining the Shapley Value for m a model using ¥ 2, v3, and v as predictors.
Average the following effects, where f(X) is the effect of X predictors on a dependent variable.

R% f(vy) 1 O

RZ: f(v1, V2) T R?: f(v2)

R2: f(v1, va) T R?: f(vs)

R?: f(vi, va) T R2: f(va)V

R2: f(v1, V2, v3) T RZ f(v2, V3)
R2: f(v1, V2, Va) T RZ f(V2, Va)
R?: f(v1, Vs, va) T R2: f(vs, Va)

R?: f(v1, Va2, V3, Va) T R?: f(V2, V3, Va)

There ameppeaVvVemgl features to this variar

averaging some statistic across al/l possi
capture the effect of t hat predictor i nde
predictoreg.r eSlsamwmlneyarn al so be applied to
l i near regression, | ogi stic regressésiimnn, r
a linear nfodelt hewhismueal Robj ective function
functl ogi 6brc regression might be:

(-2 LNuL)x—(-2 Lnko d)e s
where all Shapley valuesanybjledt svm foantchi
any model type, t he Shapley values sum to
variables included.

One disadvantage of Shapl ey regression i
Figure 1, we neegdr eesos iroumn nlobd eslesp atroa tfei mmde t |
of each of the predictors. (The same 15 r
contri buti ofwaroifamlalneys ,oft teher esul ts just n e
ways.) Runni nddAplI®dimcde®lrs gisvemt comput at.i
size of the problem increases exponenti al
model spprgda dviedgdt—-dr. s Moidel s wi th 10, 20, and
we compute r ouigohn,y aln d 010 ,bill Imidn separ at e
respectivel vy. For |l arger probl ems, we qui
or Shapley regression?2and it i S not pr ac

2 Sampling on the models and/or eliminating the most complex models can reduce computational needs while having veoy titil¢heff
Shapley values themselves.
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Some pri or research has beem dond hien cewnd
action (CSAT) wor k. Tang &
tracking studies and ar
wi ng chal,l.evngamndaayd we ah
hi ghly correl ated with
o have a relatively | ar
and hats meargzersc.i oWe cwaeaedlfd
itsh aitmpvont anmhnotandewen t hough both are
pendent vari abl e. This faul
s i n thememodebeaWawe m2gabt
s ha mpdbbaectavweseen of very small changes
use us to reverse our conclusi on
t
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A COMPARISON BETWEENSHAPLEY ANDOLSREGRESSION

A di sgui sed commerci al data set 4 s wused
dewreid r el ati ve I mport aneaedjaunsd epdr erdeigcrteisosni of
coef fi

cients and to compare both to the s
regression
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The data set (N=200@)onpamteai e lti v ea yb s=ir
consi stvarofabémee measuring overall sati sf ac
dependent vari abl e, and six variabl es mea
service, which were treated as predictors

Correl ations bet wedceap drmdcke mtr emdda rddd. @aSisimidlmadr
0.720). A linear DLY .  C0%Nenni tmemedeaslameRd
regression coefficients that al |l mat ched
were statisticallyisegnmpobcaancepder Oves)
coef ficients, however, exaggerated what m
examination of the correlation coefficien
| ast two attribut s mke“i delriyy é€r ywasosslt. L 8.
i mportances were derived from squared cor
when derived from OLS regression (see Tab
di screpancy i s a good e xlaorsped ec roefd iwhielriet ya ni
OLS coefficients to compare predictors. D
thaswiore deli very in determining satisfact

Tablle
Relative importance of predictors across three methods.
Predictor Correlations OoLS Shapley
r rel.imp. coef. rel. imp. value rel.imp.

Accuracy of order (pl) 0.681 16.7 0.242 27.9 0.107 18.0
Quiality of packaging (p2) 0.655 155 0.170 14.4 0.092 155
Friendliness (p3) 0.687 17.0 0.131 10.9 0.100 16.7
Tracking accuracy (p4) 0.651 15.3 0.094 4.3 0.084 14.1
Delivery cost (p5) 0.720 18.7 0.267 41.1 0.120 20.1
On-time delivery (p6) 0.683 16.8 0.053 1.4 0.093 15.6

Shapl ey regression smoothed the relative
The r eaetliad ivfe i mportance from the | ast two
analysis was 1.3 (20.1/15.6), whi ch was m
correlation coefficients than from the OL
the diffatewees mpornalnce found from each
from this demonstration that t he Shapl ey

8 Descriptions of this data set are for illustrative purposes only. The actual attributes measured and the purpose fsenddth were
collected and analyzed has been disguised for the purposes of this paper.
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OLS and reduce the dis

t or
partitioa éeéhffeans qof t he

tin

pr e
Fi g uzr e

Comparison of relative importance from three methods (1) squared standardized betas

from OLS regression coefficients, (2) Shapley values, (3) Squared correlation
coefficients. Relative importances are indexed to sum to 100 for each method.

p1
B Squared std. betas
p2 B Shapley values
B Squared correlation coefficients
p3
. Expected value if all
p4 equally important

45%
Relative importance

A similar flattening occurs when compar.
regression coefficients (i e. , t hose der.
predisceee olhabl ean2)r.eglrhees smmeon coefficients f
0.160 and 0. 144, respectivel vy, whil e t he
coefficients and | arger i ntercept suggest
whensampl e paradimadenfsrom the Shapl ey coef
sample predictions made from OLS coef fici
3 Not e t hat the predictions are neverthe
nearly egqgwhel dy agooml
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TabPke

Correlation and regression coefficients, Pearson r vs. OLS vs. Shapley.

Predictor Pearson OLS Shapley
r Coefficient  Coefficient
Intercept -- 0.217 0.528
Accuracy of order (p1) 0.681 0.242 0.152
Quiality of packaging (p2) 0.655 0.170 0.138
Friendliness (p3) 0.687 0.131 0.144
Tracking accuracy (p4) 0.651 0.094 0.131
Delivery cost (p5) 0.720 0.267 0.163
On-time delivery (p6) 0.683 0.053 0.138
Fi g ulr e

Comparison of in-sample predictions made from OLS and Shapley regression coefficients.

v

diagonal

== inear (Shapley)

Linear (OLS)

i 08

nJ

Predicted (in-sample)

Observed
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Predicting kH oll dleviatd 8 dsastiinogn t el csaret si mi l
package in R was used to generate the hol
par ameter =5 for al/l anadfyaseketus({ ©@B}Y hei me
quite as good for predictions made from S
prde cti ons made from OLS coefficients, but
standard deviation of each other for the

TabBe
Fit statistics.
Fit statistic OoLS OoLS Shapley Shapley
In-sample Out-of-sample* In-sample Out-of-sample*
MAE 0.684 0.687 (0.030) 0.701 0.702 (0.031)
RMSE 0.877 0.880 (0.024) 0.888 0.889 (0.022)
R? 0.595 0.594 (0.021) 0.590 0.591 (0.021)

* mean (xsd) across hold-out samples.

l ncreasing t he ndientbree a soifn ddrissddnmmodtteo rrsse aomri n
change the fit statistics made from the t
statistics themselves did increase with d

4 The original data set consisted of 18 predictdxsf, which were selected at random for the earlier analysis. Sample size was reduced in the
same data set by randomly selecting cases.
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TabWle

Mean absolute errors of predictions in actual dataset when varying number of predictors and
sample size.

OoLS OLS Shapley Shapley
In-sample Out-of-sample* In-sample Out-of-sample*
# Predictors (all for n=2000 sample size)

p=6 0.684 0.687 (0.030) 0.701 0.702 (0.031)
p=12 0.681 0.685 (0.033) 0.702 0.703 (0.035)
p=18 0.669 0.677 (0.037) 0.694 0.695 (0.035)

Sample size (all for p=6 predictors)

n=200 0.679 0.691 (0.061) 0.692 0.694 (0.071)
n=500 0.695 0.709 (0.119) 0.724 0.727 (0.094)
n=1000 0.667 0.674 (0.025) 0.693 0.693 (0.027)
n=2000 0.684 0.687 (0.030) 0.701 0.702 (0.031)

* mean (xsd) across hold-out samples.

SMULATING DIFFERENC ORRELATIONSTRUCTURES

To expl ore beyond the actual data used a
sets were generated, each having differen
rnor mfmuwlicttii 6apmoktage i n R (code avail abl e
setonsi sted of nine variabl es, ei ght of w h
dependent variabl e. Sample size was n=200
parameters are shown in Tabl e 5 The corr
narrdwwade spreads of correlati ons, and t
correlations among the variabl es.
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Tabbe

Mean absolute errors of predictions when varying correlation structures of simulated datasets.

Mean absolute errors
Correlation OoLS OLS Shapley Shapley
parameters In-sample Out-of-sample* In-sample Out-of-sample*

Narrow spread

1:r=0.15-0.25 0.961 0.965 (0.034) 0.963 0.966 (0.033)
2:r=0.45-0.55 0.713 0.717 (0.040) 0.717 0.718 (0.039)
3:r=0.75-0.85 0.372 0.374 (0.011) 0.419 0.419 (0.016)
Wide spread

4:r=0.15-0.45 0.853 0.855 (0.014) 0.860 0.861 (0.013)
5:r=0.35-0.65 0.581 0.585 (0.025) 0.621 0.622 (0.022)
6: r=0.55-0.85 0.453 0.455 (0.013) 0.613 0.613 (0.026)

* mean (xsd) across hold-out samples.

OLS and r&®gaplsesy on coefficients were cal

predictions wer e madkd ofl rdovardboctishd )noert Fhiotd s u
statistics for the two methods and each d
wor se for Shapl ey predictions than it wa s
di fference between the methods was edmlty om
were high or when there was a wide spread
Further examination cefpreiamyl &t gdh dara es e
had the | argest di screpancy in fit statis
t heei ght predictors had different signs amao
associated correlation coefficients. The
signs of the correlation coefficinent s. Th
coefficients were also much fl atter (i . e.
coefficients (see Tabl e 6)
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Tabbe

Correlation and regression coefficients, Pearson r vs. OLS vs. Shapley.

Predictor Pearson OLS Shapley
r Coefficient ~ Coefficient

pl 0.571 -0.922 0.103
p2 0.585 0.595 0.079
p3 0.598 -0.033 0.070
p4 0.748 0.818 0.196
p5 0.551 -0.321 0.054
p6 0.522 -0.239 0.031
p7 0.710 1.005 0.190
p8 0.765 -0.162 0.162

This, @asenot hehe actual data examined i
fl attening sfamphe 9Irepeée cafi oins made from S
compared to that of predictions made from
Figure 4 frort Miag ac ssxd, 6t.hd sl opes for Shafy
substantially different from one another,
better approxi mated the diagonal
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Fi g ur e

Comparison of in-sample predictions made from OLS and Shapley regression coefficients for
simulated dataset 6.

Shapley
OLS
5 S ¥ R =0.6148
4
Q ot
= et
© ot
i A
=
© .0'..
Q
+—
-
© 0
o
—
e diagonal
w ¢
0 1 ) 4 f Q
Observed
DiSCcuUsSION
Sur¥bvayvyed cust omer satisfaction research
of mar keti ng research. Of t en, t he cust ome
budget I t eme 9 ema rmalr keed p aargt ment s, especi all
research is conducted as tracking studies
stakehol ders want and need to receive val
When there ar e mammye rc osrgtoinsefna cst iodn ,c uesac h
di fferent survey question, management wi |
drivers?” of satisfaction from those compo
whi ch of the many componenheyosShousdomercu
since there is |likely not ti me or budget
be they | inear or | ogi sti c, are frequentl
has shown, as otsersesf hahesbemerkods hmay ud
I mportance of predictor s, especially when
among those predictors This in turn caus
di mi ni shing othectabpeegaat hgti mpgritant a

)



Shapl ey regression gets us better esti ma

(i . e., more i n | i e with what we’ d expect
Wei ner (2005) f ound, mo r e csktianbgl es teusdtiiensa t ea
smal l er sampl e si es

Al ternatively we are seekipnrgedticctuse

future values of stomer satisfaction, [
use SHhaplusyed reg ssion coefficients. Th
generating proces il nvol ved i n both appro
approac h, the coefficients in an OLS mode
form procesadjlUbBéee8haphbegyssion coefficien
derived f-frommaopbpmnzati on process. It ma
to confirm, t hat t here should be mboemnoi s
process than onefsormmadper ofcreosns .a cl| osed
Il n sum, the results presented here make

determine relativef ipgmmeditatnears ,a meawty utad srea |
regression coefficients to make predictio
model s tended to do about t he same or out
regression in the fdadoaurssed,s telxearma naerde hmee tel
predictions among CSAT data other than OL
met hods, such as random forests and ot her
real m of machi ne | earweirneg .e xNaommi en eodf htehroes eb L
for simil ar questions going forward.

Jack Hor ne
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APPENDIX EXAMPLER CODE FOROPTIMIZING SHAPLEYV ALUES FORPREDICTION

Y p O d @ Of
d OO T ©Wf
Tagi Y]

Given, Y Y

then, function to be minimized:

O (T Yo

optFxn < - function(x, sv, corm) {

}

Svv < - as.vector(sv)
cord < - corm[2:(length(svv)+1),1]

corx < - corm[2:(length(svv  )+1),2:(length(svv)+1)]

ff< - sum((svw - (2*x*cord)+

(x * (rowSums(corx %*% diag(x))))) " 2)

return(ff)

sval < - [vector of Shapley values]
corm <- cor(data)

scoeff <

sv=sval, corm=corm)$par

- niminb(rep(1/length(sval), length(sval)), optFxn,
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AN INTEGRATIVEC ONJOINT MODEL FORCOMPLEXPRODUCTS

YICHUN MIRIAM LU
OHI STATWUNI VERSI TY
JEFFD. BRAZELL
UNI VERSIUTYAHOF
GREGM. ALLENBY
Ohio State University

ABSTRACT

A compl ex pr odsuicmp liesr ,macdoempuopn eorft product
model i ng demand for complex products | i es
affect component choice, and its resultin
i ntegrative model dfuocrt sstuadyiimng ncgo nmpull et xi pp re
within a single structure. We il lustrate
option packages when purchasing an aut omo
1. INTRODUCTION

Conjoint anal ysis i s a mdadwerdi pg etf lkee ewnale
product featur es. The attractiveness of C
assumptions about the structure of respon
exploring the source of desngumamdpmpefi €n ey
Conjoint model s are uwvaal lap|l €®pedioffi @d owwic
t heir |l evel s, all owing them to refl ect an
The most popul ar f or m-boafs ecdo nojdorejmati natn,al y s

respondents express their preferences for
t hei rprmdstrred offering. Preferences are u
described by features of i nt epruersca h asoe fafr ne
automobile involves choice from among dif
engines (el ectric, gasoline, hybrid), dr i
safety, l uxury). Simil arlogyr gioums sann @ awkKa@r
mobil e communication companies may bundl e
i nto a single offering.

The complexity of many product of ferings
al | o f the featumasoof dai peoduof @epgr cha
composgeci fi c features), and studies are

vari ous components of a product for compo

! Generous financial support was provided by the Ford Motor Comp@ij0@52940. The authors thank Anthony Bradfield, Peter Kurz, and
Bryan Orme for providing helpful comments.
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manufacturer s, for e X a mpul aet, e ucsoen scuonmej ro ipnrte f
el ements of safety, | uxury or sport packa
preferences for different menu i tems, sea
these components are mhetmawvket mlbaece fwirt Ipa
marfatci ng product . Results from the compo
i ntegrated with results involving the mar
to component features on sales can be mea

Ul tiynatedrs are sold in the marketpl ace,
changes to a product component need to be
of fering. I n this paper, we show t hat i nt
conjsotiundty wi t h tfhaec imnagi ns,t undayr kneeteds t o acco
the price | evels of the component and the
assumed-vdumapl e utility function used in
I's shown to exhibit di mini shing margi nal
val uati on of the component features when
t hat economic measures of consumer prefer
beoynd t hat suggested by Il inear model s of d

We study consumer preferences for wvariou
automotive mar ket using a unique dataset
preferencleti plceossnmaoi nt exercises. Our r
from the behavior al derr985 o ndememstyr atiitreg
consumer price sensitivity is dependent o]
sensitivi try alsd mgrhe/s pirmmd |l emat i ¢ f or produc
cost of component parts is increasingly d
of fering.

The organi zation of our paper is as foll
study dewdlgwnmatfiomg compl ex product, f ol l owe
i ntegrated model and alternative model s.
and in Section 6 we discuss IiIimplications
of fered in Section 7.

2. STUDYDESIGN

We investigate the effect of changes of
using a unigqgue data set, i n which respond
about t hheompomemandf eat ures of Symondantd i
were qualified for I nclusion in our study
purchase of an automobil e, or intended to
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consider ed. Data was obtained using a nat
usi ng -baa smeedb?2sur vey

, al terr
ems quurat o t he mar ket pl ace offeri

ru n
ai ns) , t hree component option pac
s, and Savaetyy nAs sniugntbaenm se )ofwiftelat ur
t
S
f

Il n the mdiarc, nmarclhati oi nt exercise

att i g

dr i k

Wa r e

att e Then prhoeed wotmpfoenaetnur eogpt i on packa
t ent , and dummy variable coding wa
Y or

the SUVs in the main conjoint

no
| e

FiguMaih Conjoint Exercise

¥ you had 1o pick one, which would you be monat likely to buy?
Beanarte Vot 1]
Lo e ]

0 = PO | gD - —

Unique EQUINOX RA/G R crev nOTn

Product + ) ] e ) —

Feature

WG C gty po ] s Wi Yodo e
e cvwtrom AT e AN Fh) WO

P Tt Poww rOOreEt never Mrwer mETvoctE rerat

Do evw wrgarsese B e el et e
oo et

» Frmee st be—e. Merest - Praeas s

i Sndwny cndente e Ny n st i Ny mie
- R R

Commt bar wuts I pw— Vs e
Lomponts 1 Raw Ties Yafc Cameen Heeo rime vufs uduas Raw weee vafs s
- ——y - oy
Attribute Drver Wt rwrage Foubage Lave Soganse st Lare Ampartoe @et e Sapunse st

Stasd . Armde D e br s e e

AZmwe Tame TTrs Algen uve Tt Alagmie (rome nwtmd
I e P RO s e TB V., Peeeus Bt vieTeey

Satety Assutance Pachage . L arw bomy wmsel Loww homp snset

At patay L A et poamy
Pice S0 504 990 $az4%0 7 000

P 2 et 15 Fich ane whith et gee e

maat Bhaly o byt Oyt 1 Oyt 3 Onmar )

e Tr" -
[Re——ry No

an e a
t

at oes e
@ haviFrmgaalelabl as
s woul change across <ch
ckage, or component

X
o]

daoé wuhp
efParckheg
d

, and t

,
@
o)
[
op—Fpox

2 http://qa.interceptsurveys.net/Survey2320/default.aspx?RID=Test&VID=1&CID=1
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he mai nn cwatgw irets p@xarn amigs

addition to t

rr  of component conj oint exercises to
nent spri ondEgogngstiheoxwtse Pr emr umer War ni ng
y Assistance packages componenhteexarrc
escribed by a set of package feature
price attribute depending on the nu
e tasks. Prices i n mahiins ctoansjko ianrte esxnear

FiguCemponent Conjoint Exercises

If you had to pick one, which would you be most likely to buy?

Scenaio 1018

P rreceraet et reed v v v
Ous 0ooe errperstins cartrnl v v v

Brersiam siees v v v

Fowsr lukivg outitde mirmer v v v v v
Canpened Mast mate v v v
Price 2.4 $1.9M sean $3.097 2000

W you bt b gk sem, whroh WS pou be et
ety o buy? Cpton A Opton B Opten C Optan D Optien &

W s avaliale ot P prive, skt you setaaly

You
oy it No

(a) Premium Package

i you had to pick one, which would you be most likely to buy?

Scssarka 1 o b

_—-
Frmad coohaans waay / v {
Naw croma (rathe colbemms wwrwrg v v v
Raar chiacis wwrmeng v v v
Lo duparivre st v v v v v
Tesreairnd viem reerrte v v v
Priee 1400 1,400 L0 $2.500 sum
¥ you Nadt 0 pick Sem. whVCh weedd yae De et
Wty 0 bay? Opsun A Oytae B Cytee Oyt O Cytaw ©

¥l wwre suntanie ot i peiea weehd yins oo tasby Yos
Ty 47 o

( b) Driver Warnings Package

If you had to pick one, which would you be most likely to buy?

Sownate 1 of

S L —Y
Adaatee (nune cantiel v v v
#armartd crdinen sverterce v v v
Pevervecabincn sesitancs v v v
Lasodom bosid v v v v v
Aroratss parting v v v
Priee $1.530 51,658 51,880 $3610 $2.420
W yons bl b ok ane, whien weld you b st
Wty eyt Do A Opwn 8 Qyenw C Cxten O Ogpem £

M wers avaiabie ot e pros, would pou 3Ty

Yeu
Sy 12 No

(c) Safety Assistance Package



Assompl ex products often have attributes
number of coanoi hevalsr ({ Oume s 02f0 2pOrao)d, u ctthse
this way (e. g., mul ti ple conjoint exerci s
SUV mar ket . I n our study, respondents wer
exercise (svks)ye ahoicbkr eée component conj
each) . Sever al screening criteria were 1in
respondents were availabl e for anal ysi s.
3. OURINTEGRATIVEM ODEL

Our approach t o i natnedg rtahtei nmjaatah, en grcaa rkpeqgt roe n
exercise is through the monetized utility
propose that the doll a4t evael uaref tbokeasagease
for an i ndividual andi fafldrowd uéer et cerdiofrf esrcear
compl exi ty. Fioarmrcece 3t pafe scenrt si nntheegr at i on r
of one component option package, wher e:

1. Data from the componenhhbD

i d eytthief mon ewd 1ztdhisc manmpton er Figure 3

Concept of

within the package using -
Sonnier et al. (2007) sp Integration
2. Given t he mwonretthisz eodb tpaairnte

component conjoint exerc ; '
utility for the.grodRatk. o_.
presented in the main co Monetized
3.As the choice alternatiywv ~ Utility
combination of unique ©pr ( Main Conjoint
drivetrain, and gas mil e
composition (eagcouPRbcka

component by adding its

component to the wutility
alternatives.

The price coeifbfaiseide rcto nijirosi anet ¢ laiowaa lggesnits t o

reci procal of the scale of the error term
t as k. Controlling for di fferences in task
component conj oi nt exer cirseosf ciannc lduidfefde ra tgt
(Swai t anldo 9B3 e i @roaltoataéerz Oelt9 )a.l .Our pr opos
mo d e | all ows us to ontr ol f or task compl
generalize our model to multiple componen

4. ALTERNATIVIMODELSA LINEAR VS NONLINEARITYPRICEEFFECT

We examine three alft eumatmowde |l spgeci fniveastti
main and component conj oint I nf ormati on i
t hat the monetized utility of component f
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conj oint study by addiyngt ot hteh emounteitliizteyd sppae
main study alternative. This integration
remai ning unspent budget ) . The use of a |
component exerci sed |i swhexnp & chtee & atnog ew oorf k pw
speci fic range However, since the cost o]
of t hef amairrkgetof f eri ng, the i ntegration of
component exerciseosnchédl aehgeesearhsespass @t inp
Il ncorrect I nferences about t heir mar ket \%
i nvestigliteeaheastsheempteinban nafng budget ut il
adj ust ment to the mompbneeaetd ptoduty.offhtbhb
captured by’ timdg rmpamuamat em our prop&sed mo
anodenotes individual and component for an
assumes a constarctkaagdjsugfemgn) abeoesspahe
Unrestricted model all ows? paaokadhe®rdspedinfei
par amet mpl i elsi mearonspecification of remair
not eqWal slhonw .t hgt asbeampilt h=e alr){ €.sg .n,ot supp
when the gener al price | evels are differe
composition and value of product componen
5. RESULTS
Tabl e 1 heshabmpsl e and predi ctmode |l fsi.it Toafe t h
predictive fit measures indicate that t he
t he Restricted modefsamps eabbowt Bloe hs amel ed
t han a Naive model t hat i mposieomof ardj ust m
i ntegration. These results indicate that
budget-)i neseanoand t hat the i ntegration of
require adjust ment beyond t he sfiompltea smkone
compl exi ty
Tabllesample and Predictive Fit
Holdout Sample
Model In-sample LMD
Hit Ratio  Hit Probability
Naive ( Ve = 1) 15844 0.493 0.437
Restricted (w1 = e = s -14782 0.523 (0.484

Unrestricted (4,.) 11676 0517 0,481
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Tab2Rar amet er Esti mates

Inte ;.;‘.'i\lu] Model

Main Packages Naive Restricted Unrest et
e =1) (1 = e = s (.
Component items:
Premium Packago
Power mwonroof /sunroof 0.55 (141 0.85 (0.38) 127 (282 1.29 12.16) 1.26 (2.22)
Dunl-zome temperature control 087 | (150 L22 (L) 129 (1.23) LOS (0.99) LOS | (1.03)
Premium stereo 069 |(1.43 L3 (0.78) 1.50 (L.73) 1.28 (1.37) 1.28 (1.39)
Power folding outside mirrors 1,66 (1.28 090  (L44) 0092 (1.06) 0.76 (6).85) 077 (().88)
Carpeted floor mats 0.33 | (1.35) 049 (1.24) 058  (1.02) 0.41 (0.86) 0.45 | (087)
Driver Warnings Package
Forward collision warming 0.48 (1.42 1.9 (L11) 1.53 (L55) 1.32 11.33) 1.30 (1.33)
Rear corss-traffic collision warning | 0.73 (1.37) 093  (L34) L1l (1.49) 0.099 (1.24) 1.00 (1.24)
Rear obstncle warning 1.15 (1.55) 1L.57 (1.40) 1.63 (1.39) 1.39 (1.15) 140 (1.18}
Lane departure alert .61 (1.51) 109 (L) 128 (L59) 1.03 (1.32 110 | (133)
Surrotd view monitor 0.37 (1.50 081 (115) L0 (LA40) 083 (1.18) (.81 (1.16)
Safety Assistance Package
Adaptive cruise control 015 | (1.32 071 (0.53) 095 (1.65) 086 (1.28) 0.86 (1.24)
Forward collision avoidance 0,75 (1.37 0.8 (L40 113 (L.46) L4 (L15) 0.08 (1.14)
Reverse collision avoidince 0.76 (1.32) 0.9 (1.41) 1.23 (1.43) 1.10 (1.22) 1.5 (1.17)
Lane keep assist 067 | (137 L13  (1.29) 1.20  (LOS) 101 (0.91) 0095 | (0.00)
Automatie parking 0.98 |} (1.32) -0.33  (0.66) 026 (211) 047 (1.63) 0.40 | (1.62)
Price « Maln 0.35 (054 024 (0.32) 132 (0.43) 035  (0.46)
Scale - Packuge 128 (0.7 1.02 (0.64) L03  (0.66)
Seale < Premimm Packagy 1.29 (2.25)
Senle - Driver Warnings Packngy 142 (207
Senle - Safety Assistance Package LH (226)
Gamma - Preminm Package 256 (1LA67) 242 1.26)
Gamma - Drver Warnings Packag 252  (1.33)
Gamma - Safety Assistance Package 1.U8 1.58)

o9 O "N T N

(o))

OTunLnm

* Standard deviations of heterogeneity are in parentheses, ()

Pawbrt h est icnoantpeoghreiinadtiu ct hdr eptoun @esl ame Tabl

i ekt umn r e pwarttsh tehset ipmattes from t he main
econd column reports parameter esti mat es
nd estimates from the integrat et rmodellds
haeheor scale in the component package ¢
i mi | ar across the MainDeBpckage,f amdsl st
i nd the parameter estimates f or the comp
xercise to be smaller than those reporte
nd the i1 ntlemgplateat mMorde | cf these findings
el.ow

. DIscussION

nfda ccian ge ss tt thdayw e rae smeav tked i o f

anal ysis conducted on th
anges in price iIis determ
reasesaas st e .lgevelbacsfe e

O
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FigubDe mdni shing Price Sensitivity

Utility
z

Budget

Ou r a nrael syiushidsisc at e t hat even after contr ol

cale in the main and component nmeaxienrscias e s
eed to further adj ust the i nfluence of p
pRloinnear , cbooaeveontf brtyhe money (or pri
ave | ess of an effect on derntainsde wihse nl a rhgee
ost of -ftahcei nnga rokfefter i ng) t hhan when it I S S
roduct ), and our analysis indicates that
he SUV mar k éto,l| dt hdarfe eiisemasetiann tthlee m@ai n cC
han in the component conj oint exercises.
or al | t hr ee ¢ ompeo.n e nGa npnaacsk ai gne sT asbtl ued i2e)d.
Our finding is consistent rniot8hs )b e hsauvgigoersa
hat consumers react to percentage change
xampl e of people reacting to price chang
own to save $10 on a $56G ictoemitsha@&mtonviah
i mi ni shing margi nal ut LHiIigwr & o4 iallltuesrtnraatt
i mi ni shing effect using a | ogarithmic fu
We examine two measures of economic valuwu

pack-awielsl i ngn¥wsB) tanduwi (Il i ngness to pay (
measures the predicted increase in share
Willingness to pay measures the expected
monetaril vy, fememt f eWTRT rcei fefndhrasncf rom est it
by accounting for the effects of competi-t
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Fi gur e 5t lcteo mgpfafr eecst of the component I t em
( WT B) for the Ford Escape SUV. There are
component items (e. g., Adaptive cruise co
t hede&drneee, liindi c aitvien gnotdlegt euthideestr&dNat he i nf | u
component package iIitems on share. The dif
deval uati on
6.2 WTP

We investigate consumer willingness to p
comparing estimates from our model to the
( MSRP) o f packages offered in the marketp
configuration webpages of automobil e manu
component iutdeyms Wen exwami s1ite t hr ee packages
conj oint desfSghe andt Ema For BaRcrkeangieum i i ) t
Package, andDirriivert AesNsss&®ackage.

FiguwdaB5 Predicted Change in Share for
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Unrestricted Model ( g )
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Dri
O Saf
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|

® Premium Package

ver Warnings Package
fety Assistance Package
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Na pModel (g,.=1

We me AN WPreas t he c¢cha
product3wd fesg s mmge t
manufacturer s, and

h a

T T
0.04 0.05

)

nge in the monetized
t the component it em:
MWercded i mree i me ags wrae nWDHRP e

model s. We find t h

t
consumerebygei tasfofmedrsihreg . Tablke MI®REchnep avTePs f
t ed

t helv®&daand Unrestric

8 https://sawtoothsoftware.com/help/lighthotstadio/manual/understdimg-willingnessto-p.html

4 https://sawtoothsoftware.com/resources/softveamenloads/lighthousstudio/v

ersiorhistory
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mo d e | are closer to wwaemdM&ERBP t hdncahanhgotft
nolhni near tprice effec

TabllWTB for Marketplace Packages

WTP
Marketplace Package MSRP Naive  Unrestricted
(HI/H' = l) (Allu')
Ford - Safe and Smart Package $ 1,000 $ 565 $ 822
Toyota - Premium Package $ 1,500 $ 735 $ 1,386
Nissan - Driver Assist Package $ 890 $ 686 $ 916

7. KEYHNDINGS

This paper demonstrates thfeacimp@ramalcyysio

when evaluating compacemtg aematl yses. r A& qmaarr
brand namesprandlu trs ctelsatofare avail abl e f ol
product features that mi ght compri se a <co
way to accurately study the composition a
resul ting ipr imoegl/ev alccarriartfeor mati on. We s hc
results from a focused, cC 0o mp o Fearcti ncgo mjnaail ny
needs to account for differences in the p
We find ewoldenear opriacing effect w-here col
valued when the price of the component ac
a product . The key implications of our st
T A study of comgpbobniemdc¢!| @ &a tfparcie shegmaoof f frearr.k e t

T Evidenclki oéanooaut si de good and validate ac!|
1T Respondents are much | ess price sensitive

opposed to the component conjoint study.

T 77. 3% deofal WBB i wint hout accoluinneéarg @itesied d eg
T WTP prediction of Unrestricted model i s cl
This article is based oo ftthwea rpe e2s0e2nlt aG o no

al det aielssuldmrs owrn PDteu dyo uanrdd at : Li
Greg M. Al l enby (2021) An I ntegr
at SSRN 3696526, 2021
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