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FOREWORD

These proceedings are a written report of the seventeenth Sawtooth Software Conference,
held in Dana Point, California, October 168, 2013. Twehundred ten attendees participated.
This conference included a separate Healthcare Applications in Conjoint Analysis track; however
these proceedings contain only the papers delivered at the Sawtooth SGitwenesnce.

The focus of the Sawtooth Software Conference continues to be quantitative methods in
marketing research. The authors were charged with delivering presentations of value to both the
most sophisticated and least sophisticated attendees. Togicded choice/conjoint analysis,
surveying on mobile platforms, Merigased Choice, MaxDiff, hierarchical Bayesian estimation,
latent class procedures, optimization routines, cluster ensemble analysis, and random forests.

The papers and discussant commangsin the words of the authors and very little copy
editing was performedit the end okach othepapers we 6 r e p | ephotograbhstofo di s p
the authors and eauthors who attended the conference. We appedbigit cooperation to sit
for theseportraitd It lends a personal touch and makes it easier for readers to recognize them at
the next conferencelNe are grateful to these authors for continuing to make this conference a
valuable event and advancing our collective knowledge in this egdigld.

Sawtooth Software
June 2014






CONTENTS

9 THINGS CLIENTSSETWRONG ABOUTC ONJOINT ANALYSIS...evvieeiiiiireieeeseannnrinnnseneeeeeaans 1
Chris ChapmanGoogle

QUANTITATIVEM ARKETINGRESEARCHSOLUTIONS IN ATRADITIONALMANUFACTURINGHRM:

UPDATE ANDC ASE STUDY .. eieeeeee ettt et e e e e e et e e e e e e e emme e e e e e e e et e e e e eee e annns 13
Robert J. Goodwin,ifetime Products, Inc.

CAN CONJOINT BE FUN?:

IMPROVING RESPONDENTENGAGEMENT INCBC EXPERIMENTS....ccvvieeeiiiiiiieeeeeesimnnsennne 39
Jane Tang & Andrew Grenvill&/ision Critical

MAKING CONJOINT MOBILE ADAPTING CONJOINT TO THEM OBILEPHENOMENON .......... 55
Chris Diener, Rajat Narang, Mohit Shatdem Chander & Mukul GoyahbsolutData

CHOICE EXPERIMENTS INVIOBILEWEBENVIRONMENTS. ...cceeiiiiiiiieeeeseisvvannsseeeeeesennnssneeas 69
Joseph WhitdWlaritz Research

USING COMPLEXCHOICE MODELS TODRIVEBUSINESDECISIONS ...evvvieieee et 83
Karen Fuller,HomeAway, Inc& Karen Buros,Radius Global Market Research

AUGMENTING DISCRETECHOICE DATAN A Q-SORTCASESTUDY....uuveiiiiieeaeeeeeeeeeeeeaennnns 97
Brent Fuller, Matt Madden & Michael Smitiihe Modellers

MAXDIFFAUGMENTATION EFFORT VSIMPACT «..oevieeeeeeeee et e e e e e eeeeeeeeeeaeeaeeeaaaeeees 105
Urszula JonesTNS & Jing Yeh Millward Brown

WHENU = 83X ISNOT ENOUGH: MODELING DIMINISHING RETURNS AMONGC ORRELATED

CONJIOINT ATTRIBUTES. ...ce et iittttieeeeeeeeitieeesseeeeeeeeaesassseeeeesssammnsassssaesseeseaasssseseesaamneas 115
Kevin Lattery Maritz Research

RESPONDENTHETEROGENEITWERSIONEFFECTS ORSCALE?

A VARIANCE DECOMPOSITION OFHB UTILITIES .. eeetee et e et e et eeeee e eeee e e e e e eeeeneaaens 129
Keith Chrzan & Aaron Hill Sawtooth Software

FUSING RESEARCHDATA WITHSOCIAL MEDIA MONITORING TOCREATEVALUE .............. 135
Karlan Witt & Deb PloskonkaCambia Information Group

BRAND IMAGERY MEASUREMENTA SSESSMENT OE URRENTPRACTICE AND A

NEWAPPROACH ©.vvveeiiutteeeietteeesessinsesesasssesesasssessssesssssmmmessssseeesssseseesasseeessmnnssseeeeans 147
Paul Richard McCulloughylACRO Consulting, Inc.



ACBC REVISITED. ....vtiitieiteeeteeitteeieeasaseeesseesseeesseessteesseeasasseesseessseessesansessrnnnsanseesss 165
Marco Hoaerbrugge, Jeroen Hardon & Christopher Foten8&IM Group

RESEARCHSPACE AND REALISTICPRICING IN SHELALAYOUT CONJOINT (SLC)...ovvvnnnnnnn.. 181
Peter Kurz TNS InfratestStefan Binnerhms marketing research + strategy
& Leonhard KehlPremium Choice Research & Cotiswg

ATTRIBUTION- ATTENDANCE INDISCRETECHOICE EXPERIMENTS .....vvvviieeeeiiiiiieeee e 195
Dan YardleyMaritz Research

ANCHOREDADAPTIVEMAXDIFE APPLICATION INCONTINUOUSCONCEPTTEST............. 205
Rosanna Mau, Jane Tang, LeAnn Helmrich & Maggie Courndgsion Critical

How IMPORTANTARE THED BVIOUSCOMPARISONS INCBC?

THEIMPACT OFREMOVING EASY CONJIOINT TASKS. .. ov et e e eeee e eeaaneenas 221
Paul Johnson & Weston HadlgcRSI

SEGMENTINGCHOICE AND NON-CHOICE DATA SMULTANEOUSLY. .. cvneeeeeeeee e eeaes 231
Thomas C. Eagldsagle Analytics of California

EXTENDINGC LUSTERNSEMBLEANALYSIS VIASEMI- SUPERVISEREARNING ..o 251
Ewa Nowakowska;fK Custom Research North Ameri€aloseph RetzeCMI
Research, Inc.

THE SHAPLEY VALUE INM ARKETINGRESEARCH 15 YEARS ANDCOUNTING....vvveneeeeennnn.. 267
Michael Conklin & Stan Lipovetsk§fK

DEMONSTRATINGTHENEEDAND VALUE FOR AMULT+ OBJECTIVEPRODUCTSEARCH........ 275
Scott Ferguson & Garrett Fostelorth Carolina State University

A SMULATION BASEDEVALUATION OF THEPROPERTIES OANCHOREDMAXDIFE

STRENGTHSLIMITATIONS ANDRECOMMENDATIONS FORPRACTICE ....cvvvieeeiiieeeeiie e e veee 305
Jake LeeMaritz Researcl& Jeffrey P. DotsonBrigham Young University

BESTWORSTCBC CONJOINT APPLIED TGSCHOOL CHOICE:

SEPARATINGA SPIRATION FROMAVERSION .. cvvu ettt ee et eee e s eeaeseseneseeseneseeennasesesmmnnns 317
Angelyn Fairchild, ResearciRTI InternationalNamika Sagara & Joel HubeDuke
University

DOES THEANALYSIS OFMAX DIFFDATA REQUIRESEPARATESCALING FACTORS? ............. 331
Jack Horne & Bob RayneMarket Strategies International



USING CONJOINT ANALYSIS TODETERMINE THIEIARKETVALUE OFPRODUCTFEATURES... 341
Greg Allenby Ohio State Universityleff Brazell,The Mockllers,
John Howell Penn State Universi§ Peter RossilUniversity of California Los Angeles

THEBALLAD OF BEST ANDWORST. .....vviiuveeitieiiteeiteesieeeestee st eteesnaeeeveesmeneesaaesnneeaee s 357
Tatiana Dyachenko, Rebecca Walker Naylor & Greg Alle@ityo State University






SUMMARY OF HNDINGS

The seventeenth Sawtootbf§vare Conference was held in Dana Point, California, October
161 18, 2013. The summaries below capture some of the main points of the presentations and
provide a quick overview of the articles available within the 2013 Sawtooth Software
Conference Proceets.

9 Things Clients Get Wrong about Conjoint AnalysigChris Chapman, Googlefonjoint
analysis has been used with great success in industry, Chris explained, but this often leads to
some clients having misguided expectations regarding the techngjagoime example, many
clients are hoping that conjoint analysis will predict the volume of demand. While conjoint can
provide important input to a forecasting model, it usually cannot alone predict volume without
other inputs such as awareness, promotibannel effects and competitive response. Chris
cautioned about examining average feotth utility scores only without consideration for the
distribution of preferences (heterogeneity), which often reveal profitable niche strategies. He also
recommende fielding multiple studies with modest sample sizes that examine a business
problem using different approaches rather than fielding onethighyet, large sample size
survey. Finally, Chris stressed that leveraging insights from analytics (such as fjomtyaos
better than relying solely on managerial instincts. It will generally increase the upside potential
and reduce the downside risk for business decisions.

Quantitative Marketing Research Solutions in a Traditional Manufacturing Firm:
Update and Cae Study(Robert J. Goodwin, Lifetime Products, InBo b 6 s pr esent at i ¢
highlighted the history of Lifetimebs use of
consumeioriented product line. He also presented findings regarding a specificvigsing
Adaptive CBC (ACBC). Regarding practical lessons learned while executing numerous conjoint
studies at Lifetime, Bob cited not overloading the number of attributes in the list just because the
software can support them. Some attributes might beshrolat and investigated using Ron
conjoint questions. Also, because many respondents do not care much about brand name in the
retailing environment that Lifetime engages, Bob has dropped brand from some of his conjoint
studies. But, when he wants to measoirand equity, Bob uses a simulation method to estimate
the value of a brand, in the context of compe
Bob conducted a splgample test involving ACBC. He found that altering the questionnaire
settingg o f o c usn etihgeh biore adresi gno ei t her more t
respondennpgéci Biy®Od concept didnédét change r
the robustness of ACBC results to different questionnaire settings.

i ght|l

esult
Can Conjoint Be Fun?: Improving Respondent Engagement in CBC Experiment&lane

Tang and Andrew Grenville, Vision Criticaljraditional CBC can be boring for respondents.

This was mentioned in a recent Greenbook blog. Jane gave reasons why we should try to engage

respndents in more interesting surveys, such as a) cleaner data often result, and b) happy

respondents are happy panelists (and panelist cooperation is key). Ways to make surveys more

fun include using adaptive tasks that seem to listen and respond to esgpamederences as

well as feedback mechanisms that report something back to respondents based on their

preferences. Jane and heraaghor Andrew did a sptgample test to see if adding adaptive tasks

and a feedback mechanism could improve CBC resuitsy €mployed tournament tasks,

wherein concepts that win in earlier tasks are displayed again in later tasks. They also employed

asimplelevec ount i ng mechanism to report back the r



Al t hough t hei r indudeugdog hoteuts to gxamink iprédictive validity, there

was at least modest evidence that the adaptive CBC design had lower error and performed better.
Also, some qualitative evidence suggested that respondents preferred the adaptive survey. After
acounting for scale differences (noise), they found very few differences in the utility parameters
for respondents receiving Afunodo versus standa
utility results are essentially equivalent, why not let thpaadent have more fun?

Making Conjoint Mobile: Adapting Conjoint to the Mobile Phenomenon (Chris Diener,
Rajat Narang, Mohit Shant, Hem Chander, and Mukul Goyal, AbsolutData): Chris and his co
authors examined issues involving the use of mobile devicesnplete complex conjoint
studies. Each year more respondents are choosing to complete surveys using mobile devices, so
this topic should interest conjoint analysis researchers. It has been argued that the small screen
size for mobile devices may make é@arly impossible to conduct complex conjoint studies
involving relatively large lists of attributes. The authors conducted asspliple experiment
involving the US and India using five different kinds of conjoint analysis variants (all sharing the
same #ribute list). The variants included standard CBC, papiafile, and adaptive methods
(ACBC). Chris found only small differences in the utilities or the predictive validity for PC
completed surveys versus mobdempleted surveys. Surprisingly, mohiéspondents generally
reported no readability issues (ability to read the questions and concepts on the screen) compared
to PC respondents. The authors concluded that conjoint studies, even those involving nine
attributes (as in their example) can be deffiectively among those who elect to complete the
surveys using their mobile devices (providing researchers keep the surveys short, use proper
conjoint questionnaire settings, and emphasize good aesthetics).

Choice Experiments in Mobile Web EnvironmentgJoseph White, Maritz Research):
Joseph looked at the feasibility of conducting two separate-aityfitute conjoint analysis
studies using PC, tablet, or mobile devices. He compared results based on tHeGviait
test, allowing him to examine resuitsterms of scale and parameter equivalence. He also
examined internal and external fit criteria. His conjoint questionnaires includgutdiile and
partiatprofile CBC. Across both conjoint studies, he concluded that respondents who choose to
completethe studies via a mobile device show predictive validity at parity with, or better than,
those who choose to complete the same study via both PC and Tablet. Furthermore, the response

error for mobilecompleted surveys is on par with PC. He summeditupbyat i ng, fAConsi
of results in both studies indicate that even more complicated discrete choice experiments can be
readily completed in mobile computing environ

Using Complex Choice Models to Drive Business Decisioftsaren Fuller, HomeAway,
Inc. and Karen Buros, Radius Global Market Reseakdwen Fuller and Karen Buros jointly
presented a case study involving a complexnteaus ed choi ce ( MBC) exper.i
company, HomeAway. HomeAway offers an online marketplace for vacationaravelfind
rental properties. Vacation home owners and property managers list rental property on
Home Awayod6s website. The challenge for HomeAwa)
listing options to better support the needs of owners and to creeteadxperience for
travelers. Ideally, this would also increase revenues per listing. They developed an online
guestionnaire that | ooked exactly | i ke HomeAw.
select all options involving creating a listing.iT8 pr ocess nearly replicat
existing enrollment process (so much so that some respondents got confused regarding whether
they had completed a survey or done the real thing). Nearly 2,50@&&E8l respondents
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completed multiple listings (MBC tks), where the options and pricing varied from task to task.
Later, a similar study was conducted in Europe. CBC software was used to generate the
experimental design, the questionnaire was cudtoith, and the data were analyzed using MBC
software. Theeasults led to specific recommendations for management, including the use of a
tiered pricing structure, additional options, and to increase the base annual subscription price.
After implementing many of the suggestions of the model, HomeAway has expdrggrater
revenues per listing and the highest renewal rates involving customers choosing the tiered
pricing.

Augmenting Discrete Choice Datd A Q-sort Case Study(Brent Fuller, Matt Madden, and
Michael Smith, The Modellersometimes clients want to fie€BC studies that have an
attribute with an unusually large number of levels, such as messaging and promotion attributes.
The problem with such attributes is obtaining enough precision to avoid illogical reversals while
avoiding excessive respondent burdglike and Brent presented an approach to augmenting
CBC data with @sort rankings for these attributes involving many levels-#0@Q exercise asks
respondents to sort items into a small number of buckets, but where the number of items
assigned per buckes fixed by the researcher. The information from thed@ can be appended
to the data as a series of inequalities (e.g., level 12 is preferred to level 18) constructed as new
choice tasks. Mike and Brent found that the CBC data witheatrQaugmentain had some
illogical preference orderings for the-I&vel attribute. With augmentation, the reversals
disappeared. One problem with augmenting the data is that it can artificially inflate the
importance of the augmented attribute relative to theaugmented attributes. Solutions to this
problem include scaling back the importances to the original importances (at the individual level)
given from HB estimation of the CBC data prior to augmentation.

MaxDiff Augmentation: Effort vs. Impact (Urszula JonesSINS and Jing Yeh, Millward
Brown): Ula (Urszula) and Jing described the common challenge that clients want to use
MaxDiff to test a large number of items. With standard rules of thumb (to obtain stable
individuatlevel estimates), the number of choice tas&comes very large per respondent.
Previous solutions presented at the Sawtooth Software Conference include augmenting the data
using QSort (Augmented MaxDiff), Express MaxDiff (each respondents sees only a subset of
the items), or Sparse MaxDiff (eandspondent sees each item fewer than three times). Ula and
Jing further investigated whether Augmented MaxDiff was worth the additional survey
programming effort (as it is the most complicated) or whether the other approaches were
sufficient. Althoughth@ ut hor s di dndét i mpl ement hol dout t act
read on predictive validity of the different approaches, they did draw some conclusions. They
concluded a) at the individual level, Sparse MaxDiff is not very precise, but in aggtegate t
results are accurate, b) If you have limited time, augmenting data using rankings of the top items
is probably better than augmenting the bottom items, and c¢) Augmenting on both top and bottom
items is best if you need accurate individigalel resultdor TURF or clustering.

When U = [3x Is Not Enough: Modeling Diminishing Returns among Correlated
Conjoint Attributes (Kevin Lattery, Maritz Researchj¥hen conjoint analysis studies involve a
large number of binary (on/off) features, standard conjoint tadeded to ovepredict interest in
product concepts loaded up with nearly all the features and to-presict product concepts
including very few of the features. This occurs because typical conjoint analysis (using main
effects estimation) assumestale attributes are independent. But, Kevin explained, there often
are diminishing returns when bundling multipl
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limited to just binary attributes). Kevin reviewed some design principles involving binary

attribue s (avoid the sitwuation in which the same |
concept). Next, Kevin discussed different ways to account for the diminishing returns among a

series of binary items. Interaction effects can partially solve the prdblednare a stable and

practical solution if the number of binary items is about 3 or fewer). Another approach is to
introduce a continuous variable for the numbe
proposed a more complete solution that borraemfnested logit. He demonstrated greater

predictive validity to holdouts for the nested logit approach than the approach of including a term
representing the number of fAono | evels in the
his solution may bdifficult to implement with HB estimation.

Respondent Heterogeneity, Version Effects or Scale? A Variance Decomposition of HB
Utilities (Keith Chrzan and Aaron Hill, Sawtooth Softwardjhen researchers use CBC or
MaxDiff, they hope the utility scores airedependent of which version (block) each respondent
received. However, one of the authors, Keith Chrzan, saw a study a few years ago in which
assignment in cluster membership was not independent of questionnaire version (>95%
confidence). This lead to fither investigation in which for more than half of the examined
datasets, the authors found a statistically significant version effect upon final estimated utilities
(under methods such as HB). Aaron (who presented the research at the conference) described
regression model that they built which explained final utilities as a function of a) version effect,
b) scale effect (response error), and c¢c) ot he
assumed to be the heterogeneous preferences of regomdross multiple datasets, the
average version effect accounted for less than 2% of the variance in final utilities. Scale
accounted for about 11%, with the remaining attributable to substantive differences in
preferences across respondents or othereasured sources. Further investigation using
synthetic respondents led the authors to conclude that the version effect was psychological rather
than algorithmic. They concluded that although the version effect is statistically significant, it
i s n 6t ensughrtooreally worry about for practical applications.

Fusing Research Data with Social Media Monitoring to Create Valuéarlan Witt and
Deb Ploskonka, Cambia Information Grouigrlan and Deb described the current business
climate, in which social ntka provides an enormous volume of réale feedback about brand
health and customer engagement. They recommended that companies should fuse social media
measurement with other research as they design appropriate strategies for marketing mix. The
big quesion is how best to leverage the social media stream, especially to move beyond the data
gathering and summary stages to actwually wusin
approach starts with research to identify the key issues of importancteterdistakeholders
within the organization. Next, they determine specific thresholds (from social media metrics) that
would signal to each stakeholder (for whom the topic is important) that a significant event was
occurring that required attention. Follmg the event, the organization can model the effect of
the event on Key Performance Indicators (KPIs) by different customer groups. The authors
presented a case study to illustrate the principles.

Brand Imagery Measurement: Assessment of Current Practicand a New Approach
(Paul Richard McCullough, MACRO Culting, Inc.):Dick (Richard) reviewed the weaknesses
in current brand imagery measurement practices, specifically the weaknesses of the rating scale
(lack of discrimination, scale use bias, halo).eMmapproach, brardnchored MaxDiff,
removed halo, avoids scale use bias, and is more discriminating. The process involves showing
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the respondent a brand directly above a MaxDiff question involving, say, 4 or 5 imagery items.
Respondents indicate whichtbie items most describes the brand and which least describes the
brand. Anchored scaling MaxDiff questions (to estimate a threshold anchor point) allow
comparisons across brands and studies. But, anchored scdhitrpdeces some scale use bias.
Dick tried different approaches to reduce the scale use bias associated with anchored MaxDiff
using an empirical study. Part of the empirical study involved different measures of brand
preference. He found that MaxDiff provided better discrimination, better piredialidity (of

brand preference), and greater reduction of brand halo and scale use bias than traditional ratings
based measures of brand imagery. Ratings provided no better predictive validity of brand
preference in his model than random data. Howékhemew approach also took more

respondent time and had higher abandonment rates.

ACBC Revisited (Marco Hoogerbrugge, Jeroen Hardon, and Christopher Fotenos, SKIM
Group):Christopher and his eauthors reviewed the stages in an Adaptive CBC (ACBC)
interview and provided their insights into why ACBC has been a successful conjoint analysis
approach. They emphasized that ACBC has advantages with more complex attribute lists and
markets. The main thrust of their paper was to test different ACBC interviewliogpp
including a dynamic form of CBC programmed by the SKIM Group. They conducted-a split
sample study involving choices for televisions. They compared default CBC and ACBC
guestionnaires to modifications of ACBC and CBC. Specifically, they investigdtether
dropping the fAscreenero section in ACBC woul d
within summed pricing; whether to include pri
the degree to which ACBC samples concepts directly around thedg¥0ted concept. For the
SKIM-developed dynamic CBC questionnaire, the first few choice tasks were exactly like a
standard CBC task. The last few tasks displayed winning concepts chosen in the first few tasks.
In terms of prediction of the holdout task, ACBC variants did better than the CBC variants.
None of the ACBC variations seemed to make much difference, suggesting that the ACBC
procedure is quite robusten with simplifications such as removing the screening section

Research Space and RealigtiPricing in Shelf Layout Conjoint (SLC) (Peter Kurz, TNS
Infratest, Stefan Binner, bms marketing research + strategy, and Leonhard Kehl, Premium Choice
Research & Consulting)n the early 1990s, the first CBC questionnaires only displayed a few
productconcepts on the screen, without the use of graphics. Later versions supported shelf
looking displays, complete with graphics and other interactive elements. Rather than using lots
of attributes described in text, the graphics themselves portrayed dieesitclaims, and
package design elements. However, even the most sophisticated computerized CBC surveys
(including virtuatreality) cannot reflect the real situation of a customer at the supermarket. The
authors outlined many challenges involving shefbut conjoint (SLC). Some of the strengths of
SLC, they suggested, are in optimization of assortment (e.g., line extension problems,
substitution) and price positioning/promotions. Certain research objectives are problematic for
SLC, including volumetripredictions, positioning of products on the shelf, and new product
development. The authors concluded by offering specific recommendations for improving results
when applying SLC, including: use realistic pricing patterns and ranges within the tasks, use
realistic tag displays, and reducing the number of parameters to estimate within HB models.

Attribute Non -Attendance in Discrete Choice Experiment¢Dan Yardley, Maritz
Research)When respondents ignore certain attributes when answering CBC tasksc#fisds
Aattri-butendamce. 0 Dan descri bed how some r es:



respondents directly which attributes they ignored (stateeéattendance) and have used that
information to try to improve the models. To test different apprestb dealing with nen
attendance, Dan conducted two CBC studies. The first involved approximately 1300
respondents, using both fuind partialprofile CBC. The second involved about 2000
respondents. He examined both aggregate and disaggregate (HB madelens of model fit

and outof-sample holdout prediction. Dan also investigated ways to try to ascertain from HB
utilities that respondents were ignoring certain attributes (rather than rely on stated non
attendance). For attributes deemed to have lgg®red by a respondent, the codes in the
independent variable matrix were held constant at zero. He found that modeling stated non
attendance had little impact on the results, but usually slightly reduced the fit to holdouts. He
experimented with diffent cutoff rates under HB modeling to deduce whether individual
respondents had ignored attributes. For his two datasets, he was able to slightly improve
prediction of holdouts using this approach.

Anchored Adaptive MaxDiff: Application in Continuous Concept Test (Rosanna Mau,
Jane Tang, LeAnn Helmrich, and Maggie Cournoyer, Vision CritiBaanna and her €o
authors investigated the feasibility of using an adaptive form of anchored MaxDiff within multi
wave concept tests as a replacement for traditipaint rating scales. Concept tests have
traditionally been done with-point scales, with the accompanying lack of discrimination and
scale use bias. Anchored MaxDiff has proven to have superior discrimination, but the stability of
the anchor (the buy/ntauy threshold) has been called into question in previous research
presented at the Sawtooth Software conference. Specifically, the context of how many concepts
are being evaluated within the direct anchoring approach can affect the absolute posigon of th
anchor. This would be extremely problematic for using the anchored MaxDiff approach to
compare the absolute desirability of concepts across multiple waves of research that involve
differing numbers and quality of product concepts. To reduce the coffesttfer direct anchor
guestions, Rosanna and herarghors used an Adaptive MaxDiff procedure to obtain a rough
rank-ordering of items for each respondent. Then, inties, they asked respondents binary
purchase intent questions for six items rangitong the continuum of preference from the
respondent 6s best to the respondentds wor st
of data collection involving different numbers of product concepts. They found good consistency
across waves and thitie MaxDiff approach led to greater discrimination among the top product
concepts than the ratings questions.

How Important Are the Obvious Comparisons in CBC? The Impact of Removing Easy
Conjoint Tasks (Paul Johnson and Weston Hadlock, SShe weltknown complaint about
CBC questionnaires is that they can often display obvious comparisons (dominated concepts)
within a choice task. Obvious comparisons are those which the respondent recognizes that one
concept is logically inferior in every way to anotleencept. After encountering a conjoint
analysis study where a full 60% of experimentally designed choice tasks included a logically
dominated concept, Paul and Weston decided to experiment on the effect of removing dominated
concepts. They fielded thatrea study among 500 respondents, where half the sample received
the typically designed CBC tasks and the other half received CBC tasks wherein the authors
removed any tasks including dominated concepts, replacing them tasks without dominated
concepts (by maifying the design file in Excel). They found little differences between the two
groups in terms of predictability of holdout tasks or length of time to complete the CBC
guestionnaire. They asked some follapr qualitative questions regarding that sunaiyrig
experience and found no significant differences between the two groups of respondents. Paul and
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Weston concluded that if it requires extra effort on the part of the researcher to modify the
experimental design to avoid dominated concepts, thendtarb | v i snét worth the
terms of quality of the results or respondent experience.

Segmenting Choice and NotChoice Data SimultaneouslyThomas C. Eagle, Eagle
Analytics of California)This presentation focused on how to leverage both cllaize(such as
CBC or MaxDiff) and norchoice data (other covariates, whether nominal or continuous) to
develop effective segmentation solutions. Tom compared and contrasted two common
approaches: a) first estimating individuevel utility scores using HRBnd then using those
scores plus noeohoice data as basis variables within cluster analysis, or b) simultaneous utility
estimation leveraging choice and ramoice data using latent class procedures, specifically
Latent Gold software. Tom expressed thaworries about the twstep procedure (HB followed
by clustering), for at least two reasons: first, errors in the first stage are taken as given in the
second stage; and second, HB involves prior assumptions of population normality, leading to at
least sme degree of Bayesian smoothing to the Meahich is at odds with the notion of
forming distinct segments. Using simulated data sets with known segmentation structure, Tom
compared the two approaches. Using the-ste@e approach leads to the additionahglication
of needing to somehow normalize the scores for each respondent to try to remove the scale
confound. Also, there are issues involving se
always clear to the researcher regarding which settingsa&e. Tom also found that whether
using the twestage approach or the simultaneous-stagje approach, the BIC criterion often
failed to point to the correct number of segments. He commented that if a clear segmentation
exists (wide separation betweemgps and low response error), almost any approach will find it.
But, any segmentation algorithm will find patterns in data even if meaningful patterns do not
exist.

Extending Cluster Ensemble Analysis via Serrsupervised Learning(Ewa Nowakowska,
GfK Cusbm Research North America and Joseph Retzer, CMI ResearchElma.and
Josephdés work focused on obtaining not only h
ones, where actionable is defined as having particular managerial relevance (such as
discriminating between intenders/nartenders). They also reviewed the terminology of
unsupervised vs. supervised learning. Unsupervised learning involves discovering latent
segments in data using a series of basis variables (e.g., cluster algorithmsjs&dipesrning
involves classifying respondents into specific target outcomes (e.g., purchasers-and non
purchasers), such as logistic regression, CART, Neural Nets, and Random Forests. Semi
supervised learning combines aspects of supervised and unsup&aiseng to find segments
that are of high quality (in terms of discrimination among basis variables) and actionable (in
terms of <c¢classifying respondents into categor
to do this were Random Forestsqpr i ded i n R) and Sawtooth Softw
Cluster & Ensemble Analysis). The authors used the multiple solutions provided by Random
Forests to compute a respondbyrespondent similarities matrix (based on how often
respondents ended up withthre same terminal node). They employed hierarchical clustering
analysis to develop cluster solutions based on the similarities data. These cluster solutions were
combined with standard unsupervised cluster solutions (developed on the basis variables) to
create ensembles of segmentation solutions, which CCEA software in turn used to create a high
quality and actionable consensus cluster solution. Ewa and Joe wrapped it up by showing a web
based simulator that assigns respondents into segments based nsag$pdasis variables.

Xi



The Shapky Value in Marketing Research: 15 Years and CountingMichael Conklin and
Stan Lipovetsky, &): Michael (supported by eauthor Stan) explained that Shapley Value not
only is an extension of standard TURF analysis, tcan be applied in numerous other
marketing research problems. The Shapley Value derives from game theory. In simplest terms,
one can think about the value that a hockey player provides to a team (in terms of goals scored
by the team per minute) when tipiayer is on the ice. For marketing research TURF problems,
the Shapley Value is the unique value contributed by a flavor or brand within a lineup when
considering all possible lineup combinations. As one possible extension, Michael described a
Shapley Vlue model to predict share of choice for SKUs on a shelf. Respondents indicate which
SKUs are in the consideration set and the Shapley Value is computed (across thousands of
possible competitive sets) for each SKU. This value considers the likelihodadet&KU is in
the consideration set and importantly the likelihood that the SKU is chosen within each set
(equal to 1/n for each respondent, where n is the number of items in the consideration set). The
benefits of this simple model of consumer behavierthat it can accommodate very large
product categories (many SKUs) and it is very inexpensive to implement. The drawback is that
each SKU must be a complete, fixed entity on its own (not involving varying attributes, such as
prices). As yet another fiefldr application of Shapley Value, Michael spoke of its use in drivers
analysis (rather than OLS or other related techniques). However, Michael emphasized that he
thought the greatest opportunities for Shapley Value in marketing research lie in the jpmeduct
optimization problems.

Demonstrating the Need and Value for a Multiobjective Product Search(Scott Ferguson
and Garrett Foster, North Carolina State UniversBgptt and Garrett reviewed the typical steps
involved in optimization problems for comf analysis, including estimating respondent
preferences via a conjoint survey and gathering product feature costs. Usually, such optimization
tasks involve setting a single goal, such as optimization of share of preference, utility, revenue,
or profit. However, there is a set of solutions on an efficient frontier that represent optimal mixes
of multiple goals, such as proéindshare of preference. For example, two solutions may be very
similar in terms of profit, but the slightly lower profit solutioraynprovide a large gain in terms
of share of preference. A muttbjective search algorithm reports dozens or more results
(product line configurations) to managers along the efficient frontier (among multiple objectives)
for their consideration. Again, dise neaoptimal solutions represent different mixes of multiple
objectives (such as profit and share of prefe
algorithms. More than two objectives might be considered, Scott elaborated, for instance profit,
shae of preference, and likelihood to be purchased by a specific respondent demographic. One
of the keys to being able to explore the variety of 4ogdimal solutions, Scott emphasized, was
the use of software visualization tools.

A Simulation Based Evaluaton of the Properties of Anchored MaxDiff: Strengths,
Limitations and Recommendations for PracticgJake Lee, Maritz Research and Jeffrey P.
Dotson, Brigham Young UniversityJake and Jeff conducted a series of simulation studies to
test the properties dfiree methods for anchored MaxDiff: direct binary, indirect (dual response),
and the status quo method. The direct approach involves asking respondents if each item is
preferred to (more important than) the anchor item (where the anchor item is typioajiina
buy threshold or important/not important threshold). The indirectidisplonse method involves
asking (after each MaxDiff question) if all the items shown are important, all are not important,
or some are important. The status quo approach invalgding a new item to the item list that
indicates the status quo state (e.g., no chan
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situations in which respondents were more or less consistent along with whether the anchor
position was at the exdme of the scale or near the middle. They concluded that under most
realistic conditions, all three methods work fine. However, they recommended that the status quo
method be avoided if all items are above or below the threshold. They also reported that if
respondent error was especially high, the direct method should be avoided (though this usually
cannot be known ahead of time).

BestWorst CBC Conjoint Applied to School Choice: Separating Aspiration from
Aversion (Angelyn Fairchild, RTI International, Naka Sagara and Joel Huber, Duke
University): Most CBC research today asks respondents to select the best concept within each
set. BestWWorst CBC involves asking respondents to select both the best and worst concepts
within sets of at least three concef@shool choice involves both positive and negative reactions
to features, so it naturally would seem a good topic for employingamest CBC. Joel and his
co-authors fielded a study among 150 parents with children entering giiddesTéey used a
graduaj systematic introduction of the attributes to respondents. Before beginning the CBC task,
they asked respondents to select the level within each attribute that best applied to their current
school; then, they used wanp tradeoff questions that showedtja few attributes at a time
(partiatprofile). When they compared results from basty versus worsonly choices, they
consistently found smaller utility differences between the best two levels feordgsthoices.
They also employed a rapid Olifasel utility estimation for orthe-fly estimation of utilities (to
provide reattime feedback to respondents). Although the simple method is not expected to
provide as accurate results as an HB model run on the entire dataset, the irtveluakults
from the OLS estimation correlated quite strongly with HB results. They concluded that if the
decision to be studied involves both attraction and avoidance, then-@/aestCBC approach
is appropriate.

Does the Analysis of MaxDiff Data Require Separate Saaf Factors?(Jack Horne and
Bob Rayner, Market Strategies Internation@he traditional method of estimating scores for
MaxDiff experiments involves combining both best and worst choices and estimating as a single
multinomial logit model. Fundamental tiois analysis is the assumption that the underlying
utility or preference dimension is the same whether respondents are indicating which items are
best or which are worst. It also assumes that response errors for selecting bests are equivalent to
errors vhen selecting worsts. However, empirical evidence suggests that neither the utility scale
nor the error variance is the same for best and worst choices in MaxDiff. Using simulated data,
Jack and his cauthor Bob investigated to what degree incompatiéditn scale between best
and worst choices affects the final utility scores. They adjusted the scale of one set of choices
relative to the other by multiplying the design matrix for either best or worst choices by a
constant, prior to estimating final uttyl scores. The final utilities showed the same rarder
before and after the correction, though the utilities did not lie perfectly ordagtee line when
the two sets were XY scatter plotted. Next, the authors turned to real data. They first measured
the scale of bests relative to worsts and next estimated a combined model with correction for
scale differences. Whether correcting for scale or not resulted in essentially the same holdout hit
rate for HB estimation. They concluded that although combibest and worst judgments
without an error scale correction biases the utilities, the resulting rank order of the items remains
unchanged and is likely too small to change any business decisions. Thus, the extra work is
probably not justified. As a sid®ote, the authors suggested that comparingdmdgtand worst
only estimated utilities for each respondent is yet another way to identify and clean noisy
respondents.
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Using Conjoint Analysis to Determine the Market Value of Product Feature¢Greg
Allenby, Ohio State University, Jeff Brazell, The Modellers, John Howell, Ftaie University,
and Peter Rossi, University of California Los Angel&$le main thrust of this paper was to
outline a more defensible approach for using conjoint analysis to attaocbneic value to
specific features than is commonly used in many econometric applications and in intellectual
property litigation. Peter (and his-emthors) described how conjoint analysis is often used in
high profile lawsuits to assess damages. Oneeoffitbst common approaches used by expert
witnesses is to take the difference in utility (for each respondent) between having and not having
the infringed upon feature and dividing it by the price slope. This, Peter argued, is fraught with
difficulties including a) certain respondents projected to pay astronomically high amounts for
features, and b) the approach ignores important competitive realities in the marketplace. Those
wanting to present evidence for high damages are prone to use conjoint anahysisay
because it is relatively inexpensive to conduct and the difference in utility divided by price slope
method to compute the economic value of features usually results in very large estimates for
damages. Peter and hisaoathors argued that to asse¢he economic value of a feature to a firm
requires conducting market simulations (a share of preference analysis) involving a realistic set
of competitors, including the outside good (t
game theoretic appach to compare the industry equilibrium prices with and without the alleged
patent infringement. This involves allowing each competitor to respond to the others via price
changes to maximize satfterest (typically, profit).

The Ballad of Best and Worst(Tatiana Dyachenko, Rebecca Walker Naylor, and Greg
Allenby, Ohio State University): Greg presented research completed primarily by the lead author,
Tatiana, at our conference (unfortunately, Tatiana was unable to attend). In that work, Tatiana
outlines twodifferent perspectives regarding MaxDiff. Most current economic models for
MaxDiff assume that the utilities should be invariant to the elicitation procedure. However,
psychological theories would expect different elicitation modes to produce diffeiteitsut
Tatiana conducted an empirical study (regarding concerns about hair health among 594 female
respondents, aged 50+) to test whether best and worst responses lead to different parameters, to
investigate elicitation order effects, and to build a cahensive model that accounted for both
utility differences between best and worst answers as well as order effects (best answered first or
worst answered first). Using her model, she and heutloors found significant terms
associated with elicitationrder effects and the difference between bests and worsts. In their
data, respondentsweremarair € about the Aworstso than the
around worsts). Furthermore, they found that the second decision made by respondents was less
erra prone. Tatiana and her-emthors recommend that researchers consider which mode of
thinking is most appropriate for the business decision in question: maximizing best aspects or
minimizing worst aspects. Since the utilities differ depending on the totbssts or worsts, the
two are not simply interchangeable. But, if researchers decide to ask both best and worsts, they
recommend analyzing it using a model such as theirs that can account for differences between
bests and worst and also for elicitatmnder effects.
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9 THINGS CLIENTSGETWRONG ABOUTCONJOINT ANALYSIS

CHRISCHAPMAN?
GOOGLE

ABSTRACT

This paper reflects on observations from over 100 conjoint analysis projects across the
industry and multiple companies that | have observed, conductedoioned. | suggest that
clients often misunderstand the results of conjoint analysis (CA) and that the many successes of
CA may have created unrealistic expectations about what it can deliver in a single study. |
describe some common points of misundeditag about preference share, feature assessment,
average utilities, and pricing. Then | suggest how we might make better use of distribution
information from Hierarchical Bayes (HB) estimation and how we might use multiple samples
and studies to inform ieint needs.

INTRODUCTION

Decades of results from the marketing research community demonstrate that conjoint
analysis (CA) is an effective tool to inform strategic and tactical marketing decisions. CA can be
used to gauge consumer interest in products@imddrm estimates of feature interest, brand
equity, product demand, and price sensitivity. In many-a@tiducted studies, analysts have
demognstrated success using CA to predict market share and to determine strategic product line
needs.

However,thestic esses of CA also raise clientsd exp
excessively optimistic. CA is widely taught in MBA courses, and a new marketer in industry is
likely soon to encounter CA success stories and business questions where CA seems appropriate
This is great news . . . if CAis practiced appropriately. The apparent ease of designing, fielding,
and analyzing a CA study presents many opportunities for analysts and clients to make mistakes.

Il n this paper, | descr idobsersed meondudtiggamder st and
consulting on more than 100 CA projects. Some
others have been observed in consultation with others; none is exemplary of any particular firm.
Rather, the set of cases reflects ohgervations of the field. For each one | describe the problem
and how | suggest to rectify it in clientsdo u

Al | data presented here are fictional. The d
driveodo that ¢ omprsuckassize (eq.nNanoaHdhgeh), design btylet e s
ordinal attributes of capacity (e.g., 32 GB), and price. The data were derived by designing a
choicebased conjoint analysis survey, having simulated respondents making choices, and
estimating the utities using Hierarchical Bayes multinomial logit estimation. For full details,

! cchapman@google.com

2 There are too many published successes for CA to list them comprehensively. Fosaestapers in this and other volumes of the
Proceedings of the Sawtooth Software ConfereRablished cases where this author contributed used CA to inform strategic analysis using
game theory (Chapman & Love, 2012), to search for optimum productlpsrféhapman & Alford, 2010), and to predict market share
(Chapman, Alford, Johnson, Lahav, & Weidemann, 2009). This author also helped compile evidence of CA reliability an@baljtitgn,
Alford, & Love, 2009).
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refer to the source of the data: simulation a
(Chapman, Alford, and Ellis, 2013; available from this author).

The data here wertdesgned to illustrate problems; rather, they come from didactic R
code. It just happens that those éalike data in most CA projeddsare misinterpretable in all
the common ways.

MISTAKE#L: CONJOINT ANALYSISDIRECTLYIELLdJS HOW MANY PEOPLEWILLBUY
THISPRODUCT

A simple client misunderstanding is that CA directly estimates how many consumers will
purchase a product. It is simple to usepastth utilities to estimate preference share and
interpret this as fimar ket semaltinemiadlogkformilaea 1 de m:
for aggregate share between two products. In practice, one might use indiidliaitilities in
a market simulator such as Sawtooth Software SMRT, but the result is conceptually the same.

Table 1: Example Preference Share Callation

Sum of utilities Exponentiated Share of total
Product 1 1.0 2.72 62%
Product 2 0.5 1.65 38%
Total -- 4.37

As most research practitioners know but many
preference share is onpartially indicative of real market results. Preference share is an
important input to a marketing model, yet is only one input among many. Analysts and clients
need to determine that the CA model is complete and appropriate (i.e., valid for the nmatket) a
that other influences are modeled, such as awareness, promotion, channel effects, competitive
response, and perhaps most importantly, the impact of the outside good (in other words, that
customers could choosene of the abovend spend money elsewhgre

| suspect this misunderstanding arises from three sources. First, clients very much want CA
to predict share! Second, CA is often given credit for predicting market share even when CA was
in fact just one part of a more complex model that mapped CArprefe to the market. Third,
anal ystsod standar dnagketsaicnuilcaet iiosn ot oi ntsatleka da boofu ti r
simulation. o

Instead of claiming to predict market share, | tell clients dasjoint analysis assesses how
many respondents gex each product, relative to the tested alternativewe iterate studies,
know that wedre assessing the right things, ¢
will get progressively better estimates of the likely market response. Ciénslamental part of
that, yet only one part. Yes, we can predict market share (sometimes)! But an isolated, single
shot CA is not likely to do so very well.

MISTAKE#2: CA ASSESSERIOW GOOD OR BAD A FEATUREOR PRODUCT) IS

The second misunderstanding is\gar to the first: clients often believe that the highest-part
worth indicates a good feature while negative-pantths indicate bad ones. Of course, all
utilities really tell us is that, given the set of features and levels presented, this is titeddast f



set of observed choices. Utilities donodét i ndi
likely would change the utilities.

Arelated issue is that pamtorths are relative within a single attribute. We can compare
levels of an attribute tone anothéy for instance, to say that one memory size is preferable to
another memory sidebut should not directly compare the utilities of levels across attributes (for
instance, to say that some memory size level is more or less preferred than soofectduelbr
brand or processor). Ultimately, product preference involves full specification across multiple
attributes and is tested in a market simulator (I say more about that below).

| tell clients this:CA assesses tradeoffs among features to be ondess preferredit does
not assess absolute worth or say anything about untested features.

MISTAKE#3: CA DIRECTLYIELLYJS WHERE TCSETPRICES

Clients and analysts commonly select CA as a way to assess pricing. What is the right price?
How will such-and-such feature affect price? How price sensitive is our audience? All too often,
| 6ve seen cl i ent swoithaferprcé tftent ebtimatea withoubcgnstraipta r t
and as piecewise utilitidsand interpret them at face value.

Figure 1 shows tlee common patterns in price utilities; the dashed line shows scaling in
exact inverse proportion to price, while the solid line plots the preference that we might observe
from CA (assuming a linear function for patterns A and B, and a piecewise estimgiattern
C, although A and B could just as well be piecewise functions that are monotonically
decreasing).

In pattern A, estimated preference share declines more slowly than price (or log price)
increases. Clients love this: the implication is to pricéa@ maximum (presumably not to
infinity). Unfortunately, real markets rarely work that way; this pattern more likely reflects a
method effect where CA underestimates price elasticity.

Figure 1: Common Patterns in Price Utilities
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In pattern B, the implication is to price at the minimum. The problem here is that relative
preference implies range dependency. This may simply reflect the price range tested, or reflect
that respondentsareusingthei r vey f or communi cati on purposes
express product preferences.

Pattern C seems to say that some respondents like low prices while others prefer high prices.
Clients love this, too! Theips eorfstietni vaes kc, u siitHoomwe r
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problem is that there is no good theory as to why price should show such an effect. It is more
likely that the CA task was poorly designed or confusing, or that respondents had different goals
such as picking their favorite brand heuristically simplifying the task in order to complete it

quickly. Observation of a price reversal as we see here (i.e., preference going up as price goes up
in some part of the curve) is more likely an indication pfablemthan an observation about

actual respondent preference!

If pattern C truly does reflect a mixture of populations (elastic and inelastic respondents) then
there are higheorder questions about the sample validity and the appropriateness of using
pooled data to estimate a singledne | . I n short: pattern C is sed
you have assessed carefully and ruled out the confounds and the more theoretically sound
constrained (declining) price utilities.

What | tell clients about price i€A provides insight into ated price sensitivity, not exact
price points or demand estimat@ghout a lot more work and careful consideration of models,
potentially including assessments that attempt more realistic incentives, such as incentive
aligned conjoint analysis (Ding, 200 . When assessing price, 1itos
methods and/or studies to confirm that answers are consistent.

MISTAKE#4: THEAVERAGEUTILITY IS THBESTMEASURE ORNTEREST

| often seé and yes, sometimes even prodcdient deliverables wittables or charts of
Afaverage utilitieso by |l evel. This unfortunat
averageis thebest estimateMathematically, of course, the mean of a distribution minimizes
some kinds of residudsbut that is rarely howa client interprets an average!

Consider Table 2. Clients interpret this as saying that Black is a much better feature-than Tie
dye. Sophisticated ones might ask whether it
preference share for Black (849blone of that answers the real questighich is better for the
decision at hand?

Table 2: Average Feature Utilities

Feature Average Utility
Black 0.79
Tie-dye -0.85

Figure 3 is what | prefer to show clients and presents a very differémtepitn examining
Black vs. Tiedye, we see that the individdavel estimates for Black have low variance while
Tie-dye has high variance. Black is broadly acceptable, relative to other choices, whiye Tse
polarizing.

Is one better? That dependstbe goal. If we can only make a single product, we might
choose Black. If we want a diverse portfolio with differently appealing productsly€ienight
fit. If we have a way to reach respondents directly, then Silver might be appealing because a few
pemle strongly prefer it. Ultimately this decision should be made on the basis of market
simulation (more on that below), yet understanding the preference structure more fully may help
an analyst understand the market and generate hypotheses that otheghtise raverlooked.



Figure 3: Distribution of Individual -Level Utilities from HB Estimation
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The client takeaway is thi€A (using HB) gives us a lot more information than just average
utility. We should use that information to have a much better undénstgof the distribution of

preference.

MISTAKE#S: THERHS A TRUESCORE

The issue about average utility (problem #4 above) also arises at the individual level.
Consider Figure 4, which presents the mean betas for one respondent. This respondent has low
utilities for features 6 and 10 (on the X axis) and high utilities for features 2, 5, and 9.

It is appealing to think that we have a psychicaX of this respondent, that there is some
Atrue scoreodo underl ying t hessay Therecafeseavaah ces, as
problems with this view. One is that behavior is contextually dependent, so any respondent might
very well behave differently at another time or in another context (such as a store instead of a
survey). Yet even within the contexta CA study, there is another issue: we know much more
about the respondent than the average utility!

Figure 4: Average Utility by Feature, for One Respondent
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Now compare Figure 5 with Figure 4. Figure 5 shdvier the same respondénthe within
respondendistribution of utility estimates across 100 draws of HB estimates (using Monte Carlo

Markov chain, or MCMC estimation). We see significant heterogeneity. An 80% or 95% credible
interval on the esti mates wo ulrespohdem. dhisfisaw @ si g



more robust picture of the respondent, and inclines us away from thinking of him or her as a
Atype. o

Figure 5: Distribution of HB Beta Estimates by Feature, for the Same Respondent

What | tell clients is thisunderstand respondentsterms of tendency rather than type
Customers behave differently in different contexts and there is uncertainty in CA assessment.
The significance of that fact depends on our decisions, business goals, and ability to reach
customers.

MISTAKE#6: CA TEILSUS THEBESTPRODUCT TOMAKE (RATHER EASILY

Some clients and analysts realize that CA can be used not only to assess preference share and
price sensitivity but also to inform a produc
we make?o0

An almog certainly wrong answer would be to make the product with highest utility, because
it is unlikely that the most desirable features would be paired with the best brand and lowest
price. A more sophisticated answer searches for preference tradeoff \ws.thestontext of a
competitive set. However, this method capitalizes on error and precise specification of the
competitive sets; it does not examine the sensitivity and generality of the result.

Better results may come by searching for a large set ofopgianum products and examine
their commonalities (Chapman and Alford, 2010; cf. Belloni et al., 2008). Another approach,
depending on the business question, would be to examine likely competitive response to a
decision using a strategic modeling appro@@hapman and Love, 2012). An analyst could
combine the approaches: investigate a set of many potentisdptegaal products, choose a set
of products that is feasible, and then investigate how competition might respond to that line.

Doing thisisacomple pr ocess: it requires extraordinar
then one must address crucial model assumptions and adapt (or develop) custom code in R or
some other language to estimate the models (Chapman and Alford, 2010; Chapman and Love,
2012). The results can be extremely informafivier instance, a product identified in Chapman
and Alford (2010) was identified by the model fully 17 months in advance of its introduction to
the market by a competi@rbut arriving at such an outcome is a coexplindertaking built on
impeccable data (and perhaps luck).



Il n short, when clients wi s@Ainfoons isiabodtour he fbes
line, but precise optimization requires more models, data, and expertise.

MISTAKE#7: GET ASMUCH STATISICAL POWER(SAMPLE) AS POSSIBLE

This issue is not specific to CA but to research in general. Too many clients (and analysts) are
impressed with sample size and automatically assume that more sample is better.

Figure 6 shows the schematic of a chddesedconjoint analysis (CBC) study | once
observed. The analyst had a complex model with limited sample and wanted to obtain adequate
power. Each CBC task presented 3 products and a None option . . . and respondents were asked
to complete 60 such tasks!

Figure6: A Conjoint Analysis Study with G

Task 1 Task 2 Task 3 Task 4 Task s Task 6 Task 7 Task 8 Task 9 Task 10 Task 11 Task 12 Task 13 Task 14 Task 15
Task 16 Task 17 Task 18 Task 19 Task 20 Task 21 Task 22 Task 23 Task 24 Task 25 Task 26 Task 27 Task 28 Task 29 Task 30
Task 31 Task 32 Task 33 Task 34 Task 35 Task 36 Task 37 Task 38 Task 39 Task 40 Task 41 Task 42 Task 43 Task 44 Task 45

Task 46 Task 47 Task 48 Task 49 Task 50 Task 51 Task 52 Task 53 Task 54 Task 55 Task 56 Task 57 Task 58 Task 59 Task 60

Power is directly related to confidence intervals, and the problem with confidence intervals
(in classical statistics) is that they scale to the inverse square root of sample size. When you
double the samplsize, you only reduce the confidencemal by 30% (11 / d2) . To cut t
confidence interval in half requires 4x the sample size. This has two problems: diminishing
returns, and lack of robustness to sample misspecification. If your sample igpeobability
sample, as most are, then samphmgre of it may not be the best approach.

| prefer instead to approach sample size this way: determine the minimum sample needed to
give an adequate business answer, and then split the available sampling resources into multiple
chunks of that size, assasgieach one with varying methods and/or sampling techniques. We
can have much higher confidence when findings come from multiple samples using multiple
methods.

What | tell clientsinstead of worrying about more and more statistical significance, we
shoutl maximize interpretative power and minimize.riskketch what such multiple
assessments might | ook | i ke. AWoul d you rathe
with 1200, Study B with 300, Study C with 200
understand immediately that despite having ¥ the sample, Plan 2 may be much more
informative!



MISTAKE#8: MAKE CA HTWHATYou WANT TOKNOW

To address tough business questions, itds a
like CA. Unfortunatelythis may yield surveys that are more meaningful to the client than the
respondent.

| find this often occurs with complex technical features (that customers may not understand)
and messaging statements (that may not influence CA survey behavior). Figesents a
fictional CBC task about wine preferences. It was inspired by a poorly designed survey | once
took about home improvement products; | selected wine as the example because it makes the
issue particularly obvious.

Figure 7: A CBC about Wine

Imagire you are selecting a bottle of wine for a special celebration dinner at home.
If the following wines were your only available choices, which would you purchase?

Blend 75% Cabernet Sauvignon  75% Cabernet Sauvignon
20% Merlot 15% Merlot
4% Cabernet Franc 10% Cabernet Franc
1% Malbec
Winery type Custom crush Negotiant
Bottle size 700ml 750ml
Cork type Grade 2 Double disk (1+1)
Fining agent (None, unfined) Potassium caseinate
Bottling line type Mobile On premises
Origin of bottle glass Mexico China

Our fictional marketing manager is hoping to answer questions like these: should we fine our
wines (cause them to precipitate sediment before bottling)? Can we consider cheaper bottle
sources? Should we invest in arhiouse bottling line (instead truck that moves between
facilities)? Can we increase the Cabernet Franc in our blend (for various possible reasons)? And
so forth.

Those are all important questions but posing their technical features to customers results in a
survey that only a winemakeould answer! A better survey would map the business
consideration to features that a consumer can address, such as taste, appearance, aging potential,

cost, and criticsd scores. (1 |l eave the quest

exercisefor the reader.)

This example is extreme, yet how often do we commit similar mistakes in areas where we are
too close to the business? How often do we 't
often do we describe something the way that R&Dta/a Or include a message that has little if
any real information? And then, when we see a null effect, are we sure that it is because
customers don6t care, or could it be because
in case of significant &fcts.) And, perhaps most dangerously, how often do we field a CA
without doing do a smallample pretest?



The implication is obvioudesign CA tasks to match what respondents can answer reliably
and validly And before fielding, pretest the attributesydls, and tasks to make sure!

(NON!-) MISTAKE#9: |76 BETTER THANSING OURINSTINCTS

Clients, stakeholders, managers, and sometin
results are interesting but | | utdforthedaidat bel i

Of course CAis not perfettall of the above points demonstrate ways in which it may go
wrong, and there are many méreut | would wager this: a wetlesigned, welffielded CA is
almost always better than expert opinion. Opinions ofdlubsse to a product are often
dramatically incorrect (cf. Gourville, 2004). Unless you have better and more reliable data that
contradicts a CA, go with the CA.

If we consider this question in terms of expected payoff, | propose that the situation
resembés Figure 8. If we use data, our estimates are likely to be closer to the truth than if we
dondét. Sometimes they will be wrong, but wil/

Figure 8: Expected Payoffs with and without Data

- S Net
Decision correct Decision incorrect I
expectation:
High precision Low inaccuracy .
Use data (high gain) (modest loss) Positive
. Low precision High inaccuracy ,
Use instinct (modest gain) (large loss) Negative

When we get a decision right with data, the relative payoff is much larger. Opinion is
sometimes right, bdikely to be imprecise; when it is wrong, expert opinion may be disastrously
wrong. On the other hand, | have yet to observe a case where consumer data has been terribly
mi sl eading; the worst case | 6ve semnonand when
data disagree, explore more. Do a different study, with a different method and different sampling.

What I tellclientsi t 6s very risky to bet agaiAnst what
occasional succedsor an excessively successful singf@ne® does not disprove the value of
data.

MISTAKE#10 AND COUNTING

Keith Chrzan (2013) commented on this paper after presentation at the Sawtooth Software
Conference and noted that attribute importance is another area where there is widespread
confusion Cl i ents often want to know AWhich attri
answer this with regard to the relative utilities of the attributes and features tested. Including (or
omitting) a very popular or unpopular level on one attributewd#lalt t he fAi mport ance.
other attribute!

CONCLUSION

Conjoint analysis is a powerful tool but its power and success also create conditions where
client expectations may be too high. Webve se:



results such asvarage utilities may be misleading, and that despite client enthusiasm they may
distract from answering more precise business questions. The best way to meet high expectations
is to meet them! This may require all of us to be more careful in our commansg;ainalyses,

and presentations.

The issues here are not principally technical in nature; rather they are about how conjoint
analysis is positioned and how expectations are set and upheld through effective study design,
analysis, and interpretation. Ip@the paper inspires yduand even better, inspires and informs
clients.
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QUANTITATIVEMARKETINGRESEARCHSOLUTIONS IN A
TRADITIONALMANUFACTURINGHRM:
UPDATE ANDCASESTUDY

RoBERTJ. GOODWIN
LIFETIME PRODUCTS INC.

ABSTRACT

Lifetime Products, Inc., a manufacturer of folding furniture and other consumer hard goods
provides a progress report on itegtifor more effective analytic methods and offers an
insightful new ACBC case studyhis demonstration of a typical adaptive choice study,
enhanced bgn experimenivith conjoint analysiglesign parameteris intended tdoe of interest
to new practitioers and experienced users alike.

INTRODUCTION

Lifetime Products, Inc. is a privately held, vertically integrated manufacturing company
headquartered in Clearfield, Utah. The company manufactures consumer hard goods typically
constructed of blownolded polgthylene resin and powdeoated steel. Its products are sold to
consumers and businesses worldwilemarily through a wide range of discouartd
department stores, home improvement centers, warehouse clubs, sporting goods stores, and other
retailand ortine outlets

Over the past severears, the Lifetime Marketing Research Department has adopted
progressively more sophisticated conjantlysisand other quantitative marketing research
tools to better inform product development and marketingdeems&ik i ng. The compan:
experiences in adopting and cestectively utilizing these sophisticated analytic metldds
culminating in its current use of Sawto@bftwar® s A d a p t -Based C@hjoiati(ACRBC)
softwar@® were documented in papgresented at pvéous Sawtooth Software Conferesce
(Goodwin 2009and Goodwin 2010).

In this paper, we first provide an update on what Lifetime Products has learned about
conjoint analysis and potential best practices thereof over the past three years. Then, for
demonstation purposes, we present a new Adaptive CBC case on outdoor storage sheds. The
paper concludes with a discussion of our experimentation with ACBC design parameters in this
shed study.

|. WHAT WEQ/E LEARNED ABOUTC ONJOINT ANALYSIS

This section provides s@e practical advice, intended primarily for new and corporate
practitioners of conjoint analysis and other quantitative marketing tools. This is based on our
experience at Lifetime Products as a idfor mer|
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#1. Use Prudence in Conjoint  Analysis Design

One of the things that helped drive our adop
Based Conjoint program was its ability to administer conjoint analysis designs with large
numbers of attributes, without aveirdening respondents. The Concept Screening phase of the
ACBC protocol all ows each panelist to create
using whatever decisiesimplification techniques s/he wishes, electing to downplay or even
ignore attibutes they considered less essential to the purchase decision.

Further, we could allow them to select a subset of the most important attributes for inclusion
(or, alternatively, the least important attributes for exclusion) for the rest of the conjoint
experiment. Figure 1 shows an example page from our first ACBC study on Storage Sheds in
2008. Note that, in the responses entered, the respondent has selected eight attributes to
included along with price and materials of construction, which were cru@atehts in the
experimend while implicitly excluding the other six attributes from further consideration.
Constructed lists could then be used to bring forward only thelTUagtributes from an original
pool of 16 attributes, making the exercise much musieageable for the respondent. While the
partworths for an excluded attribute would be zero for that observation, we would still capture
the relevant utility of that attribute for another panelist who retained it for further consideration
in the purchasdecision.

Figure 1
Example of Large-scale ACBC Design

Here is the list of features. STORAGE SHEI[

Keep in mind that I'm going to include “Materials of Construction” and
“Retail Price” as the first 2, since I know they're probably in nearly
everyone's Top 10.

Please go ahead and check 8 more features that you are most likely to
consider.

[ visual Style (siding look, stucco look, etc.)
Shed Dimensions (width & depth)

Shed Height (& door height)

[ Door Location (end of shed vs. side of shed)
Flooring (not included, plastic, wood, etc.)
Shelving (included vs. not)

Windows (included vs. not)

Skylights (included vs. not)

[ Decorative Cupola on Roof (included vs. not)
[ Flowerboxes (included vs. not)

[] Tool Storage Package (included vs. not)

[ Expandability (expandable vs. not)

Brand Name (no-name vs. selection of popular brands)

Warranty (various lengths)

We utilized this fiwinnowingo f-égesignstudiesimf ACBC
the year or two following its adoption at Lifetime. During the presentation of those studies to our
internal dients, we noticed a few interesting behaviors. One was the virtual fixation of a few
clients on a fipeto feature that (to their dis
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following Hierarchical Bayes (HB) estimation. While paying very little attentathe most

important attributes in the experiment, they spent considerable time trying to modify the attribute
to improve its role in the purchase decision. In essence, this diverted their attention from what
mattered most i n tWwhatmateredlaasher sé6 deci si on to

The more common client behayvicorecwads ewhatctc ou
the clients realized (and accepted) the minimal impact of such an attribute on purchase decisions,
they immediately began to concentrate on theenmoportant array of attributes. Therefore,
when it came time to do another (similar) conjoint study, they were less eager to load up the
design with every conceivable attribute that might affect purchase likelihood.

Since that time, we have tendeak to load up a conjoint study with large numbers of
attributes and levelg, u st b e ¢ a u sodnstéad, wé lave gaughtsdesiyhs ¢hat are more
parsimoniousy eliminatingattributesandlevelsthat we already know to be less important in
C 0 n s u mesiorsn@akind).éAs a result, most of our recent studies have gravitated around
designs of B10 attributes and 2@0 levels.

Occasionally, we have found it useful to assessitepsrtant attribute® or those that might
be more difficult to measure in a conjpinstrumend by testing them in regular questions
following the end of the conjoint experiment. For example, Figure 2 shows a-{gti@uestion
in our 2013 Shed conjoint analysis survey to
emphasized ease of assbly (at the expense of strength)-asis a shed that emphasized
strength (at the expense of longer assembly times). (Thisissslevant to Lifetime Products,
since our sheds have relatively large quantities of séreneking for longer assembly tirsie
but are stronger than most competitorsé sheds

Figure 2
Example of PostConjoint Preference Question

STORAGE SHEI

Thinking for a moment about the "best” shed deal you just
r selected, which of the following scenarios would you prefer:

~ I would prefer a shed that didn't take too long to assemble (fewer screws, bolts,
nails, etc.), even if it wasn't as strong and durable as it could be.

~ I would prefer a shed that was very strong and durable, even if it took somewhat
longer to assemble (more screws, bolts, nails, etc.).

~ NOT SURE / IT DEPENDS

#2. Spend Time to Refine Conjoint  Analysis Instrument s

Given the importance of the respondent being able to understand product features and
attributes we have found it useful to spend extra time on the front end to ensure that the survey
instrument and conjoint analysis design will yield Rggrality results. In a previous paper
(Goodwin, 2009), we reported the value of involving clients in instrutesting and debugging.

In a more general sense, we continue to review our conjoint analysis instruments and designs
with multiple iterations of client critique and feedback.
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As we do so, we look out for several potential issues that could degrade theafuali
conjoint analysis results. First, we wordsmith attributelamdl description$o maximize clarity.
For example, with some of our categories, we have found a general lack of understanding in the
marketplace regarding some attributes (such as badlkiegightadjustment mechanisms and
backboard materials; shed wall, roof and floor materials; etc.). Attributes such as these
necessitate great care to employ verbiage that is understandable to consumers.

Another area we look out for involves close substs among levels of a given attribute,
where differences might be difficult for consumers to perceive, even in the actual retail
environment. For example, most mi@hge basketball goals have backboard widths between 48
and 54 inches, in-thch incremerd. While most consumers can differentiate well between
backboards at opposite ends of this range, they frequently have difficulty décatimyen
differentiatingdd among backboard sizes witkirith size differences. Recent qualitative research
with basketbt system owners has shown that, even while looking anh&® and 52nch
models sidéby-side in a store, it is sometimes difficult for them (without looking at the product
labeling) to tell which one is larger than the other. While our effort is noir¢ée fproduct
discrimination in a survey where it may not exist that strongly in the marketplace itself, we want
to ensure that panelists are given a realistic set of options to choose from (i.e., so the survey
instrument i s not tthiseneafispaddod diceinesoo) large Rbeks ghoveng t | y
product size or feature caluts to mimic iastore shopping as much as possible.

#3. More Judicious with Brand Names

Lifetime Products is not a household name (ake, Ford, AppleandMc Do n aAs @ 06 s .
brand sold primarily through bilgox retailers, Lifetime Products is well known among the
category buyers who put our product on the shelf, but less so among consumers who take it off
the shelf. In many of our categories (such as tables & chairs, baskatidagheds), the
assortment of brands in a given store is limited. Consequently, consumers tend to trust the
retailer to be the brand fAgatekeepero and to
so, they often rely less on their own bramdgeptions and experiences.

LifetimePr oduct s6 brand i mage is also confounded
entities such as the Lifetime Movieh@nnel, LifetimeFitnessEquipmentandeverfi | i f et i me 0
warranty There are also perceptual anomalies anoangpetitor brands. For example,

Samsonite (folding tables) gets a boost from their-kmmtiwn luggage line, Cosco (folding

chairs) is sometimes mistaken for the Costco store brand, and Rubbermaid (storage sheds) has a
halo effect from the wide array of Boermaid household products. Further, Lifetime kayaks
participate in a market that is highly fragmented with more than two dozen small brands, few of
which have significant brand awareness.

As a result, many conjoint analysis studies we have done prddtibeaind utility profiles,
accompanied by low averagétributeimportance scores. This is especially the case when we
include large numbers of brand names in the exercise. Many of these brands end up with utility
scores | ower t ha ndespite beingivelregarded bydedail ahaint siore buyers.

Because of these somewhatique circumstances in our business, Lifetime often uses
heavily abridged brand lists in its conjoint studies, or in some cases drops the brand attribute
altogether. In adition, in our most recent kayak industry study (with its plethora of unknown
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brands), we had to resort

to surrogate descr.i
know to be good, 06 and so for

t h.

#4. Use Simulations to Estimate Brand Equity

Despte the foregoing, there aexceptiongmost notably in the Tables & Chairs category)
wherethe Lifetime brandis relativelywell known and has a long sales history among a few key
retailers. In this case, our brand conjoint results are more realistisjeanfien find good
perceptual differentiation among key brand names, including Lifetime.

Lifetime sales managers often experience price resistance from retail buyers, particularly in
the face of new, lowegprice competition from virtually unknown brandsf essence, fino
brando) . I n instances |l i ke these, it is often
evidence of the value of the Lifetime brand as part of its overall product offering.

Recently, we generated such a brand equity analysfsltling utility tables using a reliable
conjoint study conducted a few years agahis context, we defirtefiperunit brand equity as:

The price rramed i mmamd Awowul d have to use i.1
Lifetime brand and maintain Lifetie 6s mar ket penetrati on.

The procedure we used for this brand equity estimation was as follows:

1. Generate a standard share of preference simulation, with the Lifetime table at its
manufacturer s suggested retail irprice (MSR
respective MSRPs, and the ANoneo option. (

2. Rerun the simulation using fino brand nameo
other changes in product specifications (i.e., an exact duplicate offering except for the
brard name). The resultingnamaoeobfepiredefwii
otherwise duplicated the Lifetime attributes) decreased from thechaseshare. (Note
that much of that preference degradation w
compettors, suggesting possible strength of the Lifetime brand over the existing
competitors as well.)

3. Gradually decreasamebeopfecengfunhel Ainbs s
matched the original base case for the Lifetime offering. In this deserite differential
was about6%, which represents a reasonable estimate of the value of the Lifetime brand,
ceteris paribus. In other words, amame competitor with the same specification as the
Lifetime table would have to reduce its price 6% ineorid maintain the same share of
preference as the Lifetime table. (See right pie chart in Figure 3.)
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Figure 3

Method to Estimate Lifetime Brand Value

Price Difference for Lifetime vs. NBvand:
Estimate of Lifetime Brand Value

These

Brand X
Table

Shares of Preference When
Lifetime Brand Available

Lifetime Same Share as Lifetime No-Brand

Table @ Table @ 6%
Would Not Retail Price Would Not Lower Price
Buy Any of Buy Any of

Shares of Preference When
wSLI | OSR I & ¢

6% Price Reduction
Needed to Garner the|

These

Brand X
Table

The 6%brand value may not sedmgh, compared with the perceived value of mardl-
knownconsumer bnads. Nevertheless, in tlvaseof Lifetime tablesthis information was very
helpful for our sales managers responding to queries from retail actolelp justifyhigher
wholesde prices than the competition.

#5. Improved Our Simulation Techniques

Overthe past hallozen years of using conjoint analysis, Lifetime has improved its use of
simulation techniques to help inform management decisions and sales approaches. In these
simulations, we generally have found it mostusefuitoe t he f Mondesto captypd i 0 n
buy/nabuy behaviorand to place relativelgreater emphasn share of preferen@nong
likely buyers Most importantly, this approach allows us to measure the possible expansion (or
contraction) of the market due to the introductiomefv product (or the deletion of an existing
product). We have found this approach particularly useful when simulating the behavior of likely
customers of our key retail partners and the

Recently, we conducted several simlatanalyses to test the impact of pricing strategies for
our retail partners. We offer two of them here. In both cases, the procedure was to generate a
baseline simulation, not only of shares of preference (i.e., number of units), but also of revenue
and(where available) retail margin. We then condugted p e r i me # tfs@nulatiéne/tb a t
compare with théaselinescenario. Because both situations involved multiple produaisl the
potential for crosgannibalization, we measured performance for thieeeptoduct line at the
retailer.
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The first example involved a lineup of folding tables at a relatively large retail account (See
Figure 4). In question was the price of a key table model in that lineup, identified as Table Q in
the graphic. The lines ité graphic represent changes in overall table lineup units, revenue, and
retail margin, indexed against the current ppo@nt scenario for Table Q (Index = 1.00). We ran
a number of experimental simulations based on adjustments to the Table Q priemg@oant
the share of preference changes through pricing and margin calculations for the entire lineup.

Figure 4
Using Simulations to Measure Unit, Revenue & Margin Changes

Major Retailer Multiple-Table Line-Up:
Unit, Revenue & Margin Indexes with Changes in Table Q Price Point

1.30

e

~

o
|

7
A - m= Total Revenue Index

4
1.20 \\
1.10 L N
- oo -k
—_— -~ ‘.-"
[=] i - -
3 1.00 All Indexes=1.00 at Current Table Q Price - -
no
rd g

@ . =
g -~ ~u
2 P
5 0.90
= »~
a ’
] ’
g s
z 0.80 7
= A
- s
|'—:" ’ —+—Total Unit Index
=
E]
=

’ =4 = Total Margin Index

o
@
[=]
N

0.50

0.40 T

S Increase é—— |Current Table Q Price Point ‘ = $Increase

As might be expected, decreasing the price of Table Q (holding all otheramteptions
constant) would result in moderate increases in overall numbers of units sold (solid line), smaller
increases in revenue (due to the lower weiglateerage price with the Table Q price cut; dashed
line), and decreases in retail margin (dotted)l Note that these margin decreases would rapidly
become severe, since the absolute value of a price decrease is applied to a much smaller margin
base. (See curve configurations to the left of the crossover point in Figure 4.)

On the other hand, if tharice of Table Q were to be increased, the effects would go in the
opposite direction in each case: margin would increase, and revenue and units would decrease.
(See curve configurations to the right of the crossover point in Figure 4.)

This Figure 4 graph, along with the precise estimates of units, revenue, and margin changes
with various Table Q price adjustments, provided the account with various options to be
considered, in light of their retail objectives to balance unit, revenue, and margin @sjectiv

The second example involves the prospective introduction of a new and innovative version of
a furniture product (nohifetime) already sold by a given retailer. Three variants of the new
product were tested: Product A at high and moderate price Eve&lBroduct B (an inferior
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version of Product A) at a relatively low price. Each of these preahice scenarios was
compared with the base case for the current product continuing to be sold by itself. And, in
contrast to the previous table example, aniits (share) and revenue were measured in this
experiment (retail margin data for the existing product were not available). (See Figure 5)

Figure 5
Using Simulations to Inform the Introduction of a New Product

"New Product Line" Conjoint Study

Market Simulations for Introduction of New Product A or New Product B
Survey Sampling / September 2012 / n=401 (Typical Retailer Environment)

100%
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W Would Buy New
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Percentage of Unit Market Potential at thisRetailer
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5% = Low Price Point
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1
\

T
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Product ONLY \s\ProductA @ 555% Product A @ SSS,,’ ProductB @ $%
| Rev.Index = 1.00 RE;.\mde;Lil.Zﬁ Rev_lrld_exeial Rev Index=1.01 |
The first result to note (especiallyfrome r et ai | er 6s perspective)

unit sales under all three ngwoductintroduction scenarios. This would make sense, since in
each case there would be two options for consumers to consider, thus reducing the proportion of
r e t adonsamers who would not buy either option at this store (light gray bar portions at top).

The second finding of note (especially from
the new concept (black bars at the bottom) would be maximized by intngd@roduct A at the
moderate price. Of course, this would also result in the smallest net unit sales of the existing
product (dark gray bars in the middle).

Finally, the matter of revenue is considered. As seen in the revenue index numbers at the
bottommargin of the graphic (with current case indexed at 1.00), overall retail revenue for this
category would be maximized by introducing Product A at the high price (an increase of 26%
over current retail revenue). However, it also should be noted thatuningdProduct A at the
moderate price would also result in a sizable increase in revenue over the current case (+21%,
only slightly lower than that of the high price).

Thus Lifetime and retailer were presented wi
Spoto callout in Figure 5), depending on how
new products were enforced. And, of course, they also could consider introduction of Product B
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at its low price point, which would result in the greatest pemewbah a mong t he ret ai |l
customers, but at the expensive of almost zero growth in overall revenue.

#6. Maintain a Standard of Academic Rigor

Let 6s f ac e -Hpractitionemsettemd@especially asrtha soke conjoint analysis
Aexpert o iyn tdnéimnesasymdaecomeckadaisicahbout doing conjoint
analysisright!l t 6s easy to consider taking short cuts
shorter questionnaire instead of the recommen
easy to exclude holdout tasks in order to keep the survey length down and simplify the analysis.

Over the past year or so, we have concluded that, in order to prevent becoming too
complacent, a corporate practitioner of conjoint analysis may need tdipebamaintain a
standard of academic rigor in his/her work. It is important to stay immersed in conjoint analysis
principles andnethodologythrough seminars, conferences (even if the technical/mathematical
details are a bit qéndtae literaturegpmdeirhtieeiraliacalysisi st r et ¢ h
t h e rothiagslikerdoing a papdor one of those conferencesreinstitute best practices!
Ideally a paper such as this should include some eleméntod s ear ch on research
with methods, ettings,etcy o stretch oneb6s capabilities even

I1. 2013 STORAGESHEDACBC CASESTUDY

It had been nearly five years since Lifeti me
Companyds Lawn & Garden manageesadierstudy. mam r eque.
seeking a new study, their objective was tdyanformcurrentstrategic planimg, tactical
decisionmaking, andsales presentatiorisr this important category.

At the same time, this shed l|yvahiolelagadasestidy e s h o
for the current Sawtooth Software conference
in its conjoint analysis practices. The specific objectives for including this case study in this
current paper are shown below.

1 Demongrate a typical conjoint analysis done by a private practitioner in an industrial
setting.

1 Validate the new conjoint model by comparing market simulations wisarnmple
holdout preference tasks (testest format).

T I'nclude a fAr es e asamplateshan the effeces af thied differenpACBCG
research design settings.

An overview of the 2013 U.S. Storage Shed ACBC study is included in the table below:
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Study Overview

Objectives: 1. Update Lifetime’s 2008 U.S. Shed conjoint model
2. Provide new ACBC case study for presentation

Type of interview: Nationwide online panel survey
Field dates: July 9-14, 2013
Total interviews: 643 (before removal of 72 “bad” cases)
R. qualifications: Shed owners/prospects age 25-64 (~50:50 gender split)
Interview length: 11.5 minutes (median)
Sampling/hosting: Survey Sampling International, Orem UT

Software used: Sawtooth Software Inc., Orem UT:
Adaptive Choice-Based Conjoint (ACBC) — main survey
Choice-Based Conjoint (CBC) — in-survey holdout Qs.
SMRT — market simulations

ACBC Instrument Example Screenshots

As many users and students of conjoint analysis knawv$ oot h Soft warebs Ad
Choicebased conjoint protocol begins with a BuWdur-Own (BYO) exercise to establish the
respondent 6s preference positioning within th
in question. (Figure 12, to be intnackd later, illustrates this positioning visually.) Figure 6
shows a screenshot of the BYO exercise for the current storage shed conjoint study.
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Figure 6

Build-Your-Own (BYO) Shed Exercise

{Mote: Total Price at bottom of page includes $199 base price.)

One guick note — as you 're deciding on the materials
of construction for your ideal shed,you may want to
keep in mind the assembly times shown at right:

Please design your ideal shed by
selecting an option in each section below.

Feature

CONSTRUCTION

SQUARE
FOOTAGE

ROOF
HEIGHT

WALL S5TYLE

FLOORING

SHELVING

WINDOWS

EXPANDABILITY

WARRANTY

Select One Option in Each Section

") Sheet Metal (+50]
@ Steel-reinforced Resin [(+5150)

71 Wood [+5450)

"I 25 5q Ft (approx 5'x5') (+%0])

| 50 Sq Ft(approx, 7'x7') (+£100)

@ 75 Sq Ft [approx 8%'x8%'} (+$225)
1 100 Sq Ft (approx. 10'x10'} (+$350)
7 6 Ft [(+%0)

@ 8 Ft(+%100)

1 Blain [+%0)

@ Siding-style (+£25)

| Brick-style [+%50)

& MOT included [+£0)
@ Plastic (+$100)

* Plywood (+5£100)

I NOT included [+%£0)
‘@ 2 shelves [wall-length) [+£50)

i NOT included {+%0)

" 1 NOM-opening window [+%£50)

@ 1 opening window [+575)

I NOT expandable (+£0)

‘@ Accommodates expansion kits (+50)

“ 3 years [+£0]

@ 10 years [+£50)

“ 15 years [+$100)

5 Add-on

£ 150

8 kigh

£ 5

STEEL-REINFORCED
RESIN

100

Wt

100

-

75

Wt

$°

& 50

TOTAL PRICE (including $199 base price)

& 574

The design with 9 neprice attributes and 25 total levels resuilt a total of 7,776 possible
product configurations. In addition, the range of summed prices from $199 to $1,474, amplified
by a random price variation factor of £30 percent (in the Screening phase of the protocol, to
follow) provides a virtually infinié array of produeprice possibilities. Note the use of
conditional graphics (shed rendering at upper right) to help illustrate three key attributes that
drive most shed purchase decisions (square footage, roof height, and materials of construction).

Followi n g

hi m/ her t o

creat.

on of t he

consneieghlhosercescopt sSinzmad

panelistos

preferred
to desi

one is a possibility for purchase consideration. (See Figure 7 and, igteg E2.) In essence,
the subject is asked to build a consideration set of possible product configurations from which
s/he will ultimately select a new favorite design. This screening exercise also captures-any non
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compensatory selection behaviors, asrégpondent can designate some attribute levels as ones
s/he must hawd@ or wants to excludi regardless of price.

panelistult mat el y

Figure 7
ShedConcept Screeningexercise

Here are a few sheds you might like.
Do any of these look like they are possibilities?

(Hint: It would be helpful to designate at least one shed on each page as a
"possibility," but you can be as flexible — or as picky — as you want!)

For each shed here, indicate if it is a possibility — or if you'd rather that I not show you any mor¢

like that.
(1 of 7)
755qFt 1005qFt
8’ High 8' kigh
E
STEEL-REINFORCED STEEL-REINFORCED
RESIN RESIN SHEET METAL

CONSTRUCTION |Steel-reinforced Steel-reinforced Sheet Metal Wood

Resin Resin
SQUARE 75 Sq Ft (approx. |100 Sq Ft 75 Sq Ft (approx. |75 Sq Ft (approx.
FOOTAGE 8v2'x814") (approx. 10'x10') |8v2'x8%2") 812'x8%")
ROOF HEIGHT 8 Ft 8 Ft 6 Ft 8 Ft
WALL STYLE Plain Siding-style Siding-style Siding-style
FLOORING Plastic Plastic Plastic Plywood
SHELVING 2 shelves (wall- 2 shelves (wall- NOT included 2 shelves (wall-

length) length) length)
WINDOWS 1 opening window |NOT included 1 opening window |1 opening window
EXPANDABILITY | Accommodates Accommodates Accommodates NOT expandable

expansion kits expansion kits expansion kits
WARRANTY 5 years 10 years 10 years 10 years
PRICE $838 $1,214 $615 $947

) A possibility 1 A possibility ) A possibility 1 A possibility

© Won't work for (~ Won't work for ) Won't work for (~ Won't work for

- me - me - me - me

Note again the use of conditional graphics, which help guide the respondents by mimicking a
sideby-side visual comparison common to many retail shed displays.

Following the screening exercise and the creation of an individualized short list of possible
configurations, these concepts are arrayed in a4muitiu n d

facilitate these tournament choices. (See Figure 8)
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Figure 8
ShedConcept @ ToExercisea ment O

Among these three, which one is the bhest option?

(I've grayed out any features that are the same, so you can just focus on the differences.)

(1 of 8)
255q 255q [t
' High 6" High
L SHEET METAL
CONSTRUCTION |Wood Wood Sheet Metal
SQUARE 25 Sq Ft (approx. 25 Sq Ft (approx. 75 Sq Ft (approx.
FOOTAGE 5'%5") 5'%5') 812'x81:")
ROOF HEIGHT 6 Ft 6 Ft 6 Ft
WALL STYLE Plain Plain Plain
FLOORING NOT included NOT included Plastic
SHELVING NOT included NOT included NOT included
WINDOWS NOT included NOT included NOT included
EXPANDABILITY | Accommodates NOT expandable NOT expandable
expansion kits
WARRANTY 5 years 10 years 5 years
PRICE $639 $691 $409
i i Ll

The essence of the conjoint exerciseast o der i ve t hton howevert 6 conf i ¢
Rather, it is to discover empirically how the panelist makes the simulated purchase decision,
including the

relative importance of the attributes in that decision,

levels of each attribute that are preferred,

interaction of these preferess across all attributes and levels, and

- implicit price sensitivity for these features, individually and collectively.

As we like to tell our clients trying to understand the workings and uses of conjoint analysis,

Al t Gaurngyhnet the destinatichth at 6 s most i mportant with con

ACBC Example Diagnostic Graphics

Notwithstanding the ultimate best use of conjoint analysis as a tool for market simulations,
there are a few diagnostic reports and graphics that help clients understancevphagtam is
doing for their respective study. First among these is the average attnipaieance
distribution, in this case derived through Hierarchical Bayes estimation of the individual part
worths from the Multinomial Logit procedure. (See Figure 9)
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Figure 9
Relative Importance of Attributes from HB Estimation

Lifetime Shed Conjoint Study 2013

Average Attribute Importance Comparison (HB estimation)
Survey Sampling Inc. - Nationwide n=643

Square Footage
20.1%

Materials of Construction
10.0%
: : Roof Height
7.1%
Expandability
2.8%
Flooring Type
Shelving

6.6%

PRICE
37.7%

3.3% Warranty Wall style Windows

3.6% 3.9% 4.8%

It should be noted that these are caeNgrageimportance scores, and that the simulations
y will take into account each
preferences are far different from the average. Nevertheless|ients(especially sales
managers who are reporting these findings to retail chain blwggarsglate to interpretations
s uc h pesenbfa pical shegurchasalecision involved or is influenced bg the size
shed. o

ul ti mat el

of t he

Notein this graphic thatqice occupies well over onthird of the decision space for this
array of shed products. This is due in large part tavide range of priceé6199 minus 30
percent, up to $1,474 plus 30 pergeecessary to cover the range of sheds fromsgRare
foot sheet metal model with few ada features up to a 18@uarefoot wooden model with
multiple addons. Within a defined sukange of shed possibilities, most consumers would
consider (say, pkic sheds in the 5-75-squarefoot range, with several feature adds),the
relative importance of price would diminismarkedly and the importance of other attributes

would increase

A companion set of diagnostics to the importance pie chart abovieés line graphs
showing the relative conjoint utility scores (usually zeemtered) showing the relative
preferences for levels within each attribute. Again, recognizing that these are only averages, they
provide a quick snapshot of the overall prefeeprofile for attributes and levels. They also
provide a good diagnostic to see if there are any reversals (e.g., @chi@levels that do not
follow a consistent progression of increasing or decreasing utility scores). (See Figure 10)
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Figure 10
Average Conjoint Utility Scores from HB Estimation

Lifetime Shed Conjoint Study 2013
Average Conjoint Utility Comparison (selected attributes)
Survey Sampling IneNationwide n=643
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The final diagnostic graphic we offer is the Price Utility Curve. (See Figure 11) It is akin to
the Average Level Utility Scores, just shown, except that (a) in contrast to most-feadece

attributes, itsurve has a negative slope, and (b) it can have multiple, independently sloped curve

segments (eight in this

case),

u sOunajentdcamB C 06 s

also relate to this assarrogate representation @demand curve, witvaryingslopes price

sensitivity).
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Figure 11
Price Utility Curve Using Piecewise Method

Lifetime Shed Conjoint Study 2013

Price Utility Curves using Piecewise Method: Negative Price Constrair
Survey Sampling IneNationwide n=571 net
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There are a few items of particular interest in this graphic. First, the differences in price
ranges among the three shed types are called out. Although therdiffdon between sheet
metal and plastic sheds is fairly clegr, there is quite a bit of overlap between plastic and
wooden sheds. Second, the price cut points have been set at $200 increments to represent key
perceptual price barriers (especially $D0@here there appears to be a possible perceptual
barrier in the minds of consumers).

1. ACBC EXPERIMENTAIDESIGN AND TESTRESULTS

This section describes the experimental design of the 2013 Storage Shed ACBC study, and
t he froms e s e a h cohwe atjemet 0 ariswer. It also discusses the holdout task
specification and the measures used to determine the precision of the conjoint model in its
various test situations. Finally, the results of this experimental test are presented.

Split-Sample Form at to Test ACBC Designs

The Shed study used a sample format with three Adaptive Choice design variants based
on incrementally relma«ieglhlWderdfd nddnoapt oif n tthkee i
ACBC protocol. We have characterized thttsee design variants as Versiah Conservative
departur e f r oBYOtcbneeptVeesop Modieratetdéparture, and Versiod 3
Aggressive departure. (See Figure 12)
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Figure 12
Conservative to Aggressive ACBC Design Strategies

ACBC Design
Strategy:

NearNeighbors

AyadaSt R 2 ¥/ Teabna#fivériate attribute space attributes)
ClOG2NRI € with nearly7,800unique product combinations,

plusa virtuallyinfinite number of price}

BYCshed Conf|gurat|on
0O NBalLlyR$shéadna

/ \ VERSION k daz2 8% &

Vary 34 attributes from

VERSION «k a! 3
Vary 45 attributes from || (0=210)
BYO concept per task
(n=228) Instructional Materials

/ S ,
VERSION Kk G/ 2Y 3
\ Vary 23 attributes from
BYO concept per task

- RO gonces Bk task

Adapted fromh N S Q&
2008 ACBC Beta Test

Each qualified paslist was assigned randomly to one of the three questionnaire versions. As

a matter of course, we verified that the demographic and product/purchase profiles of each of the
three survey samples were similee., gender, age, home ownership, shed owngysed
purchase likelihoodype of shed owned or likely to purchaaadpreferred store for a shed

purchase).

Going into this experiment, we had several expectations regarding the outcome. First, we
recognized that VersiordlConservative would be thedstefficient experimental design,
because it defined finear neighboro
include only product configurations very close to the BYO starting point (only 2 to 3 attributes

were varied from the BY@elected concept to generate additional product concepts). At the

very

other end of the spectrum, Versiod Aggressive would have the widest array of product

conf i

cl

gurations (varying from 4 t eelestedacdncepth e
to generat additional concepts), resulting in a more efficient design. This is borne out by D

efficiency calculations provided by Bryan Orme of Sawtooth Software using the results of this
study. As shown in Figure 13, the design of the Version 3 conjoint expenvasr7% more
efficient than that of the Version 1 experiment.
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Figure 13
Calculated D-efficiency of Design Versions

D Efcency | _index

Version 1(2-3 changes from BYO) 0.44 2 100

Version 2(3-4 change$rom BYO) 052 g 118
=

Version 3(4-5 changes from BYO) 0.56 .2 127

Calculations courtesy of Bryan Orme, using Sawtooth CVA and ACBC Version 8.2

Despite thestatisticalefficiency advantage of Version 3, \itdly expected Version 1 to
provide the most accurate results. In thinking about the flow of the interview, we felt Version 1
would be the most usériendly for a respondent, since most of the product configurations shown
in the Screening section woulé bery close to his/her BYO specification. The respondent would
feel that the virtual i nterviewer (AKyliedo in
and therefore would remain more engaged in the interview process and (presumatuye b
consistent in answering thmldout choices. In contrast, the wider array of product
configurations from the more aggressive Version 3 approach might be so far afield that the
panelistwould feel the interviewer is not paying as much attention to previoswersAs a
result ghe might becomé&ustrated andininvolved inthe process, thereby registering less
reliableutility scores

One of the byproducts of this test was the expectation that those participating in the Version
1 questionnaire would see ailvely more configurations they liked and would therefore bring
forward more options (Apossibilitieso) into t
3 questionnaire would see fewer options they liked and therefore would bring fewer options
forward into the Tournament. As shown in Figure 14, this did indeed happen, with a slightly (but
significantly) larger average number of conjoint concepts being brought forward in Version 1
than in Version 3.
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Figure 14
Distribution of Colhaceitlsi [Jiutdyge d t o

Lifetime Shed Conjoint Study 2013

Distribution of Shed Concepts Judged to be "a Possibility"
Survey Sampling IneNationwide n=643
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Validation Using In-sample Holdout Q uestions

To validate the results of this survey experiment we used fesanmple holdout questions
containing three product concepts each. The same set of holdouts was administered to all
respondents ipach of the three versions of the survey instrument. We also usedetdsst
verification procedure, where the same set of four questions was repeated immediately, but with
the order of presentation of concepts in each question scrambled.

A summary of his Holdout TesRetest procedure is included in the table below:

Phase 1 (Test) 4 3 12

Phase 2 (Retest) 4 3 12
(same/reordered) (same/reordered)

Total 8 3 12

In order to maximize the reality of the holdouts, we generated the product configuration
scenarios using redfe product options angrices(including etensive level overlggn some
cases). Of the 12 concepts shown, five were plastic sheds (three based on current Lifetime
models and the other two based on typical competitor offerings), four were wooden sheds
(competitors), and three were sheet metal sheds (competitors). In an a#sttrealistic level
overlap, the first holdout task (repeated in scrambled order in the fifth task) contained a Lifetime
plastic shed and a smaller wooden shed, both with the same retail price. Likewise, in the second
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(and sixth) task Lifetime and one it key plastic competitors were placed héathiead. In

keeping with marketplace realities, both of these models were very similar, with the Lifetime
offering having a $100 price premium to account for three relatively minor product feature

upgrades. (Asvill be seen shortly, this scenario made for a difficult decision for many
respondents, and they were not always consistent during thettestreality check.)

To illustrate these holdout taskesign considerations, two examples are shown below: Figure
15 (which compares Holdout Tasks #1 and #5) and Figure 16 (which compares Holdout Tasks #2

and #6).

Figure 15

In-Sample Holdout Tasks #1 & #5

Task #1 (First Phase)

i T wera
Sheet Metal Construction

25 5q Ft (approx. 5'x5')
6-loot Rool

Plain Walls

Flooring NOT Included
Shelving NOT Included
window NOT Included
Shed Is NOT Expandable

S-year Warranty
$249

Lifetime 8x10 Shed

Tas

ndhich shed would you choose?
ST AT ORCLo
-

Steel-reinforced Resin
Construction

75 5q Ft (approx. BVi'x8Ws')
#-foot Rool

siding-style walls

Plastic Floor

2 Sheives (wall-length)

1 Opening Window

5 (Second Phase/Scrambleo

TASK #1 Conceptl  Conceptz  Concept 3 TASK #5 Conceptl  ConceptZz  Concept 3
Version 1 19.5% 22.9% 57.6%| |Version1 21.5% 61.0% 17.6%
Version 2 16.2% 20.0% 63.8% |Version2 20.0% 64.8% 15.2%
Version 3 11.4% 23.2% 65.4%| |Version3 20.6% 64.0% 15.4%
TOTAL 15.6% 22.1% 62.4%| |TOTAL 20.7% 63.3% 16.0%

This set of holdout concepteminally had the mosaccurate testetest resultsf the foud

and provided the Is¢ predictive ability for the conjoint model as well. Note that the shares of
preference for the Lifetime 8x10 Shed are within one percentage point of each other. Also, note
that the Lifetime shed was heavily preferred over the comparably priced (bugrsamallmore
sparsely featured) wooden shed.
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Figure 16
In-Sample Holdout Tasks #2 & #6

Lifetime 7x7 Shed
Task #2 (First Phase) Task

If these were your only options, which shed would you choose? se were your only options, which shed would you choos
sTes semsoaces srerLaswonces sTER apavonces areRLaswsonces
nesm L SwwET weTAL e e e

s

<

1 the

L sweeT weTAL
Steel-reinforced Resin Sheet Metal Construction
Construction

econd Phase/Scrambleg

Steel-reinforced Resin
Construction

50 5q Ft (approx. 7'x7°)
8-foot Roof
Plain walls

Steel-reinforced Resin
struction

50 5q Ft (approx. 7'x7")
8-foot Roof
Siding-style Walls
Plastic Floor

2 shelves (wall-length)
1 NON-opening Window

x. 8%'x8%") 50 Sq Ft (approx. 7'x7") 75 Sq Ft (approx. 8V)'x8%')
8-foot Roof 6-foot Roof

Siding- style walls Siding- style Walls

Plastic Floor Flooring NOT Included

2 Shelves (wall-length) Shelving NOT Included

1 NON-opening Window Window NOT Included

Plastic Floor
2 Sheives (wall-length)
1 NON-opening Window

Shed is NOT Expandable

Shed is NOT Expandable
xits. xits

5-year Warranty 10-year Warranty 10-year Warranty 10-year Warranty

$399 s $699 $429 $500 $699

\ Close competitor to Lifetime 7x7 /

TASK #2 Conceptl Concept2 Conceptd |TASK#6 Conceptl Concept2 Concept!
Version 1 19.5% 38.0% 42.4% |Version 1 36.1% 30.2% 33.7%
Version 2 25.7% 35.7% 38.6% |Version 2 31.9% 31.9% 36.2%
Version 3 27.6% 32.9% 39.5% |Version 3 32.5% 31.1% 36.4%
TOTAL 24.4% 35.5% 40.1% |TOTAL 33.4% 31.1% 35.5%

This set of holdout concepteminally had thdeastaccurate testetest resultsf the foud
and provided thevorstpredictive ability for the conjoint model. Note ttihe shares of
preference for the Lifetime 7x7 Shed and those of the competitor 7x7 shed varied more between
the Test and Retest phases than the task in Figure 15. It is also interesting to note that the
competitor shed appeared to pick up substantiaksbfgpreference in the Retest phase when
both products are placed silig-side in the choice task. This suggests that, when the differences
are well understood, consumers may not evaluate the $100 price premium for the more fully
featured Lifetime shed v favorably.

Test Settings and Conditions

Here are the key settings and conditions of the Shed conjoint experiment and validation:
1 Randomized First Choice simulation method:
0 Scale factor (Exponent within the simulator) adjustétiin versionto minimize
errors of prediction (Version 1 = 0.55, Version 2 = 0.25, Version 3 = 0.35)
0 Root Mean Square Error (rather than Mean Absolute Error) used in order to
penalize extreme errors

1 Piecewise price function with eight segments, with the price function consttaibed
negative

1 Hit Rates used all eight holdout concepts (both Test and Retest phases together)
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1 Deleted 72 bad cases prior to final validation:
o iSpeederso (less than four minutes) and
o Poor Holdout TesRetest consistencyeiwer than two out of four tasks consistent)
o Discrimination/straightine concerns (panelist designated no concepts or all 28
concepts as fApossibilitiesodo in the Scre

Note that the emulative impact of all these adjustments on Hit Rates waist a#to +5
percentages poin{se., moved from low 6% & to mid 6068, as shown beloy

The validation results for each survey vergiaand each holdout setare provided in Figure
17. In each case, the Root Mean Square Error and Hit Rate are reporigdyigh the
associated TedRetest Rate (TRR).

Figure 17
Summary of Validation Results

" TRGOIMSE | HitRate | TestRetestRale

AcrossAll 4 Sets of Holdouts

Version 1 / Conservative (4.4 764 7828
== 1 1
Version 2 / Moderate 6.5y \65% \81%
1 — s
Version 3 / Aggressive \6.5/ (69% ( 85%

N2 ~

AcrossAll 3 Questionnaire Versions

.......

Holdouts 1 & 5 5.2 {75% 87%
Holdouts 2 & 6 4.9 54% $73%
Holdouts 3 & 3.8 68% 85%
Holdouts4 & 8 8.6 66% 85%
OVERALL 5.9 66% 83%

Here are some observations regarding the results on this table:

1 Overall, the Relative Hit Rate (RHR) was about as expected (66% HR / 83% TRR = 80%
RHR).

1 The nominallyincreasing hit rate from Version 1 to Version 3 was not expected (we had
expected it to decrease).

1 There was a general lack of consistency between Root MSEs and Hit Rates, suggesting a
lack of discernible impact of ACBC design (as tested) on precisiestimhation.

1 Holdouts #2 & #6 were the most difficult for respondents to deal with, with a
substantially lower Hit Rate and TeRetest Rate (but, interestingly, not the highest
RMSE!).
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In order to determine statistically whether adjustments in the ACBiGrdead a significant

i mpact on ability to predict respondentso

wherein we tested for significance in the two categorical (dummy) variables representing

incremental departures from the neaighbor ACEC base case. We also controlled for overall

error effects, as measured by the holdout-Redest Rate. (See Figure 18)

Figure 18
Shed ACBC Hit Rate Model

Hit Rate =¥ (ACBC Version, TeBetest Rate)

Empirical Regression Model
HR {01} = .34 + .015 (V2 {0,1}) + .040 (V3 {0,1} +TR&0-1}

Note Constants
V1 (Conservative) 34; V2 (Moderate) 355 V3 (Aggressive).38

Model Significance

Overall (F) P=.000 V2 (Dummy) Coefficient (T) P=.568
V3 (Dummy) Coefficient (T) P=.114
Adjusted R=0.070  TestRetestCoefficient (T) P=.000

Here are our observations on this regression model:

1 Hit Rates increased only 1.5% and 4.0% fromrs\n 1 (base case) to Versions 2 and 3,
respectively. Neither one of these coefficients was significant at the .05 level.

1 The errorcontrolling variable (TesRetest Rate) was signific@antvith a positive
coefficien® suggesting that hit rates go up as oegjents pay closer attention to the
guality and consistency of their responses.

1 Of course, the overall model is significant, but only because ofRie&sist controlling
variable.

1 Questionnaire version (i.e., aggressiveness of ACBC design) does NOT lgiviécaat
impact on Hit Rates

KEY TAKEAWAYS

Validation procedures verify that the overall predictive value of the 2013 Storage Shed

ACBC Study is reasonableThe overalRelative Hit Ratevas 80 (or .66/ .83), implying that
model predictions are 80% geod as the TedRetest rate. Root MSEs were abou6with
corresponding MAEs in thei 8 rang® which is generally similar to other studies of this nature.
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The evidencedoesnot support the notion that Version 1 (the current, conservative
ACBC design) provdes the most valid resultsEven controlling for testetest error rates, there
was no statistical difference in hit rates among the three ACBC design approaches. (In fact, if
there were an indication of one design being more accurate than the otheiglinargue that it
could be in favor of Version 3, the most aggressive approach, with its nominally positive
coefficient.)While this appareniack of differentiation in results among the three ACBC designs
could be disappointing from a theoretical pahtiiew, there are sonositiveimplications

For Lifetime Products: Since dfferencesn predictive abilityamongthe thredest
versions were not significantie cancombine data se(®=571) for better statistical
precision for client simulation appétions

For Sawtooth Softwaréd and the Research Communityin generat The conclusion
that there are no differences in predictive ability, despite using a variety of conjoint
design settings, could begao 0 d i s t aboujthe tolustriess bfIAGBC prodares
in different design setting3 his is especially encouraging, given the prospect of even
moreimproved design efficiencies with the upcoming Version 8.3 of ACBC.

Lifetime Productsd experiences and | earnings
takeaways, particularly for new practitioners of conjoint analysis and other quantitative
marketing tools.

1 Continue teexplore and experimemtith conjoint capabilities and design options.
1 Look for new applications for conjoutriven market simulations.

1 Continuouslyimprove your conjoint capabilities.
1

Donoét loerbutine!tTrea your conjoint work with academic rigor.

Robert J. Goodwin
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CAN CONJOINT BE FUN?:
IMPROVING RESPONDENENGAGEMENT N CBC EXPERIMENTS

JANE TANG
ANDREWGRENVILLE
VISIONCRITICAL

SUMMARY

Tang and Grenville (2010) examined the tradeoff between the number of choice tasks and the
number of respondents for Choice Based Conjoint (CBC) studies in the erdired panels.
Theresults showed that respondents become less engaged in later tasks. Increasing the number
of choice tasks brought I imited i mprovement i
behavior, and actually decreased model sensitivity and consistency.

In 2012 we looked at how shortening CBC exercises impacts the individual level precision
of HB models, with a focus on the development of market segmentation. We found that using a
slightly smaller number of tasks was not harmful to the segmentation proctsd, tmder most
conditions, a choice experiment using only 10 tasks was sufficient for segmentation purposes.

However, a CBC exercise with only 8 to 10 tasks is still considered boring by many
respondents. In this paper, we looked at two ideas that maysbe f u | in i mproving
enjoyment level:

1. Augmenting the conjoint exercise using adaptive/tournament based choices.
2. Sharing the results of the conjoint exercise.

Both of these interventions turn out to be effective, but in different ways. The
adapive/tournament tasks make the conjoint exercise less repetitive, and at the same time
provide a better model fit and more sensitivity. Sharing results has no impact on the performance
of the model, but respondent s joghblato dompre. t he st

We encourage our fellow practitiondcsreview conjoint exercises from the respon@ent
point of view. There are many simple things can ddo make the exercise appealing, and
perhaps evenadbmeii f un. 6 Whi | e t hhmagnet yielkbetterarogels, simmyh e s
giving the respondent a more enjoyable experience, and by extension making him a happier
panelist (and one who is less likely to quit the panebuld be a goal wortaiming for

1. INTRODUCTION

In the early days of CBQespondents werdtenr ecr ui t ed i nto fl abso t
guestionnaires, either on papervia a CAPI device. They were expected to take up to an hour to
complete the experiment and were rewarded accordingly. The CBC tasks, while more difficult to
compkte than other questions (e.g., endless rating scale questions), were considered interesting
by the respondents. Within the captive environment of the lab, respondents paid attention to the
attributes listed and considered tradeaffsongthe alternatived-atigue still crept in, but not
until after 20 or 30 such tasks.
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Johnson & Orme (1996) was the earliest paper the authors are aware of to address the
suitable length of a CBC experimeiihe authorgleterminedhat respondents could answer at
least 20 chiwe tasks without degradation in data quaktgogerbrugge & van der Wagt (2006)
was another paper to address this issue. It focused on holdout task choice prediction. Tthey foun
that 10 15 tasks are generally sufficient for the majority of studiegincrease in hit rates
beyond thahumber wasninimal.

Today, most CBC studies are conducted online using panelists as respondents. CBC exercises
are considered a choifle.the verbatinfeedback fronour panelistsywe seerepeated complaints
aboutthe lengthand repetitiveness of choice tasks

Tang and Grenville (2010) examined the tradeoff between the number of choice tasks and the
number of respondents in the era oflioke panels. The results showed that respondents became
less engaged in later tasks. Téfere, increasing the number of choice tasks brought limited
i mprovement in the model 6s ability to predict
model sensitivity and consistency.

In 2012, we looked at how shortening CBC exercises affected thvedinalilevel precision
of HB models, with a focus on the development of market segmentation. We found that using a
slightly smaller number of tasks was not harmful to the segmentation process. In fact, under most
conditions, a choice experiment using oh0ytasks was sufficient for segmentation purposes.

However, a CBC exercise with only 8 to 10 tasks is still considered boring by many
respondents. The GreenBook blog noted this, citing CBC tasks as number four in a list of the top
ten things respondentstlaabout market research studies.
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2. WHY O BNO MATTERS
An enjoyable respondent survey experience matters in two ways:

Firstly, when respondents are engaged they give better answers that show more sensitivity
less noise and more consistedoySuresh & Conklin (2010), the authors observed that faced
with the same CB exercise, those respondents who received the more complex brand attribute
section chose Anoneo more often and had more
(2010), we observed | ater choice tasklsngresult
choice task, the respondentsdé choices contain
and less consistency (more order violations).

Secondly, today a respondent is often a panelist. A happier respondent is more likely to
respond to future ntes from that panel. From a panelist retention point of view, it is important
to ensure a good survey experience. We at Vision Critical are in a unique position to observe this
dynamic. Vision Critical 6s Spar qgnurtiesf(akwar e enal
brand panels). Our clients not only use our software, but often sign up for our service in
recruiting and maintaining the panels. From a meta analysis of 393 panel satisfaction surveys we
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conducted for our cliahtsyowkesfbhaeadNumber AiBwo

satisfaction, just behind Ayour input is wvalu
Relative Importance of panel service attributes:
The input you provide is valued 16%
The quality of the studies you receive 15%
The study topics 15%
The incentives offered by the panel 13%
The newsletters / communications that you receive 12%
The look and feel of studies 9%
The length of each study 8%
The frequency of the studies 8%
The amount of time given to respond to studies 6%

There are many aspects to survey quality, not the least of which is producing a coherent and
logical survey instrument/questicsine and having it properly programmed on a webpage. A
Afuno and enjoyable survey experience also he

3. OURIDEAS

There are many ways a researcher can create
guestion types thamhake use of rich media tools can improve the look and feel of a webpage on
which the question is presented, and make it easier for the respondent to answer those questions.
Examples of that can be found in Reid et200().

Engaging Question Types: Card sort vs. Radio Button

oo ®  ovae mess

ETRONGLY | SOMEWHAT | AGREE
AGREE AGREE

Aside from improving the lok, feel and functionality of the webpages, we can also change
how we structure the questions we ask to make the experience more enjykasen &
S| e e p 6 sawald dvianng ESOMAR congress paper gives us two ideas.
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The first is introducing a gam@aying element into our questioning. In the context of
conjoint experiments, we consider how adaptive choice tasks could be used to achieve this. We
can structure conjoint tasks to resemble a typical game, so the tasks become harder as one
progresses throughe levels. Orme (2006) showed how this could be accomplished in an
adaptive MaxDiff experiment. A MaxDiff experiment is where a respondent is shown a small set
of options, each described by a shaescription and asked to choose the option he prefarstm
as well as the option he prefers least. In a traditional MaxDiff, this task is followed by many
more sets of options with all the sets having the same number of options.

In an Adaptive MaxDiff experiment, this series of questioning is done in stades. e
respondents see the traditional MaxDiff tasks in the first stage, those options chosen as preferred
Aileasto in stage 1 are dropped off in stage 2
are dropped off in stage 3, etc. The numbergtibaos used in the comparison in each stage get
progressively smaller, so there are changes in the pace of the questions. Respondents can also see
how their choices result in progressively more difficult comparisons. At the end, only the
favorites are lefto be pitted against each other. Orme (2006) showed that respondents thought
this experience was more enjoyable.

This type of adaptive approach i1s also at wo
(ACBC) product. The third step in an ACBC experiment ib@ice tournament based on all the
product configurations in a respondentds cons

Tournament Augmented Conjoint (TAC) has been tried befo@hogan & Yardly (2009)In
their paper, the authors added a series of tournament tasks to the &@&@iriasks. However,
as the CBC section was already quite lengthy, with accurate HB estimates, the authors concluded
that the additional TAC tasks provided ontpdest and nesignificant improvementsyhich
did not justify the extra time it took to conapé the questionnairelowever, we hypothesize that
if we have a very short CBC exercise and make the tournament tasks quite easy (i.e., pairs), the
tournament tasks may bring more benefits, or at least be more enjoyable for the panelists.

Our second ideaomes fronPuleson & Sleep (20}1, who of f er ed-wayesponde
conversation. o From Vision Critical s panel s
panels to provide their input. While respondents feel good about the feedback they preyide, th
want to know that they have been heard. Sharing the results of studies they have completed is a
tangible demonstration that their input is valued. Most panel operators already do this, providing
feedback on the survey results via newsletters and atigagement tools. However, we can go
further. News media websites often have quick polls where they pose a simple question to
anyone visiting the website. As soon as a visitor provides her answer, she can see the results from
all the respondents thus fahat is an idea we want to borrow.

Dahan (2012) showed an example of personalized learning from a conjoint experiment. A
medical patient completed a series of conjoint tasks. Once he finished, he received the results
outlining his most important outcometeriion. This helped the patient to communicate his needs
and concerns to his doctors. It could also help him make future treatment decisions. Something
like this could be useful for us as well.
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Figure 8: ABC Output: A Personalized Report for Treatment Priorities

Category Ranking

Sex Life
Treatment preserves partial MOST Important
or full sexual function

47%

Lifespan

Treatment enables you  3rd most important
to live your full lifespan

Bowel
Treatment preserves 5th most important
full bowel fanction

Avoid Surgery
Treatment does not  6th most important
rquli:E any surgery

-2%

Others Approve )
Doctor & those close to you LEAST important

agree with your choice -7%

Active & Immediate

You're taking quick  4th most importanfo..  ooe 0% 0%  10% 20% 30% 40% 50%  60%  70%
and decisive action

4. HELDEXPERIMENT

We chose a topic that is of lasting irgst to the general population: dating. We formulated a
conjoint ex@rimentto determinavhatwomen were looking for in a man.

Cells

The experiment was fielded in May 2013 in Canada, US, UK and Australia. We had a sample
size of n=600 women in each country each country, respondents were randomly assigned into
one of four experimental cells.

CBC (8 Tasks, Triples) 609
CBC (8 Tasks, Triples) + Shareback 623
CBC (5 Task, Triples) + Tournament (4 Tasks, Pairs) 613

CBC (5 Task, Triples) + Tournament (4 Tasks, Pairs) + Sharebagtk 618

While the CBC only cells received 8 choice tasks, all of them were triples. The Tournament
cells had 9 tasks, 5 triples and 4 pairs. The amount of informathsd on the number of
alternatives seen by each respondent, was approximately the same in all the cells.

We informed the respondents in the Shareback cells at the start of the interview that they
would receive the results from the conjoint experiment dfteas completed.

Questionnaire
The questionnaire was structured as follows:

1. Intro/Interest in topic
2. All about you: Demos/Personality/Preferred activity on dates
3. What do you look for in a man?

o Personality
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o BYO: your i deal Amano
4. Conjoint Exercise per cell agament
5. Share Back per cell assignment
6. Evaluation of the study experience

A Build-Your-Own (BYO) task in which we asked the respondents to tell us about their ideal
Amano was used to educate the respondents on
Tang & Grenville (2009) showed that a BYO task was effective in preparing respondents for
making choice decisions.

Vision Critical 6s standard study experience
evaluation data. This consisted of 4 attribute gtimeasured on afoint agreement scale, and
any volunteered opeended verbatim comments on the study topic and survey experience. The
four attribute ratings were:

91 Overall, this survey was easy to complete

1 1 enjoyed filling out this survey

1 ['would fill out a survey like this again

1 The time it took to complete the survey was reasonable

Factors & Levels

The following factors were included in our experiment. Note that body type images are used
in the BYO task only.

Attribute: Level: Level: Level: Level: Level: Notes:
Age Much older than me, A bit older than me About the same age A bit younger than me Much younger than me
Height Much taller than me A little taller than me Same height as me Shorter than me
Big & Cuddly Big & Muscly Athletic & Sporty Lean & Fit
) ] ) )

Body Type images used at th
BYO question onl
not in conjoint tasl

as a8 a8 as
Driven to succeed and ma Works hard, but with a goc Has a job, but it's only to p: Prefers to find work wher
Career . .
money work/life balance the bills he needs it
Activity Exercise fanatic Active, but doesn't overdo PR CEY to_day it @
exercise
Attitude towards A
Eamilyv/Kids Happy as a couple Wants a few kids Wants a large family
Personality Reliable & Practical Funny & Playful Sensitive & Empathetic Serious & Determined  Passionate & Spontaneous
Flower Scale Flowers, even When you a Flowers for thg important Cf 2 ¢ S NAR 2yf “What are flowers?"
not expecting occasions saying sorry
Pretty low Low middle Middle High middle Really high
Yearly Income Under $50,000 $50,000 to $79,999 $80,000 to $119,999 $120,000 to $159,999 $160,000 or more Australia
Under $30,000 $30,000 to $49,999 $50,000 to $99,999 $100,000 to $149,999 $150,000 or more US/Canada
Under £15,000 MMPZANnN ¢ ModwndidEdn n a1 ¢ Mp gwcdadadn 1A ¢ M dlDADg0der more UK
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Screen Shots
TheA CBC task was presertteo the respondent as follow:

Which of these "men” do you prefer the most?

Please cick on D “men” you prefer most

Page 1of 8
Age A b older than me
Height Much taller then me Seme height 2= m=
Body Type Big & Muscly Lean & Rt
Career Has = job, but T's
only to pay the bills
Ackivity Active,
but doe=n't overdo it
Attitude towards
Family/Kids Wants a large family
Personality Serious & Determined
Flower Scale Flowers only when
he's saying sorry
Yearly Income $100,000 to $149,999 $30,000 to $49,999
Let’s pretend for a minute that you are single, how interested Id you be in going on a date with this man?
Plesse select on= response only.
. Extremely interested! W Kind of interested 2 No way, thanks

The adaptive/tournament tasks were formulated as follows:
1 Randomly order the 5 winners from the CBC tasks, label them as item 1 to item 5.

Setl Item 1 Item 2 Drop the loser from Set 1
Set 2 Item 3 Item 4 Drop the loser from Set 2
Set 3 Item 5 Winner from Set 1| Drop the loser from Set 3
Set 4 winner from Set 2 | Winner from Set 3
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The tournament task was shown as:

Which of these two "men” do you prefer more?

Age Much younger than me
Height Shorter than me
Body Type Lean & FR
Career Has = job, but T's
only to pay the bills
Activit e Active,
S but doesn't overdo it
Attitude towards
Family/Kids Wants a few kKics Wants a few kids
Personaslity Funny & Playful Serious & Determined
Flower Scale Flowers, even when Flowers for the
you are not expecting important occasions
Yearly Income $100,000 to $149,999 $50,000 to $99.999

The personalized learning page was shown as follows:

Thanks for completing all those tasks! Based on yvour answers, the description shown here is your most preferred man. Thinking
about your ultimate dream guy — how close is this description to that man?

Age A bit older than me

Height A little taller than me

@ Spoton

@ Quite close, but out on a few dimensions

Career
& Notreally close

Activity © Nowhere near it!
@ Don’t know

Attitude towards
Family/Kids

Personality Reliable & Practical

Flower Scale Flowers for the
important cccasions

Yearly Income $150,000 or more

Personalized learning was based on frequency count only. For each factor, we counted how
often each level was presented to that respondent and how often it was chosen when presented.
The most fequently chosen level was presented back to the respondents.

These results were presented mostly fobftine counting analysis was not the best for
providing this kind of individual feedback. The actual profiles presented to each individual
respondent imer CBC tasks were not perfectly balanced; the Tournament cells, where the
winners were presented to each respondent, would also have added bias for the counting
analysis. If we wanted to focus on getting accurate individual results, something like an
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individual level logit model would be preferred. However, here we felt the simple counting
method would be sufficient and it was easy for our programmers to implement.

Each respondent in the Shareback cells was also shown the aggregate results from her fellow
countrywomen who had completed the survey thus far in her experiment cell.

That just about wraps it up for this survey, we hope you found the last 10 minutes quite fun. We thank you for helping us today
with your opinion. Before we go we thought you might be interested in how your answers compare with the rest of Canada...

Canada's
most preferred
man

Age S Much younger than me

Height

Body Type

Chreer ‘Works hard, but with

Activity Zrefers day to day life Exercise fanatic

Attitude towards X

Family/Kids Wants a few kids

Passionate
Personality &
Spontaneous

Hovergoale Flowers only when
he’s saying sorry

Yearly Income $100,000 t0$149.999

5. RESULTS

We built HB models for each of the 4 experimental cadigaratelyPartworth utilities were
estimated for all the factors. Sawtooth Softwlase CBC/ HB product was used

Model Fit/Hit Rates

We deliberately did not design holdout tasks for this study. We wanted to measure the results
of making a study engaging, and using holdout tasks makes the study take longer to complete,
which tends to have the opposite effect. Instead of purposefully designed holdout tasks, we
randomly held out one of the CBC tasks to measure model fit. Since respondents tend to spend
muchlonger timeat their first choice task, we decided to exclude thegk for this purpose.

For each respondent, one of h&t 2¢, 4" and &' CBC tasks was randomly selected as the
holdout task.

The hit rates for the Tournament cells (63%) were much higher than the CBC cells (54%).
That result was surprising at firsince we would expect no significant improvement in model
performance for the Tournament cells. However, while the randomly selected holdout task was
held out from the model, the winner from that task was still included in the tournament tasks,
which mayexplain the increased performance.

In order to avoid any influence of the random holdout task, we reran the models for the
tournament cells again, holding out information from the holdout task itself, and any tournament
tasks related to its winner. The néwrates (52%) are now comparable to that of the CBC cells.
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Randomly holdout Exclude holdout task & all
) one of CBCtasks 2to 5 related tasks
Hit Rates on Holdout Task n=
Preference Including Preference Including
only "None" only “"None"
CBC (8 Tasks, Triples) 609 54% 46%
CBC (8 Tasks, Triples) + Shareback 623 54% 48%
CBC (5 Task, Triples) + Tournament (4 Tasks, Pairs) 613 63% 52% 52% 45%
CBC (5 Task, Triples) + Tournament (4 Tasks, Pairs) +
( ples) ( ) 618 63% 55% 52% a7%
Shareback

However, by holding out not only the selected random holdout task, but also at least one and
potentially as many as three out of the four tournament tasks, we raighgbne too far in
withholding information from the modeling. Had full information been used in the modeling, we
expect the tournament cells would have a better model fit and be better able to predict
respondent 6s choice behavior.

Respondents seem to agreith this. Those who participated in the tournament thought we
did a better job of presenting them their personalized learning information. While this
information is based on a crude counting analysis and has potential bias issues, it is still
comfortingto see this result.

|

CBC + Tournament

7
7

-

: Quite close
7 Not really close

il Nowhere near it!

0% 20% 40% 60% 80% 100%

The improvement in model fit is also reflected in a higher scale parameter in the model, with
the tournament cells showing stronger preferences, i.e., less noise andéigarity The
graph belowshows he si mul ated preference shares for
level one at a time (holding all other factors at neutral). The shares are rescaled so that the
average across the levels within each factor sums to 0.
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Age

Height

Bodytype
M CBC cells Career
£ CBC + Tournament cells
Active
Family/Kids
Personality

Flower Scale

Yearly Income

OFundé & Enjoyment

Respondents had a lot of fun during this study. The topbox ratings for all 4 items track much
higher than the ratings for the congressional politics CBC study used in our 2010 experiment.
Disappointingly, there are not any differeneesoss the 4 experimental cells among these
ratings. We suspect this is due to the high interest in the topic of dating and the fact we went out
of way to make the experience a good one for all the cells. Had we tested these interventions in a
less intereting setting (e.g., smartphone), we think we would have seen larger effects.

Interestingly, we sawignificantdifferences in the volunteered opended verbatim answers
from respondents. Many of these verbatim answers are about how they enjoyed the study
experience and had fun completing the survey. Respondents in the Shareback cells volunteered

more comments and mor e Af un sHaebagkegisnent ¢ ommen

Con- CBC +
gressional CBC + Tourname || Cell 1&3
Politics CBC + Tourname nt + No Cell2&4
(Bestcell)* CBC Shareback nt Shareback | Shareback | Shareback
n= 1,214 609 623 613 618 1,222 1,241
Qverall, this survey was easy to
complete 66% 77% 78% 75% 75% 76% 76%
| enjoyed filling out this survey 59% 73% 77% 74% 71% 73% 74%
I would fill out a survey like this again 69% 77% 76% 76% 74% 76% 75%
The time it took to complete the
survey was reasonable 68% 75% 75% 75% 73% 75% 74%
“Fun/Enjoy"” Comment** 1.7% 7.1% 10.0% 6.4% 8.1% 6.7% 9.0%
p-value=0.0887 p-value=0.0313

Least Square means, adjusted for country differences
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While an increase of 6.7% to 9.0% appears to be onlyadl Bnprovement, given that only
13% of the respondents volunteered any comments at all across the 4 cells, this reflects a
sizeable change.

6. CONCLUSIONS& RECOMMENDATION

Both of these interventions are effective, but in different ways. The adaptivedhoent
tasks make the conjoint exercise less repetitive and less tedious, and at the same time provide
better model fit and more sensitivity in the results. While sharing results has no impact on the
performance of the model, the respondents find the stuatg fun and more enjoyable to
complete.

Should we worry about introducing bias with these methods? The answer is no. Adaptive
methods have been shown to give results consistent with the traditional approaches in many
different settings, both for AdaptiwdaxDiff (Orme 2006) and numerous papers related to
ACBC. Aside from the scale difference, our results from the Tournament cells are also consistent
with that from the traditional CBC cells. Advising respondents that we would share back the
results of thdindings also had no impact on their choice behaviors.

0.9

0.8

0.7

0.6

0.5

0.4

0.3

Avg Beta from Tournament/Shareback Cells

0.2

01 # Tournament Cells (Correlation=0.99)

W Shareback Cells {correlation=0.99)

0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Avg. Beta from CBC only cell

We encourage fellow practitioneis review conjoint exercises from the respon@epoint
of view. There are many simple thing® can ddo make the exercise appealinggd aerhaps
even add Afun. o0 While these new approaches ma
respondent a more enjoyable experience, and by extension making him a happier wanddist
be a goal worthieing for.

In the words of a famous philosagh
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“Why do you sit there like that?
| know it is wet

And the sun is not sunny.

But we can have

Lots of good fun that is funny!”

Dr Seuss

While conjointexperiments magot be enjoyableby naturethere is no reason respondents
cannot have a bit of fun in the process.

Jane Tang
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MAKING CONJOINT MOBILE
ADAPTING CONJOINT TO THEM OBILEPHENOMENON

CHRISDIENER
RAJAT NARANG?
MOHIT SHANT
HEM CHANDER'
MUKULG OYAL®
ABSOLUDATA

INTRODUCTIONTHESMARTAGE

With Asmarto devices | i ke smartphones and t a
computers, mobiles and @hviewing media, a monumental shift has been observed in the usage
of smart devices for information access. The sales of smart devices have been estimated to cross
the billion mark in 2013. The widespread usage of these devices has impacted the rem&hrch w
too.

A study found that 64% of survey respondents preferred smartphone surveys, 79% of them
preferring to-thego®onatwterto of hetidqmResearch Now
companies have already started administering surveys for ni@vilees, predominantly
designing quick hit mobile surveys to understand the reactions and feedback of consumers, on
the-go.

1 Prior researcli Mobile research risk: What happens to data quality when respondents
use a mobile device for a survey designedforP C, 0 B u r)kas suggested tha2 0 1 3
when comparing the results of surveys adapted for mobile devices to those on personal
computers, respondent experience is poorer and data quality is comparable for surveys on
mobile and personal computers.

This piior research also discourages the use of complex research techniques like conjoint on
the mobile platform. This comes as no surprise, as conjoint has long been viewed as a complex
and slightly monotonous exerci sd aftrfoom mélse srmad
viewer interface and internet speed can act as potential barriers for using conjoint.

ADAPTING CONJOINT TOTHEMOBILEPLATFORM

Recognizing the need to reach respondents who are using mobile devices, research
companies have introduced thidiferent ways of conducting surveys on mobile platfams
web browsers based, app based and SMS based. Of these three, web browser is the most widely
used, primarily due to the limited customization required to host the surveys simultaneously on
mobile platorms and personal computers. The primary focus of mqitalorm-based surveys

! Senior Vice President, AbsolutDataélligent Analytics [Emailchris.diener@absolutdata.chm
2 Senior Expert, AbsolutData Intelligent Analytics [Emadjat.narang@absolutdata.com

% Team Lead, AbsolutData Intelligent Analytics [Emailohit.shant@absolutdata.cbm

4 Senior Analyst, AbsolutData Intelligent Analytics [Emaiem.chader@absolutdata.cgm

5 Senior Programmer, AbsolutData Intelligent Analytics [Enmailikul.goyal@absolutdata.com]
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is short and simple surveys like customer satisfaction, initial product reaction, and attitude and
usage studies.

However, currently the research industry is hesitant to atrudunjoint studies on mobile
platform due to concerns with:

1 Complexityd conjoint is known to be complex and intimidating exercise due to the
number of tasks and the level of detail shown in the concepts

1 Inadequate representation on the small sérdevinglarge number and long concepts

on the screen can affect readability

Short attention span of mobile users

Possibility of a conjoint study with large number of attributes and dagks large

number of attributes are being used, there is a possibility etiire concept not being

shown on a single screen, requiring a user to scroll

1 Penetration of smartphones in a region

)l
)l

In this paper, we hypothesize that all these can be countered (with the exception of smart
phone penetration) by focusing on improving dlesthetics and simplifying the conjoint tasks, as
illustrated in Figure 1. Our changes include:

1 Improving aesthetics
o Coding the task outlay to optimally use the entire screen space
o0 Minimum scrolling to view the tasks
0 Reduction of number of concepts bestgpwn on a screen
1 Simplifying conjoint tasks
0 Reduction in number of tasks
0 Reduction of number of attributes on a screen
o Using simplified conjoint methodologies
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Figure 1

Tested simpler techniques Optimnal use of screen space
like Partial P’l‘fﬁle and cva  F ‘ Se ob scteen space

i0On B Ll 8 4:48pm
Which of these Itimedia Tablet fig: ion would you be likdly to purchase?

/ Brand \ / Karbonn ‘Spice
Processor 1.5GHz Cg;treex-AS Dual 1 GHz Dual Core
Memory 4GB 2GB
7 inch LCD Capacitive
\ Display } \ T oo™ | Touch with 1024 x 600
DX pixels , 16 M Colors
\ Batery J  [4hiss video/105 hrs stand by| 6hrs video/90 hrs stand by
\  price / _Rs. 6000 Rs. 6500

® 1 will not purcliase any of the above Tablet configuration.

Reduction of Reduction of concepts on
attributes screen

We improve aesthetics using programming techniques. To simplify conjoint tasksakad
them more readable to the respondents, we customize several currently used techniques to adapt
them to the mobile platform and compare their performance.

CUSTOMIZINGCURRENTIECHNIQUES

Shortened ACBC

Similar to ACBC, this method uses pgereening tadentify most important attributes for
each respondent. The attributes selected in thegueening stage qualify through to the Build
Your Own (BYO) section and the Near Neighbor section. We omitted the choice tournament in
order to reduce the numbertatks being evaluated.

ACBC is known to present more simplistic tasks and better respondent engagement by
focusing on high priority attributes. We further simplified the ACBC tasks by truncating the list
of attributes and hence reducing the length ottreepts on the screen. Also, the number of
concepts per screen was reduced to 2 to simplify the tasks for respondents. An example is shown
in Figure 2.
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Figure 2

Shortened ACBC Screenshot

Please select the 4 features that matter to you most while ] Well defined
purchasing a tablet.
® P ine of concepts- 7
£ Connectiviy rescreening o P A /
S Ports/Interface attributes you might like. Fo attributesin a
2 Internal / Expandable Memory whether it is a pog concept
Q : you or not.
A Display o
e Camera ),
E Brand Lenovo
Battery backup Processor | 1.5 GHz Cortex-A9 Dual [Hz Dual Core
Core
%)
Below are few features of a Tablet, please select your preffered ~ Connectivity | WIF /HSPA + WIFi (Cellular +
choice for each feature mentioned. 73 )
Foature Select Foature 'f_U Memory internal 16 GB/ not ternal 16 GB / expandable
pandable 2 GB
Brand
SO0V oo Display 7 inch Capacitive Touch 7 inch LCD Capacitive
Samsung [= with 800 x 480 pixels Touch with 1024 x 600
c o ‘c pixels , 16 M Colors
sus
2 [} 2-cell lithium / 7 hours stand | 2-cell lithium-ion / 8 hours
1S _ iPad P by stand by
- Connectivity et b e | $474 /340 per month $329 /827 per month
g 3G/HSPA + WiF| (Cell wifi) wv
> 4GILTE + WiFi (C o
3z Dieplay 7 inch LCD Capacitive Touc
- 600 pixels , 16 M Colors
3 A possibility A possibility
m 7 inch Capacitive Touch with 800 x 480
pixeis Won't work for me Won't work for me
8 inch Capacitive Touch with 1024 x 768
xo
Battery backup

Pairwise Comparison Rating (PCR)

We customize an approach simitarthe Conjoint Value Analysis (CVA) method. Similar to

CVA, this method shows two concepts on the screen. We show respondents a 9 point scale and
ask to indicate preferenge4 points on the left/right indicating preference for product on the
left/right respectively. Rating point in the middle implies thaither of the products weferred.

For the purpose of estimation, we convert the rating responses to:
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1 Discrete Choicé If respondents mark either half of the scale,dh&file (formatted as
CHO for uility estimation with Sawtooth Softwaregports the concept as being selected.
Whereas, if they mark the middle rating point, it lrep that they have chosen theri¢

option.

1 Chip Allocatiord We convert the rating given by the respondents to volumétaies in
the CHO file. In case of a partial liking of the concept (wherein the respondent marked

2/ 3/ 4
ratin

or 6/ 7/ 8)
g of 3 wou

al |l
ndi cat e

, WwWe
I d i

ocat e

the rest
idY o tanlefvebnaept

and 50 to none. Similarly, a rating of 4 would indicate 25:75 in favor of none.

of t
prefe

We include chip allocation to understand the impact of a reduced complexity approach on the
results. Also, in estimating results using chip allocatiorhou, the extent of likeability of the
product can also be taken into account (as opposed to single select in traditional CBC). We use
two concepts per screen to simplify the tasks for respondents, as shown in Figure 3.



Figure 3
Pairwise Comparison RatingScreenshot

‘Which of these multimedia tablets would you most prefer to purchase?
Brand iPad Samsung
Processor 1.5 GHz Cortex-A9 Dual Core 1 GHz Dual Core
Conmetty s i(i}él)-lspA + WiFi (Cellular +
- z concepts micro-USB; microSD; micro.
Ports/Interface i 2 . USB 2.0; microSD -
per screen HDMI X ~ No frills,
Memory internal 16 GB/ not expandable or  |ow 22 OB/ Epacave o clear
- 9 point rating Screen & ZEeniCD Crpecitive Toueh 7 inch Capacitive Touch with display
— Rating Display i e L PSR 800 x 480 pixels of
responses Camera :mrlltl:’zA/wa:Oh:ﬂ :mnlll 1.0 MP / Rear 5.0 MP COHCEEtS
-cell lithium-ion / urs. -cell lithium-polymer / 10
transformed Battery Bty hours stand by
. Price( Sal
to: Frica( Sale - Actsas
- Discrete q )C°‘“‘"°' Price | 1$369/$31 per month $474 / $40 per month None
Choice ntract valid e
for\year |

- Chip = : - i :
o |o|] o |o| o k0 |0 ©
allocation =

\ Strongly | --—- | Somewhat | —— - | Somewhat | -—- | Strongly
. . Prefer | -— | Prefer |- |Indifferent|-— | Prefer |-—| Prefer
for estimation Sl iE| e = = ~ | Right

CBC (3 concepts per screen)

The 3concept per screen CBC we employ is identical to CBC conducted on personal
computers (Figure 4). We do this to compare the data quality across platforms for an identical
method.

Figure 4
CBC Mobile (3 concets) Screenshot

Which of these tablets would you be likely
to purchase?

There are certain features that are shown

here, please only look at those to make a
decision. Assume other features are same in
all the options and are as per your liking.

Brand Samsung iPad Samsung
Procemor | A2OME | ConeuAp | 1Otz Duat
Dual Core . . .
e Y o — Optimized Coding
e——— to fit on one
screen

internal 16 G/ "
not expandable

Memory

— Optimal use of
real estate

T ith

1024 x 600

pixels . 16 M
olors

Screen & Display

R
2-cell lithium-
ion /9 hours D 7 hours stand
. stand by by
— None option
) |$329/ 827 per | S474 / S40 per | S289 / $24 per
ShOWn at the month month mont
bottom [
,\\ ) | will not purchase any of the above Tablet

configuration.

CBC (2 concepts per screen)

Similar to traditional CBC, we also include a CBC with only 2 concepts shown per screen.
This allows us to understand the result of direct CBC simplification, an example of which is
shown in Figure 5.
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Figure 5
CBC mobile (2 concepts) Screenshot

Which of these tablets would you be likely
to purchase?

There are certain features that are shown
here, please only look at those to make a
decision. Assume other features are same in
all the options and are as per your liking.

Brand iPad Samsung
1.5 GHz Cortex-A9
Processor I 1 Core 1.2 GHz Cortex-AS8
e 3G/AISPA + WiFi
Wi
— - Gt - More width per
Ports/Interface | USB 2.0; microSD | USB 2.0; microSD
internal 8GB / concept
Memory internal 16 GB/mot | 0o ndable upto 32 p
expandable pa fn

8 inch Capacitive 7 inch LCD Capacitive|
Screen & Display  |Touch with 1024 x 768|Touch with 1024 x 600 — H H
10 e O \ Higher Font Size

Front 1.3 MP / Rear | Front VGA / Rear 3.0

Chmers 5.0 MP MP

Battery 2-cell lithium-ion / 9 | 2-cell lithium-ion / 9
hours stand by hours stand by
Price( Sale Price /
— None Option Cﬁ':’;‘:_';:‘;’: 1 | $369/531 per month | $474 / $40 per month
shown at the =
bottom [ — [ —|
l\\;') | will not purchase any of the above Tablet

configuration.

Partial Profile

This method is similar to traditional Partial Profile CBC where we fix the primary attributes
on the screen and then rotated a set of secondary attributes.

We further simplify the tasks by reducing tleadth of the concept by showing a truncated
list of attributes and also by reducing the number of concepts shown per screen (2 concepts per
screen) as is shown in Figure 6.

Figure 6
Partial Profile Screenshot

Which of these tablets would you be likely
to purchase?

There are certain features that are shown
here, please only look at those to make a
decision. Assume all other features are same
in both the options and are as per your liking.

- Only6 - Clear displa.y of .
attributes per :once‘pts with high
screen Seress & Display ont size

— Brand and price

on every screen Price( Sale Price /
Contract Price )
Contract valid for 1

year

- None option L S S | |

shown at the

bottom —=> | will not purchase any of the above Tablet

configuration.

RESEARCHDETAILS

The body of data collected test our hypotheses and address our objectives is taken from
guantitative surveys we conducted in the US and India. In each country, we surveyed 1200
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respondents (thanks to uSamp and IndiaSpeaks for providing sample in US and India
respectively). Each ajur tested techniques was evaluated by 200 distinct respondents. Results
were also gathered for traditional CBC (3 concepts per screen) administered on personal
computer to compare as a baseline of data quality.

The topic of the surveys was the evaluatbrarious brands of tablet devices (a total of 9
attributes were evaluated). In addition to including the conjoint tasks, the surveys also explored
respondent reaction to the survey, as well as some basic demographics. The end of survey
guestions includd

The respondent 6s experience in taking t
Val idity of results from the researcher
Evaluate the merits and demerits of each technique

Evaluate if the efficacy of the techniques differ according to online surveducting
maturity of the region (lesser online surveys are conducted in India than in the US)

i he
T 0s |
1
1

RESULTS

After removing the speeders and straightliners, we evaluate the effectiveness of the different
techniques from two perspectideshe researcher perspectiitechnical) and respondent
perspective (experiential). We compare the results for both countrielsyssiige to highlight
key differences.

RE S EARCHERBBESTIVE

Correlation analysis

Pearson correlations compare the utilities of each of the mobil@dsetvith utilities of
CBC on personal computer. The results of the correlations are found in Table 1. Most of the
methods with the exception of PCR (estimated using chip allocation) show very high correlation
and thus appear to mimic the results displdyggersonal computers. This supports the notion
that we are getting similar and valid results between personal computer and mobile platform
surveys.
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Table 1. Correlation analysis with utilities of CBC PC

Technique L gﬁ .
CBCPC 1 1
PCR - Chip Allocation 0.44 0.57
[

PCR - Discrete Estimation 0.64 I 0.79 :
CBC Mobile (2 concepts) If 0.77 0.75 \I
CBC Mobile (3 concepts) : 0.84 0.91 :
Partial Profile '\ 0.83 0.78 ,I

ACBC (079 X 0.71

Holdout accuracy

We placed fixed choice taskstime middle and at the end of the exercise for each method.

Due to the varying nature of the methods (varying number of concepts and attributes shown per
task), the fixed tasks were not uniform across methods, i.e., each fixed task was altered as per the
technique in question. For example, partial profile only had 6 attributes for 2 concepts versus a

full profile CBC which had 9 attributes for 3 concepts and hence the fixed tasks were designed
accordingly.

As displayed in Table 2, Holdout task predictiotesaare strong and in the typical expected

range. All the methods customized for mobile platforms do better than CBC on personal
computers (with the exception of PERChip Allocation). CBC with 3 tasks, either on Mobile or
on PC, did equally well.

Table 2.Hit Rate Analysis

Arrows indicate statistical significant difference from CBC PC

Technique
CBCPC 63.5% 58.1%
PCR - Chip Allocation 53.9% ¥ 56.5%
PCR - Discrete Estimation r 7 66.1% __J
. T Tammor A&~ T T T T T T Y& nmor |
CBC Mobile (2 concepts) | 82.2% _‘._‘ __________ 58.0% !
CBC Mobile (3 concepts) 64.8% 54.6%
Partial Profile |F ____Zg;gz’:__‘._‘________- ____________E;;Z:A___J
ACBC NA | 79.2% 4
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When we adjust these hit rates for the number of concepts presented, discounting the hit rates
for tasks with fewer concepighe relative accuracy of the 2 versus thefcept tasks shifts.
The adjusted hit rates are shown in Table 3. With adjusted hit rates, the 3 concept task gains the
advantage over 2 concepts. We interpret these unadjusted and adjusted hit rates together to
indicate that, by and large, the 2 and 3aapt tasks generate similar hit rates. Also in the larger
context of comparisons, except for PCR, all of the other techniques are very comparable to CBC
PC and do well.

Table 3. Adjusted Hit Rate Analysis

Technique T

CBC PC | 25800 | 23240 |

PCR — Chip Allocation 161.72 169.52

PCR - Discrete Estimation 193.52 198.32
CBC Mobhile (2 concepts) r ____Z_EG_._G_Z_ ________________________ 1 _7_41_0_2_ ___,I
CBC Mobile (3 concepts) ( ____2_;9_._2_6 ________________________ 2 _]TS:4_6 __J'
Partial Profile |F____2_3_§._5_2_ ________________________ 2( 62_2_2___“|
ACBC NA | 23762 |

MAE

MAE scores displayed in Table 4 tell a simigory with simplified methods like CBC (2
concepts) and Partial Profile doing better than CBC on personal computer.

Table 4. MAE Analysis

Technique T
CBC PC 0.09 0.10
PCR — Chip Allocation 0.27 0.29
PCR - Discrete Estimation r _____ 6 ._0_(3____________- _____________ 6 ._0_(3____'I
CBC Mobile {2 concepts) |F _____ 0. _(J_tl __________________________ 0. ._:I._ll____'I
CBC Mobhile (3 concepts) 0.09 0.11
Partial Profile |F _____ 6 _0_5_ __________________________ 6 ._0_9_____’I
ACBC 0.10 0.10

! We divided the hit rates with the probability of selection of each concept on a screen. E.g. for a task with two conuepés and
option,the random probability of selection will be 33.33%. Therefore, all hit rates obtained for fixed tasks with two concepts
were divided by 33.33% to get the index score
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RESP OND PEREBEETIVE

Average Time

Largely, respondents took more time to evaluate conjoint techniques oobile platforms.
As displayed in Chart 1, shortened ACBC takes more time for respondents to evaluate,
particularly for the respondents from India. This is expected due to the rigorous nature of the
method. PCR also took a lot of time to evaluate, espgda@lithe respondents from India. This
might indicate that a certain level of maturity is required from respondents for evaluation of
complex conjoint techniques. This is reflective of the fact that online survey conduction is still at
a nascent stage india.

Respondents took the least amount of time to evaluate CBC Mobile (2 concepts) indicating
that respondents can comprehend simpler tasks quicker.

Chart 1. Average time taken (in mins)

6
5
v
[}]
54
[ =
.5 3 mus
= M India
2
1
0
CBCPC CBC Mobile PCR CBC Mobile Partial Profile ACBC
(2 Concepts) (3 Concepts)
Readability

Respondents largely find tasks to be legible on mobhes might be attributed to the
reduced list of attributes being shown on the screen. Although, as seen in Chart 2, surprisingly,
CBC Mobile (3 concepts) also does great on this front, which means that optimizing screen space
on mobiles can go a long wayproviding readability.
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100%
90%
80%
70%
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50%
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30%
20%
10%

0%

82%

64%
52% 53%

CBCPC

Chart 2. Readability of methods on PC/Mobile screens
Arrows indicate statistical significant difference from CBC PC

85%

Ease of understanding

Respondents found the concepts presented on the mobile platform easy to understend and t
degree of understanding is comparable to conjoint on personal computers. Thus, conjoint
research can easily be conducted on mobile platforms too.

Chart 3. Readability of methods on PC/Mobile screen
Arrows indicate statistically significant difference from CBC PC

100%

90% -

80%
70%
60%
50%
40%
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10%

0%

81%

7 73%

CBCPC

Enjoyability

US respondents found the survey to be significantly less enjoyable than their Indian
counterparts as displayed in Chart 4. This might be due to the fact that online survey market in
US is quite saturated as compared to Indian atavkhich is still nascent. Therefore, respondent
exposure to online surveys might be significantly higher in the US contributing to the low
enjoyability.

4
|

81%

85%

[s)
EM’72"/

56%

CBC Moblle
(2 concepts)

79% 7

78%

73% 74% |

CBC Mobile Partial Profile
(3 concepts)

CBC Moblle
(2 concepts)

CBC Mobile Partial Profile
(3 concepts)

¥ 73%

52%

ACBC

ACBC

mUS
M India

mUS
M India
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Chart 4. Enjoyability of methods on PC/Mobile screen
Arrows indicate statistical significant difference from CBC PC

100%
90% -
. 20% 1
B0% 7% 78% 8 75%
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0,
60% ¥59% §55%
50% -
mus

40% _
30% - M India
20% -

10% -

0% -

CBCPC CBC Moblle CBC Mobile Partial Profile ACBC
(2 concepts) (3 concepts)

Encouragement to give honest opinion
Respondents find that all the methods encouraged honest opinions in the survey.

Chart 5. Encouragement to give honest opinions
Arrows indicate statistical significant difference from CBC PC

100%
90% - 81%
80% - 76%739 75%
70% -
60% -
>0% 7 mUS
40% - _
30% M India
20% -
10%
0% - ‘

CBCPC PCR CBC Mobile CBC Mobile Partial Profile ACBC
(2 concepts) (3 concepts)

Realism of tablet configuration

Respondents believe that the tablet configurations are realistic. As seen in Chart 6, all the
methods are more or less at par with CBC on personal computers. This gives us confidence in the
results because the same tablet configunatias used in all techniques.
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Chart 6. Realism of tablet configuration
Arrows indicate statistical significant difference from CBC PC
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SUMMARYOF RESULTS

On the whole, all of the methods we customized for the mobile platform did very well in
providing gad respondent engagement and providing robust data quality.

Although conjoint exercises with 3 concepts perform well on data accuracy parameters, they
dondédt bode well as far as the respondent expe
respon@nt experience can be mitigated by optimal use of screen space and resplendent
aesthetics.

Our findings indicate that conjoint exercise with 2 concepts is the best of the alternative
methods we tested in terms of enriching data quality as well as ymerezce. CBC with 2
concepts performs exceptionally well in providing richer data quality and respondent
engagement than CBC on personal computers. The time taken to complete the exercise is also at
par with that of CBC on PC. PCR (discrete estimatiomsdairly well too. However, its
practical application might be debated, with other methods being equally robust than it, if not
more, and easier to implement.

One may consider lowering the number of attributes being shown on the screen in
conjunction withthe reduction of the number of concepts by the usage of partial profile and
shortened ACBC exercise. Although these methods score high on data accuracy parameters,
respondents find them slightly hard to understand as full profile of the products beiregl adf
not present. However, once respondents cross the barrier of understanding, these methods prove
extremely enjoyable and encourage them to give honest responses. They also take a longer time
to evaluate. Therefore, these should be used in studies theesole component of the survey
design is the conjoint exercise.

CONCLUSION

This paper shows that researchers can confidently conduct conjoint in mobile surveys.
Respondents enjoy taking conjointthegootur@pas on
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Researchers might want to gdsimple techniques like screen space optimization and
simplification of tasks in order to conduct conjoint exercises on mobile platforms.

This research also indicates that the data obtained from conjoint on mobdenpdait
robust and mirrors data from personal computers to a certain extent (shown by high correlation
numbers). This research supports the idea that researchers can probably safely group responses
from mobile platforms and personal computers and anatgra tithout the risk of error.

\ N

Chris Diener
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CHOICE EXPERIMENTS IMOBILEWEBENVIRONMENTS

JOSEPHWHITE
MARITZRESEARCH

BACKGROUND

Recent years have witnessed the rapid adoption of increasingly mobile computing devices
that can be used to accelss internet, such as smartphones and tablets. Along with this increased
adoption we see an increasing proportion of respondents complete chasegbsurveys in
mobile environments. Previous research we have conducted suggests that these mobile
responderehave similarly to PC and tablet responders. However, these tests have been limited
to traditional surveys primarily using rating scales and agreted responses. Discrete choice
experiments may present a limitation for this increasingly mobile respbbdea as the added
complexity and visual requirements of such studies may make them infeasible or unreliable for
completion on a smartphone.

The current paper explores this question through two large case studies involving more
complicated choice experimes. Both of our case studies include design spaces based on 8
attributes. In one we present partial and full profile sets of 3 alternatives, and in the second we
push respondents even further by presenting sets of 5 alternatives each. For both caseestudie
seek to understand the potential impact of conducting choice experiments in mobile web
environments by investigating differences in parameter estimates, respondent error, and
predictive validity by form factor of survey completion.

CASESTUDY1: TABLET

Research Design

Ouir first case study is a wddased survey among tablet owners and intenders. The study was
conducted in May of 2012 and consists of six cells defined by design strategy and form factor.
The design strategies are partial and full proéile] the form factors are PC, tablet, and mobile.
The table below shows the breakdown of completes by cell.

Partial Full

Profile Profile
PC 201 202
Tablet 183 91
Mobile 163 164

Partial profile respondents were exposed to 16 choice sets with 3 arespand full profile
respondents completed 18 choice sets with 3 alternatives. The design space consisted of 7
attributes with 3 levels and one attribute with 2 levels. Partial profile tasks presented 4 of the 8
attributes in each task. All respondenerg/given the same set of 6 full profile holdout tasks
after the estimation sets, each with 3 alternatives. Below is a typical full profile choice task.
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Please indicate which of the following tablets you would be most likely to purchase.

Operating System Apple Windows Android

Memory 8 GB 64 GB 16 GB

Included Cloud 5GB 50 GB None

Storage (additional at

extra cost)

Price $199 $799 $499

Screen Resolution High definition Extra-high definition High definition

display (200 pixels display display (200 pixels
per inch) (300 pixels per inch) per inch)

Camera Picture 5 Megapixels 0.3 Megapixels 2 Megapixels

Quality

Warranty 1 Year 3 Months 3 Years

Screen Size 7 é 10e 5é@

A A A

Analysis

By way of analysis, the Swadlitouviere tes{Swait & Louviere, 1993js used for parameter
and scale equivalence tests on aggregate MNL
CBC/HB is used for predictive accuracy and eamwalysis, estimated at the cell level, i.e., design
strategy by form factor. In order to account for demographic differences by device type, data are
weighted by age, education, and gender, with the overall combined distribution being used as the
targetto minimize any distortions introduced through weighting.

Partial Profile Results

The SwaitLouviere parameter equivalence test is a sequential test of the joint null hypothesis
that scale and parameter vectors of two models are equivalent. In theefirgtestest for
equivalence of parameter estimates allowing scale to vary. If we fail to reject the null hypothesis
for this first step then we move to step 2 where we test for scale equivalence.

8| R2=0.89 8| R2=0.81 8|RrR2=0.94
— i —i
(]

I 1] . Il
1S IS D) 1S
o O Androide *Apple ko
a a )

|_

L]
Mobile  m=0.96 Tablet m=1.05 Mobile  m=0.94
| o= 62 => Reject H1A | o= 156 => Reject H1A | o= 36 => Reject H1A

In each pairwise test we readily reject the null hypothbsisparameters do not differ
beyond scale, indicating that we see significant differences in preferences by device type.
Because we reject the null hypothesis in the first stage of the test we are unable to test for
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significant differences in scale. Hovwe, the relative scale parameters suggest we are not seeing
dramatic differences in scale by device type.

The chart below shows all three parameter estimatesgidele. When we look at the
parameter detail, the big differences we see are with brand, pamera, and screen size. Not
surprisingly, brand is most important for tablet responders with Apple being by far the most
preferred option. It is also not too surprising that mobile responders are the least sensitive to
screen size. This suggests we eapturing differences one would expect to see, which would
result in a more holistic view of the market when the data are combined.

0.60

0.40 -

N S L e
N N i e

d

App ‘ And ‘ Win ‘ 8GB ‘1GGB‘G4GB‘ OGB‘ SGB‘SOGB‘ Att4 ‘ HD ‘XHD‘ 0.3 ‘ 2.0 ‘ 5.0 ‘BMO‘ 1Yr ‘ 3vr ‘ 5" ‘ 7 ‘ 10"

Brand Hard Drive ‘ Cloud Storage | Price Resolution‘ Camera (Mpx) Warranty ‘ Screen Size

—e—PP PC PP Tablet —e— PP Mobile

We used mean absolute error (MAE) and hit rates as measures of predictive accuracy. The
HB parameters were tuned to iopize MAE with respect to the six holdout choice tasks by form
factor and design strategy. The results for the partial profile design strategy are shown in the
table below.

Base MAE Hit Rate
PP PC 201 0.052 0.60
PP Tablet 183 0.058 0.62
PP Mobile 163 0.052 0.63

In terms of hit rate both mobile and tablet responders are marginally better than PC
responders, although not significantly. While tablet responders have a higher MAE, mobile
responders are right in line with PC. At least in terms @laimple pedictive accuracy it appears
that mobile responders are at par with their PC counterparts. We next pressrdanaple
results in the table below.

Prediction Utilities

Holdouts Random PC Tablet Mobile
PC 0.143 0.052 0.082 0.053
Tablet 0.160 0.103 0.058 0.074
Mobile 0.142 0.060 0.077 0.052
Average 0.082 0.080 0.056
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All respondents were presented with the same set of 6 holdout tasks. These tasks were used
for outof-sample predictive accuracy measures by looking at the MAE of PC responders
predicing tablet responders holdouts, as an example. In the table above the random column
shows the mean absolute deviation from random of the choices to provide a basis from which to
judge relative improvement of the model. The remainder of the table presiktsvhen
utilities estimated for the column form factor were used to predict the holdout tasks for the row
form factor. Thus the diagonal is thesample MAE and off diagonal is eaf-sample. Finally,
the average row is the average MAE for cAmssn facor. For example, the average PC MAE of
0.082 is the average MAE using PC based utilities to predict tablet and mobile holdouts
individually.

Mobile outperforms both tablet and PC in every pairwiseobtsample comparison. In other
words, mobile is betteat predicting PC than tablet and better than PC at predicting tablet
holdouts. This can be seen at both the detail and average level. In fact, Mobile is almost as good
at predicting PC holdouts as PC responders.

Wrapping up the analysis of our partial pi@tells we compared the distribution of RLH
statistics output from Sawtooth Softwarebés CB
error by device type. Note that the range of the RLH statistic is from O to 1,000 (three implied
decimal places)yith 1,000 representing no respondent error. That is, when RLH is 1,000
choices are completely deterministic and the
In the case of triples, a RLH of roughly 333 is what one would expect with compkatelgm
choices where the model adds nothing to explain observed choices. Below we chart the
cumulative RLH distributions for each form factor.

RLH Cumulative Distributions
100%

=

(]

S

(]

o

2 —PP PC

c_; PP Tablet
= ——PP Mobile
@]

0%

0 200 400 600 800 1000
RLH

Just as with a probability distribution function, the cumulative distribution function (CDF)
allows us to visudy inspect and compare the first few moments of the underlying distribution to
understand any differences in location, scale (variance), or skew. Additionally, the CDF allows us
to directly observe percentiles, thereby quantifying where excess mass aray lh@v much
mass that is.
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The CDF plots above indicate the partial profile design strategy results in virtually identically
distributed respondent error by form factor. As this represents three independent CBC/HB runs
(models were estimated separatelyfdayn factor) we are assured that this is indeed not an
aggregate result.

Full Profile Results

Partial profile results suggest mobile web responders are able to reliably complete smaller
tasks on either their tablet or smartphone. As we extend this toltipedfile strategy the
limitations of form factor screen size, especially among smartphone responders, may begin to
impact quality of results. We take the same approach to analyzing the full profile strategy as we
did with partial profile, first considerg parameter and scale equivalence tests.

R2=0.89 R2=0.81 R2=0.94 PP R
]
g_ R2=0.81 8_ R2=0.72 8 R2=0.55 Apple
— - —
1l 1
}_é . ® Apple £ £ .
ks
2 Q z
Windowse . =
e * Android
° o Android
*Price
Mobile m=0.96 Tablet m=1.05 Mobile m=0.94
| =61 =>Reject H1A | o= 99 => Reject H1A | o= 138 => Reject H1A

As with the partial profile results, we again see preferences differing significantly beyond
scale. The pairwise tests above show even greater differences in aggregate utility estimates than
with partial profileresults, as noted by the sharp decline in parameter agreement as measured by
the R fit statistic. However, while we are unable to statistically test for differences in scale we
again see relative scale parameter estimates near 1 suggesting similarf lexreis
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Brand Hard Drive ‘ Cloud Storage | Price Resolution‘ Camera (Mpx) Warranty ‘ Screen Size
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Studying the parameter estimate detail in the chart above, we see a similar story as before
with preferences really differing on brand, price, camera, and screen size. And again, the
differences are consistent with what we would expect givemtarket for tablets, PCs, and
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smartphones. For all three device types Apple is the preferred tablet brand which is consistent
with the market leader position they enjoy. Android, not having a real presence (if any) in the PC
market is the least preferréal PC and tablet responders, which is again consistent with market
realities. Android showing a strong second position among mobile responders is again consistent
with market realities as Android is a strong player in the smartphone market. Tabletlezspon

also being apparently less sensitive to price is also what we would expect given the price
premium of Appleds i Pad.

In-sample predictive accuracy is presented in the table below and we again see hit rates for
tablet and PC responders on par with amattzer. However, under the full profile design strategy
mobile responders outperform PC responders in terms of both MAE and hit rate, with the latter
being significant with 90% confidence for a one tail test. In terms of MAE tablet responders
outperform bth mobile and PC responders-dample predictive accuracy of tablet responders
in terms of MAE is most likely the result of brand being such a dominant attribute.

Base MAE Hit Rate
FP PC 202 0.044 0.70
FP Tablet 91 0.028 0.70
FP Mobile 164 0.033 0.76

Looking at outof-sample predictive accuracy in the table below we see some interesting
results across device type. First off, the random choice MAE is consistent across device types
making the direct comparisons easier in the sense of how well the impdetes prediction
over the no information (random) case. The average-ptaferm MAE is essentially the same
for mobile and PC responders, again suggesting that mobile responders provide results that are
on par with PC, at least in terms of predicthadidity. Interestingly, and somewhat surprisingly,
utilities derived from mobile responders are actually better at predicting PC holdouts than those
derived from PC responders.

Prediction Utilities

Holdouts Random PC Tablet Mobile
PC 0.163 0.044 0.1 0.038
Tablet 0.163 0.056 0.028 0.074
Mobile 0.166 0.059 0.102 0.033
Average 0.058 0.102 0.056

While PC and mobile responders result in similar predictive ability, tablet responders are
much worse at predicting cof-sample holdouts. On average t&hiesponders show almost
twice the outof-sample error as mobile and PC responders, and comparedampie accuracy
tablet outof-sample has nearly 4 times the amount of error. This is again consistent with a
dominant attribute or screening among tabdsponders.

If tablet responder choices are being determined by a dominant attribute then we would
expect to see the mass of the RLH CDF shifted to the right. The cumulative RLH distributions
are shown below for each of the three form factors.
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As with partial profile, full profile PC and mobile groups show virtually identical respondent
error. However, we do see noticeably greater error variance among tablet responders, with
greater mass close to the 1,000 RLH mark as well as more around the 300 heégeggests
that we do indeed see more tablet responders making choices consistent with a single dominating
attribute.

In order to explore the question of dominated choice behavior further, we calculated the
percent of each group who chose in a mannesistent with a noigompensatory or dominant
preference structure. A respondent was classified as choosing according to dominating
preferences if he/she always chose the option with the same level for a specific attribute as the
most preferred. For examplié a respondent always chose the Apple alternative we would say
their choices were determined by the brand Apple. This should be a rare occurrence if people are
making tradeoffs as assumed by the model. The results from this analysis are in the lale be

Dominating Preference

Partial Profile Full Profile

PC Tablet Mobile PC Tablet Mobile
Base | 200 183 163 | 202 91 164
Number | 92 44 47 | 48 33 29
Percent | 0.23 0.24 0.29 | 0.24 0.36 0.18
P-Values*
PC | 0.770 0.141 | 0.027 0.156
Tablet | 0.312 | 0.001

* P-Values based on twtail tests

These results are for dominating preference as described above. In the upper table are the
summary statistics by form factor and desi gn
respondent Nuimbetrat hoslel reponding in a manne
preferences, and fAPercento what percent that
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the partial profile strategy made choices consistent with dominated preferences. The lower table
presents gralues associated with the pairwise tests of significance between incidences of
dominated choices. Looking at the partial profile responders, this means that the 24% Tablet
versus the 23% PC responders has an associa@deof 77% indicatingie two are not
significantly different from one another.

It should not be surprising that we see no significant differences between form factors for the
partial profile in terms of dominated choices because of the nature of the design strategy. In half
of the partial profile exercises a dominating attribute will not be shown, forcing respondents to
make tradeoffs based on attributes lower in their preference structure. However, when we look
at the full profile we do see significant differences by formdiadiablet responders are much
more likely to exhibit choices consistent with dominated preferences or screening strategies than
either mobile or PC responders who are on par with one another. Differences are both significant
with 95% confidence as indieat by the bold ywalues in the lower table.

CASESTUDYIIl: SGNIFICANT OTHER

Research Design

The second case study was also a-bebed survey, this time among people who were either
in, or interested in being in, a logrm relationship. We again have eight attribute design,
although we increase the complexity of the experiment by presenting sets of five alternatives per
choice task. A typical task is shown below.

Which of these five significant others do you think is the best for you?
Attractiveness| Not Very Very Not Very Very Somewhat
Attractive Attractive Attractive Attractive Attractive
Romantic/ Not Very Somewhat Very Not Very Not Very
Passionate Romantic/ Romantic/ Romantic/ Romantic/ Romantic/
Passionate | Passionate | Passionate | Passionate | Passioate
Honesty/Loya| Mostly Trust| Can 0t Canot Completely | Completely
Ity Trust Trust
Funny Very Funny | Sometimes | Very Funny | Not Funny Not Funny
Funny
Intelligence Pretty Smart| Not Very Brilliant Not Very Pretty Smart
Smart Smart
Political Strong Strong Strong Strong Strong
Views Democrat Republican | Republican Democrat Democrat
Religious Christian Religious No Religious No
Views Not Christian| Religion/Sec| Not Christian| Religion/Sec
ular ular
Annual $15,000 $15,000 $15,000 $40,000 $40,000
Income
A A A A A

All attributes other than annual income are 3 level attributes. Annual income is a 5 level
attribute ranging from $15,000 to $200,000. There were two cells in this study, one for
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estimation and one to serve as a holdout sample. The estimagign densists of 5 blocks of 12

tasks each. The holdout sample also completed a block of 12 tasks, and both estimation and
holdout samples completed the same three holdout choice tasks. The holdout sample consists of
only PC and tablet responders.

Given tre amount of overlap with 5 alternatives in each task, combined with the amount of
space required to present the task, we expect mobile responders to be pushed even harder than
with the tablet study.

Analysis

We again employ aggregate MNL for parameteremjence tests and Hierarchical Bayes via
Sawtooth Softwaredéds CBC/HB for analysis of re.
However, in contrast to the tablet study we did not set individual quotas for device type, so a lack
of reasonable balance resutigaking a matching approach to analysis rather than simply
weighting by demographic profiles. These matching dimensions are listed in the table below.

Matching Dimension Cells

Design Block 1i5

Age 18i 34, 35+
Gender Male/Female
Children in House YesNo
Income <$50,000, $50,000+

In each comparison with PC, we used simple random sampling to select PC responders
according to the tablet or mobile responder distribution over the above dimensions. For example,
if we had 3 mobile responders who completkatk 2, were females between 18 and 34 years
old with children at home and making more than $50,000 per year, we randomly selected 3 PC
responders with the exact same bloegmographic profile. The table below shows the
breakdown of completes.

MatchedProfiles

Total Estimation  Holdout Tablet Mobile
PC 1,860 1,378 482 127 771
Tablet 98 73 25 - 39
Mobile 88 88 0 52 -

The total completes were comprised of 1,860 PC, 98 tablet, and 88 mobile responders. Of the
1,860 PC responders, 1,378 were part efastimation cell and 482 were used for the holdout
sample. In the estimation sample, 727 PC responders hadd#oubgraphic profiles matching
at least one tablet responder, and 771 matching at least one mobile responder. The mobile versus
tablet responde comparisons are not presented due to the small number of respondents with
matching profiles.

As previously stated, we used simple random sampling to select a subset of PC responders
with block-demographic profile distributions identical to tablet or ifeglepending on
comparison. Respondents without matching profiles (in either set) were excluded from the
analysis. This process was repeated 1,000 times for parameter equivalent tests using aggregate
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MNL, and 100 times for predictive accuracy andrespond  er r or usi ng Sawt oo

CBC/HB.

Results

Parameter and scale equivalence tests were performed at each of the 1,000 iterations
described in the analysis section. The charts below summarize the results of the comparison
between mobile and PC respters.

MNL Parameter Comparison Mobile Relative Scalen S&L Test Results
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In the first panel the average PC parameter estimates are plotted against the mobile parameter
estimates. We see a high degree of alignment overall witf aali® of 0.95. However, the two
outliers point to the presence of a dominating attrigieve also present the fit for the inner set
of lesser important attributes, where we still see strong agreement withvalu®of 0.84,
which is a correlation of over 0.9. The middle panel shows the distribution of the relative scale
parameter estimadl in the first step of the Swaibuviere test with mobile showing slightly
higher scale about 72% of the time.

The right panel above summarizes the test results. Note that if PC and mobile responders
were to result in significantly different preferencesscale that we would expect to fail to reject
the null hypothesis no more than 5% of the time for tests at the 95% level of confidence. In both
H1A (parameter) and H1B (scale) we fail to reject the null hypothesis well in excess of 5% of the
time, indicding that we do not see significant differences in preferences or scale between PC and
Mobile. Looking at the detailed parameter estimates in the chart below further reinforces
similarity of data after controlling for demographics.
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Comparing tablet and@®parameters and scale we see an even more consistent story. The
results are summarized in the charts below. Even when we look at the consistency between
parameter estimates on the lesser important inner attributes we ha¥étamafistic of 0.94,
which is a correlation of almost 0.97. Over 90% of the time the relative Tablet scale parameter is
greater than 1, suggesting that we may be seeing slightly less respondent error among those
completing the survey on a tablet. However, as the test resules tighhindicate, neither
parameter estimates nor scales differ significantly.

MNL Parameter Comparison Tablet Relative Scalaj S&L Test Results
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Test results for mobile versus tablet also showed no significant differences in preferences or

scale. Although as noted earlier, those results are not presented due tdeasaitgile sizes and
that the story is sufficiently similar as to not add meaningfully to the discussion.

Turning to insample predictive accuracy, holdout MAE and hit rates are presented in the
table below.
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PC Matched

Base MAE Hit Rate MAE* Hit Rate*
Tablet 73 0.050 0.53 0.039 0.53
Mobile 88 0.037 0.53 0.034 0.54

* Mean after 100 iterations

In the table, the first MAE and Hit Rate columns refer to the results for the row form factor
responders. For example, among tablet responders-anple hiwlout MAE is 0.050 and hit
rate is 53%. The PC Matched MAE and Hit Rate refer to the average MAE and hit rate over the
iterations matching PC completes to row form factor responders. In this case, the average MAE
for PC responders matched to tablet is 9,8@th a mean hit rate of 53%. Controlling for
demographic composition and sample sizes brings all three very much in line with one another in
terms of insample predictive accuracy, although tablet responders appear to be the least
consistent internallyith respect to MAE.

Out-of-sample predictive accuracy shows a similar story for mobile compared to PC
responders. Once we control for sample size differences and demographic distributions, mobile
and PC responders have virtually the sameofistample MAE PC responders when matched to
tablet did show a slightly higher eaf-sample MAE than actual tablet responders, although we
do not conclude this to be a substantial strike against the form facterf-Gample results are
summarized below.

PC Matched
MAE MAE*
Tablet 0.050 0.039
Mobile 0.037 0.034

* Mean after 100 iterations

The results thus far indicate that mobile and tablet responders provide data that is at least on
par with PC responders in terms of preferences, scale, and predictive actoiracap up the
results of our significant other case study we look at respondent error as demonstrated with the
RLH cumulative distributions in the chart below.
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We again see highly similar distributions of RLH by form factor. The PC matched cumulative
distribution curves are based on data from all 100 iterations, which explains the relative smooth
shape of the distribution. There is possibly a slight indication that there is less error among the
mobile and tablet responders, although we do not vienathsubstantially different. The slight
shift of mass to the right is consistent with relative scale estimates in our parameter equivalence
tests, which were not statistically significant.

CONCLUSION

In both our tablet and significant other studies wessmdar results regardless of which
form factor the respondent chose to complete the survey. However, the tablet study does indicate
the potential for capturing differing preferences by device type of survey completion. Given the
context of that study, b finding is not at all surprising, and in fact is encouraging in that we are
capturing more of the heterogeneity in preferences we would expect to see in the marketplace. It
would be odd if tablet owners did not exhibit different preferences thaowoers given the
experience with usage. On the other hand, we observe the same preferences regardless of form
factor in the significant other study, which is what we would expect for dagabmical topic
unrelated to survey device type.

More importantly thampreference structures, which we should not expect to converge a
priori, both of our studies indicate that the quality of data collected via smartphone is on par
with, or even slightly better than, that collected from PC responders. In terms of predictive
accuracy, both in and ocof-sample, and respondent error, we can be every bit as confident in
choice experiments completed in a mobile environment as in a traditional PC environment.
Responders who choose to complete surveys in a mobile environmeneaeddso reliably,
and we should therefore not exclude those folks from choice experiments based on assumptions
of the contrary. In light of the potential for capturing different segments in terms of preferences,
we should actually welcome the increasecersity offered by presenting choice experiments in
different web environments.
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USING COMPLEXMODELS TODRIVEBUSINESDECISIONS

KARENFULLER
HOMEAWAY, INC.
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RADIUS GLOBALMARKETRESEARCH

ABSTRACT

HomeAway offers an online marketplace for vacation travelers to find rental properties.
Vacaton home owners and property managers list rental propedyp®or more of
Ho me Awa y 0 s Theveh@llengetfoe HomeAway was to design the pricing structure and
listing options to better support the needs of owners and to create a better experience for
travelers. Ideally, this would also increase revenues per listing. They developed an online
guestionnaire that looked exactly litee three pages vacation homeowners use to choose the
options for their listing(sS)Thi s pr ocess near Isgxisinggnriolimenat ed Ho me
process (so much so that some respondents got confused regarding whether they had completed a
survey or done the real thing). Nearly 2,500-bised respondents completed multiple listings
(MBC tasks), where the options and pricingiedrfrom task to task. Later, a similar study was
conducted in Europe. CBC software was used to generate the experimental design, the
guestionnaire was custehuilt, and the data were analyzed using M@&nuBased Choice)
software. The results led to sgfecrecommendations for management, including the use of a
tiered pricing struttire, additional options, and arcreasen the base annual subscription price.
After implementing many of the suggestions of the model, HomeAway has experienced greater
reverues per listing and the highest renewal rates involving customers choosing the tiered
pricing.

THEBUSINESYSSUES

HomeAway Inc, located in Austin Texas,s t he wor |l d6és | argest marKk
home rentals. HomeAway sites represent over 775,8i@Dligtings for vacation rental homes in
171 countries. Many of these sites recently merged under the HomeAway corporate name. For
this reason, subscription configurations could differ markedly frort@isite.

Vacation home owners and property managistsheir rental properties on one or more
HomeAway sites for an annual fee. The listing typically includes details about the size and
location of the property, photos of the home, a map, availability calendar and occasionally a
video. Travelers desiring rent a home scan the listings in their desired area, choose a home,
contact and rent directly from the owner and
revenues are derived solely from owner subscriptions. Owners and property managers have a
desiret enhance their fAsearch position, o0 ranking
greater rental income.

HomeAway desired to create a more uniform approach for listing properties across its
websites, enhance the value and ease of listing for therganteencourage owners to provide
high quality listings while creating additional revenue.
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THEBUSINESYSSUE

The initial study was undertaken in the US for sites under the names HomeAway.com and
VRBO.com. The HomeAway.com annual subscription includédiabnail photo next to the
property listing, 12 photos of the property, a map, availability calendar and a video. Owners
could upload additional photos if desired. The search position within the listings was determined
by an algorithm ofatimg Itihetiigwal Theg VRBO. com
four photos. Owners could pay an additional fee to show more photos which would move their
property up in the search results. With the purchase of additional photos came enhancements
such as a thmbnail photo, map and video.

The business decision entailed evaluating an alternative tiered pricing system tied to the
position on the search results (e.g., Bronze, Silver and Gold) versus alternative tiered systems
based on numbers of photos.

THESTUDYDESIGN

The designed study required 15 attributes arrayed as follows using an altespatife
design through Sawtooth Softwarebds CBC design

T Five alternative fiBasic Listingo options:
o Current offer based on photos
o Basic offer includes fewer photasth the ability to pay for extra photos and

obtain Afreebiesd (e.g., thumbnail phot
o Basic offer includes fewer photos and i
The owner can fAbuy upo aldmbsitbn onal phot o
o Basic offer includes many photos but no
search position and obtain fAfreebies. o0
o Basic offer includes many photos and #f
position.
1 Pricing for Basic Offer8 five altermt i ves specific to the fnBasi
T ABuy Upodo Tiers offeredd Ipaacklitieisc t o Basic L
91 Tier price® 3 levels under each approach
1 Options to list on additional HomeAway sites (US only, Worldwide,
US/Europe/Worldwide options)
1 Prices o list on additional sités 3 price levels specific to option
9 Other listing options (Directories and others)
THEEXERCISE

Owners desiring to list a home on the HomeAway site select options they wish to purchase
on a series of three screens. For this sthdystreens were replicated to closely resemble the
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look and functionality of the signp procedure on the website. These screens are shown in the

Appendix.

Additionally, the search position shown under the alternative offers was customized to the
was | ocated.
home in the 19 position out of 50 listings; in other larger markets the same price might only list
the home 100 out of 500 listings. As the respondent moved fromsmeen to the next the

specificmar k et

itot al

spendo was

where the

shown.

rent al

home

The

respondent

al way

change the response until the full sequence of three screens was complete. Respondents
completed eight tasks of three screens.

THEINTERVEW AND SAMPLE

The study was conducted through an online interview in the US in late 2010/early 2011
among current and potential subscribers to the HomeAway service. The full interview ran an
average of 25 minutes.

1 903 current HomeAway.com subscribers
1 970 wrrent VRBO.com subscribers

9 500 prospective subscribers who rent or intend to rent a home to vacationers and do not
list on a HomeAway site

Prospective subscribers were recruited from an online panel.

THEDATA

Most critical to the usefulness of the residtan assurance that the responses are realistic,

that respondents were not overly fatigued and were engaged in the process.
end, the

To t hi
below:

S

Task 1
Task 2
Task 3
Task 4
Task &
Task &
Task 7
Task &

me d i

an and

average

$399.00
$399.00
$399.00
$399.00
$399.00
$399.00
$378.00
$398.00

B483.06
5484 .98
B492 26
B4TT .84
B485.28
5483.32
$473.86
546627

These results resemble closdlg actual spend among current subscribers. Additionally,
spend by task did not differ markedly. A large increase/decrease in spend in the early/later tasks
might indicate a problem in understanding or responding to the tasks.

The utility values for each af h e

attri

but e

evel

S

wer e

HB estimation. Meaningful interactions were embedded into the design. Additionattiexts

were evaluated.
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To further evaluate data integrity HB results were run for all eight tasks intbetdirst six
tasks in total and the last six tasks in total.

The results of this exercise indicate that using all eight tasks was viable. Results did not
differ in a meaningful way when beginning or ending tasks were dropped from the data runs. The
reaults for several of the attributes are shown in the following charts.

Basic Listing Type

m All Tasks
W Tasks 1-6
' ' ' ™ Tasks 3-8
AllLC1 A1LC2 A1LC3 AllCa
Basic Price
m All Tasks
W Tasks 1-6
[ Tasks 3-8
A2LC1 A2LC2 A2LC3 A2LCA
Buy Up Photos Benefits

m All Tasks
M Tasks 1-6

m Tasks 3-8
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Buy Up Tiers With Benefits

W All Tasks

M Tasks 1-6

m Tasks 3-8
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THEDECISION CRITERIA

Two key measures were generated for use by HomeAway in their financial models to

implement a pricing strategya revenue index and a score representingpipeal of the offer to
homeowners.

These measures were generated in calculations in anased simulator, an example of
which is shown below:
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Find ARental P Managers Homes For Sale = List Your Pro
HomeAway" & i ' bl

Owner Community Help Owner Login About Us

Advertise With Us

(TGO

N =1470 N =829 N =310 N =147 N =184
Total Small Medium Large Extra Large
Exercise [weo  [+] Appeal Score of Option: 84.1 86.5 83.1 785 795
Subgroup |weoTew  [+] Revenue Index: 115.0 1117 116.8 124.0 119.7
H 3 4
Move Up in Search Results : r— e o
Basic Listing Type: | Photo-based with thumbnail, map, video and owner profile E] Price: _
How you buy up: Additonal Price:
Total Small Medium Large Extra Large
5 Photos Base Price 68.2% 73.2% 66.5% 51.2% 62.4%
6 Photos $30 3.0% 2.9% 3.3% 1.6% 3.9%
7 Photos $60 0.0% 0.0% 0.0% 0.0% 0.0%
8 Photos $90 0.0% 0.0% 0.0% 0.0% 0.0%
9 Photos $120 0.0% 0.0% 0.0% 0.0% 0.0%
10 Photos $150 0.0% 0.0% 0.0% 0.0% 0.0%
11 Photos $180 0.0% 0.0% 0.0% 0.0% 0.0%
12 Photos $210 12.8% 10.4% 14.6% 22.2% 13.0%
13 Photos $240 0.0% 0.0% 0.0% 0.0% 0.0%
14 Photos $270 0.0% 0.0% 0.0% 0.0% 0.0%
15 Photos $300 0.0% 0.0% 0.0% 0.0% 0.0%
16 Photos $330 16.1% 13.7% 15.6% 25.6% 20.6%
3 4
Reach More Travelers Besc L T £ T A
Reach even more travelers by adding a full-featured listing on our global network of sites
Listings on additional sites: Additional Price
Total Small Medium Large Extra Large
Basic No Additional Price 64.3% 70.7% 60.8% 45.1% 56.9%
us 100 35.8% 29.4% 39.2% 54.9% 43.1%
1 3 4
Additional Features ., R s, MO
Get noticed by more travelers
Featured Listing: Featured Listing + Featured Directory + Spedial Offer E]
No Additional Listing
Featured Listing Total Small Medium Large Extra Large
1 Month plus $49 0.0% 0.0% 0.0% 0.0% 0.0%
3 Months plus $99 11.5% 9.9% 12.2% 13.8% 15.9%
6 Months plus $149 0.1% 0.1% 0.2% 0.0% 0.0%
12 Months plus $199 9.3% 8.5% 10.4% 13.3% 7.8%
Featured Directory
Golf Directory $59 for 12 months 4.3% 2.8% 4.1% 3.0% 12.3%
Ski Directory $59 for 12 months 4.1% 2.6% 4.1% 3.0% 12.1%
Additonal Features
Special Offer $20 per week 4.4% 2.8% 4.1% 3.0% 13.1%




In this simulator, the user can specify the availability of options for the homeowner, pricing
specific to ach option and the group of respondents to be studied.

The appeal measures are indicative of the interest level for that option among homeowners in
comparison to the current offer. The revenue index is a relative measure indicating the degree to
whichtheopt i on studied might generate revenue bey
ideal offer would generate the highest appeal while maximizing revenue. The results in the
simulator were weighted to reflect the proportion of single and dual site sadysand potential
prospects (new listings) according to current property counts.

BUSINES$RECOMMENDATIONS

The decision whether to move away from pricing based on the purchase of photos in a listing
to an approach based omodiwasctcrpurn cladasd oaof tade
as other HomeAway sites. Based on these results, HomeAway chose to move to a tiered pricing
approach. Both approaches held appeal to homeowners but the tiered approach generated the
greater upside revenue pdiah Additional research also indicated that the tiered system
provided a better traveler experience in navigating the site.

While the study evaluated three, seven and eleven tier approaches, HomeAway chose a five
tier approach (Classic, Bronze, Silvegl@and Platinum). Fewer tiers, generally, outperformed
higher tier offers. The choice of five tiers offered HomeAway greater flexibility in its offer.

Price tiers were implemented in market at $349 (Classic); $449 (Bronze); $599 (Silver); $749
(Gold)and$ 999 (Pl atinum) . -aBHaceh oc d retaad iumreeds fbweanldd ee d
for greater price flexibility. These represent a substantive increase in the base annual subscription
prices.

HomeAway continued to offer crosell options and additionasting offers (feature
directories, feature listings and other special offers) to generate additional revenue beyond the
base listing.

SOME LESSONY EARNED FORFUTURBVIENU- BASEDSTUDIES

Substantial fAresearcho | ear gforaygntownamebased s o gen
choice models.

T We believe that one of the keys to the suc
the presentation of the options to respondents. (The task was sufficiently realistic that
HomeAway received numerous phorai€ from its subscribers asking why their

Achoicesodo in the task had not appeared in
only in the Al ooko of the pages but al so i
calculated based on their own listed fgsm

1 Also critical to successofanymebua sed study is the need to

in terms of number of variables studied and overall sample size.
o While the flexibility of the approach makes it tempting to the researcher to
Ai ncl ude pgaksinony gaysiBotly thedtask and the analysis can be
overwhelming when noaritical variables to the decision are included.
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Estimation of croseffects is also challenging. Too many cre$fects quickly
result in model ovespecification resulting in cescancellations of the needed

estimations.
o Sufficient sample size is likewise critical but too much sample is likewise
detrimental. In the studymdesli gn &reep i

estimated and sample must be sufficient to allow a stableagstmat the
individual level. Too much sample however presents major challenges to
computing power and ultimately simulation.
1 In simulation it is important to measure from a baseline estimate. This is a research
exercise with awareness and other marketiegsures not adequategpresented.
Measurement from lbaseline levels the playing field for these factors having little
known effect providing confidence in the business decisions made. This is still survey
research and we expect a degree of gtatlere nt by respondent s. Usi
provides a consistency to the oxaatement.

IN- M ARKETEXPERIENCE

HomeAway implemented the recommendations in market for its HomeAway and VRBO

businesses. Subsequent to the effort, the study was repeated, in adrfodifi, for HomeAway
European sites.

In market adoption of the tiered system exceeded the model predictions. Average revenue per
listing increased by roughly 15% over the prior year. Additionally, HomeAway experienced the
highest renewal rates among sutlisers adopting the tiered system.

Brian Sharples, Géounder and Chief Executive Officer noted:

AnThe tiered pricing research all owed HomeAwW
tiered pricing to hundreds of thousands of customers in the US and

European markets. Our experience in market has been remarkably close

to what the research predicted, which was that there would be strong

demand for tiered pricing among customers. Not only were we able to

provide extra value for our customers but we also generated substantial

addi ti onal revenue for our business. 0
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AUGMENTING DISCRETECHOICE DATAR A Q-SORTCASESTUDY

BRENTFULLER
MATTMADDEN

MICHAEL SMITH
THE MODELLERS

ABSTRACT

There are many ways t@andleconjoint attributes with many leveiscluding progressive
build tasks, partial profile tasks, tournament tasks and adaptive approachesanilytmre
attribute has many levelan additional method is to augment choice data with data from other
pats of the survey. We show how this can be accomplished with a standard discrete choice task
and a @Sort exercise.

PROBLEMDEFINITION ANDPROPOSEDSOLUTION

Often, clients come to us with an attribute grid that has one attribute with a large number of
levds. Common examples include promotions or messaging attributes. Having too many levels
in an attribute can lead to excessive respondent burden, insufficient level exposure-and non
intuitive results or reversals. To help solve the issue we can augmestaligtoice data with
other survey data focused on that attribute. Sources for augmentation could include MaxDiff
exercises, €sort and other ranking exercises, rating batteries and other stated preference
guestions. Modeling both sets of data togethemallos to get more information and better
estimates for the levels of the large attribute. We hope to find the following in our augmented
discrete choice studies:

1st priorityd Best estimates of true preference
2nd priorityd Better fit with an external compaon
3rd priorityd Better holdout hit rates and lower holdout MAEs

Approaches like this are fairly well documented. In 2007 Hendrix and Drucker showed how
data augmentation can be used on a MaxDiff exercise with a large number of items. Rankings
data froma QSort task were added to the MaxDiff information and used to improve the final
model estimates. In another paper in 2009 Lattery showed us how incorporating stated
preference data as synthetic scenarios to a conjoint study can improve estimationdafahd
utilities, higher hit rates and more consistent utilities resulted. Our augmenting approach is
similar and we present two separate case studies below. Both augment discrete choice data with
synthetic scenarios. The first case study augments & stigbute that has a large number of
levels using data from a-Qort exercise about that attribute. The second case study augments
several binaryigcludedexcluded attributes with data from a separate scale rating battery of
guestions.

CASESTUDY1 STRICTURE

We conducted a telecom study with a discrete choice task trading off attributes such as
service offering, monthly price, additional fees and contract type. The problematic attribute listed
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promotion gifts that purchasers would receive for free vangmng up for the service. This

attribute had 19 levels that the client wanted to test. We were concerned that the experimental
design would not give sufficient coverage to all the levels of the promotion attribute and that the
discrete choice model wouldeld nonsensical results. We know from experience that ten levels
for one attribute is about the limit of what a respondent can realistiadlyiein a discrete

choice exercise. The final augmented list is shown in Table 1.

Table 1.Case Study JAugmented Promotion Attribute Levels

$100 Gift Card
$300 Gift Card
$500 Gift Card
E-reader
Gaming Console 1
Tablet 1
Mini Tablet
Tablet 2
Medium Screen TV
Small Screen TV
Gaming Console 2
HD Headphones
Headphones
Home Theatre Sp&ars
3D Blu-Ray Player
12 month Gaming Subscriptio

We built a standard choice task (four alternatives and 12 scenarios) with all attributes. Later
in the survey respondents were asked@0@ exercise with levels from the free promotion gift
attribue. Our QSort exercise included tlipiestiondelowto obtaina multistep rankingThese
ranking questions took one and a half to two minutes for respondents to complete.

1) Which of the following gifts is most appealing to you?

2) Of the remaining gifts, ple& select the next 3 which are most appealing to you.
(Select 3 qifts)

3) Of the remaining gifts, which is the least appealing to you? (Select one)

4) Finally, of the remaining gifts, please select the 3 which are least appealing to you
(Select 3 gifts)

In thisway we were able to obtain promotion gift ranks for each respondent. We coded the
Q-Sort choices into a discrete choice data framework as a series of separate choices and
appended these as extra scenarios within the standard discrete choice data. Bawdeéalgon
comparisons the item chosen as the top veakcoded to be chosen compared to all others. The
items chosen as fAnext top threeod eachabeat
the last ranked item in pairwise scenarios. We estimatedrnodels to begin witlone standard
discrete choice model ardliscrete choice wittheadditional QSort scenarios.
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CASESTUDY1 RESULTS

As expectegthe standard discrete choice model without thR®@d@t augmentation yielded
nonsensical results for tipeomotion gift attribute. Some of the promotions we tested included
prepaid gift cards. As seen in Table 2, before integrating tBerQdata, we saw odd reversals,
for example, the $100 and $300 prepaid cards were preferred over the $500 card ontheany of
individual level estimates. When the$@rt augment was applied to the model the reversals

disappeared almost completely. The prepaid card ordering was logical (the $500 card was most
preferred) and rankrdering made sense for other items in the list

Table 2.Case Study 1ISummary of Individual Level Reversals

Individual
$100 > $300 $300 > $500 $100 > $500

DCM Only 59.8% 60.8% 82.3%
DCM + Q-Sort 0.0% 0.8% 0.0%

As a second validation, we assigned approximate MSRP figures to the pronfagianisy
they would line up fairly well with preferences. As seen in Figure 1, when plotting the DCM
utilities against the MSRP values, the original model had a 28§aare. After integrating the-Q
Sort data, we saw thresquare increase to 8 Most ill-fitting results were due to premium
offerings, where respondents likely would not see MSRP as aigdicdtor ofvalue.

Figure 1. Case Study 1Comparison of Average Utilities and MSRP
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Prioritiesone and two mentioned above seem to beimigiis cae study. e augmented
model gave us gave us estimates which we believe are closer to true preference, and our
augmented model better matches with the external check to MSRP. The third priority of getting
improved hit rates and MAEs with the augmented ehpdoved morelusive with this data set
The Augmented model did not significantly improve holdout hit rates or N&&E Table 4)This
wasa somewhapuzzlingresult. One explanation is that shares were very low in this study, in
the 1% to 5% range. Thpromotion attributeloes not add any additive predictive value because
the hit rate is very high and has very little room for improvemfent validation of this theory
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we estimated a model without the promotion attribute, completely dropping it frammoithe.

We were still able to obtain 93% holdout hit rates in this modefirmingthat the promotion

attribute did not add any predictive power to our model.drserete choice model like this

peopl ebs choices might liributek, get vghenlthe marketioffegngs b y
tie on those attributes, then melel attributes (like promotions in this study) will matter more.

Our main goal in this study was to get a more sensible and stable read on the promotion attribute
and notexplicitly trying to improve the model hit raté&/e are also not disappointed that the hit

rate and MAE were not improved because the hit rate and MAE showed a high degree of
accuracy in both instances.

Table 3.Case Study 1Promotion Rank Orderings, Models, MSRP,Q-Sort

$500 Gift Card 1 5 1 1
Tablet 1 2 2 3 3
Home Theatre Speakers 3 7 7 7
Mini Tablet 4 1 5 5
$300 Gift Card 5 4 2 2
Medium Screen TV 6 9 4 4
Gaming Console 2 7 15 14 12
E-reader 8 12 9 8
Gaming Console 1 8 13 12 11
Tablet 2 8 6 8 9
Small Screen TV 8 8 13 13
HD Headphones 8 14 15 15
3D Blu-Ray Player 8 11 10 14
Headphones 14 10 11 10
$100 Gift Card 15 3 6 6
12 month Gaming Subscriptic 16 16 16 16

Table 4.Case Study 1Comparison of Hit Rates, MAE, and Importances

. |DCMOnly [DCM +Q-Sort

Holdout hit rate 93.4% 93.3%
MAE 0.024: 0.025:
Average Importance 7.3% 14.5%

One problem with augmenting discrete choice data is that it often will artificially inflate the
importance othe augmented attribute relative to the 1amgmented attributes. Our solution to
this problem was to scale back the importances to the origiraligmmented model importance
at the individual levele feel that there are also some other possible sofutiwmt could be
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investigated further. For example, we could apply a scaling parameter such that we scale the
augmented parameter as well as minimizing the MAE or maximizing the hit rate.

An alternative to augmenting for completely removing all reversdls constrain at the
respondent level using MSRP information. Our constrained model maintained the 93% holdout
hit rates and comparable levels of MAE. The constrained model also deflated the average
importance of the promotion attribute to 4.8%. We tholutghas better to augment in this case
study since there are additional traafés to be considered besides MSRP. For example, a
respondent might value a tablet at $300 but might prefer a product with a lower MSRP because
they already own a tablet.

CASESTUDYZ2 STRUCTURE

We conducted a second case study which was also a discrete choice model in the telecom
space. The attributes included 16 distinct features that had binary (included/excluded) levels.
Other attributes in the study also included annual amkinty fees. After the choice task,
respondents were asked about their interest in using each feature (separately)®ratirp
scale. This external task took up to 2 minutes for respondents to complete. If respondents
answered 9 or 10 then we addett@scenarios to the regular choice scenarios. Each of these
extra scenarios was a binary comparison, =each

CASESTUDY2 RESULTS

As expected the rank ordering of the augmented task aligned slightly better than what we
would intuitively expect (rank orders shown in Table 5). As far as gauging to an external source,
this case study was a little bit more difficult than the previous one because we could not assign
something as straightforward as MSRP to the features. We lookeaitaptrated security
software products (published by a security software review company) and counted the number of
times the features were included in each and ranked them. Figure 2 shows this comparison. Here
we feel the need to emphasize key reasontorminstrain to an external source. First, often it is
very difficult to find external sources. Second, if an external source is found, it can be difficult to
validate and have confidence in. Last, even if there is a valid external source such as MSRP, it
still might not make sense to constrain given that there could be other value tradeoffs to consider.
Similar to the first case study, we did not see improved hit rates or MAESs in the second case
study. Holdout hit rates came out at 98% for both augmemedinaugmented models, and
MAEs were not statistically different from each other. We are not concerned with this non
improvement because of the high degree of accuracy of both the augmented-angmented
models.
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Table 5. Case Study 2 Rank Orders

Fedure ‘Stated Ran| DCM Only Rank| DCM + Stated
Order Order Rank Order

Feature 1
Feature 2 2 3 3
Feature 3 3 2 2
Feature 4 4 5 4
Feature 5 5 4 5
Feature 6 6 9 7
Feature 7 7 11 9
Feature 8 8 15 10
Feature 9 9 6 6
Feature 10 10 8 8
Feature 11 11 13 14
Feature 12 12 10 13
Feature 13 13 12 12
Feature 14 14 7 11
Feature 15 15 14 15
Feature 16 16 16 16
Figure 2. Case Study 2 External Comparison
10 11

o 9 . . 2{,10

E . PR E 9 . .

& B 5 e o o
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DCM Only Utility Augmented Utility

DiscussioN ANDCONCLUSIONS

Augmenting a choice model with a®brt or ratings battery can improthee modeln the
following ways. First, he utility values are more logical and fit better with the respondienés
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values for the attribute levelsSecond,lte utility values have a better fit with external sources of
value It is not a given that hotuit hit rates and MAE are improved with augmentation, although

we would hope that they would bemost conditionsWe feel that our hit rates and MAE did not
improve in these cases because of the low likelihood of choice in the products we studied and the
already high preaugmentation hit rates.

There are tradeoffs to consider when deciding to augment or constrain models. First, there is
added respondent burden in asking the additior8bf or other exercise used for augmentation.
In our cases the extmaformation was collected in less than two additional minutes. Second,
there is additional modeling and analysis time spent to integrate the augmentation. In our cases
the augmented HB models took 15% longer to converge. Third, there is a tendency for the
attribute that is augmented to have inflated importances or sensitivities and we suggest scaling
the importances by either minimizing MAE or using theaugmented importances. Lastly, one
should consider reliability of external sources to check the augti@nagainst or to use for
constraining.

Brent Fuller Michael Smith

APPENDIX

Figure 3 shows an example of an appended augmented sdemaribe first case studjn
scenario 13, item 15 was chosen as the higlaeding item from the €sort execise. All other
attributes for the augmented tasks are coded as 0.

Figure 3. Example of unaugmented Coding matrix

Scenario Alternative tv_6 promo_1 promo_2 promo_3 promo_4 promo_5 promo_6 promo_ 19

XX X X X X X X X|X

X
AWNRXDWNER
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Figure 4. Example of Augmented Coding Matrix

Scenario Alternative y tv_2 tv_3 tv_4 tv. 5 tv. 6 promo_1 promo_2 promo_3 promo_4 promo_5 promo_6 X promo_19
1 1 1 0 0 0 1 0 0 0 (0] 0 0 0 X 1
1 2 (0] 1 (0] (0] (] (0] (0] (0] (] (0] (0] (0] X (0]
1 3 (0] (0] (0] 1 (0] (0] (0] (0] (] (0] (0] (0] X (0]
1 4 (0] (0] (0] (0] (] 1 (0] (0] (] (0] (0] (0] X (0]
X X X X X X X X X X X X X X X X
12 1 [0} 0 0 1 (0] 0 0 0 (0] 0 0 0 X 0
12 2 (0] (0] (0] (0] o 1 (0] (0] (] (0] (0] (0] X 1
12 3 1 1 (0] (0] (0] (0] (0] (0] (0] (0] (0] (0] X (0]
12 4 0 -1 -1 -1 -1 -1 0 0 (0] 1 0 0 X 0
13 1 0 0 0 0 (0] 0 1 0 (0] 0 [0} 0 X 0
13 2 (0] (0] (0] (0] (] (0] (0] 1 (0] (0] (0] (0] X (0]
13 3] (0] (0] (0] (o] (0] (0] (0] (0] 1 (0] (0] (0] X (0]
13 4 (0] (0] (0] (0] (] (0] (0] (0] (] 1 (0] (0] X (0]
13 5 (0] (0] (0] (0] (] (0] (0] (0] (] (0] 1 (0] X (0]
13 6 [0} 0 [0} 0 (0] 0 0 0 (0] 0 0 1 X 0
13 7 (0] (0] (0] (0] (] (0] (0] (0] (] (0] (0] (0] X (0]
13 10 (0] (0] (0] (0] (0] (0] (0] (0] (0] (0] (0] (0] X (0]
13 12 [0} 0 [0} 0 (0] 0 0 0 (0] 0 [0} 0 X 0
13 13 (0] (0] (0] (0] (] (0] (0] (0] (] (0] (0] (0] X (0]
13 14 0 0 0 [0} (0] 0 0 0 (0] 0 0 0 X 0
13 15 1 (0] (0] (0] (0] (0] (0] (0] (0] (0] (0] (0] X (0]
13 16 (0] (0] (0] (0] 0 (0] (0] (0] (] (0] (0] (0] X (0]
13 17 0 0 0 0 (0] 0 0 0 (0] 0 0 0 X 0
13 18 (0] (0] (0] (0] (] (0] (0] (0] (] (0] (0] (0] X (0]
13 19 0] o] 0 0] [0] 0 [0 0] [0] 0 [0 0 X 1
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MAXDIFFAUGMENTATION EFFORT VSIMPACT

URSZULAJONES
TNS

JING YEH
MILLWARD BROWN

BACKGROUND

In recent years MaxDiff has become a household name in marketing research as it is more
and more commonly used to assesgéhaive performance of various statements, products, or
messages. As MaxDiff grows in popularity, it is often called upon to test a large number of items;
requiring lengthier surveys in the form of more choice tasks per respondent in order to maintain
predictive accuracy. Oftentimes MaxDiff scores are used as inputs to additional analyses (e.g.,
TURF or segmentation), therefore a high level of accuracy for both best/top and worst/bottom
attributes is a must. Based on standard rules of thumb for obtataiolg individualevel
estimates, the number of choice tasks per respondent becomes very large as the number of items
to be tested increases. For example, 40 items requir@9 2toice tasks per respondent
(assuming #5 items per task).

Yet at the samarhe our industry, and society in general, is moving at a faster pace with
decreasing attention spans; therefore necessitating shorter surveys to maintain respondent
engagement. Data quality suffers at 10 to 15 CBC choice tasks per respondent (Tang and
Grerville 2010). Researchers, therefore, find ourselves being pulled by two opposing d&@mands
the desire to test larger sets of items and the desire for shorter $uare/$aced with the
consequent challenge of balancing predictive accuracy and responagré.fati

To accommodate such situations, researchers have developed various analytic options, some

of which were evaluated in Dr. Ral ph Wi rth an
MaxDiff for Evaluating Very Large Sets of Items: Introduction and8ation-Based Analysis of
a New Approach. o I n Express MaxDiff each resp

of items based on a blocked design and the analysis leverages HB modeling (Wirth and Wolfrath
2012). In Sparse MaxDiff each respondee¢s each item less than the rule of thumb of 3 times
(Wirth and Wolfrath 2012). In Augmented MaxDiff, MaxDiff is supplemented BSdpt

informed phantom MaxDiff tasks (Hendrix and Drucker 2007).

Augmented MaxDiff was shown to have the best predictive pdwa comes at the price of
significantly longer questionnaires and complex programming requirements (Wirth and Wolfrath
2012). Thus, these questions still remained:

1. Given the complex programming and additional questionnaire time, is Augmented
MaxDiff worth doing or is Sparse MaxDiff doing a sufficient job?

2. If augmentation is valuable, how much is needed?

3.Could augmentation be done using only fdbes
included?
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CASESTUDY ANDAUGMENTATIONPROCESS

To answer these quest®regarding Augmented MaxDiff, we used a study of N=676
consumers with chronic pain. The study objectives were to determine the most motivating
messages as well as the combination of messages that had the most reach.

Augmented MaxDiff marries MaxDiff witlQ-Sort. Respondents first go through the
MaxDiff section per usual, completing the choice tasks as determined by an experimental design.
Afterwards, respondents complete th&SQt questions. The-Qort questions allow researchers
to ascertain additionahferred rankings on the tested items. Th8@t inferred rankings are
used to create phantom MaxDi ff tasks, Max Di f f
but researchers can infer from other data what the respondents would have selected. The
phantom MaxDiff tasks are used to supplement the original MaxDiff tasks and thus create a
supercharged CHO file (or response file) for utility estimation. See Figure 1 for an overview of
the process.

Figure 1: MaxDiff Augmentation Process Overview

,est [tems ,
Choice Sets for
{(HOfle
Select Bottom-4
Worsttems Select Bottom-1

In our case study, there were 46 total messages tested via Sparse MaxDiff using 13 MaxDiff
guestions, 4 items per screen, and 26 blocks. Following the MaxDiff section, respondents
completed a €bort exercise.

Select Top-4
SelectTop-t

Build New

Q-Sortcan bedoneinavaet y of ways. Il n this case, Ma x Di
Al east o were tracked via pr og3ocaseaionddgneforogi ¢ an
Amosto Iitems and one for hnAl-Bamcst osedcteimen fThre fir

showel r espondents the statements they selected
asked them to choose their top four. The second questioninshe @t secti on f or fn
asked respondents to choose the top one from the top four.

TheQSortset i on for Al eastSoritt esms tmiornr droed fAtmoe t @
guestionintheg@ ort section for fAleasto items showed
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as fileasto throughout the MaxDi fffowsdheeens and
second questioninthe®ort section for Al easto items aske
one from the bottom four. See Figure 2 for a summary of t&®®questions.

Figure 2: Summary of Q-Sort Questions

Insert The 13 Messages Selected As Most Likely In Insert The 13 Messages Selected As Least Likely In
MaxDiff, Force To Choose 4 MaxDiff, Force To Choose 4

Top 4: Which four of the following statements make you Bottom 4; Which four of the following statements make

MOST likely to ask your doctor about X? you LEAST likely to ask your doctor about X?
Please select four messages. Please select four messages.
Insert The 4 Messages Selected As Top 4 Insert The 4 Messages Selected As Bottom 4
Top 1: Which one of the following statements makes Bottom 1; Which ong of the following statements makes
you MOST likely to ask your doctor about X? you LEAST likely to ask your doctor about X?
Please select one messages. Please select one messages.
FromheQSort section on fimosto items, for each

item from QSort, the second best items froriSQrt (of which there are three), and the third tier
of bestitemsfromée€gort (the remaining fASobssecttemsfootf

items). And fromthe€gort section on Al easto items, for e
the worst item from €5ort, the second to worst items froraSQrt (of which there are three),

and the third tier of worstitems from&t (t he remai ning Al Satst 6o it e
section for fAleasto items). The inferred rank

but at a high level we know:

1 The best item from €bort (1 item) > All other items

1 The second best itemsofn Q-Sort (3 items) > All other items except the best item from
Q-Sort

1 The worst item from €ort (1 item) < All other items

1 The second to worst items from$&prt (3 items) < All other items except the least item
from Q-Sort

Using these inferred rankinggjpplemental phantom MaxDiff tasks are created. Although
respondents were not asked these questions, their answers can be inferred, assuming that
respondents would have answered the new questions consistently with the observed questions.
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Since the MaxDiffselections vary by respondent; theSQrt questions, the inferred rankings
from Q-Sort, and finally the phantom MaxDiff tasks are also customized to each respondent.

From r es pSort@answers, své cre@ted 18 supplemental phantom MaxDiff tasks as
wel as the inferred Aimosto (noted with AMO) an
3 for the phantom MaxDiff tasks we created.

Figure 3: Supplemental phantom MaxDiff tasks using boththe @ ort secti on on f
itemsardtheQSort section on Al easto item

*= 18 supplemental Q-Sort questions (in addition to the original 13 MaxDiff questions)
= M="Selected as Most per question”; L="Selected as Least per question”

4
~
“3
.

Q_TOP M
Q_TOPOTHER1 M
Q_TOPOTHER2 M
Q_TOPOTHER3 M
Q_TOPREMAIN1| X L
Q_TOPREMAIN2 X M
Q_TOPREMAIN3 X M
Q_TOPREMAIN4 X M
Q_TOPREMAINS X X
Q_TOPREMAING X X
Q_TOPREMAIN7 X

Q_TOPREMAINS L X
Q_TOPREMAINS L X
Q_BOTREMAINI| X X
Q_BOTREMAIN2 L X
Q_BOTREMAIN3 L X
Q_BOTREMAIN4 L X
Q_BOTREMAINS M X
Q_BOTREMAING M X
Q_BOTREMAIN? M X
Q_BOTREMAINS X

Q_BOTREMAINS X X
Q_BOTOTHER1 X X L

Q_BOTOTHER2 X X

Q_BOTOTHER3 X X L L L
Q_BOT L L L L

=x|=(~ 3

x>|x|2|o @

=|=| [B|og
=

Re s p o n dSor danswers &e matched to the supplementab®Based MaxDiff tasks
(i.e., the phantom MaxDiff tasks) to produce a new design file that merges both the original
MaxDiff design and the €ort supplenents. Figure 4 illustrates the process in detail.
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Figure 4: Generating a new design file that merges original MaxDiff with QSort
supplements (i.e., phantom MaxDiff tasks)

Q-Sort ResponseFile
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2
2

1 40 1 3 20 4 6 11 |16 |25 | 30 | 35 | 46 7 8 10 [ 13 |14 | 15 | 23 | 44 | 45 9 12 | 17
2 3 4 18 | 46 11 116 |19 | 20 | 21 | 27 | 29 | 34 1 6 10 [ 12 | 30 | 35 | 39 | 45 | 46 9 31 | 40
3 17 [ 22 | 38 12 |14 | 21 | 24 | 29 | 32 | 35 | 42 23 |25 | 28 | 31 | 37 | 40 | 43 | 44 1 4 5

fsdesign1gsdesign2,
_TopP M
IQ_TOPOTHER1 M . .
lo_TOPOTHERZ New Design File:

b TOPGTHER3 Original MaxDiff Design & Q-Sort Supplements
Q_TOPREMAINT | X

IQ_TOPREMAIN2 X | RES| orig | orig | orig | orig | orig | orig | orig | orig |.. Jgdesiqdesijgdesiiqdesijqdesigdesi qdesi qdesi

IQ_TOPREMAIN3 X P [md1 md1 md1 md1imd2|md2 md2 md2|. |[gn1 |gn1|gn1|gn1|gn2 gn2 |gn2 gn2
IQ_TOPREMAIN4

IQ_TOPREMAINS
Ii_TOPREMAING RES(item item item item |item |item |item |item | |task |task |othe othe |task task |othe othe

Z“gz':";‘;’s‘z D TOPREMAINY Pl1 2 3 afl1|2[3|4|pimiLrm|rzlzM2L 1

lo_TOPREMAINS ‘ ‘
Tasks [0_TOPREMAINg 1135 34|45 13|14 25|17 40| |40|5 2|7 |1 8|4 686

&_BOTREMAIN1 X ‘ ‘
0 BOTREMAIN2 L 2 (34 15 29| 7 |46 28|10 18 3|5 2 1 4 6 11|15
Io_BOTREMAIN3
Q_BOTREMAIN4 13 Original MaxDiff Tasks + 18 Q-Sort Supplements = 31 Total Tasks
Io_BOTREMAINS
lo_BOTREMAING
lo_BOTREMAINT
lo_BOTREMAINS
l0_BOTREMAING
I2_BOTOTHER1
lo_BOTOTHER2
l2_BOTOTHER3
o_BOT L

Li kewi se r &eripanswatseare usedto idlieeir responses to the phantom
MaxDiff tasks to produce a new response file that merges both responses to the original MaxDiff
and the @Sort supplements. The new merged design and response files are combined in a
supercharged CHO file and used for utikstimation. Figure 5 provides an illustration.
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Figure 5: Generating a new response file that merges original MaxDiff responses with
responses to @ort supplements (i.e., phantom MaxDiff tasks)

Q-Sort Response File
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New Merged Response File
Original Max| Q-Sort Supgpgfemental
most ‘ least | \D'M most least ﬂl, least
QB1_1C1 QB1_1C2| QB1_13C1 QB1_1 QSAugM_01|/QSAugL_g1QSAugM_02 QSAuglL_02

RESP OldVersion NewVersion

ING | IN7 | IN8 | IN9 | R1 | R2 | R3

10 13 | 14 | 16 | 23 | 44 | 45 =l 12 | 17

38 6 12 | 14 | 21 24 | 29 | 32 | 35 | 42

1 26 | 1 34 | 45 | 17 40 40 5 1 8
2 2 2 34 15 40 43 3 5 4 [
.CHO
EXPERIMENT

Our experiment soughd answer these questions:

1. Given the complex programming and additional questionnaire time, is Augmented
MaxDiff worth doing or is Sparse MaxDiff doing a sufficient job?
2. If augmentation is valuable, how much is needed?
3. Could augmentation be doneusilgby fibest 06 i tems or shoul d ¥
included?
To answer these questions, the authors compared the model fit of Sparse MaxDiff with
Augmented MaxDiff when two types of-Qort augmentations are done:

Augmentation of best (or top) items only.
Augmentation of both best and worst (or top and bottom) items.

Recall that we generated supplemental phantom MaxDiff tasks using botHSitwt §ection

for the fAmostDoritt esresc tainadn tfheer @ he Al east o i ter
augmentato i ncl uding only Abesto items we created
onlytheQSort section for the fAmosto items as shov
(noted with AMO0O) and Al easto (notereed with HALO)
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Figure 6: Supplemental phantom MaxDiff tasks using only the @ o r t
items.

section
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1

2

)

hsdesignisdesignosdesignnsdesiyn

4

psdesigrrsdesignisdsiggsdesignisdesigntsdesignasdesignsdesignisdesiyn

5

b

1|8

§

10

i

1l

13

sdesigrysdesignisdesignsdesigrigsdesign

14

13

1

i

18

Q.10P

N

N

N

N

N

[

Q_TOPOTHER

X

X

X

X

X

X

0_TOPOTHERZ

[
X
X

X

i
X
X

]
X
X

[
X
X

MmN
X | X
X | X

X

X

X

X

X

0_TOPOTHERS

X

X

X

X

X

X

X

X

X

X

X

X

Q_TOPRENAIN{

L

L

Q_TOPREMAINZ

Q_TOPRENAIN3

Q_TOPRENAIN4

Q_TOPRENMAINS

Q_TOPRENAING

Q_TOPREMAINT

Q_TOPRENAINS

Q_TOPRENAINg

L

L

L

on

We also evaluated the impact of degree of augmentation on model fit by examining MaxDiff

Augmentation including 3, 5, 7, 9, anl 4upplemental phantom MaxDiff tasks.

HNDINGS

As expected, heavier augmentation improves fit. Heavier augmentation appends&wte Q
data and €5ort data is presumably consistent to MaxDiff data. Thus heavier augmentation

appends more consistent data are therefore expected overall respondent consistency

measurements to increase. Percent Certainty and RLH are both higher for heavy augmentation
compared to Sparse MaxDiff (i.e., no augmentation) and lighter augmentation as shown in
Figure 7.
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Figure 7: Findings from our estimation experiment

VeryLight Heavy
Augmentation| Light (+5) |Medium (+7) |Medium (+) |Augmentatio
Sparse (+3) n(+18)
(n0QS) | [Best g Worst| Cert | o056 0.60 0.63 068 |[ 080 )
RLH 0.04 0.58 0.60 0.64 0.76
WCert] 055 BestOnly | %Cert | 0.8 0.64 071 073 085
RLA 03 RLH 0.56 0.61 0.66 069 |\ 081 )
0.85 0.85
0.80 0.80
0% 0.75
¢ & 0.70 Z0.70
8065 2 0.65
0.60 0.60
0.55 - 0.55 -
0-50 T T T 1 0-50 T T
0o 3 5 7 9 18 0 3 5 7 9 18
Augmentation Augmentation
=+=Best & Worst =m=Best Only ==Best & Worst =#=Best Only

Surprisingly BesOnly Augmentation outperforms Bedlorst Augmentation even though
less information is used with Be®inly Augmentation (BesDnly % Cert=0.85 and RLH=0.81;
BestWorst % Cet=0.80 and RLH=0.76).

To further understand this unexpected finding, we did a-thegecomparison of (1) Sparse
MaxDi ff without AMAwgment ateirerus( N9 -Gyar se MaxD
Augment a$omotn B& Ot Onl yo) vwith Bestdorgt Buymegiienr s e Ma
(n-ort Best & Worsto). The results showed that
regardless of whether augmentation is used. S
positive, and statistically significasorrelations between the three indexed MaxDiff scores with
r{(46)>=0.986, p=.000 (see Figure 8). Note that for the two cases when augmentation was
employed for this test, we used 18 supplemental phantom MaxDiff tasks.
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Figure 8: Spearmans Rank Order Correlation for indexed MaxDiff scores from (1) Sparse
Agome o) atvieo s uSiN@ ) QSQnlyr s e
ver sus-Worsg)

Max Di f f

without
Augment atSioan

(Bfe@ t

Onl yo)

Augment atSoto nBd $itQ & Wor st 0)

Spar se

Correlations
Q-5ort Best @-SortBest &
Mo Q-Sort Qnly Worst

Spearman's tho Mo Q-Sort Correlation Coefficient 1.000 086 889
Sig. (2-tailed) . .0aa .0oao

¥l 46 46 46

Q-Sort Best Only Correlation Coefficient 936 1.000 985
Sig. (2-tailed) 000 . .00o

¥l 46 46 46

0-Sort Best & Worst Correlation Coefficient 689 989 1.000
Sig. (2-tailed) .00a .0aa .

¥l 46 46 46

** Correlation is significant atthe 0.01 level (2-tailed).

We further compared matches between (1) the top and bottom items based on MaxDiff scores
versus (2) top and bottom items based e8d@t selections. An individudével comparison was
used to show the percent of times there is a matwteba QSort top four items and MaxDiff
top four items as well as betweer3Qrt bottom four items and MaxDiff bottom four items.

We found that at the respondent level the model is imprecise without augmentation. In
particular, the model islessprecise dhe fibest 0 end compared to the
on fibesto items vs. 51% match on fAiworsto). |In
MaxDiff items that come out at the bottom as compared to MaxDiff items that come out at the
top. This findng was consistent with results from a recent ART forum paper by Dyachenko,

Naylor, & Allenby (2013). The implication for MaxDiff Augmentation is that augmenting on best
items is critical due to the lower precision around those items.

CONCLUSIONS

As expectd, at the respondent level Sparse MaxDiff is more imprecise compared to Sparse
MaxDiff with augmentation. However, at the aggregate level the results of Sparse MaxDiff are
similar to results with augmentation. Therefore, for studies where aggregateteitd are
sufficient, Sparse MaxDiff is suitable. But for studies where stability around indivie\sll
estimates is needed, augmenting Sparse MaxDiff is recommended.

By augmenting on fAibestodo items only, research
guestionnaire and | ess complex programming coO
Aworsto items. MaxDi ff results were shown to

augmentation on
questionnaire compared to

i b e sdnlyg augnermtatian requings a shorterd i t . Be
augmentation on both

Heavy augmenting whether augmenting on fdbest
when other analyses (e.g., TURF, clustering) are required. The accuracy of utilities estimated
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from heavy augmentation was superior to the accuracy of utilities estimated from lighter
augmentation.

Finally, if questionnaire real estate allows, obtain additional information from which the
augmentation can benefit. For example, in th8dt exercisginstead of asking respondents to
select the top/bottom four and then the top/bottom 1; ask respondesutk tbe top/bottom 4.

This additional ranking information allows more flexibility in creating the item combinations for
the supplemental phantom kaiff tasks, and we therefore hypothesize, better utility estimates.

A_a
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WHENU = BX ISNOT ENOUGH:
MODELING DIMINISHING RETURNS MONG CORRELATED
CONJOINT ATTRIBUTES

KEVIN LATTERY
MARTZ RESEARCH

1. INTRODUCTION

The utility of a conjoint alternative is typically assumed to be a simple sum of the betas for
each attribute. Formally, we define utility . This assumption is very reasonable and robust.
But there are cases whdde = is bot enough, it is just too simple. One example of this, which
is the focus of this paper, is when the utilities of attributes in a conjoint study are correlated.

Correlated attributes can arise in many ways, but one of the most prevalent ways is with
binary yes/no attributes. An example of binary attributes appears below where the attributes
marked with an x mean that the benefit is being offered, and a blank means it is not.

Level 1 Level 3 Level 2
Level 2 Level 2 Level 3
X X
X
X X
X X
X X

If the binary attributes are correlated, then adding more benefits does not give a consistent or
steady lift to utility. The result is thtlhe standardl = médeltendsto overpredict interest
when there are more binary features (Program 1 above)ratedpredict product concepthat
havevery few of the feature@rogram 3 aboveYhis can be a critical issue when running
simulations.

One common m&eting issue is whether a lot of smaller cheaper benefits can compensate for
more significant deficiencies. Clients will simulate a baseline first product, and then a second
cheaper product that cuts back on substantial features. They will then seedrt@mympensate
for the second productdés shortcomings by addi
cases where simulations using the standard model suggest a client can improve a baseline
product by offering a very inferior product with a bunctsofaller benefits. And even though
this is good news to the client who would love this to be true, it seems highly dubious even to
them.
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The chart below shows the results of one research study-axis is the relative number of
binary benefits shown ian alternative vs. the other alternative in its task. This conjoint study
showed two alternatives with only 1 to 3 binary benefits, so we simply take the difference in the
number of benefits shown. So showing alternative A with 1 benefit and alternatiite 8
benefits, we have (43) =-2 and (3- 1) = 2. The difference in binary attributes2sand +2. The
vertical axis is corresponding error, Predicted Shad&served Share, for the-gample tasks.

- Basic HB (MAE 3.2%)

15% -

10% -

5% -

|

0,

|

-5% A

Predicted - Observed Share

-10% -

-15% -
-2 -1 0 1 2
Difference in Number of Binary Attributes

This kind of systematibias, where we overstate the share as we add more benefits, is
extremely problematic when it occurs. While this paper focuses on binary attributes, the problem
occurs in other contexts, and the new model we propose can be used in those as well. This paper
also discusses some of the issues involved when we change the standard conjoint model to
something other thad  =. Irbparticular, we discuss how it is not enough to simply change the
functional form when running HB. Changing the utility function alsjpunees other significant
changes in how we estimate parameters.

2. LEARNING FROM CORRELATEMRLTERNATIVES

There is not much discussion in the conjoint literature about correltitdalites, but there
is a large body of work on correlatallernatives. Fo mal | y, we tal k the @Al nd
|l rrel evant Alternativeso (I I A) assumption, wh
are not correlated. The familiar blue bus/red bus example is an example of correlated
alternatives. Introducing a new bimat is the same as the old bus with a different color creates
correlation among the two alternatives: red bus and blue bus are correlated. The result is parallel
to what we described above for correlated attributes: the modepaaicts how many people
ride the bus. In fact, if we keep adding the same bus with different éojetkow, green,
fuchsia, et® the basic logit model will eventually predict that nearly everyone rides the bus.
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One of the classic solutions to correlated alternatives is Nesteid Wity Nested Logit,
alternatives within a nest are correlated with one another. In the case of buses, one would group
the various colors of buses together into one nest of correlated alternatives. The degree of
correlation is specified by an additiorgbarameter. Whea=1, there is no correlation among the
alternatives in a nest, andagoes to 0, the correlation increases. One solves fpven the
specific data. In the case of red bus/blue bus, we egpegzr 0.

The general model we proposeléols the mathematical structure of nested logit, but instead
of applying the mathematical structure to alternatives, we apply it to attributes. This means we
think of the attributes as being in nests, grouping together those attributes that are caarelated,
measuring the degree of that correlation by introducing an addigqaaameter. In our case, we
are working at the respondent level, and each respondent will have thestvalue. For some
respondents, a nest of attributes may have little correlation, while for others the attributes may be
highly correlated.

Recall thathe general formulation for a nested logit, where the nest is composed of
alternatives 1 through n with n@xponentiated utilities of U1 . . . Un is:

eU — [(eU1) 1/a+ (eUZ) 1/a+ +(eUn)1/a]a~

where 0 <a<=1, and 1- a«can be interpreted as thermation among the alternatives.
and U gives the overall utility of the nest as a whole, which is then used in the multinomial logit
in the usual way. We can adapt this formulation to create a nest of attributes in the following way.
Consider a defined seof n attributes with betd; . . . B,, and corresponding indicatots. . .
Xn (each indicator being 1 if the attribute appliesn alternative, and zero otherwise). Then the
standard utility for the group of attributes is:

U =[(Xx1B1) + (X2B2) + ... +(XnBp)]
and the new nestdike formulation is:
U — [(X]_B]_)l/a"‘ (XZBZ)l/a_I_ +(Xan)l/a]a

Each set of attributes that is grouped together in a nest would have itgspavameter. For
instance, we might group attributéssltogether in one nesind attributesi® in another. We
would then compute the new utility U for each nest separately and add them. We could even
employ hierarchies of nests as we do with nested logit. One important caveat is tigate@ch
We are talking about diminishingturns, so we are assuming each beta is positive, but the return
may diminish when it is with other attributes in the same nest. (If the betas were not all positive
the idea of diminishing returns would not make any sense.)

This new formulation has sevéexcellent properties, which it shares with nested logit.

1) When & =1, the formulation reduces to the
value.
2) As & shrinks towards 0, the total uti ity

is just te utility of the attribute in the nest with the greatest value.

3) The range of utility values is from the utility of the single best attribute to the simple sum
of the attributes. We are shrinking the total utility from the simple sum down to an
amount thats at least the single highest attribute.
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4) Adding a new attribute (changing xi from O to 1) will always add some amount of utility
(though it could be very close to 0). It is not possible to have reversals, where adding an
item shrinks the total utility den lower than it was before adding the item.

5) The amount of shrinkage depends upon the size of the betas and their relative difference.
Betas that are half as large will shrink half as much. In addition, the amount of shrinkage
also depends upon their rédat size. Three nearly equal betas will shrink differently than
3 where one is much smaller.

Before turning to the results using this nested attribute formulation, | want to briefly describe
and evaluate some other methods that have been proposed tatlu¢ad \wroblem of
diminishing returns among correlated attributes.

3. ALTERNATIVEOLUTIONS TODIMINISHING RETURNS

There are three alternative methods | will discuss here, which other practitioners have shared
with me in their efforts to solve the problexhdiminishing returns. Of course, there are likely
other methods as well. The advantage of all the alternative methods discussed here is that they do
not require one to change the underlying functional form, so they can be easily implemented,
with some aveats.

3.1 Recoding into One Attribute with Many Levels

One method for modeling a set of binary attributes is to code them into one attribute with
many levels. For example, 3 binary attributes A, B, C can be coded intelewne attributeA,
B, C, AB,AC, BC, ABC(or an 8level, if none is included as a level). This gives complete
control over how much value each combination of benefits has. To implement it, you would also
need to add six constraints:

I AB>A
I AB>B
I AC>A
T AC>C
T ABC>AB
I ABC >AC

With only 2i 3 attributes, this method works fine. It adds quite a few more parameters to
estimate, but is very doable. When we get to 4 binary attributes, we need to make 4615
level attribute with 28 constraints. That is more levels and constraints thstwit feel
comfortable including in the model. With 5 attributes, things are definitely out of hand, requiring
an attribute with 31 or 32 levels and many constraints.

While this method gives one complete control over every possible combination,tivesryo
parsimonious, even with 4 binary attributes. My recommendation is to use this approach only
when you haveiZ binary attributes.

3.2 Adding Interaction Effects

A second approach is to add interaction terms. For example, if one is combining aitribute
and B, the resulting utility is A + BAB, where the last term is an interaction value that
represents the diminishing returns. When AB is 0, there is no diminishing.
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It is not clear how this works with more attributes. With 3 binary attributes A, BieGotal
utility might be A+ B + G- (AB + AC + BC + ABC). But notice that we have lots of interactions
to subtract. When we get to 4 attributes, it is even more problematic, as we have 11 interactions
to subtract out. If we use all possible interaasiove wind up with one degree of freedom per
level, just as in the margveled attribute approach, so this method is like that of 3.1 in terms of
number of parameters. One might reduce the number of parameters by only subtracting the
pairwise interactios, imposing a little more structure on the problem. Even pairs alone can still
be quite a few interactions, however.

The bigger problem with this method is how to make the constraints work. We must be
careful not to subtract out too much for any specibimbination. Otherwise, it will appear that
we add a benefit, and actually reduce the uti
complex constraints. So we need constraints like (A+ B + C) > (AB + AC + BC + ABC). Each
interaction term will benvolved in many such constraints. Such a complex constraint structure
will most likely have a negative impact on estimation. | see no value in this approach, and
recommend the previous recoding option in 3.1 as much easier to implement.

3.3 Adding One or More Variables for Number of ltems

The basic idea of this approach is like that of subtracting interactions, but using a general
term for the interactions based on the number of binary items, rather than estimating each
interaction separately. So for twtirdbutes A and B, the total utility would be:

A+ B -k, and for 3 attributes it might be
A+B+C-2k

In this case, k represents the amount we are subtracting for each additional benefit. With 5
benefits, we would be subtracting 4k. The modeling ire®ladding an additional variable to the
design code. This new variable counts the number of binary attributes in the alternative. So an
alternative with 5 binary attributes has a new variable with a value of 4 (we use number of
attributes- 1). The value lcan be estimated just like any other beta in the model, constrained for
the proper sign.

One can even generalize the approach by making itinear, perhaps adding a squared
term for instance. Or we can make the amount subtracted vary for each nubdreefas. So
for two attributes:

A+ B -m, and for 3 attributes it might be
A+B+C-n

In this very general case, we model a specific value for each number of binary attributes,
with constraints applied so that we subtract out more as the numhgiteftes increases (so n >
m above). The number of additional parameters to estimate is the range of the number of
attributes in an alternative (minus 1). So if the design shows alternatives ranging from 1 binary
benefit to 9, we would estimate 8 addibparameters, ordinally constrained.

| think this approach is very clever, and in some cases it may work. The general problem |
have with it is that it can create reversals. Take the simple case of two binary attributeskA + B
In that case, k shoulcetsmaller than A or B. The same applies to different pairs of attributes. In
the case of C + Bk, we want k to also be less than C or D. In general we want k to be less than
the minimum value adll the binary attributes. Things get even more complicatesh we turn
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to 3 attributes. I n the end, l 6m not certain
accept reversals. In the results section, | will show the degree to which reversals occurred using
this method in my data sets. This is rmsay that the method would never be an improvement

over the base model, but one should be forewarned about the possibility of reversals.

Another disadvantage of this method is that shrinkage is purely a function of the number of
items. Given 3 items, oneill always subtract out the same value regardless of what those items
are. In contrast, the nested logit shrinks the total utility based on the actuaSoetath the
nested formulation, 3 items with low utility are shrunk less than 3 items with tiiigy in
proportion to their scaldyased on their relative size to each othrd the shrinkage cannot
exceed the original effectBasing shrinkage on the actual betas is most likely better than
shrinkage based solely on the number of items. Thatsaking shrinkage a function of the
betas does impose more difficulty in estimaficentopic we turn to in the next section.

4. ESTIMATION OFNESTELA TTRIBUTEORMULATION(LATENTC LASSENSEMBLES AND
HB)

Recall that the proposed formula for a nest of atteb 1 through n, with corresponding
betas Band indicators Xs:

U = [(x1B1) "+ (x2B2) 2+ ... +(X,Bn)Y?]%, whereab (0,1], B >=0

In the results section, we estimated this model using Latent Class Ensembles. This method
was developed by Kevindttery and presented in detail in an AMA ART Forum 2013 paper,
Almproving Latent Class Conjoint Predictions With Nearly Optimal Cluster Ensembles As we
mention there, the algorithm is run using custom SAS IML code. We give a brief description of
the mehod below.

Latent Class Ensembles is an extension of Latent Class. But rather than one Latent Class
solution, we develop many Latent Class solutions. This is easy to do because Latent Class is
subject to local optima. By using many different starting goamid relaxing the convergence
criteria (max LL/min LL > .999 for last 10 iterations), we create many different latent class
solutions. These different solutions form an ensemble. Each member of the ensemble (i.e., each
specific latent class solution) giva prediction for each respondent. We average over those
predictions (across the ensemble) to get the final prediction for each respondent. So if we
generate 30 different Latent Class solutions, we get 30 different predictions for a specific
respondent,rad we average across those 30 predictions. This method significantly improves the
predictive power versus a single Latent Class solution.

The primary reason for using Latent Class Ensembles is that the model was easier to
estimate. One of the problems withsted logit is that it is subject to local maxima. So it is
common to estimate nested logits in three steps:

1) Assumesr =1, and estimate the betas,
2) Keep betas fixed from 1), and esti mate
3)Using betas and & from 2) as starting p

We employed this same thrstep process in the latent class ensemble approach. So each
iteration of thedtent class algorithm required three regressions for one segment, rather than one.
But other than that, we simply needed to change the function and do logistic regression. One
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additional wrinkle is that we estimateddather thare- We then set the cotraint on1/ ato

range from 1 to 5. Using the inverse broadens the range of what is being estimated, and makes it
easier to estimate than the equivalerdanging from .2 to 1. In some cases | have cafipeet

10 rather than 5. If one allovi$ ato gd too large, it can cause calculation overflow errors. At .2,

the level of shrinkage is quite close to that one would find at the limit of O.

Our intent was to also use the nested formulation within HB. That however proved to be
more difficult. Simply chaging the functional form and constrainingaidid not work at all. HB
did not converge, and any result we tried performed more poorly than the traditiomedsted
formula. We tried estimation first using our Maritz specific HB package in SAS and then also
using the R package ChoiceModelR. Botlihefse had to be modified for the custom function.

One problem is thakis not a typical parameter like the betas. Insteéslsomething we
apply to the betas in exponential form. So within léBhould not be included in the covariance
matrix of betasln addition, we should draw from a separate distributiomforcluding a
separate jumping factor in the Gibbs sampler. This then raises the question of order of estimation,
especially given the local optima that nested functions often have. My recalatoans as
follows:

1) Esti mate the betas without & (assume & =1)
2) Esti mat e 1/ aattnbste vargnce nafix, assuminglfixed betas from above

3y Esti mate betas and 1/ & starting with covar
matrix in 2)

We have not actually programmed this estimation method, but offer it as a suggestion for
those who would like to use HB. It is clear to us that one needs, at the very least, separate draws
and covariance matrices for betas ara The three steps above ogoize that and adopt the
conservative null hypothesis thaill be 1, moving away from 1 only if the data support that.
The three steps parallel the three steps taken in the Latent Class ensembles, and the procedure of
nested logit more generally: seqtial, then simultaneous. My recommendation would be to first
do step 1 across many MCMC iterations until convergence, estimating betas only for several
thousand iterations. Then do step 2 across many MCMC iterations, estimdtinglly, do step
3, whidh differs from the first two steps in that each iteration estimates new betas and then new
as.

5. BEMPIRICALRESULTS

Earlier we showed the results for the standard utility HB model. When we apply the nested
attribute utility function (estimated with Late@Gtass ensembles), we get the following result. We
show the new nested method just to the right of the standard method that was shown in the
original figure:
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The nested formulation not only shows a reduction in error, but resmowst of the number
of item bias. The error is now almost evenly distributed across the relative number of items.

The data set above is our strongest case study of the presence of item bias. We believe there a
few reasons for this, which make this datassgnewhat unique. First, this study only measured
binary attributes. Most conjoint studies have a mixture of binary andbimany attributes. When
there is error in the nebinary attributes, the number of attributes bias is less apparent.

A second reasois that this study showed exactly two alternatives. This makes it easy to plot
the difference in the number of items in each task. If alternative A showed 4 binary attributes and
alternative B showed 3 binary attributes, the difference is +1 for Alafod B. In most of our
studies we have more than 2 alternatives. So the relative number of binary attributes is more
complicated. The next case study had a more complex design, with 3 alternatives and both binary
and nonrbinary attributes. Here is a sampdesk:
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In this case, we estimated the relative number of binary attributes by subtracting from the
mean. The mean number of binary attributes in the example above is (5+2+1)/3 = 2.67. We then
subtract the mean from the number of binary attributes inataimative. So alternative 1 has
5-2.67 = 2.33 more binary attributes than average. Alternative 2 ha$?2 =-.67, and
alternative 3 has 12.67 =-1.67. Note that these calculations are not used in the modeling; we
are only doing them to facilita plotting the bias in the results.

The chart below shows the results for eachample task. The correlation is .33, much
higher than it should be; ideally, there should be no relationship here.
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The slope of the line is 2.4%hich means that each time we add an attribute we are
overstating share by an average of 2.4%. This assumafiexri@ative scenario. With two
alternatives that slope would likely be higher. Clearly there is systematic bias. It is not as clean as
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the fird example, in part because we have noise from other attributes as well. Moreover, we
should note that this isdsample share. Ideally, one would like -@mftsample tasks, which we
expect will show even more bias than above. If you see the bsasnple i is even more likely

to be found oubf-sample.

Using the new model, the slope of the line relating relative number of attributes to error in
share is only 0.9%. This is much closer to the desired value of 0. We also substantially reduced
the mean absoleaterror, from 5.8% to 2.6%.
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The total sample size for this case study was 1,300. 24.7% of those respondertsfihd a
meaning no diminishing returns for them. 34.7% haef.2, the smallest used in this model.
The remaining 40.7% had a median of .41, seteues skewed lower. The chart below shows
the cumulative percentage ®¥alues, flipped at the media@learly there were margyvalues
significantly different from 1.
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We also fit a model using the method discussegkction 3.3, adding a variable equal to the
number of binary attributes minus 1. This offered a much smaller improvement. The slope of the
line bias was reduced from 2.4% to 1.8%. So if one is looking for a simple approach that may
offer some help in ragting systematic error, the section 3.3 approach may be worth considering.
However, we remain skeptical of it because of the problem of reversals, which we discuss below.

One drawback to the number of binary attributes method is reversals. These occtitevhen
constant we are subtracting is greater than the beta for an attribute. Properly fixing these
reversals is extremely difficult. One attribute, Gift Shop Discount, showed a reversal at the
aggregate level. On its own, it added benefit, but when youdatitteany other existing binary
attribute the predicted result was lower. Clearly, this would be counterintuitive, and need to be
fixed in such a model.

It turns out that every one of the 24 binary attributes had a reversal for some respondents,
usingte met hod i n 3. 3. I n addition to AGIi ft Shop
for over 40% of the respondents. This is clearly an undesirable level of reversals, and could show
up as reversals in aggregate calculations for some subgroupBisH&ason, we remain
skeptical of using this method. The nested logit formulation never produces reversals.

6. NOTES ON THEDESIGN OFBINARY ATTRIBUTES

While the focus of this paper has been on the modeling of binary attributes, there are a few
crucial canments | need to make about the experimental design with sets of binary attributes.
After presenting initial versions of this paper, one person exclaimed that given a set of say 8
binary attributes, they like to show the same number of binary attributeshnalternative and
task. For example, the respondent will always see 3 binary attributes in each alternative and task.
This makes the screen look perfectly square, and gives the respondent a consistent experience.
Of course, It alce anewnsu mbear wofnddt throitbhut e bi e
bias is not there; we are just in denial.

In addition to avoiding (but not solving) the issue, showing the same number of binary
attributes is typically an absolutely terrible idea. If one alwaysvst®binary attributes, then
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your model can only predict what happens if each alternative has the same number of binary
attributes. The desi

anything about 2 binary vs. 3 binary vs. 4 etc.

agn

i s

i nadequate to

ma k e

To explain this point, consider the following 3 alternative tasks, with the betas shown in the

cells:

Non-Binaryl
Non-Binary2
Binary 1
Binary 2
Binary 3

Binary 4
Binary 5

Utility

Exponentiated U
Probability

Now what happens if we add 2 to each binary attribute? We get the values below:

1.0 -3.0 20
15 15 -0.5
4.0 4.0
2.5 2.5
2.2 2.2
3.2 3.2
2.8
11.2 8.5 9.4
73,130 4,915 12,088
81.1% 5.5% 13.4%

The final predictions are identi¢dh fact, we can add any constant value to each binary
attribute and get the same prediction. So given our design, each binary attribute is really Beta +
k, where k can be anything. In general this is really bad because the choice of k makes a big
difference when you vary the number of attributes. Comparingen2 alternative with a 5
alternative item results in a 3k difference in utilities, which leads to a big difference in estimated

shares or probabilities. The value of k matters in the simulations, bt h e

design

wonot

estimate it! The only time this design is not problematic is when you keep the number of binary
attributes the same in every alternative for your simulations as well as in the design.

To do any modeling on how a mixed number iofaby attributes works, the design must also

have

a mi xed

number

of

bi

nary

attri

but es.

trying to account for diminishing returns. In general, we recommend you have as much

126

Thi



variability in your design asop want to simulate. Sometimes this is not reasonable, but it should
always be the goal.

One of the more common mistakes conjoint designers make is that they will let each binary
attribute be randomly present or absent. So if one has 8 binary attribagtsfrthe alternatives
have about 4 binary attributes. Very few, if any tasks, will show 1 binary attribute vs. 8 binary
attributes. But it is important that the design show this range of 1 vs. 8 if we are to accurately
model this extreme difference. Mgaommendation is to create designs where the range of
binary attributes varies from extreme to small, and evenly distribute tasks across this range. For
example, each respondent might see 3 tasks with extreme differences, 3 with somewhat extreme,
3 moderag, and 3 with minimal differences. The key is to get different levels of contrast in the
relative number of binary attributes if one wants to detect and model those kinds of differences.

7. CONCLUSION

The correlation of effects among attributes in a conjsiudy means that our standére
b »may not be adequate. One way to deal with that correlation is to borrow the formulation of
nested logit, which was meant to deal with correlated alternatives. More specifically, the utility
for a nest of attributes 1 . . . n was defined as:

U = [(x1B1)"*+ (x2B2) "+ ... +(xaBr)"1*

Employing that formulation in HB has its challenges, as one should specify separate draws
and covariance matrices for the betas @ale recommended a three stage approach for HB
estimation:

1) Esti mate bébasuwiet bougtl) a

2) Estimate 1/ & wusing its own 1 attribute var
3y Esti mate betas and 1/ & starting with covar
matrix in 2)

While we did not validate the nested logit forntida in HB, we did test a similar three step
approach using the methodology of latent class ensembles: sequential estimation of betas,
followed by estimation odand then a simultaneous estimation. The nested attribute model
estimated this way significdgitreduced the overstatement of share that happens with the
standard model when adding correlated binary attributes.

In this paper we have only discussed grouping all of the binary attributes together in one nest.
But of course, that assumption is moseliktoo simplistic. In truth, some of the binary attributes
may be correlated with each other, while others are not. Our next steps are to work on ways to
determine which attributes belong together, and whether that might vary by respondent.

There are seval possible ways one might group attributes together. Judgment is one
met hod, based on oneds conceptual under standi
cases, our judgment may even structure the survey design, as in this example:
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Another poswility is empirical testing of different nesting models, much like the way one
tests different path diagrams in PLS or SEM. We also plan to test rating scales. By asking
respondents to rate the desirability of attributes we can use correlation matiicesiable
clustering to determine which attributes should be put into a nest with one another. As noted in
the paper, one might even create hierarchies of nests, as one does with nested logits.

We have just begun to develop the possibilities of nestedlated attributes, and welcome
further exploration.

Kevin Lattery
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RESPONDENHETEROGENEITWERSIONEFFECTS ORSCALE?
A VARIANCE DECOMPOSITION OFHB UTILITIES

KEITHCHRZAN
AARON HiLL
SAWTOOTHSOFTWARE

INTRODUCTON

Common practice among applietarketing researchers is to analyze discrete choice
experiments using Hierarchical Bayesian multinomial logit{MBL). HB-MNL analysis
produces a set of respondapiecific parworth utilities which researchers hope reflect
heterogeneity of preferencesiang their samples of respondents. Unfortunately, two other
potential sources of heterogeneity, version effects and utility magnitude, could create preference
irrelevant differences in pavtorth utilities among respondents. Using data from nine
commerciakhoice experiments (provided by six generous colleagues) and from a carefully
constructed data set using artificial respondents, we seek to quantify the relative contribution of
version effects and utility magnitude on heterogeneity ofwarth utilities. Any heterogeneity
left unexplained by these two extraneous sources may represent real differences in preferences
among respondents.

BACKGROUND

Anecdotal evidence and group discussions at previous Sawtooth Software conferences have
identified version e#cts and differences in utility magnitudes as sources of prefeirealeyant
heterogeneity among respondents.

Version effects occur when respondents who receive different versions or blocks of choice
guestions end up wittlifferent utilities. One of thauthors recalls stumbling upon this by
accident, using HB utilities in a segmentation study only to find that the-basdg segment a
respondent joined depended to a statistically significant extent on the version of the conjoint
experiment she received.

We repeated these analyses on the first five data sets made available to us. First we ran
cluster analysis on the HB utilities using the ensembles analysis in CCEA. Crosstabulating the
resulting cluster assignments by version numbers we found significattistics in three of the
five data sets. Moreover, of the 89 utilities estimated in the five models, analysis of variance
identified significant F statistics for 31 of them, meaning they differed by version.

Respondents may have larger or smalleitiesl as they answer more or less consistently or
as their individual utility model fits their response data more or less well. The first data set made
available to us produced a fairly typical finding: the respondent with the most extreme utilities
(as masured by their standard deviation) had-paotths 4.07 times larger than those for the
respondent with the least extreme utilities. As measures of respondent consistency, differences in
utility magnitude are one (but not the only) manifestation of thi $zale parameter (Ben Akiva
and Lerman 1985). Recognizing that the response error quantified by the scale parameter can

129



affect utilities in a couple of different ways, we will refer to this effect as one of utility
magnitude rather than of scale.

With evidence of both version effects and utility magnitude effects, we undertook this
research to quantify how much of betwaespondent differences in utilities they explain. If it
turns out that these explain a large portion of the differences we sedigsuditross
respondents we will have to question how useful it is to have respdegehtitilities:

1 If much of the heterogeneity we observe owes to version effects, perhaps we should keep
our experiments small enough (or our questionnaire long entughaye just a single
version of our questionnaire, to prevent version effects, for example; of course this raises
the question of which one version would be the best one to use;

1 If differences in respondent consistency explain much of our heterogdraitperhaps
we should avoid HB models and their illusory view of preference heterogeneity.

If these two factors explain very small portions of observed utility heterogeneity, however, then
we can be more confident that our HB analyses are measuringepiefdreterogeneity.

VARIANCE DECOMPOSITION OFCOMMERCIAL DATA SETS

In order to decompose respondent heterogeneity into its components we needed data sets with
more than a single version, but with enough respondents per version to give us statistical power
to detect version effects. Kevin Lattery (Maritz Research), Jane Tang (Vision Critical), Dick
McCullough (MACRO Consulting), Andrew Elder (llluminas), and two anonymous contributors
generously provided disguised data sets that fit our requirements.

The nire studies differed in terms of their designs, the number of versions and of respondents
they contained:

Study Design Number of versions Total sample size
1 5x4x3 10 810
2 23 items/14 quints 8 1,000
3 15 items/10 quads 6 2,002
4 12 items/9 quads 8 1,624
5 47 items/24 sextuple: 4 450
6 90 items/46 sextuple: 6 527
7 8x &#x3'x2 2 5,701
8 5°x 4°x ¥ 10 148
9 4 x 3°x 2 + NONE 6 1,454

For each study we ran the HNBNL using CBC/HB software and using settings we expected
practitioners wouldise in commercial applications. For example, we ran a single HB analysis
across all versions, not a separate HB model for each version; estimating a separate covariance
matrix for each version could create a lot of additional noise in the utilities.abr, age ran the
CBC/HB model without using version as a covariate: using the covariate could (and did)
exaggerate the importance of version effects in a way a typical commercial user would not.

With the utilities and version numbers in hand we next neadedasure of utility
magnitude. We tried four different measures and decided to use the standard deviation of a
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r es p o n d-evarth dtistiespTdis rmeasure had the highest correlations with the other
measures; all were highly correlated with one arrptimvever, so the results reported below are
not sensitive to this decision.

For variance decomposition we considered a variety of methods but they all came back with
very similar results. In the end we opted to use analysis of covariance (ANCOVA). ANCOVA
guantifies the contribution of categorical (version) and continuous (utility magnitude) predictors
on a dependent variable (in this case a givenyarth utility). We ran the ANCOVA for all
utilities in a given study and then report the average cotitibof version and utility magnitude
across the utilities as the result for the given study. The variance unexplained by either version
effect or utility magnitude may owe to respondent heterogeneity of preferences or to other
sources of heterogeneity riotluded in the analysis. Because of an overlap in the explained
variance from the two sources we ran an averaguggorderings ANCOVA to distribute the
overlapping variance.

So what happened? The following table relates results for the nine studfes #edaverage
across them.

Study Design Number  Total Variance Variance  Variance
of sample (magnitud¢ (version) (residual)
versions  size (%) (%) (%)

1 5x&x3 10 810 6.2 4.9 88.9

2 23 items/14 quints 8 1,000 8.0 1.1 90.9

3 15 items/10 quads 6 2,002 6.4 0.1 93.5

4 12 items/9 quads 8 1,624 10.3 1.1 88.6

5 47 items/24 sextuple 4 450 7.9 0.7 91.4

6 90 items/46 sextuple 6 527 17.0 1.2 81.8

7 8x #x3*x2 2 5,701 7.3 0 92.7

8 5°x 4 x 3 10 148 27.8 3.3 68.9

9 4*x Fx 2 + NONE 6 1,454 6.7 1.1 92.2

Mean 10.8 1.4 87.8

On average, the bulk of heterogeneity owes neither to scale effects nor to utility magnitude
effects. In other words, up to almost 90% of measured heterogeneity may reflect preference
heterogeneity among respondentersion has a very small effect on utilifestatistically
significant, perhaps, but small. Version effects account for just under 2% of utility heterogeneity
on average and never more than 5% in any study.

Heterogeneity owing to utility magnitudes exipls moré about 11% on average and as
high as 27.8% in one of the studies (the subject of that study should have been highly engaging
to respondents they were all in the market for a newsy technology product; the same level of
engagement should also haeeh present in study 7, however, based on a very high response
rate in that study and the importance respondents would have placed on the topic). In other
words, in some studies a quarter or more of observed heterogeneity may owe to the magnitude
effects hat reflect only differences in respondent consistency. Clearly magnitude effects merit
attention and we should consider removing them when appropriate (e.qg., for reporting of utilities
butnotinsimulae or s) t hrough scal i ng-cehtareddiffsSawt oot h Sof
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IS THERE A MECHANICAISOURCE OF THE VERSNEFFEC?

It could be the version effect is mechanicalbomething about the separate versions itself
causes the effect. To test this we looked at whether the version effect occurs among artificial
respondents with additive, magffects utilities: if it does, then the effect is mechanical and not
psychological.

Rather than start from scratch and create artificial respondents who might have patterns of
preference heterogeneity unlike those of humaesstarted with utility data from human
respondents. For a worsase analysis, we used the study with the highest contribution from the
version effect, study 1 above. We massaged t h
utilities so that altespondents had the same magnitude of utilities (the same standard deviation
across utilities) as the average of human respondents in study 1. In doing this we retain a realistic
humangenerated pattern of heterogeneity, at the same time removingratlifyitude as an
explanation for any heterogeneity. Then we added logit choiceounlgstent independently,
identically distributed (i.i.d.) errors from a Gunhlokstribution to the total utility of each
alternative in each choice set for each respon®émtiad our artificial respondents choose the
highest utility alternative in each choice set and choice sets constituted the same versions the
human respondents received in Study 1. Finally, we rasMNR to generate utilities.

When we ran the decompositidescribed above on the utilities trexsion effectyirtually
disappeared, with the variance explained by version effects falling from 4.9% of observed
heterogeneity for human respondents to 0.04% among the artificial respondents. Thus a
mechanical soge does not explain the version effect.

DO CONTEXT EFFECTS BKAIN THE VERSION EECT?

Perhaps context effects could explain the version effect. Perhaps some respondents see some
particular levels or level combinations early in their survey and they atisgvegmainder of the
survey differently than do respondents who saw different initial questions.

At the conference the suggestion came up that we could investigate this by checking whether
the version effect differs in studies wherein choice tasks appeamdom orders versus those in
which choice tasks occur in a fixed order. We went back to our nine studies and found that three
of them showed tasks in a random order while six had their tasks asked in a fixed order within
each version. It turned out thetudies with randomized task orders had slightly smaller version
effects (explaining 0.7% of observed heterogeneity) than those with tasks asked in a constant
order in each version (explaining 1.9% of observed heterogeneity). So the order in which
respoments see choice sets may explain part of the small version effect we observe. Knowing
this we can randomize question order within versions to obscure, but not remove, the version
effect.

CoNcCLUSIONSD ISCUSSION

The effect of version on utilities is ofteigsificant but invariably small. It accounts for an
average under 2% of total observed heterogeneity in our nine empirical studies and in no case as
high as 5%. A much larger source of variance in utilities owes to magnitude differences, an
average of almst 11% in our studies and nearly 28% in one of them. The two effects together
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account for about 12% of total observed heterogeneity in the nine data sets we investigated and
thus do not by themselves explain more than a fraction of the total heterogemeivgerve.

We would like to say that this means that the unexplained 88% of variance in utilities
constitutes true preference heterogeneity among respondents but we conclude more cautiously
that true preference heterogeneity or as yet unidentified scafreasance explain the
remaining88%. Some of our simulation work points to another possible culprit: differences in
respondent consistency (reflected in the logit scale factor) may have both a fixed and a random
component to their effect on respondbtel utilities. Our analysis, using utility magnitude as a
proxy, attempts to pull out the fixed component of the effect respondent consistency has on
utilities but it does not capture the random effect. This turns out to be a large enough topic in its
ownright to take us beyond the scope of this paper. We think it best left as an investigation for
another day.

Keith Chrzan Aaron Hill
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FUSING RESEARCHDATA WITHSOCIAL MEDIA MONITORING TO
CREATEVALUE

KARLAN WITT

DEBPLOSKONKA
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OVERVIEW

Many organizations collect data across multiple stakeholders (e.g., customers, shareholders,
investors) and soaes (e.g., media, research, investors), intending to use this information to
become more nimble and efficient, able to keep pace with rapidly changing markets while
proactively managing business risks. In reality, companies often find themselves drowning i
data, struggling to uncover relevant insights or common themes that can inform their business
and media strateg¥he proliferation of social mediand the accompanying volume of news and
information,has added a layer of complexity to tleeadyoverwhelmingrepositoryof datathat
organizationsaremining So t he data is fibigo |l ong before -
and insights are seen. Attempts to analyze data streams individually often fail to uncover the
most relevant insights, as the rigisig information typically remains in its original silo rather
than informing the broader organization. When consuming social media, companies are best
served byfusing social medidatawith data from other sources to uncover cohesive themes and
outcomeghat can be used to drive value across the organization.

USING DATA TOUNLOCK VALUEIN AN ORGANIZATION

Companies typically move through three distinct stadetata integratioms they try to use
data to unlock value in their organization

Stages of Datdntegration

Translate
2 datainto
information

Most organizations stop here, never reaching a
point where data driven strategies are leveraged
to create value

Stage 1: Instill Appetite for Data

This early stage often begins with executive
t o our In&tage b, eosnpanigrvelop an appetite for data, but face a number of
challenges putting thaéata to work. Tie richness and immediacy of social media feedback
provides opportunity for organizations to quickly identify risks to brand health, opportunities for
customer engagement, anti@t sources of value creationaking the incorporation of siat
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media data an important component of business intelligétma&everthese gplosively rich
digital channel®ften leavecompaniesirowning in data

With over 300 million Facebook users, 200 million bloggers, and 25 million Twitter users,
companies cano longer control the flood of information circulating about their firms.
Translating data into metrics can provide some insights, but organizations often struggle with:

1 Interacting with the tools set up for accessing these new data streams;

1 Gaining a clar understanding of what the metrics mean, what a strong or weak
performance on each metric would look like, and what impact they might represent for
the business; and

1 Managing the volume of incoming information to identify what should be escalated for
potential action.

To address these challenges, data streantfteredriven into silos of expertis&ithin an
organization. In Stage 1 firms, the silos, such as Social Media, Traditional Media, Paid Media
Data, and Research, seldom work closely togethertold g al | t he organi zati
Data potential. Insteaché periodic metricklom a silo such as social medrsumber of blogs,
tweets, news mentions, etc.) published by silos lack richneseemaimended actigteading
organizationstoréai z e t h e ylatagheyn@dadnfanneagod.

Stage 2: Translate Data into Information

In Stage 2, companies often engage external expertise, particularly in social media, in an
effort to understand how best to digest and prioritize informaliiooutsourcing the data
consumptiorand analysis, organizations may see reports with norms and additional contextual
databut st i | | Inradditidghahowghvas organization may have a more experienced
persormonitoring and condensing information, thetalhas effectively become even more
siloed with research and media expertise typically having limited interaction. Most organizations
remain in this stage of data use, utilizing dashboards and publishing reports across the
organization, but never trulynderstanding howrganizations faced with an influx data can
intelligently consume information wrive value creation

Stage 3: Create Value

Organizationghat move to Stagef@sesocial media metrics with other research data
streamgo fully inform their media strategy and other actions they might féke following
approach outlines fowsteps a company can take to help turn their dataattonable
information.

1. Identify Key Drivers of Desired Business Outcomes Using Market Researcin
t o d a gbally cognpetitive environment, company perception is impacted by a broad
variety of stakeholders, each with a different focus on what matters. In this first step,
organizations can identify the Key Performance Indicators (attributes, value propositions,
core brand values, etc.) that are most important to each stakeholder audience. From this,
derived importance scores are calculated to quantify the importance of each KPI.

As seen below, research indicates different topics are more or less importargrendiff
stakeholders. This becomes important as we merge this data into the social media
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monitoring effort. As spikes occur in social media for various topics, a differential
response by stakeholder can occur, informed by the derived importance from research

Example: Topic Importance by

Stakeholder
Betas
Stakeholder|Stakeholder|Stakeholder |Stakeholder|Stakeholder|Stakeholder|Stakeholder|Stakeholder
Topic #1 #2 #3 #4 #5 #6 #7 #8
Topic#1 A11 .098 A75 135 .035 .085
Topic#2 152 127 108 197 161 180
Topic#3 155 .030 .096 .085 104 .081 008 045
Topic#4 120 129 083 035 .028 130 056
Topic#5 061 075 A71 022 051 .070 182 139
Topic#6 .060 118 .026 149 149 104
Topic#7 100 048 .039 160 109 101 132 183
Topic#8 .095 .057 .038 .022 071 029
Topic#9 037 043 .024 027
2. ldentify Thresholds:Once t he i mportance scores fo

organizations must identify thresholds for each audience segment.

Al ternat

v e

Approaches f

or Sett

ng

1. Set a predefinethreshold, e.g., 10,000 mentions warrants attention.

2. Compare to past data. Set a multiplier of the absolute number of mentions
over a given time period, e.g., 2x, 3x; alternatively, use the Poisson test to
identify a statistical departure from the expected

3. Compare to past data. If the distribution is normal, set alerts for a certain
number of standard deviations from the mean, if not use the 90th or 95th
percentile of historical data for similar time periods.

4. Model historical data with time series analyseaccount for trends
and/or seasonality in the data.

From this step, organizations should also determine the sensitivity of alerts based on
individual client preferences.
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AHIi gho Sensitivity Alerts are for aynaty ti me
have significant business impacts.
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3. Media Monitoring: Spikes in media coverage are often exagmiten, and by coding
incoming media by topic dheme, clients can be cued to which topics may be spiking at
any given moment. In the example below, digital media streams from Forums, Facebook,
YouTube, News, Twitter, and Blogs are monitored, with a specific focus on two key
topics of interest.

Example: Media Monitoring by Topic

18,000
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10,000 -

8,000 -

)
c
=]
=
c
(]
=
®
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(=]
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C————————————— DailyVolume =~ @ ——————————— ———— >

—Total Media Topic#l ——Topic #7

Similarly, information can be monitored by topic on a dashboard, with topic volume
spikes triggering alerts delivered according to their importance, as in the example below:

@sorco rovsmaes
v Toptevel Views | QUSEIEVECIERNE S Low Sensivity & -]

View By Driver

Topic #1 Topic #2 Topic #3

Topic #5 Topic #6

Topic #7 Topic #8 Topic #9

Low Mid High

>
>
>
>
[
>
[
>
S

rformation Group LLC. Al Rights Reser et

Data for lilustrative Purposes Only
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Although media monitoring in this instance is gptby topic, fusing research data with

social media data allows the importance to each stakeholder group to be identified, as in

the example below:

@ sor<Co roustaes
—

¥ TopLevel Views ‘

Recent Media Alerts

Low Sensitivity [-]

View By Stakeholder

Current Alert
Level

Vendor

53

o5

Low Mid High

INTERACTOR

Data for lilustrative Purposes Only

Employee
&
&m “uge

4 Model

I mp a cRollowing arkeRentposganizations can model the impact on the

Key Performance Indators by audience. Analyzing pr@nd postevent measures across

KPIs will help to determine the magnitude of any impact, and will also help uncover if a
specific subgroup within an audience was impacted more severely than others.
Identifying the key attbutes most impacted within the most affected-gudup would
suggest a course of action that enables an organization to prioritize its resources.

CASESTUDY

A 2012 study conducted by Cambia Information Group investigated the potential impact of
social medh across an array of KPIs among several stakeholders of interest for a major retailer.

Cambia had been conducting primary research for this client for a number of years among these

audiences and was able to supplement this research with media perfodaianaeross the

social media spectrum.

Step 1: Identify Key Drivers of Desired Business Outcomes Using

This first step looks only at the research data. The research data used is fregoargon

Market Research

tracking study that incorporates both peroaptind experientiglype attributes about this
company and top competitofsrom the research data, we find that different topics are more or
less important to different stakeholdeffie data shown in this case study is real, although the

company and atbute labels have been abstracted to ensure the learnings the company gained

through this analysis remain a competitive advantage.

The chart below shows the beta values across the top KPIs across all stakeholder groups. If
you are designing the researchaabenchmark specifically to inform this type of intelligence

system, the attributes shoul

are designing attributes for a conjoint study and it is about cars, and all competiterstumith

d be those

t hi

ngs

have equivalent safety records, safety may not make the list of attributes to be included. Choice

of color or 2 vs. 4doors might be included.
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However, when you examine the automotive industry over time with various recalls and
elements that hawsaused significant brand damage among car manufacturers, safety would be a
key element. We recommend that safety would be a variable that is included in a study informing
a company about the media and what topics have the ability to impact the firmdkgpeci
negatively). Car color and 2s. 4doors would not be included in this type of study.

Just looking at the retb-green conditional formatting of the betas on the table below, it is
immediately clear that the importance values vary within and betkeestakeholder groups.

_ Betas _
Topic Suppliers Recruits | Employees E Investors | Customers i F.I'I::lvlci:?s ch;j:rns };ﬁﬂ:g
Topic #1 A1 | 098 175 135 036 017 085
Topic #2 20 s | o1 | 108 197 217 161 180
Topic #3 455 [NNOSON 036 | 085 | 104 | 081 | 098 | 045
Topic #4 120 129 | o3 [PEEE 130 056
Topic #5 061 | I I o1 | on 182 139
Topic #6 w0 | 11 [N o6 | M3 | s 016 104
Topic #7 | 100 | o4 | 03 | 160 | 1095 | 101 132 [
Topic #8 035 | o057 | o3z OREEEEEEEE o1 | e
Topic #9 037 043 024 027

Strongest Beta

Step 2: Identify Thresholds for Topics

The second step moves from working with the research data to working with the social media
data sources. The goal of this step is to develop a quantitative measure of social media activity
ard set a threshold that, once reached, can trigger a notification to the client. This issaepulti
process. For this data set, we used the following methodology:

1. Relevant topics are identified to parallel those chosen for the research. Social media
monitoring tools have the ability to listen to the various channels and tag the pieces that
fall under each topic.

2. Distributions of volume by day by topic were studied for their characteristics. While
some topics maintained a normal distribution, others did@ieen the lack of normality,
an approach involving mean and standard deviation was discarded.

3. Setting a pralefined threshold was discarded as too difficult to support in a client
context. Additionally, the threshold would need to take into accounhdneasing
volume of social media over time.

4. Time series analyses would have been intriguing and are an extension to be considered
down the road, although it requires specialized software and a client who is comfortable
with advanced modeling.

5. Distributionsby day evi dencedbbwdnlhe aweekerdg highér ongleet t e r n
weekdays. Thresholds need to account for this differential. Individuals clearly engage in
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social media behavior while at wd@rkor more generously, perhaps as part of their role at
work.

6. For an approach that a client could readily explain to others, it was settled on referencing
the median of the nenormal distribution, and from this point forward taking the 90th or
95th percentile and flagging it for alerts. Given that some clienyswish to be notified
more often, an 85th percentile is also offered. Cuts were identified for both weekday and
weekend, and to account for the rise in social media volume, reference no more than the
past 6 months of data.

T R .
B ecan v Max StdDev Top5%ile  Median Min Max  StdDev Top 5%ile
14422 3375 148123 15963 19500 119950 64482 257310 38514 146300
11498 2126 26352 5258  17.200 83608 42450 147078 21930 104,000

So the thresholds were set ujthathe high (8% percentile) and low ($5percentile)
sensitivity levels. For our client, a managgrel team member received all higlnsitivity
notifications (high sensitivity as described earlier means it detects every small movement and
sends a rniece). Senior staff received only low sensitivity notices. Since these were only the top
5% of all events, these were hypothesized to carry potential business implications.

Step 3: Media Monitoring

This step is where the research analytics and the soethhranalytics come together. The
attributes measured in the research and for which we have importance values by attribute by
stakeholder group are aligned with the topics that have been set up in the social media
monitoring tools. Because we were dealwith multiple topics across multiple stakeholder
groups, we chose to extend the online reporting for the survey data to provide a way to view the
status of all topics, in addition to the email alerts.
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Looking at this by topic (topics are equivalenttoiatrut es, | i ke fAsafetyo),
status of each, such as the view below:

The specific way these are shown can be incorporated in many different ways depending on
the systems available to you.

Step4: Mo d e | Il mpact on KPI &8s

Although media monitong is set up by topic, the application of the research data allows the
importance to each stakeholder group to be identifiscan example, a spike in social media
about low employee wages or other fair labor practice violations might have a negatiee impa
on the employee audience, a moderate impact on customers, and no impact on the other
stakeholder groups.
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