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7.1 Intr oduction

The behaiour of consumerss believed to be influencedby mary factors. Someof thesefactors
includetheindividualsculture,socialstatus]ifestyle andattitudes.Understandindnow thesecompli-
catedandinterrelatedfactorsdrive the consumets the primary goal of Manifold DataMining. The
guestionposedto the groupwasto 1) find an algorithmthat predictsthe lik elihood of consumergo
respondavourablyto a givenproduct.In addition,oncethis predictionis madefor a givenconsumer
the group was also asked to 2) develop a secondalgorithm that infers other statisticalinformation
regardingtheconsumer

Manifold Data Mining hasdevelopedinnovative demographicand householdspendingpattern
databasefor six-digit postalcodesin Canada.Their collectionof information consistsof both de-
mographicandexpenditurevariableswhich are expressedhroughthousand®f individually tracked
factors. This large collection of information aboutconsumetbehaiour is typically referredto asa
mine Although very large in practice,for the purposef this report,the datamine consistedf m
individualsandn factorswherem ~ 2000 andn ~ 50. ldeally, the first algorithmwould identify
a few factorsin the datamine which would differentiatecustomersn termsof a particularproduct
preference Thenthe secondalgorithmwould build on this informationby looking for patterndn the
dataminewhich would identify relatedareasof consumespending.

To testthe algorithmstwo casestudieswere undertalen. The first studyinvolved differentiating
BMW andHondacar owners. The algorithmsdevelopedwerereasonablysuccessfuat both finding
guestionsthat differentiatethesetwo populationsand identifying commoncharacteristicasmongst
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106 CHAPTER7. PRODUCT-DRIVEN DATA MINING

the groupsof respondentsFor the secondcasestudy it was hopedthat the samealgorithmscould
differentiatebetweenconsumerof two brandsof beer In this casethe first algorithmwas not as
successfubsdifferentiatingbetweenall groups;it shoved somedistinctionsbetweenbeerdrinkers
andnon-beerdrinkers,but not asclearly definedasin the first casestudy The secondalgorithmwas
thenusedsuccessfullyto further identify spendingpatternsoncethis distinctionwas made. In this
secondcasestudy a deeperfactoranalysiscould be usedto identify a combinationof factorswhich
couldbeusedin thefirst algorithm. The casestudiesarediscussedn detailin Section8.

7.2 Latent Variable Models

Theinitial problemproposakuggestedhatthe methodof Projected_atentSpacesould prove fruit-
ful in thefirst task, thatis, in identifying a few factorswhich could differentiatebetweenconsumer
preferencesna particularproduct.In essencéhis meandindingthedominantfactorsthatareclosely
relatedto a particulardifferencebetweerncustomerswhile shaving thattheremainingfactorsarenot
significant. Mathematicallywe canview this astrying to representonsumeibehaiour in alow di-
mensionakpaceof factors. This ideais commonin mary differentareasof application,with mary
differentnames.n this sectionandthe next we give a discussiorof latentvariablesandrelatedmeth-
ods. Note thatin the remainderof the reportwe shav that this methodwas not useful for the first
algorithmfor differentiatingbetweencustomerswith a few factors;however, we alsodiscusshow it
couldbe usefulin improving the secondalgorithm.

The underlyingtaskis to modela setof n continuousvariables?” = (¢4,...,t,) thathave some
joint probability density f(¢; 11, 3) where and X are the meanand covarianceof the underlying
distribution. The prime heredenoteghetranspoself for examplewe assumehatthe component®f
T satisfyajoint Gaussiarprocesghen

f(t; 1, 8) = (2m) 7287 exp [—%(t — )TNt - )| (7.1)

SinceY isann x n symmetricmatrixandy is ann componentolumnvectorthereare
n+zn:j = 1n(n—H%) (7.2)
j=1 2

free parametersn this model. If we denote{r;}7", asm obsenations(columns)of then variables
(rows) thenby maximizingthelogarithmof thelik elihoodfunctioncorrespondingo (7.1) oneobtains
theusualmaximumlik elihoodestimates

. 1 & - 1 & . .
Hmle = m ; 75, Yimle = m Z(Tj — fimle) (Tj - ,Umle)/-

=1

Note that the maximumlik elihood estimatory,,. is a biasedestimatorof the populationcovariance
matrix.

As n, the numberof factorsone attemptsto modelincreasesgxpression(7.2) implies that the
numberof free parametergrows asn?. To reducethe numberof free parametersne could simply
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assumehat: is diagonal.However, thisis avery drasticassumptiorsinceit is equivalentto assuming
that the variablesbeingmodelledareindependent.On the contrary it is known from the datamine
that somevariablesare very strongly correlated. One possibleway of reducingthe numberof free
parametersvhile still preservinghe main correlationsbetweenhe variousfactorsis to choosea set
of k < n hiddenor latentvariablest = {z1, ..., z}.

For a givenlatentvariablemodelonespecifiesa densityfunction g(z) for  andsomemapfrom
thelatentvariablesnto therandomvariables as

t=y(r,w)+e

wherew arethe weightsthat generate ande is somerandomvariablewith zeromeanthatis inde-
pendentof z. Typically h(¢), the probability densityof ¢, and g(x) arespecifieda priori. Knowing
thesedistributions,the densityof 7" is computedoy conditioningon the latentvariablessothatif 7" is
acontinuousandomvariable,

u(t) = / f(tl2)g(z) de. (7.3)

In summary a givenlatentvariablemethodis determinedby specifyingg(z), h(e), the mapy(z, w)
andcomputingu(t) with (7.3) or its generalizatiordependingdn the probability measurenvolved.

Oneexampleof a latentvariablemethodis factoranalysiswhereone specifiesthaty is a linear
map

t=ylz,w)=Qz+p+e

from R* to R". The  and() areparametersandz, ¢ areassumedo beindependenhormalrandom
variableswith zeromean.For x oneassumesinit covariancewhile for ¢ oneassumeshatthe covari-
anceis a diagonalmatrix sothatz ~ N(0,1), ande ~ N(0,I') whereI" is somediagonalmatrix.
From the structureof the maponecandeterminethat7 ~ N(u, " + Q). As in the casewithout
latentvariables,onemay estimatey, 2 andI” usinga maximumlik elihoodestimatehowever evenin
the caseof this linear modelthereis not a closedform for the estimatesandthey aretypically found
throughaniterative process.

This linearmodelillustratesthe point of usinglatentvariables.In particularfor factoranalysisthe
symmetryof I + Q€)' reducegheoriginal kn free parametersf (2 to [2]

(n+1)(k+1) %k(k +1)

which only grows linearly with n. Thisis accomplishedvhile still preservingsomeof the underlying
correlationstructure. The trade-of is the increasan compleity whenfacedwith the determination
of the latentvariablesz. We now turn to anothemmethodcloselyrelatedto the projectiononto latent
space§(PLS).Namelyprincipalcomponenganalysis.

“In muchof the statisticalliterature,the latentspacemethodsareknown aspartial leastsquaresnethods.Fortunately
thisyieldsthe samePLS mnemonic.
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7.3 Principal ComponentAnalysis

Principal componentanalysis(PCA) is the particularlatent variable methodwherethe & principal
componentairetheleadingeigervectorsof the samplecovariancematrix

. 1 & . .
X = m_1 ;(Tj — ) (7 —p).

Ratherthan using the covariancematrix, an alternatve choice (not usedhere)is to basePCA on
the correlation(basicallystandardizeatovariance)matrix. In eithercase,PCA canbe viewed asa
transformationthat diagonalizesS. therebyreducingcorrelationsbetweenvarious combinationsof
factorswhile simultaneouslyinding directionsin which the variancels a maximum.

Anotherwayto view PCAis in themeansquarecderrorsensg5]. With thisviewpoint,theobjective
is to find a setof k£ orthonormalbasisvectorthat spana k£ dimensionakubspaceuchthatthe mean
squarederror betweenr andits projectiononto the subspaces a minimum. As beforethen x m
matrix 7" corresponds$o m obsenationsof n randomvariables.If onedenoteghe orthonormalbasis

setas{¢; }ﬁ?:l andthe projectionof 7" ontothis setas7; thenthe expectedvalueof the meansquare
erroris

E(IIT=T?) = E<||T—Z(£}T)€j|l2>

= B(IT") - E (Z(&;W)
= (m—1) (Tr<2> -2 5;-%») (74)

wherewe have assumed®(7') = 0 andX = T7"/(m — 1) is the covarianceof 7'. By the spectral
theoremevery symmetricmatrix X = ¥’ hasafactorizationt = V DV’ with D realdiagonalandV’
anorthogonalmatrix [8]. Consequently> hasn eigervectorsthat canbe chosento be orthonormal
andmoreaver, all of the correspondingigervalues{);} arereal. Fromtheright handsideof expres-
sion (7.4) onecanseethatthe meansquarederroris minimizedby choosing{¢;} to beary setof &
orthonormalvectors[3].

Representatiolf7.4) alsoillustratesthe particularadvantageof choosingthe first &£ eigervectors
of X. In this casethe residualof the meansquarederror is the sum of the absolutevaluesof the
remainingn — k eigervalues.Becausef therelationshipanaturalmethodof choosinghe numberof
latentvariableds to fix someacceptabléevel of errory > 0 andthenchoose: sothat

E(T -T2 = 3 N <6

j=k+1

It shouldbeemphasizethattheseresultsonly holdif theerroris computedn themeansquaredsense.
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Figure 7.1: lllustratedare the componentf a two factor PCA and SVD analysisfor a randomly
generatedsetof m = 100 points (z,3 — = + y) wherez is uniformly distributed on the interval
0, 3] andy uniformly distributedon [—0.5,0.5]. SinceE(z) = E(y) = 3/2 # 0, the PCA and
SVD analysisyield a different principal direction. For this simulation, &l., = (—0.7043,0.7099)
and&l,, = (0.7978,0.6029). The othercomplimentarycomponentsareéZ,, = (0.7099,0.7043) and
€2, = (—0.6029, 0.7978).

7.3.1 Contrasting PCA and SVD

The abore materialshowvs that PCA corresponds$o choosingthe £ dominanteigervectorsof the co-
variancematrix 3. ProvidedonehasF(7T") = 0 this correspondso finding the singularvaluedecom-
position(SVD) of T'. ToilluminatetheconnectionletT = LS R’ betheSVD of T"whereL andR are
unitary matriceswith columnsthatspanR™ andR™ respectrely. Fromthe decompositiorof 7" and
thefactthat £(7") = 0, onehas® = 71" /(m — 1) = LSR'RS'L’ /(m — 1) = LSS'L’/(m — 1). This
shouldbe comparedo the eigervectorexpansiornof ¥ = V DV’ whereV is thematrix of orthonormal
eigervectorsof X and D is thecorrespondingliagonaimatrix of eigervalues.As aresult,onecaniden-
tify the eigenspacé&’ of 3 with theleft singularspacel of T'. In addition,the matrix of eigervalues
D = diag\y, . .., \,) corresponds$o thematrix S5’ /(m — 1) = diag(o?, ..., 02)/(m — 1).

If onedoesnotensurethat £(7") = 0 thenat leastthe first componenbf PCA andSVD indicate
differentprimary directions. Figure 7.1 illustratesthis behaiour whereT = (2,3 — = + y) with x
uniformly distributedon theinterval [0, 3] andy uniformly distributedon [-1/2, 1/2]. In this casethe
first componenbf the PCA pointsin thedirectioncorrespondingo the maximumvarianceof thedata
cluster (—1, 1) /v/2, whereaghefirst componenbf the SVD pointsin thedirectionof the centroidof
thecluster (1,1)/v/2.
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7.4 Difficulties with Latent Variables

Therearetwo disadwantage®f thesenitial modelswhenoneconsiderghemwith respecto the data
mine. Firstly, thesemodelstypically indicatethatwhile theremay be only a few principaldirections,
thesedirectionsmay have significantweightin mary of their components.This correspondso the
situationwhereoneshouldasklarge numbersof questiongo determinewhich clusterto assignto a
givenindividual. In essencethis analysisdoesnot provide a naturalway to determinewhich of the
itemsis the bestindicator(or the bestfew indicators).

Secondlyonemustdealwith thediversecollectionof datain thedatamine. Responsesangefrom
binaryinformationaboutthe ethnicity of anindividual to continuousdataregardingthe market value
of their dwelling. Thesetwo problemssuggesthata robustalgorithmis neededo gainafootholdon
the structureof the mine beforea moresophisticatedatentvariableanalysiss attempted.

7.5 Determining the BestQuestion(s)

7.5.1 Factor Analysisasa First Look at the Mine

Factoranalysisis the meansby which we find the covariancerelationshipamongmary variablesin
termsof afew unobserable(or latent)variables.For example,if someone@wnsa Porschewe would
suspecthatthe personalsohasa high-payingjob, livesin anupperclassneighbourhoodhasa six-
figurestockportfolio anddinesat high-clasgestauranten aregularbasis.If we wereto labelalatent
variablethatencompasseabesefour variableswe couldlabelit quality of life.

In conductinga factoranalysisthe basicmodelasdiscussedn Section7.2is:

t=Qr+p+e (7.5)

t is the obsered randomvector at n levels with a correspondingneanvector i so that p; is the

expectedvalueof ¢;. Thevectorz consistof thecommonfactorsatk < n levelsandthen x & matrix

(2 is amatrix of coeficientsotherwiseknown asthefactorloadings.The element();; is referredto as

theloadingof thei-th variableon the j-th factor In theabove example,n = 4 andk = 1.
Themodel(7.5) canberewritten as

t—p=0Qr+e¢ (7.6)
andin orderto have anorthogonalfactormodel,the following assumptionaremade:
e z ande areindependensothatCov(z,¢) = 0,
e F(x)=0andCov(z) =1,
e F(e) =0andCov(e) = I' wherel' = diag(v1, - - -, Vn)-
Basedon theseassumptionsgquation(7.6) yieldsanexpressiorfor the covarianceof ¢,

Cov(t) = Q' +T.
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In particularfor thevariablet; onehas,c2 = 12 + - - - + % + ~; wherel;; = Cov(t;, z;). Thesumof
12, throughi?, is calledthei-th commonalitywhile +; is the uniquevariance.

Fromherewe candeterminevhichcommonfactorscontributethemostto thetotal variability in ;.
Theultimateobjectveis to beableto groupthefactorloadingsfor any onefactorandattachsometype
of labelto themaswe did with the Porscheexample. In particular we areinterestedn theloadings
which carryasignificantamountof theweight.

Therearetwo mainmethoddor estimatinghefactorloadings:principalcomponenandmaximum
likelihood. Theformerusesheeigervalue/eigerectorpairsof the samplecorrelationmatrixin order
to construct). If z ande canbeassumedo benormallydistributed,thenmaximumlik elihoodmethods
canbeusedto estimatethe covariancematrix of ¢t andthusQ€Q)’ + T

In addition,if theinitial factorloadingscannotbe easilyinterpretedyariousfactorrotationmeth-
odsexist to aid interpretation.The mostcommonmethodusedis the Varimaxmethodwhich seekgo
spreadutthesquare®f theloadingson eachfactorasmuchaspossiblesothatthefactorloadingscan
begroupedmoreeasily It shouldbenotedthatin recentyears Bayesiarfactoranalysishasarisen[6].
Oneof thefeaturesof the Bayesiarapproachs the eliminationof the needto rotatefactors.Bayesian
factoranalysiswasnot attemptedn the analysisof the datamine.

7.5.2 Ranked Differ encesof Means

To dealwith the eclecticdatain the mine, the mostdirect methodof determiningwhich questions
seemto reflectthe choiceof anindividualsproductpreferencas to computethe obsered difference
in meansacrosghegivenfactors.Moreover, this is easilyaccomplishedvhenthereis a simplechoice
betweentwo productsasin the casestudiesthatfollow. Theideacanalsobe generalizedo the case
whentherearemultiple products.

If only oneproductis underconsideratiorthe mine (2 is split into two groups,thoserespondents
that have the productandthoserespondentshat do not have the product. Denotethesetwo groups
as(); and(), consistingof m; andm, = m — m; rows (respondents)For eachof the n question
responsegynecomputegheteststatistic

Ty, — o
2 = i i 7

2 2
\/slj/ml + 83,/ M

Using this statisticto classifythe datais basedon the needto find factorswhich areimportantto all
of the respondentsyet at the sametime differentiatethe two groups. In termsof the solutionto the
normalequationsthosefactorswith alarge valueof z; correspondo coeficientswhich arelarge for
bothgroups but the peaksin the graphsof the coeficientsoccurat significantlydifferentlocations.It
is preciselythis failure to differentiatebetweenthe two groupsthatdemonstrateshy latentvariable
methodsdo notwork easilyasafirst step.

Dueto thelarge numberof samplegm >> 50), the z; areeachapproximatelynormallydistributed
with zeromeanandvarianceoneunderthenull hypothesighatthereis nodifferencan meandetween
the two groups. Orderingthe test statisticsfrom the most negative to the most positive inducesa
reorderingof the questionsin this sensepnecanranktheindicatorsasto their ability to differentiate
thetwo populationswith respecto a givenproduct. The factorwith thelargestobseredvaluesof z;
definethestartingpointsof theclusteranalysisandbecaus®f this, theseparticularquestiongorm the
first stepsnto thedataminewhen is viewedin thelight of a givenproduct.
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Typically thenumberof questionsy, canbelarge,andoneis lik ely to find somemeanswhich will
appearsignificantlydifferentevenwhenno differencein meansexists. To analysethis situationlet 4
bethe numberof the of questionawith ateststatisticthatliesin theinterval (—s, s). If we assumédor
simplicity thatthe questionsareindependentheni/ ~ Bin(n, p) wherep = 2(1 — ®(s)) and®(s) is
thenormalcdf. Thereforethe probabilitythatl/ > u andthe expectedvalueof I/ are

PU>wu) =1— i (;L)pj(l —p)" I, BU) = np.

=0

The casestudiesat the end of this reportusen = 53 datafactorscompiledfrom censusdata. For
this mary factorsands = 3 standarddeviations,onefindsthat P((/ > 1) = 0.1289 and E(U) =
0.1378. Consequentlyto eliminateary falsealarm differencesve have choserto considerstatistically
significantlydifferencesatthreeratherthanthe commontwo standardieviationsfrom themeanunder
thenull hypothesis.

7.6 ConsumerBasedClustering

A simpledefinition of classificationor clusteringis usinga metric or a setof ruleswhich groupsthe
data,andis alsousedto classifyfuture data. For example,medicaldiseasesnay be classifiedby the
manifestingsymptomswhichin turn describeeachclassor subclas®f a givendiseaseln dataclassi-
ficationonedevelopsa descriptionor modelfor eachclassin adatabasehasednthefeaturegresent
in a setof class-labelledraining data. Therehave beenmary dataclassificatiormethodsstudied,in-
cludingdecision-treanethodssuchasC4.5algorithm,ID3 algorithm,andSLIQ algorithm,statistical
methodsneuralnetworks, roughsets,nearesneighboumethod,database-orientesiethodsparallel
algorithms,etc. The methodfor classifications in generalapplicationdependentbasedon the goal
of mining thedata.

In this paperwe have chosema relatively simplemetricto determinethe clusteringof the data,in
particular correlationsbetweerdatacolumnscorrespondingo the differentquestions.The choiceof
the metric is basedon the underlyinggoal that the salespersohasthe opportunityto learnabouta
customers preferencedy askingonly afew questionsThis metric of clusteringthenindicateswhich
arethemostinformative datathatonewouldlik e to infer from thesefew questionsThis metricis most
similarto a nearest-neighbouyperule, wheretwo of the censusiataarenearwhenthey arestrongly
positively correlated.

Anotherreasonfor looking at this metricis thatit is computationallyefficient. In orderto look
for more complicatedclassificationstructurespne could considerclassification-ruldearningwhich
requiresfinding rulesor decisiontreesthat partitionthe givendatainto predefinedctlassesOf course,
theremary possiblesuchdecisiontrees;for ary realistic problemdomainof the classification-rule
learning,the setof possibledecisiontreesis too largeto be searchedxhaustvely. In fact,the compu-
tationalcompleity of finding anoptimalclassificatiordecisiontreeis NP hard.

Therefore we have not attemptedo find an optimal decisiontree; rather we have showvn thatthe
correlationgjive afastclassificatiorof themine,which canbereadilyusedin designinguestionsand
cornversationsvith customers.
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7.7 CaseStudy A: BMW/Honda

Thefirst casestudyconsidere®MW andHondaowners.Giventhe censusiataon BMW andHonda
ownersgroupedby postalcodethe goalis twofold:

1. Selectafew questiongo askprospectre buyersto infer their BMW/Hondapreference.
2. Basedupontheindicatedpreferenceinfer otherinformationaboutthe consumer

For thefollowing analysisthereareatotal of m = 1995 respondentghich arepartitionedinto m;, =
1782 Hondaownersandm,, = 213 BMW owners.Correspondindgo eachof thesegroupsaren = 53
censugdatafactors. Thoseportionsof the datamine correspondingo HondaandBMW ownersare
referredto as(2, and(, respectrely. As a startingpoint, we computea PCA on (2, and(2,.

7.7.1 PCA: BMW/Honda

The eigervaluestructureof ¥;, andY;,, the covariancematricesof €2, and(2,, arevirtually identical,
rangingfrom \; ~ 2.6 x 10! to A\s3 ~ 6.7 x 1072, Figure 7.2(a)illustratesthe logarithm of the
magnitudeof the {\,;}. Whatis apparenfrom theillustrationis that ;-\, accountfor muchof the
variationin themine. In fact

24

gg;l% = 0.9996.
Zj:l >‘j

Correspondingo theseeigervaluesareeigervectorsfocusedn thedirectionof factors21to 24. These
guestionscorrespondo the averagehomevalue, averagefamily income,averagehouseholdncome
andtotal householdexpenditure. At the otherendof the spectrum )5, and \s53 have eigervectorsthat
identify astrongcorrelationbetweerfactors32to 35. Thesdatterindicatorscorrespondo theaverage
amountspenton public transportationaveragespenton streetcarandbuses,averagespenton taxis
andaveragespenton airplanes.

This preliminaryanalysisndicateshatquestionghatreflectthetotalincomeandexpenditureof a
particularhouseholaghouldbegoodindicatorsof whetheror notanindividualownsaBMW or Honda.
In addition,thereis a certainamountof redundantnformationin the datamine with respecto public
transportationThe maindifficulty with PCAremainsn thatit doesnotidentify asinglequestiorthat
bestidentifiesBMW ownersover Hondaowners. Someheadvay canbe madeby computinga factor
analysiswhichis attemptecext.

7.7.2 A Preliminary Factor Analysis

In orderto conducta factoranalysis,the datawas againsplit into €2, and(2; accordingto whether
thevehicleownedby therespondemvasa BMW or Honda.Both principalcomponenandmaximum
likelihoodmethodsvereusedwith threefactors.However, the principalcomponenmethodaccounted
for more of the variability thanthe maximumlik elihoodmethod. Varimaxrotationwasusedin both
methods.Table7.1 summarizesheanalysis.

As canbe seenfrom the results,the samevariablescontributedto whethera personwould own a
BMW or aHondawith somevariations.For example,underFactor3, averagehomevaluecontributes
moreto a personbeinga BMW ownerthana Hondaowner The percentag®f variability in vehicle
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32 33 41 30 14 2
38 39 35 5 40 44 37 28 19 12 49 42 36 9 6 3 2 15 48 4 18

Reordered questions

(@) (b)

Figure7.2: (a) Depictedarethe eigervaluesfor ¥, andy.,, the covariancematricesfor the (2, and(2,
subsetgespectrely. The similar spectralstructurefor the BMW andHondacovariancetypifies the
difficulty encountereavhenattemptingto find differencesetweerthesetwo groups.(b) Displayedis
therankedteststatisticfor thedifferenceof meandor eachof the53factors.Thedashedinesindicate
the level of threestandarddeviationsandthe reorderingof the factorsis indicatedat the baseof the
plot.

ownershipexplainedby the completemodelis approximatelythe samefor both: 60.7%for BMW
and 59.3%for Honda. Furtheranalysistools, suchas discriminantanalysisor tree regressioncan
be usedto determinewhich of thesevariablesdistinguishbetweenBMW and Hondaowners. The
main conclusionis thatthe principal factorsarestrongly positively correlatedandthe anti-correlated
componentaresmall.

Thefactoranalysisdentifiesa block of questionghatdifferentiateghe two groups.Furtheriden-
tificationis possibleby consideringhe differenceof meansacrosghe 53 factors.

7.7.3 Differenceof Means: BMW/Honda

Figure7.2(b)shaws the orderedteststatisticsfor eachof then = 53 factors. Detailedexplanations
for all of thecensusdatacanbefoundin theappendixat the endof this report. This orderinginduces
areorderingof thefactorsto {21, 8,23, 22, 24, 10, ..., 18, 7}, with factor21 having the mostnegative
andquestion?7 having the mostpositive teststatistic. This analysisalsoindicatesthatarny questions
relatedto 21, 8, 23, 22, 24, 10 are equally efficient at identifying BMW ownerswhile factor7 can
be usedto identify Hondaowners. Factors21-24 correspondo averagehomevalue,averageannual
family income,averageannualhouseholdncome,andannualhouseholdotal expenditure 8 reflects
the percentagef individualsin a dwelling with a universityeducation,10 indicatesself employment,
7 indicatesthe percentagef thosesubjectsin a dwelling with only up to gradenine educationand
guestionl8identifiesthoseindividualsliving in dwellingswith morethanfive stories.Theseinitially
identifiedfactorscannow usedasstartingpointsfor a clusteranalysis.Noticethatmary of thesedata
itemsappeain thepreliminaryfactoranalysis.

Being ableto identify a particularindividual asa BMW or Hondaowner is an importantfactor



7.7. CASESTUDY A: BMW/HONDA 115

Loadingvalues

Factorl BMW | Honda .

, Loadingvalues
Total adultpopulation 0.996 [ 0.997 Factor3 BMW | Honda
Total population 0.995| 0.997
Total numberof households | 0.995| 0.991 Ave.homevglue 0.749) 0.579

% self-empl.inc. | 0.735| 0.580

Total adultlabourforce 0.994 | 0.995 % univ. degree | 0.694 | 0714
Total numberof families 0.993| 0.996 - 0 : :
Total numberof dwellingunits | 0.993 | 0.989

Loadingvalues

Factor2 BMW | Honda E Variability explained
actor

% homeavners 0.922] 0.939 BMW | Honda
% single-detachetlouse 0.861| 0.772 Factorl | 28.8% 28.5%
Averageowners’majorpayments 0.794| 0.859 Factor2 | 20.7% 22.3%
% homerenters -0.924| -0.928 Factor3 | 11.2% 8.5%
% apartmentvith > 5 floors -0.746| -0.806 Total 60.7% 59.3%
Averagegrossrent -0.698| -0.759

Table7.1: Listedarethethreefactorsdentifiedin theBMW/Hondadatasampleandthecorresponding
loadings.Thefinal tableshavsthatthesethreefactorsaccountor approximately60%of theobsened
variability.

for the clusteranalysisthatfollows. To differentiatewe choosequestion21, the averagehomevalue.
We can usethe datamine to determinethe particularhousevalue that shouldbe usedas a cutoff
valueto correctlyidentify themaximumnumberof individuals. Thatis, determiner suchthat P(H <
x andB > z) isamaximumwhereH andB aretheresponse® questior21 for theHondaandBMW
owners. Figure7.3(a)shows thatthis probability hasa maximumof 0.41for x chosenin theinterval
($230K, $240K). This procedureof choosingan optimal cutoff valuefrom the probability structure
encodedn themine canberepeatedor otherquestiongo increasehe differentiatingpower.

Detecteddifferencesn the meanresponsecan be quite subtle. As an illustration of this, Fig-
ure 7.3(b) contrastghe probability distributionsof the responseo question21 andquestion7 for the
two groups. For the clusteranalysisthat follows, the first six, 21, 8, 23, 22, 24, 10, andthe last six
factors,48, 26, 4, 20, 18, 7, areusedto definetheinitial clusters.By doingthis it is hopedthatthe
clusteranalysiswill beableto identify sequencesf questionghatlink the Hondagroupto the BMW
group.Thisin turn may helpidentify characteristicef prospectrte BMW owners.

7.7.4 Cluster Analysis: BMW/Honda

A clusteranalysiswasperformedfor two caseswith correlationsatthe 60%and75% level indicated.
The first analysiswas performedby consideringonly the BMW ownerswhile the secondanalysis
consideredhecompletedatamine. As thenumberof Hondaownerswasmuchlargerthanthe number
of BMW owners, a clusteranalysisof only Honda owners matchesthat obtainedwhen using the
completedatamine. Figure7.4 summarizesheresults.
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0.3 ercent of household

1| 21: Average home value 1 0.3 7: P q
with less than grade 9 education

Probability

.________________,
Probability
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Figure7.3: (a) Probabilityof correctlyidentifying HondaandBMW simultaneouslyor agivenknown
homevalue. This distribution hasan extremevalueof 0.41for the interval ($230K, $240K). At this
cutoff valuethe probabilityof correctlyidentifyingaHondaowneris 999/178256%)andthatof iden-
tifying the BMW owneris 156/213(73%). (b) Ontheleft is the probability distribution of responses
to question21 (averagehomevalue). To theright is the probability distribution to factor7 (percentage
of householdvith lessthana gradenine education).Thesefactorsyield the mostnegative andmost
positive valuesof z; respectiely.

Whatis immediatelyapparents the greatemresolutiononecanachie/e in the datamine with the
BMW group. On the left handside of eachclusterdiagramare thosequestionsdentified with the
mostnegative teststatistic(+ BMW) andon theright arethosequestionscorrespondingo the most
positive test statistic(— BMW). Thosetraits that identify BMW ownersare householdvalue and
income,university educatiorandself employment. Characteristicghatdirectly stemfrom thesetraits
aredonationsto charity, amountspenton public transportatiorand amountspenton personalcare.
Fromthe otherendof the datamine, individualsthatdo not own a BMW arecharacterizedseither
rentersor having lessthanagradenineeducation A link betweertherentersandthosewith expensve
homess thenumberof carsperhouseholdaindthe subsequengxpenditureontires,gasolinefood and
transportation.

This clusteranalysisimplies that thereare mary possiblewaysto identify a BMW owner. For
example,university educatedndividualsthat do not rentand outwardly appearo spenda greatdeal
on personakare.Onceidentified,the characteristicsf this groupcould betargetedfor a broadrange
of productsor servicesthat lie within the identified commoninterests. Examplesof theseinterests
includecosmeticsexpensvetires,andperhapsvenendavmentsto universities.

Whenwe considettheentireminethereis alossof resolutionbut muchof thestructureremains.In
addition,othercharacteristiceometo theforefront. Two new characteristicarea strongercorrelation
with the amountspenton computerghelossof the correlationwith public transportationA possible
implicationhereis thatHondaownerswith anexpensve homemaybedifferentiatedrom BMW own-
ersby theamountthatthey spendonairlines. Againwe pointoutthatbeingableto accuratelyclassify
anindividualis animportantfirst stepin thatthe clusteringreflectsthis bias. However, mis-identifying
anindividual doesnot have asseriousa consequencasonemightfirst expect. The clusteringanalysis
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Figure7.4: To the left arethe dataclustersconsideringonly the BMW group while to the right is
the the sameanalysisconsideringhe completedatamine. On the + side of eachfigure, the factors
arelargeror morelikely for BMW owners,while the — sideof eachfigure the factorsaresmalleror
lesslikely for BMW ownership.Cutoffs at 60% and75%in the correlationlevel (eitherpositively or
negatively) areindicated.Explanationdor all of the datafactorscanbefoundatthe endof thereport.
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Figure7.5: Theclassificatiorntreestructurefor the beerpreferenceespondents.

supportghis by illustratingthatmuchof the structurds preseredwhenmoving from BMW to Honda
owners.To contraswith the BMW/Hondadata,the secondcasestudyconsidersonsumepreference
of two brandsof domestidbeer

7.8 CaseStudy B: BeerPreference

Our secondcasestudy addressebeerpreferenceamongsta sampleof 707 individuals. Eachindi-
vidual wasasledto indicatetheir preferencdor two differentbrandsof beer(BrandA andBrandB)
accordingto thefour pointscale:

0: Don’t drink
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Figure7.6: (a) Eigervaluesfor ¥, andX:;, the covariancematricesfor the (2, and(); subsetsespec-
tively. (b) Ranlkedteststatisticfor the differenceof meandor eachof the 53 factorsfrom the census
data. As in Figure 7.2(b), the dashedines indicatethe level of three standarddeviations andthe
reorderingof thefactorsis indicatedat the baseof the plot.

1: Triedin thepastl2 months
2: Becomingusual
3: Usualbrand.

As no respondenténdicatedthat either brandwas their usual brand, the response$roke into nine
separatelassifications Figure 7.5 shows the resultingtree structureandthe four groupsinto which
theindividualswereplaced.Groupl essentiallyconsistof non-drinkers,groupll andlll tendto prefer
brandsA andB respectiely, andgrouplV respondentstronglypreferbothbrands.

7.8.1 Differenceof Means: Beer

No significantdifferencesveredetectedn a directcomparisorof groupsll andlll sinceall of the z;
statisticswere locatedwithin two standarddeviations. Large scoreswere detectedvhen comparing
groupsl and 1V but sincegroup IV consistedof only five individuals our underlyingassumptions
of normality were no longervalid. Sincethe 53 characteristicglo not seemto be ableto clearly
differentiatethe two brandsof beer it was more appropriatewith this datasetto comparedrinkers
of both brandsversusthoseindividualsthatdo not drink eitherbrand. As such,groupsill, Il andIV
wereconsolidatednto a singlegroupwhich wasthencomparedo groupl. The portionsof the data
mine concerninghesetwo groupswill bereferredto as(2, and(2,. Figure7.6illustratesthe spectral
structureof thesetwo classificationsanddistribution of the differenceof means.

ComparingFigure 7.6(a) with Figure 7.2(a)illustratesa striking similarity with the eigervalue
distribution of the beerdataandthe car dataof the previousstudy This similarity is alsoreflectedin
the preliminaryfactoranalysiswhich hasbeenomitted becausef its similarity to the BMW/Honda
analysis.Eventhoughthe eigervaluestructurewassimilar, noneof theteststatisticdie outsideof the



7.8. CASESTUDY B: BEERPREFERENCE 119

homeowners

—_—-—

—— GEE) <

Chinese British renters N N

transportation

. single detached house
high population food/gas/tires
vehicles per household

BEER

positive correlation
negative correlation

Figure7.7: lllustratedis the clusteranalysisfor beerdrinkers. The correlationcutoff wassetat 50%.
Solid lines represenpositive correlationsand dashedines represennegative correlations. On the
left of the arethoseindicatorswhosemeanresponsdor beerdrinkerswashigherthanfor non beer
drinkers.

threestandarddeviations. Despitethis, we begin the clusteranalysisstartingwith factors50, 7, 48 on
thedrink beersideof thedatamineandfactors27 and14 onthedon' drink beersideof themine.

7.8.2 Cluster Analysis: Beer Preference

We againremindthereaderthata full explanationof eachof the factorsfrom the censudatacanbe
foundin the appendix.Correlationsbetweerthe startingfactors7, 14, 27, 48, 50 andthe remaining
guestionsveredetectedbncethe cutoff level wasdroppedto 50%. This reductionin the cutoff level
was expectedgiven the lack of significantdifferencesdetectedn the previous section. Figure 7.7
summarizeghe resultsand illustratesthat respondentshat prefer thesebrandsseemto fall along
ethniclines. The analysisalsoindicatesthat beerdrinkersare characterizedby individualsthat rent
ratherthanliving in asingledetachedouse.However, with this collectionof 53 factorstherewasno
additionalproductinformationthatcould be correlatedwith thesendividuals.

Without a clear indication of questionsthat differentiatebetweenbeer drinkers and non beer
drinkers, at leastfor thesetwo brandsof beers,we do not attemptto correlateothercharacteristics.
Clearly, someadditionalanalysigs necessaryo improve thefirst partof theanalysisnamely making
distinctionsaccordingto a particularproductpreference Sincethe differencein meanss not signif-
icantly large for any onefactor this suggestshat a combinationof questionsvould be necessaryo
make a significantdistinction. As mentionedabove, a factoranalysishasnot beendonefor this data
set;however, onecouldusethisanalysigo designa combinatiorof afew questionasafirst algorithm
for differentiatingbetweerconsumers.
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7.9 Conclusion

For a given producttwo taskswererequired. Thefirst beingidentificationof consumerghat would
reactfavourablyto productandthesecondeingtheinferenceof othercharacteristiceoncerninghese
consumers.

This was accomplishedvith a twofold strateyy. By ranking the differenceof meansacrossall
of the factors,thosequestionghat bestcharacterizdavourableconsumersan be identified. Once
identified, the datamine canbe usedto estimatethe power of a given stratgy to correctlyidentify
a givenindividual. For casestudy A the identificationalgorithmwas simply to usean individuals
homevalue. By optimizing the cutoff level this single variablewas able to correctly identify 41%
of the individualsin the datamine. By using a combinationof questionghis percentageould be
increasedPerforminga clusteranalysisthatis rootedat thesekey identifying questionsallows other
characteristicef theseconsumerso beinferred.

The two casestudiesshawv that being able to identify questionsthat significantly differentiate
respondentsvith respecto a given productis a fundamentapartof the processFailureto make this
identificationdecreasetheresolutionof thesubsequertlusteranalysis.CasestudyA exemplifiesthe
situationwhenthereis aclearseparatiomwith respecto a productwhereasasestudyB illustratesthe
decreasén resolutionwhenno clearseparatiorexists. In generalthis first stepmay be dependenbn
thetypeof dataandthedesireddifferentiations A combinatiorof factoranalysisandtheconsideration
of differencesn basictest statisticsproved to be superiorto methodsbasedon latent variablesor
principalcomponentsgueto the underlyingeigenstructuref the datamine.

To increasethe capability of this methodfuture advancesshouldinclude a more sophisticated
clusteringalgorithm.For example,PLS/SVDcouldbe usedon the clusteringsubgroupsfterthefirst
stepof separatingvith the differenceof the meansstatistic. An addition,automaticdeterminatiorof
theidentificationpower for a givensetof identifying questionshouldalsobe addressed.
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Appendix: Factors from CensusData
| Question| Description Mnemonic |
01 Total population PP-TOT
02 Total numberof families FM-TOT
Household
03 Total numberof households HH-TOT
04 Averagegrossrent HH-TOTRENT
05 Averageowner's majorpayments HH-TOTMAPJ
Education
06 Total populationl5 yearsold andover ED-HL
07 Perceneducatiorievel: lessthangrade9 ED-GR-9
08 Perceneducatiorlevel: universitywith bachelors degreeor higher| ED-UNIDG
Employment
09 Total labourforce 15 yearsold andover EM-TOT
10 Percenemployment: self-emplged (incorporated) EM-PSMI
11 Percenemployment: self-emplged (unincorporated) EM-PSMU
12 Percenemployment: unpaidfamily workers EM-UP
Dwelling
13 Total numberof dwelling units DM-TOT
14 Percentdwelling type: single-detachetouse DW-SINGLE
15 Percentdwelling: semi-detachetlouse DW-SEMI
16 Percentdwelling type: town house DW-ROW
17 Percentdwelling type: apartmentgdetacheaiuplex DW-DUP
18 Percentdwelling: apartmenbuilding, five or morestoreys DW-APT5
19 Percenthomeavners DW-OWNED
20 Percenthomerenters DW-RENTED
21 Averagehomevalue DW-TVALUE
Income
22 Annualaveragefamily income IN-AFM
23 Annualaveragehouseholdncome IN-AHH
Expenditures
24 Annualhouseholdotal expenditure D1000-5230
25 Annualexpenditureon food D1000-1560
26 Annualexpenditureonrent D2000
27 Annualexpenditureon transportation D3000-3260
28 Annualexpenditureon purchasef automobilesandtrucks D3000-3004
29 Annualexpenditureon automobiles D3000
30 Annualexpenditureon gasolineandotherfuels D3050
31 Annualexpenditureontires,batteriespartsandsupplies D3060
32 Annualexpenditureon bus,subway, streetcarandtrain D3200
33 Annualexpenditureon public transportation D3200-3260
34 Annualexpenditureon taxi D3210
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35 | Annualexpenditureon airplane D3220

36 | Annualexpenditureon moving, storageanddelivery services| D3260

37 | Annualexpenditureon accidentanddisability insurance D3384

38 | Annualexpenditureon personakare D3500-3580

39 | Annualexpenditureon recreatiorequipmentndservices D3700-3830

40 | Annualexpenditureon computemardware D3750-3752

41 | Annualexpenditureon computersoftware D3755

42 | Annualexpenditureon gifts of money andcontributions D5200-5230

43 | Annualexpenditureon gifts to persondiving outsideCanada| D5210

44 | Annualexpenditureon contributionsto charity D5220-5230

45 | Annualexpenditureon non-religiouscharitableorganizations D5230

46 | Averagenumberof vehiclesownedperhousehold NMVEHONP
Ethnicity

47 | Percenethnicity: British BRITISH

48 | Percenkthnicity: Chinese CHINESE

49 | Percentkthnicity: Dutch DUTCH

50 | Percentthnicity: German GERMAN

51 | Percentthnicity: Italian ITALIAN

52 | Percentthnicity: Polish POLISH

53 | Percentthnicity: Scandingian SCANDINAV
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