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FOREWORD

These proceedings are a written report offthueteenth @wtooth Software Conference, held
in Delray Beach, Florida, March 257, 2009. As a new element this year, our 2009 conference
was combined with the second Conjoint Analysis in Healthcare Conference, chaired by John
Bridges of Johns Hopkins University.ofference sessions were held at the same venue, and ran
concurrently. The presentations of the healthcare conference are published in a special edition of
The Patiers Patient Centered Outcomes Research.

The focus of the Sawtooth Software Conference coa$irio be quantitative methods in
marketing research. The authors were charged with delivering presentations of value to both the
most sophisticated and least sophisticated attendees. Topics included designing effective web
based survey instruments, ct@iconjoint analysis, MaxDiff, cluster ensemble analysis, and
hierarchical Bayes estimation.

The papers are in the words of the authors, with generally very little copy editing done on our
part. We are grateful to the authors who sacrificed time and efforaking this conference one
of the most useful and practical quantitative methods conferences in the industry. While

preparing this volume takes significant effor

years to come.
Sawtooth Software
August, 2009
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SUMMARY OF HNDINGS

The fourteentiSawtooh Software Conference was heldelray Beach, FloriddVarch 25
27, 20®. The summarieBelowcapture some of the nmapoints of the presentations and
provide a quick overview of the articles available withirs##009Sawtooth Software
Conference Prazdings.

To Drag-n-Drop or Not? Do Interactive Survey Elements Improve the Respondent
Experience and Data Quality?(Chris Goglia and Alison Strandberg Turner, Critical Mix
Interactive survey elements programmed in Flash are increasingly being usekéty mar
researchers for welbased surveys. Examples include sliders and-analgirop sorting
exercises. Chri sd pr e sisterdctvd sureepelementsafle d on wh
respondent attention, participation and resulting data quality in areanlrveyHe and his co
authorexamined completion speed, statistical differences between responses, stated satisfaction
with the questionnair@nd verbatim feedbacknteractive questions took longer, provided
almost identical responses, and resulteslightly lower respondent satisfaction. Chris
mentioned that many individuals are now accessing the internet via smart phones, but the top
selling phones currently dondt support FIl ash.
some clients have tase fancier FlasBtyle versions of standard questiontypg@s] u st because
you can do somet hi ng hedcaugosead.0Tthat saiel,despecwdated thathforu | d
certain audiences (especially the young and technologically savvy), sliders arshddagp
may make sense and be more defensible from a resgaatity standpoint. And, there are other
ways to increase the polish and engaging quality of interviews (via skins, styles, and perhaps
even adding a graphic of a person on the page) thaimpaigve the experience for general
respondent groups without having much impact on data quality and time to complete.

Design Decisions to Optimize Scale Data for Brand Image StudiéB@eb Ploskonka,
Cambia Information Group, Raji Srinivasarhe Universityof Texas at Austin Researchers
approach common scaling exercises in different ways. For example, there are different ways to
ask respondents to rate brands on multiple dimensions, and decisions regarding these scales can
have a significant effect onelresults. Should a horizontal scale run from low to high, or from
high to low? Although a literature review suggested that market researchers tend to orient the
high point of the scale on the left, the audience at the Sawtooth Software conferengby a
of hands) indicated that riglstde placement was more prevalent. Deb presented results of a
study showing that respondents complete questions faster when Best is on the Left, but more
discrimination of the items occurs when Best is oriented oRitjlet. Next, the authors studied
whether the number of brands rated had an effect on the distribution of brand ratings. Deb and
her ceauthors observed lower scores on average when more brands are presented. This, she
cautioned, could have implicatiofe brand tracking research. The last two topics she

investigated were the effects of including a
better to ask respondents to rate branidkin-attributes or attributewithin-brands. Some
respondentver e frustrated by the | ack of a Donét K

data were not harmed by its absence. Regarding rotation of brands with attribute or attributes
within brands, the authors found that asking respondents to rate brandsawittinbute

(before moving to the next attribute) led to slightly lower multicollinearity and halo (though both
were quite high regardless).



Playing for Fun and Profit: Serious Games for Marketing DecisioAMaking (Lynd
Bacon, Loma Buena Associates andhis Sridhar, ZLINQ Solutions Lynd described how
academics and firms have begun to use games to predict, explain preferences, solve problems,
and generate ideas. These games are "purposive;” they have objectives other than entertainment
or education.Lynd reviewedrecent applications, and discadgame design principles and
deployment issuedde mentioned a few of the games that have been devised by other
researchers to study preferences, including prediction markets (trading conjoint cards or
predid i ons of future events | i ke -aBghedcokjgint. Aconj oi
Games can also be useful for generating ideas for products or services. Lynd showed how an
online platformmight work forrunning group problersolving games. To datéthe game he
described has been used for 56 rounds of the game, studying such problems as brand extensions,
attribute definition, package design improvement, and web site design.

Survey Quality and MaxDiff: An Assessment of Who Fails, and WhyAndrew Elde and
Terry Pan, llluminas Survey response quality has come under scrutireyto thevidespread
use of internet panels and the sufgrawci on surr
described someuglity metricsthat carnidentify fibadd respondentsvho answer quickly or
haphazardly.Those include time to complete, speeding, consistency checks, and straightlining.
MaxDiff modelsare especially weluited for identifying respondents who answer randomly
because of the fit statistic computed during émation of scores. Andrew and hisazghor
analyzed numerous datasets to investigateggonse characteristics that threaten survey
quality. Not surprisingly, they found that respondents who suffer from low fit in MaxDiff also
tend to exhibit wase performance on other quality measures stemming froAViagiff
guestions. What may surprise some is that respondents who do fewer surveys per month tend to
have lower fit in MaxDiff. The cohort that tends to be the worst offender in terms of survey
guality is young+male+US/Canada. The presence ofjoatity responders tends to compress
MaxDiff scores somewhat (reduce variance). Even in the presence of a moderate degree of
guality problems with the data, Andrew and hisacthor found that MaxDiffcres are
generally quite robust.

A New Model for the Fusion of MaxDiff Scaling and Ratings DatdJay Magidson,
Statistical Innovations Inc., Dave Thom&ygnovate and Jeroen K. Vermunt, Tilburg
University) A now welkknown characteristic of MaxDiff (Mamum Difference Scaling) is the
fact that since only relative judgments are made regarding the items, the items are placed on a
relative scale. Jay illustrated that one can directly compare the relative strength of each item to
the others within a segmemut it can be problematic to compare scores for individual items
directly across segments. The problem stems from potential differences in the scale factor
between segments and the fact that some segments mal thelitems are more/less preferred
than other segments (which standard MaxDiff cannot determine). Jay presented a method for
combining MaxDiff information with stated ratings in a fused model to obtain scores that no
|l onger are subject to t hes eontinuounsilaterst variable s . Jay
account for individual differences in scale us&gr the ratings, anaale factorgor both the
ratings and MaxDiff portions of the model to account for respondents who exhibit more or lesser
amounts of uncertainty in their resps@s Using a real MaxDiff dataset, Jay showed that
inferences for a standard MaxDiff model regarding the preferences for segments are different
from the model that fuses MaxDiff data with rating datay noted that the fused model he
described is avable within the syntax version of the Latent GOLD Choice program.



Benefits of Deviating from Orthogonal DesigngJohn Ashraf, Marco Hoogerbrugge, and
Juan Tello, SKIM: The authors noted that the typical orthogonal designs used in practice for
FMCG (Fast Mving Consumer Goods) CBC studies often present price variations that are at
odds with how price variations are actually done in the real world. Often, a brand has multiple
SKUSs, representing different product forms and sizes. When brands alter tesy flrey often
do so uniformly across all SKUs. The authors compared the psychological processes that may be
at work when respondents to CBC surveys see orthogonal prices that vary significantly across
SKUs within the same brands vs. CBC surveys if gri@ay in step for a brand across its SKUs.
They described these &soctuesn di -fiogc tas dippird netet ada o
behavior. A hybrid design strategy was recommended that blends aspects of pure orthogonality
with task realism of brarsd6 p r i c e-steprawoss SKlds. Thay compared results across
different CBC studies, concluding that the derived price sensitivities can differ substantially
depending on the design approach. On emver age
move instep across SKUs, and hit rates for similalgsigned holdout tasks (which the authors
argued may better reflect reality) were higher than for orthogonal array price designs..

Collaborative Panel Managemernt The Stated and Actual Preferencef Incentive
Structure (Bob FawsorandEdwardPaul JohnsanNestern Wat€enter, Inc.)Keeping
panelists engaged and satisfied with the research proceseiial to managing panels.
Western Wats employs a compensation strategy that rewards reqgomtdetiner they qualify
for a study or are disqualified. This reduces the incentive to cheat by trying to answer the
screening questions in a particular way that might lead to being qualified for a survey. Paul
discussed a research initiative at his campthatfocusedon findng effective ways to provide
costeffectiveincentives to panelists who do not qualify for a studyhey used a stated
preference CBC study to investigate different rewards and (expected value) amounts for those
rewards. They olesved actual panelist behavior over the next few months to see if the
conclusions from the CBC would be seen in actual, subsequent choices. They found that
respondents reacted much more positively to guaranteed rewards (with a small payout) rather
thanseepst akes (with a | arge payout to the few
strategy, as Western Wats currently uses a guaranteed rewards system. Though there was
generally good correspondence between CBC predictions and subsequent behaweer¢here
some systematic differences. Possible reasons for those differences were proposed and
investigated.

Achieving Consensus in Cluster Ensemble Analys{doseph Retzer, Sharon Alberg, and
Jianping Yuan, Maritz ReseanchJoe and his authors presentadrapressive amount of
analysis comparing different methods of achieving a consensus solution in cluster ensemble
analysis. Cluster ensemble analysis is not a new clustering algorithm: it is a way of combining
multiple candidate segmentation solutionsléeelop a stronger final (consensus) solution than
any of the input solutions. Joe described a few methods for developing consensus solutions that
have been proposed in the literature, including a) direct approach, b) feaseck approach, c)
pairwiseapproach, d) Sawtooth Software approach. The comparisons were made using a series
of artificial data sets where the true cluster membership was known (but where the respondent
data has been perturbed by random error). The Direct and Sawtooth Softwardsmet
performed the best, and the other two methods performed nearly as well. Joe concluded that for
ensemble analysis, the quality and diversity of the segmentation solutions represented within the



ensemble is probably more important than the method (gth@se he tested) one chooses to
develop the consensus solution.

Having Your Cake and Eating It Too? Approaches for Attitudinally Insightful and
Targetable SegmentationgChris Diener and Urszula Jones, Lieberman Research Worldwide
(LRW)): Urszula restatéthe common challengd creating segmentation solutions ticantain
segments that differ meaningfully and signifi
the fAihardero targeting vari abOftes segmesth as de mo
developed based on attitudinal or preference data do not profile well on the targeting variables.
She presented a continuum of methods from purely demographic to purely attitudinal, and
showed that as one moves along that continuum, one shifts theérfmouslean differentiation
on hard characteristics to clean profiling softer measures. The intermediate methods along the
continuum use both types of information to create a segmentation solution that has meaningful
differences on both hard and soft deristics. Examples of those middling methods that
Urszula showed wergeverse Segmentatip@anonical Correlation, arfdascent Linkage
Maximization. She and her cauthor Chris concluded that there is no perfect segmentation
approach. They recommerbhat researchers consider the main purpose for the segmentation,
the business decisions it drives, whether attitudinal or demographic differentiation is more
important, sample size, missing data, and whether a database needs to be flagged.

An Improved Method for the Quantitative Assessment of Customer PrioritiegV.
Srinivasan, Stanford University, Gordon A. Wyner, Millward Browo.)InSeenu and Gordon
described a new method that Seenu has developed with Oded Netzer of Columbia University,
calledAdaptive SeltExplicationof Multi-Attribute PreferenceASEMAP), for eliciting and
estimating the importance/preference of iteMSEMAP is an adaptive computirterviewing
approach that involves asking respondents to first-cad&r the full set of itemsypically done
in multiple stages using selection into piles, then-@maddrop within the piles). Then, it
strategically picks pairs of items and asks respondents to allocate (via a slider) a constant number
of points between the two items. The paies @osen adaptively and strategically to reduce the
amount of interpolation error of items not included in the paired comparisondineag OLS is
employed to estimate the weights of items included in the paired comparisons. The scaling of
any items noincluded in the pairs is done via interpolation based on the initial rank order.
Seenu and Gordon showed results of a study comparing constant sum scaling to ASEMAP. They
found that ASEMARrovidal higher predictive validityof holdout pairsxomparedo the more
traditional Constant Sum (CSUM) method. The mean scores showed differences between the
methods. They briefly mentioned that a similar investigation comparing ASEMAP to MaxDiff
found ASEMAP to be superior, and it takes about the same timenplei® as MaxDiff.

Tournament-Augmented Choice-Based Conjoint(Keith Chrzan and Dael Yardley,
Maritz Research)Standard CBC questionnaires follow a relativiehgfficient (nearorthogonal)
design that does not vary depending on respondent answersdeSigtis are highly efficient at
estimating all parameters of interest, but they involve asking respondents about a lot of product
concepts that are potentially far from their ideal. Additional (adaptive) choice tasks can be
constructed by retrieving angsembling winning (i.e. higher utility) product concepts from
earlier choice tasks. These customized tasks can fallewgleelimination tournamenintil an
overall winning concept is identified. Such tournaments involve comparing hughigr
conceps and thus require deeper thinking on the part of the respondent. Across two studies,
Keith and Dan omparel standardCBC to a tournamerdugmented CBC in terms of laij rates



for holdout Defficient choice sets and choice sets cosgul ofalternativehosen in previous

sets, b) quivalence of model parameterBhey found that augmenting CBC with tournament

tasks leads to very similar (but not equivalent) parameter estimates, with one parameter
demonstrating a statistically significant difference ithbgtudies. Relative to standard CBC, the
tournamentaugmented CBC predicted the highsitity tournament holdouts a bit better, and the
standard CBC holdouts a bit worse. The authors concluded that the possible extra predictive
accuracy for the tournameaugmented CBC was not worth the additional effort. Furthermore,
respondents required an extra minute on average to answer the same number of questions, so the
tournament also imposed an added cost to respondents.

Coupling Stated Preferences with ConjoinfTasks to Better Estimate IndividualLevel
Utilities (Kevin Lattery, Maritz ResearghConjoint estimation of individual level utilities is
often done as a completely derived method based on responses to scenarios (revealed
preferences)ln his presentatin, Kevinarguel that incorporating stated preferences about
unacceptable or highly desired levels of attribwetas offersignificant improvement in
estimating individual utilities. Incorporating this stated information redurit higher hit rates
and nore consistent utilitiekor the CBC dataset he describ&evin asserted thamcorporating
this stated information can significantly change the findings, most likely towards thehiith.
described different methods for incorporating stated preferafmernation into utility
estimati on. One method involves adding new s
indicating that certain levels are preferred to others. These synthetic tasks add information about
stated preferences arpriori information regarding preferences of levels. This strongly nudges
(but doesndédt constrain) wutilities in the corr
constraints (via EM), and estimatingn-compensatory screening rules. He concluded with the
recommendation to augment conjoint models with stated information. He suggested that the
stated preference questions should have limited scale points, so as not to force respondents to
di stinguish between | evel s t érente(suachaslalrapking on 6t
exercise might do).

Introduction of Quantitative Marketing Research Solutions in a Traditional
Manufacturing Firm: Practical Experiences (Robert JGoodwin, Lifetime Productdnc.):
Lifetime products is a manufacturing firm tlaeates consumer products constructed of blow
molded polyethylene resin and povesrated steel, such as chairs, tables, portable basketball
standards, and storage sheds. Bob described
from using standarcardsort conjoint (SPSS) to CBC, to partfbofile CBC, to Adaptive CBC
(ACBC), spanning 17 total conjoint projects to date. He outlined what they have learned during
that time, and relayed some fAconj oceiresdarchsuccess
department involved managers in trbsilding exercises with conjoint. Managers were first
incredulous that sorting a few conjoint cards could lead to accurate predictions of thousands of
possible product combinations. By asking manageraticgate in conjoint interviews and by
showing them the results (including market simulators developed in Excel), Bob was able to
obtain buyin to complete more ambitious studies with consumers. Bob was able to demonstrate
the effectiveness of conjoimta a series of studies for which results were validated in subsequent
sales data. For example, conjoint pointed to price resistance beyond $999 feuatfalder,
and subsequent sales experience validated that inflection point. Conjoint anabeiisd ev
consumer segment that recognized the quality
pay a bit more for the benefits. As managers became more comfortable with the methods, their



demands escalated (particularly in numbers of attributesgphical representation of attributes

has helped manage the complexities. Bob discussed how Adaptive CBC (ACBC) has given his
research department even greater flexibility
and greater respondent engagem ACBC has allowed them to study more attributes and with
smaller sample sizes than parpabfile CBC.

CBC vs. ACBC: Comparing Results with Real Product SelectiorfChristopher N.
Chapman, Microsoft Corporation, James L. Alford, Volt Information S&enChad Johnson
and Ron Weideman#nswers ResearchndMichal Lahav, Sakson & Taylor Consultinghris
and his coauthors summarized an investigation into the comparative merits of CBC and Adaptive
CBC (ACBC). At Microsoft Corporation, Chris was retlgrasked to forecast the likely demand
of a peripheral device. He used CBC and ACBC to forecast demand, and both methods
forecasted well. Based on later sales data, the ACBC results were slightly better than CBC.
When conducting market simulationseth s cal e factor for both metho
downo to best predict actual mar ket shares.
implying more information and less error at the individual level than CBC. Because respondents
had completettoth ACBC and CBC questionnaires, the researchers were also able to make
strong comparisons. They found ACBC padrths to have greater face validity (fewer
reversals), and price sensitivity to be more diverse and stronger than CBC. Asutifents
correlation showed that paworths between the methods were similar, but not identical. Even
though ACBC took respondents longer to complete than CBC (7 minutes vs. 4 minutes),
respondents reported that it was less boring. The authors concluded that AG&Gweil, and
they like to use multiple methods to forecast when there is significant cost for wrong decisions.

Non-Compensatory(and Compensatory Models of ConsiderationSet DecisiongJohn
R.Hauser, MIT, Min Ding, Pennsylvania State UniversilydSteven P.Gaskin, Applied
Marketing Sciencg Inc): John and his coauthors conducted an extensive review of academic
papers dealing with consideratiget decisions. John stated that for many businesses (such as
for GM), consideration set theory is keyth@ir survival. If only a minority of customers will
even consider a GM car, then it matters little that Buick was recently rated the top rated
American car by Consumer Reports or that JD Powers rates Buick best on reliability next to
Lexus. Research aronsideratiorset measurement began in the 1970s and continues today
(with recent dramatic growth in interest). Experiments suggest that the majority of respondents
employ norcompensatory decision behavior in situations that are detailed in the paper.
Academics suggest that buyers are more likely to employcampensatory heuristics when
there are more product alternatives, more product features, during the early phases of the
decision, when there is more time pressure, when the effort to make a discssibent, and for
mature products. The authors examined a few published comparisons between compensatory
and norcompensatory rules. They point out that the standard additivevpgh rule is actually
a mixed rule because it nests both compensaitwdynorcompensatory decision rules. Non
compensatory rules usually outperform purely compensatory rules, but the (mixed) additive rule
often performs well. The authors warn that managerial implications may be different even when
decision rules cannot laBstinguished on predictive ability. And, the more a product category
would favor norcompensatory processing, the more value is found in models that incorporate
norrcompensatory processing and consideration set theory.

Using AgentBased Simulation to Irvestigate the Robustness of CBEIB Models
(Robert A. Hart and David G. Bakken, Harris Interagti@avid explained that CBC/HB



assumes a compensatory data generation procassiines that respondents #uelvalue of
each feature before making a prodcitoice). But, research has shown that most respondents
actually employ choice strategies that do not conform to the compensatory, additive assumption.
The question becomes how well CBC/HB performs under varying amounts-cbngrensatory
processing amug respondents. To investigate this, David and hisutbor used ageiffitased
modeling to generate respondent data. Each respondent was an agent that answered CBC
guestionnaires under different strategies, and with different degrees of error. Tlggestrate
included pure compensatory, Elimination by Aspects (EBA), and satisficing (along with a
mixture of these behaviors). They found that CBC/HB worked very well for modeling
compensatory respondents, and reasonably well even when dealing with respibiadersed
strictly noncompensatory strategies.

Influencing Feature Price Tradeoff Decisions in CBC Experiment¢Jane Tang and
Andrew Grenville, Angus Reid Strategies, Vicki G. Morwitz and Amitéakavarti, New York
University, and Giilden Ulkiimen, Univsity of Southern CalifornjaJane and her coauthors
indicated that the implied willingnegs-pay (WTP) resulting from conjoint analysis is
sometimes much higher than seems realistic. A possible explanation they gave was that
respondents are often edtezh (via intro screens) about other features, but not necessarily about
price. They also reminded the audience that question order and context effects can influence the
answers to survey research questions. To see what kinds of elements might afiedtWH
in CBC studies, they tested a number of treatments in a series &fasppte studies. The
treatment that had the largest positive effect on price sensitivity for standard CBC (resulting in
lower WTP) was placing a BYO/configurator question ptiothe CBC exercise. Also, they
found that using Adaptive CBC (ACBC), which includes BYO as its first phase, led to the
greatest increase in price sensitivity among the methods they tested. Their results also showed
the choice of number of scale poiffiee vs. broad scale) for questions asked prior to the CBC
section may also have an impact on the results. They cautioned that researchers should pay
attention to the exercises leading into the CBC portions of the study, as they can have an impact
on thepartworth estimates (and derived WTP) from CBC.

When Is Hypothetical Bias a Problem in Choice Tasks, and What Can We Do About It?
(Min Ding, Pennsylvania State University, and Joel Huber, Duke Universiig and Joel
reminded us that most all conjoicitbice research we do involves asking respondents
hypothetical questionsThe quality of insights fronthesepreference measurement methods is
limited by the quality of respondent answetypothetical bias occurs when respondents give
different answerai hypothetical settings than what they would actually do. The authors
reviewedrecent research on incentive aligning respondents, aimed to improve data quality by
ensuring t i s i n the r etsgateruhdutlySoine of thess methodwdlve a e s t
reward system such that respondents receive (or have a chance of receiving via lottery) a product
directly related to their stated preferences (utilities). This gives respondents an incentive to
answer truthfully, as their choices can have prattonsequences for them. Min and Joel
reviewed studies showing that incentalggned respondents lead to greater predictive accuracy
and different parameter estimates, such as greater (and less heterogeneous) price sensitivity. For
many studies, it @y not be feasible to incentive align respondents by giving them a product
corresponding to their choices (e.g. automobiles). The authors reviewed other techniques for
engaging respondents aadcouragg themto report values that correspond to theirad in
the marketplaceAdaptive conjoint surveys are seen to keep respondents engaged. Also, the



authors indicated that they think panel respondents are less likely to express hypothetical bias
than norpanelists. Such respondents enjoy taking sunagsgood at them, trust that their
answers are anonymous, are relatively dispassionate, and can be selected to ensure their
relevance and interest in the topic.

Comparing Hierarchical Bayes and Latent Class Choice: Practical Issues for Sparse
Data Sets(Paul Richard McCullough, MACRO Consulting, IncTwo common tools used for
analyzing CBC data are Latent Class (LC) and hierarchical Bayes (HB). Richard suggested that
some researchers regard LC as a more effective tool for especially sparse databis shme
its aim is not to estimate individuldvel parameters. He noted that past research has shown that
partiatprofile studies may be so sparse that HB is not terribly effective at estimating robust
individuatlevel parameters. Richard compared &gl LC estimation using three commercial
datasets with varying numbers of parameters to be estimated relative to amount of information
for each individual. Overall, LC and HB performed very similarly in terms of hit rates and share
predictions (after tung scale for comparability). Hit rates for LC benefited from an advanced
procedure offered in Latent Gold software cal
adjusting HBO&6s fdApriorso helped t @epromgblyltay e hi t
more effect on model success than the choice of LC or HB. Richard concluded by stating that
for the naive user, HB is especially robust and actually faster from start to finish than LC. Also,
in his opinion, LC (especially with the advaacprocedures that Richard found useful) requires
more expertise and handa decisions than HB, at least using existing software solutions. But,
if the researcher is interested in developing strategic segmentations, then one could benefit
substantially fom the LC segmentation solutions.

Estimating MaxDiff Utilities: Dealing with Respondent Heterogeneity(Curtis Frazier,
Probit Research, Inc., Urszula Jones, Lieberman Research Worldwide (LRW), and Michael
Patterson, Probit Research, né long-standingssue with generic HB (and its assumption of a
single population with normally distributed preferences) has been whether to estimate the model
with al/l respondents together, or to run HB w
how problemat the effects of pooled estimation and Bayesian shrinkage to global population
parameters are. The conclusion of these authors mimics and confirms earlier (2001) research
dealing with the same question for CBC data at the Sawtooth Software confereroéeprby
Sentis & Li. They found that segmenting usagriori segments (not necessarily closely linked
to preferences) and estimating HB within segments actually hurt results. Even segmenting using
cluster analysis based on preferences slightly dednad®very of known parameters for the
synthetic datasets. It should be noted that their sample size of 1000 was larger than those used
by Sentis and Li, but still may not be enough for this type ofgsobp analysis. If the sub
segment size becomes twmall, the possible benefit from running HB within segments is
counterbalanced by the lower precision of the population estimates of means and covariances,
and the resulting negative repercussions on indivithval parameters.

* Aggregate Choice and Indvidual Models: A Comparison of Top-Down and Bottom-Up
Approaches(Towhidul Islam, Jordan Louviere, and David Pihlens, University of Technology,
Sydney: Jordan reviewed the fact that for choice models estimated via logit, scale factor and
parameters areoafounded, making it difficult to compare raw pamdrth parameters across
respondents. He illustrated the problem by showing hypothetical results for two respondents,
one who is very consistent and has high scale and another that is inconsisteni@ndbtals.
When such is the case, it is foolish to claim that a singlewsath parameter from one



respondent reflects higher or lower preference than another, since the scale and the size of the
parameter are confounded. He argued in favor of choackels that capture more information at

the individual level, using techniques such as asking respondents to give a full ranking of

concepts within choice sets, first choosing the best, then the worst, then intermediate alternatives
within the set. With sth models, Jordan reports that enough information is available for purely
individuatHl evel esti mati on. Such models he describ
downo model s are those that esti mat evidualesponde
choices as well as populatibevel means and covariances. Jordan argued that the majority of

the preference heterogeneity that researchers believe to be findingdiovtapapproaches is due

to differences in scale rather than true differencgseference. Finally, Jordan showed

empirical results for four CBC datasets, where purely indivithiadl estimation via weighted

logit generally outperforms tegown methods, including HB.

(*Recipient of bespresentation award as voted by conferentandees.)

Using Conjoint Analysis for Market-Level Demand Prediction and Brand Valuation
(Kamel Jedidi, Columbia University, Sharan Jagpal, Rutgers University, and Madiha Ferjani,
South Mediterranean Universifipinis): Kamel and his cauthorsdevelogdand testda
conjointbased methodology for measuring the financial value of a brandr afiproach
provides an objective dollarmetric value for brand equity without requiring one to collect
subjective perceptual or brand association data from consumeesticular, the model allows
for complex informatiorprocessing strategies by consunserd, mportantly, allows industry
volume to vary when a product becomes unbranidachel described how the model defines
firm-level brand equity as the incrementabfitability that the firm would earn operating with
the brand name compared to operating without it. To compute the profitability of a product when
it loses its brand namthe authors usea competitive equilibrium approach to capture the
effects of conpetitive reactions by all firms in the industry when inferring the market level
demand for the product when it becomes unbrandi&eémethodologyis testedusing data for
the yogurt industry anthe authoreompared the results to those from severalrxteethods for
measuring brand equititamel reported that thmethod is externally valid and is quite accurate
in predicting marketevel shares; furthermore, branding has a sigaiii effect on industry
volume.






TO DRAG-N-DROP ORNOT?
DO INTERACTIVESURVEYH.EMENTYMPROVE THERESPONDENT
EXPERIENCE ANCDATA QUALITY?

CHRISGOGLIA
ALISON STRANDBERGIURNER
CRITICALMIX, INC.

For the most part, online survey questions look the same today as they did five years ago.
And we, as online survey programmeray& encouraged our clients to keep them that way!
Webve been concerned about whether or not res
Internet connection, and the size of their screen resolution. However, there have been
technological changes ovitre past five years that give us reason texamine this issue.

Two separate researcm-research studies, one done recently, and one conducted five years
ago, show that almost all online survey respondents now havaségil Internet connections
while only half did five years ago. Web sites like thecounter.com, which track browser and
computer information from all sorts of web site visitors, show that respondents are far more
likely to have JavaScript and large computer displays with high resothaorever before.
These types of statistics support that it might be okay to begin using more advanced technologies
and/or question layouts in online surveys.

Two of the most common interactive exercises that marketing professionals consider adding
to onine surveys are dragrdrop card sorts and interactive sliders. But do respondents
understand these exercises? Will respondents recognize these exercises and be comfortable
using them based on their previous web experiences? And are there any sigeiisans,
technological or otherwise, why we should continue to not use these in our online surveys?

To begin to answer these questions we found a list of the 20 most visited web sites in the
United States and searched each one for the aforementionsatypteractive features. We
found dragn-drop exercises at ESPN and Yahoo, but we found nothing interactive at Google,
craigslist, Wikipedia, Bay, or Amazon. Our conclusion is that while these interactive capabilities
do exist, thegwdrietootnprevalento assume that
to encountering them during their normal daily Internet usage.

We also considered the growing usage of smart phdnembile phones with a web
browser. We found syndicated research showhagthe togive selling phones in the United
States are all smart phones, but that none of them supporidFlagkechnology often used to
implement interactive exercises. What if smart phone users want to take online surveys from
these devices? Miglthere be a recruitment bias if we only interview respondents willing to take
an online survey from a traditional computer? The growing usage of smart phones could be a
significant barrier to the widespread adoption of interactive exercises.

With that ba&ground research in mind, we conducted a reseamalesearch online survey
to answer one main question: Do interactive survey elements have an effect on respondent
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attention, participation and resulting data quality in an online survey? We soughv&y #ns
guestion with the following techniques:

Measuring the speed at which respondents took the survey

Checking for statistical differences between responses to the same question displayed in
different formats: traditional vs. interactive

Evaluating steed satisfaction with the survey experience
Analyzing verbatim feedback provided by respondents

We chose a topic that we felt would be particularly engaging to resporddehts effect of
rising gas prices on vehicle purchase plans. To create our sasoplevp recruited over 1000
respondents from a leading online panel. Half of the respondents saw interactive survey
guestions and half saw traditional survey questions. Figure 1 shows the difference between these
guestions.

Figure 1: Traditional vs. Interactive Question Differences.

2 of Respondents saw this
Traditional Rating Question

2 of Respondents saw this
Interactive Slider

When considering a new vehicle how important are the following aspects: When considering a new vehicle how important are the following aspects:
Not At All Extremely Click on the BLUE BAR next to each statement, and then drag the RED SLIDER left or right to indicate how you feel
I rtant I rtant
RpavADY . § e 3w e _’;‘ Not At All Extremely
"""" Important. Important
Interior Features o
Interior Features
Brand/Model Name
Fuel Efficiency (mpg)
Rebates and Incentives Brand/Model Name
Fuel Efficiency (mpg) Safety Features
Safety Features O 0O 0O 0 ® O O O Styling/Exterior design
Styling/Exterior design Rebates and Incentives
NextPage >> | | << GoBack e Next Page >>

2 of Respondents saw this
Interactive Drag ‘'n Drop

Below are several statements about Hybrid Engine Vehicles (HEVs). Please indicate
which statements you believe are true and which are false.

Below are several statements about Hybrid Engine Vehicles (HEVs). Please indicate which Please DRAG AND DROP each statement into the appropriate category.

statements you believe are true and which are false.

2 of Respondents saw this
Traditional Sorting Question

True False

HEVs use both electricity and gasoline engines for
power

Hybrid Cars are cheaper to produce

All Hybrid cars have about the same fuel efficiency

Applying the brakes recharge the batteries

There are no hybrid trucks or luxury cars, just
compacts

Batteries are usually guaranteed for 100,000 miles

—_—

We found that respondents akaw the interactive slider took 80% longer to answer the
guestion than respondents who saw the traditional rating question. Respondents who saw the
interactive dragn-drop took 27% longer to answer the question than respondents who saw the
traditional ®rting question. While it would be convenient to believe that the longer times
demonstrate that respondents were so intrigued by the interactive nature of the questions that
they more carefully considered their responses, it seems just as likely thahtoeytered an
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exercise they werenodét use to seeing in other
just took them longer to figure out what to do. It may have just taken them longer to provide the
same answer they would have provided anyway

Most agree longer surveys are not desirable as they can lead to increased respondent fatigue
and data quality probl ems. And as survey | en
higher abandonment rates, lower incidence, higher recruitment aodtlijgher incentive costs.

The increased time it took respondents to answer the interactive exercises would only be worth it
if their responses to those questions were different, and, hopefully better.

We discovered that there were almost no meanirfierences between data from
respondents who saw the interactive questions compared with those who saw the traditional
guestions. In general, the statements being tested were rated or sorted similarly, in the same
order, and with no statistical differegs. There was one exception in the interactive-raigpp
exercise. There wasstatistical difference witbne of the statements, and it was the statement
that respondents were least sure about.

Before completing the survey, respondents were askeadl they thought about the survey
experience relative to other online seys they had taken. There wasgignificant difference in
stated satisfaction between respondents who did and did not see the interactive exercises. This
was true with the averagatings, top box ratings, te box ratings, and tep box ratings.

Finally, respondents were given the opportunity to provide verbatim feedback about their
survey experience. Respondents who saw the interactive exercises did provide positive feedback
about them but for every respondent who mentioned an interactive exercise, there were far more
respondents who commented on the relevance of the topic and the design of the questionnaire.
Perhaps putting more effort into sampling and questionnaire desigghltave a far larger
impact on respondent engagement and resulting data quality than throwing in a couple of
interactive exercises.

So do interactive survey elements improve the respondent experience and data quality?
Interactive question types can regumore sophisticated and expensive web surveying software,
more highly skilled survey programmers, and longer programming times. The data from our
researckon-research study suggest that interactive questions take longer to complete while
eliciting the sane data from respondents as do traditional survey questions. And as the use of
mobile devices like smart phones continues to grow, surveys may need to be made shorter and
simpler to run on them, instead of longer and more complex. While there is ne aimspler to
our question, we believe there are many valid reasons for carefully considering whether or not to
include interactive elements in your next online survey.
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DESIGNDECISIONS TOOPTIMIZESCALE DATA
FORBRAND IMAGE STUDIES

DEBPLOSKONKA
CAMBIAINFORMATIONGROUR LLC

RaJI SRINIVASAN, PH.D.
THE UNIVERSITY OFTEXAS ATAUSTIN, MCCOMBSSCHOOL OFBUSINESS

BACKGROUND

The writing of every survey question requires a plethora of decisions. Do we ask questions
or make statements? Do we detail theesgadt in the response options or both the text and
response options? Do we anchor scale points with words or only use numbers? Do we ask
guestions in a grid or one by one?

Each decision we make, whether active or passive, may have an impact of unkgoeen d
on the results we achieve. In each case we want to:

maximize the respondent experience (to the extent we care about our respondents both
giving valid answes and having a positive experiehce

differentiate one respondent from another, one brand &mmother, one attribute from
another

obtain reliable results from one time to the next
and, bottom line, deliver a story with our data that walhtributetat he cl i ent 6s s u

These questions amibjectives are not new. But as wetgmughour carers from one
market research company to another supplierside to clientside and back againwe may
accumulate an accretion of unintended biases regarding how we write our survey questions that
are not tied to obj esis ihveew rveesduMv e sa lbway s ndsa ree di

This paper undertakes two missions:

Sample the existing academic literature in four areas to help practitioners make conscious
those decisions which may previously have been unconscious or assumed

Through research on researding our own experimental data with braaitiibute scale
guestions, address four design decisions for online studies:

1. Do we place the best value in a scale at the left or at the right?

2. bo we offer a Adonét knowdo response opt
3. Does it make a differendeow many brands respondents rate at once?
4

In collecting brand image ratings, should we randomize attributes within brands
or brands within attributes?
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StuDY1l: BEST ON THEEFT ORBEST ON THIRGHTIN A LKERTSCALE

In an informal poll of 150 educated reseh professionals attending the 2009 Sawtooth
Conference, 100% of those who voted raised their hands to indicate they would put the best
value in a scale at the right. Nevertheless, since then the author has seen a number of panel
surveys and others withe best at the left.

Initially and at the time of the conference, we would have agreed with the 150 without
reservation. Some of our results since are not as straightfoawdnge encourage researchers
to continue examining this issue in different iatties, with different respondent types, and with
brand sets that are both similar and others that are quite diverse.

Prior Work

The first substantive work we found on this topic presented four to-seads point items
on paper, in person, vertically (Ben, 1966). Belson reminds us that there is (as yet) no
evidence which scale direction more accuratel
scale presentation order influences the resul
against the reversed, across respondents. Among the results they found (n=332):

Items at the ends of the scale are particularly subject to order effects, in particular the first
item presented experienced a bump

The effect was consistent regardless efléngth of the scale, or type of scale (approval,
satisfaction, liking, agreement, interest)

Belson concludes bguestioningf horizontal scales or products or issues where the
respondent is less familiar or interested would see the same effect. pitiwitbbe addressed
later within this paper.

Holmes (1974) testedorizontd bipolar scaleeamong240 beerdrinking respondents. Two
of his results relate:

Respondent sé responses were regressing tow
questionnair¢o the end

Respondents were more likely to choose the response at the left side of the page (that is,
the first presented for an English reader)

Holmes notes that our assumption in sampling theory that measurement errors will be
uncorrelated and cancel éaather out may not be so.

Another variation tested was to include both favorable and unfavorable statements-with a 5
point strongly agree to strongly disagree scale (or SD to SA) (Friedman, Herskovitz and Pollack,
1994). The researchers continued to firlgias towards the left side of the scale (n=208
undergraduates), bonly for those statements where the attribute was worded positively. In
general the attitudes measured (towards their college) were quite positive and it appeared the
studentswoulddiagr ee with the unfavorable statements

Our Study
We intended to evaluate the pros and cons of each orientation so that we can could advise our
clients on the design of future surveys. We wanted to be able to eviddaatspondent
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experience, as these are real people who we want to come back and take our surveys again.
Indeed, our respondents may be future clients, so offering an intuitive arfdersélly survey is
paramount t o our ¢ o0 mpcass.YWeslsoovanted te measuee if eithef ut ur e
orientation increases discrimination between brands and the impact on rating differences.

Our study differs from the past studies we reviewed in that it was conducted online, with
ratings ofmultipletargets or tands on multiple attributes.

Respondents were administered a roughiynli3ute questionnaire on some aspects of the
healthcare industry. Greenfield Online provided the sample, with the following respondent
gualification criteria:

Age 18+
Covered by heditinsurance
Makes health insurance decisions for their household

Differences in the control and test groups were as follows:

Control Test
Location of best valu¢ Left Right
Interviews (n)| 1,047 203
Field dateg June 11 July 4, 2008 September 8 16, 28

Respondents rated three brands with which they were familiar, one brand per screen, on a
series of 14 attributes, on a grid with a bipolar sgyant scale (the one very top company,
world class, stronger than most, average, weaker than most, mesghthvan other companies,

the one worstcompaiyand t he reverse, followed by donot
Based on your experiences and what you have read and heard, how would you rate <Brand> on...?
Control

The One | ‘
Very Top | World Stronger Weaker | Than Other Worst
Company Class |Than Most| Average |Than Most|Companies | Company Know

Having the best health professionals [ ] [ } [ ] ( } [ ) ( ] [ ] [ }

Based on your experiences and what you have read and heard, how would you rate <Brand>on...?

| mm—
Test Much | ‘ ’
The One Worse ‘ The One
Worst | Than Other| Weaker Stronger World Very Top Don't
Company | Companies | Than Most| Average |Than Most Class | Company’ Know

Directing people towards quality providers [ ) ( ] ( ) [ ) [ ] ( ] — [_]
Having the best health professionals [ ] [ ] [ ] [ ] [ ) [ ] [ J [ J

Figure 2
Control and Test Qestions for LefRight vs. RightLeft Study
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Results
Our results were consistent with past studies conductedpar:p Given the negative end of

the scale first, respondents were significantly more likely to choose the negative attributes than
when those scale points were placed to the far right of the screen as in Chart 1.

A ":Z" m Best on Left
ng & m Best on Right
;ﬁ 7] ;: ]
- . .‘?
ol ] ‘W -
| 2 3 4 _ 12 13 14
Attribute
Chart 1

Twelve out of 14 of these attrutes showed significant differences for bottom 2 box. The
two attributes that did not show differences also had the lowest bottom 2 box ratings when best
was on the right, but otherwise were not especially distinctive from the 12 that were significant.
Top 2 box was unchanged, statistically, whether it was presented first or last.

Four statements had significantly higher means when best was on the left:
helping people get the care they need
helping people live a healthy lifestyle
selling products andesvices in all segments of the market
demonstrating ethical financial practices

These statements may differ from the others in being less operatidafiigd, or at least
less likely for the respondent to have had personal experience with the brtvat mpect. Itis
possible that the scalrayh ave more of an I mpact on the resp:
no capacity to measure the behavior of the brand themselves.

As for respondent experience, respondairtits received the best on left formanuoleted
the questionnaire significantly faster (10%) thianse who received thest onright format,
trimming time to completion by 2%It appears to be more of a cognitive burden to readsacros
and choose when best is on the right. Regardless ofdleaientation, the majority of
responses were on the positive end of the scale.

In addition, the standard deviations were consistently higher when the best was on the right,
significantly so for five of the 14 attributes.
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We then considered how wedispondents were able to differentiate between brands.
Stacking the data by attribute shows that at least on a gross level (grand mean), respondents are
separating the brands more distinctly whest is on the leftn particular between Brand 3 and
4 (Chart 2). Means could be masking differences occurring on a more granular level.
Moreover, using discriminant analysis, measuring the Euclidean distance from the origin for
centroids, shows 3 brands are undiscriminated when the best value is on tlesrigl@hart 3.

5.0 4 Grand Mean 1.0 1 Centroids Brandd
49 - 0.9 - ranc
L 2
48 - 0.8 - RZ=0.79
2 47 o7 s 0.7 -
S 46 - B 0.6 -
£ Brand3 & y
QE 45 - rand Brand 4 ‘:E 0.5 -
5 - 5 e
E 44 1 Brand 1 é 04 1
4.3 - 0.3 -
4.2 - 4 Brand2 0.2 1
41 - 01 -
4.0 T T T T T T T T T 1 0.0 T T T T T T T T T 1
404142434445464748495.0 000102030405060708091.0
Best on T.eft Best on T.eft

Charts 2 and 3

It would appear that while best on the right produces more vaneitida brands using this
Euclidean distance algorithm, best on the left produces more vabatweerbrands, for our
limited dataset with four brandmly, and one quite different from the rest. The means, on the
other hand, demonstrate Brand 3 aligning with Brand 1 in one case and with Brand 4 in the other.
The story told by this is therefore not clearly about differentiation but instead abourge ¢cha
scores following a change in presentation style.

Comparing regression coefficients wusing AliKk
variable resulted in insignificant results using the Chow test. However, multicollinearity in all
four studies is gte high.

Conclusion

Our results of a survey conducted online support past results from paper surveys: The
orientation in which a scale is presented will influence the outcome, and the negative end of the
scale is more likely to be selected when preséiitstd It might be further hypothesized that
seeing the most negative end first gave respondents implicit permission to choose it.

Past results did not delve into the differentiation of the items being measured, only the
difference in means. Simplyd&ing at means leaves the differentiation unclear. Using a
Euclidean algorithm, with only four brands we see more differentiation between brands with the
best on the left. This result deserves further explorétiwould the results repeat with different
guestions, sample, brands, or context?
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Furthermore, we hypothesize that repeating these tests with languages that are read in a
different direction would show similar effects for primacy and not just for absolute orientation.

StuDY2: NUMBER OFBRANDSRATED

In this studywe looked at how many brands respondents rated at a time and if this impacted
the results. The nullypothesis would be that there is no difference, and we were able to reject
this hypothesis.

Prior Work

Exhaustive secondary researcltovered only one somewhat related study. Working off the
classic study by Miller (1956), Hulbert (1975) applied the information processing rule of thumb
of Aseven units (plus or minus two)o to scale
researchis have found that humans have the ability to hold or evaluate seven individual items in
mind at once, whether that be remembering a sequence of numbers, counting dots on a screen,
perception of speech variations, et cetera. After sevetw®) items, ve must organize the
material into chunks in order to continue to retain or evaluate it.

Hulbert wanted to assess whether this principle would be true in scale ratings. And so rather
than presenting respondents with a preset scale, they were allowedtoaasspositive number
they wished in rating the stimuli, on three d
construction sense], each over 50 items each. He hypothesized the number of distinct
assignments respondents would use would be less tlegualrto 10.

Indeed, respondents (97 salesman) used between 6 and 10 ratings, on average, to express
their opinions of dissatisfaction, motivation or satisfaction with their job. Hulbert writes,

One of the goals of scale design is generally to avoiceptewg the respondent from

expressing his true feelings because of some property of the scale itself. Thus, a necessary
though not sufficient condition to attain measurement at some level equal to or higher

than ordinal is that the scale used should engiéservation of strict monotonicity

between obtained measures and the underlying (latent) continuum. This condition is met
simply by ensuring that the number of categories in the scale is greater than the number

of stimuli to be rated.

In applying his reults to market research, he suggests that the small number of items (often
brands) usually rated should avoid measurement error, but due to information capacity limits,
rating more could lead to more measurement error.
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Our Study

In our study we askedspondents to rate either up to three brands or up to six brands on a
five point scale (the one very top firm, world class, stronger than most, average, weak), for
sixteen attributes regarding brands in the financial industry, as in Figure 3.

Demonstrating exceptional integrity and honesty in all their dealings

Control
<Brand 1> o) o) ) o) )
<Brand 2> (o) o) o) (o) (o)
<Brand 3> o) O O O o)

Demonstrating exceptional integrity and honesty in all their dealings

Test
The One Very Top
Firm Stronger than Most
<Brand 1> O O ° O °
<Brand 2> o) (o) (e O (@)
<Brand 3> O O O O O
<Brand 4> (o) (0 (@) O (o)
<Brand 5> O O O O O
<Brand 6> (@) (o) (@) @) (@)
Figure 3:

Control and Test Qestions for Number of Brands Rated Study

To qualify for this study, respondents needed to have voted, attained a certain minimum level
of investments and income, and be actively involved in expressing their opinions publicly on
financial issues. The screener averaged three minutes to complete, followed {nyiaugex
guestionnaire, half of which was the brand rating series. ‘Renards panel provided the
online sample.

Differences in the control and test groups were as follows:

Cortrol Test
Number of brands rate| Up to 3 familiar with Up to 6 familiar with
Interviews (n)| 272 of which 222 qualified for 155 of which 127 qualifiednd
more than three brands were askednore than three brands

Field dates November 5 December 2, 200¢ December 5 12, 2008
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Results
If respondents are indeed constricted by information processing capacity, or simply
overwhelmed or fatigued by an increased requirement to process and provide information, what

may happen? Me a s u r e nmecessarilg label @ error, we \64m defirstelywe ¢ a n
| abel i t7 resmbmdénts gaveslowerdesponses when presented with more brands:
182" ] e T Six brands
o 1 -
35% 1 > Control
30%
23% -
20%
159 o
10%% +
5%
OO’;) T T T T 1
Weal Average Stronger than World Clags  TheOne
Most Very Top
Firm
Chart 4
However, this difference could have been driven by familiarity. Brands the respondents rated
were those witwh i ¢ h t h e ya mielriea riiocv eary f swithleoselwihtwhidha mi | i a
they were fAvery familiaro receiving priority.

is very familiar received consistently higher scores than those brands withféomkarity.

4504 - — I know something about them
40% I am very familiar with them
35% -
30% -
25% -
20% -
15% -
10% -
5%

0% T T T T 1

Weal Average Strongerthan World Clags  The One
Most Very Top
Firm

Chart 5

As it turned out, familiarity did not impact the results. For the key client brand respondents
were more likely to give lower ratindgsr that brandwhen asked in the context of more brands,
even when controlling for familiarityChart 6 shows the differences in ratings for the main
brand, according to levels of familiarity. Observe the six brand very familiar line (long dashes).
It is noticeably offset (and significantly different) from the thbeand very familiar distribudin.
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55% - = == Six brands- SF

50% - e (Control - SF

45% - Six brands - VF

40% - Control - VF

35% -

30% -

25% -

20% -

15% -

10% -

5% -

0?'6 I I I 1
Weak Average Strongerthan ~ World Class ~ The One Very

Most Top Firm
Chart 6
Finally, comparing apples to apples, the cli

were statistically higher on 11 out of 16 brands when compared to a smaller group of
competitors. This was evaluating specifically those wbaldhave rated more brands had they
had the opportunity in the control group vs. those who did rate more than three in the test group.

<

] Mean Scores by Attribute = Control
m 6 brand

[ N R
h = h T Lh
1 1 1

hn

—_— = 2 2

!

Chart 7

Conclusion

We cannot willynilly change question structure even if it appears on the surface to be
collecting the saminformation. If we want to track results over time or compare against other
studies, we need to ensure that the question is formatted in the same way consistently from time
period to time period or from study to study. This also has strong implicébiotie client
brand. The results could be unintentionally manipulated just by adding or subtracting a brand to
the brand |ist. A shorter list | eads to high
overwhelmed, feeling more favorable towards tinand or the questionnaire when not asked to
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rate as many? Or in view of a | arger | ist do
missing without further investigation.

StubY3: OFFERING ADONG KNOW

Your company or university may alreadykava st andard for whether t
Kknowdo response option or not with i mage ratin
some of the literature to date, which is extensive. Our own expectation going into the study was
t hat a d epondd optioshouldbeiineluded, but some of the readings as well as some
of the results from our research have challenged that assumption.

Prior Work
Two types of errors may ©0aregpaondem natdiferal@aDKOt kno
may give a reggnse not reflecting his or her true opinion (or lack thereof). Maeespondent
offered a DK may choose it even when tldeyhave an opinion. Of course, there is no guarantee
that with or without a DK respondents will give or even be able to give Malithand reliable
responses.

Feick (1989) in his own review helps us think about where the DK might be coming from
gualities of the respondent vs. qualities of the questionnaire. Older, less educated, nonwhite,
lower income categories and women areenikely to use DK. Questions that are: more
complex, require the respondent to think far ahead, poorly constructed, or on a topic of little
interest or familiarity to the respondent all may increase the incidence of DK. To avoid the
nonrandom bias intduced by a DK, one solution he suggests is to eliminate them altogether.

Feick notes other authors have seen a halo effect where respondents answer based on their
general feelings rather than specific attitudes, including giving opinions ecaxistent etities.
Feick went further into DK with latent class analysis but for our paper we just want to extract
elements of his lit review.

Oppositionnow Dondt K

Not every author agrees that DK should be included. This is fpatiad makes it
interesting. Krosnick and a host of distinguished-aothors (2002) ran nine experiments in three
household surveys to test respondentsd use of
those who were otherwise giving meaningless data or if it would also drdsxewho might
have an opinion and would have otherwise given it. They note:

If offering a neopinion option reduces neattitude reporting, it should strengthen
correlations between opinion reports and other variables that should, in principle, be
correlated with them. If noattitude reports are random responses, then offering-a no
opinion option should reduce the amount of random variance in the attitude reports
obtained.

Krosnickobés theory of satisficing suggests re
particular questions, especially complex ones
to continue the interview, especially when cued that this option exists. Krosnick hypothesized
that omittingthena pi ni on opti on wouflidcerasaG et @ hgi vd rtomea
answer instead and eliminate this shortcut to cognitive laziness, as it were.
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Nine studies later, they concluded that including @pimion option did not increase the
quality of the data, but instead that the respondimatsntoneo pi ni o n wauld haveo ns A
provided substantivanswers of the same reliabiliéyd validity as were provided by people not
attracted to those optiodsOne suggestion they make to researchers who still wish to include a
no-opinion responses to probe respondents who say DK with whether they lean one direction or
another. This would reduce the satisficing (if it is happening) in encouraging the respondent to
think and not allowing an easy out.

In favor of including Do nnow K
In early work,Converse (1970) suggests that respondents will give random responses if they
dondét know but dondét want to appear 1ignorant.

Stieger, Reips and Voracek (2007) notes that if we force a respondent to respond, we may
induce reactanceand that this is a posde outcome of the (relatively) new modeaniline
surveys. Reactancés an emotionally triggered state in response to excessive control where the
individual feels their freedom is threatened, and therefore attemptestataish their freedom
by actingin the opposite mode of what the situation requires or requests. Reactance theory was
first proposed by Brehm (1966), and is the idea behind the popularized reverse psychology.
Stieger et al. hypothesize the lack of a DK will lead to respondents @dilyegiving
misleading or inaccurate responses, or to simply dropping out of the study altogether.

I n Stiegerdés methodology with 4,409 Universi
who attempted to advance without filling in a question on thdetify questionnaire would
receive an error screen asking them to completely fill in the questionnaire. The event was logged
for later analysis. Control group respondents did not receive the error page.

Instructionally, 394 respondents dropped out immaiedly after receiving their first error
page, particularly on the Ademographicsdo page
one screen). Another 121 dropped out later. Only 288 received an error page and still completed
the questionnaire. Theapout rate of those who did not attempt to skip a page was 18.6% vs.
64.1% of those who did so at least once. In addition, the authors did find indicators of reactance
T the data for respondents after receiving an error page was significantly differarthé data
for those same questions for respondents who did not. In addition, Stieger found men dropping
out faster than women in the foreegsponse condition (this author supposes it might have
something to do with the content material and might ea bnding with less provocative
guestions).

Il n their discussi on, Stieger et al. would I
dropouto I f respondents are not going to give us
wishthemwellbutdo 6t want to include them in our stud:
inadequate questionnaire design, programming errors, lack of feedback on progress, et cetera. A
very | ow dropout rate may in fact be a@&@a bad th

Finally, Stieger suggests criteria for foreexsponse design:

1. Itis necessary to have a complete set of replies from the participants (e.g., semantic
differentials, multivariate analyses, pairwise comparisons, required for skip patterns)

2. Ahigh respase rate is expected and so dropout is not a concern
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3. The distribution of respondentso6 sex IS no

Friedman and Amoo (1999) propose that if sub
probablyselect a rating from the middteé the scalebiasing the data in two way¥a) it will
appear that more subjects have opinions than actually do (imeidue and median will be shifted
toward the middle ofthescale. They al so remark on the usefuln
in pditical polling where the previously undecideds can change an election. Note the probably
italicized above, as Friedman did not back this assertion up with data.

Infavorof i nc | udi n gowDdehnéated K

In an intriguing bit of research on online swyseTourangeau, Couper and Conrad (2004)
investigate the placement on the screen of #fn
in relation to their substantive counterparts.

Tourangeau et apresent results for three different interpretativeriséias they believe
respondents are using that may lead to misreadings of survey questions:

1. Middle means typical
2. Left and top mean first (either worst or best)
3. Near means related

Note that prior research (cited by Tourangeau) already supports the diristibeand must
be taken into account when delivering clogedied range questions to respondents in lieu of
open numeric questions. An implication of #fn
presented as a grid than those presented onasesareens.

The authors ran two surveys testing the middle means typical in 2001 and 2002, through
Gallup, with 2,987 interviews of 25,000 invitations in the first study and 1,590 of 30,000 in the
second study. Respondents received an attitude quegtioa vertically presented scale, five
substantive points ordered high to |l ow (06fa
Adondt knowo a ifedt graupsihada sty divider bne, a tong divider line, or a
space between thevé and the two. The control group saw all seven options contiguously.

-

Il n al | cases, the means are statistically «cl
separation between the substantive andsutsstantive responses. However, a side effiect
setting apart the nesubstantive responses in this case led them to being chosen more often.

Tourangeau followed up with an experiment simply adjusting the spacing in the scale
guestion, horizontally, either visually crowding some of the respongegetside or spacing
them evenly. Again, the means moved towardvigeal center, not the labeled center of the
scale.

They conclude,

Our results indicate that [respondents] may also make unintended inferences based on
the visual cues offered by the gtien. Basing their reading on the questions' visual
appearance, respondents may miss key verbal distinctions and interpret the questions in
ways the survey designers never intended.
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Our Study

We had four questions to answer with allowing (or disallowang)d on 6t know r espo
option:

Did we intolerably increase the level of noise in the data by removing it?

Were those who used DK different from thos:
How would our respondents behave if they did not have DK?

How would our multivariate applications look in the ADK situation?

Respondents rated three brands on a five point scale (the one very top firm, world class,
stronger than most, average, weak) with or wi
brand in the financial industry. Figure 4 presents the questions used in both parts of this study.

Demonstrating exceptional integrity and honesty in all their dealings

Control
<Brand 1> O O O O
<Brand 2> o) 0O 1o o o
<Brand 3> 0O O O O O

Demonstrating exceptional integrity and honesty in all their dealings

Test
Firm Most
<Brand 1> O O O
<Brand 2> o) O lo)
<Brand 3> O O O
Figure 4:

Controland TestQe st i ons for Donét Know Stud

To qualify for this study, respondents needed to have voted, have a certain minimum level of
invegments and income, and be actively involved in expressing their opinions on financial
issues. The screener averaged three minutes to complete, followed byialgx questionnaire
(half of which was the brand rating series). THeesvards panel providetie online sample.

Differences in the control and test groups were as follows:

Control Test
Dono6t | Absent Present
Interviews (n)| 272 155
Field dates November 5 December 2, 200€ December 5 12, 2008

Samples diffeedinsignificantly on age, imreme, education, gender
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Results

If our goal had been to avoid frustrating responses, removing DK would have caused us to
miss the target. Of respondents not given the option to select DK, over 20 commented on it
negatively when asked at the end of theveuito evaluate the questionnaire, for example:

There was no option to say | don't know, forcing me to make choices on some guestions
was not qualified t@answer

Just because | indicated | was ‘familiar’ with some companies doesn't mean that I'm in a
position to answer such detailed questions about them. | often felt that 'don't k' or
should have been an option.

There should always be an emit response on questions as the respondent may not have
a response and then is forced to respond if thereiopt out resptse. This is very basic
stuff.

When DK was present, over half the test group respondents took advantage of it at least once
intheléat t ri bute section (and none compl adined).
what did they do?

A Series of Hypotheses

First | etds compare actual results in all owi
40% 7w == Allow DK ==—No DK
35% -
30% -
25% -
20% -
15% -
10% -
5%
000 T T T T
Weak Average Stronger World The One
than  Class  Very
Most Top
Firm
Chart 8
The respondents without a DK response opdiioks e | ect fAaveraged sl ight

those who were provided a DK optionTo understand the dynamic more deeply, we then used
several simulation designs in an attempt to replicate analytically the process that these
respondents were going through mentally.

What i f they plumped for t,0h eaistmdandAmoat ral r e
(1999) suggested they might? As Chart 9A below demonstrates where the DK value has been
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replaced ,byt Matvées agleearl y not happening. Wh a 't
chose one of the five responses, as Converse (1970) ggyshappen when respondents would

prefer not to appear ignorant? Chart 9B replaces the DKs with random responses. This

simulation is closer to the actual responses, but still varies by a significant degree.

60% - —_—No DK 60% 7 e=—No DIl
509% 4 - === Average 500 Distribute DKs randomly
40% - 40% -
30% | 30% 7
20% 20% -
10% - 10% - / \
0% 0% ‘ ‘ . .
Weak Average Stronger World The One Weak Average Stronger World TheOne
than Most Class  Very Top -10% thanMost Class  Very Top

Firm Firtn

Charts 9A and 9B

Another possibility isespondersir e st ri ct their choices to the
providing a graph illustrating this as the standard deviations were virtually identical between the
DK and No DK group, thus allowing us to discard it as a hypothesis.

Finally, as Feick andther authors suggest, the respondents may infer (or impute) from what
they know generally about the brand to score an attribute. Using a simplistic imputation,
replacing the DKs with the integer nearest to the mean sfatkother attributes for that
respondentwe obtain the results shown in Chart 10.

40% === Allow DK
. ——No DK
35% = Halo
30%
25%
20%
15%
10%
5%
0%
Weak  Average Stronger World The One
than Most  Class  Very Top
Firm
Chart 10
As you can see, populating the DKs from the

knew about the brand lines up very closely with the No DK group. And this was not a small
percent; 28%of the observations (brand x attribute) were DK.
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These simulations give us more confidence that when DK is not available as a response
option, respondents will act in good faith and impute reasonably.

Back to Real D ata
We then looked at how respondewtth access to the DK response option behaved. Do they
also act in good faith?

40% -
35% 1 32.3%
.
\\ 2l /(\ R==0.52
- -= L j_
250, | \"\/ ‘\ _—\/
270 / \\
L
Vo <
200 170 e
- e e ” 7 ~ -
- o
15% -
10% -
= Percent Don't Know
50, - = == Percent Variance around Mean when DK available
. Percent Vartance when no DK available
Linear (Percent Don't Know)
()OD T T T T T T T T T T T T T T T 1
1 2 3 4 5 6 7 3 9 10 11 12 13 14 15 16

Task in Order

Chart 11

As seen in Chart 11espondents @sld o n 6 t  k ficantly meré ajtenias the series of
grid questionprogresed (p<.001 for linear contrastat almost a 40% arease compared to the
beginning. And both groups gave answers with less and less variance as time went on.
Respondents allowed a Ddo not always act in good faith.

In addition, we saw some differences in means, even when controlling for familidriy.
mean value was lower for the DK group than the-Béngroup six out of sixteen times when
Asomewhat familiaro with the brand and four o

Two possible explanations come to mind:

As we know the financlandustry did not have a very good 2008, either financially or in
the public perception. Our test group was fielded a bit later than the control group
and may have had exposure to even more bad news at that point.
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The DK response option was placed cambigs with all other points, with no
distinguishing visual features whatsoever. Correspondifigucangeaw@and co
authorso6 findings (2004), this wunfortunat
mean in respondentsd mi nvdlsefthescalea (Adan t he r i
aside, Cambia intentionally uses an unbalanced scale as our clients really only want to
be AThe one very top firmod but this may t
point to be average.)

The One Very Top
Firm Waorld Class Stronger than Moat Waaslk

The One Very Top Stronger than
Firm World Class Mast

Figure 5:
Reuvisiting the scales

As one of our goals was to compare the impact of DK on the variables that mattered, we
correlated the attributes (stacked) with several outcome variables. Note that this methodology
was chosen over regression as the multicollinearity made regression campantenable.

3 brands 3 brands 6 brands

No DK DK No DK
How likely are you to recommend this firm to
professional colleague who is looking to do .620 .601 .621
business with a firm in this industry
How likely are you to invest with this firm .581 .582 .623
Extent to which you want to see firm succeel 443 .381 373
Table 1:

Correlations of Attributes (as composite) with Outcome Variables

The results showed that allowing respondents a DK response optiootdidengthen the
correlation with atcome variables; if anything, it decreased the correlation. This was similar to
Krosnickods findings. For further compari son,
parallel to the DK set.

To round out the analyses, we looked at the dembgapf those who used DK and those
who dAdnédentioned in Feick (1989), women used
to 26%) Other demographic variables did not follow published outcdoredK:

Thosemor e hi ghl y educ anore dtenthanghdsevithdessdetducann o w s
(Krosnick, 2002 had the reverse)

Hi gher income respondents used more donot

Age was virtually unrelated to use of doné
know more often)

Note that as a set of (older) pastd with $100K+ in investments our sample is not
representative of the general population
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Conclusion

We came into this research effort with an ex
response is advantageous over omitting it. However, i®sthdy, for this context, this sample,
this time period, this content areaé taking a

did not increase noise,
did not change the distribution across attributes (though some means were affected), and
did not negatively impact the relationshipstwitutcome variables.

Respondents seemed to do a fine job ofisglfutation. Had the variables been less
intercorrelated so that we were able to do multivariate analyses with the data, we would have had
an easier time with the nddK group than the DK @up, avoiding the need for imputation.
Some respondentgitht he DK response option clearly wused
at the beginning of the series then certainly by the end.

But, one must weigh the relative benefits of having a clesa skt with the drawbacks of
potentially frustrating respondents (who also may be prospective clients). The questionnaire was
so short that we did not have an appreciable number of partials to contrast if the DK absence
were leading to greater dropouBut our questionnaire feedback question provided them an
opportunity to vent, and vent they did.

We also saw some demographic differences in DK usage which could lead to unintentionally
biased data.

Our takeaway is to graphically alter where we plaeeDK so it is clearly visually separated
from the grid (and perhaps in a smaller font teedghasize it). And should we have a request
to omit DK, we can feel marginally more comfortable this will not negatively affect the results.

StuDY4: RATING BRAND WITHINATTRIBUTE OARTTRIBUTRV/ITHINBRAND

Although randomizing brands within attributes is often accepted as the best approach for
gathering comparative data in image ratings, not all agree. In fact in our literature review we
found at least one stronggament for also randomizing attributes within brands. Nevertheless,
our attributes are strongly intercorrelated and it was our hypothesis that they might be less so if
the question were formatted to ask the respondent to rate a group of brands foitane at
before proceeding to the next attribute. You will see as you read ahead that we did succeed, but
only minutely.

Prior Work
Ninety-four years ago, Edward Thorndike observed that respondents had difficulty separating
their ratings of individual atitoutesfor a persorirom that of their overall perception tife
person. As a result, correlations between at"
effecto comes from this study, published in 1

As researchers, we generally find halo effedbe a bad thing. We want respondents to be
able to distinguish brands one from another, to distinguish attributes one from another, and in the
end provide data that allow us to identify which attributes are distinctive drivers of success for
our cliens.
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It i s possible to take another viewpoint, th
dimension and treated bgnd reputation (Laroche, 197@&)brand equity (Leuthesser, et al.,
1995 Dillon, et al., 20011 with the remainder examinedrfdifferences Leuthesser suggests
doublecentering the data to make it ipsative #mehrunning analyses on it. Other authors
(McClean and Chissom, 1986) suggest this is unwiessj Gilula, and Allenby (20@) have
followed up with a Bayesian altative to ipsatizationDillon et al with a decompositional
modeli werecommend these resources to you for a more detailed explanation and examination

However, for the purposes of this research we sought to diminish the halo effect, and we
believe thatandomizing brands within attributes is a better way to achieve this than randomizing
attributes within brands. But before we jump to conclusidases and Bijmolt (2009) found

€ when the association between brands and attributes is measured askidgdsran

attribute associations, which is a neomparative format, the stronger links from the

brands to the attributes dominate the associations. On the other hand, if a researcher
measures brand image asking attribtiwebrand associations (a comparativerfmat),

stronger links from the attributes to the brands will determine the perceptions of the
consumer séwe suggest that both directions
brand image is assessed to make managerial reconatiens.

To translate thiso plain English, think of a brand in a particular category, for example cars.
What attributes come to mind? Now, think about just one of those attributes. Which cars come
to mind when you think of this attribute? The order in which the questionasd asky result in
an asymmetrical correspondence between brands and attributes, depending on the strength of the
brandés personality and the i mpact of the par-

Our Study

In our study we hoped toraluate the level of halo effect in our dediad decrease it by
randomizing brands within attributes in comparison to the control group where attributes would
be randomized within brands.

In addition, pretests showed a shorter study time when one brand was asked at a time for all
attributes. We wuld monitor and report on this as well.

Similar to the lefiright vs. rightleft study, respondents were administered a roughly 13
minute questionnaire on some aspects of the healthcare industry. Greenfield Online provided the
sample, with the followingespondent qualification criteria:

Age 18+
Covered by health insurance

Makes health insurance decisions for their household
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Differences in the control and test groups were as follows:

Control Test
Randomization Attributes within Brands Brands within Attibutes
Interviews (n) 1,047 266
Field dates June 11 July 4, 2008 September 8 16, 2008

Respondents rated three brands with which they were familiar, one brand per screen, on a
series of 14 attributes on a grid with a bipolar sepeint scale (thene very top company,
world class, stronger than most, average, weaker than most, much worse than other companies,

the one worst company, donét know) as in Figu
Based on your experiences and what you have read and heard, how would you rate @ on...?
Control

Much
The One Worse The One

Very Top World Stronger Weaker | Than Other| Worst Don't
Company | Class |[Than Most| Average |Than Most|Companies | Company | Know

Directing people towards quality providers ( J [ ] [ ] u u [_J (_J (_)

Having the best health professionals (_J [ ] [ ] [ ] [ ) [ ) [ ) ( )

Based on your experiences and what you have read and heard, how would you rate each company on...?

Working to provide affordable health care

Test

Much
The One Worse The One

Very Top | World Stronger Weaker |Than Other| Worst
Company | Class |Than Most| Average |Than Most |Companies| Company |

<Brand 1>

(-
<Brand2> [ ) (_J L_J (_J [_J D D %

Figure 6:
Screen shots of Brand within Attribute vs. Attribute within Brand questions

Results

Il n brief, we found that the mean i s higher i
box (by 9% on average) and standard deviation. These results strongly indicate that it would be
unwise to switch formats from one wave of researchamext. It actually remarkably changes
the order of the means ¢é the ranking of the a
another (compared to .92 for the {dfjht, rightleft study).

Again, Chow tests of differences in regression coefficiaet®ss the two samples using the
rating variables are not significgnising likelitood to recommend as a dependent variable. We
advise caution due to the high multicollinearity. The average-cateelation for attribute within
brand was .81. For brdrwithin attribute the average inteorrelation was .76. We cannot say
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that we succeeded in reducing multicollinearity. A rule of thumb suggesting the presence of a
halo effect is an intercorrelation between .60 and .70. We beat that handily.

The diffelentiation analysis performed earlier for the-kgght, rightleft study is repeated on
the rotation order data below.

107 Centroids

0.9 A

0.8 +
Brand 4

0.7 - .
R?=0.86

0.6 -
0.5 A

04 1 Brand 2

0.3 - Brand 3 ¢/ ¢ Brand1

Brand within Attributes

0.2 A
0.1 A

0.0 T T T T T T T T T 1
00 01 0203 04050607 03809 10

Attributes within Brand

Chart 12

While at first there appears to be better differentiation asking attributes within brand, it
makes sense that one couldreéducing multicollinearity at the expense of discrimination. This
leads us back tborresand Bijmol{f 2009) 6s advice é we may be pro
and gathering a different (and yet still valid) story in changing how the question is asked.

One interesting finding was in applying the ipsative approach suggested by Leuthesser, et al.
With the normalized, standardized healthcare data we derived two very interesting varimax
factors, each easily labeled on a bipolar scale and very intuitivefifidncial data was not as
amenable to our attempts to reduce the multicollinearity this way, however.

Finally, there was no statistical difference in the time to complete the survey.
Conclusion
The halo effect is very high, and only slightly less so wiiramds are asked within attribute.

The means changed and the mean order changed. Brands were rated more highly when they
were compared with other brands.

We will continue exploring the ipsative and other approaches to multicollinearity.
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HNDINGS ACROSSSTUDIES

Wi th ti

mestamps

on

financial studies and discovered they werelftahg after about six attributes:

30 -

Median Time in Seconds
—_
h
1

n
|

-‘

every screen, we were abl
-==-DK
------- Six Brands

— (Control

*e
*e
*e
.
.-IIIIIIIIIIII...
*scsvssvsssnne, EERN]
bl TP ]

- - S D . S S

6 7

8§ 9 10 11 12 13 14 15 16

Task by Order Received

Chart 13

Have they just learned the task really well? Are they tiredkdi® We might say this shows
the learning curve for the task, but if you remember the previous charts, not only are the

respondent s
variance) more often.

going

faster

but t he-§ninp(loveer usi ng d

Moreover, in any regssion we were only able to fit at most five or six attributes before
signs began to flip and the multicollinearity flags were being tripped.

Given the

enor mous

oreliabilitydéd of our dat a

one factor, eight staments would have done as well as 16. But if client requirements need all
16 it may be worthwhile to ask the respondents no more than six at a time. This will be tested in

future studies.
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PLAYING FORFUN AND PROFIT
SERIOUSGAMES FORMARKETINGDECISION- MAKING

LYND BACON
LoMABUENAASSOCIATES
ASHWINSRIDHAR
ZLINQ SOLUTIONS

INTRODUCTION

Much of marketing research concerns organizing activities of consumers so as to enable
inferences about their attitudes, beliefs, values, or preferences. Traditional procedures like
surveys, interviews, experiments, and focus groups structure the activitesicppnts, and
constrain what they do by way of explicit requirements and implicit rules of interaction. Games
are a more natural form of organized activity for people than are conventional research
procedures, and are in fact a type of activity thapfeeengage in energetically of their own
volition. When properly implemented in regard to organizational learning objectives, games
have advantages that include being able to mo
results. They also prade a framework for rewarding players in proportion to their contribution
to desired outcomes, as has been illustrated by recently published academic research. In this

paper we:
review the characteristics of games and game play;

summarize who plays eleotric and online games, and what the underlying technologies
are;

describe the growing areas of serious and purposive games;
summarize games recently developed to address marketing issues;
describe design and implementation issues, and

wrap up by describgpa linguistic game platform we developed and deployed.

GAMES AND PLAY

To grasp how and why games are useful for marketing research purposes, it's important to
understand what a game is, and what the nature of play is. A reading of the game design
literature yields a wide array of definitions for what a game is. Saleen and Zimmerman (2006)
distill several definitions. We prefer ours, a synthesis of various authors' definitions, as general
and flexible enough for research applications:

AA game ityengaged inandividually or in groups that is played by rules and
with intent to achieve a particular outcom

Huizinga (1950) provided anoftani t ed def i ni ti on of dAplay. o0 £
attributes of play are:
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1. Participation is volurary

2. Pretending is involved

3. The experience is often immersive

4. It's done in a particular time and place

5. Itis based on rules, but the rules may only be implied

6. It is often social, and can create groups

APretending, 0 above, refcers tid mmeagiiviemg sSu@n
engrossing, -orkeerédapsrinéhoew, perhaps in the
Csikszentmihalyi (1990). Rules may only be implied. When tossing a ball back and forth, for
exampl e, one i mpl i ed raertamtyabsutoftdomes'istanotther;ofp t h e
noted, feature of play. I n any case, play 1is

Caillois (2001) studied the cultural significance of games, and perceived gameplay
experience as being an mixture of improvisation, jog, gratuitous difficulty. He defined four
types of games:

Competitive
Chance
Simulation
Vertigo

Games of chance are gambling games, like blackjack or the lottery. Simulation games
include roleplaying games. \Vertigo games are games that cause dizaunelsss the kind of
playground games children invent that alter their balance by spinning around. Note that these are
game types of which most games are hybrids.
least adaptable for research on consupareast at the present time.

WHO ISPLAYING BELECTRONICGAMES?

Using games to accomplish objectives like problem solving, idea generation, or forecasting is
not a new practice. A recent exampleais Ethi
structued collaborative play activity in which groups, sometimes in competition with each other,
create new product #Aartifactso using common s
most other games for business purposes require that players belphgsiacated, and they
aren't very scalable due either to the nature of player activities and interactions, or because
analysis of their results isn't easily (or even feasibly) automatable.

We believe that oror off-line electronic games offer the begiportunities for innovation in
research practice. Our reasons include their potential scalability, and the possibility of
embedding certain kinds of games in existing data collection contexts such as online surveys or
focus groups. The prospect of ugsuch games begs the question of who is likely to find
playing them at least tolerable.
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The Entertainment Software Association (ESA; www.theesa.com) conducts an annual survey
of U.S. households to find out who is playing computer games, and how ttanjraget. The
ESA's 2008 study included the following findings:

1. Computer games are played by 65% of U.S. households

The average player age is approximately 35 years

40% of players are female

Adult computer game players average 13 years of gdayeng exg@rience
26% of adults older than 50 years of age play computer games

36% of players said they played with others present

N o o bk~ WD

36% of responding heads of households reported playing on wireless devices such as
phones and PDAs

It would appear from the ESA's resuthat computer games are not solely the province of
adolescent males, and that playing them is prevalent in U.S. households. Given their ubiquity,
research participants should not find games to@uffing, assuming that they are adequately
executed.lt's our guess that the proportion of players who play games on wireless and mobile
devices will increase as the power and flexibility of mobile computing platforms continues to
evolve, and as game applications that run on them become more numerouseand mor
sophisticated.

Theories about motives for playing computer games abound in the game design and
development literatures. In some cases, purportedly causal explanations for game play are
tautological, e.g. players play a game because they enjoy it, eaddeethey continue to play
they must enjoy it. There are some more thoughtful perspectives, however. Bing Gordon and his
colleagues at Electronic Arts, perhaps the largest manufacturer of computer games, believe that
the fundamental motives for playingmes vary with age and gender (Moggridge, 2007, Chapter
5). Preteenage boys, for example, seek power and freedom from authority. As a result, sports
and combat games are likely to be preferred by them. Teens seek to explore their identity and so
tend toprefer rich and engrossing regidaying fantasy games. Adults seek mental stimulation
and selimprovement, and so will prefer games like puzzles or the famous Flight Simulator that
allow knowledge or skills development.

WHATMAKESGAMESGO?

Over the yess, advances in computing hardware, user interface and communication
technologies have shaped developments in the computer gaming industry. There has been a
steady increase in the level of sophistication of games through application of these technologies,
and players can now choose from a wide variety of platforms to play games on, including
dedicated gaming consoles, gengratpose personal computers, as well as treatd devices
and mobile phones.

The user interface of a game depends on the platfonvhaoh the game is played. Most
modern games take advantage of higéolution graphics capabilities of display devices such as
television sets, computer monitors or dedicated LCD screens built into gaming devices. Game
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consoles have dedicated input devidesigned specifically for the console, typically with

buttons providing specific game actions and a joystick to facilitate navigation. A computer
keyboard and mouse serve as input devices on a personal computer. Special purpose input
devices are often aNable to enhance playability on a computer. These devices typically

connect to the computer via standard interfaces such as USB, serial or parallel portgelHand
gaming devices vary in their level of sophistication. They arecselfained units combing a

display device, input device and a mechanism to incorporate the game module, which enables a
single device to play multiple games. Modern mobile phones including smartphones, with
increasingly more processing and graphics capabilities and aregypopnlarity as devices for
playing games.

Networking and communication technologies are also taking on an increased supporting role
in gaming. Internet connectivity is being exploited not only as a means of delivering the game to
players, but also to spa the interactions among players. Early forms of multiplayer games only
allowed multiple, typically two, cdocated players, each with their own input devices to interact
competitively within a game. This social aspect has evolved, through use -aipesghinternet,
and development of multiplayer and massively multiplayer online games, to where players can
be geographically dispersed, and still interact cooperatively or competitively withimdanmg
games. Such interactions among players are cooedinlatough servers on the Internet, which
host games and also serve as a more general ecosystems for online interactions among gamers
and enthusiasts.

Developing modern, sophisticated games across multiple platforms requires a complex,
multidisciplinary gproach sometimes taking years to take a single game from concept to market.
The team often comprises of producers, game designers, artists, programmers, engineers and
testers. There are, however, some common components that are required by nearlygall game
Game engines provide such reusable software components and can be used to facilitate relatively
rapid game development. They enable gamecific artifacts to be developed in their entirety
and used along with customized, reusable components relaedi@spects as rendering,
sound, animation, networking etc. Game engines also abstract the platform layer, enabling a
more streamlined development of code that can be targeted at multiple platforms. Special
purpose engines, also called middleware ardablaifor specific applications such as massively
multiplayer online games.

Even with advances in game engines and the availability of reusable components,
development of modern games for consoles and personal computers remains complicated and
expensiveA class of infrastructure targeting game development on new platforms such as
mobile phones and web browsers Bmerged. Platforms such as Shockwave and Flash are
increasingly being used since they can be used to enable games directly within web browsers
using plugins. There is also increased focus on diverse and higher level development languages
such as Java, Python, and PHP.

Targeting the browser as a platform has yielded a class of games, simpler than modern
console based games, but with charactedgghat are similar in a number of ways with more
general purpose Rich Internet Applications. They are hosted on a web server, often store game
and player data in a database and enable atieneof the player with servdrased components
as well as otheplayers. Input devices for such games tend to be computer keyboards and mice.
In the simpler cases, the web interfaces can be constructed using popular web technologies such
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as dynamic HTML and Javascript, and techniques such as asynchronous Javasxifipt an

(AJAX) can be employed to enhance user experience. More sophisticated interfaces can be built
using technologies such as Shockwave and Flash. Such games can still be developed quite
rapidly, embedded within multiple websites simultaneously and candessed using a personal
computer with Internet connectivity.

Mobile phones have seen a surge in being used as simple gaming devices. Games for these
devices are developed to target the specific operating system or platforms supported on the
phone. Theyeed not necessarily be networked, however, availability of Internet connectivity on
such devices can easily be exploited to deliver games that behave much like the ones in a web
browser. Games for mobile devices are, however, designed to make effeetietioe limited
hardware and processing capabilities. Multiplayer capabilities are also somewhat limited in such
mobile devices.

SERIOUSGAMES

It should be obvious to the reader that the kind of games we're discussing are designed with
objectives in mid other than the sole entertainment of the player. Developers and educational
researchers have been combining computer game design and learning principles to grow a class
of games referred to as fiseri ous (¢ aabjeckve,o Ser
and are not intended to be played primarily f
Given that serious games are designed with the intent to bring about change in beliefs, attitudes,
perceptions, knowledge, or behaviors, they are@a kit f fAper suasi ve technol
Fogg (2003).

Despite the newness of serious games, a number of good examples of them can be found.
HopeLab of Palo Alto CA (www.hopelab.org) has been developing games that help people cope
with various kinds of &alth issues. Their Ridission game is designed to help minors cope with
cancer by shaping good health behaviors and attitudes.

As another example of a serious game, America's Army (www.americasarmy.com) is
considered by some to be one of the most higisiple serious games to date. The game was
developed with both recruiting and entertainment objectives in mind. Based on its popularity it
was ported for use on consumer game consoles.

Humana Inc. launched an initiative in 2007 called games for health
(www.humanagames.com). Their games, and the research program underlying them, are
intended to promote physical and mental vieelt i n g . Their premise is tF
way to better health. o

The emerging importance of serious game applicationbdws noted by the academic
community. A number of L. universities that include Michigan State, University of Southern
California, Wisconsin, and Simon Frasier have graduate level curricula or degree programs on
serious games. Each year there are cent®s held around the world about serious games that
facilitate the growth of a global interest community.
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PURPOSIVEG AMES

The focus of serious games is on change in t
designed with the intention of satisfyingganizational learning objectives. Examples of such
objectives include making predictions, and taming unstructured data in order to provide better
discovery and decision support services. The distinction between serious games and purposive
games can beizzy, since games designed for a purpose other than player pleasure can be
intended to achieve multiple goals. America's Army is an example of this.

Purposive games are being deployed in a variety of domains. Hopelab has RuckusNation, a
communitybasednline game designed to fight childhood obesity by generating new ideas for
leading more active lifestyles. The Institute For The Future (www.iftf.org) has launched
Super Struct (www. superstructgame. org), a mass,|
desigred for forecasting. Free Rice (www.freerice.org) is a vocabulary game for ending world
hunger and also providing some free education.

Louis (ABig Louo) von Ahn and his coll eagues
developed a series of games thatehbeen implemented by Google and elsewhere. They are
generally about solving difficult computing and machine intelligence problems by harnessing
human perceptual and cognitive abilities. Th
games for genating labels for images, for dealing with semantic ambiguity, and for other
problems that computers have difficulty with as compared to humans. Google's implementation
of some of von Ahn et al.'s games can be found at www.gwap.com. CMU versions artycurre
at www.espgame.org.

As far as we can tell, a widely accepted taxonomy of purposive game types has yet to
emerge. We currently classify them as follows. Note that in each case, the primary intention is to
generate some kind of new information or knedge for the main stakeholder in the game, its
sponsoring organization. Also, note that the boundaries of these categories are fuzzy, and that
any single game may have the DNA of more than one type.

Labelling gamesthese are games used to classify oellezemplars. Von Ahn and
Dabbish (2008) provide several examples of games we consider to be of this type.
Prelec's (2001) Information Pump is an example applied in the marketing research
arena.

Prediction gamesThese are for forecasting or predictimgmts that have yet to occur.

Accuracy/consistency game$hese are games in which players are rewarded for the
precision or reliability of their responses.

Content Generating gamek these games, players generate new content. The nature of
the conént is constrained by the rules of the game.

PURPOSIVEG AMES INMARKETINGSCIENCE

Academic researchers have begun to develop and test a variety of purposive games. Of
them, predictive markets, also callfAd Avirtua
predictive market i s one in which participant
based on an event that has not yet been observed (Spann & Skiera, 2003). The contracts express
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some future event, such as a particular team winning apsbaship, or a product achieving

market share dominance by a particular date. Wolfers and Zitziwitz (2004) provide a useful
summary of common types of contracts. But suppose, for example, that the objective was to
predict whether Boston Red Sox would whe 2009 World Series. You could define a stock, or
contract, for this prediction that would be worth $1 per share if the Red Sox actually did win,
with an initial offer price of, say 10 cents a share. When this stock is traded in an efficient
enough madket, the trading price per share is arguably the best predictor of the probability of a
Red Sox win that can be had. The market would close when it was possible to know with
complete certainty whether the Red Sox would win the Series. If they didn'tinesglayoffs,

for example, the market would close then. The many issues to be considered in designing and
running predictive markets are reviewed by Spann & Skierra (2003) and Wolfers and Zitziwitz
(2004). Pennock (2004) proposes a procedure fordealing h i nadequate | iquid
markets.

In the arena of marketing research, Ely Dahan and his colleagues have described different
kinds of predictive market applications. Dahan and Hauser (2002) and Dahan, Lo, Poggio, Chan
and Kim (2007) describesing markets to evaluate concepts. Dahan and Spann (2006) describe
using them to evaluate concepts as well as product attributes. Note that in the applications of
these authors to the case of product concepts, few or none of the concepts treated Ibeay ever
turned into real products. The markets for them are closed atdefimed time, and they are
usually run for not more than 60 minutes. The prices at market close are the measures of
interest. Gruca and Goins (2008) have examined the influenoeiaf setwork characteristics
on how traders price contracts in predictive markets. Not surprisingly, we consider prediction
markets as prediction games.

Drezen Prelec (2001; Dahan & Hauser, 2002) has described a game that is a kind of labeling

game. Hisfil nf or mati on Pumpo i s a game that consi st
each other fAtrue or falsed questions about th
pl ayer sees a scrambled, wundeci pheontbl e i mage

Prelec claims that the Information Pump can be used for generating consumer language about a
product or concept. Matthews and Chesters (2006) have done conceptual replications of Prelec's
procedure while having their players interact f&méace. We consider the Information Pump to

be a type of labeling game, but the case can be made that it's a content generating game.

Min Ding (2007) and his colleagues (DinGrewal & Liechty 2005) have extended
conventional conjoint tasks into what theyical i i n-akenghed conj oint. o Th
improve the reliability of preference measurement. Their procedure creates a real financial
incentive for research participants to provide their most accurate and reliable responses by
offering them aropportunity to obtain a real product in a true economic exchange, the specific
terms of which are determined by their modeled responses in the conjoint task. Ding and Ding et
al.'s results unequivocally indicate that the financial incentives they useficsigtly improved
data quality.

Ding, Park and Bradlow (2009) describe an alternative to traditional conjoint measurement
they call Abarter markets for conjoint anal ys
and cash, and over a series of raimdwhich they are randomly paired and in which they can
exchange their concepts and cash. Subsequent to this play, a round and a player are randomly
selected, and the player is given the cash and concept they have at the end of that round. Ding et
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al. demonstrated that barter markets can produce results with better external validity than
choicebased conjoint, and that the advantage they observed persisted at least two weeks after the
tasks were performed. We classify barter markets as an accoraigtency game, since as is

the case with incentivaligned conjoint, consistent responding on the part of players is what is
rewarded in them.

Toubia (2006) designed and evaluated a kind of group ideation game in which players
address a particular issaeproblem, making contributions to generated content that is organized
in an interface that is like a outliner. He experimented with how game points for contributions
by players are allocated, and demonstrated that he could vary the extent to whiclepaiBas
are elaborated by changing the balance of points allocated to individual contributions versus
those given for contributing content that other players built from. Toubia's method is being
applied to commercial applications by the firm Appliedrkkting Science, Inc. (www.ams
inc.com) under the moni ker Al DEALYST. o This ¢
an application that is similar in spirit in t
In our application, we used rulbased on linguistics theory, a player interface metaphor
consisting of a discussion forum, and incentives aligned with performance in the form of game
points that converted into cash, chances to win prizes, or other rewards.

Some very recent developmentsd | ude Di ng and Hauser's (2009
Toubia et al . ' s isyegegDe Joag& Fpebek 2009). DingramdiHauser's
game is a game of clues with a survey built into it. The players have either the role of sleuth or
clue-giver, with the former having the task of inferring the preferences or other responses of the
latter. Incentives are aligned with performance in these games, with the payoff for both roles
depending on the accuracy of inferences made by the sleuths. Toabidave adapted the
game of poker to define a purposive game that has incentives aligned with measurement
outcomes and that produces results analogous to conjoint measurement. Ding and Hauser's and
Toubia et al.'s procedures are accuracy/consistearogs;

GAME DESIGN AND IMPLEMENTATIONSSUES

The superordinate goal is to define a game activity that will produce the knowledge that is
sought. Accomplishing this in an effective while practical way requires addressing a number of
different issues. Folleing is an enumeration of some of the significant issues that we have had
to consider in developing game applications, or that are discussed in the game design-or human
computer interaction literatures. They pertain to games that are electronic anddthane
played over networks.

1. It must be possible to define game rules that will enable the desired observations or
inferences.One implication of this is that explicit measurement objectives must be
specified. The essentttheaghmeagssupposed to allowusto A Wh a
l earn?o This seems | i ke an obvious point,
objective to satisfy. It can be a challenge to design an activity that people will engage in.

It can also be difficult to desigan effective measurement task. The intersection of the
two can be at least doubly difficult. It's useful to think of a purposive game as a new
product. Successful launch and productive playirequare in design and testing.

2. The intended players shoubé likely to possess the skills and knowledge that make it
possible for t he mitleastsgne playersisbouldbe abdesof ul | y. o
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experience some modicum of success, and if not in terms of winning, at least in the
process of playing. If theagne is too hard, players won't attempt it for long. If it is too
easy, tley also won't play it for long.

If the process or outcomes of the game itself are not going to be rewarding enough to
compel the desired behaviors and outcomes, rewards exterhaldarhe itself should be
implemented.We'll discuss this issue further in the section that follows that is about
motives and incentives. In some cases you may need to, or want to, pay players for
participatingor based on their performance.

. For games invhich the rules and measurement objectives require players to interact,
rather than playing independently, the nature of possible player interactions should at
least do no harm to accomplishing the game objectives, and in best case it should
promote acconlghing them. Depending on the nature of the game, the desired
interactions between players may be competitive, cooperative, or both. In some kinds of
games, such as Ding et al.'s fAbarter marke
Pump, players breefit by being able to observe thegame behavior of other players, but
behindthe-scenes collusion between players in these games would be injurious to the
guality of the game results. On the other hand, in other kinds of games, like Toubia's
(2006) iceation game or in the Discussion Game to be described below, players can
benefit by working together in ways constrained by the prevailing rules. In some
circumstances it may be very difficult to preveollusion behind the scenes.

. The nature of the kndedge generation process underlying the design of a game
determines when a game reachesSometgamesiend st
end naturally or by design, e.g. the predictive market for a contract on the occurrence of
some event by a pattilar time, Ding et al.'s incentiradigned conjoint measurement.

Other games, such as the discussion games described below, end when the players stop
playing. In this case it can be difficult to predict with any precision how longlitaki

for a gamdo complete.

. Whether a game in which players interact i
asynchronously should depend on the nature of the player'sRkskin real time can
encourage player engagement, and promote excitement. A good eiaxgrieAhn's

ESP game (www.espgame.org). When coupled with a short play duration, real time play
may also discourage complex problsolving behavior and creative ideation. A sense of
urgency may be imparted in asynchronous play scenarios if thereoaighgnlayers

involved. In our Discussion Game, for example, a typical game is run for two to three
days, and players do not need to be logged in on a continuous basis. It is clear to us that
players' perceptions of the rate of competitive activity oéiofhayers motivated many to

log in often. This has been particularly apparent in cases in which the rewards for
performance were zero sum, or when they were unconstrained.

. What kind of analyses will be enabled (or required) by the data produced byrtbe ga

The kinds of data produced vary greatly as does the difficulty in analyzing them. Games
like incentivealigned conjoint and barter markets produce utility measures comparable to
conventional conjoint procedures. Conventional modeling procedure® aeset to

analyze them. Predictive markets produce aggregate level estimates, e.g. of the
probability of an event occurring, as a direct result of trading activity, but little in the way
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of data that can be used to understand player heterogeneity. 'Joaddgion game and

our Discussion Game produce poorly structured text data. They require the most use of
Ahuman computingo to make the best use of
the perspectivef knowledge extraction.

8. What kind of feetlack can be provided during and after the garGame players benefit
from, and usually appreciate, feedback on their performance, as a general rule. Feedback
during play can increase engagement@mtburage completing a game.

9. Whether adequate usabiliyd system performance can be attairiHte player
experience is important for purposive games to be as effective as possible. When games
are intended to be played over networks by players using their own technologies, it is
critical to design and engieefor the lowest level of capability their technologies should
adequately support, or to define the player universe in terms of what their technologies
are. There are both client side and server side issues for game implemented across the
Web. Client sile constraints include the processing capacity of players' computers and
the capabilities of the various browsers they might be using. On the server side,
bandwidth, processing speed, response time, and religbilgyin terms of wime) are
the majorconcerns. Security is also an important consideration, given that the code and
the data generated by using it are likely to be proprietary. These issues are not
qualitatively different than those pertaining to online survey platforms, but they will
geneally be more critical to suessful implementation.

10. Whether the case for implementation can be made based on development cost and
expected useful lifecycleComplex game systems like predictive markets and our
Discussion Games require significant investtnin development, and so it's important
that an adequate business case can be made for them. Other, simpler games, like
incentivealigned conjoint, can be run without developing special technology, albeit at the
cost of some additional administrativeesiread and human effort as quamed to choice
based conjoint.

11.Can the benefits be demonstratddarketing researchers and decisioakers often
hesitate to adopt measurement or idea generating procedures that are new or unfamiliar.
And clients are unlikg to fund controlled experiments to assess a game's efficacy, or
even to have the patience to see them done. But it still may be necessary to provide
empirical evidencetat a particul ar game Awor ks. o

12.1s it legal? It may or may not be; whether it isgends on what and how players win, and
where they play. See the next section.

GAMES CAN GETYOU INTO TROUBLE LEGAL ISSUES

When implementing purposive games where as incentives in the form of money or other real
assets are at stake, it is essential suenthat the regulations and legal requirements of where
they are to be played, are taken into account. Different legal jurisdictions have different rules
regarding games in which money or other assets can be won. They all make a distinction

1 The authors are not attorneys and are not in this section offering legal advice. The sole purpose is to summarizes sbatemiaguze
sources of risk for those who may implement psip®games. Readers who have particular game implementations in mind should seek the
counsel of an attorney for a review of the issues relevant to their intended application.
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betweergames of chancandgames of skill. The key differentiation between these two types of
games is what predominantly determines who wins, skill or chance. The distinction is often
blurry and it varies across locales.

What defines predominance is often bagedegal precedent and the decisiaaking of
local court systems. For example, poker is considered to be a game of skill in some jurisdictions
(e.g. South Carolina), and so where money is involved it may or may not be gambling. In other
places, e.dllinois, any game, skill or chance, that is played for money or other winnings is
considered to be gambling and is illiegal. I
games without chance playing any role in who wins) are arguably legathiAgelse may be
considered to be a game of chance, and illegal. In many countries and all U.S. states, games of
chance are illegal or are highly regulated.

One tactic to consider when implementing purposive games with money or other real assets
asprize i s to mention | anguage | i ke Avoid where
document that all players must agree to before playing. A terms of participation agreement that
players must indicate acceptance of is an essential component fa igaplemented for
commercial or research purposes. It should make explicit game rules, how prizes will
awarded, who owns what at the end, and other features of a game and its purposes.

The distinction between lotteries and sweepstakes may also bentalegome
circumstances. A Alotteryodo requires a purcha:
they are run by the states themselves, of course), and in many countries. A sweepstakes is a
game of chance in which winners are determinesddnye kind of drawing. Sweepstakes are,
strictly speaking, only | egal when there is n
by the player). Generally, consideration may be monetary in form, or in terms of effort made,

e.g. playing a gamer@answering survey questions. Most U.S. states (Michigan is one exception)
have adhered to a monetary definition of consideration. So, purposive games in which

participants have to pay or make a purchase in order to play and in which chance will @etermin
winnings, can be expected to be seen by the authorities as illegal, while those in which their
investment is effort are less likely to be so. In the case where payment or a purchase is required,

a common tactic is to allow some alternative means efdhance to win. Hence the frequent

use of the | anguage fAino purchase requiredo in

Another legal issue is whether what players do in return for monetary or real asset winnings
is Awork for hire. o | f pl aeyrespesesieagameyteenitsnc e nt
possible that what they win is subject to tax withholding and perhaps payment of some kinds of
employment benefits will be required. Game winnings of any sort are taxable as income, of
course, at least they are in thesU. A related issue is who owns
participants. Ownership of the results, as well as confidentiality terms, should be spelled out in
the participation agreement, as should the understanding that the player will not be entitled to
any alditional compensation beyond the specified prizes, and that the player is responsible for
any required tax payments.
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0 WATS INIT FORTHEM? AMOTIVATIONS TOPLAY AND
PERFORMANCEALIGNED INCENTIVES

People play games for a variety of reasons, as suggdsted. In the case of purposive
games, whatever enjoyment or f&meay be had by playing them may be insufficient to
motivate enough players to do what is needed, like trying hard and being truthful. In such cases,
monetary rewards may be required tepine adequate levels of play. The work by Ding (Ding
& Hauser, 2009; Ding 2007; Ding et al. 2005), Toubia et al. (2006) and others demonstrates that,
not only do monetary incentives have a beneficial impact on player performance, but particularly
so wherthe amount of incentive received by players is proportional to the extent to which they
contribute to the desired outcomes of the game. Ding et al. refer to their conjoint procedure as
Ai nceanltiigneed conj oint. O We reeréabassett ave agaadece s i n
based on player perf oranaingree d®a ihmoe mtgi igge.,r f oTt
financial incentives on the behavior of individuals participating in experiments can be complex
(Cammerer and Hogarth, 1999), and so theiimgairposive games should be given careful
deliberation. More research is needed on this issue in order to derive a set of practical guidelines
for use.

A PURPOSIVEG AME EXAMPLE
A MULTIPLAYERINGUISTICPROBLEM SOLVING AND IDEATIONGAME SYSTEM

Beginnirg in 2005 we developed and then deployed a purposive game system designed for
solving hard problems and generating new ideas by leveraging the collective efforts of
participants. At the core of this system is supported a multiplayer activity that vae call
ADIi scussion Game. 0 I n a Discussion Game, pl a
topic, 0 by making contributions consisting of
contributions are a player' s A momvadesnthe gana,d wh a
are constrained by rules. A Discussion game is an asynchronous activity that is not moderated by
a leader. Players receive points for their various contributions, and for the extent to which their
contributions are built upon by otherghe allocation of points is adjustable to emphasize

different kinds of results as described by Toubia (2006).

The contribution types and some of the game rules are derived from Speech Act Theory
(Searle, 1969). In Figure 1 is the state space diagmathddinguistic rules used. It shows the
all owable types of contributions in the ovals
relationships between them as arrows. As an example of the latter, by referring to Figure 1 you
can see that an Arguent can be made for or against an Answer, but neither kind of argument can
be made in response to a Question. Thesespaiee rules are enforced by the system, which
only allows players to use legal types for their contributions. Adaptations of \&oditimem to
organizing collaborative problem solving efforts have been made by others (Conklin &
Begeman, 1988; Kunz & Rittel, 1970; Rittel, 1980; Wittes Shlack, 2006).

2 In some kinds of games, leader boards, or public rankings, have provedotwdy@ipmotivators for some players.
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Figurel:
State space for Discussion Game linguistic rules.
For details see text.

The linguistic rules are just one kind of rule used in a DiscussioreGamother type of
rul e, which we refer to as fAsoft rule, o0 is en
rule, for example, is that what a player contributes to a game must be new and relevant to the
discussion topic or problem statement. iofeor ce r ul es such as this or
systemo that would reward players for detecti
uses a process similar to that described by Toubia (2006). Such challenges are adjudicated by a
Adi scmasager, 0O a person whose role is to monit
t he wheel . 0O The discussion manager has compl
ending games and getting rid of any misbehaving players. Her word is Laer kiditis of soft
rules are the contribution type and text entered to explain it must agree, and what is added as a
contribution must make sense to other players; it can't be just gibberish.

Here is how a game is run. First, players are recruited ifabieed type and number of them
is not already registered on the game system. Next, the problem statement or discussion topic for
the game is created. It typically consists of a couple of sentences given some background
information, and a statement of tissue to be addressed. The issue may be in the form of a
guestion, such as fAWhat kind of movie plot wo
topic may include supporting content such as images or references. The game is begun by giving
the playerselected to play it access to it by making it visible to them when they log in to the
system. Each player can then make contributions following the game rules. This is done using
pull down menus and dialog boxes available in the game interface. €Hagetlooks like an
online discussion forurf) but it also includes contribution typing menus, help and instructions,
and game discourse navigation tools. Players log in and contribute at will until the game is
ended by its Discussion Manager. Thisssally when activity in the game ceases, or when
there is no more time to let it run.

3 The premise behind a discussion forum as the interface metaphor is that new players' familiarity with online discussiwiillforspire
some confidence in them.
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This games system as a whole is run from a multiprocessor internet server, which when
properly configured is securely accessible by players and game managers from amywther
Internet using only a common web browser. It is built on open source components that include
Linux, Apache, Javascript, Java, Tomcat, and PostgreSQL, and can support multiple game
instances running simultaneously. The names of the contribyperthat players see in a game
can be customized on a per game basis. For e
can be shown to players as fADisagree. 0 Ot her
system provides each player withh account page for tracking activities and their game points,
and provides all players with tutorials about how to play, example games, and games for fun. It
also provides some complementary game types for summarizing and scoring the results of
discussiorgames, and player and game management functions for assigning players to particular
games, player communications, managing rich media content, and so on.

Since we began to use this system for commercial purposes in 2006, we have run over 50
round$ of games with applications to issues that included brand extension opportunities, product
attribute definition, web site improvement, and event design and planning. The individual games
have involved from a dozen to approximately 900 players. Most have rua twe to three
day period. The incentives used have ranged from cash prizes based on both points earned and
drawings, to discount coupons with levels of value corresponding to game points earned, to
weights for votes on what charities should receivé casitributions.

OUTSTANDINGSSUES ANOCONCLUSIONS

Purposive games in marketing research are a recent innovation, and there are many issues to
be addressed regarding using them most effectively. One of these is how to choose players. For
some kinds of @mes, like for incentivaligned conjoint, what's probably most important is that
they are a sample that the required generalizations can be made from, and that they are
competent enough to understand and perform the task. For games like the Inforomagpon P
Toubia's(2006) ideation game, or our Discussion Game, diversity and depth of¢tgtied
knowledge and opinions may be relatively important.

Another issue is the design of incentives. It's clear (at least anecdotally) that in some
applicationsnon-monetary rewards like recognition on leatieards, championships, and
donations to worthy causes can be effective. But from a practical perspective, and in particular
where financial incentives are involved, it's not obvious how much is enoughitoratults that
are better in the sense of leading better policy decisions than might be obtained using
conventional methods.

All in all, and despite the questions that remain to be answered about purposive games, we
believe that the evidence of theffieacy is accumulating. We expect to see purposive games
continue to get attention in academia as a worthy research topic. Given that there are examples
like incentivealigned conjoint that require no investment in new technology, we also expect
them tobe adopted by practitioners seeking to improve the quality of their results, or to generate
data that otherwise couldn't be produced.

4 A Aroundod i s a sequ eanesethadbdre ralated by hnloyeratching leaening abjective.u r
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SURVEYQUALITY ANDMAXDIFE
AN ASSESSMENT OF WHBAILS AND WHY

ANDREWHELDERR
TERRYPAN
ILLUMINAS

INTRODUCTION SURVEYQUALITY TO THEORE

The topic of survey response quality has come under renewed scrutiny as online panels have
become the de facto sample source in many sectors of the marketing research industry. The
increasedeliance upon online surveys has brought about industrialization of respondent
recruitment, and with it an increased awareness of the types of individuals who feed the survey
production line. Professional Respondents, Quick Responders, Late Responaigtg|isers,
Hyperactives, Cheaters ¢é dondét people take su

Concerns over online survey and polling quality are merely the latest representation of a
historical tugof-war between the difficulties of reaching a targetlience and the adaptation of
survey met hods. The public failure to predic
social participation was greater than it is today, but with relatively limited channels for surveying
individuals. In 2009, wera at the other end of that spectrum, and face challenges aligned with
technologicallyadvanced survey tools that are applied to a fragmented and uncooperative
general public. (Figure 1)

Figure 1.
The evolving environment for survey research

Active Social Declining Media Sociological
Participation Fragmentation Response Saturation Hurdles
Landline Answering Internet  Cell Phone Mobility / Technology
Adoption Machines Adoption  Adoption Convergence Changes
Do-Not-Call 60pt-Ind Legislative
Registry Privacy Initiatives
RDD Consumer List Internet  Multi-  Multi- Industry
Panels Brokers Surveys Mode Source Adaptation

= >

1948 2009

The difference in the quality discussion today versus 10 or 20 years ago is that it is grounded
in an unprecedented amount of information available for analysis, regarding respondents and
survey topics. These forces were reflected in the 2008 US Presidentiaheldutb featured
ongoingmetanal ysis of polls from Nate Silver s 53¢
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discussion of voter segments, undgpresentation, and other heretofore esoteric methodological
topics.

For many companies, the speed and-effscctiveness of online survey methods has enabled
research to become an ongoing process that touches multiple stages of a product or corporate
i fecycl e. |l f studies don6t produce consiste
research supplies andrsumers. Such was the case in 2006, when Kim Dedeker (then a VP at
Proctor & Gamble) presented her ekespacmy s i ss
Industry Summit on Respondent Cooperati@hne later summarized her comments in writing:

A T h e e manyaexamples | could share of what can happen when research quality is
compromi sed. |l nst ead, I 6d Ii ke to tell a s
that weOve seen time, and time again acros
wefield a concept test that identifies a styaroncept. Then our CMK manager

recommends that the brand put resources behind it. The marketing, R&D and research

teams all invest countless hours and make a huge investment in further developing the

product am the copy. Then later, closer to launch, we field concept and use tests and get
disappointing results. And rather than finding an issue with the product, we find that the
concept was no good. We realize thast the d:
fl awed from the start. o (Dedeker 2006)

With this call to action, the industry quickly focused on two key aspects of online survey
gualityi panels and respondents. Panels have long been the subject of scrutiny regardless of
mode, questioned for theiriéity to represent audiences based solely onsslcted
participants. In the Internet age, those participants are able to generate more survey responses
with less validation than in days when a mailing address or landline telephone provided slower
respnse but some semblance of identity.

To be fair, there are other aspects of quantitative survey methodology that have as much if
not greater i mpact on the overall quality of
are the most visible link ithe quality chain and the easiest to quantify, so in some respects they
warrant the attention. Without holding all other components constant, any discussion of survey
guality is necessarily incomplete.

Figure 2.
Elements of survey quality

A Target definition (understanding the market)
(panels, lists, intercepts, modality)
A Sampling (consistency in access, management)
A Survey design (asking the right questions)
A Survey implementation (asking the questions right)
A Survey administration (programming, quotas)
(understanding, authenticity)
A Survey results (interpretation, validity)
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Nonetheless, eenewed focus on sample sources and respondent activity has yielded
substantial industry progress as panel providers and researchers delve into the behavior that
defines our primary product. Conferences and monographs dedicated to the subject have focuse
on three aspects of quality control:

Respondent validation and sample management
Survey design considerations
Data review

The first element is largely under the purview of sample providers, who are in the primary
position to manage respondent recruitvajdation, and relationship management. For the
typical research supplier or client, items 2 and 3 are proximate elements of survey quality that
can be addressed immediately.

Survey design in the online environment has experienced the inertia of dsaaddr
practices ingrained through years of paper and telephone surveys. Checkboxes and grids have
not only survived but flourished, veiled behind the illusory simplicity of automated skip patterns
and piping. The mechanics of computerized interviews)pality at risk when ease of survey
implementation is summarily equated with attention to survey response. Researchers have
pointed out that simply forcing response and shortening the omnipresent grids have tangible
benefits to survey quality (CartwrigB008).

Looking beyond the incongruity between online and offline surveys, there are varying
opinions about how to leverage the particular benefits of theamabled survey environment.
Since the browser enables an interactive survey environment, esiervisaal cues can improve
survey quality when they imply interaction analogous to a moderated interview (Miller and
Jeavons 2008). The use of raale chat moves beyond implied observation to actual
interaction, with additional quality benefits.

How far should survey design go to incorporate all the possibilities offered by-baselol
interface? Flashased surveys use animation and interactive elements to make surveys more
graphically appealing and engaging than the traditional radio buttons ahdbtixes.

Proponents argue that such advances are the realization of what online surveys should be, and
that departing from the old paradigm brings a new vitality to the survey experience, all of which
presumably translates to higher quality informati@thers point out that very few web
destinations actually integrate graphical elements such as slider bars-anddagp, and that

these survey innovations actually remove the respondent from their comfortable norms (Goglia
and Turner 2009).

MEASURINGSURVEYQUALITY

Regardless of whether you are a traditionalist or innovator regarding survey design, the
impact of quality is ultimately measured in the responses obtained. In this arena, there is greater
continuity across researchers as to how to appraechuality issue. To varying degrees, data
guality is measured by a series of metrics that attempt to capture aberrant and undesirable
activity within the survey laziness, inattentiveness, inconsistency, exaggeration, and outright
lies. Figure 3 provids examples of metrics and the aspects of quality we hypothesize that they
reflect.
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Figure 3.
Quality metrics and proposed dimensions

Days to respond

Day of response

# of Online surveys

# of Phone surveys
Time to completion
Straightlining scales
Use of scale midpoint
Opt outs / Don & Know
Use of none / zero
Multi-response activity
Open end quality
Survey evaluations
Consistency

Low / High incidence
Conflict checks
Multivariate reliability

Professional / active responder

Lazy / fraudulent response

Satisficing behaviors

Engagement / relevance

Accuracy / truth

Internal validity

A

While there are various categorization schemes relating metrics to the underlying behavior,
there seems to be generategment upon a core set of quality indicators. After assessing the
state of online research quality, the publish
2008) recommend i mplementing fitrapso to ident

Speeding’ moving through the survey too fast to provide legitimate attention
Straightliningi repetitive use of scale positions
Contradictiong providing inconsistent or false information

Collecting metrics is only half the battle: What is to be donb thié results? When quality
reviews have been published, the metrics are used to generate a scoring system that associates

poor quality with greater incidence-lLeGuinspring
2007). This approach reflects ressminto respondent behavior that reveals individuals engage
in various forms of fAsatisficingo to simplify

(Krosnick 1995). Some elements of satisficing are captured directly through metrics while
others aremplied based on assumptions about how a particular metric relates to quality. For
example, straightlining is a specific form of satisficing, while speeding is likely indicative of
cognitive shortcuts in general.

The primary issue confronting any qualégsessment is the identification of-offt criteria
that separates low quality respondents from those providing acceptable survelhiatask is
daunting given the multgimensionality of the quality issue.

Fraudulent respondents should ideallypleged, but lies and mistakes are not always
indistinguishable within a data stream. Many respondents will invariably falter at a particular
guestion type or in the latter stage of a survey, setting off quality alarms although taking the
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survey in good figh. There is seldom a bright line of performance that tells us when a
respondent is unreliable enough to warrant exclusion. Ultimately it is up to the analyst to define
their own standards of fraud and their own tolerance for inconsistency.

Those standds must necessarily change across studies, which place varying demands upon
respondents and provide varying opportunities for validation. Various methods for standardized
validation include a periodic Acheekektaqguesti on
particular value (e.g. fAselect 2 to continueo
repeated at the beginning and end of the survey. Failure to perform such tasks is assumed to be
indicative of fraud or extreme inattentiveness.

While such overt validation has the benefits of simplicity and consistency across studies, it is
a blunt instrument that can frustrate legitimate respondents and alert illegitimate ones (Baker and
Downes LeGuin 2007). Additionally, these tasks contain litth@alytic content that can be
compared against other metrics for multivariate consistency. A preferable quality measure would
be one that evaluates consistency in a more complex fashion that overcomes these limitations.
Fortunately, there is such a measwrdely available in marketing research surveys.

ENTERMAXDIFF

Maximum Difference Scaling (MaxDiff) has become a widely used method to gauge
differing levels of response (importance, association, etc.) acsb#gns (Finn and Louviere
1992 Cohen 2003) The technique has many benefits over traditional rating scale measurement,
primarily the elicitation of greater differentiation and elimination of various scale usage biases.

Through the course of a MaxDiff exercise, the participant will see any gsteteim
multiple times, and compare it against other list items both explicitly and implicitly. For the
purposes of data quality, this provides an interesting test of consistency withitansaihed
experimental context. In effect the respondeasiged to replicate their preference, but the
context of a MaxDiff design is not as heavgnded as a value selection test or question
repetition.

The responses to MaxDiff are typically analyzed using Hierarchical Bayes (HB) to estimate
individuaktlevel codficients associated with each list item. Modeling with HB leverages
parameters from the entire sample to produce
statistic indicating how well the resulting model fits their observations (Orme 2005).

Turning this perspective around, the Root Likelihood (RLH) fit statistic is indicative of
consistency a person who answers at random will score a very low RLH while the person who
answers with extreme consistency will score a very high RLH. TheoreticalRRltH score can
range from 0 to D (reported * 000i n S a wt o pbuthn@sactice the Ibwsend will be
dictated by the MaxDiff design. In a typical MaxDiff showing 5 items per set, responding at
random should yield an RLH in the leme-mi d  ZSawtaoth 2005).

Those familiar with HB estimation of conjoint data will know of the RLH statistic. It is
important to note that in a choitb@sed conjoint, RLH may not be indicative of quality as the
respondent may adopt a response strategy that amoeaistent but in fact represents the very
simplification we are trying to eliminate. For example, a respondent who simplifies a
mot orcycle conjoint by always selecting the i
performance may yield a high RLH whieoducing spurious coefficients. This scenario is not
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applicable in MaxDiff, as the rotating combination of list items confounds a simplification
strategy predicated on repeatedly favoring one or twasitérhus satisficing in MaxDiff is
much more likef to appear as random responses, and low RLH.

Another benefit of MaxDiff is that it typically relates directly to the content of interest in the
survey. Quality metrics that stem from Atrap
attention lages to the degree that they tangentially related to the topic of interest, and thus seem
| ess deserving of the respondentds attenti on.
should be less susceptible to transitory quality lapses associdteaffiopic material.

Consider this effect in comparison to straightlining metrics compiled from rating scales
across an entire questionnaire. In a typical prodaurdbrandoriented survey, it is not
uncommon to have rating scales that pertain todhe topic (e.g. importance) supplemented
with ratings for profiling product usage, category engagement, personality types, past or intended
behavior, concept assessment, or attitudinal
guestions stacked togethare known contributors to survey fatigue and satisficing,
compounded through repetition and declining content relevance. In comparison to straightlining
metrics, a focused MaxDiff exercise might be more indicative of quality of consequence rather
thanquality from fatigue or design.

IMPLEMENTINGM AX DIFF AS AQUALITYMETRIC

At llluminas, we have long taken the issue of survey quality to heart, and incorporated a
series of quality assessments into each surve
answer too quickly, too haphazardly, or too intransigently are jettisoned from the research. Yet
lacking external validation, our approach has typically been conservative, only removing those
who exhibit the most extreme combination of speeding, stieigig, and inconsistency.

The increasing popularity of MaxDiff assessments and indivickggddonse models courtesy
of HB have provided a fresh perspectives on survey quality. We have the opportunity to
integrate MaxDiff performance, specifically we atfgrno determine whether there is a
relationship between poor MaxDiff model fit and standard quality assessment metrics. With this
combined perspective, we hope to establish guidelines that incorporate multiple aspects of
response quality, and understahd specific response characteristics that are most likely to
contribute to poor data quality. Given the inherent consistency of the RLH fit measurement, this
analysis can incorporate multiple studies of different content and subject matter.

Over the cours of our assessment, we seek to evaluate several questions related to quality:
Can MD serve as a validation of quality?
Does the presence of MD moderate or add to quality issues overall?
How does MD perform in the presence of Atr

Does MD performance tell us anything about how traditional quality metrics can identify
problem responders?

Does MD suffer from any unique quality issues that should be monitored?

Who does dAwell 6 at MD, who fails, and why?
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META ANALYSIS

Over the past fewears, llluminas has developed an extensive database of historical projects
that track the following quality measures:

Time to survey completion

Propensity to fopt outo of questions
Propensity to fistfaightlined grid question
Various metrics of survey ssfactior?

Number of surveys completed in the last 30 days-ésqificated)

From this combination of characteristics, we systematically eliminate a portion of
respondents who exhibit multiple questionable survey behaviors. Rejected individuals are most
notable for the tendency to complete surveys far faster than average and have a greater
propensity to straightline.

We selected eight studies from 2008, representing a broadsalession of 10,604
respondents, to evaluate MaxDiff and historical qualieasures. These studies consist of
consumers and commercial influencers in North America, Europe, Asia Pacific and Latin
Ameri ca. Whil e 111l uminas® ecordntedythe sbngegcentents pr e
spanned a relatively broad combinatadrsoftware, IT infrastructure, media, lifestyles and
leisure. Most respondents were sourced from panels, although some commercial studies were
split between panels and custorpeovided lists.

For all subsequent analysis, previousjected individualbave been reclaimed to ensure
full representation of suspect quality data.

Looking at the traditional quality metrics, the respondents in these eight studies largely took
their time, answered questions responsibly, and left the survey with positive ieveludthe
range of metrics does show that dramatic extremes are present for every aspect of quality
tracked, although in very small numbers. Notably the MaxDiff studies did not differ appreciably
from the entire research portfolio, other than being 8ligonger overall.

1The #fAo

2The fs
questions.

3 Survey satisfaction represents the average of four ratings related to the survey experience; interesting, efficieranekaventivell spent

0 variable is the sum of all AiNoneo and tinflesnd6t Knowo r e
tliningo \esionsshdiimgehe same réspoase withima goid divided by thg totial dumbeun of grid
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Figure 4.
Quality metrics aggregated across studies

Metric Mean Range

Survey Length 21.1 minutes 1.1 minutes to
120.9 minutes
Opt Out with None / DK 9.4% 0% to 100%
options !
Straightlining grid 14.5% 0% to 100%
guestions ?
Average rating for survey 5.24 1lto7
experience
# of online surveys in last 8.5 1t099
30 days
# of phone surveys in last 0.3 0to 50
30 days
|l ook at the compilation of

t he

fgoodne

these same eight studies, the distribution is immediately notable for the tiered clist@uimd)
poor performance. Several factors play into the RLH, which can fluctuate depending on the
number and complexity of attributes tested and the number of choices shown per task. In all
eight studies, respondents evaluated 5 attributes at a tinmygiitthe total number of attributes
ranged from 12 to 22 within 6 to 12 tasks.
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Figure 5.
MaxDiff RLH metric aggregated across studies
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Even after standardizing RLH by study, this group of low performers remained apparent in
the distribution. Since standlization should have nullified much of the design effect (number
of attributes, number of tasks), it may be that many MaxDiff studies will be subject to a
persistent group of individuals who do poorly at the task.

Lower-tiered respondents (more than 1 B&low average RLH) demonstrated features that
are comparable to our leguality stereotyp@& completing surveys quicker than average and

exhibiting greater tendency to straightline grid questions. Notably, this group was no more likely

di d
or .

and no

behavi

to opt out of quest o n s
respondento

t

mor e

t ake surveys,

While most of these findings conform with our expectations of response quality, the
magnitude of the correlations (while significant) was quite smalls Bwverthan-expected
impact, coupled with the clustering of poor MaxDiff performers, led to exploring thdimear

relationship between RLH and the quality metrics.

Distributing respondents according to common percentiles allowed us to isolate any non

linear associations among extreme performers, and in the case of RLH also created buckets that
aligned with the distribution of poor performers. From Figure 6, it is apparent why survey length

(s_length) and straightlining (pct2) had the most significarretation with RLH despite their
nortlinear relationships; the dregff in quality metrics among the lowest 10% MaxDiff
performers is substantial enough to generate a significant overall linear trend.

Figure 6.

Quality metrics in relation to MaxDiff RLHercentile distribution
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This comparison validates the assumption that poor MaxDiff performance can be considered
a quality issue, and the lowest 10% (equivalent to RLH < 300) are most suspect. It also validates

that speeders and straightliners sufferststency problems in an experimental design, while
varying levels of satisfaction and survey participation have little to no impact.
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Turning our attention to speeding and straightlining, their relationship with MaxDiff
performance can also suggest-ofitvalues that represent the greatest quality risk. Turning the
previous chart on its head, we examined the mean RLH score among corresponding percentile
distributions for survey length and straightlining. Once again, it is the extrethesspeediest
suvey takers and the most severe straightlirenghere we see the most severe degradation of
MaxDiff consistency. For both metrics, there seems to be a natural break around the 10th
percentile (lower 10% for survey length, upper 10% for straightliningvthe behavior
becomes associated with declining quality.

Figure 7.
MaxDiff RLH in relation to select quality metrics
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Distribution of Quality Metrics

There is clearly overlap among these three quality metrics, but from a practical perspective it
still remains unclear what type of resglents represent a "true" quality risk, and how deeply an
analyst should consider cutting their sample based on performance. It is tempting to eliminate
the worst performers based anymetric, as the lowest percentile seems to be a resting place for
the inattentive and unconcerned. Yet in considering multiple metrics, by definition there are
respondents who "fail" in one category but not the others. Do they represent quality risks, or
merely some aspect of response variation that can be explainatdurglaifference, selective
lapses, survey design problems, or the like?

To further understand the interaction among quality risks, we classified the "worst" 10%
performers for each metric and determined the overlap across them. As suggested by the
interdependence in previous comparisons, the incidence of multiple quality issues is greater than
would occur by independent chance. The most likely overlap (relative to chance) is the
occurrence of all three quality issues, followed by the overlap betweedisag and MaxDiff
"risk." Conversely, straightlining had the greatest likelihood of occurring without other quality
problems. Thus we see that speeding and MaxDiff have the closer relationship while
straightlining is more apt to be an isolated riskdact
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Figure 8.
Overlap among key quality metrics

Actual Chance  Ratio
Speed, Straightline, MD Risk 1.20% 0.10% 12.0

Straightline, MD Risk 1.40% 1.00% 14
Speed, MD Risk 2.40% 1.00% 24
Speed, Straightline 1.20% 1.00% 1.2
Speed only 4.90% 7.90% 0.6
MD Risk only 5.00% 7.90% 0.6
Straightline only 6.20% 7.90% 0.8
No issues 77.70%  73.20% 11

Once categorized, profiling by the quality metrics shows how strongly each group deviates
from the norm. The complete overlap group is obviously undesirable, as they complete the
survey in a quarter of thgpical time, straightline nearly 2/3rds of all grid questions, and answer
the MaxDiff as if at random.

Figure 9.
Quiality metrics among various quality classifications

23.0 mins.
12.1% str.
500 RLH

19.4 mins.
8.6% str.
246 RLH

MaxDiff

15.0 mins.
63.3% str.
241 RLH

/\
D
6.2 mins.
V%
2

. 65.2% str.
Speeding— v
9.6 mins. 1.0 mins.

235 RLH
10.5% str. 56.1% str.
476 RLH 472 RLH

6.0 mins.
7.2% str.
241 RLH

8.0 mins.
61.9% str.
445 RLH

Straightlining

Other combinations become steadily more difficult to discount as each has a nedeemi
characteristic. Can we confidently exclude speeders who straightline if they answer the MaxDiff
exercise consistently? The resulting actions may depend upon how closely each metric relates to
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the integrity of the study in question and the analystiglim into the risks associated with each.
In a broader sense, it also helps to understand how distinctive the problem groups are, and how
indicative they are of specific audiences or respondent types.

Figure 10 shows the relative strength with whichedéht profiling characteristics are

associated with each quality metric. To derive the indices shown, the incidence of each
characteristic within the low quality decile was compared against the incidence across the total
metasample. A score of 100 in@ites that a particular profiling group was no more likely than
average to be represented in the low quality decile.

Speeding

Straightlining

MaxDiff Risk

metric.
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Figure 10.
Profiling among various quality classifications
Con Biz US/ Europe APAC LatAm 206s 303 4086 506 Male Female
sumer Canada
118.2 1265 113.9

100.8

98.7

14.8

167.6
145.5

124.4 128.4

- 101.5

154.6

1332
117.2

104.6
[ ]

17.8

The three quality areas reveal similar profiling patterns, with some speaifitions by

Commercial studies are more prone to straightlining and MaxDiff problems, but speeding

is equally prevalent in consumer and commercial studies;

The US and Canada are most prone to straightlining and MaxDiff problems, and Europe

has a mderate tendency to join these them in speeding;

Young males are at risk for all three quality areas.



These profiles hold when looking at the overlapping quality issues illustrated in Figure 9;
young males in North American commercial studies are disptiopate violators of multiple
quality flags. When we look at the profile for individual quality violations (e.g. only one of the
three), the typical profiles change. As shown in Figure 11, the commercial tendency to
straightline does not inherently bleeder into other quality issues. The European speeders
mentioned above are disproportionately speeding without further quality issues. And those who
only have problems with MaxDiff tend to be older, unlike the youthful orientation of
combination offendes.

Figure 11.
Profiling among singl@uality violations

MD Risk  Straight-

Speed Only Only line Only

1 Consumer Research 112.6 78.5 42.4
2 Commercial Research 78.3 136.9 198.9
Total 100.0 100.0 100.0

MD Risk  Straight-

Speed Only  Only line Only
1 US/Canada 92.2 154.6 129.8
2 Europe 154.3 23.7 48.1
3 APAC 95.5 8.7 77.9
4 LatAm 18.2 64.8 72.3
Total 100.0 100.0 100.0

MD Risk  Straight-

Speed Only  Only line Only
1 20s 119.8 94.1 113.0
2 30s 114.9 107.6 98.6
3 40s 74.3 66.7 101.0
4 50s+ 48.4 157.2 59.9
Total 100.0 100.0 100.0

When contrasted with the consistent profile of multiple quality offenders, the heterogeneity
among singlequality violations suggests that each quality component has a particular response
effect asociated with it that may be related to cultural or social norms in addition to quality.
Only when issues appear in tandem do they show a consistent trend towards quality violation
among a particular group.

For the analyst, this calls into question thedwm of culling respondents on the basis of a
single quality flag. If Europeans indeed take surveys faster than others with no other adverse
indications, then indiscriminate deletion will introduce bias (umdpresentation of a particular
region and rgsonse style) rather than improve quality.

Likewise, the age effect associated with MaxDiff complications serves as a warning that not
all individuals play along with our research games exactly as we intend. While orthogonal
experimental designs may makerfect sense to practitioners, older respondents may find these
exercises particularly confusing, tedious, manipulative, or wasteful. Although it is unclear what
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aspect of MaxDiff creates dissonance with this group, it should give pause to those whe impos
blunt quality gates or consistency checks within surveys, because they are unlikely to be
interpreted and acted upon consistently across groups.

THE DEEPDIVE

The metaanalysis provided a broad perspective on metricspfsit and relationships, but
raised questions for further exploration:

If speeding, straightlining and RLH have disproportionate impact among specific
respondent types, do other commeunged quality metrics have similar biases
lurking?

Can we measure these biases in terms of varyings@s

For practical and methodological purposes, both questions are better addressed within the
context of a single study rather than the raatalysis. Practically, it was not likely we could
implement a new battery of quality metrics across eight Suta did not have comparable
guestion structures (e.g. use of multiple response, open ends, scales with and without midpoints,
etc.). Methodologically, it is impossible to divine a consistent "result” when each study has
unique goals and hypotheses. bEdter address the next stage of analysis, we turned to a single
research project that offered both breadth and depth.

Of the 10,604 respondents used in the raetysis, 2,919 of them came from a single study.
This study provided an exemplary source&lafa since it was broad in many ways beyond its
respondent count.

International scope X countries with Y different languages.
Universal topic- lifestyle preferences for 14 activities
Question variety- MaxDiff, rating grids, operends, and mukpunch

In addition to the core quality metrics evaluated in the raptdysis, this study incorporated
other measures to capture a greater variety of quality components.

Number of days in field (early vs. late responders)

Day of the week

Out-out specificallyfor "none" or "no response” (low involvement)

Outout specifically for "don't know" (low knowledge)

Perseveration of overall scale point usage (scale point repetition)
Perseveration of midpoint usage (ambivalence)

Usage of multiple response items, inchglopen ends (over/understatement)

The MaxDiff consisted of a typical exercise, measuring 14 attributes of low complexity (an
average of 2.4 words per attribute). Respondents were asked to identify the activity that was
most / least defining of their liggyle through the course of 8 tasks. With 5 attributes shown per
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task, each item was viewed 2.9 times on average. Individual utilities were derived through HB,
which also provided the RLH model fit statistic.

After further consideration, we hypothesizitferent ways to track respondent inconsistency
in the MaxDiff exercise beyond the RLH. To this end, there were two additional sets of quality
metrics introduced to this analysis.

The first type of MaxDiff measures is similar to the perseveration mesagureating grids.
In much the same way a person might focus their scale responses around a specific rating, they
might also focus their MaxDiff responses around a specific response position regardless of
content. Perseveration would contribute to randimoking RLH fit scores to the degree that the
design did not favor any particular attributes in any given positions. Perseveration statistics were

by

calcul ated for both fAimosto and Al easto respon

An example of perseveration is provided in Figure I2this case, the respondent
consistently chooses position 4 for Amosto an
those positions fluctuates.

Figure 12.
Example of MaxDiff perseveration

Most Least Most Least Most Least

o Quality o o Quality o o} Low Cost o
o Value ] o) Innovation o (o] Innovation o]
o} Support o o Usability (9] o Performance o
[e} Performance ] o Security o (e} Support fe)
0 Reliability o o Reliability o o Usability o

The second type of MaxDiff measures is an assessm#émg obnflicting information
provided during the exercise. Each task represents a series of pairwise comparisons, such that
selecting position 1 as fAmosto would reveal s
Sel ecti ng p o swouldireueal addlitioaad reldtibnships 1 5 (which we already
know), 2 >5,3 >5, and 4 > 5. Since the MaxDiff computation assumes all such pairings are
evaluated during the task, any subsequent violation of this ordering will add variability to the
estmates, which ultimately reduces RLH.

An example of conflicts is provided in Figure 13. In this scenario, the individual is not
perseverating on particular response position, but their answers do create violations in preference
order. These violations raccur in a number of ways.
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Figure 13
Example of MaxDiff conflicts

0 ea Most Least Most Least

o Quality o o Quality o o Low Cost o
] Value 0 o Innovation o) ] Innovation 0
o] Support o] o Usability o ] Performance (e}
o] Performance [e} o Security 9 ] Support o
o Reliability o (9] Reliability o o Usability o
I n one scenario, the respondent 1is inattent:i
bet ween tasks 1 and 2. I n task 1, the indivi
placing i1t implicitly above all other items i
i mportant. This generates an inconsistency i
Aireliabilityo appear i n b o thdtesthatchange,thereésg@ar dl e s
reasonable justification for reversing the order of preference between tasks.
This type of consistenayithin respons@a | so applies to the #Al easto
example above is fully aommsieot @rst cihro stemi & wri e
conflict in ordering. AUsabilityo is chosen

implied orderings between the questions.

Another type of conflict occuracross response wher eby t he fessmentsdo and
conflict. The example in Figure 13 shows such a case between tasks 2 and 3. In task 2, the

respondent asserts that fAusabilityo is the 1|e
However, in task 3 a woacmablilctiymgierddonseanc arss
attribute, placing it above fAinnovation. o Ne
the Aimosto or fAleasto responses, only when th

assertions.

Clearlythere must be overlap across these MaxDiff metrics. Even though perseveration is
conceptually separate from conflict, extreme perseveration will create conflicts. Similarly,
conflicts within Amosto / Al eas tacrossrespopse,Nns es a
but elevated levels of one will assuredly contribute to the other. But interestingly, these metrics
appear to be relatively independent of all other quality metrics.

A factor analysis of all quality metrics reveals the broad underlyisgcesions that link
many of them together. The varimax rotation from principal components is shown in Figure 14,
with a relatively even distribution of quality metrics across implied dimensions. Some of the
more interesting combinations include:

Engagenent. Active use of multiple response options (e.g. providing more responses) is
diametrically opposed to the likelihood to opt out, almost by definition. More notable
is that it is also associated with higher survey evaluations (satisfaction). This
combnation would seem to reflect the respondent's involvement with the survey
content rather than an explicit quality connotation.
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Lazy / Fraud: Straightlining ratings grids is associated with shorter survey length
(speeding). This relationship is interegtibecause it suggests that satisficing may be
a strategy for actively shortening a survey rather than a reaction to longer surveys
(which would have resulted in complementary signs rather than opposing ones).

Active / Pro: The more online surveys an indlual completes, the more likely they are
to be an early responder. If you are concerned about "professional respondents”
filling up your survey, manage invitations accordingly to allow more time for late
responders to participate.

Relevance The tendencyo use the don't know option is opposite to the tendency to
perseverate on scale midpoints. Since many of the DK responses occur within scales,
this may well reflect a zersum decision to either opt out or rate items ambiguously.
Perhaps this dimensiaould also be labeled as "scale design" as it would likely be
affected by the inclusion or exclusion of a DK response option.

Figure 14.
Factor analysis of expanded quality metrics

Survey Length -.646

Days in field -.758

Opt out for DK .709

Straightlining / Perseveration 728

Midpoint repetition -.647

Opt out for none / 0 =779

Multiple -response 797

Survey evaluation .561

Number of online surveys .652

Number of phone surveys 915

MaxDiff perseverations (Most) 731

MaxDiff perseverations (Least) .809

MaxDiff conflicts (within Most) .768

MaxDiff conflicts (within Least) .555

MaxDiff conflicts (Most vs Least) 422 467

Loading on separate dimensions confirms that MaxDiff performance eligrepeaking, a
different aspect of quality than all other metrics collected. While we have seen that extremely
low RLH fit is strongly associated with some aspects of speeding and straightlining, the entire
distribution of MaxDiff perseveration and cdint is orthogonal to the full spectrum of other
quality indicators. MaxDiff is indeed bringing something new to the quality conversation.

A secondary observation comes from the splitting of MaxDiff dimensions between "most"
and "least" metrics, with theross response conflict splitting the difference. Previous research
has pointed out that individuals answer the two questions somewhat differently, in that they will
generate different utilities if modeled separately. (Chrzan) This difference appkald taue
for the errors that people make in MaxDiff as well. It serves as an important reminder that our
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definition of quality is dependent upon the cognitive process involved; how individuals approach
a question will dictate their success at answeting i

With these tools in place, we went about replicating the +ayeddysis within the narrowed
context of this single study. First, we broke out the enhanced quality metrics by the RLH
distribution, just as performed with the mestudy data. However, ¢hRLH distribution for this
study was skewed higher (i.e. was more "consistent”) than for thestudy data, and thus our
definitions of the percentiles shifted to accommodate reasonable base sizes for each group. As a
consequence, the quality inteliadts are compressed into a smaller part of the RLH scale
relative to the broader assessment, as shown in Figure 15. Note that quality metrics-with non
significant variation across RLH categories are removed for interpretability.

Figure 15.
Quiality metrics in relation to MaxDiff RLH percentile distribution

s_length Time

35 35%
2004 researchl Survey Ratings
30 + T 30%—x— research2 Online surveys
—®&— research3 Phone surveys
51 4 1o 208 213 208 21.8 21.6 1 25% y
. 18.8 194 19 19.3 —e—pctl Opt Out
20 4 + 20% -
> pct2 Straightline
15 + 130/&“"#-------+ ----- o +- +>+< + 15% --+-- pct3 Midpoint
PRV B N X ---%-- pctd None / 0
0] 760 g o 1 10% P
N pct5 Multi-Response
> 1 M T 3%
0+ &% : : —e | 0%

Distribution of Avg RLH

10 100th % (>723)

While the quality metrics seem to have shifted downwards within the percentile distribution,
they actually reveal a very similar threshold for RLH that was observed in theanayais. In
the crossstudy assessment, quality metrics stabilized around an RLH of ~300, which occurred
above the 10th percentile. Here, a similar stabilization occurs before the 5th percentile, which
also represents RLH scores of ~ 300, suggesting that absolute RLH scdifesyai@ be more
reliable quality indicators than are relative RLH scores.

When we replicate the relationship between RLH and the remaining quality metrics, we see
that MaxDiff fit behaves very comparably within the singtady context. Our two primary
metricsi straightlining and time to completidnbehave as expected at the sanf®dércentile
breaks we observed in the crestady analysis.
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Figure 16.
MaxDiff RLH in relation to select quality metrics

550

s_length Time to Complete

500 ’*7*% —e— pct2 Straightlining
450 M pct2a Perseveration

—%—pct5 Multi -Response

250

200

1 1st%
2 5th %
3 10th %
4 25th %
5 50th %
6 75th %
7 90th %
8 95th %
9 99th %
10 100th %

Distribution of Quality Metrics

Two additional metrics have notable assaorea with MaxDiff quality. Perseveration, the
more granular version of the straightlining metric, yields insight into the lowest part of the
distribution where there is no variation for straightlining (a quarter of individuals do not
straightline any quéi®n blocks, but may perseverate on individual scale values). People who
haveextremely low perseveratipwhich means they seldom answer with the same scale point in
any battery, experience a slight decline in MaxDiff quality. The lowest users of laultip
response are similarly likely to trend slightly lower in MaxDiff quality.

These additional two metrics only indicate nuanced quality concerns from MaxDiff
associated with extremes in their own performance. From this, it appears that our original
formulation of speeding, straightlining and MaxDiff is the combination that generates the
greatest quality concerns, even when several other types of hypothesized quality violations are
observed.

Recall our Venn diagram of quality from Figure 9. Continuing wittse segments defined
by speeding, straightlining, and MaxDiff fit, we can now review these same 8 groups according
to their MaxDiff-specific quality measures and utilities from the particular MaxDiff exercise
presented i n the fnddeagram igdduplicatéd beldwuthdsytime wititieed8 Ve n
segments enumerated for future reference.

73



Figure 17.
Overlapping quality metrics, labeled

Speeding, Straightlining , MD Risk (N=13)
Straightlining , MD Risk (N=6)

Speeding, MD Risk (N=33)

Speeding, Straightlining (N=37)
Speeding Only (N=210)

MD Risk Only (N=41)

Straightlining Only (N=55)

No Issues (N=2524)

© N o 0k~ 0 DR

The base sizes are quite small for the problem segments. Yet despite this paucity of cases,
there are statigially significant (p < .001) differences across all five of the MaxBjfécific
metrics that point to specific issues exhibited among those with combined quality issues present.

Figure 18.
MaxDiff-specific quality measures by overlapping quality segment

3.0 0.3
8 3.1 8 m 05

B Conflicts, Most

B Perseveration, Most
O Conflicts, Least

O Perseveration, Least B Conflicts. Cross
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Despite the clear difference in tasks, there is a pronounced tendency for straightlining
behavior to bleed into the MaxDiff task among those who exhibit combined quality problems.
For those who combine straightlining of ratings grids with poor Maxifliey (segments 1 and

2) .,
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response position. In the cases of greatest quality risk, perseveration transcends question format.

Our other aspect of MaxDiff quality conflicting preferencé also shows a pronounced
difficulty among the most atsk segments. Any group with MaxDiff problems registered

significantly more conflicts of all types than did those with other problems exclusive of MaxDiff,

reflecting the basis ohe overall exercise. However, those with all combined quality issues

(segment 1) also produced the highest number of all conflict types. If we consider this aspect of

the MaxDiff exercise to be analogousatth hocconsistency checks, this suggests that

consistency problems about as likely to be encountered from those with no other quality issues

(segment 6) than from those who have combined quality problems (segments 1 2 and 3).

We were able to profile these problem segments in the same manner as eamatysia,
this time with somewhat more descriptive detail. The greatest risk to quality still comes from
focused
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and .mp3 players also showing a boost in claimed adoption. Similar adoption patterns are
observed among straightliners without MaxDiff issues (segments 4 and 7), whereas pure
speeders are less apt to indicatg matent purchases.

Figure 19.

Profiling among various quality classifications

N Qs @@ x5 20 [® o (D s
Country Spain (168) US (245) UK (195) Brazil (175) US (191) *
US (189) US (159) Mexico (248)
Spain (178)
Age 18-24 (139) 30-39 (138) * 30-39 (124) * *
50-59 (128)
Gender Male (142) Male (125) * * * *
Recent Cars (205) Cars (209) None (153) * Cars (150) *
Purchases .mp3(142) TV (175) Clothes (148)
TV (181) TV (160)

We previously observed that MaxDiff issues can be uniquely tied to older respondents, which

we confirmed in this focused observation. But we also see an issue among vatilous L
American countries as well, which may demonstrate unique cultural or linguistic hurdles to
MaxDiff. This finding warrants further study, but alone points to the need to understand the
causes and implications of each quality metric beyond simply asgutihat each is inherently

Aquality
What are the implications of excluding individuals with particular quality problems? For this

r el

at ed.

0

answer we look to the MaxDiff utilities to serve as a reference for results. If poor quality
respondents are cailituting to conflicting survey findings, then we would assume to find
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different utilities among those with the most severe quality issues. Given the small sample sizes
involved, the three most severe quality segments (1 2 and 3) were combined inte a gingl t

ri sko segment for comparison a combined Al ow
i ssueso segment (8).

Figure 20.
MaxDiff -utilities by overlapping quality segments

16 o
Activity 1 —e—Purchase 1

14

Activity 2 Purchase 2
12
- —
10 — ——Purchase3 —e—Purchase4
2
% 8 —+— Activity 3 —— Activity 4
6 [ .
-— Activity 5 Activity 6
4
5 Activity 7 Activity 8
Quality Segment
Activity 9 Activity 10

Sl Dev acrom At Risk (Combinations) Low Risk (Individual) No Issues

attributes 5.23 6.97 7.14
Average change 1.86 1.14 0.14

in rank order

Two conclusions are clear, even with disguised utility definitions:

The lowest quality individuals produce compressed, less differentiated utility estimates
across attributes, as represented by the low variability across attributes (5.23);

The rank order of attribute utilities changes substantially from those observed among
highe-quality segments, as represented by the high number of rank order position
changes (1.86).

These findings demonstrate that dramatic instances of poor survey quality will change survey
results, as it relates to MaxDiff utilities. The troubling aspettbofi s f i ndi ng i s t ha
segment represents less than 2% of this survey audience. Even with their utilities departing from
the norm, this group is simply too small to produce a meaningful difference in aggregate results.
And the | kOgesregimeaw il %) has correspondingly
moderating the quality impact on overall results.

So while guality clearly can have an impact on results, it seems difficult to pin the entire
survey variability problem on this particular cutprReturning to the other legsfluential
quality metrics suggests a possible alternative explanation.

ALTERNATINFLUENCES ONRESULTS

For the entirety of this exercise, we have been attempting to link MaxDiff inputs and results
with traditional qualitymetrics to provide validation to the assumptions underlying quality
assessments. This has validated that speeding and straightlining have the largest impact on
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MaxDiff results, and likewise that MaxDiff performance issues can contribute to a meaningful
guality risk assessment.

For the remaining quality metrics that have gone relatively unmentiooptiouts, multiple
response, number of surveys, and thellikieeir lack of association witMaxDiff fit suggested
they were not strong indicators of broadaslity issues. However, comparing these indicators
againstMaxDiff utilities yields some further understanding of the survey process that bears
discussing.

Consider the multipleesponse metrit the ratio of multiple choice responses given to the
maximum number of responses available. There are some theoretical reasons why this metric
should be suggestive of quality:

Providing too many selections could be indicative of intentional overstatement, whereby the
respondent is attempting to avoid disquadifion due to lack of involvement;

Providing too few selections could be indicative of satisficing, whereby the respondent is
skipping through options, selecting the minimum necessary to complete the task;

But variable levels of multiple response can alsanglicative of, most obviously, varying
levels of participation, sophistication, or experience (depending upon what the multiple response
items are measuring, of course). When we examine all aspects of MaxDiff respuadiey
and utilityi against muiple response levels, there is a very strong relationship with the resulting
preferences with almost no quality implications.

The differences in MaxDiff utility (Figure 21) show a similar pattern to that exhibited across
guality segments. Lower levelsmiultiple response are associated with reduced utility for
Purchase 3 (which is technoloegyiented) and elevated utility for Activities 3 and 5 (which are
entertainmenbriented).

However the change in utilities differs in this scenario to what we olisentbe quality
assessment. With the quality segments, we observed that utilities changed rank order
substantially among fiat risko respondent s,
increase. With multiple response groupings, howevegthage in rank order is equally
extreme on both ends of the extreme, but with clearly reversed positions.

And yet this fluctuation in utilities is not associated with the same degree of compression
observed with reduced quality. While the average rad&rdevels fluctuate across multiple
response groupings, the variability across attributes remains fairly consistent. This suggests that
respondents are providing meaningfully different preferences that are related to their activity
with multiple responsésts, rather than exhibiting random response or indecision.
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Figure 21.
MaxDiff -utilities by multiple response levels

20
18
16 Activity 2 Purchase 2

Activity 1 —s—Purchase 1

14
12

—x—Purchase3 —e—Purchase4

% 10 —— Activity 3 ——Activity 4
8 Py
6 ’/ Activity 5 Activity 6
e ——
4 Activity 7 Activity 8
2 Multiple Response Levels (distribution)
0 Activity 9 Activity 10

S - 10th % 50th % 90th % 100th %
td Dev across

attributes 6.91 7.08

et

The MaxDiff quality measures charted in Figure 18 corroborate this finding. The levels of
MaxDiff perseveration show nesignificantfluctuation around the overall average, and the
number of conflicts yields a statistically significant but managerially negligible range between
0.16 and 0.35 conflicts per respondent. Comp
ri skot #is djfficeltno suggest that these differences in utility are driven by quality
issues.

The implications for this contrast are quite relevant to those who would exclude respondents
based solely on hypothesis rather than observation. While we cheat@pespondents for
over or underresponding against a preconceived level of appropriate participation, the valid
reasons for this behavior are likely to overwhelm any violations of response credibility. In other
words, differences in multiple resp@nkevels would seem to be reflective of a response pattern
that is |ikewise related to specific preferen
also tend to prefer certain leisure activities, while those who answer actively also tendrto pref
technology and mechanical purchases.

Certainly the direction of these preferences reflects the content of the survey as a whole, and
specifically the content of multiple response questions relative to the MaxDiff. But such
relationships are difficultat anticipate for all survey topics, and particularly all question types
related to quality. The anal ystods presumpti ol
legitimate differences in the nature of respondents, their ability to answer varieafyp
guestions, and the preferences they elicit throughout the survey. Had we assumed that multiple
response should be subject to the same quality trimming as other ntleéricggnitude of
impact on the MaxDiff results would have been more substdhéalany differences imparted
through the filegitimateodo quality screening
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CONCLUSIONS

Through our assessments, both broad and narrow, we have determiféaxibdt is a
useful tool for data quality review, providing an alternate perspective into respehavior as
well as an outcome for evaluating the implications of data qudti¢yative to our specific
guestions, we found:

MD canserve as a validation of quality, aglividualswho exhibitcertain quality problems
have notable issues with MaxDiff.

MD does not appear tooderate nadd to quality issues overall, s far we have seen no
substantive difference in quality between studies with and without MD.

MD is robustin the presencesho der at e | evel s from Atradition
extreme levels of speeding and straightlining compress utilities and promote changes in rank
order

MD helps us identify problem respondersemwe overlayMD issuesa gai nst fAtr adi t
guality metricsand multiple violations produce skewesbults and respalent profiles

MD does exhibit unique quality issues, particularly amodgstinct group of respondents
who dgifati IMD i ndependently from other quality 1

The keytosuccessfdDi s t he ability to maintain consi s
ad fil east 0 assessment s.

These results have helped llluminas hone its quality review process, both with and without
MaxDiff as a component. Regardless of the presence of a MaxDiff exercise, we have used this
information to validate the reliance upon spegdind straightlining as key quality components.
The interaction of these metrics with MaxDiff quality and results has proven to us that only the
most extreme cases of quality violation (typically less than 10%) are worth consideration, and
individuals areonly excluded when they exhibit multiple quality violations. Rejection between 1
and 4% of completed surveys is the norm.

We have also rejected certain aspects of conventional wisdom regarding survey quality as a
result of this assessment. Itiscommono r ai | against fAprofessional
all survey ills, but the negligible (in fact, positive) relationship between the number of online
surveys taken and the quality of MaxDiff fit (Figures 6 and 15) suggests to us that, in fact, it is
the frequent survey participants who are most knowledgeable about the survey task and likely to
provide the greatest insight. Demonizing those who willing support our industry, albeit
sometimes at surprisingly elevated levels, is neither an accurateodocpve portrayal.

Another common practice is the use of tactical hurdles or obvious question repetitions /
reversals to trap respondent inconsistency. Certainly there are individuals whose fallacious
survey behavior can be snared in this particular 8@ice MaxDiff essentially serves this
purpose, we feel comfortable using our results to validate that such inconsistency is a clear
guality issue when corroborated by other quality issues. However, isolated violations of such
traps should be interpretavith caution, as individuals may be merely distracted, mistaken, or
intentionally mischievous when presented with questions that could be interpreted as an insulting
waste of time to the legitimate respondent. The fact that a distinct segment of plér lsath
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trouble with MaxDiff exclusive of other quality metrics indicates that rejecting inconsistent
respondents will likely produce skewed demographics, with possible implications for broader
survey results.

With regard to survey results, we are hearddmgthe robustness of our MaxDiff results in
the face of moderate to strong quality violations. We did not assess similar resiliency across
other question types, so it is left to further analysis to determine the threshold upon which quality
threatens te@hange the results and interpretation of rating scales and other data types.

With any question type or survey format, however, it seems that the survey quality issue as it
has been thus defined is not a threat to the credibility of survey researchuekagssquality
offenders rise well above 1 to 4%. On this specific issue, there appear to be greater risks
associated with unguided quality purges that bias results away from individuals with certain
response styles rather than a valid quality concern.

Ultimately, data and respondent quality is an important issue for maintaining the credibility
and viability of survey research. Combined efforts from sample providers and research suppliers
will continue to enhance our understanding of this issue anditkieegheck. As outlined in
Figure 2, these issues are only a small component of overall research quality. We must not be
distracted by efforts to isolate problem respondents and ignore the issues that create problem
surveys and problem analysis. Anyara® write a survey and present it to respondents, good or
bad. But only the research professionals will exercise the care to sample, design, and interpret
their surveys to truly address quality in ways that response quality assessments will never
address
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ABSTRACT

A property of MaxDiff (Maximum Difference Scaling) is that only relative judgments are
made regarding the items, which implies that items are placed on separate relative scales for each
segment. Oneam directly compare item preference for a given segment, but comparisons
between respondents in different segments may be problematic. In this paper we show that when
stated ratings are available to supplement the MaxDiff batasets of responses cae b
analyzedsimultaneously in a fused mogd#hus converting to an absolute (ratio) scale. This
allows individual worth coefficients to be compared directly between respondents on a common
calibrated scale.

Our approach employs latent class methods, so¢epondents who show similar
preferences are classified into the same segment. The fused model also includes a continuous
latent variable to account for individual differences in scale usage for the ratings, and scale
factors for both the ratings and Maiff portions of the model to account for respondents who
exhibit more or less amounts of uncertainty in their responses. The Latent GOLD Choice
program is used to analyze a real MaxDiff dataset and show the differences resulting from the
inclusion of ratngs data.

INTRODUCTION

Ratings attempt to ascertain measuresbsbluteémportance which allow respondents (or
segments) to be compared directly to each other with respect to their preferences for each
attribute. However, when measured in the usual w#ly avLikert scale, they suffer in the
following respects:

1. Lack of discriminatiori many respondents raaé#l attributes as important, and with
more than 5 attributesa)l respondents necessarily ratemeattributes agqually
important (on a §oint scag).

2. Confounded with scale usageatings may not be directly interpretable as measures
of preference because ratings elicited from a respondent are affected by that

1 The autlors gratefully acknowledge the assistance Michael Patterson from Probit Research Inc. for the MaxDiff design used and Mike
MacNulty from Roche Diagnostics Corp. for providing the data and allowing it to be freely distributed via Statistical Immavabsite w e
www.statisticalinnovations.com.
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respondent 6s scale usage. Some respondent

others pefer the extremes, etc.

Because of these limitations, the use of ratings alosbden avoided in favor of MaxDiff
and other choice designs.

MaxDiff scaling and other discretghoice modeling approaches have their own limitations,
since they estimate wibr (partworth) coefficients based oglativeas opposed tabsolute
judgments. This allows options for a given subject (segment) to be rankelhiore
importance, but does not allow subjects (segments) to be compared with each other according to
their preferences for any particular attribute.

For example, on eelative basis Mary may judge attribute D to be more important than C.
However, inabsoluteterms she does not consi@gtherto be very important (see Figure A). On
the other hand, Jim may cader C to be more important than D, and consider both C and D to
be very important. Given only the®lativejudgments, it may be tempting, but it is not valid, to
infer that Mary considers D to be more important than does Jim (Bacon et al. 2007, 2008).

A. Importance on a Common Scale

A
v
: *

Figure A.
Comparison of Worths between 4 Respondents on a Common Absolute Scale

APPROACH

Our approach is to obtain maximum likelihood (Mistimategor the segment sizes, worths,
and other parameters thmbiximize the joint likelihood functiobased orboth ratings and
responses to MaxDiff tasks.gingle nominal latent categorical variaideused for the
segmentationin order to equate the common information elicited in the ratings and MaxDiff
tasks, a antinuous latent variabie specified taccount for individual differences in scale usage
for the ratings (Magidson and Vermunt, 20Q&)d sale factors are included in both the ratings
and MaxDiff portions of the modethich controlfor respondents who exhibit more or lesser
amounts of uncertaintyn their responses (Magidson and Vermunt, 200&@bell as scale
differences between rating and MaxDiff tasks

A constant is added so that the calibrated worths correspangected logpddsof a highey
as opposed to a lowettribute ratingthusproviding a neaningfulabsolutemetricfor the
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worths Hence, meaningfybreference comparisons can be made between segments as well as
between respondents

Bacon, et al. (2007)tilized ratings data to uncover the zero point in individual MaxDiff
worths wsing a somewhat similar data fusion methodol@yy approach differs from that of
Bacon/Lenk in that it a) yields segmentatigrb) utilizes a snpler mode] and c) it is
implemented usingommercially available softwareSpecifically, all models usecere are
developed using the syntax version of Latent GOLD Choice, release 4.5 (Vermunt and
Magidson, 2008).

Our general approach extends directly to the use of ratings data in conjunctiamyvith

di screte choice model , i maslinadwédmdhe tlekignsoe wher e

provide an additionadbsolutealternative. Future research is planned that address such
extensions.

We begin by discussing some important psychometric properties of ratings and choice data,
and show that the lack of a commorigin for choice data requires the use of identifying
restrictions. In particular, we employ a simple example to show that the interpretation of the
resulting MaxDiff worths may be very tricky and proper interpretation depends on the particular
restrigions used (e.g., dummy or effect coding). We then present the results of a case study
where a fused model is estimated anthpared toesults froma comparable MaxDiff model
developed without use o&tings.

SOME PSYCHOMETRICPROPERTIES ORATINGS AND CHOICE DATA

Worth coefficients obtained with a choicahking/MaxDff task for a particular laterdlass
segment provide ainterval scale which is arelative scalein whichthe absolute zero point is
unknown and/ounspecified In a traditional latent aks (LC) MaxDiff analysis where K
segments (classes) are obtained, each segment k is associated wittsgpanatanterval

scale. The unknown zero points may be located at different positions along each of these scales.

For attribute j, denote the warcoefficient for segmenevel k and individual level as
follows:

b,=worth( Al mportanceo) redpecrtoctasskr i but e | wi t h
] = 1liter®s, @éributed
k = 1,2,¢é,K respondent segments (Il atent

b, = individualworth coefficient for attrbute j with respect to respondent i
i = 1,2,€ée,N respondent s

Because the absolute zero points are unknown, the worth coefficients are not (uniquely)
identifiable without imposing some restrictions. Thestncommon identifying restrictiorier
LC choice anlyses are effect and dummy coding, while for hierarchical Bayesian (HB) methods
dummy coding is typically uséd As a simple hypothetical example, consider 3 segments

2 Although this paper deals primarily with latent class (LC) analyses of MaxDiff data, identifying restrictions are aled irdd analyses.
In traditional HB analyses of MaxDiff data, dummy coding restrictiorseaployed, in which individual worths for a particular (reference)

attribute are taken to be 0 for all individuals. After obtaining such individual worths for each attribute, often thawoghs 6 nor mal i zed 6
t ha

subtracting the mean worth acrossaall t r i but es j =1, 2, é,J f or e a c-hormalizatl) worthsgl ora)l i from

b

converting the worths for each respondent to ranksecftodr ctohdaithgr.es pon
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and J = 5 attributes (A, B, C, D and &jjere each segment has the same imporianiezing
A>B>C>D>E

With effect @ding the identifying restrictions are q b, =0 k=12,..K

while for dummy @ding with j=5 (E)as the referencje categptiye corresponding
restrictions are b, =0 k=12,.K

Table 1 below provides worths resulting from the use of effect cadirahypothetical
example where for each segment k=1,2,3emoworth corresponds to the average importance
for that segment.

Table 1.
Example of Worths Resulting from Effect Coding

Attribute Segmentl Segment2 Segment3

A 0.62 0.77 1.21
B 0.47 0.47 0.47
C 0.06 -0.12 -0.09
D -0.37 -0.26 -0.50
E -0.79 -0.85 -1.10
Sum = 0 0 1]

Table 2 provides worths resulting from the use of dummy codintpéosame example,
where for each segment k=1,2,3eaoworth corresponds to thmportanceof E, the reference
attribute.

Table 2.
Example of Worths Resulting from Dummy Coding with Reference Attribute

Attribute Segmentl Segment2 Segment3

A 1.41 1.62 2.31
B 1.26 1.32 1.58
C 0.54 0.73 1.02
D 0.42 0.59 0.61
E 0 0 0

To see that the worth coefficients are not ueigt is easy to verify that the choice
probability for any attrlbutagjobtamed from effect coding, i), and dummy coding with
attribute j as the reference’ i), are identical; that is,

Pox * exp®;, )/é exp(4 .
j=1
5
P’ texpl )/& exp(b ) =exp(,p ka)/ a exp(y b
j=1
=exp( by )exp( 47k )/ exp( - b a exp( ¢

=exp®,, )/a exp(4 |
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As suggested earlier, the true (but unknownd zeay be at a different place for each
segment along the interval scale for that segment. Thus, a comparison of worths between 2
segments for a given attribute cannot be used to determine whether segment #1 prefers that
attribute more or less than segm#8t In this senset is not appropriate to compan@rths
between segmentSuch comparisons can resultseemingly contradictorgonclusions
suggested by different identifying restricticmgplied to the same worths as shown in Table 3
below.

Table 3.
Comparison of Worths Resulting from Different Identifying Restrictions

Attribute Segmentl Segment2 Segment3

A 0 0 0 Dummy Coding with j2 as reference:
B _0.15 -0.30 _0.74 Faulty Conclusion: Segment 3 belie\&ss less important
c 0.56 0.89 1.30 than the other segments (relies on the mistaken assumptis
= B o that the importance of A is identical for all segments)
D -0.99 -1.03 -1.71
E -1.41 -1.62 -2.31
Attribute Segmentl Segment2 Segment3 Effects Coding:
A 0.62 0.77 1.71 Faulty Conclusion: Segment 3 belie\®ss as mportant
B 0.47 0.47 0.47 as the other _segments (relies on the _rnlstak_en. assqmptlon
the average importance for the 5 attributes is identical for
D -0.37 -0.26 -0.50
E -0.79 -0.85 -1.10
Attribute Segmentl Segment2 Segment3 Dummy Coding with j=5 as reference:
A 1.41 1.62 2.31 Faulty Conclusion: Segment 3 belie\&$s more important
B 1.96 132 1.58 than theother segments (relies on the mistaken assumptio
: : : that the importance of E is identical for all segments)
C 0.84 0.73 1.02
D 0.42 0.59 0.61
E 0 0 0

INDIVIDUAL WORTHC OEFFICIENTS

From the example illustrated in Table 3 sgmentevelworths, it is straightforward to
show that the interpretation widividual-levelworth coefficients is veryricky, whether such
coefficients are obtained using LC or HB. Regarding Ib@ividual coefficients can be obtained
from segmentevel worths using the posterior membership probabilities for indivigaal
weights wherethe posterioprobabilites p =(p; Py P;y) are obtained from LC analysis.

bi=ap; kg O
k
For simplicity, suppose Mary has posteriors (1,0,0), Fded0) and Jane (0,0,1). As seen

above regarding the segmdetel comparisons, seemingly contradictory conclusions can be
obtained from dummy vs. effects coding. Table 4 suggests that Mary, Fred and Jane all have
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similar preferences for attribute B under effect coding. However, the preferences appear to be
different when dummy coding is used with attribute A as reference.

Table 4.
Individud Coefficients Resulting from Dummy Vs. Effect Coding

Attribute  Mary Fred Jane
A 0 0 0 Identifying restriction = Dummy Coding (with A as reference):
B -0.15 -0.30 -0.74 I ndividual i 6s worth for att
C -0.56 -0.89 -1.30 hls/hgr mferred importance (preference) for a'Ftrlbutej
relative to his/her inferred importance for attribute A
D -0.99 -1.03 -1.71
E -1.41 -1.62 -2.31
Attribute ha Fred lane . - .
v Identifying restriction = Effects Coding:
A 0.62 0.77 1.21 I ndividual i6s worth for att
B 0.47 0.47 0.47 importance (preference) for attribute j
C 0.06 012 -0.09 relative to the average inferred importance (preference)
for all of the attributes
D -0.37 -0.26 -0.50
E -0.79 -0.85 -1.10

This apparent discrepancy is resolved when we realize that under dummy coding with A as
reference, the worths for individual i measure the importance of each attribute relative to the
importance of attribute A for individual i. Under effect coding, the worths measure the
importance of each attribute relative to the average attribute importance for that individual.

We conclude this section by revisiting our earlier example where wedledisplayed in an
absolutescale in Figure A with K=4 respondents. Figure B (below) displays the worths on a
relativescale corresponding to dummy coding with D as reference.

Figure B.
Worths Corresponding to Dummy Coding with Item D as Reference

B. Importance on Relative Scales
Option D is assigned “0”

Jim

A

Suppose we know the absolute O for each individual (or segmeni@iexrsnined from an
analysis based on the additionafingsdata Then, the worths given in Figuicould be
cdibrated to provide thabsolutescale as shown iRigureA, where foreach of te N = 4
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respondents, or segmentdim, Maya, Mary and JongiheJ = 4 attributes (A, B, C, and @)e
positioned according to the calibrated score for that resporiane we now have a ratio scale
(with a common zero point), it is appropriate to infer example, that C is more important to
Jim than to Jong (i.e., 1.5 > 0.7).

Specifically, the worthdisplayed as separatgervalscales for each segment (respondent) in
Figure Bmay be calibrated ttheratio scalgFigure A)by addingtheappropride classspecific
constants

b,= h € k=12..K
For this example, the constants are=©.2, ¢ =-0.8, g =-0.8, g =-1.6.

CASESTUDYOF LAB MANAGERS

To illustrate the process of obtaining interval scales and transforming them to a common ratio
scale, we utilize MaxDiff Case Study oN = 305Lab ManagersEach respondent was
randomly assigned to 1 of 5 blocks, each bexppsed to 1@lifferentMaxDiff tasks Eachof
the 16 x 5 = 80 choice sets contaiedindomly selecteiemsfrom J = 36 totahttributes
measuredFrom eachchoiceset respondentselected the Most and Ledstportant attribute.

Latent GOLD Choice (Vermunt and Magidson, 2008) models the traditional MaxDiff as a
sequential choice process. The selection of the best option is equivalent toleiast The
selection of the worst alternative is a (first) choice out of the remaining alternatives, where the
choice probabilities are negatively related to the worths of these attributes. Scale weights of +1
and-1 are used to distinguish the most frdma teast important and thus obtain the appropriate
likelihood function.

Table 5.
CrossTabulation of Most (+1) and Leastlj Important Choices for MaxDiff Task #1

sweight * 05 Crosstabulation

25

1 2 3 4 5 Total
sweight -1 8 39 12 3 17 74
10.1% 49.4% 15.2% 3.8% 21.5% 100.0%
40 7 20 ] 6 79
50.6% 3.9% 25.3% 7.6% 7.6% 100.0%
Total 48 45 32 g 23 148
a0.4% 29.1% 20.3% 57% 14 6% 100.0%

Figure C shows the LG Choice data file setup indicating that respondent #13 délectkd

alternative (Q5 = 4) as mosnhportant in choice tasks #49 a#80, the # as least important in
task#49 and the 18l as least important itask #50 (seti&= 49 and 50).
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Figure C.
Response file for MaxDiff Model estimated using Latent GOLD Choicgrparo.

File Edik Yew Data Transform  Analyze
araphs  Utilities  Add-ons  Window  Help
=S| 8| of | =k sl
110 13
ID Setidz‘ Q5 sweight‘ EI

1 | 13 49 4 1

2 13 49| 5 1

3 13 00 4 1

4 13 a0 3 -1 .
+ | » [\Data View £ variable View /£ ]]]] I

Following the MaxDiff sectionall respondentgated all 36 attributes on agwint importance

scalewitht he end

points

| abel

ed

1

AfNot

| mportanto

We begin by analyzinghe data without ratings and compare the resuitts these obtained

from the data fusion model.

RESULTS FROM AXDIFFM ODELDEVELOPMENT WITHOWRATINGS,

In this section we present results from the estimatidviaxDiff modelswithout use of the
ratings. We began by estimating traditional MaxDiff (modds without use of the ratinys
Such models specify a single categorical latent variable with K classes to account for
heterogeneity among K latent segments.foved thathe 5 and6-class modelsitfthese data
best(i.e., corresponding to 5 or 6 latesgtigments) according to the Bl€iterion (see Table 6).

Model Summary Statistics for Traditional LC MaxDiff Models

Table 6.

MD1: MaxDiff without Scale Factors

# ClassegK) |LL BIC(LL) Npar
1 -11944.36 | 24088.94 | 35
2 -11750.41| 23906.96 | 71
3 -11612.85| 23837.77 | 107
4 -11491.34 | 23800.69 | 143
5 -11383.80| 23791.53 | 179
6 -11280.74| 2379134 | 215
7 -11188.79| 23813.39 | 251

3 BIC balances fit ith parsimony by penalizing the ldifelihood (LL) for the number of parameters (Npar) in the model. The model(s) with

the lowest BIC (highlightedreselected as best.
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However, these traditional models make the simplifying assumption that all respondents have
the same error vamae, which can yield misleading results (see Magidson and Vermunt, 2005,
Louviere, et al., 2009). Since this assumption tends to be overly restrictive, we spétify a 2
latent factor with S latent scale classes to account for differential uncertaingyrmottels. That
is, we allow K x S total latent classes to account for heterogeneity in the data, where the S
classes are structured such that

b= L wherel s denotes the scale factor for respondents in sGlass
s=1, 2, ¢, 9> Illyikldsgreater spad amonghe

choiceprobabilitiesfor thealternativesj =1, 2, €, J, whi ch

certainty For identifcation purposes, we restritt=1, and require thdts> 1

for s>1, so that the first sClass corresponds to the leasg¢rtain class.

refl ec

For thee data we found that S = 2 scale factor léVel®est, such models resulting in lower
BIC values (Table 7) than the corresponding models with S = 1 (Table 6).

Table 7.
Model Summary Statistics for MaxDiff Modelgth S = 2 Scale Factors
MD2: MaxDiff wi th Scale Factors

# Classes | LL BIC(LL) Npar
2 -11709.50 | 23842.29 74
3 -11575.23 | 23785.41 111
4 -11457.39 | 23761.39 148
5 -11349.27 | 23756.79 185
6 -11248.05 | 23766.00 222

The 5 class model fits best, which yields a structiw@anodel with 2x5 = 10 joint latent
classes (Magidson, and Vermunt, 2007b). The less certain sClass (s=1) consists of 61.3% of all
respondents scale factoof 2.14was estimated faClass #2the more certain class, compared
to the scale factor of 1 f@Class #1. fie 2 latent variables Class and sClass are highly correlated
in this solution, as evident from the crdabulation shown in Table 8.

4 The inclusion of a 3evel scale factor in the-8lass model resulted in a worsedtel fit (higher BIC).

91



Table 8
Crosstabulation of the Segments (Class) by the Scale Classes (sClass)

sClass
lamda = 1 2.14
Class 1 2 Size
91.9% 8.1% 22.0%
95.0% 5.0% 24.6%
23.0% 77.0% 20.6%
70.6% 29.4% 13.3%
18.7% 81.3% 19.5%
Total 61.3% 38.7%

L I - N R o R

Most of the cases in Glaes 3 and 5 are in theore certain sClass (sClas9 #&hile the
reverse is true for cases in the other Classes

Regardless of the sClass, cases in the same class have similar preferences that differ from the
preferences of cases in other Clasbes.example, inMaxDiff choice task #1 (shown aet #1
in Table 9) cases in segment 1 (Class 1) sel@atternatives #1 or #4 as mastportant
regardless of their sClasSimilarly, Class 2 seleetlalternative #3, Class 3 seled@lternative
#4or #1, Clas 4 casesxpress a very strong preference for alternativeand Class 5 tends
toward alternatives #4 and #5.

Table 9.
Predicted Choice Probabilities* for Items in MaxDiff Task #1 by Class and sClass

Predicted Chaice Probahilities for Set #1 (Wost Impaortant Alternative)

Class = 1 2 3 4 5
sClass= 1 2 1 p 1 p 1 ) 1 2 COverall
Set 1{n=79) ClassSize 0,20 002 023 001 005 016 009 0.04 004 016

Choice ltem #
1 200 0,339 0.5F7 009 001 025 0023 0.73 087 021 0139 0.326
2 36 008 002 001 000 005 001 0,02 0,00 0,07 0,02 n.o4
3 24 008 002 0.0 084 018 011 007 001 017 012 023
4 11) 0,20 0,33 0.1e 004 040 061 013 0,02 0.29 0.39 026
] 28 0,14 007 004 000 012 004 0,05 0,00 025 0.28 0.10

* All results reported are maximum likelihood estimates as obtained from the syntax version of the Latent GOLD Choice program

The estimates for the worths for thelass solution with scale factors are given in Table 10.
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Table 10.
MaxDiff Worths for the 5class Model with 2 Scale Factor Clasgd&fect Coding (Worths
shown are for s = 1). Alternatives selected most and least frequently are shaded.

Class sClass
1 2 3 4 5 1 2
Item 22.0% 24.8% 20.6% 13.3% 19.5% 61.3% 38.7% Average
2 1.9 2.35 1.41 234 1.03 1 2.143 1.80
1 1.82 2.60 1.04 1.89 T 1.65
3 1.51 2.00 1.14 1.41 1.15 1.47
7 2.14 1.36 1.20 &9 45 1.27
] 1.32 1.48 B4 63 65 1.04
4 7 1.68 59 2.52 28 95
G 1.35 .14 22 -1 44 70
10 57 1.13 34 B2 41 66
8 22 1.07 a9 38 33 63
12 35 1.05 20 -05 .73 53
13 1.06 .28 21 -15 60 43
9 48 55 11 .05 16 31
17 A 25 -.24 -41 AT 20
14 57 -10 25 -22 -23 11
11 -.05 17 22 03 .08 049
20 20 -45 -25 1.76 -.25 .06
15 35 - 18 =12 -.34 23 01
25 a7 03 =20 -85 -.25 -13
23 -73 -73 54 41 A0 -13
16 -54 T2 -28 .30 -.52 -15
24 -1.37 1.61 -.60 -.35 -.47 -1%
22 56 -T7 -.35 -25 =31 -.25
18 -.80 -.30 -.50 63 =07 -28
15 A5 -1.08 2 -.35 -1.00 -.36
21 -28 -3 -.41 =892 -.268 -4l
27 -1.03 -3 -.30 -.38 -.08 -.43
26 -1.22 -.32 -73 .36 Ao -.44
30 -82 -1.57 -23 25 -28 -63
29 =20 -1.85 =13 -1.06 -.04 - &7
32 -85 -1.49 =05 -1.29 22 -1
31 -1.70 -1.29 01 -.05 -87 -83
28 -.81 -1.25 -1.01 -84 -.08 -84
34 -1.56 -1.05 -74 -1.69 -89 -1.15
33 -1.03 -2.02 -1.05 -1.42 -.33 -1.23
35 -1.71 -2.08 -74 -1.78 -.45 -1.37
36 -1.38 -228 -1.82 -1.68 -1.30 -1.72

93



ESTIMATION OF THEUSEDM ODEL

The model results discussed thus far were all based solely on the MaxDiff tasks alone. In
contrastthe fused model utilizesoth the MaxDiff tasks (response type = 1) and the ratings
(response type = 20r all 36 attributesFigure D below illustrates what the response file looks
like for respondent #13 for MaxDiff tasks #63 and #64 and ratings for attribuités 1

Figure D.
Data File Containing Responses to the MaxDiff Tasks (responsetype = 1) Followed by the
Ratings (responsetype=2)

a: *LabResponse2.say [DataSetl] - SPS5 Dat - |EI|5|
File Edit Wiews Data Transform  gnalvee  Graphs  Ukilities  Add-ons
Window  Help

|3 B o] =0 @l Flr BlalE %9l

|32 : responsetype |1

ID | setid2| Q5| sweight | index | RATING | respaonsetype 3
29| 13 B3| 1 1 . 1
30| 13 B3| 3 -1 1
31| 13 B4 5 1 1
32| 13 B4 2 -1 . . 1
33| 13 1 1 3
34| 13 1 2 4 2
35| 13 1 3 4 2
36| 13 1 4 3 2
37| 13 1 5 3 2
4 | 4 |€Eﬁa11?iew ;( Yariahle Yiew ,f1 g 2 _Iiu I

SP55 Processor is 4

As before, the parameters of the MaxDiff part of the model are the wrythad scale

factors/_, where/, =1 for identification. The worths vary across latent segments and the scale
factors across scale classes. The ratings are modeled using the following cumulative logit model:

logP(y; 2 d|k 9/ Ry <d k$ £(ga & & ) )

Here, b, are the common worth parameters of the rating and MaxDiff modedse the

parameters determining the location of the classes (the key additional information obtained from
the ratings), a, is the threshold pameter corresponding to response category & the

random effects for dealing with individual scale usage differences/ aack the scale factors
for the rating part of the model.

Calibrated worths can lbtained by setting the random effects to zero and selecting a value
for d. We select d=4, which alloviise calibratedscaleto be interpreted as tliemulative logit
associated with levels8vs. 13. Thus, a value of O for a given attribute means tthat
probability of rating it above 3 equals e formula for the calibrated worths is:

b;ks: i( a€ )t (3

94



The fusion between the MaxDiff and Ratings models is provided by the common joint
discrete latent facterClass and sClass, together with the equality restrictameg@lon worths
estimated in the 2 models. More specifically,
segmentatioii respondents in the same class have the same worths. The latent variable sClass
distinguishes respondents who are more certain frogetiwho are less certain in their responses
to the MaxDiff and Rating tasks. For identification, the scale factor for the first sClass is set to
one for the MaxDiff tasks, and corresponds to the least certain group with respect to their
responses to the MBXff tasks. That is, the sClasses are ordered from low to high based on the
estimated scale factor. The scale factors for the Rating tasks are unrestricted.

Detailed model specificatiorzmsed on the Latent GOLD Choice program are provided in the
appendixfor all models

The best fitting fused modabain had five classes and taeale classes. However, unlike
the 5classMaxDiff modelpresented above, there wassignificantcorrelation letween the
classes (Class) and the scale classes (9Cmsparelable 11 with Table 8.

Table 11.
CrossTabulation of the Segments (Class) by the Scale Classes (sClass)

sClass
5= 1 2
MaxDiff M= 1.00 1.37
Ratings M= 1.11 1.81
Class Size

24.9% 75.1% 13.2%
24.9% 75.1% 33.7%
24.9% 75.1% 18.3%
24.9% 75.1% 17.3%
24.9% 75.1% 17.5%
Total 24.9% 75.1%

[ I R I

Again, for identification we ordered the sClasses such that the first sClass is associated with
the least certain group, corresponding to a scaterfat 1 for the MaxDiff model. Compared to
the earlier solution without use of the ratings (Tablel®) less certain scale classrresponding
tol =1,is now the smaller athe 2 sClasss, consisting of only 24.9% the respondentsClass
#2, with sale factol =1.37is the morecertain groupln addition, the standard errors for the
estimated worths are much smaller than in the earlier model. These results are consistent with the
utilization of the additional information provided by the ratings.

Regading the ratings model, the scale factars 1.8Xfor the more certain class athd.1for
the less certaisClassThis shows that the ratings are consistent with those for the MaxDiff tasks
in that respondents in the seca@@assvere again found to bmore certain in their preferences
via their assigned ratings as they are via their MaxDiff choices. In addition, respondsits in
sClases were somewhat more certain in providing ratings than providing MaxDiff selections
(i.,e., 1.11 > 1.00 and 1.81 >3¥). However, there was less variation between the less and more
certain groups with respect to the MaxDiff tasks than the Ratings (1.37/1.00 > 1.81/1.11).
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As before, the wrth estimates are shown (Table 12) for the less certain scale class, s = 1.

Table 12.
MaxDiff Worths for the 5 class Fused Model with 2 Scale Factor Clads#ect Coding
(Worths shown are for s = 1)

Class sClass
1 2 3 4 5 1 2
tem 24 9% Ta1% Average
2 1 1.367
1 1.110 1.810
3
7
4
a
G
g ]
10 &0
12 43
] A
13 a7
11 24
14 A8
15 . o
17 G2 36 -48 12 35 04
20 &1 11 L 33 18 -.09
18 22 .29 33 43 -1.16 =12
23 18 .44 25 G0 03 -7
15 93 - 24 52 =149
18 32 -85 70 28 =23
25 a7 ] 75 25 =18 =29
bl 32 -09 77 -.24 -43 =33
24 71 -a3 S Tl -3
22 G4 41 38 -5 26 =33
27 =147 =14 -.29 -1 -46 -.42
28 -1.08 =14 - =37 -85 .44
28 .29 -.40 -1.22 -1.76 -4 - BS
30 -1.30 -.B0 -.03 -1.49 -8 - BB
32 =15 =27 -85 -1.46 -89 -7
25 -1.45 -.43 -.82 -85 - E6 =77
| 25 -85 -48 -1.20 -1.149 -.80
34 -G53 -1.04 -1.71 -85 -1.57 -1.21
33 -1.61 -.G2 -1.43 -1.47 -1.16 -1.21
35 -1.54 -1.02 -1.26 -1.76 -1.389 -1.33
36 -2.06 -1.35 -1.80 -1.849 -1.61 -1 .6

The worths in Table 12 can be converted to the calibrated worths by applying Eq. (3). This
has been done in Table 13. The estimafahe class effectsycare shown in the"Srow of
Table 13. The largest class effect .27, is for class 2, the smal&stfor class 3. Thus, the
largest change due to the calibration is that the effeded MaxDiff worths associated with
class 2are increased relative to those for class 3. Note that for some attributes, the relative
ordering between the segments change. For example, for attribute 10, the calibrated worth (Table
13) for segment 2 is higher than that for segment 1 (i.e., 1.24 pvihil8 the reverse is true for
the uncalibrated worths (i.e., .46 < .60), obtained from Table 12.
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Table 13.
Calibrated Worths for the 5 class fused model with 2 Scale Factor Classes
(Worths shown are for s = 1)

Class
1 2 3 4 5
c(k)= -0.08 0.27 -0.23 0.15 -0.12

ttem 33.7% 18.3% 17.5% |Average

2

1

3

T

4

5

8

8

10

12

9

13

11

14

15

17

20

18

23

18

19

25 -16 T3 -.51 36 22 23
21 A1 63 -.53 AT -.05 19
24 -.32 -29 80 - =81 AT
prrd -.25 28 =10 -.05 iy 6
27 -.04 58 .oo .08 -.09 08
26 -73 58 20 23 -87 06
prac] - 28 -1.03 -1.32 28 -7
30 -.88 07 25 -1.02 24 =18
32 M 43 -73 -.88 -69 -24
28 -1.14 28 -.58 -.45 -32 =31
3 75 -.34 =21 -0 -80 -.33
34 -.51 -43 -1.57 -4 -1.32 -79
33 -1.32 -18 -1.26 -1.00 -87 -79
35 -1.29 -40 -1.07 -1.32 -1.13 -93
35 -1.82 -7 -1.78 -1.48 -1.37 -1.32




COMPARISON OF CALIBRATED VSUNCALIBRATD INDIVIDUAL WORTHC OEFFICIENTS

In this section we compare the results obtained from uncalibrated (effect coded) individual
worth coefficients (based on Table 12) with those based on the calibrated coefficients (Table 13).
The segment level coefficientseve converted to individual worth coefficients using equation
(1). Figure E plots the uncalibrated and calibrated coefficients for attribute #10. (For simplicity,
only respondents classified into the more certain sClass #2 are plotted).

Based on uncalilated worths (horizontal axis of plot in Figure E), it appears that attribute
#10 is more important to many Class #1 respondents than Class #2 respondents. That is, many
Class #1 respondents are plotted to the right (i.e., higher value) of those responGéas #2.
However, according to the calibrated results (vertical axis), the opposite is true. That is, many
Class #1 respondents are positioned below (i.e., lower value) those in Class #2.

Figure E.
Relationship between Effecoded and Calibrated Inddual Parameters for Attribute #10.

Fused model -- atkribuke #£10
&

3.1 T T R
i i i o
. | Pl ®
£ 2.6 ! : ; |
2 SR
B - _1"5' | L] @ Class #1|
E f ' ? i Ay Class #2
G | i i <> Class #3
B B T @ lass 4|
LS [ || (DS
1.1 T '|' T i mi L r T r

0.4 0.6 0.5 1 1.2 1.4 1.6
IUncalibrated max-diff worths (effect coding)

Figure F presents a similar scatterplot based on duomuing with attribute #24 as
reference. Note from the worth estimates in Table 12 or Table 13, Class #4 considers attributes
#10 and #24 to be about the samamportance. Thus, if we use attribute #24 as the reference,
the (dummy coded) worth for attribute #10 will be about zero for Class #4 respondents. This is
depicted in Figure E by the symbols in the upper left of the plot associated with Class #4. Now,
acording to this plot, attribute #10 appears to be less important to many Class #4 respondents
than the other respondents, when in fact the calibrated results show that the oppositatisstrue
moreimportant. What is true is that the other respondeeis attribute #10 to bemuchmore
important than attribute #24, which is one way that they differ in preference from Class #4
respondents.
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Figure F.
Relationship between Dumnoded and Calibrated Individual Parameters for Attribute #10.
(Reference Attribte #24).
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Next, we examine theocrelation between calibrated and uncalibrated individuet IAff
worthswhere the uncalibrated worths are based on different identifying restrictioas.
correlationbetween individual coefficients obtained from unaaltbd MaxDiff worths and the
calibratedworths in Figurd- assesses the extent to which all respondents consider attribute #24
to be equally important. A correlation of 1 would occur if the calibrated worths for attribute #24
were equal for all respondensss can be seen in Table 13, the worths for attribute #24 differ
considerably across segments. Thus, it should be no surprise that the correlation turns out to be
-.39. The negative correlation can also be seen in Figure E as it is clear that theitg&nkt
through the points would have a negative slope.

In contrast, lte correlatiorbetween individual coefficients obtained from uncalibrated
MaxDiff worths and the calibrated wortisFigureE assesses the extent to which all
respondents considdre 36 attributes as a wholdo be equally important. A correlation of 1
would occur if theaverage worth across all attributes wegeal for all respondents. As can be
seen in Table 13he average worths across the 5 classes are about thel$mseit slould be
no surprise that the correlation turns out to be B8s can also be seen in Figlgewhere the
slope of the best fitting line would loéose tol.

Table 14 provides the associated correlations between the calibrated and uncalibrated
individual worths for all 36 attributes where the uncalibrated worths are obtained under effect
coding--f or the traditional MaxDi ff model esti mat
LC/ scale adjusted (6 Mbasdvgll,asdamnd/ codidy withtadueed ( 6 Fu s
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#24 as reference under the traditional Max Di f
adjusted (6MD26), and fused (6Fusedd). For t
model are about twice as high as obtained from the traditioneDN¥anodels (HB and MD1)

as well as the scale adjusted model (MD2) under effects coding. Under dummy coding,

correlations are much more variable than under effects coding, and correlations based on the

fused model again tend to be somewhat higher thaebased on the other approaches.

Table 14.
Correlations between Calibrated and Uncalibrated Individual Worth Coefficients where the
Uncalibrated Worths are Based on Different Approaches

Correlations (effect coding) Correlations (dummy coding)
hadel Maodel
attribute HB Effect MD1 KD2 Fused attribute MD1 MD2 Fused

1 0,25 0.55 0.43 0.83 1 -0.43 -0.22 -0.20

2 0.30 0.38 0.37 0.82 2 -0.10 0.04 0.08

3 0.40 0.19 0.z28 0.84 3 -0.27 -0.11 0.10

4 0,38 0.63 0.e0 0,96 4 022 0.26 0.25

5 0,35 0.27 0.44 0.73 5 -0.1é 0.04 0.24

3 0.46 0.51 0.51 0.36 a 0.11 0.15 0.56

7 0,49 0.54 0.50 0,32 7 0.32 0.38 0.74

g 0,52 0.31 0.33 0,93 3 0.08 0.19 0.32

El 0,41 0.39 0.35 0.97 9  -0.25 -0.24 0.29
10 0.64  0.50 0.50 0.89 10 -0.59 -0.51 -0.39
11 0.40 0.26 0.37 0,75 11 -0.1a -0.13 0.09
12 0.4 0,41 0.40 0,98 12 0.03 0.06 0.56
13 0.54  0.30 0.29 0.97 13 0.00 0.00 0.39
14 0.39 0.49 0.47 0.35 14 0.10 0.12 0.60
15 0,24 0,41 0.44 0,38 15 0.06 0.03 0.47
16 0,59 0.47 0.52 0,96 la  -0.26 -0.36 -0.13
17 0.36 0.53 0.52 0.97 17 0.24 0.22 0.62
18 0.48 0.63 0.6l 0.35 13 0.15 0.10 0.22
12 0,24  0.57 0.5l 0,38 19 0.37 0.40 0.77
20 0,39 0.42 0.41 0,90 20 0.22 0.21 0.27
21 0,27 0,47 0.45 0.97 21 0.03 0.04 0.4é
22 0.34 0,35 0.42 0.85 22 0.39 0.43 0.76
23 0.42 0.37 0.50 0.32 23 0.44 0.54 0.67
24 0.26 0.65 0.66 0,98 24 NfA M/A M/ A
25 0,24 0,30 0.38 0.96 25 0.16 0.15 0.55
26 0.26 0.55 0.56 0.35 26 0.11 0.09 0.25
27 0.31 0.34 0.19 0.33 27 0.14 0.01 0.44
28 0,43 0.53 0.6l 0,24 28 0.35 0.35 0.60
29 0,24 0.3 0.66 0.97 29 0.58 0.61 0.96
30 0.47 0,49 0.45 0.36 30 0.50 0.48 0.81
31 0.47  0.44 0.43 0.35 31 0.30 0.32 0.56
32 0.36 0.47 0.5l 0,96 32 0.42 0.47 0.83
33 0,22 0.53 0.55 0.96 33 0.36 0.34 0.67
34 0.26 0.36 0.33 0.37 34 -0.14 -0.10 0.34
35 0.34  0.52 0.43 0.32 35 0.41 0.38 0.68
36 0,52 0.19 0.36 0,96 36 0.26 0,32 0.62

SUMMARY AND FUTURERESEARCHDIRECTIONS

Overall, the fused modekovided much smaller standard errors than the MaxDiff worth
coefficients and fewer respondents in the less certain sClass. The fused model can also yield
calibratedworthswhich provide absolute as well as relative information. The more traditional
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MaxDiff models provide worth coefficients that are very tricky to interpret and proper
interpretation depends upon the identifying criterion that is employed.

The current fused model is estimable using only a subset of the ratings, and in fact can be
applied wken ratings are available for as few as 1 attribute (see e.g., Bochenholt, 2004).

Future research will examine how the quality of the solution is affected by
a. the number of ratings used, and
b. the particular attributes that are used in the model.
It may be tlat the highest rated attributes are best to use or it may be the highest and/or

lowest rated attributes are best. Or, it may be that use of the middle rated attributes provides the
best bang for the buck.

MODELSPECIFICATION
Compared to the Bacon/Lenk appch:
we model MaxDiff somewhat differently (we treat it as first and second choice)
we use latent classes instead of individual effects (thus, it yields a segmentation)
we account for scale usage heterogeneity somewhat differently (we use a CFactor)
we ako allow the scale factors in choice and rating to differ across persons (sClasses)

The specific model specifications are providedow

LG 4.5 SYNTAX SPECIFICATION FORMAX DIFFMODELS
//Traditional LC MaxDiff

/IClassdenotes the nominal latent variable
: L . ) Alt.sav - SPSS Data Edi...
/Isweightdistinguishes the choice of the l“ aia .. S
A Eile Edit Wew Data Transform  Analvze
[IMOST (+1) from the LEAST-G—) |mp0rtant, Graphs  Ukilities  Add-ons  Window Help
1/Q5 represents the alternative-$) = .
//selected from the given choice set E’_|EI|§| | ol =|k| &l
/landattr is the attribute id 1 aln !
variables il |
) 1 1 1
caseid ID; 2' 5 5
repscale sweight; 3 3 3
choicesetid sall ; 4 4 4
dependent Q5 ranking; S 5 5
attribute attr nominal; g ? ?
latent 3 a 5
equg:i;snssnommal 6, | \an\ﬂew ,{?fariable ViEWDMH | T
Class <1;
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MaxDiff.sav - SPSS Data Ed... [= |[B1)[X]

File Edit Wiew Data Transform  Analyze
Graphs Ukilities  Add-ons  Window Help

i *setlLM.sav [DataSet1] - SP 10 x|
File Edit “iew Data Transform Analyze Graphs
Utiities Add-ons Window Help

=S| B of | =[k] Al £ clRle) E oo =0 al Flel
11D 13 [1: setid2 [1

ID |BlocH setid2| o |SWE|ght|:| L a' a' a' i

m 49 falal 4

13 49
13 a0
13 a0
13 51
13 a1
13 52
13 4 52

4| \Dat:ﬁl‘iew,{\fariaglqe Wiey |4 j|

2 20 28| 38| 33| 22| 17

1 E] 3| 18] 7] B 19| 2

1 ] & 19| 33 14 10| 34
-1 g g 17| 10[ 31| 2| =3
1 B B 1] 18] 8| 9] 12|
1

1

-1

A [*]\Data view £ Variable View J RN

SPE 2

A e (L R —
| b B | e =

[ BN U N U R O B

jull u]

-

[ILC MAXDIFE WITH2 SCALE FACTORS

variables

caseid ID;

repscale sweight;

choicesetid setid2

dependent Q5 ranking;

independent set nominal inactive;

attribute attr nominal;

latent

Class nominal 55Class nominal 2 coding=first, scale continuous;

equations

Class <1,

sClass < 1;

Scale < (1)1 + (+) sClass;

(O) Scak;

Class <> sClass;

Q5 < attrscale| Class;

Note: Since the nominal | atent factor sCl ass
causes the first category to have a coefficie

coefficientforh e second category is estimated.- The 0(
decreasing, and since the first equals 0, the
Scale 6(1) 106 is an intercepODOoréstritbeedcthbee
associated with thenéga's't veCtaskfi anedntvd ftomr

associated with the second sClass.

LATENTGOLD CHOICE SYNTAX SPECIFICATIONS FOR TEHFUSEDM ODEL

Maxdiff fused with 2 scale classes
/lindexis the attribute id for attributes rated
variables
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caseid ID;
repscale sweight;
choicesetid setid2;
dependent RATING cumlogit, Q5 ranking;
independent Index nominal;
attribute attr nominal;
latent
Class nominal 5, sClass nominat@ling = first Scale cotinuous,
Scale2 continuous, CFactorl continuous;
equations
Class <1,
sClass <1;
Scale < (1)1 + (+) sClass;
Scale2 <1 | sClass;
(O) Scale;
(0) Scalez;
(1) CFactorl;
Q5 < (bl)attr scale | Class;
RATING <- 1 scale2 + Class scale2 CFactorl scale2 +l§2)Index scale2 | Class;
b2=b1;
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BENEFITS OBDEVIATING FROMORTHOGONALDESIGNS

JOHN ASHRAR

MARCO HOOGERBRUGGE
JUAN TELLO

SKIM

SUMMARY

Orthogonal designs in conjoint analysis are generated to get maximum statistical robustness,
that is,maximum accuracy for utility estimateslowever,orthogonal desigohoice asks may
well be far off from real world choice situation$his discrepancy with reality influences the
respondent sd choi ce pat tseorbiased rasyltsTheeamaftt i cal | y
maximum accuracy and the aim of getting unbiased estiraegegparently in conflict with
eachother. We should therefore look more carefudithow markets behave in realiydadapt
the choice task design to realistic situations.

This papels based on a meta analysis of amnmercial studies in FMCG (FastoMng
Consumer Goods) marketi these markets, usually, a brand has multiple SKUs, representing
different product forms, different flavors, eté/hen brands alter their prices, they often do so
uniformly across all SKUsThis phenomenon is often calléne pricingand is something that a
standard orthogonal design does not account for.

CHOICE BEHAVIOR IN LINE-PRICING STUATIONS

Let us illustrate consumer choice behavior in a market with line pridinig.not about
research designs per se, it istjpow consumers behave in the real woillle example is very
simple: we have two brandsachwith three flavors.Brand 1 is less expensive, brand 2 is more
expensive.SeeFigure 1.

A consumer may choose between brand 1 and 2, trading off brandwduyeice, and may
for example prefer the cheaper brand/lithin brand 1, there are three different flavors A, B and
C, and the consumer may prefer flavor B the m8sicause prices do not vary (we have
assumed line pricing), the consumer does not taweake a tradeoff and picks the most
preferred flavor C.

105



Figure 1.
Example of Consumer Choice in a Market with 2 Brands la@dfs

Price

Base
case
price

<|

OOM 0O00O0

Now, suppose brand 1 is increasing its pri€s all SKUs(within brand)increase theiprice
by the same amountJp to a certain price point the consumer may stay with bramtlithin the
brand the consumer will again pick flavor C, since this is the most preferred flgvene is no
reason whatsoevén switch to flavor A or B due ta brand price increas&ee kgure 2.

Figure 2.
Example of Consumer Choice after a Price Increaseaidl
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price | v -
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Let us now make the step from consumer behaniczality to respondent behavior a

research designWe can recreate the (redilfe) line-pricing situationsasily in CBC software by

importingmanual designs and enforcing that all SKUs within a brand have the same price level.

We may assume that respondents will then choose the same way as they do in @alitgnap
random noise in their responses.
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Respondent behavior becomes quite a bit different though when we use a standard orthogonal
design. Let us take the same consumer as in the example above and have him/her conduct a
CBC interview with an orthogonalesign. The choice task may look likadure 3. The flavors
of brand 1 have different prices, the flavors of brand 2 have different armmshere is overlap
between prices of some flavors of brand 1 and some flavors of brand 2.

In this situation theonsumer may choose flavor B in the interview because she is now
forced to make a trad# between flavor and price, and may think that flavor C is not worth so
much extra money in comparison to flavor 8o the respondent chooses something in the
interview that would never be chosen in reality and the utility values of price will be influenced
by the switching behavior within brand.

Figure 3
Choice Task Example with Orthogonaé§ign

Price
~
>

Base c \

case = - —
h ﬁ

OMO OO0
19 | ﬂ!
Please note that this is a simple ithasion. There may be much more complex situations.
For example certain flavors cost more than other flavors, but in a situation with line pricing they
costconsistentlynore. So the principle remains the same: once a consumer has established that

she isprepared to pay extra for the more expensive flaherwill alwayschoose that flavor in
line-pricing variations.

The same principle even applies to different pack sizes where the price ranges are completely
different but there are fixed rules suchastouble pack size always costs 1.9 times mSce.
once a consumer has decidhé wants to have the smaller pack size, she will want to have that
pack size just as well if SKU prices of this brand increase by any identical percentage.

The example aboveas just for one consumer.dve generally, we can descriaehetypes
of consumer behavior and we can deduct how research designs would impact the choice behavior
of them.
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We can distinguish thresrchetypes:
1. avery pricefocused consumealways choose$é cheapest option in the market

2. amoderately brandocused consumechooses a certain brand up to a certain price point
or up to certain price gap with another brand; after that point the consumer switches to
the other brand

3. anextremely brandocused cosumer always chooses one brand

Let us assume all three archetypes do not care too much about the particular flav@anSo, in
orthogonal design, they may easily switch to a cheaper flavor. We might add consumers with
specific tavor preference as additial archetypesvhich would make the situation only more
complex.

The expected choice behavior in a CBC interview is as follows:

Archetype | Orthogonal CBC with Line Difference

CBC Pricing
Very price | Chooses Choosegpreferred Price utilities will probably be
focused cheapesSKU | SKU of cheapest the same; in orthogonal design

across brands | brand we just miss information about

preferred SKU.

Moderately| Chooses Choosepreferred Price utilities will probably
brand cheapesSKU | SKU of preferred differ, but it is not clear upfront
focused of preferred brand; may switchat | in which direction.

brand) other brand after

certain price increase

Extremely | Chooses Choosegpreferred Price utilities willcome out more
brand cheapesSKU | SKU of preferred extreme than in a (more realisti
focused of preferred brand line-pricing design

brand

) In an orthogonal design at least one of the SKUs of the preferred brand will have an acceptable price
level (at least nearly always)

So from this, two things are clear:
The two difierent research designs will very likely result in different price sensitivities.

It is not posdle to predict upfront whicbf the designs will yield a higher price
sensitivity (especially because of the middle group)

Therefore we will also take look atngirical data in the next section.
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ANALYSIS OFEMPIRICAL DATA

In six FMCGprojectswe combined a orthogonal design with a lifgricing design.The
same respondents evaluated both types of choice tasks (mixed tubtighdesign). We will
refer to ths as ahybrid design Please note that a hybrid design addresses two business
objectives simultaneously, namely:

What happens if our brand changes its overall price?

What happens if we change the price of one of our SKUs while leaving the price of the
other SKUs constant?

The six studies ranged from diapers to cigaretkes.the analysis we made a split betn
the orthogonal and the liq@icing choice tasks.

D-efficiency

As discussed in the introductioh seems we need to make a tiaftibetweerbeing
unbiased antheaccuracy of the utility estimatedt is therefore important to know how much
accuracywe sacrifice when applying lirgricing research desigi.he results are shown in
Figure 4. Surprisingly and luckily, the fficiencies of a lingoricing design remain very high,
between 90% and 100% of an orthogonal desimin practice we sacrifice very lgthccuracy
when applying a lingricing research design.

Figure 4
Line-Pricing Designs Are lnost as Efficient as OrthogonaleBigns

0.10 T 100%

0.08 - T 90%

Standard
error

D-efficiency

T 80% __.:
ratio

0.04 - T 70%

0.02 T 60%

Study number

0.00 50%

T T
1 2 3 4 5 6
——avg SE of Brand SKU in hybrid

——avg SE of Brand SKU in orthogonal

= = =avg SE of price in hybrid

- = =avg SE of price in orthogonal

31 D-efficiency ratio (Hvs O)

Prediction of holdouts

We can also asthe question from the reverse perspecthav much bias do we redue
predicting a realistic ling@ricing scenario by usinglee-pricing design instead of an orthogonal
design. We cannot measure bias directly, but instead we use prediction rates for holdout tasks as
a measure for bias, i.e. we compare prediction.
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It is very natural to expect that utilities frdme-pricing choice tasks predict anothiee-
pricing choice task bettéinan utilities from an orthogonal desigiihe question is rather
whether the difference is so big that it is worthwhile toluseepricing choice tasksin Figure 5
we see that the differences are indeexy substantial.

Figure 5
Utilities from aLine-Pricing Design Predict étualResponses to a
Line-Pricing Choice Task &tter

100% 1+

Hit rate \
80% -
60% 1 f
/\\
Study number
40% T T T T T
1 2 3 4 5 6

— hybrid design — orthogonal design

A Translating into a more accurate prediction of actual market shares,

since prices of SKUs typically move in tandem within a brand
32

We can now safely conclude that it is better to inclugepricing choice tasks when we are
planning to simulate (mainly)ne-pricing scenans.

Differences in price sensitivity

Another question that we can ask ourselves, suppose we apply orthogonal designs, do we
consistently make an ovesr underestimation of price sensitivityRe are especially interested
in this, because the theoreticedrhework in the previous paragraph does not really give an
answer to this questiorthere we concluded it can be either way: more or less price sensitive.

For all SKUs in the sistudies we have calculated price elasticity (dg/q / (dp/p)) based on
simulatons using the utility values of tHime-pricing designs and of the orthogonal designs. All
pairs of prce elasticities are plotted ingere 6.

Price elasiticity in an orthogonal design is significantly higher thariimegricing design,
by about 15%the tvalue of this difference is 4)At the individual level there are exceptions
though, sometimes the price elasticity is Adantical and in rare cases the price elasticity in an
orthogonal design is lower. So it would be too easy to use an onloggsign and then apply a
standard correction factor of 1.15.
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Figure 6
Brand Level Price Elasticity Is Consistently Higher fati@gonalDesigns

Brand-level price elasticity with hybrid design
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Each dot represents a brand from a study

33 * standard error 3.7%

DisCUSSION

In the discussion after the presentation at the Saw&aftvare Conference a comment was
made thatine-pricing designs are orthogonal designs after allit on a different level, namely
on a brand level rather than on a SKU level.

That was a very clever and of course also a proper observation. However, théjecine
of our presentation was to show that one needs to address the particularities of the markets when
creating the research design. Orthogonality can of course still be apipdiedaving identified
and incorporated the market conditions.

CONCLUSIONS

In this paper we have identified when and why hybrid designs, i.e. a combination of an
orthogonal design andlime-pricing design, may deliver more accurate price sensitivities at the
market level

We also developed a theoretical framework in order pbe@x that tandem designs or hybrid
designs may well lead to different price sensitivities than orthogonal designs. However, from the
theoretical framework we cannot tell whether we should have higher or lower price sensitivities
in an orthogonal desigm lempirical studies price sensitivity was on average higher in
orthogonal designs.

The recommendation of the paper is to always have a close look at how markets behave in
reality in order to develop an appropriate choice task design.

Although the paper hdscused on FMCG, we believe that this overall recommendation
adapt choice tasks better to realistic market situatiomfl apply to other markets as well.
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COLLABORATIVEPANEL MANAGEMENT.
THE STATED ANDACTUALPREFERENCE ORCENTIVESTRUCTURE

BoB FAWSON
EDwWARD PAUL JOHNSON
WESTERNAVATSCENTER INC.

ABSTRACT

Online access panels face increasing competition from other online activities. While research
design considerations often define respondent experience, panel managers do retain control over
same aspects of this experiencko better understand how to most effectively incentivize
panelists, Western Wats conducted both a conjoint choice task and an experimental choice task
during the summer of 2008. We compared a number of metrics from theaatjoint
guestionnaire, experimental results, and a follow up survey. Specifically, we look at before and
after differences in panelist perceptions and before and after response rates. Lastly, we use
conjoint results to predict actual choice.

Engagirg panelists in a collaborative effort to determine incentive choices improves both
response rates and panelist attitude. Conjoint results predict actual choice with mixed results
(54.8%)probablydue in large part to the change in the sweepstakes criteria

INTRODUCTION

Good online panel managers strive to maintain an active and healthy community of willing
participants in the survey research process. This complex process requires optimization of
incentive structure, participation limits, survey desigmaets, and other salient variables with
respect to a set of tightly binding constraints. Ultimately, the health of agambkpartially
gauged by participatiorates and panelist engagement.

Incentive plays a key role in every theory of respondenivadodn. Incentiveserve as an
important trust building mechanism within the sbetlechange framework. Within tleonomic
exchange framework respondents seek to maximize incentive, ma&imgyafthe most
important determinasbf participation(DilIman 2007).Leveragesalience theory suggests that
a panelistbds | evel of participation is a func:
of variables found in each survey invitation (Marcus, et al. 2007, p. 374). Comwitation
variablesare topic, potential for personal feedbaaokerview length, incentive, and use of the
enddata,but ncenti ve is the only wvariable .consisten

Panel managers effectively walk a tightrope; they must maximize bctd aad economic
rewards while respecting constraints. Economic rewards, for example, are constrained by both
budget and the pential behavioragffects they magause as the amount is increasBdnel
Managers seeking to maximize the remonomic rewsds of participation also face the
popularity of alternative online methods of social exule such as Facebook and blogs
(Poynter 2008)
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Within this context, duringhe summer of 2008, Western Wats solicited panelist feedback on
incentives, and manipukd their incentive structure in an attempt to increase both the economic
and social benefits of panel membership. Fundamental to the approach was collaboration with
panelists themselves. Ultimately, the bifurcated process chosen shed light on the benefit
collaborative panel management and provided an opportunity to empirically test the power of
stated preference data to predict actual behavior.

MOTIVATIONS FOR THERESEARCH

Todayods online environment of f ettentiomof wi de r an
potential respondents. Some of these activitiess a compelling, multimediach experience
(i.e. YouTube, Hulu and Pandora). Other activities are compelling because they offer a forum for
substantive, and often fréerm, dialogue aroungersonally salient topics (i.e. forums, blogs and
news sites).These features disadvantage online panels that must respestatively rigid
structurerequired by quantitative survey researéturthermore, the majority of online
guestionnaires offercant opportunity for multimedia experience. Even the look and user
interface ofsomeonline questionnaigeis partan and reminiscent of an earlier internet era

Opinion Outpost does offerfarum for open discussion through direct telephone and email
corntact with project management statffhis feedback channbhsrevealed lack of
incentivization for disqualified respondents
Addi tional ly, godiatbemrefit maximiactsa a ecnonficcberfe
maximizer® e meamnorg ¢he group of vocal panelists who provide feedback 3obia
maximizer® express violated trusis a result of beingrevented from sharing their opinions
wi t hout a t oBcenomictmaxamzkrson theliother handend to be most vocal

about missed opportuies for receiving an incentive

Offering an incentive for unqualified respondents stloulh e | p mai nt asocial t r ust
maximizerpas wellasoffeit e i ncent i v e econoraid maxmides. sati sfy i
Additionally, offering achoiceof incentivetype should increase the sense of community among

Opinion Outpost membelsy givingthem a substantive vote tineir experienceas panelists

RESEARCHDESIGN

Opinion Outpost, Western Waétenline access panatltilizes a pointfor-cash incentive
structure. Opinion Points, redeemable at $.10 per point, are awarded for each completed
interview. The number of points is a function of survey length and survey difficLittgse
factorsare clearlystatedwithin eachsurvey invitation.

Previous internal research shows that, over a miomnid period, offering larger incentives
within Opinion Ou tspuctsrdadaezsnot materiallyeaffectespomsgaest i v e
(unpublished researddy Taylor, 2007). Gottiz (2004, p. 335) reported analogous findings from
a different surveymploying a pointdased incentive. On the other harfte did observe
decreased respondent dropmites when offeringargerincentives

Other online panels have utilized lotterg@mtives as a way to minimize cost. The literature
on the efficacy of lotteries is mixed\cross 6 experiments f or easlalottprieserelative
to no incentives did not reliably increase response or retention; neither did it make a significant
difference if one large prize or multiple smaller prizes were raf{@dritz 2006 p. 445.
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Tuten, Galegil, and Bognjak (2004) found evid
effects for lotteries. In other words, both response rates and dropesuimaroved when lottery

outcomes were presented to respondents i mmed:i
idea to panelists under the name Ainstant win

This literature heavily influenced our decisioretlore panelist utility derived from
differenttypesof incentives, in addition to different incentive values. Specifically, our research
design needed to meas the impact of three factoggayment type, expected value of reward,
and rewards program. As outlinedTiable 1, three levels ofaggment type, five levels of
expected value, and seven levels of rewards programs weyezethadsulting in 105 possible
reward combinations

Table 1
Rewards Program Expected Value Payment Type
Guaranteed Rewards $.10 Opinion Points

Instant Win (2% wirrate) $.20 Cash/Check
Instant Win (1% win rate) $.30 Item
Instant Win (.5% win rate) $.40

Sweepstakes (.04% win rate) $.50

Sweepstakes (.02% win rate)

Sweepstakes (.01% win rate)

Conducting a within panel experiment evaluating panelist behbgfore and after receiving
these 105 treatments would cumbersome and expensive. We chose instead to present a
stratified random sample phnelistmemberavith an onlinechoicebased conjoint (CBC) task
to elicit relative prefemece measures for tH€5 distinct options.

It is reasonable to expect that Opinion Outp
activity level within the panel. To mitigate these potential conditioning effects, we chose a
stratified random sample from Opinion Outpasparticipate in the choice task. Strata were
defined according to panelist activity level. Strata are: New panelists, defined by tenure of two
weeks or less. Inactive panelists, defined as those who have not responded to a survey invitation
for 6 montls or more. Finally, we chose a stratum of active panelists who do not belong to either
the new or inactive strata. We do not expect either the inactive or new strata to exhibit the
conditioning effects that may be present among the active panelists.

In addition to the choice task, the initial questionnaire measured panelist activity level,
recruitment method, and solicited feedback on panelist expeiirenodtiple operended
guestions. Three detailed incentive concepts were presented before theéaghpiard each
panelist completed three questions about the concepts to proWide@ecated preference data.

The flexibility of Western Watipanel management system presented a unique opportunity to
externally validate the results of the conjointdst The conjoint data was used to determine the
most populareward system at a fixed costVe then designed a revealed preference experiment
with 18 possible choice task3able 2) identified from the conjoinOne randory-selected
choice task wapresented to the panelists who participated in the CBC exeatsetime a
panelistdid not qualify for a surveyThe choice tasks wepmnstrained to include one
guaranteed reward, one instant win, and one sweepstakes option. Choice presentation was
visually and experientially consistent with the conjoint choice task in order to avoid potentially
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confounding variables when comparing the stated and revealed preference data. Expected value

of the reward was held constant across all experimental choices.

Table 2
Task Number| Choice 1 Choice 2 Choice 3

1 | GR 3 Opinion Points| IW 6" Digital Picture Frame | SW Rebel XTi Camera

2 | GR $.30 Red Cross | IW 6" Digital Picture Frame | SW Rebel XTi Camera

3 | GR 3 Opinion Points| IW $60 check SW Rebel XTi Camera

4 | GR $.30 & Cross IW $60 check SW Rebel XTi Camera

5 | GR 3 Opinion Points| IW 600 Opinion Points SW Rebel XTi Camera

6 | GR $.30 Red Cross | IW 600 Opinion Points SW Rebel XTi Camera

7 | GR 3 Opinion Points| IW 6" Digital Picture Frame | SW $750 check

8 | GR $.30 Red Cross | IW 6" Digital Picture Frame | SW $750 check

9 | GR 3 Opinion Points| IW $60 check SW $750 check
10 | GR $.30 Red Cross | IW $60 check SW $750 check
11 | GR 3 Opinion Points| IW 600 Opinion Points SW $750 check
12 | GR $.30 Red Cross | IW 600 Opinion Points SW $750 chek
13 | GR 3 Opinion Points| IW 6" Digital Picture Frame | SW 7,500 Opinion Points
14 | GR $.30 Red Cross | IW 6" Digital Picture Frame | SW 7,500 Opinion Points
15 | GR 3 Opinion Points| IW $60 check SW 7,500 Opinion Points
16 | GR $.30 Red Cross | IW $60 check SW 7,50 Opinion Points
17 | GR 3 Opinion Points| IW 600 Opinion Points SW 7,500 Opinion Points
18 | GR $.30 Red Cross | IW 600 Opinion Points SW 7,500 Opinion Points

Next, we used the conjoint data to predict

simulator fa every screen they were presented. We compared these predictions to actual
behavior as an evaluation of the consistency of panelist stated to revealed preference. Lastly, a
follow-up survey was given to these panelists to measure their experienceoiiaherative

panel management process.

The research experiment has three main hypotheses. The first one compares unaided
respondent suggestions for improvement as a proxy for direct measurement of social exchange
benefits.

Hia: The percentage of suggjess for improvements that specifically refer to incentives
will decrease in the follovap survey after participation in both the conjoint and
experimental choice tasks.

H.a: The percentage of suggestions for improvements that specifically refer thviesen
will not decrease in the followp survey after participation in both the conjoint and
experimental choice tasks.

Furthermore, the combination of positive social and economic benefits should lead to higher
response rates (AAPOR 1). Response waslledbd for the month previous to the conjoint
choice task and for the month following the conjoint choice task.
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Hig: Response rate will increase for panelists who participated in the collaborative panel
management relative to those who did not.

H.g: Respnse rate will not increase for panelists who participated in the collaborative
panel management relative to those who did not.

The last hypothesis deals with how well the panelists followed their stated preference when
actually given the options withing¢hconjoint. Our testable hypothesis for conjoint hit rate is as
follows.

Hic: Stated preference data will predict actual choice correctly in 65% of cases.

H,c: Stated preference data will not predict actual choice correctly in 65% of cases.

CONJOINT RESULS

The actual amount or item seen by the panelists as the terminate reward was conditional upon
the levelsof all three attributes found in Table 1 (Rewards Program, Expected Value, and
Payment Type). For example, the reward seen for an Instant Win ({#%@mExpected Value
of $0.30 given in Opinion Outpost Points was $0.30/.02*10 points/dollar or 150 Opinion Outpost
Points. As a result of this relationship a statistically significant twaeinteraction was found.
However, the practical significanceuld be explained by only using the main effect of Expected
Value and the interaction between Rewards Program and Payment Type.

As expected, the utility increased as the Expected Value increased as seen in Figure 1.
Surprisingly, Expected Value wasetleast important attribute as can be seen by the relatively
level utility across all 5 levels. This pattern might change if the range of Expected Value was
increased. However, this reward is for panelists who do not qualify and thus spend very little
time in the survey (approximately2lminutes). At the highest value of $.50 panelists still
average $1%30 dollars an hour and we did not feel comfortable giving consumer panelists more
than this amount. However, it should be noted that if this experiwssnrepeated for
completed surveys where the dollar amount is much higher, Expected Value could make much
more of an impact. For the results of this study, we determined $.30 to be the optimal point for
the expected value and used that reward amouheiadtual preference tasks.

Figure 1

Expected Value
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The two attributes that made the most difference for panelist preference were Reward
Program and Payment Type. Figure 2 shows the interesting results we found in this interaction.
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First, the Reward Type made st difference with Cash being preferred to both Points and
Items for all types of Reward Programs. However, the relative magnitude of this preference was
dependent on the Reward Program. For the Guaranteed Rewards Program, the Points and Cash
preferenes are very close. Thus panelists are relatively indifferent to small amount$.@&0)0

of cash in the mail when compared to @@pinion Outpostpoints that they can later redeem

for cash. However, as you go to other reward programs that displayea hagminal amounts
(resulting from the decreased chance of obtaining the reward) this gap widens significantly.
Panelists would rather have a large check than they would have the same amount in OO points.
Lastly, we determined from this initial survénat items did not have the widespread appeal that
cash or points had, but the preference of the higher ticket items in a sweepstakes became more
popular relative to the alternatives of points of cash.

Figure 2

Reward Program x Reward Type
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EXPERIMENTAORIALRESULTS

When comparinghte Stated Preference data from the initial conjoint survey to the month
long trial period where panelists actually chose their rewards, we see some unexpected
differences. Figure 3 shows that on average panelists systematically chose the Instant Win
Progam more than expected at the expense of the Sweepstakes Program. This tendency was
found across all three segments of our study. As a result the hit rate was 53% rather than the
65% we predicted. Possible explanations for this differgnckiding a clange in the
sweepstakes timelinwiill be discussed in the next section. Still, overall we had to reject
hypothesis kL in favor of Hc and report that the stated preference did not match the actual
preference 65% of the time.
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Figure 3

Stated Versus Actual Preference
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The overall cdaborative panel management system was successful at engaging and pleasing
panelists. The relative response rate increased across alldipmeenss of the panel, with the
most gain seen in the new and inactive panelists. Figure 4 depicts the magdhitiglelange
varying from 14% among Active panelists to 24% among New panelists. Thus, active panelists
who participated in the collaborative panel management system were 14% more likely to
respond to additional survey invitations than their counterpatte panel that were not part of
the collaborative panel management system. This increase in participation was even more
prevalent amongst Inactive and New panelists, so we rejgah favor of Hg and conclude that
collaborative panel management daecrease the responsiveness of a panel.

Figure 4

Relative Response Rate Increase

2490

Active Inactive New

Lastly, the percent of incentive suggestions was lower in the faljpgurvey than in the
initial conjoint survey. In the initial conjoint survey, 53% of the respondents suggested a change
in the incative structure. This percentage was reduced to 40% in the fafjosurvey. This
13% decrease is statistically and practically significant, so we also rejeit tdvor of Ha and
conclude that the collaborative panel management did increaseth@é paneh t t i t ude t owa
incentive structure we offered.
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EXAMINING REASONS FOR THEIFFERENCE BETWEBSTATED ANDA CTUALPREFERENCE

Overall, the only result of this survey that surprised us was that the stated preference was not
in line with the actual obseed preference. We explored four possibilities that could have
caused this shift from Sweepstakes to Instant Win: time effect, multiple answers, and lastly a
necessary change in the sweepstakes timeline.

First we examined the reward preference over tiie.thought that panelists might not
realize the value of the immediacy of a reward until they actually experienced it. What we found
was a surprising validation of our existing incentive structure. Figure 5 shows the linear trend of
the percent preferee for reward program over the course of the mémly experiment. We
can see that although the Sweepstakes program became less popular over time, the Instant Win
program also became less popular at about the same rate. The only program that became more
popular was the Guaranteed Rewards program. This finding has important ramifications to those
panels that move away from a Guaranteed Rewards model and towards a sweepstakes model.
These panels will see more panel churn and fewer seasoned respondsntrevimportant not
only for cost but also for data quality (Gail
policy of always giving a guaranteed incentive for completed surveys rather than moving to a
sweepstakes or an instant win model, bdtdtnot explain the difference between the stated and
actual preference.

Figure 5
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Then we tried to take out the confounding factor of multiple responses. Rather than counting
every time a panelist was shown the terminate reward screen, we limdggsit the first time
they terminated from a survey and saw the reward page. Because of the reduced sample size we
decided to run an aggregate logit model and then use a randomized first choice preference
simulator and compare aggregate results. Tableo@/s the results of the aggregate logit model
when run on all 18 of the tasks used in the actual preference experiment. We see the same trend
here where we predicted Guaranteed Rewards correctly, but over predicted the Sweepstakes
preference and undergaticted the Instant Win preference.

120



Table 3

Results Guaranteed| Instant Win | Sweepstakes
Over (Scheffe) 1 0 10
Over 2 0 4
Within Limits 13 5 4
Under 1 1 0
Under (Scheffe) 1 12 0

In the end, the difference between the actual and stated prefergtdomexplained by an
unavoidable change in the timeline of the sweepstakes. In the initial conjoint survey, the time

period for picking a winner was one week. This time period reflected the number of entries we

would have from our entire panel. Howewshen we only had the subset of the panel chosen

for the experiment the time needed to obtain the requisite entries changed to a month. Thus, the
changed

sweepstakes ti

mel i ne

from

one

we ek

(2006), this chargin the timeline would result in immediacy effects that could easily explain

why the sweepstakes offering was less attractive in the actual preference experiment.

CONCLUSIONS

The study was a success in engaging and pleasing our panelists. Our colaparsl

t

management system exerted a positive effect on response rates across all segments of our panel

as well as decreased the complaint rate about incentives. Due to an unavoidable change in the

timeline of a sweepstakes, the actual behavior did atthrthe stated behavior. However, it is

still advisable to test a product in the real world before making decisions on the stated preference
data, especially when the product features are more intangible. Still, cash stood out as a clear

favorite for revards in both stated and actual preference data, regardless of prior conditioning.

Furthermore, significant time effects indicated that guaranteed reward incentive systems should

be used rather than sweepstakes to ensure retention of an online pandtssetwork can be

done to isolate the survey aspect of the collaborative panel management process from the actual

incentive change implemented.
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ACHIEVING CONSENSUS INCLUSTERNSEMBLEANALYSIS

JOSEPHRETZER
SHARON ALBERG
JIANPING YUAN
MARITZRESEARCH

CLUSTRENSEMBLESAN OVERVIEW

Cluster ensemble, or consensus clustering, analysis is a relatively new advance in
unsupervised learning. Ik been suggested as a generic approach for improving the accuracy
and stability of Abaseo-nednststering algorithm

Cluster ensemble analysis may be described as follows:

Consider p1, p2, ..., pM to be a set of partitions of data.set Z
(together these partitions form an ensemble).

Goal: find a partition P based on p1, p2, ..., pM which best represents the structure
of Z. (P is the combined decision called a

Given the above, we may say, tongue in cheek, that therelgrsvorconcerns to address:
How do we generate diverse yet accurate partitions 1 through M ? and in addition;
How do we combine those partitions?

It turns out that both (1) and (2) may be accomplished in numerous ways. While the
literature outlines vaous approaches to both (1) and (2), little work has been found by the
authors that compares those methods. This paper will focus on comparative performance of
competing methods for combining partitions ak
outline of ways to generate the set of partitions, known as the ensemble, and then describe
consensus methods to be used for comparison.

In addition to comparing consensus methods, we also develop and describe a graphical
depiction of ensemble diversity, digkin evaluating the performance of our ensergeeerating
mechanism.

GENERAMG THEENSEMBLE

A brief list of ways in which ensemble member partitions may be generated is given below. It
is important to note that this list is not exhaustive and thabaayr combination of these
technigues may be employed for this purpose.

Ensemble generation techniques:

Random selection of basis variable subsets / segment features:
Simply put, subsets of the variables are chosen and each is used to generate one or
morepartitions.
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Random initializations:
E.g., multiple selection of starting centroids #mleans.

Subsampling / resampling:
This approach uses, for example, bootstrap samples of the data for generating
partitions.

Use different types of clustering algontis:
This particularly effective approach generates multiple partitions using differing
clustering algorithms, e.g-lkeans, latent class, hierarchical, etc.

Randomly choose number of clusters for each clusterer:
Another particularly effective approach wh specifies a varying number of cluster
solutions within a given algorithm.

A brief overview of various methods for combining ensemble partitions taken from the
literature is given below. All but the last approach (hygraph) will be described in modetail
in the next section.

Consensus Methods:
Direct Approach:
Relabel ensemble solutions to find single solution which best matches individual
ones.

Feature Based:

Treat partitions ab categorical features and build a clusterer thereupon.
Pair-wise:

Average over similarity matrix depiction of each of Mensemble partitions.

Hypergraph:
Create hypegraph representing total clusterers output and cut redundant edges.

CONSENSUSMETHODSC OMPARED

The following section will provide a brief overview ehch consensus method used in our
empirical comparisons. Consensus performance will be based on its ability to recover known
cluster partitions from synthetic data sets.

Direct Approach

The first, and intuitively the most straightforward, technique s@pmriately referred to as
the fAdirect appr oa clabeldindividull enseinble parttions ang greatesaac h
consensus solution which is, on average, as close as possible to the individual partitions. It may
be described as follows:

1. Gener&e M partitions on data with sample size N.

2. Specify a membership matrix for each of M partitions, where k is the number of groups
in each patrtition:

Uf(\rn;)k m=1,...,M
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3. Define a dissimilarity measure between the true classification of indivildipa and that
produced by partition m, (ui(m)) as:

1ud™ — py2.

4. Averaging over all cases, for partition gives the dissimilarity betweds™ andP as:
L g~ m)
(m) — - m) (2
R(U,P) = < > ™

5. The previous equati oni xaesds.uome sl nc laucsttuearl iltayb ew
consider all permutations &f™ Y @U™) when arriving at an optim&. So our
minimization problem becomes:

1 1 o (m)
h(U™,P) = mi in (=) ~ " — pill?
(v, P) pg;gmmum(M;Ngn% pil

Feature Based Approach

This method treats individual clusterer outputd/asategorical features and builds a cluster
consensus thereupoithe steps necessary to carry out a feature based consensus analysis are
given as:

1. Consider each cluster solution as represen
2. Replace the raw data (cluster basis variables) witiple cluster labels.

3. Assume the dataiaes, in varying proportions, from a mixture of probability
distributions, each representing a different cluster.

4. The goal is then to partition data into groups associated with component distributions
(clusters).

5. The analysis necessary to accomplish ithreferred to as Finite Mixture Modeling.

Pair-wise Approach

The pairwise approach depicts each ensemble member with a similarity matrix, averages
across all member similarity matrices and uses that average to generate a consensus solution.
This approacimay best be described with an illustration.

Assume our first ensemble partition contains 6 respondents assigned to 2 clusters as shown
below. A similarity matrixS8® may be constructed as follows:

Resp. Cluster Bill Amy Jeff Pam Mike Kate
Bill (1) Bill 1 1 0 0 1 0
Amy (1) Amy | 1 1 0 O 1 0
Jf (2~ Jf|O0 0o 1 1 0 1
Pam (2) Pam | 0 0 1 1 0 1
Mike (1) Mike | 1 1 0 0 1 0
Kate (2) Kate| 0 0 1 1 0 1
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Next, a similarity matrixdepiction of each ensemble partition is generated and labeled as:

1 M
5()’___35()
The similarity matrices are then Sa@mseraged to
1
— (s Lg@ ... (M))
S M(S +8@ ... 48

Finaly, we may apply any clusteringgairithm which accepts a similarity matrix as its input
(eg.isi ngl e | i eick @mSyreorder toPyddce a consensus solution.

Sawtooth Software Approach

The Sawtooth Software (hereafter, fA-Sawtootho
clustering algorithm discussed in Strehl and Gosh (2002). The first step is to dummy code
ensemble members as shown in the tables below.

Three ensemble members, e.g., for the first four cases:
Resp. Partition 1 Partition 2 Partition 3

1 1 4 2
2 2 2 1
3 2 3 1
4 1 4 2

Dummy code above to create basis \a&a:

Resp. Partition 1 Partition 2 Partition 3
1 1 0 o 0 0 1 0 1
2 0 1 0o 1 0 0 1 0
3 0 1 0 0 1 0 1 0
4 1 0 0O 0 0 1 0 1

The second step varies from the Strehl and Gosh approach of repeatedly clustering using a
graph partitioning approach with relabeling of clusterers. A secondary cluster analysis is
performed on the dummy coded values(8r i abl es above) using Sawto
(Convergent Cluster Analysis) standard approach. This involves running multiple replicates and
selecting the most reproducible solution. If several solutions are created from the second step, a
thirdstepivol ves c¢clustering on cluster solutions of
can be performed indefinitely (CCCeéeC). Sawt
quickly.

EVALUATING THECONSENSUS WITH THEDJUSTEORAND INDEX

Standard clusteanalysis quality measures may be used to evaluate cluster solutions when the
true underlying partition is unknown. These include measures such as:

Hubert's Gamma:Correlation between distances and kW¥ector where 0 means same
cluster, 1 means diffen¢ clusters.

Dunn Index: Minimum separation / maximum diameter.
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Silhouette Index
Calinski & Harabasz C(g)

This investigation, however, empl oys known 0
partition evaluation shiftrs raevaovVv rrydn vilcd rues ttef
to be recovered is the known solution.

While various cluster recovery measures were considered, support in the literature along with
ot her aspects such as intuitive appealRl) | ed t
for this purpose. Since the ARI is critical to our comparisons and in addition leads to an
innovative depiction of ensemble diversity, its derivation and underpinnings are next presented in
some detail.

The adjusted rand index (ARI) is based om&Rindex (Rand 1971). Hubert and Arabie
(1985) adjusts the Rand Index to correct for chance levels of agreement, thereby avoiding
spuriously large obtained values. Anecdotal evidence of its support in the literature is found in a
1988 article by Collins &ent where the authorsndgie . .. based on current
that the Hubert and Arabi e ARIWebeginhyprevidog ust er
an intuitive description of the Rand Index and next show how it may be extended to the
AAdgt eddo Rand index.

The Rand Index measures the correspondence between two cluster partitions by focusing on
pairs of objects. Specifically, it classifies pairs of objects in disjoint cluster solutions (partitions)
in one of two ways:

together (same clust) or
apart (different clusters).

The Rand Index is then a measure of the degree to which each pair of objects is classified the
same by the two cluster solutions being compared.

Consider the following cross tabulation table:

Solution V
Pair in Pair in
Solution U same cluster different clusters
Pair in a b at+b
same cluster
Pair in c d c+d
different clusters
a-+c b+d N

where e.g., a= frequency of two objects in same cluster in ddthndV
b = frequency two objects samelh apart inV, etc.

It is clear that givem objects,
n(n — 1)

5 = N = number of pairs =a+ b+ c+d.
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Using the table above, we magfohe the Rand Index as:

a+d _ pairs classified in agreement

N total number of pairs

A problem with the Rand Index is that as the number of segments in the compared partitions
falls, spuriously higher values of the index may result. Hubert & Arabie set about to correct this
by creatingwvhat is referred to as the Adjusted Rand Index (ARI). Simply put, the ARI is:

observed RI - expected RI ~ observed improvement over chance

ARI = =
max RI - expected RI max possible improvement over chance

(Where clearly the max Rand index = 1).

In order to calculate the expected RI, we need only replase andd with expected
frequencies conditited on the assumption of partition independence using rules of probability.

Specifically,
replacea with (a+b)(a+c) Y

E(agreements) = a+dlatc)

replaced with (c+d)(b+d) Y
(c+d)(b+d)

E(disagreements) =

The expected Rand Index is then:
E(a+d) _ [(a+b)(a+c)+(c+d)*(b+d)

N N2

Substituting this back into our original ARI formula we find the ARI is equal to:

N(a+d)—[(a+b)(a+c)+ (c+d)(b+d)]
N2 —[(a+b)(a+c)+ (c+d)(b+d)

REFLECTINGENSEMBLEDIVERSITY

Another useful application of the ARI is to compare ensemble member partitions and hence
portray overall ensemble diversity (a necessary and critical condition for arriving at useful
consensus sotions). This can be accomplished in the following way:

1. Calculate all pairwise partition ARI values.
2. Subtract each ARI value from previous step from 1 and credie>al diversity matrix.

3. Graphically depict the diversity matrix from step (2) with a heap.m

128



Step (3) above produces a novel graphical depiction of overall ensemble divextsity

pro

vides an

easily

effective means for comparison of diversity across multiple ensembles.

THEDATA

We employ 10 synthetic data sets with known underlying clusters provided by Bryan Orme
of Sawtooth Software for comparison of consensus algorithms. The data sets were deliberately
designed to reflect fairly different sorts of underlying groups that be found in market
research. A brief overview describing each is given in the table below.

Data Set Descriptions

comprehendi bl e

synopsi s

Data  Group Type Basis Variables o Seg Seg Seg Seg Seg Seg
Set 1 2 3 4 5 6
1 Extreme group sizes No overlap on the means 1.5 100 300 600
2 Moderately different sizes No overlap on the means 2 200 300 500
3 Equal sizes No overlap on the means 2 333 333 334
4 Extreme group sizes Group 3 overlaps with 1 & 2 1.5 100 300 600
5 Extreme group sizes Group 3 overlaps with 1 & 2 1.5 600 300 100
6 Extreme group sizes Respondent data pattern based 50 100 150 200
7 Random sizes Means generated randomly 1 300 50 100 200 150 200
8 Random sizes Means generated randomly 2 300 50 100 200 150 200
9 Random sizes Means generated randomly 3 300 50 100 200 150 200
10 Random sizes Means generated randomly 4 300 50 100 200 150 200
METHODOLOGY

First and foremost, the focus of this paper is on comparing consensus performance in terms
of its ability to recover known underlying clusters. To that end, the following steps were taken:

1.
2.

The table below provides ARI measures comparing the consensus solution with the known

Run each method on each data set

Calculate the ARI comparing the consensus solution to the known underlying groups for

all runs

Compare the performance of each coissis algorithm, for each data set, using the ARI

values from step (2)

underlying clusters for each algorithm on each data set.

Data Group Type Basis Variables Feature Direct Sawtooth Pair-wise
Set Based
1 Extreme group sizes No overlap on the means 0.61 0.67 0.66 0.60
2 Moderately different sizes No overlap on the means 0.46 0.47 0.46 0.44
3 Equal sizes No overlap on the means 0.43 0.36 0.43 0.40
4 Extreme group sizes Group 3 overlaps with 1 & 2 0.35 0.43 0.34 0.30
5 Extreme group sizes Group 3 overlaps with 1 & 2 0.64 0.72 0.71 0.56
6 Extreme group sizes Respondent data pattern based 0.87 0.87 0.89 0.61
7 Random sizes Means generated randomly 0.62 0.66 0.66 0.66
8 Random sizes Means generated randomly 0.58 0.65 0.65 0.58
9 Random sizes Means generated randomly 0.53 0.48 0.53 0.51
10 Random sizes Means generated randomly 0.31 0.36 0.35 0.34
Means 0.54 0.57 0.57 0.50
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Il t 6 s mtherasults that, dor these data, the Direct and Sawtooth approaches out
perform all others. It is also apparent however that thevisér and Feature Based approaches
are not far behind in their ability to recover underlying true partitions.

DEPICTINGENSEMBLEDIVERSITY

In addition to comparing consensus performance, the authors also employed the ARI to
examine ensemble diversity. Diversity, as noted earlier, is an essential ensemble property which
IS necessary, but not sufficient, in arriving at usebnsensus solutions. Ensemble diversity was
depicted with a heat map graphic of the matrix composed of ARI pairwise comparisons of all
ensemble members. For purposes of illustration, the authors chose 2 data sets and created heat
map depictions of edcensemble. We then reduced the ensemble by removing specific partitions
which added to the diversity of the set. The
graphically via heat maps and resul trexovéer ARI 6s
the known partition were estimated for each consensus algorithm.

It is important to note that the approach described above may not be aspehasal
measure of the effectiveness of a consensus a
ensenbles. The reason for this is that another critical property of the ensemble is being ignored,
i.e., quality. If quality were controlled for, this approach may be used to add empirical support
for or against a speci fi dackobdivgsgynsus al gor it hm

The following section presents heat map representations of ensemble diversity for both full
(RHS) and reduced (LHSess diverse) sets of partitions using data sets (1) and (2). Note that in
both cases the drop in diversity is easlilycerned by comparing adjacent heat maps. In
addition, we see that a drop in performance (as measured by the ARl comparing consensus vs.
true solution) is evident when using the less diverse ensemble. As noted however, the drop in
ARI across ensembl@say not be attributed solely to a drop in diversity since ensemble member
quality is not being controlled.

Data Set 1

oooooooo
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Full Ensemble Reduced Ensemble

| F.B. D.A. SS. PW. | F.B. D.A. S.S. PW.
ARI| 61 .67 .66 .60 ARI [ 54 60 59 .59
Data Set 2

. nd Histogram Ensemble Diversity g Ensemble Diversity
€ ‘ Average (1-ARlI): 0.861 Average (1-ARl): 0.66
Sg —4”:'?‘—
Value E_Ll m’f’i:_’l Em‘ WHH T _|rn_’_1’=_‘ﬁ

. =
™
—Z"ﬂm- ‘ 3
Full Ensemble Reduced Ensemble
| F.B. D.A. SS. PW. | FB. D.A. SS. P.W.
ARI | 46 47 46 .44 ART | 30 41 45 40

CONCLUSIONS& FUTURBNORK

Superior consensus performance provided by thecband Sawtooth approaches is the
primary observation of this exercise. A secondary observation which, while not central to this
paper is of no | ess importance, is the highly
as evidenced intheheatmaiet ai | s on Sawtoothés approach me

It is also apparent that cluster diversity may impact consensus solution performance directly.
Specifically, as diversity decreases the risk of poorer consensus performance increases. This
interpretation must be tempered by the realization that an important determinant of ensemble
viability, individual partition quality, was not controlled for in these experiments.

We note that the literature recommends generating a large number of paatioresiucing
down to a subset which is both diverse and of high quality. The authors feel this approach could
be facilitated both numerically and graphically using pairwise ARl measurement to depict
ensemble diversity. Specifically, partitions could beuped based on similarity and selections
from each group made using a measure of cluster quality. Overall diversity of the final ensemble
could be depicted graphically via a diversity heat map.

Lastly, it is important to keep in mind the flexibility dfe C.E. approach which adds value
beyond its ability to create high quality sol
construct partitions which profile well on marketing strategy variables by incorporating solutions
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from supervised learning dyaes. Such a hybrid model is known as a S8apervised
Learning model and may be straightforwardly implemented in a cluster ensemble framework.

APPENDIXlI: GENERATING THENSEMBLE

While this paper focuses on the comparison of consensus clusteringjtess) it is
important to be aware of the ensemble generation algorithm employed as well. The algorithm
used is part of Sawtooth Softwareds Cluster E
capable of handling the difficult and critical task of genatpt diverse ensemble. A detailed
discussion of this process is given below.

CCEA software allows for creating an ensemble that can vary by the number of groups and
cluster strategies. The default setting consists of 70 separate solutions, 2 to 30agtips
following five cluster strategies:

1. k-means (distanebased starting point)
k-means (densithpased starting point)
k-means (hierarchical starting point)

hierarchical (average linkage criterion)

a r WD

hierarchical (complete linkage criterion)

Theensemi@d i s very diverse, but not assessed for
procedure. Reproducibility, however, is assessed for the ensemble consensus solution during the
CCEA consensus stage.

! In addition we may note that partitions generated outside CCEA may also be included in the ensemble for consensusngrtfation us
software.
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HAVING YOURCAKE AND EATING ITTOO?
APPROACHES FOFRATTITUDINALLINSIGHTFUL AND
TARGETABLESEGMENTATIONS

CHRISDIENER
URSZULAJONES
LIEBERMANRESEARCHNORLDWIDE(LRW)

BACKGROUND

When it comes to segmentation, there is a clear disconnect between client needs and
traditional segmentation approachése tfagesit, we all want attitudally insightful
segmentatorsand we want those segmentations to be j
attitudinally rich segments to differ starkly on those attributes that allow us to precisely target
them directly ortrough specific combinations of media consumption. In other words, we want
the segments to have unique demographic and transactional profiles. We want actionability on all
fronts. First, wewat fisubj ect iivtlee richftfitidioah (nepds,otiya8das,
attitudes, evaluations, etc.) characterization which allows us to create the best products,

positioning and communications content. Next,
ef f i c a d thiscorhed Eogm differentiated segmentatrofiles based on the tangible,
Ahard, 06 measures | i ke age, income, purchase h

allow predictive linking or fusing with internal database information, external direct marketing
data, media usage markers and pothisrmation sources that promote our ability to practically
identify, contact, communicate and make products or services available on a selectively targeted
basis.

Experience has revealed that combining SE and OE measures in a single segmentation is like
trying to mix oil and water. You either get a segmentation well differentiated on SE and poorly
on OE or viceversa: one well differentiated on OE but poorly on SE. If you force the OE and
SE to have equal weighting, you most often end up making fagbomises in both areas,
coming up with a segmentation that lacks subjective and objective actionability on an acceptable
level. The frustration with traditional clustering approaches has led to the recent development of
analytic innovations that attemjat address the apparent natural opposition between SE and OE.
These anconventional approachegludeNascent Linkage MaximizatiofART 2002),
Canonical Correlation Segmentati@and Reverse Segmentati@awtoothSoftware2006)
(SKIM 2007).

This paperdevelopsa framework for understanding the SE/@&deoff. It focusesattention
on the SE/OE issue, rasawareness of approaches to this problem and the thinking behind
them, and generateiscussion which will lead to further contributions in thigaarFurthermore,
this paper specifically introduces and compares the efficacy of several methods of combining SE
and EO measures. Finglthe paper will conclude with observations and recommendations that
follow from the comparison.
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OVERVIEW OFALTERNAME SEGMENTATIONAPPROACHES

Analytic innovationsuch asNascent Linkage Maximizatigi@anonical Correlation
Segmentationand Reverse Segmentatiare alternative segmentation approaches that reveal
associations and structure in the data, whiehdifficdt to achieve with traditional methods.
They do it by connecting attitudes and behaviors with known targetable attributes such as
demographics and firmographics.

Even though this is not a requirement, oftentimes demographics and firmographics that are
being used in these approaches reside in the client database. In these cases, these approaches are
used as tools for accurate scoring of the transactional database. In other cases where a database
is not present, these approaches can be used for degetiygot mail campaigns, making media
and channel decisions, or simply for building more targeted consumer communications.

NASCENTLNKAGE MAXIMIZATION (NLM)

NLM is a constrained optimization segmentation routine. It uses a traditional clustering
procedue followed by the NLM algorithm. Application of the NLM algorithm adjusts the pre

defined segmentation solution to increase dis
demographics and transactional information) while at the same time maintainingahang
and differentiation of the original solution.

between the segments by reassignment of fsittmrs. Fencsitters are respondents who
attitudinally could belong to more than one segment. These pemgteminimal impact on

original segment definition, but maximal impact on increasing segment classification using the
new data.

To illustrate, respondent X is assigned to segment 1, but attitudinally could belong to either
segment 1 or segment 2. Whamographic and transactional data is fused into the solution, it
turns out that respondent X is very similar in his purchase behavior and demographics to
segment 2. In such a case, the NLM algorithm would move respondent X to segment 2.
Movement of respndent X does not hurt the definition of segment 1 nor segment 2. Both
segments remain stable attitudinally, however, with better demographic and transactional
alignment, the database scoring model improves significantly.

In a typical study, the NLM afgrithm reassigns between 20% and 30% of the respondents.
By movement of segment membership, classification rates increase 50% to 100%, making a
segmentation solution more actionable for segment targeting.

CANONICAL CORRELATION

Canonical Correlation is amnalytic approach that can be used for segmentation of measures
that differ in their scales. This mullimensional approach allows for mixing of attitudinal,
demograplt, and transactionatiformationin one clustering routineAs a result, it generates
segments which discriminate on different types of measures (e.g. continuous and discrete
variables).

Canonical Corretion produces canonical component scores for each respondent. These
respondent level scores can be either used in a clustering raseii@i can be used to identify
measures to include in a more standard clustering approach.
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Since both attitudinal and demographic variables are clustered together, Canonical
Correlation creates segmentation solutions that differ sufficiently attituglizvadl
demographically. Additionally the resulting segments tend to tell a coherent or meaningful story
in which all measures contribute in a substantial way.

REVERSESEGMENTATION

Reverse Segmentation uses a traditional clustering algorithm to derivedespolusters.
What makes the Reverse Segmentation approach truly unique is the fact that the unit of analysis
is NOT a respondent. Instead of clustering respondents, groups of respondents (aka objects) are
being clustered. Objects are groups of respaisdbat fit a specific demographic profile (see
Figure 1). Respondents in Object 1 reside in the northwest region, have high income, are female,
and do not have children. Respondents in Object 2 fit a similar description, except that they do
have childen. What makes this approach similar to traditional attitudinal segmentation is that
objects are grouped on attitudinal/behavioral types of variables.

Once all possible objects are created, the attitudinal data are summarized into object means.
This can be done using an aggregate command in the SPSS software. Then standard clustering
procedure is applied to the aggregated file and various segmentation solutions are created.

The initial outcome of reverse segmentation produces clusters that are cdrapabgects
instead of respondents. An additional step is required to translate the objects into respondents.
Using the example in Figure 1, everyone who is in Object 1 (resides in the northwest region, has
high income, is female, and does not havedeiil) is in segment 1. Once respondents are
assigned to corresponding segmetits segmentation solution should be evaluated to ensure
that it is not only statistically sound, but also meaningful.

Figure 1

Segment Segment Segment Segment
1 2 3

Region Income Gender Children

_-__=a

1

w
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EVALUATION OF SEGMENTATIONMETHODS

In this canparison of approaches, traditional and alternative segmentation methods were
evaluated in terms of their classification rates on both attitudinal/behavioral measures and
targeting variables/demographics. Classification rates were generated usingriimengist
function on the holdout samples. There were three data sets used with the following
specifications:

Case Study 1: 1,659 respondents, survey data merged with database data
Case Study 2: 9,066 respondents, survey data merged with database data
Ca® Study 3: 1,627 respondents, survey data only

All segmentation approaches used common attitudinal/behavioral and demographic
variables. For ease of comparison each approach is contrasted ussggfivent solutions.

CLASSIFICATIONRATES

As expected (sefeigure 2 for an overview and Figure 3 for a detailed view), as you move
through the segmentation continuum from demographic segmentation towards attitudinal
segmentation, classification rates increase on attitudes and decrease on demographics. Also
within each approach (see Figure 3), you will notice that there tends to be-aftiagkeveen
classification rate on attitudes and demographics. As you compare the case studies within each
approach, you will notice that as attitudinal rates go up, demogregibs tend to go down and
vice versa.

In these comparisons, the NLM approach performs the best in terms of acceptable
classification rates on both attitudes and demographics. In contrast, Canonical Correlation
provides only mediocre classification ratasboth measures.

Reverse Segmentation performs very similarly to demographic segmentation showing high
demographic classification rates and poor discrimination rates in terms of attitudes. Even though
classification rates on attitudes remain low \iita reverse approach, segments are more
meaningful attitudinally than the ones generated via purely demographic segmentation. Also
another thing to keep in mind is that the rates presented are generated using discriminant
analysis. With the Reverse Segraion segment, assignment is automatic. No modeling is
required, since respondents are assigned to objects, which have a predetermined segment
membership.
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Figure 2:

Subjective Objective
Efficacy— Attitudinal/Needs-Based Efficacy-
Softer Attitudinal With Demographic Fusion Harder Targeting
Measures Measures

Nascent
Linkage Canonical Reverse Demographic
Maximization Correlation Segmentation Segmentation

Attitudinall
Needs-based

Segmentation (NLM)

Targetability

Classificationrate on
Classificationrate on

Figure 3:

Classification Rates Using Discriminant Function Analysis

Attitudinal/ NLM Canonical Reverse Demographic
Behavioral- Correlation Segmentation Segmentation
Based Segmentation

92% 68% 50% 38% 40%
31% 65% 68% 89% 95%
93% 2% 57% 29% 29%
35% 61% 65% 99% 98%
84% 73% 60% 33% 27%
34% 63% 63% 909%** 93%
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ADVANTAGES AND DISADVANTAGES OFEACH SEGMENTATIONAPPROACH

Each of the approaches evaluated in this experiment has its benefits and shortcomings.
Traditional approaches are much easier to implement in comparison ttethatale approaches
that tend to be not only more difficult computationally, but also more difficult to explain to
clients. Figure 4 highlights some of the most common pros and cons of each segmentation

approach.

Communication,

Figure 4:

™
=

Product

Targetablity

Development

Attitudinal/ NLM Canonical Correlation Reverse Segmentation | Demographic
Behavioral-Basel Segmentation Segmentation

AVery good
differentiation on
attitudinal/ behavioral
data

AAccurate segment
assignment using
attitudinal/ behavioral
data

AVery suitable for
communication,
postioning, product
development

AEasy to implement

AVery flexible in terms
of number of solutions
it can generate

ASensitive to scale
usage

APoor differentiation in
terms of demographics
(often cannot be used
for targeting)

Cons
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APreserves learning
from fully attitudinal
segment ati:
as some people would
say)

AProvides a solution
which has
substantially better
targetability while not
sacrificing much
attitudinal
discrimination

AComplex to implement
and hone for best
results

AcCan produce clign
end confusion as it
does change the initial
solutions in terms of
segment membership
and some of the
measures on which the
NLM increases
discrimination or other
measures not directly
involved with
segmentation or NLM

APotentially requires a
longer analytts
process

AGenerates a
segmentation that
takes both types of
measures into account
in its formationi
instead of starting with
one and accentuating
or modifying with the
other set of measures

AGenerates solution
which produces
reasonable
discrimination on both
types of measures

AUnderstanding of
canonical algorithms
and their
implementation
required

ADifficult for clients to
understand that their
solution will not have
more than 60% or so
correct classification
on either attitudes or
demographics

ACreates perfectly
identifiable groups
using case assignment
and very accurate
classification using
demographics

AWorks well for
flagging database and
customer targeting

ASegmentsire
sufficiently and
meaningfully different
in terms of attitudes

AGives less
differentiaton on
attitudinal questions

AClassification rates on
attitudes remain low,
even though
differentiation is
meaningful

ALimitation in number
of solutions that can be
generated

AResults are driven by
number of objects (can
be blocky)

ARequires larger sample
size

ADoes not handle
missing data on
targeting variables

ATime
consuming/difficult to
implement

Avery good
differentiation on
demographics

AAccurate segment
assignment using
demographics

Avery suitable for
targeting (aids in
making media,
channel, and direct
mail campaign
decisions)

AEag to implement

Avery flexible in terms
of number of solutions
it can generate

APoor differentiation in

terms of attitudes/
behaviors (often
cannot be used for
customer
communication,
product development ,
product positioning)



CLIENTIMPLICATIONS

Achieving differentiation on softer attitudinal measures and on harder targeting measures has
been a continuous challenge faced by researchers and marketers. Various segmentation
approaches differ in terms of how well they discriminate on eitherureadJraditional
segmentation approaches discriminate well on measures that are being used to derive the
segments. However, they show poor differentiation on measures that are not being used for the
clustering. The fusion methods fall somewherbetween, showing some promise for better
discrimination and in turn for better classification rates on variables that were not part of the
clustering.

Approach selection should be always driven by clggrcific needs. A careful consideration
should be givero client objectives, intended uses of the segmentation, consequences of
incorrect classification, and data requirements for each approach. Before selecting an approach,
the following questions should be answered:

What is the main purpose or objectivetlod segmentation?

What business decisions am | trying to make?

Will | be flagging the database?

Which differentiation is more importardttitudinal or demographic?
What is the tolerance for or cost of misclassification?

Is meaningful differentiation suffient or do classification rates need to be highly
accurate?

How much sample do | have?

Do | have missing data?

Al ways keep in mind that there is no fnperfec
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AN IMPROVEDMETHOD FORTHEQUANTITATIVEASSESSMENT OF
CUSTOMERPRIORITIES

V. SRINIVASAN
STANFORDUNIVERSITY
GORDON A. WYNER
MILLWARDBROWNINC.

INTRODUCTION
A number of marketing contexts require the quantitative assessment of customer priorities:

Consider the introduction @ newer version of a product. A number of features can
potentially be added to the produdh order to determine which subset of features
should be includedhe firmfirst need to determine the valuesistomersttach to
the differentfeatures The firm can then combine that information with internal
information onthe development cost and time for incorporating the features to decide
on the actual features to include.

Consider enhancing a service such as a hotel or an aivieeneedo determinetie
valuescustomes attach to the differergervice improvementsThis information can
then be combined with internal information ke incremental cost of providing those
improvementdo decide on the actual improvements to provide

The empirical studyeported hergvas done in cooperation with the Marketing Science
Institute (hereafter, MSI), an organization that links marketing academics with
marketing practitionersMSI surveys its trustees to assess the priorities they place on
different marketinggo pi ¢cs such as fAmanaging brands, O
Ainew me&ha priaritigs are then used by MSI in deciding which academic
research proposals to fund and to inform marketing academics as to the topics on
which research would be most usdftul addressing important business issues

Our focus in this paper is on measuring the importances (or values) customers attach to a
large (ten or more) number of topics (or features, or attributess)related to, but different
from, conjoint analyis in whichthe measurement of values takes place tomcsand the levels
of thosetopics. Our focus is on the measurement of topic importances at the individual
respondent level, rather than merely at the aggregate kggregate level measuremeran be
misleading. For instance, suppose the first half of the respondents consider the first half of topics
to be (equally) important and the second half of topics to be unimportant, and the reverse is true
for the second half of respondents. Aggregagasurement would lead to the misleading
conclusion that all topics are equally important. Measuring importances at the individual level,
on the other hand, would permit ttletermination of benefit segmenitg., clusters of
respondents who are similarterms of the importancésey attach taéhe topics.Individual
level measurement alg@rmits croslassifying importances against respondent descriptors
e.g., demographics, psychographics, and purchase behavior.
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In this paper, we compare the constsum method (hereafter, CSUM) with a new method
called ASEMAP (pronounced Aamaap, Adaptive SelExplication of MultrAttribute
Preferences, Netzer and Srinivasan 2009) for the quantitative assessment of customer priorities.
After describing the methodaie detail the research sgb to examine the relative performance
of the two methods i n t hesearchriorities fortdiffeoeht MSI 6s as
marketing topics by managers from MSI member compamésthen present the empirical
results anaffer our conclusions.

METHODS FORM EASURINGIMPORTANCE

One of the simplest ways of measuring the importance of topics is through the use of rating
scales.For instance, respondents are asked to rate different topics-paimat $ating scale,
varyingfran Ainot at al | i mp or t aTie ndain probler with sucheame | 'y i n
rating task is that respondents tend to say every topic is important, thereby minimizing the
variability across itemsNetzer and Srinivasan (2009) compAREMAP to preferece
measurement methods basedating scalsin the context of conjoint analysis and conclude
that ASEMAP produces a substantial and statistically significant improvement in predictive
validity. Chrzan and Golovashkina (2006) compare six different metfeydneasuring
importance and conclude that MaxDiff, CSUM, and@Qrt are the preferred method3he
other three methods are ratings, unbounded ratings, and magnitude estin@a8wort)asks the
respondent to give 10% of the items a rating of 5 (nmogortant), 20% of the items a rating of
4, 40% a rating of 3, 20% a rating of 4, and 10% a rating of 1 (least impofanting such a
distributionon every respondert theoreticallyunappealing.In the present paper, we compare
CSUM against ASEMAPFor many years, MSI has been employing CSUM to measaearch
priorities Thus MSlprovided a naturaettingfor a heaeto-head comparison of CSUM against
ASEMAP. At the very end of this paper, we bfigfummarize the results from a different
empitical study by Srinivasan and Makarevi2009)comparing CSUM, ASEMAP, and
MaxDiff.

THE CONSTANTSUM APPROACH(CSUM)

The data collection format for CSUM in the context of the MSI study is shown in Figure 1.
The order of presentation of the topics is @nized across respondenBecause it is a web
based survey, the computer provides feedback regarding the current total. An error message
appears when the respondent tries to move to the next sbuttdre total is not equal to 00
The main advantagef CSUM over ratingbased approachésthat it avoids the tendency of
respondentsnentioned earlieto state that everything is importalso it recognizes the ratio
scaled nature of importance by asking the respondent to give twice as many pamet$apic
compared to another, if the first topic is twice as importdihe CSUM approach works well
when the number of topics is small; however, if the number of topics is large (say, ten or larger),
respondents have great difficulty in allocating peiacross a large number of topics; they resort
to simplifying tactics such as placing langeindnumbers for a few topics and zero (or blank)
for the remainindopics
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Figure
Constant Sum Approadl€SUM)

Please distribute a total of 100 points asrib&e 15 research topics to indicate how important
each topic is to youPlease allocate twice as many points to one topic compared to a second
topic if you feelthe first topicis twice as importards the second topic

Innovation and new product ]
Engaging customers ]

é ]
Driving loyalty ]
Total L 1]

ADAPTIVESELF EXPLICATION (ASEMAP)

The ASEMAP procedure starts with the respondent rarkiragpndomized list aiopics from
the most important to the least importaht.case the number adpics is large, the ranking is
facilitated by first categorizing the topics into two (or three) categories in terms of importance.
For instance, in the MSI context, there were fifteen topics that were categorized into more
important topics (8) and less jportant topics (7).The categorization step in shown in Figure 2.
The respondent then ranks the itasmsownwn t hin
Figure 3. The end result of the above two steps is a rank order of the full list of topics.

Figure 2:
ASEMAP Categorization Step

From the list of 15 topics below, place a check mark on the eight topics that are most
important to you:

Emerging markets
Engaging customers
e

i

Developing marketing competencies
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Figure 3
ASEMAPT Drag and Dop for Ranking Topics

Please drag and drop the topics on this page so that they are ordered from the most important
(on the top) to the least important (at the bottom).

Rank Topic

1 Channels and retailing

2 Advances in marketq research
é

Driving loyalty

The ranking task is insufficient from the point aéw of assigning quantitative importances
to the topics ASEMAP determines the quantitative valuesalaptivelychoosingor each
respondena subset of topicgexplained subsequentlghd determining their importances by
constant sum paired comparisarigwo topics at a time. The quantitative wes for the
remaining topics are determined by interpolation based on the rank order.

Figure 4 displays the ASEMAP screen for constamh paired comparison3.he two bars
are initially equal in length (50:50 terms of the numbers displayed on the righ8.the
respondent pulls one bar to the right (left), the other bar pulls itself to the left (right) so that the
total length of the two bars remains the same, emphasizing the constarittmibars also
provide visual cues in terms of how many times more important one topic is to another, thereby
reinforcing the ratiescaled nature of importanc€or those respondents who are more
guantitatively inclined, the numbers on the right provide the quantitatioemation (65:35 in
Figure 4).

Figure 4
ConstantSum Paired Comparison Measurement of Topic Importance

Which of the two topics is more important to you? By how much more? If one topic is twicg as
important to you as another, click and drag that banake it twice as long as the other.

Advances in marketing research _:I 65

Channels and retailing N | 3

Note that the sum of the two bars is kept the same to reflect the relative value of one featire
compared to the other feature.
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Estimation of Weight s

Suppose three among the full list of topics are A, B, and C, and the rank order among these
three topics are A (most important), B, and C (least import&ujppose the respondent provides
the following paired comparison data (ratio of bar lengthsis cditthe numbers on the right
side of the bars in Figure:4)

WA/WB = 2,
WB/WC =3, and
WA/WC =5,

Note that the redundancy among the three pairs provides information on tree adtic
consistency of {Thedata woslgphave de=mpenyconsistent had

Wa/Wc been 6.)The ratio of the two weights would be undefined in the rare situation if the
respondent had moved one bar all the way to the end (100:0). We recode such cases as (97.5:
2.5) because the allocations go in steps o£5,({85,15), (90,10), (95,5)aking logarithms to

the base 10, we obtain (taking the logarithms to any other base would not affect the obtained
importances as long as the importances are normalized to sum to 100):

Log (Wa) 1 Log (Wg) = Log (2) = 0.301,

Log (Wg) T Log (W¢) = Log (3) =0.477, and

Log (Wa) 1 Log (Wc) = Log (5) = 0.699.
To estimate the weights relative to the most important topic, we et M0 so that
Log (W,a) = 2 and substituting this value in the previous three equations, we obtain

- Log (Wg) = 0.301i Log (W) = 0.301i 2 =-1.699

Log (Wg) T Log (W¢) =0.477, and

- Log (W) = 0.699i Log (W) = 0.699i 2 =-1.301.

These three fiobservationso can be represente
multiple regression dataset:

Log(Wg) Log(We)

el Og e 1.699¢g
é u é u
G}l —lg 60'477(’
g0 - 1§ g 1.301y
The | eft hand side matri x shows three nobser

whose regression coefficients are Logg)Vdnd Log (W), respectively, and the right hand side
column vector provides the values for the dejent variable. There isi32 = 1 degree of
freedom in this example. Performing an OLS multiple regression with no intercept, we obtain

Log (W) =1.725 and Log (\&) = 1.275.
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Taking antilogs we obtain

W; = 107%°=53.09 and W = 10

It is possible to estimate the standard errors for the estimated weights by a Taylor series
approximation (Netzer and Srinivasan 2009).

1275= 18.84.

Suppose there actually were a total of six topics and the initial rank order provided by the
respondentvas (A (most impoent), D, B, E, F, C (least important)lf.we did not collect any
paired comparisons in addition to the three paired comparisons stated earlier, we could infer the
weights for D, E, and F by linear interpolation:

Wp = (Wa+Wg)/2 = (100 + 53.09)/2 = 76.55,

We=Wg i (Wg-W¢)/3 =53.09 (53.0918.84)/3 = 41.67, and

WE=Wgi 2*(Wg-W()/3 = 53.092*(53.0918.84)/3 = 30.26.
To normalize the weights so that they add to 100, we first compute

Wpa + W + We + Wp + WE + WE = 320.41.
Multiplying all the weights by (1@320.41) we obtain the normalized weights

WNj= 31.g=1,16WNFE7,5.V@N, 2 BVNj8=9 ,1 3WN] 1-=9.44n d WN;
which add t o Al OB 1N @BWNjtWRNRE B 2 YWNy@N5d31, WHigh

are close to the input data of 2, 3, and 5 for the corresponding paired comparisons.

Adapti ve Measurement of Importances

In the example above, ASEMAP interpolates the importance weights for the intermediate
topics not included in the paired comparisoASEMAP adaptively chooses the next topic to
include in the paired comparisons so as to mzenthemaximum sum of interpolation errors

(hereafter denotedas MSIE). he fAsumo in MSIE is computed ove
Because we do not know what the topic importances will be for the intermediate topics had they
been estimated, we take thewvor st case scenario, o0 i.e., t he m

that can happen assuming that the rank order information is cofteeguiding notion is that

ranking data are a lot more reliable than rating data (Krosnick 19B8)pirical evideoe

indicates that only about 10% of the paired comparisons implied by the rank order get overturned
in the paired comparison phase of data collection.)

We now illustrate the adaptive procedure for picking the next tdpithe MSI application
there werel5 topics and suppose we relabeled the topics so that 1 denotes the most important
topic, 8 denotes the topic with the middle rank in importance, and 15 denotes the least important
topic. Because only interpolation is allowed and no extrapolation, weri@ehoice but to
measure the importances of the most (#1) and least (#15) important topics. Figure 5 shows the
general case in which we have a top attribute (at the very beginning adaptive estimation, it is
topic #1), a bottom attribute (at the beginnings topic #15) for which the importances have
been estimated, as shown by the solid dots in Figuhe the absence of any further paired
comparison data, the importances of the intermediate topics will be obtained by linear
interpolation (shown by #hslanted line in Figure 5)It can be shown that linear interpolation is
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better than any curvilinear interpolation in terms of MSIEhe worst interpolation error
scenario is shown by the open dots in Figure 5 in which all the intermediate topics have
importance equal to that of the top attribute. (The other worst case scenario in which all the
intermediate topics have importance equal to that of the bottom attribute will lead to the same
value for MSIE.) It can be readily seen that the MSIE is appraated by the area of the triangle

= difference in importance between the top and bottom topics times the number of intermediate
topics/2. (This result can be shown to be an exact mathematical result, not merely a geometric

approximation.)

Figure 5

Maximum Sum of Interpolation Errof$41SIE)

Maximum Sum of

Importance

Interpolation Errors (MSIE)

= | betweenthe top and bottom X intermediate

’

-

| Worst interpolation
error scenario

Linear |
Interpolation

[T I Y B B R
Intermediate

Top Bottom

Attributes in the interval

Difference in importance Number of

/2

attributes attributes

Figure6:

Choice of the Next Topic to Include in Estimation

Middle topic is chosen

Importance

) SN

1 l 1 I 1 \

\J

Top

Intermediate Bottom
Attributes in the interval
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b) Some other intermediate topic is chosen

o

Importance

| | | | | \ »
Top Intermediate Bottom

Attributes in the interval

Where should we choose the next topic to estimatpfiori we do not know the imptance
of any intermediate topic except that it is bounded by the importance of the top and bottom
topics, so we have to consider the worst possible scenario within these biwagsbe shown
that in order to minimize MSIE the choice should be the haidéithe intermediate topics (it is
topic #8 if the top and bottom attributes are 1 and 15, respectively). Figure 6(a) shows the worst
case MSIE if the middle topic is chosen, and Figure 6(b) shows the worst case MSIE if some
other intermediate topic idosen.( The fAwor st cased refers to the
intermediate topic importances that would maximize the sum of interpolation errors. In case the
number of intermediate topics is an even number, either of the middle topics can be dhosen.)
is obvious that the MSIE in Figure 6(a) is smaller than that of Figure B(i8)also clear by
comparing Figure 5 and Figure 6(a) that the MSIE in the interval is halved by estimating the
middle topic. Consequently, in the general case (as will betied later) in which there are
multiple open intervals (i.e., intermediate topics bounded by top and bottom topics), we should
chose (i) the interval with the largest value of the difference in importance between the top and
bottom topictimesthe numbenof intermediate topics, and (ii) choose the middle topic in that
interval as the next topic to estimatéshould be pointed out, however, that this strategy only
guarantees maximum reduction in MSiEeach stepi.e., it is not a globally optimal stegy
considering the impact of any choice of topic on the future choice of topneslatter would
require the use of computationally time consuming dynamic programming, a luxury we cannot
afford given our need to not have the respondent wait for cotigouta take its time.

Having chosen the middle topic to estimate, the respondent evaluates two paired
comparisons, the top topic compared with the middle, and the middle topic compared with the
bottom. Although one of these paired comparisons is suffitde the purpose of estimating the
importance of the middle topic, we ask both questions so that the redundancy can inform us
regarding the ratiscaled consistency of the respondent, and also yield a more reliable estimate
of standard errorsThe totalnumber of paired comparisons (= number of observations in the
multiple regression) is approximately twice the number of estimated parameters (importances for
the topics).Therates cal ed consi stency of the respondent
the adjusted Rof the loglinear multiple regressionThe procedure terminates when either a
pre-specified number of paired comparison questions have already been asked, or if none of the
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differences in importance between the top and bottom topice aftiérvals is statistically
significant, as per atest (Netzer and Srinivasan 2009).

The ASEMAP approach is adaptive in that the paired comparison questions at each point in
time are chosen based on the rank order information and thiedag multipleregressiorbased
importances estimated up to that point in tifi@e loglinear multiple regression computations
are quick so that the respondent does not have to wait at the computer for the next paired
comparison question to appear.

An Example

Figure 7provides an example of the adaptive sequence of the paired comparison questions
for one respondentThe rank order of the topics given by this respondent is shown on the left
hand side of Figure 7.

1. We first ask the paired comparison comparing the togs{ingportant) topic (#1) with
the bottom topic (#15)As discussed in the previous section, the topic to be selected next
is in the middle of the interval [1, 2, é&,
1 with 8, and 8 with 15These three paed comparisons are shown by the right bracket
like double arrows.The loglinear multiple regression of the answers to these three
guestions yields the importances for #1 = 18.60, #8 = 5.48, and #15 =Thégke
numbers are scaled in such a way thasé numbers together with the interpolated values
for all other topics sum to 100.

2. We now have two i nter val Benrurherofintermiediate8] and
attributes in each of these two intervals is the same (=6) so that the choicee{tthe n
topic is based only on the difference in importance between the top and bottom topics of
theintervalsThe | arger difference corresponds to
(denoted by the vertical line with arrows at both ends) with its midgie #4
(alternatively #5 could have been choséne ask two paired comparisons (1, 4) and (4,
8) again shown by the right brackiéte double arrows.The answers to these two paired
comparisons together with the previous three (a total of five painegbarisons) are
analyzed by lodinear multiple regression to yield the results #1 = 20.83, #4=9.03, #8 =
6.09, and #15 = 0.6(Note that the topic importance for 1, 8, and 18dteanged
somewhat from the previous iteration. One reason is that @ite/esimportance of ¢s.
8 is now determined by the paired comparison (1,8) and also by (1, 4) together with (4,
8).

3. We now have three intervals [ Wecodputethe 4] ,
guantity [difference in importance between tbp and bottom topics times the number of
intermediate topics] and find that the int
we choose this intervalMVe choose topic #11 as the next topic to evaluate and use two
paired comparisons (8, 11) and (15). The results of the leginear regression of all
seven paired comparisons are reported in the last column of Figure 7. Note that five topic
importances are obtained from seven paired comparisons. Because the importances are
estimated only relaterto the most important attribute (see the earlier explanation of the
multiple regression procedure), only four relative importances are estimated from seven
paired comparisons. Thus there are three4(=fegrees of freedom at this stage in the
procedure
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4. The procedure continues in this manner until agpecified number of paired
comparisons (9 pairs in the MSI application) are asked.

10

11

12

13

14

15

Adv. Market research

New products

Brands

Engaging customers

Driving loyalty

Emerging markets

Forward looking metrics

Channelsfretailing

New media

Exec.dec. making

Mktg. & firm value

Social networks

Mktg. competencies

Mktg. & organization

Solution selling

ASEMAP Summary

To summarize, ASEMAP involveké following steps:
1.
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Divide the attributes into two (or three) sets.
2. Rank within each set.
3.
4

. Use the adaptive method described earlier to choose paired comparisons.

The previous two steps results in an overall rank order.

1t

Figure7:
Example Adaptive Sequence of Questions for One Respondent

18.60

0.54

20.83

9.03

19.23

5.78

4.30

0.53



5. Estimate the importance of attribuiasluded in the pairs by lelinear multiple

regression.
6. The remaining attributesd I mportances are
order.

7. The importances are normalized to sum to 100.
See Netzer and Srinivasan (2009) for additional detatlseoASEMAP procedure.

EMPIRICAL STUDY

Selection of Topics

MSI had conducted focus grodige qualitative discussions with its trustees to identify
research topics of signift interest tdhem. Based on the qualitative study and other inputs
from pracitioner members and academit4S| staff assembled the list of fifteen major research
topics in marketing, shown in Table To elaborate on what each topic meant, MSI listed several
examples of research projects subsumed by the topic [abdlustrae , t he t opic of i
in marketing research techniquesodo had the f ol

Internetbased marketing research

RFID-based research opportunities

Internet auctions

Text analysis of blogs

Cognitive science applications for marketing research
Permssionbased marketing research

Use of virtual worlds in marketing research

Tablel:
Fifteen MSI Major Research Topics in Marketing
Emerging markets

Engaging customers

Driving loyalty

Social networks and wordf mouth

Marketing and the organization

Developng marketing competencies
Improving executive decision making
Advances in marketing research techniques
Innovation and new products

Managing brands
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Solutions selling
Channels and retailing
New media
Forwardlooking metrics

Marketing and firm value

Respond ents

The respondents for the present empirical study werdrostee managers from MSI
member companies who had attended past MSI conference(s) and/or had requested MSI
publications. E-mails were sent to managers requesting their participation with $ieshivey
of research priorities; up to two remindemails were sent to respondents who did not respond
to the earlier email(s). The email stated that MSI plans to use the results to better serve
individuals in member companieslo other incentive waprovided.The response rate was
17.2%. There were no statistically significant differences between respondents and non
respondents in terms of the proportions of different types of companies (B to C, B to B, Services)
represented.

The managers weremrailed either the CSUM or ASEMAP wdiased questionnaires
(random assignment)n the ASEMAP survey the number of paired comparisons for each
respondent was limited to nine paiRrevious research (Netzer and Srinivasan 2009) has shown
t hat A S E M dadiditypdoes ot increase appreciably as the number of paired
comparisons is increased past nine paiitse final sample sizes weredyu = 161 and Rsgmap
= 159. No statistically significant differences were found across the two samples inaktimes
proportions of different types of companies (B to C, B to B, or Services) represented.

Research Design
Figure 8 displays the research design employed in the siitdy. a description of the fifteen
topics (in terms of examples of research prgjéot each topic), respondents prioritized the
fifteen topics by CSUM or ASEMAPThis was followed by a set of eight demographic
guestions. The demographic questions also helped minimize short term memory effects from the

measurement of importancesby 08U or ASEMAP to the Avalidat:i
Figure8:
Empirical Research Design
Time

CSUM Description Demographics: 2 validation tasks

of 15 topics CSUM Eight questions {choose 3 out of 6}

Description Demographics: 2 validation tasks
ASEMAP of 15 topics ASEMAP Eight questions (choose 3 out of 6)
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Validation

MSI funds a limited set of research proposals submitted by academcssed that context
to set up a validation task that would be meaningful té. M®r each respondent, we chose
randomly six out of the fifteen topics and asked the respondent to choose three out of the six
topics that s/he recommends MSI to fund, as shown in FigukesBcond validation task with
another random set of six topicsdlowed.

We computed the extent to which the quantitative importances measured by CSUM or
ASEMARP predicted the paired comparisons implied by the validation @aia.served as a
measure of predictive validity of the methddle illustrate below the conupation of predictive
validity measure.In the validation task the respondent chooses three out of the six topics.
Suppose we denote by (A, B, C) the three topics chosen and (D, E, F) the three topics not chosen
in a validation task From the choices wean infer that topics A, B, and C should each have a
higher importance than each of the topics D, E, anthias, there are nine pairs that can be
inferred from this choice task (see Table 2). From the validation task, we cannot infer anything
about thaelative importances of (A, B, C) among themselves, or among (D, E, F).

Figure9:
Validation Task
Suppose MSI has received six proposals for research on the following topics. Suppose,
however, that MSI can fund only three out of the six topics. Placecalche( @) ne x't
three topics you want MSI to fund.

Marketing and firm value

Channels and retailing

Driving loyalty

Developing marketing competencies

Managing brands

JUUut

New Media
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Table 2:
Calculation of the Percent of Pairs Correctly Predicte

Let (A, B, C) be the topics chosen over (D, E, F) in the validation task. To illustrate the
calculation of the percent by pairs correctly predicted, suppose

A=10,B=20,C=0,D=10,E=15,andF=0
are the importances measured by a method (CSUASEMAP).

Validatior Do the Measured Preferences Predict the P

Pail (1L=Yes,0=No, 0.5=
Strict Defn  Weak Defr
A>LC 0 0.5
A>E 0 0
A>| 1 1
B>L 1 1
B>f 1 1
B>| 1 1
C>I 0 0
C>l 0 0
C>l 0 0.5
Tota 9 4 5

N
>
~
2

Percent Corret 55.5Y%

We use the percent of pairs correctly predicted as the measure of valabtg. 2 illustrates
the calculationsConsider for instance, the pair comparing A and F. In the validation data A was
chosen but F was not chosen which implies A¥Re example preference data (measured by
CSUM or ASEMAP) listed in Table 2 are A= 10 and F =Tws the A>F is predicted by the
preference data and it gets counted as a 1(i.e., correct). On the other hand, consider the case of A
and D. Awas chosdmut D was not so that A>D. But the example preference data presented in
Table 12 has A=10 and D=10. Because the preferences are tied, they do not predict A>D so it
gets counted as O (i.e., incorrect) as far as strict definition is concerned, buh8.&éak
definition is used (the prediction is neither correct, nor incorrddig percent correct is
computed for both validation tasks (each involves choosing 3 topics out of 6), and the result
averaged across the two tasks to yield the measure oftpredvalidity of the method (CSUM
or ASEMAP) for that particular respondent.

RESULTS

Predictive Validity
Table 3 compares the predictive validity results for CSUM with ASEMAP. The percent of
pairs correctly predicted was computed as described earliea¢brof the respondents in the
CSUM sample (n=161) and likewise for the respondents in the ASEMAP sample (n ;A159).
t wo samples comparison test reveals that ASEM
than that of CSUM (p <.01) under both gtact and weak definitionskFurthermore, the
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differences are substantidlinder the strict definition ASEMAP is 36.9% better; even under the
weak definition ASEMAP is 8.7% betteASEMAP with hierarchical Bayes estimation is likely

to produce an eveamiger improvement in predictive validity (Netzer and Srinivasan 200%e
hierarchical Bayes method is not applicable for the CSUM approséhelieve that the strict
definition is more appropriate in applied marketing contexts because one reassseksing the
importance is to guide decision making in terms of which topic is more impoAan#ive

method that says all topics are equally important will obtain a 50% predictive validity under the
weak definition, but will obtain only a 0% prediativalidity under the strict definition.

The constant sum method produces a large percentage of ties, 37% compared to 2.5% for
ASEMAP. As expected, CSUM is significantly faster than ASEMARe CSUM questionnaire
took on average, only 6.10 minutes compare8.97 minutes for the ASEMAP questionnaire
(p<.01).

Consistency of ASEMAP Data

The average adjustecf Bf the ASEMAP loglinear regression was 0.93 indicating that the
constarisum paired comparison data were very good in terms ofgediled consistey.
Furthermore, the average rank order correlation coefficient between the initial rank order of the
topics and final rank order of the topics (based on ASEMAP importances) was 0.90 showing that
the paired comparisons were mostly consistent with thaliréink order.Unlike the above two
statistics, there is no internal consistency measure for CSUM data.

Table 3:
Average Percent of Pairs Correctly Predicted

CSUM ASEMAP Z-stat
Strict defn. 59.6 81.6 9.23**

Weak defn. 75.9 82.5 3.9**

** The differences are substantial and highly statistically significant (p <.

Comparison of Average Topic Importances across Methods
Table 4 reports the average topic intpaces for ASEMAP and CSUM. The topic
importances are sedfxplanatory irterms of which topics were perceived to be more important
and to what extent. The correlation between the two sets of means is 0.74. Overall the two
methods give similar but not idgcal results. On three of the fifteen topics the differences in
means across the two methods are statistically significant (p <.05). Some notable differences are
t hat fAadvances in market research techhei queso
fifth highest item by ASEMAP. AForward | ooki |
ASEMAP but only the sixth rated item by CSUM.

Benefit Segments
We determined benefit segments based on the more valid ASEMAP importarussefit
segment is a akter of respondents who are close to each other in terms of importances for the
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topics. We used the-4neans methods for cluster analysis and chose asbgrrent solution
based on the pseudiocriterion. Table 5 provides the results.

i mportance on fAengaging
respondentosgdt iiesn aamandii menw pr o Gegments3@ll.8% dfthent ed s ¢
mar ket research
me t r iThe slemographic variables such as industry type and managerial position in the

company do not, in general, discriminate significantly across the three segments except that

segment 3 has a disproportionately large percentage of market researchers (78% in segment 3
compared to 44% for segments 1 and 2 combined, p <.01).

respondents mp hasi zes
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Table4:

Segment1 (76.1%fo t he r espondefnotcsu)s eidsdo as efigcnuesntto niehra t

Sagnendo2n(B 6% aftheand Adr i vi

fadvances i n

Average Topic Importances for ASEMAP aG&UM

Topic

Innovation and new products
Forward-looking metrics

Engaging customers

Driving loyalty

Adv. Marketing research techniques
Managing brands

Improving executive decision making
Developing marketing competencies
Channels and retailing

Emerging markets

Social networks and word-of-mouth
Solutions selling

New media

Marketing and firm value

Marketing and the organization
Total

ASEMAP CSUM

Means Means
9.93 10.40
9.17 7.01
8.44 7.59
8.06 7.14
7.61 10.54
7.02 6.94
6.77 4.93
5.87 5.78
5.80 5.53
5.78 7.13
5.54 6.17
5.27 6.52
5.12 5.35
4.87 4.61
4.76 4.36

100.00 _100.00

Note: Statistically significant differences are highlighted.

Topics rearranged in decreasing order of ASEMAP-based average importance

(p <.05)

(p <.05)

(p <.01)



Table5:
Mean Topic Importances for Three Béib Segments

Segment # 1 2 3
% of respondents 76.1% 12.6% 11.3%
Mean Mean Mean
Emerging markets 5.45 8.93 4.49
Engaging customers 9.62 6.08 3.21
Driving loyalty 8.87 5.19 5.80
Social networks and wordf-mouth 5.47 4.69 6.90
Marketing and the organization 5.04 441 3.19

Developing marketing competencies 6.15 4.85 5.10
Improving executiveledsion making 7.36 5.44 4.27
Adv. Marketing research techniques  5.47 5.46 24.38

Innovation and new products 7.20 30.00 5.96
Managing brands 7.63 5.42 4.70
Solutions selling 5.70 4.45 3.29
Channels and retailing 6.61 2.93 3.60
New media 5.68 3.00 3.66
Forwardlooking metrics 8.28 5.89 18.76
Marketing and firm value 5.47 3.26 2.69
Total 100.00 100.00 100.00

Note: The two largest importances for each segment are highlighted.

SUMMARY AND CONCLUSIONS

In this paper we compared the well known conssam method (CSUM) to a new method
for measuring importances called ASEMAP, pronouncedMap (Adaptive SeHExplication of
Multi-Attribute Preferences)The ASEMAP method is particularly suitable when the number of
topics for which i mport anc e®he metheddnvalvesthb e me as u
following steps for each respondent: (a)idiévthe topics into two or three categories (e.g., more
important or less important), (b) drag and drop to rank the topics in each of the categories from
the mostimportant to the least important; steps((a) together result in a total rasgkder of all
the topics; (c) adaptively choose constsutn paired comparisons of a subset of topics and
estimate their importances by Kigear multiple regression, and (d) estimate the importances of
topics that were not included in the paired comparisons by ihdéirmptheir values based on the
initial rank order and the importances of the topics that were included in the paired comparisons.
At each iteration the adaptive method chooses the next topic to include in the paired comparisons
SO as to minimize the marum sum of interpolation errors.

The Marketing Science Institute (MSI), for a number of years has been determining its
research priorities among marketing topics by polling their trustees using the constant sum
method. The empirical study in this paperrmapared two random samples of marketing
managers from MSI member companies who provided information regarding importances of
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fifteen marketing topics, one group by the CSUM method and the other group by the ASEMAP
method. The methods were compared on tlasib of their ability to predict which three of a
random subset of six topics the managers would choose as more impa8&MAP produced

a substantial and statistically significant improvement in validity, with the percent of correctly
predicted pairsncreasing from 60% for CSUM to 82% for ASEMABven after giving tied
predictions hakcredit each (rather than zero credit), the percentage of correctly predicted pairs
was higher for ASEMAP by seven percentage poiBisth these improvements are subsit

and statistically significant at the .01 lev€SUM produced 37% tied pairs of importances
compared to 2.5% for ASEMAP he ASEMAP survey took three minutes more, on average,
compared to CSUMThe average importances across methods differedtgtaliy significantly

on three of the fifteen topics.

A Replication

The empirical result of this study was replicated in a second study on assessing priority
issues for the U.S. presidential election, as seen by voters in July 2008 (Srinivasan and
Makarevch 2009). A set of seventeen topics were included in the study with a random third of
the respondents providing their priorities by (a) CSUM, (b) ASEMAP, and (c) MaxDiff
(Sawtooth Software 2007After the data collection regarding priorities and aenvening data
collection on demographics and past political participation, the validation task involved a
constartsum task on two random subsets of four topics efthe idea is that with a small
subset of topics such as four, respondents would beaptevide importance information more
accurately in CSUM.)The methods were compared on the basis of mean absolute error between
the validation responses and rescaled importances from the original data collection by the three
methods.As seen from Tabl6, ASEMAP significantly (p <.01) and substantially -metrformed
CSUM and MaxDiff in terms of both mean absolute error and its standard deviation (computed
across respondentsESUM took significantly shorter time than ASEMAP and MaxDiff. The
differencein average times between MaxDiff and ASEMAP was not statistically significant.

Table6:
Comparison of Mean Prediction Errors and Times across
Methods in the Presidential Priorities Study

Method Mean Improvement in | Std. dev. Average time
absolute mean absolute | in error (minutes)
error error cver CSUM
CSUM 12.62 7.36 6.11
MAXDIFF 11.31 10.4% 491 8.63
ASEMAP 8.73 30.8% 4.29 9.38

Overall our research indicates that ASEMAP produces better predictive validity than CSUM
and MaxDiff when the nundy of topics is large (in our studies the number of topics varied from
15 to 17).
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Epilog
The Marketing Science Institute chose to use ASEMAP as the research method (rather than
CSUM) for the subsequent research priorities study conducted with its trnsREE:8.
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TOURNAMENTF AUGMENTEDCHOICE- BASEDCONJOINT

KEITHCHRZAN
DANIEL YARDLEY
MARITZRESEARCH

INTRODUCTION

Conjoint analysis provides insight about customer preferences and about how customers
tradeoff those preferences against one another. Marketersgdeknake evidenebased
decisions about tradeffs inherent in the new product development process often find conjoint
analysis to be an ideal tool. For their part, researchers often try to collect conjoint data frugally,
using efficient experimentalkdigns to get as much information about customer preferences as
they can, using numbers of conjoint questions they consider small enough to keep research
expensesow and respondents responsive.

Other researchers, however, seek to get respondents togbetidr conjointlataby forcing
them to process their answer s SoitwareACBGO eepl y. 0
(Adaptive CBC)product usea BYO guestiona consideration/screening exerciaed direct
confirmations from respondentsgarding cutf rulesto identify the attributes and levelsat
most appeal to each respondent before tailoring difficult cHasdes constructed just of those
product concepts theconsideration s€tlohnson and Orme 2007Elsewhere in these
proceedingsislamet al. describe using a full bestorst rank ordering of alternatives in each
choice set as a way of getting rmenformation from respondentournamentiugmented
conjoint analysis (TAC) represents a third way to try to get more information from resgpgnde

TOURNAMENFAUGMENTEDCHOICE-BASEDCONJOINT

A standard Befficient experimental design minimizes the total error around all the
coefficients of a conjoint experiment: reducing the variance around the part worth utility of an
attribute level responaés uniformly avoid counts just as much as reducing error around very
appealing attribute levels which might appear more often in a real market. Put another way, a D
efficient experimental design seeks to minimize total error arthendtilities from allaround
the fidesign spaceo of all possible product <co
successful products, will focus their product development efforts on the higher utility parts of the
design space highly refined utility estimates farnwanted attribute levels will be no more than
a remote finice to haveo f or autilitypart& o theedesigad e vel o
space.

TAC combines a standard-&fficient experimental design with a follemp tournament of
winners a respndent chooses from theé&¥ficient choice sets. For example, imagine-a D
efficient design consisting of 12 choice sets of triples. Respondent Socrates goes through this
task and chooses 12 profiles, one from each choice set. In TAC, we randomly cthredne2
chosen profiles into four new triples, from which Socrates again chooses one winner each. The
four twice-chosen profiles now become one final choice set, a quad, from which Socrates
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constructs a bestvorst rank ordering (he chooses the bestthadvorst profiles, then the better
of the two remaining

Note that, while the original {&fficient experiment covers the whole design space, each
subsequent level of the tournament will tend to focus more on the higher utility parts of the
design spaceChosen (and more so, twichosen) profiles in the tournament choice sets will
tend to be devoid of unacceptable levels, and rich in more highly desirable attribute levels. Thus
TAC uses the original f2fficient design to get a good measure of all panthvutilities, and the
tournament to get more refined measures of the more appealing part worth utilities.

QUESTIONS ABOUTOURNAMENFAUGMENTEDCHOICE-BASEDCONJOINT

Several aspects of TAC raise questions that deserve empirical testing. First, will TAC
produce a tangible benefit? That is, will the utilities TAC produces be better than those from the
D-efficient experiment by itself? Will TAC do a better jobppédicting choice sets composed of
hightutility alternatives than do utilities generatednfra D-efficient experiment by itself?

Assuming that a benefit results, how does that benefit stack up against its costs? ACBC takes
longer than a standard choibased conjoint experiment, because of the number of questions and
because of the harder judgnts it requires from respondents. So, it seems likely that TAC will
take longer to administer as well, adding incremental burden on respondents. Moreover, while
the programming required for adaptive construction of the tournament choice sets is
straighforward, how much work will setting up the data for analysis involve?

Finally, will the utilities that result from the tournament portion of TAC be the same as or
different from those that result from thedificient portion of the experiment? Will thegflect
the same or different preferences, and the same or different scale parameters? If different
preference parameters result, will it really make sense to combinesdfieiBnt and tournament
sections of TAC into a single model?

To address these quiess, we conducted an empirical test. Some additional questions arose
after the empirical test, which led us to conduct a second empirical test.

EVMPIRICALTESTL

The first empirical test of TAC was part of a wielhsed commercial study of combination
oral contraceptive products. The4x3%2e si gn featured one metric
the rest were categorical. About half of the categorical variables featured a predictable
monotonic ordering. Physicians, obstetricians and gynecologistdieglor the study with a
sufficient patient volume, and 200 completed the survey.

The TAC matched exactly the one described abcv®-efficient design in 12 choice sets of
triples, followed by a twdevel tournament design: four triples constructiéthe 12 profiles
chosen in the 12 {&fficient choice sets, followed by a final quad composed of first choices from
those four triples. Respondents did a tvestst rank ordering of the profiles in the final quad.

In addition, each respondent receivdtbédout section, in two parts. The first portion of the
holdout included three choice sets randomly selected from a seeefiitiEnt design of 12
choice sets. From the three profiles chosen from these choice sets results a new triple, and
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respondentdo a bestvorst rank ordering of the three profiles in the triple. Thus we have D
efficient and tournament holdouts to predict.

To test for parameter and scale equality, we estimated separate models fropfftbiem
andtournament portions of the expraent, and subjected these to the Svaniviere (1993) test
for scale and preference heterogeneity. These utilities resulted frorretfiei®nt and
tournamenportions of the experiment:

Level D-efficient | Tournament
attl 1 0.29 0.00
attl 2 -0.19 -0.23
attl 3 -0.10 0.22
att2 1 -1.83 -1.50
att2 2 -1.00 -0.88
att2 3 -0.29 -0.43
att2 4 3.12 2.81
att3 1 0.62 0.62
att3 2 -0.62 -0.62
att4 1 -0.18 -0.22
att4 2 0.18 0.22
atts 1 1.03 0.88
att5 2 -1.03 -0.88
atté 1 0.65 0.76
atté 2 -0.65 -0.76

Tournament vs. D-Efficient Utilities

4
4

The SwaitLouviere test rejects parameter equality, so theffldient and tournament
sections of the experiment produce significantly different preferences. The largest difference
occusin the very low utility level of the most important attribfgtribute 2) which is also the
attribute level least likely to have been present in the tournament section of the interview. It
seems likely that the small number of observations produced a large amount of error around this
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part worth utility for the tourament section of the experimenithe other big difference affects

Attribute 1, the least important attribute in the experiment. As a resifelt comfortable

combining the Befficient and tournament sections into a single model.

plus 3 more choice sets to represent the rank ordering (first choice versus dembadgdt

To test predictive vality, we computed HB utilities, first for the 12 choice se¢filcient
portion of the experiment by itself, and then for the full 12 choice sets plus 4 tournament sets

fourth; second choice versus third and fourth; third choice versus fourth). Hit rates for these two
model s6 abi leffidiept and tourmmamenttholdoat quBstions show that the TAC model
had slightly better predictions both for theeicient holdouts and for the tournament holdouts
(McNemar test shows that neither improvement in prediction is statistically significant at 95%
confidence).Note the large falbff in prediction rates, with much higher hit rates among D
efficient holdout boice sets, and much lower ones in tournament holdouts comprised of higher

utility (and thus harder to choose among) profiles.

shortcoming of our research, plus the desire to time the tournameahskstt us to field a

D-efficient Tournament
holdouts holdouts
D-efficient 73.7% 57.3%
experiment
Tournamertt
augmented 75.3% 60.5%
experiment

This slight improvement came at the cost of considerably longer data processing on the back
end: the tournament questions are resporslgnte c i f i ¢,
to the initial Defficient choice sets. No timer was included to meashe time respondents

spent on the task, so we have no measure of how much time the additional six questions took
respondents, but past experience suggests it would have been at least two minutes of additional
interviewing.

and

t hey

depend

Of course, the six extra quems in the tournament portion could have bought the additional
predictive accuracy because of the additional attention we focused on difficult choices in the
tournament section of the experiment. The incremental accuracy could also have resulted,
howeve, from the fact that we asked six additional questions, and might have resulted just as
well had those six additional questions beeeffirient rather than tournament choices. This

second empirical study.

BviPIRICAL STUDY2

Attributes were price and six unordered categorical variables: & % & 2. A total of 402

We added another empirical test of TAC onto a study of grocery frozen pizza products.

responeénts qualified for the webased survey by having purchased frozen pizza in the past
three months.

This TAC combined (a) a{efficient design in 16 choice sets of quads, (b) alenstl
tournament of four quads randomly combined from the 16 profilested in the Befficient

experiment and (c) a second level tournament featuring amMoest rank ordering of the four
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profiles selected in the first level of the tournament. The entire TAC experiment included 21
choice sets.

In addition, only half othe respondents received the TAC described above. The other half
received a Eefficient design in 21 choice sets. This aspect of the design allows us to discern if
any improvement in prediction owes to the tournament nature of the additional questions, o
from the mere presence of additional questions.

Again each respondent received a holdout section: an initial portion contained four choice
sets randomly selected from adificient design of 16 choice sets, different from thefficient
design used alve. The four chosen profiles contribute to a new quad, from which respondents
selected their preferred product.

Separate models from the-&fficient and tournament portions of the experiment, and the
SwaitLouviere (1993) test for scale and preferencerogieneityagain show that the two
models produce significantly different part worth utilities:

Level D-efficient | Tournament
attl 1 0.31 0.48
attl 2 0.13 0.15
attl 3 0.07 0.30
attl 4 0.14 0.15
attl 5 -0.65 -1.08
att2 1 0.08 0.33
att2 2 0.44 0.58
at2 3 0.52 0.71
att2 4 0.00 0.09
att2 5 0.78 0.78
att2 6 -1.82 -2.50
att3 1 0.05 0.11
att3 2 -0.05 -0.11
att4 1 -0.06 0.06
att4 2 0.06 -0.06
atts 1 0.06 0.10
atts 2 -0.06 -0.10
atté 1 -0.01 0.07
atté 2 -0.12 -0.13
atté_3 -0.03 0.00
atté 4 -0.06 0.07
atté 5 0.22 -0.01
att7 1 0.38 0.48
att7 2 0.17 0.28
att7 3 0.07 0.13
att7 4 -0.63 -0.89
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Tournament vs. D-Efficient Utilities

*

As in the first empirical study, the largest difference occurs on the infregisertylowest
utility level of the most important attribute. No otlarge utility differences occur, so again we
combined the Eefficient and tournament sections into a single model.

For this test of predictive validity weave the two Eefficient experiments (16 set and 21 set
experiment) and the TAC model. The TAC mebgredicts higheutility tournament holdouts
slightly better than either the &&t or the 2&5et Defficient experiment. Among fficient
holdouts, however, the Zet Defficient experiment has the highest hit rate. Again, however,
McNemar test shav thatnone of these differences in hit rates stedistically significan{at
95% confidence).

D-efficient holdouts | Tournament holdouts
16 set Defficient experiment 65.8% 35.6%
21-set Defficient experiment 70.5% 37.8%
Tournamerdaugmented experimer 64.8% 40.0%

Again predictions of Eefficient holdouts are easier than those of tournament holdouts,
because the latter require choices among already chosen higher utility alternatives.

It appears that part of the incremental prediction in TAC comes tihe mere fact of having
respondents make additional choices; part, too, appears to come from having them make difficult
choices among highettility alternatives. Timers embedded in the survey bear this out: the 21
set TAC took a minute (14%) longenrfieespondents to complete than did the 21 seffidient
experiment.

ACROSSSIUDIES

For this final test of predictive validity we stacked thefiicient results across the two
studies as well as the tournambotdouts. The TAC model predicts higheility tournament
holdouts slightly better than-Bfficient experiment aloneMcNemar test showthatthis
difference in hit rates is natatistically significan{at 95% confidence).
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D-efficient Tournament
holdouts holdouts
D-efficient 68.8% 48.9%
experiment
Tournament
augmented 68.8% 52.3%
experiment

DisCUSsSION

To sum up, TAC produced statistically, but not substantively significant differences in
utilities compared to a {&fficient design by itself. These differences allowed TAC to make
slightly better predictions of more difficult choice€hoice sets comprised of high utility
tournament holdouts. The TAC questions take respondents a little longer to do, and they add
considerable processing time, so there is additional burden for both regfsadd analysts.

Perhaps TAC would perform better in different studies. In both of the empirical studies, the
ratio of observations to parameters was high, so that HB produced accurate utilities, and little
room remained for additional precision frahe tournament questions. Maybe in a study with
fewer observations per parameter, the additional tournament questions would improve results (of
course, using a larger-efficient design might also improve results).

For now, we t hi nk nonsigaificanTirapCodesnentscame attoo tagh d
cost.
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COUPLING STATEDPREFERENCES WITEIONJOINT TASKS TO
BETTERSTIMATENDIVIDUAL- LEVELUTILITIES

KEVIN LATTERY
MARITZRESEARCH

INTRODUCTION

Any method of onjoint estimationin the absence of constraints, can result in what are
commonly called Areversals. o For instance, i
an attribute should universally have a higher utility than another, we may find that the lower
level actuallyhas a higher utility. With individual conjoint utility estimates, this reversal is
almost certainly observed for some respondents, and with enough reversals it may show up at the
aggregate level.

The problem of reversals is one aspect of a more gerretdem. The solution space,
especially for individualevel conjoint estimation, is extremely large while the amount of
information we collect tends to be relatively small. Making 12 or 15 choices to scenarios
provides excellent information, but withing grand universe of potential solutions, it is typically
not enough information to understand a respon
this reason, researchers often apply constraints to ordinal attributes during conjoint estimation of
individuaklevel utilities. This greatly constrains the solution space, forcing utilities to have the
proper direction and giving them a better cha

This paper shows that when we turn to nominal variallessame kinds of reversals
happen. Of course, with nominal variables, reversals are far less obvious. The only way we can
verify a reversal for a nominal variable at the respondent level is if we ask respondents whether
they have a preference. If we askpondents about their preferences, then we will observe
reversals, just as we do with ordinal variables. Incorporating stated preferences provides an
excellent way to constrain the solution space, giving indivithial conjoint estimates a much
better chance of avoiding reversals and more accurately modeling individual decision processes.
Even when we have what appears to be a good fitting conjoint model, incorporating individual
stated preferences may be essential for getting the story right.

Prevous research shows that universal constraints applied to ordinal variables tend to
improve individuallevel hit rates (Allenby 1995), but may adversely impact aggregate
predictions (Wittink 2000). We found the same to be true when coupling indilelehl
preferences with HB estimation. However, constraints of any kind do not appear to negatively
influence the aggregate predictions from EM estimates of individual utilities. For this
reason, we recommend EM models when many constraints are iraterpand aggregate share
prediction is important. If HB models are run with many constraints on individual preferences,
we recommend the aggregate predictions be checked carefully to ensure the results predict
holdout tasks accurately.

Finally, we also sow how stated preference information can be incorporated in a second
useful way: norcompensatory modeling. This more accurately reflects the way we believe
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consumers make decisions, further improvingraies while having no adverse effect on
aggregat@redictions. We show the improvement which can be gained by adding non
compensatory modeling to individul@lvel constraints using the EM CBC estimation technique.

Incorporating gated informatiomot only allows more accurate models, it results in fsode
that better predict holdout tasks, and are more consistent with the story which should be told.
This means if wenly do simple HB estimation (reiated preferendaformation) we may be
developing a model with inferior fit and one that tells the wrstogy.

PRIMARY CONJOINT CASESTUDY

To illustrate the importance of coupling stated preferences with conjoint tasks, we make use
of a case study. This study was an ideal case study because of its excellent sample and relatively
small size from a desigstandpoint. In addition, three other similar case studies have followed,
though we will only briefly touch on those results.

Our dient asked taemain anonymouyg$ut is analogous tolagh end &clusive Country
Club. One must be invited to become a noiemof the Country ClubNearly 1400 emailsvere
sentto all themembersnviting them to aronline study Letters weramailedbeforehand
notifying people of the survey and the email link comifge online study was left open for
over three weekswith a few reminders sent to those who had not taken the survey.

The sample was ideal in that the survey was completely optional, with no incentive and no
reason to cheatRespondents were very engagaul]l wereobviously interested in providing
thoughtfulanswer s si nce it .owlhey pdvideddetailediv€loatimstandy CI| ub
spen an average/median of 24 seconds per conjoint task (high outliers excladetgl of 709
members respordl, with two of those doing a mail version of the survey witliloe conjoint.

In addition to the excellent sample, the conjoint was redptismall, with 6 attributes (33
4"1 5°2) totaling I7 independent parameters (degrees of freeddrg btal design was 3
blocks of 12 tasks with excellent balance andfficiency of 98.4. All attributes were purely
nominal with no prohibitions or constraintRespondents were shown 12 tasks (each with two
choices) and one holdout tasih the following structure:

| Country Club 1 Country Club 2
Membership Size | Size 1l Size 5
Activities | Status quo Change 2
Committee Structure | Status quo Change 2
Exclusivity | Level 1 Level 3
Recruiting Focus | Level 1 Level 5
Level 1 Level 4

TheHB estimatesu si ng Sawt oot h &overgedfairlyevéllsafteC3B,00 H B
iterations and the next 10,000 iterations were used for utility estimates.

! The design algorithm constrained the choice tasks to have minimal level overlepstvhing for high level balance anddficiency. D
efficiency was computed based on a stacked design, where each concept is a row in the design matrix.
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Parameter Estimates

Beta

0 ' ' ' ' hterstions ' ' 40000

In-sample hirate wasl00% with an average probability of 99.64%he holdout task was
designed to be hard to prediatith the HB model yielding a reasonabi&.5%hit rate. In most
cases, weod6d think a job reasoBudswgwileeethis done
would have told the wrong story.

CONJOINT COMPARED WITHSTATEDPREFERENCE) UESTIONS

In addition to the conjoint tasks, tkarvey also asked respondemtstate their preferences
about each attribute. In particular for a given attribute we asked them a question like this:

Thinking about the Committee Structure , what is your opinion about the following
options ?
If you have no opinion about any or all of the options check the "No Opinion" box.

You may use any response as many times as you wish

Very
Complete ly Highly
Committee Structure Unacceptable Acceptable Desired No Opinion
Current committee structure v L i i
Change 1 i s r r
Change 2 [ v i o

We used just three categories to measure preferences in order tolgaet@eferences. We
assumed if a respondentdaine level was better than another (using the categories above) that
implied it would have a higher utility. While we could have done a ranking of levels for
instance, we have found this may force respondents to state they prefer one level even when
there is not a clear preference.

To further ensure respondents gave us <cl ear
responsefi No opi niono was typically used by respon
occasionallyrespondents applied to only @bset of thdevels
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Another objective of this form of questioning was to modeloompensatory decisions.

The basic idea is that

i f

a respondent said a

conjoint tasks never chose an option with that lehely were assumed to apply a screening rule.

While we would have preferred asking this form of stated preference question for all
attributes, it was shown for foof thesix attributes. For the remaining two attributes we asked a

NSel ect

Allleoc tanBde sat o0f Sgeu e st i o n

due to client r e

We can directly compare thedividuatlevel stated preferences with thengoint utilities

This is shown in the table below for theC 0 mmii

ttee

St rl18&réspondentds statedt r i b u

they preferred Chandgeover Change 2. Among those 188 respondents, 58 showed a higher
utility for Change 1 over Change Just to play fair, wactually relaedthis to Change 1
Change 2 >.1). This means that a small reversal will still count as a match.

Stated Prefrence

Status

Utility Also Greater

- (>-.1)

Status

Quo 1 2 Quo 1 2
Status Quo 246 173 176 160
Change 1 91 57 42 53
Change 2 143 35

There are 898 total pairsrfthestated preferencesmmittee attribute with a total of 524
matches This means the individudgvel utilities match the stated preferences &@dyl%of the
time. This is not very good, as one has a 50% chance of matching the direction by ctthnce, a
even better than 50% in this case since we relaxed the matching criteria to count a small reversal
as a match So at the individual level, this attribute does not match stated preferences very well.

The Bde below summarizes the fit for each of thiiltites.

Conjoint | Stated Question % Matching

Attribute Levels Type # Pairs (>-.1)

Membership Size ! 3231 67.4%
Activities | Unacceptable/ 1415 80.6%
Committee Structure | Acceptable/ 898 58.4%

— Highly Desired :
Exclusivity \ 1115 69.9%
Recruiting Focus \ Select All 2698 69.8%
Time ! Best Level 75.1%
|

All Attributes

The overall match of 70.3% consistent with what other researchers find for ordinal
variables modeled in HB without constraints (Allenby 1995).

It is more difficult to definitively test reversals at the aggregate level since we have no
definitive picture of how the aggregate findings should look. But we can view the frequencies of
the stated preferences to get some idea of the aggregate findings.
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For instancewith the
committee structure attribute,
Change 1 shows a
significantly higher
percentage of
Desiredo rati
the fewest AC
Unacceptabl eo
strongly suggests Change 1 id
most likely the best level.
This is show in the chart
below.

100% -

80% -

60% -

40% -

20% -

0% A

-20% -

No Opinion

15.4%

57.1%

10.7%

Status Quo

Committee Structure

37.4%

40.9% 35.7%

15.9%

Change 1 Change 2

Il Very Highly Desired
] Acceptable
| Completely Unacceptable]

It is not clear from the

stated preferences whether Status Quo or Change 2 is next best. Status quo is safer, while
Change 2 is more polarizing, having more enthusiastic supporters than the status quo, but also

more respondents whHimd

the idea completely
unacceptable.

When we turn to the
conjoint findings, we get a
different story. HB analysis

0%
-20%
-40%
-60%
-80%

claims that Change 2 is best,

Status Quo

-69.3%

Change 1 Change 2

Best

-48.2%

Il Conjoint Deviations

and by a fair margin. This is

highly suspect, given the aggregate stated preferences above that shge Chara clear

winner. It is made more questionable when we recall that only 58% of the indilesahl

utilities for Committee Structure match the stated preferences. Finally, as we will see later it is
even more questionable when a better fittingaohmodel tells a different story with Change 1

as the best.

Another example of this
discrepancy between stated
preference and conjoint
utilities is illustrated by the
Membership Size attribute.
Stated preferences show a
clean Goldilocks type
principleat work, with Size 1
being too small, and Size 5
too large. Size 3 appears the
best, followed closely by Size
2, with Size 4 a more distant
third place. In general it

100% -

80% -

60% -

40% A

20% A

0% A

-20% A

-40%

-60% -

Size 1 Size 2

Membership Size

Size 3 Size 4 Size 5

I Very Highly Desired
I- Acceptable
] Completely Unacceptable

appears respondents are a bit

more concerned about being too big than being too small.
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When we turn to the
conjoint estimates we see that
Size 1 and Size 5 are still
clearly the worst levels (though
likely reversed). Conjoint
estimates claim Size 2 is the

0%

-10%

-20%

-30%

Size 1

Size 2

-24.1%

Size 3 Size 4 Size 5

-13.4%

-15.9%

-22.1%

Il Conjoint Deviations

best level, which is possible but questionable. Much more suspect is that Siotudlily so
much worgthan Size 2, and even werthan Size 4.

Again, my intention here is to point out the discrepancies between stated and conjoint results,
both at the individual level and at the aggregate level. In the following secticstimateother
models that incorporate stated informatidn doing this we see that the composite model:

Showsresults consistent with stated information (individual and aggregate)
Retainsexcellent insample fit
Better predict holdout task

So, incorporatingtated information improves the conjoint modeldsignificantly changes
the story This means if wenly do simple HB estimation (no individuadeferencesthen we
may be developing a model with inferior fit and one that tells the wrong story.

INCORPORATING INDIVIDUAL STATEDINFORMATION INTOC ONJOINT ESTIMATION

Hierarchical Bayes is a random coefficient model. It estimates indiviell utilities by
drawing from distributions across the entire sample with the goal of estimating the distribution of
utilities across respondents. While this framework allows universal constraints, it is very
difficult to incorporate notuniversal constraints that are unique for each individual. This is most
likely one of the key reasons no commercially avail&8€ sdtware allows one to specify
individualspecific constraint&though the new Adaptive CBCACBC software does so)

One of the ways to incorporate stated information into HB is to add simulated conjoint tasks.
Assume a respondent states that for the Cateenstructure attribut€ hange 1 i s A Acce
whil e Change 2 i s 0 @boisnpfdrneatior ¢ay be dasaiilted as p padidd | e
profile conjoint with one attribute as shown e where option one wins.

Country Club 1 Country Club 2

hoiviies
Commitee stucure
sy

Change 1 Change 2

Recruiting Focus |
e

For each respondent we compute each pairwise victory implied by the stated preferences and
add it as if the respondent completed the task. sctioe 707 respondents, 9357 partial profile
tasks were added in addition to the 8484 (707 x 12) tasks actually shownSbedhe net result
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is adding lots of simulated conjoint tasks (more than the real conjoint tasks) to tretastade
preferences o additional information about partial profile pair©f course, for some
respondentsttle to no new simulated tasks would be created, while others had many simulated
tasks added. For instance, a respondent who said all levels were acceptabédtfiouaés

would have no new information added.

This method of adding simulated conjoint tasks is used in the ACBC software by Sawtooth
Software. Thomas Otter (2007) has noted that adding these simulated scenarios creates
differences in scale parametamich should be adjusted. These differences should have only a
small effect, but it should be noted that the results shown here do not make this adjustment, and
adding this adjustment should improve the new HB model even more than what we show.

The table at right shows that
adding stated preferences via Simple | HB with
simulated partial profiles results in HB Pairs
utilities that are very consistent | Match Individual Stated Preferences 70.3% 95.4%
with the stated preferences. Ther
are now fewer than 5% reversals atin Sample
the individual level. In sample fit | L2.Tasks
remains excétnt, and the hit rate
of the holdout task jumps nearly
7%.

The only issue with adding the simulated task information is the aggregate prediction of the
holdout task, which is slightly worse than the simple HB model. Our other three case studies
have sbwn the same pattern. In all studies ther&ié has improved, while the aggregate
differences are the same (1 study) or worse (2 studies). These findings are consistent with the
expectation that adding constraints to HB models improvesigtwhile @ssibly sacrificing
aggregate prediction (Wittink 2000).

100.0%
99.64%

99.4%
99.01%

Hit Rate (707 x 12 = 8484)
Average Probabilit

Holdout | Hit Rate
Task Agg Diff (61.4% Choice 1) -6.7% +8.7%

For this reason, we also modeled the results using EM CBC (Lattery 2007). EM has the
advantage of running individu#vel regressions one at a time. One does not need to add
simulated tasks. THeM individual regressions can be tailored to each individual as much as
desired, including individual constraints.

HB with Constrained
Simple HB Pairs EM
Match Individual Stated Preferences 69.5% 95.4% 100.0%
In Sample | Hit Rate (707 x 12 = 8484) 100.0% 99.4% 100.0%
12 Tasks | Average Probabilit 99.64% 99.01% 99.95%
Holdout Hit Rate 68.3% 75.1% 73.3%
Task Agg Diff (61.4% Choice 1) -6.7% +8.7% +1.7%

The table above shows that EM with the stated preferences as constraintisebsiatple
HB model in every way. The EM model shows that we can develop a model that is perfectly
consistent with the stated preferences while outperforming the simple HB meateld S
preferenceand conjointdataareonsi st ent wi &rhatter of 8ndirgrhe tighte r . It
utilities to make them match. Without informing the conjoint, it is unlikely the conjoint tasks
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alone have enough information given the large solution space. Most importantly, the EM model
not only fits the stated prefereexperfectly, it improves holdout task-hétte and aggregate
prediction.

We have found similar results with the additional three studies. It should be noted that in all
these studies HB continues to have a slightly bettaatetthan EM, though the cetmained EM
model does far better than a simple HB model that does not use any stated preference
information. However, because of the issue with aggregate predictions we prefer to use EM
when incorporating stated preferences, though in one of thesesstelidB results were so
similar that either method could have been used.

DIFFERENCE IN THBITORY

EM (with constraints) and HB with pairs tell us that Change 1 is the preferred option for
Committee Structure, as one would likely expect. Intergistial 3 methods confirm that
Change 2 is better than the Status Quo, something thatabviotis from the stated preferences.

Committee Structure

100% -

15.4%

80%

60%

40%

I Very Highly Desired
] Acceptable
| Completely Unacceptable]

20%

0% -

-20%

Status Quo Change 1 Change 2

C—/HB

-20% A

% g
m/ ~

—&—EM
-40% -
® | ®  HB w/Pairs

-60% -

-80% -

EM and HB w/Pairs also tell us that Size 3 is the preferred Membership Size (chart below).
These two methods also preserve thgragate bias toward smaller sizes over larger sizes. So
Size 1 is better than Size 5, while Size 2 is better than Size 4.
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Membership Size

100% -
80%
60%
40%

20%
I Very Highly Desired

B Acceptable
| Completely Unacceptable

0%

-20%

-40%

-60% -
Size 1 Size 2 Size 3 Size 4 Size 5

0% -

-20% - 1 Simple HB

—&—Bv

"""" ® — HB w/Pair

-40% -

60% 1 @

-80% - L4

While EM and HB w/Pair agree in the story they tell for most of the attributes, there is one
attribute where they disagree. Eld HB w/Pairs both suggest that Level 3 is the worst for the
Exclusivity attribute, as one would expect given the stated preferences since Level 3 has the most
Completely Unacceptable ratings, and the fewest Highly Desired ratings. However, they differ
as to whether Level 1 or Level 2 is the best. Stated preferences cannot decide this since the two
levels have different strengths.

In any case, both HB w/pairs and EM are better than simple HB which suggests that Level 3
is best. This seems highly impléale. One should note however, thaistattribute is the least
significant driver, so it may be that Simple HB captures the big picture for most of the key
attributes, but for less important attributes there is too much freedom in the parameters.
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Exclusivity
100% -

80% -

=
No Opinion
60% ~

40% - 25.8%
Il Very Highly Desired
| Acceptable

| Completely Unacceptablg

20% A

0% -

-20% A

-40% -

Level 1 Level 2 Level 3

0% -

C/HB

—&—EBv

"""" ® — HB w/Pairs

-10% -

The remaining attributes show only slight changes between the three methods, so we have
not included them here. The moral of the story is thaeionly do simple HB estimation (no
individual preferencenformation) then we may be developing a maul anly with inferior fit,
butone that tells the wrong story.

The discussion so far has focused on incorporating stated information by essentially
converting nominal variables to individually customized serdinal variables. For each
respondent we understtheir specific ordinal structure (partially) while acknowledging some
variables may not be that well differentiatdd.the next section, we will deepen the modeling
by adding norcompensatory structure.

NON-COMPENSATORYMODELING

One of the benefits afcluding stated preference questions is that we can identify potential
noncompensatory decisions. For instance, i f a
Unacceptabled and in the conjoint tasksd never
to apply a screening rule that eliminated the option with that level. Similarly, if the respondent
said a |l evel was fAVery Highly Desiredo and al"
(initially) t-Havkeeéevelul was a fAMust
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It is well known that respondents tend to overstate their opinions about unacceptable or must
have levels. This is the reason we confirmed their statements with their conjoint choices. For
instance90.5% of respondents reported at least one completely unaccdevahleBut
comparing his againsfi2 actualchoices, only 23.2% (164) were confirmed to aggsly
unacceptable screeningle in their choice tasks.

The table below shows the number of respondents who were confirmed to apply screening
rules in their choie tasks.

Note that the column Completely | Very Highly
totalsdo not add up Unacceptable Desired
since there is overlap in 43 7
respondents. For 12 12
instance, a respondent erlEral >
could say that Size 5 ang 0 >
Change 2 of Activities
wer e bot h NS 40 1
Unacceptable 0 ! 27

The highlighted 512 2
levels were those tested 3
in the holdout task. As [efe)salasliil=]l=
chance would have it, 6
most of the screening 1 1
rules did not apply to thefs
holdout task. Change 2 (Plzryjfﬁsi%/ity 9 24
of the Activities attribute 12 5
where mat people Total 215 UniqudRespondents 164 94

screened did not appear
in the holdout task. Nor did the next most common screening le®&i 1 and Size 5 appear
in the holdout taskOut of the 215 respondents who appeared to useompensatory rules,
only 107 of them used rules thagpdiedin the holdout task.

The tablebelow shows the results from adding the {compensatory modeling, including
both the unacceptabéd musthave levels.

Group EM Ordinal EM + Non-
Size Hit Rate Compensatory
INon-Comp Applied to Holdout 107 81 84
Other 600 437 439
Total 707 518 523
[Hit Rate 73.3% 74.0%

Among the 107 respondents for whom the holdout task wasemmpensatory, the number
of correctly predicted respondents only increased from 81 td/&@4t of the incorrectly
predicted holdout as ks among the 107 hol dout relevant
De s i r ecbropensaiony rules (85% vs. 409%9.0 we al so model ed just
Unacceptable with much better results.
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Group EM Ordinal EM + Completely

Size Hit Rate Unacceptale
INon-Comp Applied to Holdout 67 56 65
Other 640 462 468
Total 707 518 533
[Hit Rate 73.3% 75.4%

Among those to whom the holdout tasks applied, the hit rate was 65 out of 67, or 97%. Had
the holdout tasks asked about more relevant levels, the&@%would translate into a
significant lift in hit rate.

In addition, this study was not ideal for the study of-ntompensatory modeling. One
expects noftompensatory modeling to work better when there are more choices available
(rather than justtwg) and when a fANoned option is availahb

Of the additional three case studies we have done, two were similar to this one and showed
only modest improvements in friite with noacompensatory modeling. The third study was an
alternativespecific discrete hoi ce study with 5 brands and a i
latter study hit rate improved from 56% to 61% when-nompensatory rules were added.
Most of that 5% liftinhir at e was due to the ACompletely Una

CONCLUSDNS

Incorporating stated preference information by capturing the customized ordinal level of each
attribute for each respondent constrains the solution space and gives indateliabnjoint
estimates a much better chance of avoiding reversals. hgisoves prediction of holdout
tasks. Failure to incorporate this kind of information risks reversals not only at the individual
level, but also at the aggregate story level. This meansohlyedo simple HB estimation (no
stated preferendaformation) then we may be developing a model with inferior fit and one that
tells the wrong story.

The second use of stated preferences as described here is their potential for non
compensatory modeling. Naompensatory modeling will improve hite with varyng
degrees. It appears most effective when there are many choices and when the respondent has the
option to choose ANone. OO

Of course it is important to remember that this kind of linkage between stated preferences
and conjoint tasks depends upon resleoms accurately reporting their preferences, and carefully
evaluating the conjoint tasks. Bad, confused, or lazy respondents will answer stated preferences
and conjoint scenarios in ways that do not align well. In those casegdsitmay actually drop
with the addition of extra noise.

The degree to which incorporating stated preferences improves the results will likely depend
in part on the amount of information contained in the conjoint tasks relative to the total number
of parameters. If one wete ask respondents several hundred conjoint tasks (and they actually
evaluated all scenarios carefully), one would likely see little improvement by including stated
preferences (assuming there are a moderate number of parameters). But in most business
setings, respondents evaluate a limited number of scenarios relative to the number of
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parameters. In these cases, there is a great deal of freedom in the solution space. Stated
preferences constrain that space, providing much additional information, lahkielyi improve

results. In the context of business applications, we think the case study described contains
information from the conjoint tasks that is high relative to the total parameters. Bear in mind that
there were only 17 parameters to estimanel respondents were shown 12 binary conjoint tasks.

In practical business settings we often see alternapeeific designs with a much lower amount

of conjoint information relative to the number of parameters.

While the method described here sharesessimilarities with selexplicated conjoint
(Srinivasan 1988), it differs in several significant respects:

First, respondents only tell us whet her an
AAcceptable, 0 or AVery Hi gtodbiye afpecHicratiegd . 0 T
on a finer scale, which is likely to be a much more difficult task.

Second, stated preferences of levels are never compared across attributes. In the model
we described, a highly desired level from attribute A may have a lawligy than an
acceptable level of attribute B. We have tested eatisibute constraints, and these did

not improve hit rate. The context of evaluating each level is within an attribute across
other levels within that attribute, and the analysis @e®mmend reflects that context.

Third, we do not ask respondents to tell us the relative importance of each attribute. We
believe trying to state the importance of an attribute defined by certain levels is a difficult
task for respondents to do accuhatdnstead, the method described here derives the
importance of each attribute, as well as the relative spacing between each level based on
responses from the conjoint.

Finally, we want to issue caution in applying these methods. We have found fihgt add
simulated patrtial profiles in HB analysis requires many more iterations before convergence.
While stated preferences constraining the solution space are important, one must verify that the
added information is not impacting aggregate results negatesgcially when applying HB.

We recommend EM as the safer method for incorporating individual information, even if it
means slightly lower hitates.
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INTRODUCTION OFQUANTITATIVEMARKETING
RESEARCHSOLUTIONS IN ATRADITIONAL
MANUFACTURINGHRM: PRACTICAL EXPERIENCES

RoBERTJ. GOODWIN
LIFETIME PRODUCTS INC.

ABSTRACT

Lifetime Products, Inc., raditionalmanufacturing company based in Clearfield, Utah, has
introduced progressively more sophisticated conjoint and other quantitative marketing research
tools over the past three yeadong the waythe company has gained valuable insight into the
process of adopting conjoint and choice analysis tools in this corporate environment.

This paper presents some of Lifetimeds pract
experienced by key stakelders in accepting and trustingmgoint analysis, (b)ugecessstories
with conjointanalysis, and (c) the resulting escalation in cliemandgor more sophisticated
and robust conjoint tools. This case study should provide useful insight to narestarch
practitioners, especially those who either have or are planning to acquire similar conjoint tools
in-house.

INTRODUCTION

In a very general sense, entities thatiuse are interested ih conjoint and choice analysis
may be classified into ored the following groups:

1. Academics whoesearch andenerate new statistical procedures and explore variations
and improvements in those procedures to meet specific research needs;

2. Research consultants who provide specialized and even customizedhreseharc
statistical services tocorporate and othetients; and

3. Corporateand institutionalesearch users who either retain the services of research
consultants or act as their own research practitioners to complete needed statistical
analysedo supporimanagement decision making.

While the work of the first two groups is webtpresented in literature dealing with conjoint
and choice analysis, the third grouporporate research usérsften receives less attention in
journal articles and conferencespentations.

This paper presents a case history of Lifetime Products, Inc., a methantraditionally
managed manufacturing company, as it decided to adopt a program of quantitative marketing
research to enhance its decision making process. Inyartithis paper will:

1. Describe some dhe challenges faced by the corporate marketing research department
and the proactive activities it employed to build trust among an-ekeptical inhouse
clientele generally unfamiliar with conjoint and choicalgais;

185



2. Recount a few key examples of conjoint success stories that generated confidence in the
efficacy of these new statistical procedures; and

3. Demonstrate how this increased management confidence and the resulting escalation in
client demands requirgtie corporate marketing research department to incrementally
increase its conjoint and choice analysis capabilities commensurately.

COMPANY BACKGROUND

Lifetime Products, Inc. is arfvately held, vertically integrated manufacturing company
headquartered i€learfield, Utah Founded in 1986, Lifetime currently employs approximately
1,700 employeesat multiple facilitiesin the Uhited StatesiVlexico,andChina The company
manufactures consumer hard gobgscally constructed dblow-molded polyethylene sin
and/or pwdercoated steel (See examples in Fi guredicaly. )
integrae d 0 b e c a u s e produchassandbbit ialsoifabricatettsoown metal components
from steel coil and blownolds its own plastic parts frolmgh-densitypolyethylene pelletslts
products are sold mainly to consumers and small businesses worldwide through a wide range of
department and discount stores, home improvement centers, warehouse clubs, office supply
stores, sporting goods stores, atlder retail outlets.

Figure 1

Throughout its 23/ear history, Lifetime Products has prided itself in the application of
innovation and cuttingdge technology in plastics and metals to create a family of affordable
lifestyle products that feature supeé or strength and durability.
the company include:

First home portable basketball system with hemgtjtistable rim and backboard

First folding utility tables and chairs using liglveight plastic resins and rusdsistamn
steel structures
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First resinbased outdoor storage/garden sheds with-s¢é@orced roof and walls
First utility trailer featuring longitudinal foleh-half functionality for easy storage

Lifetimeds track record i n oyertleedaars hadlbeannov at i o
supported by an oftemformal mix of qualitative marketing research efforts, including
secondary research, competitor analysis, focus groups, and feedback from purchasing agents at
key retail chain accounts. Over time, companyaggment realized that it also needed more
sophisticated quantitative tools to better inform its decision making process and to facilitate
future success in its oftearowded andmaturing markets.

Il n 2006, Lifeti meds mar kesbnampmgramefcenpintatd depar
choice analysis to help the company formalize its product development program by the use of
guantitative consumer input. Over the next three years, the company gradually increased the
sophistication of its conjoint and cleei analysis capabilities to keep pace with escalating
management information demands (described later), adopting the following analytic programs in
fairly rapid succession:

1. SPSS Conventional Conjoif2006);

2. SawtoothSoftware Choicébased ConjointGBC) with Latent Classnalysis (early
2007);

3. SawtoothSoftwarePartiatprofile CBCusing Advanced Design Module (late 2007); and

4. SawtoothSoftwareAdaptive Choice/ACBQvith Hierarchical Bayeanalysis (2008 beta
test; 2009 full implementation).

From 2006 to th@resent (late April 2009 at this writing), the company has engaged in 19
conjoint and choice analysis studies againstachafz en pr oduct categories.
practical experiences in implementing these quantitative research tools and using them in
multiple studies provides a foundation for the three main sections that follow.

|. CLIENTCHALLENGESN ACCEPTINGCONJOINT ANALYSIS

Lifetime Products i mpbueimednitnegdo aa cntuinvbietri eosf thAct
stakeholders to better understanahdtrusti conjoint analysis as a tool to reduce uncertainty in
marketing decision making.

Despite the management s desire to augment i
guantitative methods, they initially had many questions and even doubts aboutjoi& con
analysis tool as proposed by the marketing research director in 2006. They expressed incredulity
that with conjoint one could indeed (atdrminetherelative value of attributes/level&)
analyzeall possible product combinatiorend (c) ondud realisticmarket simulationsdl by
simply asking respondents to sort a fenwduct conceptards! Consequentlyhese stakeholders
wereinitially reluctantto makei or changé product developmenmtecisions based on conjoint
findings

To allay some bthese management concerns, the marketing research department instituted a
number of learning and trubuilding activities and procedures telh managemergt) to
becomebetter acquaintedith conjoint (b) to olster their confidencm the resultsherefrom,
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and (c) to lecome anoreintegral parof the research procetself. The following section
describes some of these learning and trudtimtgling initiatives.

In-house PretestsSince the beginning of the current decade, the company had trsmasm
pretests occasionally as a means of debugging
instruments prior to fielding. With the introduction of conjoint analysis in 2006, however, the
pretest function took on increased importance. Since the cosjoigy method (i.e., card
sorting initially) was so different from finor
that all key stakeholders (category and product managers, design engineers, marketing directors,
and even some senior management) wesiged to serve as subjects in pretest interviews. The
purpose of this effort (in addition to the usual debugging) was to allow these stakeholders to
Awal k througho the conjoint interview persona
processad appreciate what Aliveo respondents woul
were calculated from this collected pretest dataset, allowing stakeholders to see pro forma results
similar to those which would be generated from the consumer interioeokow.

Outof-House Pilot TestsPrior to the full field work in many of these early conjoint studies,
the company also usedit-of-house pilot testagainst small convenience samples. These were
generally conducted as intercept interviews at d loedl research facility or appended to
alreadyscheduled focugroup discussions on the same topic. This procedure allowed category
and product manmagred sc droj d oftetwithdisegs nugabess of
attributes and/or levels that thigjt were reflective of the customer mindsenh a relatively
inexpensive research setting. If the preliminary results (generally using sample sizes of only 40
to 80) suggested that a given attribute was contributing only a percent or two of imptwtance
the overall model, the stakeholders were more inclined to drop that attribute in favor of a more
parsimonious conjoint model prior to proceeding with the production phase of the study.

Proactive Demonstrations of Conjoint CapabilitieBhe initial SPS8onventional conjoint
software was fAsoldo to management on the basi
way to provide consumer feedback on the relative value of product features and options, and thus
guide product development and marketafigrts. Ultimately, however, study results would
need to be presented in such a way that management was comfortable in relying on the
information for its decision making. The typical output of conjoint analypartworth utilities
and average impomae percentagéswas found by stakeholders to be interestingiotalways
useful. They sometimes asked that conjoint utility data be converted to a more understandable
Apr-peeuet i | ed i ndicator, but a tetuevaleninericoftenmetr ovi de
with theoretical and computational roadblocks (as discussed by Orme, pp. 1 & 5).

Il n an effort to provide more palatable deliwv
research department began to conduct market simulations usistjcessumptions germane to
pending management decisions. However, early attempts to present these simulation results to
stakehol ders |l eft them with a feeling that th
have a more flexible and insightful weof how the simulations worked in order to gain
confidence in the results. Consequently, the marketing research department begatruotc
Excelbased market simulators for harms client use (See Outdoor Storage Shed example in
static view in Figuee 2.)
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Figure2

]
Hands-on Market Simulator
Product 1: Lifetime Resin Product 2: Rubbermaid Resin |Product 3: Arrow Metal IPruduct 4: Tuff Shed Wood
8 (Attrbute Desaription Utility Desaription Uility Description Uhillity Desciption tillity
1 ks of G Plastic/resin (5549 med)|0.14780] Plastic/resin (5549 med)| 0.14780§ Sheet metal (5399 med)|0.05071] Wood (5799 med)  [-0.34840
2 |Size of Shed 6'x5' (30 SF) 01758 5'%x5" (25 SF) 0.27734] 6'x6" (36 SF) 0.11071 5'x5' (25 5F) -0.27734|
3 |Roof Height 8 roof w/ 6.5 door |0.23962] 8 roofw/ 6.5 door |023962] ©'roofw/5 door |[-0.23962] 8 roof w/6.5 door |0.23962
4 |Floor Soft plastic floor -0.00427| Hard plastic floor |020764] Floor notincluded |[-0.43554) Wood floor 023217
5 |Shed Calor Neutral color (CANNOT be painted) | -DLOSTF7| Neutral color (CANNOT be painted) | -L09777] Neutral color [can be painted) | 0.05083] Variety of colors 0.04694|
6 |Added Features No added features |-0.14632] No added features |-014632] Noadded features |-0.14632] Noadded features |[-0.14632
7 |Expandability Not expandable 024385 Not expandable 024385 Not expandable -0.24385) Expandable 024385
8 |Brand Name Lifetime 0.05098) Rubbermaid 0.19191 Arrow -0.00677] Tuff Shed 0.13452
9 (Warranty 10 years 0105392 10 years 005398 5years 0213773 10 years 0.05398
10 |Price Level Median price 0.00263 Median + 12.5% -0.13715 Median - 12.5% 0.13846 Median + 12.5% -0.13715,
3519 5629 5349 $899
Total Utility 017305 -006148{ -0.95912] 004187
AntLgnfTulzl Unility 0.34110§ 0.94037] amn| 104276
Share of Preference 26.2% | 29.3% 11.9% | 32.5%
Note: This hands-on sinudator uses conjoint utilities from an thod]) which is less robust than th s iew (latent dass method)

During the analysis phase of each conjoint study, one of these awstikat simulators was
provided to theespective category manageostBey and their teams could conduct their own
rudimentaryil w hriaft 0 a.nTad spreadsbeetas designed so that, through the use of pull
down attribute lists, the users could see the impact of a potential product design change not only
in the utility score but also in the simulated share of preference. Managers could also use this
tool to gaugegotential competitor responses to proposed company initiatives.

It should be noted that this Exdehsed simulator (using partiptofile CBC utilities
generated byggregatenultinomial logi for client use served only asapplemento the
marketreser ch depart ment 6s use of Sawtooth
generated by Latent Class or, later, Hierarchical Bayes). Clients were irtsthattgf they
found a particularly interesting direction from theinatif analysis, they shodlrequest
confirmation from the marketing research director usimgerigorous simulationgavailable via
SMRT. But the mere activity of generating their own preliminary simulations added markedly to
their understanding of and appreciation for conjoiralsis.

Softwar
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Il. SUCCESSSTORIES WITKC ONJOINT ANALYSIS

As Lifetime progressed in its use of conjoint analysis tools, a number of conjoint findings
have had a direct impact on product and marketing decisiaking. This section will describe
some of these scess stories.

Success Story #1: Fold-half Utility Trailer. Lifetime Products conductets first conjoint
studyin 2006 as it was plannirthe marketintroduction of an innovative new fold-half design
of utility trailer. (See foldup sequence inigure 3.) This survey was administered in four mall
locations across the U.S. (the foldel trailer was even wheeled into the small interview rooms
to demonstratethefodp f eat ure Aliveodo) and the anal ysis
Conjoint from a ard-sort survey method.

Figure3

One of the primary objectives of trstudywas to determine an appropriate initial retail price
point for the foldin-half trailer A pre-conjoint question asked respondents to project what price
they would expectatsee orthe price tag for this new product. Tdistribution of responses had
a noticeable downward inflection above the $999 price point. Subsequent conjoint analysis
using parworth plots and market simulations confirmed that demand for this newptaonagght
be considerallrestrained if it were priced above $999.

AThe Rest oDbuetbdost an8 othreercygnsiderations, the newifeldalf utility
trailer wasintroducedaaa manuf act ur er 6 s MSRPgsgreshatbalethe et a i | p
$9P price poinsuggested by the conjoint findingBirst-year salesf the product were
substantialljjowerthan hoped for However, subsequent sales promotions down to $999 or less
often resulted isubstantiaboosts inunit sales As a result, managemt gained initial respect
for conjoint analysiss a tooto help pre@t consumer price sensitivity.

Success Story #2: Folding Utility Chaifhis conjoint study involved a visual and tactile
compari son of L igfadetfoldinmgeublity chet atfemlefrircFigare 4) against
three other similar ste@ndplastic offerings and a popular padded vinyl model. Thelsénfy
utility chairs are used not only as supplemental seating in the home, but also in large numbers by
churches, clubs, schagland businesses for banquets, meetings, temporary work use, and the
like.
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Figure4d

One of the key objectives of this study was to determine price sensitivity for the Lifetime
commercialgrade folding utility chair. Most retailers had been pridimg chair a19.99and
werehesitant to breacthis perceptual price barrief his study, using malintercept surveying
in five U.S. citeswasone of t he ¢ o m®awtooth® e f  wChoscebaseds es of
Conjoint (CBC) with Latent Class segmatibn analysis.

The conventional wisdowasthat at first glancethe padded vinyl chair would bgerceived
asthe most corfortable of the five models, simply because it was the only padded option
However, qualitative researtly Lifetime had foundha many consumernser e A pl easantl y
surprisedo at the er gono steelandpolyathfylenechair of t he #fAh
Therefore it was considered essential that respondents natiewllyut alsosit in each chair
before proceeding with the conjoietperiment.

The CBC and Latent Class analyses produced evidence that the market was somewhat price
insensitive to the Lifetime commercigtade folding utility chair at retail prices above $19.99.
Crosstabulations of the price utilities by chair modelsttha definite flattening above $19.99
for the Lifetime chair, especially when contrasted with the other, moregeits@tive models.
Results of market simulations showed virtually no degradation in share of preference for the
Lifetime chair when pricedbove $19.99 (even with the roommercial competitors simulated
at $17.99 obelow). Thus, it appeared that consumers who were most sensitive tepdu$20
price hadalreadydecided to purchase a lowawst, noacommercial model, even without a
Lifetime price increaselLatent Class analysis confirmed that there was indeed a very loyal
Lifetime-friendly segment that was relatively prit@erant to the Lifetime chair within the
$19.99 to $21.99 range. (See Figure 5.)
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Figure5

$20+ Price Tolerance Greatest Among Key LC Segment

Chair Mall-intercept Conjoint Study
Price Utility Analysis for 3-Segment Sohstion
January 2007 fn=399

Lifetime-friendly segment
only moderately price-sensitive
between $19.99 & $21.99

$17.99 “x $10200 >, $23.90

$15.99

Conjalnt Part-worths (zers sum)

—Segment Preferring Any Chair/Low Price
—Segment preferring Padded Vinyl Chair

—Sogment preferring | ifetime Commercial Chair

- -

AThe resté oThelLifetmesatedd@pyart ment begaaet abl Nadaoaot
on the results of this pricing analysis and its potential ramifications for increasing the
profitability of this SKU. Eventuallyeveral retailers decided to boost their priabeve the
traditional $19.99 price pointinitially, there wereno serious sales consequentethis action.
However,the current worldwide economic downturn eventudbiypressed saleslumesfor all

furniture productgincluding the Lifetime chair), so the issis presentlycloudgd . e. , At he |
is still ou .) Even so, Lifetimeaes managersay theylike havingthis type ofconcrete data on
consumer price perceptions, owhesnegbkatingwith it t o

their retail accounts

Success Story #3: Market Segmentatiéor many yeard, i f et i me &were pr oduct s
developedhominallywith thei ma s s ma r k @he company comducteld little if any
segmentation analysis to examine differences in preferences or price sensitivity diffesent
segments of the market. As the company began to develop different product grades or models
for various market segments, management began to feel the need to study differences in segment
preferences more formally.

AThe rest oWithtthkbestotyéducti on of L&8emwt oot h S
Class analysis 2007, Lifetime had to ability to explore behavioral market segments within the
context of conjoint analysis projects. In all product categories studied, these aretgsdsd
severaldistinctmarket segments, often defineddpyality, product featuregndprice sensitivity.
(For example, see generalized visualization of Basketball consumer segments in Figure 6.)
These findingsupported nascent company effortpasition itsdf asthesupplier of choice for
consumemarket segments demandinigh-quality, featurerich product design§hough not
necessarily at the lowest price). (The company has aocgpgredSa wt oot h Sof t war e 6 s
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ConvergenCluster & EnsembleAnalysispackage CCEAT for more generalized segmentation
analysis.)

Figure6

Generalized Visualization of Basketball Latent-class Segments

Highly pricesensitive, so prefersnsall-backboard systems

at lowest pricejlittle else matters!
/ 30-something downscale femalprobably a prospect or owns a portable
bought at a discount store forgre-teen primaryuser

High

Somewhat pricesensitive; prefers - =
small or mediumbackboard Somewhat pricesensitive;
systems wantssome features prefersmediumbackboard

(esp. easy height adjustment) with some premium featureg
Demographianix; owns a portable 30-something maleprobably

bought at a discount store forgre- owns ingroundsystem bought
teen primary user at sporting goods store fa
teenage primary user

/

Least pricesensitive, so strongly prefermrgebackboard systems
with beefedup construction and premium features
20-something malgprobablycollegeeducated; owns either a portable or i |/>

ground system bought at a sporting goadsre (probably for himself)

Price Sensitivity
Moderate

Low

Small Backboard Medium Backboard Large Backboard

Success Story #4: Fo b deé di@etnid Producistregentlya bl e A Bac

conducted a cooperative partfbfile CBC study on polyethylerendsteel folding utility
tables witha retail chain store account. Whilest oftheresultsof this studyare proprietarya
summary of &backf o r e c a s rosimalatibnicdnbeshared in this paper.

A key component of the analysis was to generate market simulations of the arifegrertd
sizes of Lifetime tables and compare the studpreference results with the actual sales
distributions for these table models. Regardless of the simulation assumptions employed, it was
clear that (a) the conjoint model consistemigrestimatel sales of larger tables and
undeestimated sales of smaller tables and (b) the mean absolute errors (MAES) of prediction
were in the 7% to 9% range. Tuning the sensitivity of the market simulator using of a scaling
factor (or exponent) of 0.45 providdietbest possible MAE improvement (to just under 5%),
but the pattern of oveand underestimation was still evident.

AThe rest oWhiletthese findings wege &@fGome concern to the company and its
retail account, further analysis of the consupwenchasing process led to an interesting
explanation for this apparent conjoint model
decision making process is probably somewhat different for small vs. large tables (as described
in Figure 7). As aesult, what began as an initially disturbing finding became the springboard
for illuminated understanding of customer behavior.
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Figure 7

Smaller Tables Larger Tables

Impulse Purchase: Planned Purchase:
*Self-service using shopping cart *Need assistance from store associate
*Use own vehicle to transport *Need alternate vehicle to transport

Impact: Actual sales greater than Impact: Actual sales /ess than
projected projected

I1l. ESCALATING CLIENTDEMANDS ON CONJOINT ANALYSIS

As Lifetime managers gained confidence in the conjoint methegt,began to place
increasingly greater demands on the analysis. This section will describe company actions taken
to respond to this demand.

Use of Graphics in Partiagprofile CBC As Lifetime managers gained greater confidence in
conjoint analysis, gécularly with the adoption of choieleased conjoint, they were no longer
satisfied with simplified product models involving only five or six attributes (a generally
accepted limit for reasonable respondent understanding and attention). When the company
upgraded from futbrofiletopartiadpr of i e CBC (using Sawtooth Sof
Module), it was possible to design models with ten, fifteen, or more attributes, while displaying
only five or six at a time in each choice task. Given the ootaif attributes and changing
product configurations from task to task, however, the marketing research department concluded
that it would be helpful to usgraphicgto facilitate respondent comprehensi@8ee Trailer
example in Figure 8; note that aniteé GIF files were included in the actual online interview to
demonstr at e -in-haff fedtureanithe ehoide saskfatofdr ight.)

Figure 8

Graphics Facilitate Respondent Comprehension
Utility Trailer Partial-Profile CBC

Which of these three single-axle wtiity trailers would you choose?

L Which ofthese three single-axle ulity trailers would you choose?

2 st s s

SN . »2‘ e | m— m—
kWl W ” T I E;;g @ %
s:ss 31',-249 win > 1. ) m]\‘:w Fa " ‘~,- \\\ D <
- Eoxfiatls - =

$999 $999 $979

Tyt b
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The Next Step: Adaptive Choice/ACB@hile partialprofile CBC with use of graphics
became kcomjant methad @f choice in late 2007 and 2008, it still had several perceived
shortcomings. The use of graphic attribute representations did much to facilitate respondent
understanding during the interview, but it was still felt that the task assigmmealving only a
portion of the attributes in each task were not as realistic as desired. There was always some
doubt as to how respondents behaved as they
all three opti ons.tothe c@rpangwaethe nged ferdarger sampl®sizese r n
to compensate for the reduced individual information in each sample point. Analysis of standard
errors in the CBC designs suggested that sample sizes in the order of 700 to 800 (or more) might
be neededbr a typical Lifetime study of 12 to 15 attributes shown only five at a time.

Because of these concerns, the company watched the development of Adaptive
Choice/ACBC by Sawtooth Software with great interest and was excited to serve as a beta tester
in late 2008. Lifetime viewed the value proposition for ACBC as havindjekibility of
adaptive conjoinf such as Sawt oot h dealishoCchoicabaged corgomtt i on )
and thetask simplificatiorof partialprofile CBC all with more reasonablesample sizes.

The company 0 s -tektistudg, involkir@RidoobStotage Shedsonsisted of 16
attributesand 45 levels (eight brand names was the maximum levels used for any one attribute).
Constructedist technology was used to reduce thtelautes shown to each respondent from 16
to 10 (see screenshot example in Figure 9) and brand names from eight to four. In essence, each
respondent had to deal with his/her most important 10 attributes, but the entire market considered
all 16. The samp size was reduced considerably from the level needed in comparable partial
profile CBC studies (400 vs. 800 or more).

Figure 9

Use ACBC Constructed List to
Reduce Large Number of Attributes

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

Please go ahead and check 8 more features that y

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

Shed Height (& door height)

[ Door Location (end of shed vs. side of shed)
[ Floori
[ shelvi
M w
[ skylights ( uded \

ed vs. not)

ed vs. not)

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

[J Flowerboxes (included vs. not)

[J Tool Storage Package (included vs. not)

[J Expandability (expandable vs. not)

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

[¥] Warranty (various lengths)
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At the same time, the company was favorably impressed by the innovative survey devices in
the ACBC interview, such as the iBuYour Own worksheet (or BYO; see screenshot example in
Figures 10a & 10b), Must Have and Unacceptable reality checks (to more accurately capture
norrcompensatory decision behaviors), and an engaging adaptive interview protocol
ateo model

(personalized bytheuséo isal es associ
Figures10a & 10b

below, keep in mind the following:

hour to assemble.
about 3 hours to assemble.

about 3 hours to assemble.

assemble.

Use ACBC Constructed Lists to
Manage the BYO Exercise Efficiently

Please design your ideal shed by
) selecting one option for each feature.

One quick note — as you're deciding the Materials of Construction in the first section

* A Sheet Metal shed comes in 5 or 6 colors; it includes a sliding door; the box fits in a station wagon; and it takes about 1
* A Combination shed comes in 1 or 2 neutral colors; it includes a swing-out door; the box fits in a van or SUV; and it takes
* A Plastic/Resin shed comes in 1 or 2 neutral colors; it includes a swing-out door; the box fits in a van or SUV; and it takes

* A Wooden shed comes unpainted; it includes a swing-out door; the box fits in a pickup truck; and it takes about 6 hours to

Feature Selection

Cost for Feature

O Sheet Metal shed (+ $299.00)

@ Plastic/Resin shed (+ $399.00)
O Wooden shed (+ $599.00)

O 6’ high roof with 5’ high door
® 8’ high roof with 6%’ high door (+ $75.00)

O Shelving NOT included
® Two shelves run the length of the wall (+ $50.00)

(0] Skylight NOT included

O Opening skylight runs the length of roof (+ $60.00)

O 5-year warranty
® 10-year warranty (+ $25.00)

(O Combination shed (sheet metal & plastic/resin) (+ $349.00)

® Non-opening skylight runs the length of roof (+ $30.00)

Notice that the BYO exercise
includes only the “Top 10”
attributes selected by the R.

O 15-year warranty (+ $50.00)

N T—

slso0 |

Total

$/904.00
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With the upgrades available in version 1 of ACBC, Lifetime now has the ability to use the
conditional graphics feature demonstrated in static form in Figure 11. The company is currently
(late April 2009) conducting an ACBC project on Backyard Playsets where various
configurations of swings, clubhouse designs, and other activity centers, along with different color

combinations, are depicted graphically throughout the ACBC online interview.

Figure11

ACBC Conditional Graphics to Increase
Understanding During the BYO Exercise

Feature

Size:

Select Feature

Cost for
Feature

)j\ ,

48"x24" rectangular table (+ $29.99) $ 39.99
@ 72"x30" rectangular table (+ $39.99)
60" round table (+ $64.99)
Leg Style: Straight-leg style 4 2.00
o Wishbone-leg style (+ $2.00)
Color: o Beige ¢ 0.00
White
Folding o No folding feature ¢ 0.00
Eeotute: Fold-in-half feature (+ $6.00)
Usage o Non-commercial grade ¢ 0.00
Rating:
Commercial grade (+ $4.00)
Brand: o NO BRAND ¢ 0.00
Cosco (+ $1.50)
Lifetime (+ $3.00)
Samsonite (+ $3.00)
Warranty: NONE ¢ 2.00

o S years (+ $2.00)
10 years (+ $5.00)

Tatal

+ 43 G4

CONCLUSION

As a relatively new user of quantitative marketing analysis, Lifetime Products, Inuedmas

able toincrease its analytic sophisticatiasing conjoint an@hoice analysisT h e

companyo6s

internal clients have graduailycreased irtheir understandingf andtrustin these analytic
techniques and are starting to retgre heavilyon the resulté their product and marketing
decisionmaking. As the level of trushasincreased, these clients have begun to demand
increasingly more sahisticated solutiondeading up to Adaptive Choice/ACB@raphic
representations of products in survey instrumargsheing used tenhance respondent
understandin@f complex product designs in conjoint models
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ADVICE TONEWCONJOINT PRACTITIONERS

This paper represents a summary of key actions and practical experiences that have helped
Lifetime Products, Inc. to adopt sophisticated conjoint and choice analysis tools for better
decision making. To the extent that this case study may help other t@ngaititioners,
particularly those using or planning to implement similar toclsanse, here is a brief list of
suggestions for consideration:

1. Solicitsupportf r om a mar ket i n gwithiethesomanizatioie.c hampi on o
someone already familiarith the benefit§ if not the technical details of quantitative
research tools)

2. Askinternal clientsgndkeyma nagement ! ) t oo rpcconjomtstidp at e 0 h e
planning and development processes;

3. Demonstrate conjoint capabilitiés stakeholderssing lower-risk (i.e., lowercost) tools
first;

4. Benchmark conjoint results against atfperformance wherever possible; and

5. As managers gain trust andnfidencan the conjoint methadupgrade tools to provide
the increasetunctionality they demand.

Réferring to the third and fifth points above, Andrew Elder, discussant for this paper at the
2009 Sawtooth Software Conference, posed the question as to whether, in retrospect, Lifetime
would have adopted ACBC if that product had been immediately avaidigle the company
started using conjoint tools in 2006. Given the price sensitivities of a mesizem
manufacturing company such as Lifetime and its virtual lack of prior use of quantitative
marketing research tools, it is doubtful that the companywowiddv e Asprung for o a
sophisticated, and admittedly pricey option such as ACBC without amguge track record to
examine. Internal clients were initially unfamiliar with the methods and results of these tools
and probably needaetdi 2 d@tei disaphistjcadadrandlle@spensivé m
options. Only after they began to see the real value of conjoint and choice anatysithey
started to demand increasingly more sophisticated tadils their decisions to upgrade come
with relatve ease.

REFERENCE
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ABSTRACT

We examined consumer preference for a computer accessory product line with an online
survey. Every respondent completed both a chdiased conjoint (CBC) procedure and an
adaptive choicdased conjoint (ACBC) procedure using the same attrib@es.goal was to
predict market share and to answer both methodological and managerialrgpuéstevaluating
within-subjects results, CBC and ACBC gave generally similar estimates, with ACBC estimating
greater price sensitivity and giving a smaller standard deviation of respondent ulilities.
estimated heatb-head preference between two@ucts was compared to actual market data,
ACBC agreed closely with actual market dalta.a 4product portfolio, ACBC predictions of
preference share were in somewhat closer agreement to observed market data than those using
CBC data; the ACBC error pportion was 185% lower than the error rate with CBC data.

BACKGROUND AND MANAGERIAL QUESTION

Our product team was preparing to launch a PC accessory consumer electronics (CE) product
(hereafteiProduct A when a competitor released an identically prigextiuct Product B that
had a higher specification in one feature area that is highly salient to consiivieansshed to
determine the competitive threat from Product B and decide whether to immediately launch a
development effort to update Product Atlat it would match the specification of Product B.

Working with the product management team, we refined the competitive question to one that
was amenable to researdBalancing the development cost against market size, we determined a
threshold for actio of 25% heado-head preference sharéhat is, if Product A achieved at least
25% consumer preference vs. Product B, we would keep Product A unchatayeelver, if its
preference share was less than 25% vs. Product B, we would undertake to updatéuttie p

Because of the managerial importance of this question, we wished to assess the preference
with multiple methods in order to have maximal confidence in the reBolassess preference,
we chose to use four methods: traditional Ch@ased Conjoihanalysis CBC, Sawtooth
Software, 2008); the newly developed Adaptive Chd&ased Conjoint analysi&aCBC
Johnson & Orme, 2007); a single monadic item presented as a CBC holdout task; and a final
offer in which respondents were allowed to receive effteduct A or B at no cost.
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METHOD

We designed a single onlinesurvess i ng Sawt oot h &mprisingdathe 6s S S|
CBC and ACBC exerciseslhe choice exercises had eight attributes: brand, price, and six
product features, ranging from32levels pe attribute. All attributes and levels were identian
the CBC and ACBC portions, except tiatce showed minor variance between the two due to
different methods for constructing conditional pricing in Sawtooth Ss&WCBC vs. ACBC
guestionnairesThe difference was typically no more than$% for comparable products, well
within the range o€onditional price randomization

The survey was designed fdl @spondents$o answer both CBC and ACBé€Xercisesn
randomly counterbalanced orddihe CBCsection included a fixed task that directly assessed
the preference between Product A, Product B, and a third product designed to have minimal
appeal The CBC exercise comprised 12 random tasks plus 2 fixed takksACBC exercise
comprised a BYO configrator task, 9 screening tasks of 3 concepts each, a choice tournament
with 3 concepts in each group, and a final fisem calibration section (unused in the analyses
presented here).

At the end of the survey, 25% of respondents were randesidgted andffered a free
product, where they could choasereceive either Product A or Product B at no .cost

We alsowished to examine the extent to which traditional randomized task/attribute format
choice tasks could predict real market behavior (where produay be described differently
than as a list of featuresThus, thdinal firealb product selection task presented a richer, more
complete description of the available products than the CBC and ACBC exercises, comprising a
superset of the choice exerdskature descriptionsBy doing this, we couldontrast theich
selection task with both CBC and ACBC estimates and with a traditionalutaésk presented
in CBC format, potentially yielding a different estimate of overall preference that would be
informative for the managerial question with regards to the sensitivity of our findings.

Respondent utility scores were computed for both CBC and ACBC sections using Sawtooth
SoftwareHierarchical Bayes (HB) estimation with 40000 total iteratio@BC andACBC
results were compared on the basis of overall utility estimation pattern, se@wgleorrelation
between equivalent attribute/level utilities, wittsnbject correlation across utilities, holdout
task prediction, and prediction of actual produceéstgbn We used respondent sd i
estimated mean HB scores (ilgetascores), converted to zecentered difference scores to
reduce betweerespondent scale effects (Sawtooth Software, 1999).

After six months, actual market data was availablecbmparison of real channel sales
performance as compared to the predicted preference in the siheeproduct team agreed at
the inception of the product that we were interested in consoreferencenith all other factors
being equal as opposedtactualmarket share in which other factors are not eq8éll, it was
of interest to determine the degree to which the methods reflected actual market performance.

RESULTS

N=400 respondents (P&sing adults in the US, enriched for broadband userspleded the
survey. Median time to completion for CBC (when it was taken first, N=201) was 244 seconds,
while ACBC (taken first, N=199) had median 442 seconds.
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In terms of subjective respondent experience, on the scales proposed by Johnson & Orme
(2007),respondents showed no significant differences between CBC and ACBC tasks on self
report ratings of product realism, survey interest, realistic answers, or attestésty &l p>.05).

There was a modest effect for "This survey is at times monotonoksanmndi ng, 0

wher e

respondents who took CBC first reported being more bored after the first choice section than
were those who started with ACBC (means 3.04 and 2.75pminb scale; t=2.33, df=397,
p<.05). In other words, ACBC was perceived as somewhatbesing than CBC despite that it
took 80% longer on averag@cluding the calibration items, which were not used in HB

estimation).

ACBC and CBC yielded moderatelyffdirent utility estimatesFigurel shows the mean
utility by feature and level, for ze-centered differere (normalized)utility scores. Apart from
Brand, ACBC yielded utilities with an equivalent or larger range than CBC between best and
worst mean levels within an attribut&. h i
betier estimates of feature value beyond a few important attributes (Johnson & Orme,I2007).
particular, ACBC yielded a higher utility weight for Price (at the low point), i.e., ACBC
estimated a higher average respondent price sensitivity than did CBC.
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Although the mean utility levels wesemewhatnore extreme, ACBC generally yielded
lower standard deviations within feature level than CBGe ratio of ACBC:CBC standard
deviations ranged from 0.46 to 1.24 with an average ratio of 0.79 ACBCs@BGard deviation
on raw scores; and 0.45 to 1.50 with mean 0.69 foreenteredlifferences (normalized)
utilities. This suggests that to achieve comparable standard errors oflgueliptility means
with a similar product and feature set, ACBC wbuoked about 38% fewer respondents than

CBC.
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Figure 2
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One product attribute, Feature 2, had five levels, of which two sets of two levels were
naturally ordered (e.g., similar to memory size or price, where one level should always be
preferred to anotime Within Feature 2we expected to seeMel 4 > Level 2, and Level 5 >
Level 3. As shown in Figure 3, without constraints on HB estimation, we observed reversal on
both sets with CBC/HB estimation, but ordering as expected with ACBC/HB estimation.

Figure 3

CBC vs. ACBC estimates for Feature 2
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Across respondents, correlations between-zerderedifferenceutilities estimated by CBC
and ACBC on 18 identical attribute levels (e.g., a specific brand; we omitted one level from two
level attributes, as they are identical except for dwagtranged from=0.12 (for one level of a
5-valued attribute; p<.05, df=398) te0.62 (for Price, estimated at one point; p<.01, df=398),
with a median correlation @£0.42Correlation after transforming to multinormality with the
Box-Cox proceduréBox & Cox, 1964 )yielded nearly identical correlation§hese correlations
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demonstrate that CBC and ACBC utilities for a given feature level are positively associated but
are not equivalent.

More telling are withirsubject correlations between utility sceestimated from CBC and
ACBC tasks. We took K levels per attribute with-2 levels, and K2 levels for the attribute
with 5 levels (except for Price, where we used only one point because of its linear estimation)
and then correlated the utility weigtits CBC and ACBC within each respondeiihe median
within-subject correlation was=0.57, with 95% betweern=(-0.15,0.88), as shown in Figure 4

In short, the differences in utility correlations both withamd acrossubjects, the mean
level utility estimates, and differences in variance all establish that CBC and ACBC yielded
somewhat different utility estimates for respondents.

Distribution of within-subject correlation (fetween CBC & ACBC estimates
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This pattern demonstrates thia¢ ttility patternsbetween CBC and ACBC were modestly
different,but didthis mean that CBC and ACBC\gadifferent preference prediction&¥hich
was more correct?

We examined this question with three procedures: (1) predicting a holdout CBC task; (2)
predcting the selection between two free products offered to respondents; and (3) predicting
headto-head market share of the same two products in the actual marketplace.

Predicting CBC holdoutUsingstrict first choice preferende predict a CBC holdout $&

with three options, CBC utilities achieved 70.5% accuracy wshinject (N=400), with a base
49. 4%,
k=0.42 ormoderateagreement. ACBC utilities achieved 65.5% agreemesdicting the CBC

rate | i

holdout (N=400), with basete 54.9%, givindg=0.24 or fair agreemenilthough both

met hods
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within-subject prediction (which would occur with k>0.MNot surprisingy, CBC did slightly
betterasthe holdout task was in CB§tyle format and was part of the CBC trial block.

Predicting final product selectiomN=100 respondents were offered a dichotonfoees
choice betweeRroducts A and Bpresented at the end of survey with a rich product description
(similar to a wekbased shopping formath3/100 respondents chasereceive Product Awhile
47/100 chose Product.B

Preference differentiation was stronger for CBC utilities than for ACBC utilitfdN=162
respondents estimated by CBC to prefer Prodircthkadto-head preferencehe melian
preference estimatee., logit rule summed utility valueyas 0.927, with sd=0.158; of N=130
estimated by ACBC to prefer Product 1, the median preference was 0.802, sd=0.157.

Usingstrict firstchoicepreference, CBC utilities accurately predict&d1®0 actual choices
of the free productwhile ACBC correctly predicted 53/100 actual choicééth a standardized
baserate (combined marginal probability) of 49/100, this yidddppaagreement coefficients of
k=0.14ank=0. 08, respetdi agl ge ment-subjdetipgdicdktonandi t hi n
actual behaviorThus, in this study, neither CBC nor ACBC utilities were very good predictors
of within-subjectchoiceon the free product offer, and their performance was lower for this task
than for tle assessed holdout task described ab®te reasons for these low agreement rates
are unknown, and may include the effects of differing task presentation, respondent
inconsistency, Afound moneyo effects from a f
equivalent), or a novelty effect (e.qg., if a respondent happened to own one of the products
already).

More interesting is the grodpvel difference in preference share between CBC, ACBC, and
real choice.CBC ultilities estimate a hedd-head preferenc®r the product of interest (ugn
strict firstchoice preferengeas43.5%15.0%, while ACBC utilities estimate330%+4.8%
preference Actual selection by N=100 respondents was 53/100 choosing the target product on
the free selection offer, with a binorh@nfidence interval of +10% (i.e., confidence range of
43%63% preference)Thus, the CBC confidence range (but not center) overlapped the
confidence range for observed product seleatiothe free product offewhile the ACBC range
did not.

It is important to emphasize that the free selection task differed from CBC/ACBC tasks in
two ways: (1) it was an actual, not a hypothetical choice; (2) it came at the end of the survey and
presented more features, with more descriptive text, in richer contexgtemman Internestyle
product display.We have found previously (Chapman etuadpublishedithat CBC performance
at predicting actual behavior was higher when the CBC survey format closely matched the actual
product selection format (cf. also MartinRayner, 2008).

Predicting market responsAs noted aboven a heaeto-head comparison, CBC predict
43.5%15.0% preference share for Productwhile ACBC predictd 33.020+4.8% preference
share.Actual market data for Product A showed a heatleadmarket shareof 34.6% (this was
calculated asinit sales of A (unit sales of A 4unit sales of B, with an unknown confidence
interval). The ACBC prediction of preference share was not statistically significantly different
from the observed actual marlgttarei an impressive result for the product team.

Tuning of responseAlthough heaeo-head preference prediction was the key research
guestion and ACBC answered the question quite well, a more interesting question involves
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prediction among more than Poglucts. Utility estimates from conjoint analysis surveys often
need to be Atunedo to adjust the wutilities by
comparison to actual market results (Orme & Heft, 1999).

We evaluated the tuning coefficiems. actual market data using the Sawtooth Software
SMRT market simulator with randomized first choice selection, including in the simulation all
four products in the studied category that have greater than 5% unit share and are in the price
range we studat We selected the beselling product as the baseline and adjusted the utility
exponent wuntil that product és sThedesefitfonGBCt c| os
data was obtained with a utility multiplier (i.e., exponent) of 0.28, WAI8C best fit had an
exponent of 0.14.

As shown in Table 1, mean absolute error (MAE) and root mean squared error (RMSE) were
reduced by 260% by tuning the utility exponenhfter tuning, ACBC had errors that were-15
25% smaller than those of CBC.

Tablel
Actual and Predicted Shares, Before and After Utility Exponent Tuning
Actual TUNED TUNED
Market CBC CBC ACBC ACBC
Product share Exp1l Exp0.2¢€ Expl Exp0.14
Product A 0.141 0.28¢ 0.282 0.164 0.252
Product B 0.26¢€ 0.122 0.172 0.16¢ 0.18L
Other 1 0.401 0.511 0.40¢ 0.63€ 0.40:
[tuning baseline]
Other 2 0.192 0.082 0.14< 0.031 0.164
MAE (3 products) -- 0.127 0.09t 0.12¢ 0.082
RMSE (3 products) -- 0.12¢ 0.10z 0.151 0.07%
CONCLUSION

For our consumer electronics (Gatpduct, ACBC and CBC yielded generally comparable
utility estimates.Combining the two methods gave us high confidence in the ability to answer
the managerial question of interest with reduced dependence on a single n&ibédCBC
procedure gave sligly smaller standard deviation of utilibetaestimates across respondents,
indicating that it may produce stable results with smaller sample #i&#BC also estimated
higher price sensitivity of respondents, and yieldexferencerderfor certain leels (without
constraintythat were more closely aligned to expectation than CB&ther method was highly
effective at prediction of withisubject preference, but this was of marginal interest for our
application, as we wished to predict grdapel peference.

In headto-head product preference estimation, ACBC was a substantially closer match to
observed market data, with no statistically significant difference between predicted and observed
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headto-head preference between the two products of intevéeen modeling a lineup of three
products, with exponent tuning to match a holdout product share, ACBC had an average error of
7.58.2% vs. market data, compared to-90562% for CBC.

In short, the performance of ACBC for our CE product was similar t6 &8 somewhat
better in alignment with market datd/e believe future research would be useful to determine
whether this pattern of results (better prediction; higher price sensitivity; lower standard
deviation) continues with other product categorid%& hope other researchers will
systematically include the kinds of external market validity and betwesthods measures that
we investigated.

REFERENCES

Box, G. E. P., and Cox, D. R. (1964). An Analysis of Transformatidogrnal of the Royal
StatisticalSociety Series B 26: 21246. http://www.jstor.org/stable/2984418

Chapman, CN., Alford, J., Lahav, M., Johnson, C., and Weidemann,uRp\iblishejl
Conjoint Analysis Prediction and Actual Behavior:r&a Sudies.

Cohen, J. (1960). A @xfficientof Agreement for Nominal ScaleEducational and
Psychological Measuremeniol. 20, ro.1, pp.37i 46.

Johnson, RM., and Orme, B. K. (2007). A New Approach to Adaptive CBC. Sawtooth
Software, Sequim, WA.

Martin, B, and Rayner, B. (2008). An Empirical Test of Pricing Techniques. Paper presented
at Advanced Research Techniques ForunR{A Forum) 2008, Asheville, NC.

Orme, B. K., and Heft, M.A. (1999Rredicting Actual Sales with CBG&iow Capturing
Heterogeneitymproves ResultsAvailable online at
http://www.sawtoothsoftware.com/download/techpap/predict.lagt accessed April 13,
20009.

Sawtooth Software (1999%caling Conjoint Part Wans: Points vs. Zer€entered Diffs
Available online ahttp://www.sawtoothsoftware.com/education/ss/ss10.sHasi accessed
April 13, 2009.

Sawtooth Software (2008). CBC 6.0 Technieabper. Available online at
http://www.sawtoothsoftware.com/download/techpap/cbctechlasif accessed April 13,
20009.

ACKNOWLEDGEMENTS

The authors thank Bryan Orme of Sawtootht®afe for extensive feedback and discussion
of boththeresearch plan and data analysis well as discussion at the Sawtooth Software
Conference (SSC) 2009, and thank Rich Johnson of Sawtooth Software for review and
comments on initial resultaVe alsothank Dr. Edwin Love of Western Washington University,
with whom we had fruitful discussions thferesearch plan andghta analysis; colleagues at
Microsoft Hardware who posed the initial research questions and supported our sharing methods
and results wit the research community; and many attendees of SSC 2009 for their insightful
guestions and discussion.

206


http://www.jstor.org/stable/2984418
http://www.sawtoothsoftware.com/download/techpap/predict.pdf
http://www.sawtoothsoftware.com/education/ss/ss10.shtml
http://www.sawtoothsoftware.com/download/techpap/cbctech.pdf

NON-COMPENSATORY(AND COMPENSATORY MODELS OF
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WHY STUDYC ONSIDERATIONSETS

| f customers do not <consi dEereiyavidence that88&u ct , t
of the uncertainty in choice models can be explained by simply knowing the catisidset
(Hauser 978). Many important managerial decisions rely on identifying how customers form
consideration set®hich features leadustomes to eliminate certain products frofarther
consideratio Which features leadustomesto seek further informatioand this open the
opportunity for a sal® How do technical specifications agdantifiablefeatures of a product
interact withmore qualitative features such as serviceebability? Do e s  fidhivea n d 0
consideation? And what carafirm do about it?

This prdolem is real.Even though a Buick wased in 2008with Lexus as the tepanked
automobile on a J. D. Power dependability stwegs the toganked American car b§onsumer
Reportsand produced cars from the togmked US factory for quality, in 2008w US
consumers wouldeven consider a Buidkin California almost twehirds of consumers rejesd
GM cars without evaluating them; nationwide gegcentage wadose to 50%. Investments in
reliability, quality, safety, ride and handling, comfort, naviga, interiors, and Onstar become
irrelevant if consumers never get beyond the consideration stage. For this and other reasons, the
US automobile manufacturers were considering or entering bankruptcy in the spring of 2009.

Autos are but one examplén frequentlypurchased products, such as deadts,
consumersconsider only a small fraction of those available (typically 1B%user and
Wernerfelt 199D Leverage can be huge. There are 350+ auto/truck brands on the market, but
the typical consumer caiders roughly 5 brands. A strategy that increases the likelihood that
an autonobile brand is considered could increase f i r m6s odds of making a
1in 67 a substantial improvement.

207



Much of the conjointanalysis literature and mosonjointanalysis applications havedused
on preference or choice. Recently, a number of papers have focused on choitieneoinoh
consideration, providing evidence that tatage, consideghenchoose models often improve
both realism and accunat Sometimes these papers measmsideration explicitly; other
times consideration is an inferred construct.

More recently, papers have begun to focus on the consideration decision itselfziagogni
that managerial actions can be takenftechconsderation directly. For exampleadvertsing
might stress d. D. Power result, make saliend@eenindgeature, or select product features that
are Ikely to lead to consideration.

Research in consumer behavior suggests that the consideration dexigiobe
fundamentally different than the choice decisi@xg.,Bronnenberg and Vanhonacker 1996;
DeSarbo et al., 1996; Hauser and Wernerfelt 1990; Jedidi, Kohli and DeSarbo, 1996; Mehta,
Rajiv, and Srinivasan, 2003; Montgomery and Svenson 1976; Pay6eR®&berts and Lattin,
1991, 1997 Shocker et al., 1991; Wu and Rangaswamy 2003). Carsurfien process a large
number ofproducts (possibly hundreds) afarge number of features (possibly 50 or more) and
make deisions rapidlysometimes in secon@@ayne, Bettman and Johnson 1988, 1993
many, but not all, cases, consumers use heuristic rules to screen products for future
consderation. These rules are oft@mpler than those implied by tirditional additive
partworth rules used in conjoiahalysis. Consumers might rank features and choose
accordingly (lexicographic), focus on a few features to accept or eliminate alternatives
(conjunctive, disjunctive, disjunctions of congions), or use mixed rules (conjunctive to
eliminate mostalteant i ves, then compensatory for the ren
because they balance cognitive or search efforts with the utility of choosing from the
consideration set. They might also be ecologically ratioezduse consumers can rely
maket regularities andgnore certain feature<Cars with large egines tend to be fast, have low
mpg, and have sporty suspensions. In general, we expedlaratisin heuristics to be
cognitively simpler than compensatory choice reg.,Bettman, Lue and Payne 1998; Broder
2000;Chakravarti and Janiszewski 2003; Chase, Hertwig and Giggaré998Gigerenzer and
Goldstein 1996; Gigerenzer and Todd 1999; Hogarth andl#&a 2005Kahneman and Tversky
1996; Johnson and Payne 1985; Murray and Haul8;208well, Weton and Shanks 2002,
2003;Payne, Johnson and Bettman 1988, 1993; Martignon and HoffrageN@a@non and
Schmitt 1999; Schmitt and Martignon 20@3mon 1955; Shugan 1980

In this paper we review and contrast recent research ecoampeasatory(and
compensatory)c onsi der ation deci sions. These papers
explicat ed o tempetdihfer dosentitllis rebom@ensatorgecision rules that
consumers use to form consideration sets. Some metheadgine consideration directly; others
infer consideration as atént construct. In some cases data are collected Miaen
guestionnaire; in other cases not. Some use incerdivpatible measures; others not. In some
cases, noitompensatory modelsform better; in some cases we cannot reject compensatory
models. And, the product catggesvary: some are more complex thathers.

Papers using twdor more) stage models includ&ndrews and Manrai 1998; Andrews and Sriniva$895;Desai and Hoyer 2000; Desarbo
and Jedidi 1995; Ding, et @009 Erdem and Swait 2004; Gensch 1987; Gensch and Soofa,19995b Gilbride and Allenby 2004; 2006;
Halbl and Trifts 200QHauser, et al. 2009; Jedidi, Kohli and DeSarbo 1996; JadalKohli 2005Kamis 2006; Kardes, et al. 1993;
Lapersonnel.aurent and Le Gofi995 Moe 2006;Nedwngadi 1990; Newman and Staelin 1972; Oppewal, Louviere and Timmermans 1994;
Posavacet al. 2001; Punj and Staelin 198)berts and Lattin 1997; Shocket,al. 1991; Siddarth, Bucklin and Morrison 1995; Swait 2001,
Swait and BerAkiva 1987;Urban, Hauser and Rerts 1990and Yee, et al. 2007.
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Through this comparison we posit empirical generalizations suggesting differences among
data collection proceduresstanation methods, underlying theoretical models and, most
importantly, which are most appropriate for which proetategory characteristics.

THECONSIDERATIONSET

In the early 1970s most new products were tested in expensive test markets often costing
between one and two million dollars. In response, many researchers developed laboratory test
markets based on simulated stores and choice models (e.g., Silk and Urban 1978). Researchers
quickly discovered that the average consumer did not consideaatifon the market. For
example, if there were 32 deodorants on the market, the average consumer considered only 4
brands. More importantly, accurate forecasts of market share or volume required that choice
models be conditioned on the considerationvih, separate models to indicate how a new
product would enter the consideration set. T
consideration set explicitly and, in doing so, allowed managers to evaluate advertising and
distribution spending desigd to enable the new product to be considered.

Since the 1970s, the consideratset phenomenon has been wiEcumented (e.gJedidi,
Kohli and DeSarbo, 1996; Montgomery and Svenson 1Rd@6lssermnd Bagozz2005 Payne
1976; Roberts and L, 1991;Shocker et al., 1991). The phenomenon has an economic
rationale (Hauser and Wernerfelt 1990). The basic idea is that value of a consideration set is
based on the Autilityodo that a consumer receiyV
cost of sarching for the maximum element. If a new item is to be considered then the expected
value of choosing from the expanded set (mowl products) minus the expected value of
choosing frorm products must exceed the cost of searching wvet rather tham products.
Managers can increase the perceived value af th&" product with new product features or
advertising or decrease the search cost with communication, sampling, or promotion. Of course,
competitors will, in turn, enhance their brandshe same way as they defend their brands
(Hauser and Shugan 1983).

Fortunately, consideration decisions can be measured directly. Much as a researcher might
ask respondents to choose among profiles in a clii@ised conjoininalysis exercise, modified
formats enable researchers to ask respondents which profiles they would consider. See Figure 1.
In this particular format a profile is highlighted in a center box as respondents run their mouse
over a fAbull pendo of prof i IrersattheyRauld pusdderdhent s t h
profile. Considered profiles are displayed on the right and respondents can a@tegprofiles
until they are satisfied with their consideration sets. Such formats are easy to program and
respondents find them easyusee.
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Figure 1

ABull pend Measures of Considerati
Step 1 Step 2 Step 3
Browse Consider View
& or &

Click 4 Rethink

Click on card to
consider or
put back
(back to Step 2)

-----

.....

Such formats beg the question: does it help to measure and model consider&ionsfec
For example, if the focus is on ultimate choice, why not simply model the decision to choose a
profile from the set of all profiles, rather than model the decision in two steps? As illustrated in
Figure 2, we can write equivalently that Prob(chamse Prob(choosa from consideration set
C)*Prob(consider sef). The motivation for modeling consideration liagésearch that
indicates that consumers often use different (heuristic) decision rules for consideration than for
choice. (In addition, as argued above, managersféest aonsideration directly.)

Figure 2
Conceptual Representation of Choice within agideration Set*
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*The red circle is the chosen profile, the shaded irregular region is the consideration set, and the grey area is the fubick set.
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DEcISION-RULEHEURISTICS INCONSIDERATIONSETDECISIONS

Heuristics are comman consideratiorsetdecisions For example, examine Figure 3. In
this figure respondents are asked to choose one GPS from among 32 candidate GPS profiles that
vary on 16 features. Most respondents would be unlikely to examine all features of all GPSs and
form an additivepartvorth compensatory evaluation. Rather, a respondent might focus on a
relatively few features (color display, long battery life, etc.) and eliminate those that do not have
the desired features (a Aconjunctanoteed deci si o
simplifying heuristic. Research suggests that this task is not unlike tasks faced by real
consumers in real market environments.

Figure 3
Choosing Among 32 GPS Profiles That Vary on 16 Features
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We elaborate various heuristic rules in a latetise, but one aspect shared by all of these
rules is cognitive simplicity. Cognitive simplicity is based on experimental evidence in a variety
of contexts (as early as 1976 by Payne; reviews by Payne, Bettman and Johnson 1988, 1993).
Related evidencegugest s t hat cognitively simple fAfast
prescriptively good ways to make decisions (Brandstatter 2006 Dawkins 1998; Einhorn
and Hogarth 1981Gigerenzer and Goldstein 1996igererzer, Hoffrage and Kleinboltinj991;
Gigerenzer and Todd 1999; Hogarth and Karelaia 2B0%chinson and Gigerenz2005
Martignon and Hoffrage 2002; Simon 1955; Shugan L98asically, with a reasonable
considedtion set (say % automobiles), the best choice from the consideration setss ui
utility to the best choice from 350 automobiles, beat$hvings in evaluation costs &rge
(Internet search, dealer visits, test drives, rea@iogsumer Reportsalking to friends, etc.).
Furthermore, cognitively simpleedision rules are ofterobust with respect to errors in
evaluation.

Cognitively simple decision rules work well
because in such environments features tend to be correlated. Automobiles with large engines
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tend to have good leg roompod trunk room, seat five comfortably, and are often luxurious.
However, such automobiles also get lower gas mileage and are expensive. Market offerings tend
to evolve jointly with consumer heuristics. If heuristics worked well in past decisions,

consumers tend to continue to use the heuristics. If consumers use heuristics, firms react with
their product offerings which, in turn, further justify consumer heuristics. Heuristics might even
diffuse through word of mouth. While it is possible to showatiohs when heuristics lead to

absurd outcomes, such extreme situations are less common in everyday decisions.

I n one illustration a recent MIT sinitegy asked
would consider, 0 Adefoirniinmelty swoel @ ndtMoc @en slied
2009.) Respondents first sorted quietly 50 profiles, then made verbal comments as they sorted
the remaining 50 profiles. When they finished sorting, respondertsarained the card stacks
and articulated dasion rules. All sorting was videotaped with a camera on the cards and a
camera on the respondent. Afterwardisin i ndepe
rules (with high reliability using procedures recommendetibghes and Garrett 1990;

Pereault and Leigh 1999 The results were informative. Most respondents (87%) took less
than 8 seconds per vehicle and most respondents (76%) used a cogsitiyeé/decision rule.

HEURISTICARE MORELIKELY INSOME CONTEXTSHAN OTHERS

Heuristics aremportant, but not necessarily in every managerial context. For complex
technical busines®-business products, such as a high speed printer, in which there are
relatively few dternatives, we might expect a buying center to evaluate all alternativgsausin
full-information compensatory decision process. On the other hand, in a category such as GPSs
in which there are many alternatives, many features, and much information available (on the
Internet) from a variety of sources, we might expect consumerset@ cognitivehsimple
screening haristic to balance search/evaluation cost with the value of ahiglaet ue fibest 0
product.

Fortunately, the behavioral literature suggests characteristics of decision environments where
heuristics are more likely (Betan, Luce and Payne 1998; Bettman and Park 1980b; Bettman
and Zins 1977; Chakravarti, Janiszewski baitikimen2009; Chernev 2005; Fretiek 2002;
Kardes, et al. 2002; Levin and Jasper 1995sier and Olshavsky 199lZuce, Payne and
Bettman 1999; Payn8&ettman and Johnson 1988; 1993; Payne, Bettman and Luce 1996; Punj
and Brookes 2002; Ratneshwar, Pechmann and Shb@8&&rand Steckel, et al. 2005; among
others). Heuristic decision rules are more likely when:

there are more products

there are more feates to be evaluated
guantifiable features are more salient
there is more time pressure

the consumer is in an early phase of his/her decision process (heuristics are dynamic; they
change as the consumer goes through phases of his/her decision process)

theeffort required to make a decision is more salient

the reference class is weléfined (e.g., mature products)
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consumers are more familiar with the category (and have constructedefie#d
dedsion rules)

consumers have cognitive styles focused on ¢ashkpletion

Decision context influences decision rules. Context affects both survey design and
projections to decision environments. For example, the following context effects influence the
use of and type of decision heuristics.

response mode choice taks (as in CBC), rating tasks (as in ACA), matching, or bidding
(for example, respondents are more lexicographic in choice than matching)

familiarity with the product categoiiypreferences are more robust among experienced
consumers and, hence, less deleen on response mode

choice set compositiohinfluences such as asymmetric dominance, compromise effects,
and other contexts encourage heuristic decision rules

negative correlation among features in the choicé s#ten environments are more
regular(eg. , fefficient frontier), the cost of
better (Johnson and Meyer 1984). However, if the choice set is small, negative
correlation nduces utility balance which makes the decision more difficult, thus
leading to moe canpensatory rules.

We illustrate these insights with two decision contexts: automobiles anbasell
purchasingAutomobiles have darge number of features aadarge number of brands (and
variations within brands)Theeffort to search for the inforationis extensivde.g., dealership
experence, WOM, in addition to product features), and the decisiconiplex. Most
automobile ptchasing happens over a period of months, so there is an early phase in which
brands are elinmated. This is particully true because many alternatives (SUV, light truck, van,
sporty coupe, crossver) are difficult to compare. All of these characteristics imply heuristic
processes are |ikely in the early phases of a

Many webbased buyingituations include many alternatives. For example, in March 2009
there were 181 flgpanel televisions available at bestbuy.com. Figure 4 illustrates just a portion
of a page listing the large number of mobile telephones available at various wels.sBatlke
mobile telephones and flagnel televisions have many features and specification$obYit
filtering, consumers easily face information overload and an overwhelming choice decision.
Filtering based on price, screen size, brand, etc. makestlusueigen less cognitively taxing.

All of these characteristics lead to greater heuristic processing. Howevdraaeth buying also
reduces time pressure and search cost, mitigating some of the tendency to favor heuristic
processing.
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Figure 4
lllustrative Web Page for Mobile Telephones
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Not all decisions encourage heuristics. The following decision characteristics make
heuristics less likely:

simple choice sets with few alternatives
few features or levels

really new products with really new features
low time pressure and search costs

final decisions after initial heuristic screening

DEcCISION-RULEHEURISTICSTUDIED IN THEITERATURE

There is a rich set of heuristics identified and studied in the literature (e.g., BettnRarkand
198, 1980bChu andSpires 2003; Einhorh970, 1971Fader and McAlister 1990; Fiburn
1974;Frederick (2002), Ganzach and Czaczkes 1995; Gilbride and A&ty 2006;Hauser
1986;Hauser et al. 2009; Jedidi and Kohli 2005; Jedidi, Kohli and DeSarbo 1@86son,
Meyerand Ghose 198%;even and Levine 1996; Lohse and Johnson 1996; Lussier and
Olshavsky 1986Mela and Lehmann 199%oe 2006;Montgomery and Svenson 1976;
Nakamura 2002; Payne 19/ayne, Bettna and Johnson 198Bunj 2001; Shao 2006;
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Svenson 197%wait2001;Tversky1969, 1972Tversky and Sattath 1987; Tversky and
Simonson 1993Yroomen, Franses and van Nierop 208ight and Barbour 1977; Wu and
Rangaswamy 2003; Yee et al. 2D0We illustrate the most common$tudied heuristics with
examples drawfrom a hypothetical evaluation of automobil@he heuristics are disjunctive,
conjunctive, subset ofunctive, lexicographic, eliminatichy-aspects, and disjunctions of
conjunctions.

Disjunctive. In a disjunctive rule a profile is considered if onetdiea or set of features is
above a threshold. For example, a consumer might consider all hybrid sedans or all sporty
sedans. Hybrids would be considered even if they were not sporty and sporty sedans would be
considered even if they were not hybridsaldsjunctive rule, the other features do not matter.

Conjunctive. In a conjunctive rule a profile must have all of its features above minimum
levels. Of course, some minimum levels can be such that all profiles satisfy them, e.g., at least 5
miles per ghon. For example, a consumer might set minimum levels for fuel economy, crash
test ratings, quality ratings. leg room, acceleration, ride & handling, safety, audio systems,
navgation systems, warranty, price, etc. Technically, minimum levels must fox s
features, even if the minimum levels are so low that all profiles pass.

Subset conjunctive In a subset conjunctive rule a profile must h&¥eatures above a
threshold. Subset conjunctive generalizes both disjun@iwelj and conjunctiveS= number
of features). As defined and applied, 8of the features need to be above the threshold. For
example, if the consumer had already limited his/her search to profiles that vary only on fuel
economy, quality ratings, and ride & handling, thesubset conjunctive modeb € 2) would
imply that a vehicle is considered if either (fuel economy and quality) or (fuel economy and ride
& handling) or (quality and ride & handling) were above minimum thresholds.

Disjunctions of conjunctions (DOC) In aDOC rule a profile will be considered if one or
more conjunctions is satisfied. DOC thus generalizes disjunctive, conjunctive, and subset
conjunctive models. For example, a consumer might consider a sedan if it is a hybrid that seats
five passengers orsporty sedan that has great ride & handling. The sporty sedan need not be a
hybrid and the hybrid need not have great ride & handling. In the MIT/GM study cited
respondents described DOC models when they articulated thiesiothegrocesses.

Lexicographic. In a lexicographic rule the consumer first ranks the features. He/she then
ranks the profiles using successively the fiestked feature, breaking ties with the second
ranked feature, breaking ties further with the thiadked features, etc. Forarple, a consumer
might rank all hybrids over other fuel classes. Within hybrids, he/she might next rank vehicles
on crash test ratings, then on quality ratings, then on ride & handling, etc. Lexicographic rules
are usually defined for choice providingamking (allowing ties) of all profiles in the choice set.
When applied to the consideration decision, we must also define a cutoff which can either be a
limit on the number of profiles or on the depth of ranking of the features used in the rule. With
the latter, if we only observe the consideration set and not the ranking within the consideration
set, a lexicographic rule is indistinguishable from a conjunctive rule.

Elimination -by-Aspects (EBA) In a (deterministic) EBA rule the consumer sissoeely
chooses aspects (feature levels) and eliminates all profiles that have that aspect. Because an
aspect is binary, a profile either has it or not, we can define aspects by their negaduade pr
an equivalent rule of acceptarogaspects (ABA). For exaple, in EBA a consumer might first
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eliminate all conventional gasoline/diesel powered vehicles. (Alternatively, acceybradish)

The consumer might next eliminad# vehicles with crash test ratings below 3 stars, etc. Like
lexicographic rules, EB provides a ranking (with potential ties) of all profiles and, like
lexicographic rules, EBA is indistinguishable from a conjunctive rule if we just observe the
consideration set. EBA was originally defined by Tversky (1972) as a probabilistic rulean wh
the consumer chooses aspects with probability proportional to their measures. However, many
researchers have interpreted that probability agitiadysd ancertainty and have assumed that

the consumer eliminates aspects in a fixed order (Johnsoryreg Ghose 1989; Montgomery
and Svenson 197@ayne, Bétman and Johson 1988; and Thorngate 1980).

Additive partworth rule (and g-compensatory ruleg. We normally think of an adtive
partworth model as a compensatory model, that is, high levels anfeatnres canompensate
for low levels on other features. However, if the partworths are extreme, an additive partworth
rule can act like a neoompensatory rule. For example, if therefkgnary features and if
partworths are inthe ratios 0f2272, é, 2, 1, then -naokedfaumesi nat i on
can compensate for a low level on a higteerked feature. In this case, the additivavparth
model acts as if it were lexicographic. Other+tompensatory rules also have additive
representdons Jedidi and Kohli 2005; Kohli and Jedidi 200Meyer and Johnson 1995;
Olshavskyand Acito 1980). Thus, an additipartworth rule is, in fact, a mixed
compenatory/noncompensatory rule. To address this issue some researchers dgfine a
compensatay rule as an additivpartworth rule in which the ratio of any two feature
importances (mak min patworths for a feature) is no more thg{Broder 2000; Hogarth and
Karelaia 2005; Martignon and ifoage 2002; Yee, et al. 2007). With smag(typically g = 4),
g-compensatory rules and noompensatory rules form disjoint sets.

RELEVANCE TOMIANAGERS

Non-compensatory decision rules, whether applied to choice or considerationedeived
considerable academic attention. But do they have practical evéalaglevance? We know of
no general study to indicate when they do and when they do not have managedateel For
example, it is entirely possible that a heterogeneous mix of conjunctive screening rules could be
approximated well by an additiy@rtworth model €.g.,Abe 1999; Andrews, Ainslie and Currim
2008;Dawes 1979; Dawes and Corrigan 19¥ieyer and Johnson 1995). This is particularly
true because, as cited earlier, many-nompensatory rules can be represented by additive
partworth moded. While we await more systematic research, we provide two published
anecdotes from Hauser, et al. (2009).

Hauser, et al. studied consideration decisions for handheld GPSs. There were two brands in
their study: Magellan and Garmin. On average the Magdtand had higher partworths, thus
in any additivepartworth market simulator a switch from Garmin to Magellan waufatove
market share. However, when roompensatory models were estimated, the researchers found
that 12% of the respondents screenedbiand and, of those, 82% preferred Garmin. For the
other 88% (100% 12%), brand had no impact on consideration. If this model was correct (and
it did predict a holdout task better), then a switch from Garmin to Magellan would reduce market
sharei exactly the opposite of that predicted by an addH#paetworth model.

I n the same study, fdAextra bright disayd ayo fo
based on additive partworths. A market simulator predicted that adding an extra lsplgiyt di
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for an addition $50 would increase share by 11%. However, DOC rules suggested that those
respondents who screenied extra bright displays also tended to scragainsthigher price. A
DOC-based simulator predicted only a 2% increase in share.

GENERALAPPROACHES TAJNCOVER HEURISTICS

Researchers have addressed consideration sets asdmpensatory decision rules with a
myriad of approaches. There are many potential taxonomies; we feel the following taxonomy
captures the essence of the approaches:

consderationanddecision rules revealed as latent constructs

consideration measured directly and decision rules revealed by the ability of the rules to
fit the survey measures

decision rules measured directly through-gsiplicated questions.

We discuss edcin turn.

CONSIDERATION ANDDECISION RULES AAATENTCONSTRUCTS

In these approaches the researcher observes only choices and thddealsia the profiles
in the choice set. The researcher postulates a&tage considethenchoose decision process
and postulates basic decision rules for each stage. The parameters of the moagehgte e
minimum feature levels in the first stage and partworths in the second stage, anéetineth by
either Bayesian or maximuiikelihood methods. We illustrathis approach with three
perspectives: Bayesian, choiset explosion, and soft constraints.

Bayesian Gilbride and Allenby (2004; 2006) use a Bayesian approach. In their 2084 p
they establish either conjunctive, disjunctive, or linear screeningfarlése consideration stage
and a compensatory (protiike) decision rules for choice from the consideration set.
Consideration is not measured, but rather modeled with data augmentation; both the first and
second stages of the decision process arg@ufsimultaneously. Because the first stage is
streamlined, their model scales well in a camera application with 6 profiles (plus a none option),
seven fetures, and a total of 23 levels. They find that 92% of their respondents are likely to
have used aoncompensatory firsstage screening rule even though the number of alternatives
and features was relatively modest.

Choice-set Explosion Andrews and Srinivasan (1995), Chiang, Chib and Narasimhan
(1999), Erdem and Swait (200§wait and BerAkiva (1987) and others use chokset
explosion and maximusikelihood methals. Theseesarchers assume that the consideration
dedsion is made with a logitke compensatory decision rule enabling the researcher to model
the probability of considation for all2" 1 1 consideration sets, whamés the number of profiles
in the choice set. They then assume a sestagk logit for choice from within the consideration
set. They reduce the dimensionality with assumptions of independence, but the model®still hav
complexity that is exponential im If n gets too large the curse of dimensionality makes the
model too onerous to estimate. For appropisated problems the choksetexplosion models
enable researchers to explore the drivers of consideratioenaite researchers to relate these
drivers to charactestics of the consumers and/or choice environment.
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Soft constraints Recognizing the curse of dimensionality, Swait (2001) proposes-a two
stagelike model with conjunctive and disjunctive cutoffs. ey idea is that these mstraints
come directly from respondeidelfs t at ement s and are treated as
influence cutoffs but are not necessarily binding. Swait claims superior predictive ability relative
to choicesetexplo® n based on an fdextr e me-likslihopdovalues. f ul o0 i
Swait also points out that the model itself is estimated simultaneously and, thus, does not assume
an ordeing of the two stages of cutoffs and additive partworths.

CONSIDERATIONMEASURERDDECISION RULEIINFERRED

Since the early 1970s researchers have measured consideration sets directlydeRespo
find the task intuitive and such measures significantly enhance new product forecasts (Brown
and Wildt 1992; Hauser 1978; Silk abldban 1978; Urban and Katz 1983). Figure 1 provides
one example. For a variety of wehsed formats see also Ding, et al. (2009), Gaskin, et al.
(2007), Hauser, et al. (2009), and Yee, et al. (2007). Direct measurement presents three
challenges. Firstf we believe the evaluatieoost theory of consideration sets, then consumers
form consideration sets by making tradeoffs between the increased utility from larger sets and
the increased search cost for larger sktszivosearch cost is set by the rkatplace
environment, butin vitro it is set by the measurement instrument. For example, Hauser et al.
(2009) test four welbased formats that vany vitro search cost. They find that respondents
choose smaller esideration sets when respondents aked to indicate only considered
profiles versus when they are asked to indicate only rejected profiles. The size of the
consideration set when resuents need evaluate all profiles ishetween. Fortunately, the
choice rules do not seem to vary thegrdatically; theorocesf choice can still be measured
with some fidelity. The second challenge is that context matters (see references cited in a
previous section). The size of the evaluation set, the number of features, how decisions are
framed, whdter there is negative cefation among features, whether some profiles are
dominated asymmetrically, and other context effects can all influence decision rules, rules that
might be constructed on the fly. The third Iiddage is when incentive alignmestdoupled with
consideratiorset measurement. Considé&n is an intermediate construct, not the final choice.
Incentives must be sufficiently vague, yet effective, sottimtespondent believésat he/she
should specify a consideration set thatleesin vivo. See examples in Ding et al. (2009) and
Kugelberg (2004). The important caveat for all three challenges is that researchers must pay
attention to context and work to ensure thatithétro measurements approximaitevivo
projections.

Onceconsideration is measuradvitro, there are a variety of methods to estimate the
decision rules that best explain the consideration decisions observed on calibration tasks. There
are two basic estimation strategies: Bayesian with simpler structureaamihelearning
patern-matching algorithms. For example, the Gilbriléenby (2004) approach is easily
modified for explicitly measure consideration. Bayesian methods can easily be written for subset
conjurctive, g-compensatory (rejection sampling) gaof course, additive partworth models.
Machinelearning algorithms use either math programming or logical analysis of data (LAD,
Boros, etal. 1997; 2000

There are at least two issues to be addressed when using revealed estimation for
consderationsd rules. First is the curse of dimensionality. Nmmpensatory models can
easily over fit data. For example, there &&=394,143,178,827 potential DOC rules with 23
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binary festures. With such large numbers it is not feasible to have prior or jpogissbabilities

for each decision rule. Rather, researchers must simplify the model as in Gilbride or Allenby
(2004) or impose constraints that the decision rules are cognitively simple as in Hauser et al.
(2009). The second issue is the robustnetiseoadditivepartworth model. An additive
partworth model is likely to fit the data well, even if the process isaoompensatory. To

address this issueesearchers often estimatg-&ompensatory model and compare it to a-non
compensatory model. Thiwo-step evaluation provides insight because the adepgwavorth
model can nest both.

We are aware of only one comprehensive comparison of the predictive abietyealed
decisionrule estimation on directiyneasured consideration. Hauser, et &0} canpare five
Bayesian models (conjunctive, disjunctive, subset conjuncffgempensatory, adive
partworth) and seven patteracognition models (conjunctive, disjunctive, subset cantijue, g-
compensatory, additiveartworth, DOC math program,@C LAD) on the same data. The
models were estimated when respondents were asked to evaluate an orthogonal design of 32
GPSs. Predictions were evaluated on a different set of 32 GPSs (after a rolaesing task).
They found that:

the relative predictie ability of Bayesian vs. patterecognition methods depended upon
the posited decision model

DOC models improved prediction significantly relative to conjunctive, disjunctive, or
subset conjunctive for both Bayesian and patteoognition methods

therewas no significant difference between the math programming and LAD DOC
models

nonrcompensatory models did better tltpopompensatory models, but
additive partworth models did almost as well as DOC models.

Their study is limited to a single category inearvironment chosen to favor non
compensatory models. Abundant research opportunities will increase our knowledge with
further testing.

DecCISION RULESM EASUREDIRECTLYIHROUGH SELF EXPLICATEDQUESTIONS

Directly-elicited noncompensatory measures have besed almost since the beginning of
conjoint analysis. Casemap, Adaptive Conjoint Analysis (ACA), and other methouid adle
options to ask respondents to indicate unacceptable levels or prddress (Krieger and Banal
1988;Malhotra 1986Klein 1986 Srinivasan 1988Srinivasan and Wyner 1988; Sawtooth
1996. However, these modules have met with mixed success; respondents happily choose
profiles with unacceptable levels. More recently, researchers have experimented with improved
formats. Swait (201) uses seléxplicated cutoffs as soft constraints. Adaptive Ch&8iased
Conjoint Analysis (ACBC) uses a mufitep procedure in which (1) respondents are asked to
indicate a profile that they would consider, (2) a pool of profiles is created aspadns on
that profile, (3) respondents are shown screenssop®files and asked for consideration, and
(4) if a featurdevel is always rejected or acceptedaqpop fiavatar o (a graphic
interviewer can be included, though is not reégd) confirms the negompensatory decision
rule (Sawtooth Software 2008). Ding, et al. (2009) ask respondents to write an unstructured e
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mail to a friend who will act as their agent and purchase the product for them. Figure 5 provides
an example -enail from a Hong Kong respondent who was evaluating mobgphehes.

Figure 5
ExampiMai@®B Direct EIlicitation
MobilePhone Study Hi, Guest
SURVEY (Part 2) Phone Features
Part 2

In the Teaching Agent to Buy task, you told us your instructions one at a time. Now we want you to tell us
these instructions again in a different format -- please write them as if you are writing an email (that
provides instructions) to a friend who is going to buy a mobilephone for you. In this format, it might be
easier for the human agents to understand. Please start the email with "Dear friend"”, and end it with your
name. These inputs will later be emailed to the human agents if you were selected as a winner.

Dear friend, | want to buy a mobile phone recently and | hope u can provide
some advice to me. The following are some requirement of my preferences.
Firstly, my budget is about $2000, the price should not more than it. The
brand of mobile phone is better Nokia, Sony-Ericsson, Motorola, because |
don't like much about Lenovo. | don't like any mobile phone in pink color.
Also, the mobile phone should be large in screen size, but the thickness is
not very important for me. Also, the camera resolution is not important too,
because i don't always take photo, but it should be at least 1.0Mp.
Furthermore, | prefer slide and rotational phone design. It is hoped that you
can help me to choose a mobile phone suitable for me.

[ Next Step ]

Directly-elicited decisiorrule measures have become more accurate for a number of
important reasons. Formats can now be incerdiigmed, hat is, the respondent believes that
he/she will receive a prize (in a lottery) and that the prize depends upon his/her answers to the
guestions (Din@007; Ding, Grewal and Liech3005 Park, Ding and Rao 2008). With
incentive-aligned methods, truthfujuestions are dominanif the incentives are sufficient, then
theespondent i s also encouraged to think hard a
enhance ecuracy. In ACBC respondents evaluate profiles and then respond to an avatar. In
Ding etal. respondents write-enails that are similar to those that they would write to friends.
Researchers are beginning to appreciate the v
first phase of ACBC. Typically, consumers consider but a smalldracfi the available
products, thus one gains significantly more information from knowing a profile is considered
than from knaving a profile is not considered (Silinskaia and Hauser 2009). Finally, the wide
use of voiceof-the-customer mthods has led ta marketresearch workforce that is adept at
guantifiable coding of qualitative data (Griffin and Hauser 1988jhes and Garrett 1990;
Perreault and Leigh989.

Ding et al. (2009) compare directdicited decision rules to decision rules inferred fribwe
analysis of directymeasured consideration (decomposition). The decompositiondirbarics
are ag-compensatory logit model, an additipartworth logit model, a lexicographic model
estimated with Yee, et al . 6s O RéspondentsGvere edoi d
asked to either evaluate profiles or state decision rules (calibration data). Predictions were based
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on data collected three weeks later when respondents evaluated 32 profiles. Thigergsearc
found:

direct elicitation predicts as Was decomposition (no significant difference)
norrcompensatory rules predict better tlipoompensatory rules,
additive partworths do as well as pure rommpensatory rules

While there is no improvement in predictive ability relative to decompositierg téctly-
elicited rules have the advantage that they are less subject to the curse of dimensionality. They
scale well to large problems. For example, Ding, et al. demonstrate that respondents can answer
easily questions about a very complex categaaywould have required over 13 tisand
profiles in an orthogonal design.

TAKE HOME LESSONS

No review of the literature is perfect and ours is not without its caveats. It is vecultlii
compare across stiberatures and it is not yet feasible to@metaanalysis because the criteria
with which researchers evaluate models varies widely. Among the measures we found were hit
rates, log likelihood measures, Kullbak&ibler divergencei-tests,r? (pseudeR?), and U
(percent of information explaingd Some papers correct for the number of profiles (ptiedic
choice from among 2 profiles is easier than from among 32 profiles), others do not and do not
report the number of profiles. In consideration decisions null models are particularly strong. Fo
example, if only 20% of the profiles are considered, then a null model which predicts that
nothing is considered will predict all robnsidered profiles correttan 80% hit rate. Even a
random model will predict 68% of the profiles correctly {G:8.2%). In the papers we reviewed
benchmarks varied considerably and the null models were not equally challenging. Predictive
ability alone should not be used to distinguish models. Detailed information on the
choice/consideration context was often onditteen though research suggests that context can
have a considerable in#nce.

Nonetheless, we were able to identify empirical generalizations that appear to hold. These
include:

nonrcompensatory decision rules for consideration decisions are commamyn m
catkgories (see Table 1 for some examples).

nornrcompensatory decision rules often predict better than purely compensatory rules
(e.g.,g-compensatory rules), but

the unconstrained additiygartworth model is robust and hard to beat on predictive
measues.

complex situations favor necompensatory decision rules, but
non-compensatory rules often predict well in even simple situations.

there are many ways to measure and/or estimatemopensatory decision rules but, to
date, no single approach appeargdminate.
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there are excellent (and intuitive) anecdotes that managers should pay attention to non
compensatory decision rules but, to date, there is no comprehensive theory as to
when.

SUMMARY

Non-compensatory decision rules for consideration decisiagrawing in relevance.
Figure 6 provides the date of publication of the 132 articles we reviewed. This is not a random
sample, but it does suggest a growing interest. -¢donpensatory decision rules for
consideation have a long history in marketingt powerful computers, efficient algorithms, and
new theory is providing exciting new measurement and estimation methods. This research is
likely to have increasing impact as researchers push further the limits of scalability, develop
easyto-use softwag, and gplore synergies with behavioral experiments.

And there are many research opportunities. We need a theory (or generalization) of when
and how models of necompensatory decision rules for consideration influence managerial
theories. We do not ybiave practical models of the effect of such decision rules on market
structure equilibria. And we need many more predictive tests of current (atdbget
developed) models. The future is indeed exciting and, we hope, fun.

Table 1
Example Predictive Abty of Non-Compensatory Models

PRODUCT CATEGORY Percent non-compensatory Fit Equal/ Better
Air conditioners (Shao 2006, protocol) 89% screen, 67% two-stage

Automobiles (Hauser, et al. 2009, process tracing)  76% cognitively simple

Automobiles (Levin, Jasper 1995, process tracing)  86% non-compensatory

Batteries (Jedidi, Kohli 2005, subset conjunctive) equal (a)*
(Cj:_a!'nera_s (Gilbride, Allenby 2004, conj., 929% non-compensatory better
isjunctive)

CeII_ phones (Ding, et al., 2009 28% mixed better (q), equal (a)

conj./compensatory)

Computers (Kohli, Jedidi, 2007, lexicographic) 2/3rds lexicographic equal (a)

Computers (Jedidi, Kohli 2005, subset conjunctive) Avirtually

Computers (Yee, et al. 2007, lexicographic) 58% lexicographic (17% tied) better (q), equal (a)

Documentaries (Gilbride, Allenby 2006, screening) better in-sample fit

GPSs (Hauser, et al. 2009, disjunctions of conj.) better

MBA admissions (Elrod, et al. 2004, GNH) better_model
selection

Rental cars (Swait 2001, soft cutoffs) better in-sample fit

Smartphones (Yee, et al. 2007, lexicographic) 56% lexicographic better (), equal (a)

Supermarket product (Fader, McAlister 1990, EBA) equal to logit

* a=relative to anadditive-partworth model, q = relative to a g-compensa&ory model, conj. = conjunctive
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Figure 6
Dates of NorCompensatory Articles
(Projected through the end of 2010)
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USING AGENTBASEDSMULATION TOINVESTIGATE THE
ROBUSTNESS 0EBC-HBMODELS

RoOBERTA. HART, JR.
DavID G. BAKKEN
HARRISINTERACTIVE

In this paper we describe the useagéntbased simulatioto generate pseudo populations
for investigating the robustness of CB{B models in the face of variousmsumer choice
heuristics.

INTRODUCTION

Latent variable models thastimatehe values for one or more unobserved factors from the
relationship among a set of observed variables are the cornerstone of a variety of methods for
explaining and predicting tHeehavior of consumers in a marketplace. The most wiaksyl
latent variable model is the classic linear regression model, in which the latent variables are
coefficients that define the functional relationship between one orinaependentr predictor
variables and a single scalar dependent variable. Many of the latent variable models used by
market researchers are variations on the classic linear regression model that accommodate one or
more departures from the core assumptions of the classic legrassion model. For example,
logistic regression deals with cases where the dependent variable is categorical rather than scalar.

All latent variable models make some assumptions about the underlying process that
generates the observations (the pasiofjvalues of independent and dependent variables) that
are used to estimate the latent variables. One of the essential aspects of our ability to make
inferences about the latent variables depends on the assumption that any observed relationship
betweenndependent and dependent variables consists of a deterministic component and a
random (noise) component. The classic regression model assumes, for example, that the
deterministic component is linear over the range of observed values, and that the noise
component i$ID, or independently and identically distributed across all the values of the
observed variabl es. This | ast assumption ab
inference since this assumption allows us to compare the vayiatitibutable to the
deterministic component to the variability due to the noise in the data.

Real world data are not always as wethaved as we would like, at least from the standpoint
of methods for estimating latent variable models. For thatmeé&dge important to find ways to
deal with deviations from the core assumptions of the model we are trying to estimate. Itis now
common practice to investigate the performance of an estimator, such as the ordinary least
squares (OLS) regression estioratinder violations of core assumptions by generating a
syntheticdataset where the key aspects of the data generating process can be controlled. For
example, we might want to test OLS performance under varying degrees of correlation between
the indepenent variables and the error term, across varying sample sizes. We can use Monte
Carlo simulation to generate one or mpseudgopulations where the values of the latent
variables are known, draw many random samples from the pseudo population, an&run OL
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regression on each sample and compare the estimated latent variables with the known latent
variablest This comparison allows us to determine the extent to which the conditions (in this
case, errors that are not 1ID) introduce bias into the estimator.

Discrete choice models represent a class of latent variable models of particular interest to
market researchers. Monte Cai\C) simulation has played a significant role in the
development of discrete choice models. However, the specification of a gsrgudation for
testing estimation of disaggregate random utility models presents a number of challenges. In
effect, MC simul ation starts with the Aresult
the dependent variable. As the error structurernesanore complex, this becomes more
difficult. Generating a pseudo population for a discrete choice model is mechanically similar to
running a market simulation but instead of a predicted probability of choice we want to specify
an actual choice (or allation) among a given set of alternatives. There are some important
di fferences, however. Foremost, we need to I
since ités the error term that weolrksuggests usi n
the existence of heterogeneity in the error term across individuals. This heterogeneity arises in
part from differences in decision strategies. For example, some respondents might use a
compensatory decision rule, other might use strictlyecmmpensatory rules, and still others
might employ both types at different points in the decision process (e.g., screening alternatives
using a norcompensatory rule and then making a selection among the remaining set using a
compensatory rule).

Such hetargeneity in choice strategies has generated much interest in recent years. In
particular, market researchers would like to know the extent to which different decision
processes bias the parameter estimation in a discrete choice model. There is pledgnoé
that consumers use a variety of heuristics to simplify their decisions, such as a first stage
screening rule. Gilbride and Allenby (2004) developed a choice modeling approach that permits
conjunctive screening. The model was applied to an adttalset from a choideased conjoint
experiment. The model was evaluated by comparing variessmple fit statistics for this
model against a Astandardod model that did not
improved fit of the conjunctivecreening model, the authors infer that a conjunctive screening
rule is a better explanation for the observed choices than the standard compensatory rule.

GENERAING PSEUDOPOPULATIONS FORCBC-HB MODELS

The introduction of hierarchical Bayes (HB) estiroatfor choicebased conjoint (CBC)
models of buyer decisiemaking has led to new ways of modeling consumer decision processes.
Hierarchical Bayes models are-called because they have at least two levels. In the case of
CBC, a il ower ohenodeedi sdiessrc rprboecsests f or a singl e
model captures the heterogeneity in parameter values across respondents. For most market
research applications, the individdalel decision process is expressed as the multinomial logit
likelihood function, while the variation across individuals is represented by a multivariate normal
distribution.

Many readers will be familiar with methods for generating synthetic datasets. In a nutshell, we reversethegaséimation process by
pairing a value for the latent variable with a value for an independent variable and adding a random variable to rereseeim.
Values for the latent variable are usually generated by specifying a distributi@lafetht parameter for each independent variable and
drawing a value at random from that distribution. Similarly, the error terms are generated by specifying the chadistiénistion for the
error term and drawing a value at random. The valulesofiépendent variable is then calculated.
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For our purposes, the most important aspect of HB choice models is the ability to explore
decision processes at the level of the individual consums noted above, HB facilitates
specification of models that reflect noompensatory decision processes. We believe that it is
desirable to test such models using simulated data. The challenge lies in generating synthetic
dat a, gi v eustamattartof diawirlgparameter vajues from a particular distribution
and then calculating the value of the dependent variable. To create synthetic CBC data the
pseudo population has to interact with the choice experiment in some fashion to generate a
chosen alternative for each choice scenario. For a simple compensatory model this is not too
difficult. We can take the mechanism used in the typical choice simulator, replace the estimated
parameter values with synthetic values, and run the simulatog @sgirst choice rule) against
all the choice scenarios to generate the choice data.

This is a bit more challenging fornano mpensat ory model s, such as
(2004) screening rule model, or an elimination by aspects (EBA) modebnEdhing, these
models may reflect sequentrallti-stepprocesses. In the case of EBA, the consumer selects an
attribute and evaluates the available alternatives on that attribute, keeping those alternatives that
have some minimally acceptable level float attribute. This process is repeated for other
attributes until an alternative is found that is acceptable on all considered attributes. The order in
which the consumer considers the attributes can impact the choice of an alternative, so additional
steps must be incorporated into the data simulation process to capture these effects.

For this reason, we propose usagentbased simulatioto generate pseudo populations of
consumers and synthetic choice data. While, as we have indicated, tradpipreglches to data
simulation will work, agenbased simulation has features which we believe offer some benefits
to market researchers wishing to synthesize data that represent extended models of consumer
decision making.

WHATIS AN AGENTBASEDSMULATION?

Agentbased models have emerged in the social sciences as a method for simulating the
emergence of complex social behavior. An agparsied model represents a complex social
system as a collection of autonomous agents that make decisions or takéaetsponse to
interactions with their environment (which includes other agents). Agesed models vary
greatly in complexity. Cellular automata are simple atpased models in which the agents
populate a grid. Agents possess some trait that karotadifferent values, and the value
expressed by a given agent at any particular point in time is a function of the values expressed by
t hat agentodés neighbors. The agents in a cell
that tells an agenthat state to express based on the states expressed by its neighbors.

In more complex models, agents can interact over space and time (that is, they can move
around), they can learn new responses to environmental stimuli (that is, their decisiomrules ca
change as a result of experience), they can acquire personal histories (records of past decisions
and interactions with other agents), and they can leave and reenter a simulation. These
properties make agebased simulations suitable for generatingtsgtic choice data under a
wide variety of conditions. As a result, we believe that such synthetic data can be used to
investigate the robustness of different estimation methods and models of consumer-decision
making.
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INVESTIGATING THIROBUSTNESS OEBC-HBFORNON-COMPENSATORYDECISIONS

The overall objective of this paper is to demonstrate the feasibility and value cbagendt
simulation for generating synthetic cholsased conjoint responses for different behavioral
models of consumer choice.

BUILDING THEAGENT BASEDSMULATIONS

Agentbased simulations can be created using any object oriented programming environment,
such as MicrosoftE Excel, Java, and Objective
simplify the process of programming agésisedsimulations. NetLogo (available at
http://ccl.northwestern.edu/netlogo) is a free Jaased toolkit that includes a library of models
(useful for code examples). Anylogic is a feattioh commercial toolkit (also JaMaased) that
includes systemdynamnics and discrete event simulation capabilities in addition to dupessd
models fwww.xjtek.con).

The first step in building any agebaised simulation is specification of the process to be
modeled. In this case, weegprimarily interested in the decision processes that consumers
employ when choosing among several alternatives differentiated by a fixed set of attributes, such
as price, brand, and features. We identified four possible processes: compensasiagtwo
with screening rule, elimination by aspects (EBA), and satisficing.

Under a compensatory process, a consumer evaluates each alternative on all attributes. All
levels of all attributes are assumed to be at least minimally acceptable, and no specific
combinations of attributes are unacceptable to the constifiee probability of choosing an
alternative depends on ratios of utilities for the choices, and therestspymng rul€for search.

With the twostage process (as described by Gilbride and Ajle2®04), the alternatives are
first screened on a subset of attributes. Alternatives that pass the screening are evaluated using
the compensatory decision process described above.

Elimination by aspects is a sequential decision process that considarataves one
attribute at a time. Alternatives that are minimally acceptable on an attribute remain in the
consideration set. To be selected, an alternative must have acceptable levels on all attributes. A

stoppingrulemay be | mp | e nmeemalteendtives ansl one that i$ acceptable on all
attributes Iis found, then stop. o Wit hout a s
choose among the acceptable alternatives. Wi

identical tothe twastage process above. Alternatives to the$tege process include a coin
toss tiebreaker and simple ordinal comparison of attribute gaigs, with attributes selected at
random until a winner is found).

Under asatisficingrule, consumes aim to minimize search costs by findingatisfactory
rather tharutility-maximizingalternative. While consumers may occasionally satisfice in the real
world, satisficing is of particular concern to researchers when it arises as a consequence of the
survey process. According to Krosnick and Alwin (1987), satisficing respondents do not attempt
to understand the question completely or to retrieve all relevant material. Instead, they try to

2 This does not preclude prohibited combinations of attributes or levels in the design. Rather, all combinations thaltyairecaated in the
design are minimally acceptable.

® We should note that we areoresenting an EBA strategy in terms that can be implemented as asbagedtand our definition is therefore
slightly different from the theoretical definition of EBA.
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understand it just well enough and retrieve just enough rabterarrive at an answer. For CBC
tasks, satisficing resembles EBA, except that only a subset of attributes are considered, and the
first alternative that is acceptable on that subset is chosen.

Once the process to be modeled is defined, we can deéimetessary agent traits and
processes for assigning those traits to agents. We specify the agent decision rules needed to
implement the different choice processes. We may need to specify environmental traits. Finally,
we specify the process steps aadugence for the simulation.

The agent traits include a preference structure for the compensatory asiageaecision
processepoiamtds Gcfuar attribute | evels to deter:H
two-stage screening rule, EBA, andisficing processes. Finally, we assign a primary decision
strategy to each agent.

STUDYDESIGN

In order to explore the extent to which CB{B may be biased in the face of ron
compensatory decision processes, we compared different consumer decisigiestuaiag two
different CBGHB models: the compensatory model implemented by Sawtooth Software, and
Gi |l bri de andgtagh mddelnniplgniestedtiniRo

We began by creating the design for the CBC experiment (in this case adapting a design from
an atual study). We then generated a populatioBOffconsumer agents possessing innate
utilities for each of the attributes in the CBC desighe actual estimated utilities from the study
were used to populate the agent utilities. The choice taskstoh8iconcepts that each have
four attributes: Hotel Brand (18 levels), Tier (4 levels), Promotional Offer (12 levels), Price (6
levels for each Tier 24 price levels total). A none option is included in each task and each
respondent completes 14 tadks

We created five synthetic datasatsng the same 300 consumers by varying the decision
rules. Four datasets consistetlagents with a single, consistent decision rule, and one contained
equal proportions of the four decision rul@he only differere in the datasets is the mix of
decision rules used by the ageni®s. run the simulation that generates the synthetic choice data,
we select a consumer agent at random from the pseudo population and then select a set of choice
t asks and heselectedcagento The agent evaluates each task by applying its
decision strategy and returns a fichoiceo for
Individual level utilities were estimated for each dataset using both the basitiBBC
compensatory model and the tvabage screening rule model.

We chose to have agents screen alternatives (for those simulations where agents employ a
decision rule that has a screening component) using the Brand and Price attributes only. This
was done for sinlity and we expect that in reality consumers can screen on many attributes of
a product or service and for those screening
to which attributes are used to screen and the specific screening levelshaarattributes.

In previous work thresholds are often characterized in terms of specific attribute levels (e.qg.
he will not pay more than $199, she will only buy red or blue cars, etc.). We chose instead to

4 Again this design is taken directly from a study completed in 2007 (several attributes from the original study werecsimitpifiytthis
model).
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think of thresholds in terms of the underlyiutility values, which is slightly more general
conceptually but results in the same outcome in terms of choice decisfém®perationalized

the thresholds by looking atl agent utilities across all Brands and Prices. The Brand threshold
for an agenis a random variable with mean equal to the value at 30% of the cumulative
distribution for all Brand utilities.

The decision rules themselves are operationalized using the following guidelinesli The f
compensatoryule uses simpletility maximization The twoestagescreeningule has agents
screeningoudllal t ernati ves that have a Brand or Pri c
and the choices theremaining alternative with maximum utility (including None optiofjor
the EBA rule agens choose alternatives at random ahdosethe first alternative that meets
minimum BrandandPrice thresholds Finally, for the atisficingrule agents choost® screen on
eitherBrandor Price randomly (50/50and then select alternatives at randonmliechoice
being thefirst alternative that meethe screening threshold

The following figures use actual choice tasks generated in the simulation to illustrate how the
decision rules operate in practice. Each task has the same attribute leveloaiateasutilities,
the only element that changes is the decision rule.

Figure 1

Choice Process — An Example Respondent Task
Agent 195 Resort threshold = 1.08 Frice threshold = -3.34

Decision Rule 0 = Full Compensatory - Maximize utility across all alternatives

sl I e e
Resort
Uity -0.943 0.637 1.143

-0.364 2.438 3.527 0.236 0.448
Offer Promo 1 Promo & Promo 4 Promo 12 Promo 3 Promo 10 Promo 11 Promo 2
Oiffer Utility 0.878 0171 0.468 -2.072 0.648 -0.433 0.335 0.815
Tier Tier2 Tier3 Tier1 Tierd Tier3 Tier1 Tier4 Tier2
Tier Litiity 0.478 -1.316 3704 -2 866 -1.316 3.704 -2 866 0.478
Price $459 S569 $279 5149 S69 529 §749 $59
Price Utility -16.615 -17.424 -6.76 14.543 14.45 6.TET -3.333 {12,936
TOTAL
UTILITY -15.623 -16.473 0.929 0.062 14.016 10.635 -4.721 6.344

5 Programming the agediased simulation using specific utilitgvel thresholds turns out to be a muithgder exercise.
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Figure One shows a task where an agent uses a full compensatory decision rule, which is a
simple utility maximization rule. Since the final option (Paris for $59) hakitieest combined

utility, it is the resulting choice for this task.
Figure 2

Figure Two shows the same task but the agent chooses usingtagescreening rule.
Using the simulated threshold values for both Brand and Price (shown above the task) the
step is to screen out unacceptable alternatives. In this case the cells in red indicate a utility value
below the threshold and thus alternatives that are screened out. The only remaining alternative is
the Venetian at $749, but since the utifity this option is less than that for the None option this

agent chooses None for this task.
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