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7.1 Intr oduction

The behaviour of consumersis believed to be influencedby many factors. Someof thesefactors
includetheindividualsculture,socialstatus,lifestyle andattitudes.Understandinghow thesecompli-
catedandinterrelatedfactorsdrive theconsumeris theprimary goalof Manifold DataMining. The
questionposedto thegroupwasto 1) find an algorithmthatpredictsthe likelihoodof consumersto
respondfavourablyto 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
databasesfor six-digit postalcodesin Canada.Their collectionof informationconsistsof both de-
mographicandexpenditurevariableswhich areexpressedthroughthousandsof individually tracked
factors. This large collectionof informationaboutconsumerbehaviour is typically referredto asa
mine. Although very large in practice,for the purposesof this report,the datamine consistedof 3
individualsand 4 factorswhere 3 5vÑ�·�·�· and 465 Ò�· . Ideally, the first algorithmwould identify
a few factorsin the datamine which would differentiatecustomersin termsof a particularproduct
preference.Thenthesecondalgorithmwould build on this informationby looking for patternsin the
dataminewhichwould identify relatedareasof consumerspending.

To testthe algorithmstwo casestudieswereundertaken. The first studyinvolveddifferentiating
BMW andHondacarowners. Thealgorithmsdevelopedwerereasonablysuccessfulat both finding
questionsthat differentiatethesetwo populationsand identifying commoncharacteristicsamongst
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106 CHAPTER7. PRODUCT-DRIVEN DATA MINING

the groupsof respondents.For the secondcasestudy it washopedthat the samealgorithmscould
differentiatebetweenconsumersof two brandsof beer. In this casethe first algorithm wasnot as
successfulasdifferentiatingbetweenall groups;it showed somedistinctionsbetweenbeerdrinkers
andnon-beerdrinkers,but not asclearlydefinedasin thefirst casestudy. Thesecondalgorithmwas
thenusedsuccessfullyto further identify spendingpatternsoncethis distinctionwasmade. In this
secondcasestudya deeperfactoranalysiscouldbe usedto identify a combinationof factorswhich
couldbeusedin thefirst algorithm.Thecasestudiesarediscussedin detail in Section8.

7.2 Latent Variable Models

Theinitial problemproposalsuggestedthat themethodof ProjectedLatentSpacescouldprove fruit-
ful in the first task,that is, in identifying a few factorswhich could differentiatebetweenconsumer
preferencesonaparticularproduct.In essencethismeansfindingthedominantfactorsthatareclosely
relatedto a particulardifferencebetweencustomers,while showing thattheremainingfactorsarenot
significant.Mathematically, we canview this astrying to representconsumerbehaviour in a low di-
mensionalspaceof factors. This ideais commonin many differentareasof application,with many
differentnames.In this sectionandthenext wegiveadiscussionof latentvariablesandrelatedmeth-
ods. Note that in the remainderof the reportwe show that this methodwasnot useful for the first
algorithmfor differentiatingbetweencustomerswith a few factors;however, we alsodiscusshow it
couldbeusefulin improving thesecondalgorithm.

The underlyingtaskis to modela setof 4 continuousvariablesãà¶ ³e°�¼T»�¾�¾�¾�»\°87M´ thathave some
joint probability density ë�³f°:96å�»�; ´ where å and ; are the meanand covarianceof the underlying
distribution. Theprimeheredenotesthetranspose.If for examplewe assumethatthecomponentsofã satisfya joint Gaussianprocessthen

ë�³e°:96å�»�; ´�¶�³ñÑ�<ì´ ú 7�= ½�> ; > ú ¼?= ½�@BADC � «Ñ ³e°E� å�´GFH; ú ¼ ³e°E� åì´ ¾ (7.1)

Since; is an 4JIK4 symmetricmatrixandå is an 4 componentcolumnvectorthereare

4 Ã 7
ÂL��¼

� ¶ «Ñ 4 ³M4 ÃæÖ�´ (7.2)

free parametersin this model. If we denoteN�OµÂ:P�QÂL��¼ as 3 observations(columns)of the 4 variables
(rows) thenby maximizingthelogarithmof thelikelihoodfunctioncorrespondingto (7.1)oneobtains
theusualmaximumlikelihoodestimates

Rå mle ¶ «3
Q
ÂS��¼ OµÂ�»

R; mle ¶ «3
Q
ÂL��¼ ³�O�ÂE�

Rå mlé�³�O�ÂT� Rå mléGFs¾
Note that the maximumlikelihoodestimator

R; mle is a biasedestimatorof the populationcovariance
matrix.

As 4 , the numberof factorsoneattemptsto model increases,expression(7.2) implies that the
numberof free parametersgrows as 4 ½ . To reducethe numberof free parametersonecould simply
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assumethat ; is diagonal.However, this is averydrasticassumptionsinceit is equivalentto assuming
that the variablesbeingmodelledareindependent.On the contrary, it is known from the datamine
that somevariablesarevery stronglycorrelated.Onepossibleway of reducingthe numberof free
parameterswhile still preservingthemaincorrelationsbetweenthevariousfactorsis to choosea set
of ÚU	,4 hiddenor latentvariables� ¶�N � ¼T»�¾�¾�¾#» �WV P .

For a given latentvariablemodelonespecifiesa densityfunction Xç³ � ´ for � andsomemapfrom
thelatentvariablesinto therandomvariables° as

°&¶Y�ì³ � »8Z ´�Ã�[
where Z arethe weightsthat generate° and [ is somerandomvariablewith zeromeanthat is inde-
pendentof � . Typically ��³![6´ , the probability densityof [ , and Xì³ � ´ arespecifiedà priori. Knowing
thesedistributions,thedensityof ã is computedby conditioningon thelatentvariablessothatif ã is
acontinuousrandomvariable,

¯Ü³f°N´�¶ ë�³e° > � ´GXç³ � ´�Î � ¾ (7.3)

In summary, a given latentvariablemethodis determinedby specifyingXç³ � ´ , �þ³![6´ , themap �ì³ � »\Z ´
andcomputinḡÜ³f°N´ with (7.3)or its generalizationdependingon theprobabilitymeasureinvolved.

Oneexampleof a latentvariablemethodis factoranalysiswhereonespecifiesthat � is a linear
map

°Ü¶Y�ì³ � »\Z ´ì¶ 0 � Ã å Ã][
from

V
to 7 . The å and

0
areparameters,and � , [ areassumedto beindependentnormalrandom

variableswith zeromean.For � oneassumesunit covariancewhile for [ oneassumesthatthecovari-
anceis a diagonalmatrix so that �_^ Ý ³ ·o»�`o´ , and [ ^ Ý ³ ·o»�a�´ where a is somediagonalmatrix.
From the structureof the maponecandeterminethat ã ^ Ý ³få�»�a Ã 0b0 F ´ . As in the casewithout
latentvariables,onemayestimateå ,

0
and a usinga maximumlikelihoodestimatehowever evenin

thecaseof this linearmodelthereis not a closedform for theestimatesandthey aretypically found
throughaniterativeprocess.

This linearmodelillustratesthepointof usinglatentvariables.In particularfor factoranalysis,the
symmetryof aYÃ 0b0 F reducestheoriginal Ú�4 freeparametersof

0
to [2]

³M4 Ã «�´�³�Ú Ã «#´ � «Ñ ÚH³ñÚÁÃ.«�´
which only grows linearly with 4 . This is accomplishedwhile still preservingsomeof theunderlying
correlationstructure.The trade-off is the increasein complexity whenfacedwith the determination
of the latentvariables� . We now turn to anothermethodcloselyrelatedto theprojectiononto latent
spaces7 (PLS).Namelyprincipalcomponentanalysis.

7In muchof thestatisticalliterature,thelatentspacemethodsareknown aspartial leastsquaresmethods.Fortunately
this yieldsthesamePLSmnemonic.



108 CHAPTER7. PRODUCT-DRIVEN DATA MINING

7.3 Principal ComponentAnalysis

Principal componentanalysis(PCA) is the particular latent variablemethodwherethe Ú principal
componentsaretheleadingeigenvectorsof thesamplecovariancematrix

R;é¶ «3c� «
Q
ÂL��¼ ³�O�ÂE�

Rå�´�³�O�ÂE� Rå�´dFû¾
Ratherthan using the covariancematrix, an alternative choice(not usedhere) is to basePCA on
the correlation(basicallystandardizedcovariance)matrix. In eithercase,PCA canbe viewed asa
transformationthat diagonalizes

R; therebyreducingcorrelationsbetweenvariouscombinationsof
factorswhile simultaneouslyfinding directionsin which thevarianceis amaximum.

Anotherwayto view PCAis in themeansquarederrorsense[5]. With thisviewpoint,theobjective
is to find a setof Ú orthonormalbasisvectorthatspana Ú dimensionalsubspacesuchthat themean
squarederror between� and its projectiononto the subspaceis a minimum. As beforethe 4eIJ3
matrix ã correspondsto 3 observationsof 4 randomvariables.If onedenotestheorthonormalbasis
setas N�f�Â:P VÂL��¼ andtheprojectionof ã onto this setas ãDg thentheexpectedvalueof themeansquare
erroris

h �¤ãi� ãDgj� ½ ¶ h �¤ã]�
V
ÂL��¼ ³MfkFÂ ã�´!f�Â��

½

¶ h �¤ãl� ½ � h V
ÂL��¼ ³Mf FÂ ã�´

½

¶ ³M3�� «�´ Tr ³m; ´��
V
ÂL��¼ fnFÂ ;Ef�Â (7.4)

wherewe have assumed
h ³fã�´ ¶ · and ;�¶ ã ã FHo ³M3p��«�´ is the covarianceof ã . By the spectral

theoremevery symmetricmatrix ;.¶q; F hasa factorization;~¶�Åsr�Å F with r realdiagonaland Å
anorthogonalmatrix [8]. Consequently, ; has4 eigenvectorsthat canbechosento beorthonormal
andmoreover, all of thecorrespondingeigenvaluesN & Â:P arereal. Fromtheright handsideof expres-
sion (7.4) onecanseethat themeansquarederror is minimizedby choosingN�f�ÂtP to beany setof Ú
orthonormalvectors[3].

Representation(7.4) alsoillustratesthe particularadvantageof choosingthe first Ú eigenvectors
of ; . In this casethe residualof the meansquarederror is the sum of the absolutevaluesof the
remaining4u� Ú eigenvalues.Becauseof therelationship,anaturalmethodof choosingthenumberof
latentvariablesis to fix someacceptablelevel of error vxw3· andthenchooseÚ sothat

h �¤ã�� ãDgj� ½ ¶ 7
ÂL� V ý�¼

> & Â > 	yvN¾
It shouldbeemphasizedthattheseresultsonly hold if theerroris computedin themeansquaredsense.
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Figure 7.1: Illustratedare the componentsof a two factor PCA andSVD analysisfor a randomly
generatedset of 3 ¶ «�·�· points ³ � »�Ö
� � Ãz�_´ where � is uniformly distributed on the interval"�·o»µÖ # and � uniformly distributedon "{�Á·o¾fÒo»µ·o¾fÒ # . Since

h ³ � ´ ¶ h ³M�Ä´ ¶ Ö o Ñ6|¶ · , the PCA and
SVD analysisyield a different principal direction. For this simulation, f ¼PCA ¶ }G�Á·o¾f×�·�Ø�Ö�»µ·o¾f×�·�Ô�Ôj~
and f ¼SVD ¶�}ñ·o¾f×�Ô�×�Õo»µ·o¾fÙ�·�Ñ�Ôn~ . Theothercomplimentarycomponentsare f ½PCA ¶�} ·o¾�×�·�Ô�Ôo»µ·�¾�×�·�Ø�Öj~ andf ½SVD ¶�}!��·o¾fÙ�·�Ñ�Ôo»µ·o¾f×�Ô�×�Õn~ .
7.3.1 Contrasting PCA and SVD

Theabove materialshows thatPCA correspondsto choosingthe Ú dominanteigenvectorsof theco-
variancematrix ; . Providedonehas

h ³eã�´�¶ · this correspondsto finding thesingularvaluedecom-
position(SVD) of ã . To illuminatetheconnection,let ã ¶_��ä8â F betheSVD of ã where� and â are
unitarymatriceswith columnsthatspan 7 and Q respectively. Fromthedecompositionof ã and
thefactthat

h ³fã�´�¶.· , onehas;é¶æã�ã F o ³M3�� «�´�¶_�8ä�â F â ä F � F o ³M3�� «�´�¶_�8ä�ä F � F o ³M3��3«�´ . This
shouldbecomparedto theeigenvectorexpansionof ;æ¶ Å�r�Å F whereÅ is thematrixof orthonormal
eigenvectorsof ; and r is thecorrespondingdiagonalmatrixof eigenvalues.As aresult,onecaniden-
tify theeigenspaceÅ of ; with the left singularspace� of ã . In addition,thematrix of eigenvaluesr�¶ diag³ & ¼T»�¾�¾�¾�» & 7M´ correspondsto thematrix ä�ä F o ³M3�� «�´�¶ diag³�è ½ ¼ »�¾�¾�¾�»�è ½7 ´ o ³�3�� «�´ .

If onedoesnot ensurethat
h ³fã�´ ¶�· thenat leastthefirst componentof PCA andSVD indicate

differentprimary directions. Figure7.1 illustratesthis behaviour where ã�¶�} � »µÖ�� � ÃY�D~ with �
uniformly distributedon theinterval "�·o»µÖ # and� uniformly distributedon "{�R« o Ño»�« o Ñ # . In this casethe
first componentof thePCApointsin thedirectioncorrespondingto themaximumvarianceof thedata
cluster, }G�Y«�»o«�~ on� Ñ , whereasthefirst componentof theSVD pointsin thedirectionof thecentroidof
thecluster, }\«µ»o«�~ ok� Ñ .
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7.4 Difficulties with Latent Variables

Therearetwo disadvantagesof theseinitial modelswhenoneconsidersthemwith respectto thedata
mine. Firstly, thesemodelstypically indicatethatwhile theremaybeonly a few principaldirections,
thesedirectionsmay have significantweight in many of their components.This correspondsto the
situationwhereoneshouldasklarge numbersof questionsto determinewhich clusterto assignto a
given individual. In essence,this analysisdoesnot provide a naturalway to determinewhich of the
itemsis thebestindicator(or thebestfew indicators).

Secondly, onemustdealwith thediversecollectionof datain thedatamine.Responsesrangefrom
binary informationabouttheethnicityof an individual to continuousdataregardingthemarket value
of their dwelling. Thesetwo problemssuggestthata robustalgorithmis neededto gaina footholdon
thestructureof theminebeforeamoresophisticatedlatentvariableanalysisis attempted.

7.5 Determining the BestQuestion(s)

7.5.1 Factor Analysis asa First Look at the Mine

Factoranalysisis the meansby which we find the covariancerelationshipamongmany variablesin
termsof a few unobservable(or latent)variables.For example,if someoneownsaPorsche,wewould
suspectthat thepersonalsohasa high-payingjob, livesin anupperclassneighbourhood,hasa six-
figurestockportfolio anddinesathigh-classrestaurantsonaregularbasis.If wewereto labela latent
variablethatencompassesthesefour variables,wecouldlabelit quality of life.

In conductinga factoranalysis,thebasicmodelasdiscussedin Section7.2 is:

°&¶ 0 � Ã å Ã][T¾ (7.5)

° is the observed randomvector at 4 levels with a correspondingmeanvector å so that åHü is the
expectedvalueof °¤ü . Thevector� consistsof thecommonfactorsat ÚU	,4 levelsandthe 4�I Ú matrix0

is a matrix of coefficientsotherwiseknown asthefactorloadings.Theelement
0 ü Â is referredto as

theloadingof the � -th variableon the
�
-th factor. In theaboveexample,4 ¶3Ø and Ú ¶ « .

Themodel(7.5)canberewrittenas

°T� å ¶ 0 � Ã][ (7.6)

andin orderto haveanorthogonalfactormodel,thefollowing assumptionsaremade:

á�� and [ areindependentsothatCov ³ � »�[6´�¶.· ,
á h ³ � ´�¶~· andCov ³ � ´�¶�` ,
á h ³G[6´�¶~· andCov ³G[\´8¶_a whereaÐ¶ diag³M�_¼6»µ¾�¾�¾µ»8��7o´ .

Basedon theseassumptions,equation(7.6)yieldsanexpressionfor thecovarianceof ° ,
Cov ³f°N´�¶ 0b0 F ÃYaþ¾
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In particularfor thevariable°¤ü onehas,è ½ü ü ¶�
 ½üw¼ ÃéÛ�Û�Û�Ãi
 ½ü V ÃJ��ü where 
 üðÂ ¶ Cov ³f°¤üm» � Â#´ . Thesumof
 ½üw¼ through 
 ½ü V is calledthe � -th commonalitywhile ��ü is theuniquevariance.
Fromherewecandeterminewhichcommonfactorscontributethemostto thetotalvariability in °¤ü .

Theultimateobjectiveis to beableto groupthefactorloadingsfor any onefactorandattachsometype
of label to themaswe did with thePorscheexample. In particular, we areinterestedin the loadings
whichcarryasignificantamountof theweight.

Therearetwomainmethodsfor estimatingthefactorloadings:principalcomponentandmaximum
likelihood.Theformerusestheeigenvalue/eigenvectorpairsof thesamplecorrelationmatrix in order
to construct

0
. If � and [ canbeassumedtobenormallydistributed,thenmaximumlikelihoodmethods

canbeusedto estimatethecovariancematrixof ° andthus
0b0 F Ã]a .

In addition,if theinitial factorloadingscannotbeeasilyinterpreted,variousfactorrotationmeth-
odsexist to aid interpretation.Themostcommonmethodusedis theVarimaxmethodwhich seeksto
spreadout thesquaresof theloadingsoneachfactorasmuchaspossiblesothatthefactorloadingscan
begroupedmoreeasily. It shouldbenotedthatin recentyears,Bayesianfactoranalysishasarisen[6].
Oneof thefeaturesof theBayesianapproachis theeliminationof theneedto rotatefactors.Bayesian
factoranalysiswasnotattemptedin theanalysisof thedatamine.

7.5.2 Ranked Differ encesof Means

To dealwith the eclecticdatain the mine, the mostdirect methodof determiningwhich questions
seemto reflectthechoiceof an individualsproductpreferenceis to computetheobserveddifference
in meansacrossthegivenfactors.Moreover, this is easilyaccomplishedwhenthereis asimplechoice
betweentwo productsasin thecasestudiesthat follow. The ideacanalsobegeneralizedto thecase
whentherearemultipleproducts.

If only oneproductis underconsiderationthemine
0

is split into two groups,thoserespondents
that have the productandthoserespondentsthat do not have the product. Denotethesetwo groups
as
0 ¼ and

0 ½ consistingof 3 ¼ and 3 ½ ¶�3p�]3 ¼ rows (respondents).For eachof the 4 question
responses,onecomputestheteststatistic

� Â&¶ � ¼sÂE� � ½�Â
Í ½ ¼sÂ o 3 ¼�ÃéÍ ½½�Â o 3 ½ »

� ¶ «µ»�¾µ¾�¾�»84�¾
Using this statisticto classifythedatais basedon theneedto find factorswhich areimportantto all
of the respondents,yet at thesametime differentiatethe two groups. In termsof the solutionto the
normalequations,thosefactorswith a largevalueof � Â correspondto coefficientswhich arelargefor
bothgroups,but thepeaksin thegraphsof thecoefficientsoccurat significantlydifferentlocations.It
is preciselythis failure to differentiatebetweenthetwo groupsthatdemonstrateswhy latentvariable
methodsdonotwork easilyasafirst step.

Dueto thelargenumberof samples(3p� Ò�· ), the � Â areeachapproximatelynormallydistributed
with zeromeanandvarianceoneunderthenull hypothesisthatthereis nodifferencein meansbetween
the two groups. Orderingthe test statisticsfrom the most negative to the most positive inducesa
reorderingof thequestions.In this sense,onecanranktheindicatorsasto their ability to differentiate
thetwo populationswith respectto a givenproduct.Thefactorwith thelargestobservedvaluesof � Â
definethestartingpointsof theclusteranalysisandbecauseof this,theseparticularquestionsform the
first stepsinto thedataminewhen

0
is viewedin thelight of agivenproduct.
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Typically thenumberof questions,4 , canbelarge,andoneis likely to find somemeanswhichwill
appearsignificantlydifferentevenwhenno differencein meansexists. To analysethis situationlet �
bethenumberof theof questionswith a teststatisticthatlies in theinterval ³!��Í�»�Í�´ . If we assumefor
simplicity thatthequestionsareindependentthen � ^ Bin ³�4�»\¬ ´ where¬ ¶ Ñ�³6«2����³�Í�´6´ and ��³�Í�´ is
thenormalcdf. Thereforetheprobabilitythat �6�é¯ andtheexpectedvalueof � are

� ³����é¯�´�¶ «�� � ú ¼
ÂL��º

4 � ¬ Â ³6«�� ¬�´ 7 ú Â » h ³M��´�¶Y4Ä¬�¾
The casestudiesat the endof this reportuse 4 ¶ Ò�Ö datafactorscompiledfrom censusdata. For
this many factorsand Í ¶vÖ standarddeviations,onefinds that

� ³M��� «�´�¶ ·o¾�«�Ñ�Õ�Ô and
h ³�� ´�¶·o¾�«�Ö�×�Õ . Consequently, to eliminateany falsealarmdifferenceswehavechosento considerstatistically

significantlydifferencesat threeratherthanthecommontwo standarddeviationsfrom themeanunder
thenull hypothesis.

7.6 ConsumerBasedClustering

A simpledefinitionof classificationor clusteringis usinga metricor a setof ruleswhich groupsthe
data,andis alsousedto classifyfuturedata.For example,medicaldiseasesmaybeclassifiedby the
manifestingsymptomswhich in turndescribeeachclassor subclassof agivendisease.In dataclassi-
ficationonedevelopsadescriptionor modelfor eachclassin adatabase,basedon thefeaturespresent
in a setof class-labelledtrainingdata.Therehave beenmany dataclassificationmethodsstudied,in-
cludingdecision-treemethods,suchasC4.5algorithm,ID3 algorithm,andSLIQ algorithm,statistical
methods,neuralnetworks,roughsets,nearestneighbourmethod,database-orientedmethods,parallel
algorithms,etc. Themethodfor classificationis in generalapplicationdependent,basedon thegoal
of mining thedata.

In this paperwe have chosena relatively simplemetric to determinetheclusteringof thedata,in
particular, correlationsbetweendatacolumnscorrespondingto thedifferentquestions.Thechoiceof
the metric is basedon the underlyinggoal that the salespersonhasthe opportunityto learnabouta
customer’spreferencesby askingonly a few questions.Thismetricof clusteringthenindicateswhich
arethemostinformativedatathatonewouldliketo infer from thesefew questions.Thismetricis most
similar to anearest-neighbourtyperule,wheretwo of thecensusdataarenearwhenthey arestrongly
positively correlated.

Anotherreasonfor looking at this metric is that it is computationallyefficient. In orderto look
for morecomplicatedclassificationstructures,onecould considerclassification-rulelearningwhich
requiresfinding rulesor decisiontreesthatpartitionthegivendatainto predefinedclasses.Of course,
theremany possiblesuchdecisiontrees;for any realisticproblemdomainof the classification-rule
learning,thesetof possibledecisiontreesis too largeto besearchedexhaustively. In fact,thecompu-
tationalcomplexity of finding anoptimalclassificationdecisiontreeis NPhard.

Therefore,we have not attemptedto find anoptimaldecisiontree;rather, we have shown that the
correlationsgiveafastclassificationof themine,whichcanbereadilyusedin designingquestionsand
conversationswith customers.
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7.7 CaseStudy A: BMW/Honda

Thefirst casestudyconsideredBMW andHondaowners.GiventhecensusdataonBMW andHonda
ownersgroupedby postalcodethegoalis twofold:

1. Selecta few questionsto askprospectivebuyersto infer theirBMW/Hondapreference.

2. Basedupontheindicatedpreference,infer otherinformationabouttheconsumer.

For thefollowing analysistherearea total of 3 ¶ «�Ô�Ô�Ò respondentswhich arepartitionedinto 3 � ¶
«�×�Õ�Ñ Hondaownersand 3K�&¶ Ñ�«�Ö BMW owners.Correspondingto eachof thesegroupsare 4 ¶ Ò�Ö
censusdatafactors.Thoseportionsof thedatamine correspondingto HondaandBMW ownersare
referredto as

0 � and
0 � respectively. As a startingpoint,wecomputeaPCA on

0 � and
0 � .

7.7.1 PCA: BMW/Honda

Theeigenvaluestructureof ; � and ;2� , thecovariancematricesof
0 � and

0 � , arevirtually identical,
rangingfrom & ¼U5 Ñ�¾�ÙlI.«�· ¼ûº to & ß ( 5 Ùo¾f×�I.«�· ú ¼û½ . Figure7.2(a)illustratesthe logarithmof the
magnitudeof the N & Â:P . What is apparentfrom the illustration is that & ¼ - &�� accountfor muchof the
variationin themine. In fact � ÂL��¼�& Â

ß (ÂL��¼�& Â ¶3·o¾�Ô�Ô�Ô�Ùo¾
Correspondingto theseeigenvaluesareeigenvectorsfocusedin thedirectionof factors21to 24. These
questionscorrespondto the averagehomevalue,averagefamily income,averagehouseholdincome
andtotal householdexpenditure.At theotherendof thespectrum,& ß ½ and & ß ( have eigenvectorsthat
identify astrongcorrelationbetweenfactors32to 35. Theselatterindicatorscorrespondto theaverage
amountspenton public transportation,averagespenton streetcarsandbuses,averagespenton taxis
andaveragespenton airplanes.

Thispreliminaryanalysisindicatesthatquestionsthatreflectthetotal incomeandexpenditureof a
particularhouseholdshouldbegoodindicatorsof whetheror notanindividualownsaBMW or Honda.
In addition,thereis a certainamountof redundantinformationin thedataminewith respectto public
transportation.Themaindifficulty with PCAremainsin thatit doesnot identify asinglequestionthat
bestidentifiesBMW ownersover Hondaowners.Someheadway canbemadeby computinga factor
analysiswhich is attemptednext.

7.7.2 A Preliminary Factor Analysis

In order to conducta factoranalysis,the datawasagainsplit into
0 � and

0 � accordingto whether
thevehicleownedby therespondentwasaBMW or Honda.Bothprincipalcomponentandmaximum
likelihoodmethodswereusedwith threefactors.However, theprincipalcomponentmethodaccounted
for moreof thevariability thanthemaximumlikelihoodmethod.Varimaxrotationwasusedin both
methods.Table7.1summarizestheanalysis.

As canbeseenfrom theresults,thesamevariablescontributedto whethera personwould own a
BMW or aHondawith somevariations.For example,underFactor3, averagehomevaluecontributes
moreto a personbeinga BMW ownerthana Hondaowner. Thepercentageof variability in vehicle
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(a) (b)

Figure7.2: (a) Depictedaretheeigenvaluesfor ; � and ;2� , thecovariancematricesfor the
0 � and

0 �
subsetsrespectively. The similar spectralstructurefor the BMW andHondacovariancetypifies the
difficulty encounteredwhenattemptingto find differencesbetweenthesetwo groups.(b) Displayedis
therankedteststatisticfor thedifferenceof meansfor eachof the53factors.Thedashedlinesindicate
the level of threestandarddeviationsandthe reorderingof the factorsis indicatedat thebaseof the
plot.

ownershipexplainedby the completemodel is approximatelythe samefor both: 60.7%for BMW
and 59.3%for Honda. Furtheranalysistools, suchas discriminantanalysisor tree regressioncan
be usedto determinewhich of thesevariablesdistinguishbetweenBMW andHondaowners. The
mainconclusionis that theprincipal factorsarestronglypositively correlatedandtheanti-correlated
componentsaresmall.

Thefactoranalysisidentifiesa block of questionsthatdifferentiatesthetwo groups.Furtheriden-
tification is possibleby consideringthedifferenceof meansacrossthe53 factors.

7.7.3 Differ enceof Means: BMW/Honda

Figure7.2(b)shows theorderedteststatisticsfor eachof the 43¶àÒ�Ö factors.Detailedexplanations
for all of thecensusdatacanbefoundin theappendixat theendof this report.Thisorderinginduces
a reorderingof thefactorsto N�Ñ�«µ»µÕo»�Ñ�Öo»µÑ�Ñ�»µÑ�Øo»o«#·o»�¾�¾�¾6»o«�Õo»µ×nP , with factor21 having themostnegative
andquestion7 having themostpositive teststatistic. This analysisalsoindicatesthatany questions
relatedto 21, 8, 23, 22, 24, 10 areequallyefficient at identifying BMW ownerswhile factor7 can
beusedto identify Hondaowners.Factors21-24correspondto averagehomevalue,averageannual
family income,averageannualhouseholdincome,andannualhouseholdtotal expenditure,8 reflects
thepercentageof individualsin adwelling with a universityeducation,10 indicatesself employment,
7 indicatesthe percentageof thosesubjectsin a dwelling with only up to gradenine educationand
question18 identifiesthoseindividualsliving in dwellingswith morethanfivestories.Theseinitially
identifiedfactorscannow usedasstartingpointsfor aclusteranalysis.Noticethatmany of thesedata
itemsappearin thepreliminaryfactoranalysis.

Being ableto identify a particularindividual asa BMW or Hondaowner is an importantfactor
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LoadingvaluesFactor1
BMW Honda

Total adultpopulation 0.996 0.997
Total population 0.995 0.997
Total numberof households 0.995 0.991
Total adultlabourforce 0.994 0.995
Total numberof families 0.993 0.996
Total numberof dwellingunits 0.993 0.989

LoadingvaluesFactor3
BMW Honda

Ave. homevalue 0.749 0.579
% self-empl.inc. 0.735 0.580
% univ. degree 0.694 0.714

LoadingvaluesFactor2
BMW Honda

% homeowners 0.922 0.939
% single-detachedhouse 0.861 0.772
Averageowners’majorpayments 0.794 0.859
% homerenters -0.924 -0.928
% apartmentwith �.Ò floors -0.746 -0.806
Averagegrossrent -0.698 -0.759

Variability explainedFactor
BMW Honda

Factor1 28.8% 28.5%
Factor2 20.7% 22.3%
Factor3 11.2% 8.5%
Total 60.7% 59.3%

Table7.1: Listedarethethreefactorsidentifiedin theBMW/Hondadatasampleandthecorresponding
loadings.Thefinal tableshowsthatthesethreefactorsaccountfor approximately60%of theobserved
variability.

for theclusteranalysisthat follows. To differentiatewe choosequestion21, theaveragehomevalue.
We can usethe datamine to determinethe particularhousevalue that shouldbe usedas a cutoff
valueto correctlyidentify themaximumnumberof individuals.Thatis, determine� suchthat

� ³G�c	� and �6w � ´ is amaximumwhere� and � aretheresponsesto question21for theHondaandBMW
owners.Figure7.3(a)shows that this probabilityhasa maximumof 0.41for � chosenin theinterval
($230K,$240K).This procedureof choosingan optimal cutoff valuefrom the probability structure
encodedin theminecanberepeatedfor otherquestionsto increasethedifferentiatingpower.

Detecteddifferencesin the meanresponsecan be quite subtle. As an illustration of this, Fig-
ure7.3(b)contraststheprobabilitydistributionsof theresponseto 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 definethe initial clusters.By doing this it is hopedthat the
clusteranalysiswill beableto identify sequencesof questionsthatlink theHondagroupto theBMW
group.This in turnmayhelpidentify characteristicsof prospectiveBMW owners.

7.7.4 Cluster Analysis: BMW/Honda

A clusteranalysiswasperformedfor two caseswith correlationsat the60%and75%level indicated.
The first analysiswasperformedby consideringonly the BMW ownerswhile the secondanalysis
consideredthecompletedatamine.As thenumberof Hondaownerswasmuchlargerthanthenumber
of BMW owners,a clusteranalysisof only Hondaownersmatchesthat obtainedwhen using the
completedatamine.Figure7.4summarizestheresults.
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(a) (b)

Figure7.3: (a)Probabilityof correctlyidentifyingHondaandBMW simultaneouslyfor agivenknown
homevalue. This distribution hasan extremevalueof 0.41for the interval ($230K,$240K).At this
cutoff valuetheprobabilityof correctlyidentifyingaHondaowneris 999/1782(56%)andthatof iden-
tifying theBMW owneris 156/213(73%). (b) On the left is theprobabilitydistribution of responses
to question21 (averagehomevalue).To theright is theprobabilitydistributionto factor7 (percentage
of householdwith lessthana gradenineeducation).Thesefactorsyield themostnegative andmost
positivevaluesof � Â respectively.

What is immediatelyapparentis thegreaterresolutiononecanachieve in thedataminewith the
BMW group. On the left handsideof eachclusterdiagramare thosequestionsidentifiedwith the
mostnegative teststatistic( Ã BMW) andon theright arethosequestionscorrespondingto themost
positive test statistic ( � BMW). Thosetraits that identify BMW ownersare householdvalue and
income,universityeducationandself employment.Characteristicsthatdirectly stemfrom thesetraits
aredonationsto charity, amountspenton public transportationandamountspenton personalcare.
Fromtheotherendof thedatamine, individualsthatdo not own a BMW arecharacterizedaseither
rentersor having lessthanagradenineeducation.A link betweentherentersandthosewith expensive
homesis thenumberof carsperhouseholdandthesubsequentexpenditureontires,gasoline,foodand
transportation.

This clusteranalysisimplies that therearemany possibleways to identify a BMW owner. For
example,universityeducatedindividualsthatdo not rentandoutwardly appearto spenda greatdeal
on personalcare.Onceidentified,thecharacteristicsof this groupcouldbetargetedfor abroadrange
of productsor servicesthat lie within the identifiedcommoninterests.Examplesof theseinterests
includecosmetics,expensive tires,andperhapsevenendowmentsto universities.

Whenweconsidertheentireminethereis alossof resolutionbut muchof thestructureremains.In
addition,othercharacteristicscometo theforefront.Two new characteristicsareastrongercorrelation
with theamountspenton computersthelossof thecorrelationwith public transportation.A possible
implicationhereis thatHondaownerswith anexpensivehomemaybedifferentiatedfrom BMW own-
ersby theamountthatthey spendonairlines.Againwepointout thatbeingableto accuratelyclassify
anindividual is animportantfirst stepin thattheclusteringreflectsthisbias.However, mis-identifying
anindividualdoesnothaveasseriousaconsequenceasonemightfirst expect.Theclusteringanalysis
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Figure7.4: To the left are the dataclustersconsideringonly the BMW groupwhile to the right is
the thesameanalysisconsideringthe completedatamine. On the Ã sideof eachfigure, the factors
arelargeror morelikely for BMW owners,while the � sideof eachfigure thefactorsaresmalleror
lesslikely for BMW ownership.Cutoffs at 60%and75%in thecorrelationlevel (eitherpositively or
negatively) areindicated.Explanationsfor all of thedatafactorscanbefoundat theendof thereport.

Figure7.5: Theclassificationtreestructurefor thebeerpreferencerespondents.

supportsthisby illustratingthatmuchof thestructureis preservedwhenmoving from BMW to Honda
owners.To contrastwith theBMW/Hondadata,thesecondcasestudyconsidersconsumerpreference
of two brandsof domesticbeer.

7.8 CaseStudy B: Beer Preference

Our secondcasestudyaddressesbeerpreferencesamongsta sampleof 707 individuals. Eachindi-
vidual wasaskedto indicatetheir preferencefor two differentbrandsof beer(BrandA andBrandB)
accordingto thefour pointscale:

0: Don’t drink
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(a) (b)

Figure7.6: (a) Eigenvaluesfor ;2� and ;�¼ , thecovariancematricesfor the
0 � and

0 ¼ subsetsrespec-
tively. (b) Rankedteststatisticfor thedifferenceof meansfor eachof the53 factorsfrom thecensus
data. As in Figure7.2(b), the dashedlines indicatethe level of threestandarddeviationsand the
reorderingof thefactorsis indicatedat thebaseof theplot.

1: Tried in thepast12months

2: Becomingusual

3: Usualbrand.

As no respondentsindicatedthat eitherbrandwas their usualbrand,the responsesbroke into nine
separateclassifications.Figure7.5 shows the resultingtreestructureandthe four groupsinto which
theindividualswereplaced.GroupI essentiallyconsistsof non-drinkers,groupII andIII tendto prefer
brandsA andB respectively, andgroupIV respondentsstronglypreferbothbrands.

7.8.1 Differ enceof Means: Beer

No significantdifferencesweredetectedin a directcomparisonof groupsII andIII sinceall of the � Â
statisticswerelocatedwithin two standarddeviations. Large scoresweredetectedwhencomparing
groupsI and IV but sincegroup IV consistedof only five individuals our underlyingassumptions
of normality were no longer valid. Sincethe 53 characteristicsdo not seemto be able to clearly
differentiatethe two brandsof beer, it wasmoreappropriatewith this dataset to comparedrinkers
of bothbrandsversusthoseindividualsthatdo not drink eitherbrand.As such,groupsII, III andIV
wereconsolidatedinto a singlegroupwhich wasthencomparedto groupI. Theportionsof thedata
mineconcerningthesetwo groupswill bereferredto as

0 � and
0 ¼ . Figure7.6 illustratesthespectral

structureof thesetwo classificationsanddistributionof thedifferenceof means.
ComparingFigure 7.6(a)with Figure 7.2(a) illustratesa striking similarity with the eigenvalue

distribution of thebeerdataandthecardataof thepreviousstudy. This similarity is alsoreflectedin
thepreliminaryfactoranalysiswhich hasbeenomittedbecauseof its similarity to the BMW/Honda
analysis.Eventhoughtheeigenvaluestructurewassimilar, noneof theteststatisticslie outsideof the
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Figure7.7: Illustratedis theclusteranalysisfor beerdrinkers.Thecorrelationcutoff wassetat 50%.
Solid lines representpositive correlationsanddashedlines representnegative correlations. On the
left of the arethoseindicatorswhosemeanresponsefor beerdrinkerswashigherthanfor non beer
drinkers.

threestandarddeviations.Despitethis,we begin theclusteranalysisstartingwith factors50,7, 48 on
thedrink beersideof thedatamineandfactors27and14on thedon’t drink beersideof themine.

7.8.2 Cluster Analysis: BeerPreference

We againremindthereaderthata full explanationof eachof thefactorsfrom thecensusdatacanbe
found in theappendix.Correlationsbetweenthestartingfactors7, 14, 27, 48, 50 andtheremaining
questionsweredetectedoncethecutoff level wasdroppedto 50%. This reductionin thecutoff level
wasexpectedgiven the lack of significantdifferencesdetectedin the previous section. Figure7.7
summarizesthe resultsand illustratesthat respondentsthat prefer thesebrandsseemto fall along
ethniclines. The analysisalsoindicatesthat beerdrinkersarecharacterizedby individualsthat rent
ratherthanliving in a singledetachedhouse.However, with this collectionof 53 factorstherewasno
additionalproductinformationthatcouldbecorrelatedwith theseindividuals.

Without a clear indication of questionsthat differentiatebetweenbeer drinkers and non beer
drinkers,at leastfor thesetwo brandsof beers,we do not attemptto correlateothercharacteristics.
Clearly, someadditionalanalysisis necessaryto improvethefirst partof theanalysis,namely, making
distinctionsaccordingto a particularproductpreference.Sincethedifferencein meansis not signif-
icantly large for any onefactor, this suggeststhata combinationof questionswould be necessaryto
make a significantdistinction. As mentionedabove, a factoranalysishasnot beendonefor this data
set;however, onecouldusethisanalysisto designacombinationof afew questionsasafirst algorithm
for differentiatingbetweenconsumers.
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7.9 Conclusion

For a givenproducttwo taskswererequired.The first beingidentificationof consumersthat would
reactfavourablyto productandthesecondbeingtheinferenceof othercharacteristicsconcerningthese
consumers.

This wasaccomplishedwith a twofold strategy. By ranking the differenceof meansacrossall
of the factors,thosequestionsthat bestcharacterizefavourableconsumerscanbe identified. Once
identified, the datamine canbe usedto estimatethe power of a given strategy to correctly identify
a given individual. For casestudyA the identificationalgorithmwassimply to usean individuals
homevalue. By optimizing the cutoff level this singlevariablewasable to correctly identify 41%
of the individuals in the datamine. By usinga combinationof questionsthis percentagecould be
increased.Performinga clusteranalysisthat is rootedat thesekey identifying questionsallows other
characteristicsof theseconsumersto beinferred.

The two casestudiesshow that being able to identify questionsthat significantly differentiate
respondentswith respectto a givenproductis a fundamentalpartof theprocess.Failureto make this
identificationdecreasestheresolutionof thesubsequentclusteranalysis.CasestudyA exemplifiesthe
situationwhenthereis aclearseparationwith respectto aproductwhereascasestudyB illustratesthe
decreasein resolutionwhenno clearseparationexists. In general,this first stepmaybedependenton
thetypeof dataandthedesireddifferentiations.A combinationof factoranalysisandtheconsideration
of differencesin basictest statisticsproved to be superiorto methodsbasedon latent variablesor
principalcomponents,dueto theunderlyingeigenstructureof thedatamine.

To increasethe capability of this methodfuture advancesshould include a more sophisticated
clusteringalgorithm.For example,PLS/SVDcouldbeusedon theclusteringsubgroupsafterthefirst
stepof separatingwith thedifferenceof themeansstatistic.An addition,automaticdeterminationof
theidentificationpower for agivensetof identifyingquestionsshouldalsobeaddressed.
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Appendix: Factors fr om CensusData

Question Description Mnemonic

01 Totalpopulation PP-TOT
02 Totalnumberof families FM-TOT

Household
03 Totalnumberof households HH-TOT
04 Averagegrossrent HH-TOTRENT
05 Averageowner’smajorpayments HH-TOTMAPJ

Education
06 Totalpopulation15 yearsold andover ED-HL
07 Percenteducationlevel: lessthangrade9 ED-GR-9
08 Percenteducationlevel: universitywith bachelor’s degreeor higher ED-UNIDG

Employment
09 Total labourforce15yearsold andover EM-TOT
10 Percentemployment:self-employed(incorporated) EM-PSMI
11 Percentemployment:self-employed(unincorporated) EM-PSMU
12 Percentemployment:unpaidfamily workers EM-UP

Dwelling
13 Totalnumberof dwelling units DM-TOT
14 Percent:dwelling type: single-detachedhouse DW-SINGLE
15 Percent:dwelling: semi-detachedhouse DW-SEMI
16 Percent:dwelling type: town house DW-ROW
17 Percent:dwelling type: apartment,detachedduplex DW-DUP
18 Percent:dwelling: apartmentbuilding, fiveor morestoreys DW-APT5
19 Percent:homeowners DW-OWNED
20 Percent:homerenters DW-RENTED
21 Averagehomevalue DW-TVALUE

Income
22 Annualaveragefamily income IN-AFM
23 Annualaveragehouseholdincome IN-AHH

Expenditures
24 Annualhouseholdtotal expenditure D1000-5230
25 Annualexpenditureon food D1000-1560
26 Annualexpenditureon rent D2000
27 Annualexpenditureon transportation D3000-3260
28 Annualexpenditureonpurchaseof automobilesandtrucks D3000-3004
29 Annualexpenditureonautomobiles D3000
30 Annualexpenditureongasolineandotherfuels D3050
31 Annualexpenditureon tires,batteries,partsandsupplies D3060
32 Annualexpenditureonbus,subway, streetcarandtrain D3200
33 Annualexpenditureonpublic transportation D3200-3260
34 Annualexpenditureon taxi D3210
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35 Annualexpenditureon airplane D3220
36 Annualexpenditureon moving, storageanddeliveryservices D3260
37 Annualexpenditureon accidentanddisability insurance D3384
38 Annualexpenditureon personalcare D3500-3580
39 Annualexpenditureon recreationequipmentandservices D3700-3830
40 Annualexpenditureon computerhardware D3750-3752
41 Annualexpenditureon computersoftware D3755
42 Annualexpenditureon gifts of money andcontributions D5200-5230
43 Annualexpenditureon gifts to personsliving outsideCanada D5210
44 Annualexpenditureon contributionsto charity D5220-5230
45 Annualexpenditureon non-religiouscharitableorganizations D5230
46 Averagenumberof vehiclesownedperhousehold NMVEHONP

Ethnicity
47 Percentethnicity: British BRITISH
48 Percentethnicity: Chinese CHINESE
49 Percentethnicity: Dutch DUTCH
50 Percentethnicity: German GERMAN
51 Percentethnicity: Italian ITALIAN
52 Percentethnicity: Polish POLISH
53 Percentethnicity: Scandinavian SCANDINAV
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