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Abstract

Data setswith a large numberof nominal variables,somewith
high cardinality arebecomingincreasinglycommonandneedto
be explored. Unfortunately mostexisting visual explorationdis-
plays are designedo handlenumericvariablesonly. Whenim-
portingdatasetswith nominalvaluesinto suchvisualizationtools,
mostsolutionsto datearerathersimplistic. Often,techniqueshat
map nominal valuesto numbersdo not assignorder or spacing
amongthevaluesin amannetthatcorveys semantiaelationships.
Moreover, displaysdesignedor nominalvariablesusuallycannot
handlehigh cardinality variableswell. This paperaddressethe
problemof how to display nominalvariablesin general-purpose
visual explorationtools designedor numericvariables. Speci -
cally, we investigate(1) how to assignorderand spacingamong
the nominal values,and (2) how to reducethe numberof dis-
tinct valuesto display We proposehatnominalvariablesbe pre-
processedising a Distance-Quanti cation-ClassingDQC) ap-
proach beforebeingimportedinto avisualexplorationtool. In the
DistanceStep,we identify a setof independentlimensionshat
canbe usedto calculatethe distancebetweemominalvalues.In
the Quanti cation Step,we usethe independentlimensionsand
the distanceinformationto assignorder and spacingamongthe
nominalvalues.In the ClassingStep,we useresultsfrom the pre-
viousstepsgto determinavhichvalueswithin avariablearesimilar
to eachotherandthuscanbe groupedtogether Eachstepin the
DQC approachcan be accomplishedy a variety of techniques.
We extendedhe XmdvTool packagedo incorporatethis approach.
We evaluatedour approachon several datasetsusinga variety of
evaluationmeasures.

Keywords: Nominal data, visualization,dimensionreduction,
correspondencenalysisguanti cation, clustering classing.

1 Introduction

Nominal (or categorical) variablesarevariableswhosevaluesdo
not have a naturalorderingor distance. High cardinality nomi-
nal variables(i.e., thosewith a large numberof distinct values)
arecommonin real-world datasets. Examplesof high cardinal-
ity nominalvariablesinclude productcodes,speciemames.and
countrynames. Nominal variablesare commonlyfound, for ex-
ample,in suney datafrom socialandbiologicalsciences.

Visualizationprovides an ef cient andinteractve way of ex-
ploring high dimensionaldata[20]. Unfortunately nominalvari-
ablesespeciallyhigh cardinalitynominalvariables posea serious
challengefor datavisualizationtool developers.Dif culties arise
dueto severalreasons.

Thiswork is supportedy NSFgrantllS-0119276.

First, visualizationmethodsspeci cally designedor nominal
dataarenotascommonlyusedasthosedesignedor numericdata
[6]. Possiblereasonsnclude: (1) They tendto be more special-
purpose(e.g., Mosaic Displays[6] are designedfor discosering
associationsvhereasParallel Coordinateq9], which arefor nu-
meric variables,canbe usedfor exploring outliers, clusters,and
associations)(2) Methodssuchasthe Fourfold Display [6] can-
not handlemultiple nominalvariables. (3) Methodssuchasthe
MosaicDisplay cannothandlehigh cardinalityvariableswell. (4)
Most methodsare not readily availablein commonvisualization
software[6].

Secondmostvisualizationsoftwarepackagesnly provide dis-
plays that are designedfor numericvariables. Reasondor this
include: (1) Datasetshave traditionally containedonly numeric
data.(2) Numericdisplaysaremoregeneral-purposg3) Thein-
herentorderandspacingamongnumericvaluesmalesit natural
to corvey notionssuchasmagnitudeandsimilarity.

Oneway to display nominalvariablesusingnumericdisplays
is to mapthenominalvaluesto numbersij.e., assigningorderand
spacingto the nominalvalues. Display methodssuchasParallel
CoordinategFigurel) requirebothorderandspacingamongval-
ues. But caremustbetaken. Blindly castingnominalvaluesinto
numericdisplaysmayintroducearti cial patternsandcauseerrors
in theinterpretatiorof thevisualization19]. Existingnominal-to-
numericmappingtechniqueslo not alwaysassignbothorderand
spacingo thevalues.For example Ma et.al'stechniqug13] only
assignsorderto the nominalvalues,but not spacing. As a moti-
vating exampleof the needfor orderandspacing eferto Figures
1 and 2 which both display the quality; color and size informa-
tion of 65500bjects(from a syntheticdataset). Figurel givesan
exampleof a displaywherenominalvalueswere assignecdrder
and spacingusing our DQC approachwhereasrFigure 2 shavs
alphabeticabrderinganduniform spacingof the nominalvalues.
Figurel revealsthatblueandpurpleobjectshave similar underly-
ing distributionsfor quality andsize. Suchinformationis dif cult
to extractfrom Figure2.

This paperaddressethe problemof how to display datasets
with a large numberof nominalvariables,somewith high cardi-
nality, in visual explorationtools designedor numericvariables.
Speci cally, we addresgwo sub-problems:

How dowe mapnominalvaluesto numberssuchthatwe ef-
fectively assignorderanddistanceamongthe values?Order
is usedto positionvaluesalonganaxis,wheretheadjaceng
of valuessuggestsimilarity. Distanceis usedto spacethe
valuesalongthataxis. The amountof spacingsuggestshe
degreeof similarity amongvalues,makingit easierto spot
clustersaswell asoutliers.

When a variablehasmary values,how do we group simi-
lar valuestogetherto reducethe numberof distinct values



Figurel: ParallelCoordinates
with FCA Quanti cation.

Figure2: ParallelCoordinates
with Arbitrary Quanti cation.

to display? Reducingthe cardinalityis neededor displays
suchasDimensionalStacking[12] and Trellis Displays[3]
which arelimited by the numberof valuesthey candisplay

We alsowantour solutionto have thefollowing featuresdata-
driven(notrelyingondomainknowledge) multivariate(usingthe
relationshipof a nominalvariablewith several othervariablesto
decidethe ordering,spacingandclassingof the values),scalable
(canwork with alargenumberof variables possiblywith highcar
dinality, andusinglimited memory) distance-peserving(the dis-
tancebetweentwo nominalvaluesin nominalspaceis presered
in numericspace)association-pgserving(nominalvariablesthat
arehighly associatedh nominalspacearealsohighly correlated
in numericspace)andaccessiblgreadily availableto dataana-
lysts). To our knowledge,no solutionexists thathasall of these
featureqthisis furtherdiscussedn Section2).

To solwe this problem,we proposethat nominal variablesbe
pre-processedising a Distance-Quanti cation-ClassingdDQC)
appoacd beforebeingimportedinto visual explorationtools de-
signedfor numericvariables.In the DistanceStep we transform
the dataand searchfor a setof independentimensionghat can
be usedto calculatethe distancebetweennominal values. This
distances basedn eachvalue's distribution acrossseveral other
nominalvariables.In the Quanti cation Step we assignorderand
spacingamongthe nominal valuesbasedon the distanceinfor-
mation. In the ClassingStep we determinewhich valueswithin a
variablearesimilarto eachotherandthuscanbegroupedogether
Eachof thesethreestepscanbe accomplishedy morethanone
techniqueaswe will shav in Sections4 to 6.

We implementedthe DQC approachin XmdvTool, a public-
domain visualizationpackagedevelopedat WPI [21]. For the
DistanceStep,we implementedand evaluatedtwo alternatves—
thewell-establishedechniqueof Multiple CorrespondencAnal-
ysis (MCA) [8] from Statisticsand our own FocusedCorrespon-
denceAnalysis (FCA) which we describein this paper FCA is
our proposedilternatveto MCA whenmemoryis limited. For the
Quanti cation Step,we useda modi cation of the Optimal Scal-
ing techniqud8] to alsomalke it work for datasetswith perfectly
associatestariables FortheClassingStep we usedaHierarchical
Clusteringalgorithm[10] sowe canperformmultivariateclassing
(usinginformationfrom severalvariablesto guidetheclassing).

To testour ideas,we pre-processedeveral datasetsusingthe
DQC approactandusednumericdisplayssuchasParallel Coor
dinatesto evaluatethe usefulnes®f the quanti ed versionsof the
nominalvariables.We comparedMCA, FCA andarbitraryquan-
ti cation usingawide rangeof evaluationmeasuresuchastime,
memory quality of quanti cation, quality of classingandquality
of visualdisplay

Theremainderf this paperis organizedasfollows. Section2
brie y describeselatedwork. Section3 givesanoverview of the
entireapproachwhile Sectionst to 6 give detailsfor eachstepof
the DQC approach.Section7 presentempiricalresults. Section
8 summarizewur resultsandlists possiblefuturedirections.

2 Related Work

Visualizing Nominal Variables: There are several ap-
proachedo visualizingnominalvariables. One canusedisplays
that are speci cally designedfor nominal variables: sieve dia-
grams[6], mosaicdisplays[6], mapsfrom CorrespondencAnal-
ysis [8], fourfold displays[6], treemapg11], dimensionalstack-
ing [12] andCatTrees[11]. Unfortunately theseapproachesre
eitherspecial-purposeotreadilyavailablein commondataanal-
ysis software[6], or cannothandlehigh cardinalitynominalvari-
ableswell.

Othershare mappednominal valuesto numbersusing some
orderingtechniqueand equal spacingbetweenvalues,and then
displayedhemusingnumericdisplays.Orderingtechnique$ave
rangedfrom arbitraryordering(e.g.,alphabeticabrder),ordering
basedon the value of anothervariable[20] (e.g.,time), ordering
basedbn domainexpertise[13], to moreintelligentorderingtech-
nigues(e.g.,constructingraturalclusterg13]). Unfortunatelyar
bitrary orderingoften createsarti cial patternswhich canleadto
wrong conclusions.Furthermore equalspacingdoesnot corvey
the degreeof similarity betweemominalvalues.

Correspondence Analysis: There have been several re-
searchefforts on Correspondencénalysis (CA) that have pro-
videdideasfor our researchFriendly[5] suggestedisingthe co-
ordinatesfrom the rst CA principal axis to orderthe valuesof
nominal variablesin mosaicdisplaysto reveal the patternof as-
sociation.Greenacrg8] proposedisingthe coordinategrom the
rst CA principal axis asinput to createa classingtree. In this
tree, the nominal valuesare groupedtogetherusing reductionin
inertiato representoss of information. Greenacrd8] alsosug-
gestedheuseof quanti ed versionsof nominalvariablesasinput
to statisticaltechniqueghatrequirenumericvariablessuchasre-
gression. The SPSSCateyoriespackageusesCA to pre-process
datafor their Catgyorical Regressionrmoduleand usesCA maps
for visualizingnominalvariables[14]. Theseusesof the coordi-
natesof the rst CA principal axis seemto be dueto the theory
of Optimal Scaling,that statesthat thesecoordinateprovide an
optimal numericrepresentationf the nominalvalues[8]. Unfor-
tunately whenthe nominal variableis perfectly associatedvith
anothemominalvariable,suchcoordinatesarenot optimal,aswe
will shaw later.

Milaneseet. al. [16] usedCA andclusteringto groupsimilar
imagesandcreateda hierarchicakreefor usein fastindexing into
classeof images.Thisis similar to our approachn thatwe also
useCA asa datareductiontechniqueanduseclusteringto group
similar nominalvaluestogether

Classing:  There are several approachego grouping similar
nominalvaluestogether Onecould useexpertknownledgebut this
canbe tediousfor high cardinality nominalvariables(e.g. mer
chantcodes).Onecould useinformationaboutthe nominalvari-
ableitself (e.g.,basedon the frequeny of occurrenceof the val-
ues,thevaluescanbegroupednto popular averageor rareoccur
rence).Or, onecould usethe relationshipof the nominalvariable
with atargetclassi cationor regressiorvariable[15] (e.g.,group



Figure3: DQC Approach

citiesbasednincomelevel). But usingonly onespeci ¢ variable
to guidetheclassing(univariateclassing mayresultin a classing
thatis believable only within the context of that speci c variable
(e.qg.,if we groupcitiesbasednincomelevel alone we mayhave
to regroup cities if we want to visualizetheir relationshipwith

land area). A betterclassingapproachs to useseveral variables
to guidethe classingof a target variable (multivariate classing.

One multivariate classingapproachappliesClustering[10] on a
datasetwherethe recordsrepresenthe nominal valuesand the
variablescontainsummaryinformationabouteachnominalvalue.
We usethis clusteringapproactor our ClassingStep(Section6).

3 Overview of Proposed Approach

Our proposedapproachthe Distance-Quanti cation-Classingp-
proach consistof threestepgFigure3). Eachstepcanbeaccom-
plishedby morethanonetechnique.In this section,we describe
theinput, outputandpurposeof eachstep.In the succeedingec-
tions,we discusspossibletechniquegor eachstep.

Step 1: Distance Step - Givenadatasetwith nominalvari-
ables,one of which is the nominalvariableto be quanti ed and
classed. The purposeof this stepis to createa table wherethe
rows representhevaluesof thenominalvariableandthe columns
represeninformationaboutthe othervariablesin the dataset. For
this tableto be useful for the Quanti cation and Classingsteps,
we shouldbe ableto calculatethe distancebetweentwo nominal
valuesfrom thistable.

To explain this better considera datasetthat containsqual-
ity, color andsizeinformationfor 65500bjects.Quality hasthree
possiblevalues- good,ok, bad;color hassix values- blue,green,
orange,purple, red, white; and size hasten values—'a' to '
Supposeve wantto analyzecolor (which we shallcall our target
variable) usingquality andsize (which we shall call our analysis
variableg. To analyzecolor, we look atthedistribution of its val-
ueswith respectto the analysisvariablesusinga contingeng or
countstable (Figure4). Fromthe countstable,we cancalculate
row percentagefFigure5) andgeta glimpseof which colorsare
similar to eachotherbasedon row pro les; Figure5 shaws that
blue andpurplehave similar row pro les. Fromtherow percent-
agetable, we may be temptedto calculatethe distancebetween
two rows using EuclideanDistanceformula; however, thereare
two row percentagéablesfor color (color by quality andcolor by
size). The techniqueto be usedfor this stepmusthave a way to
combineall thecolumnsof all tablesfor color, extractnew dimen-
sionsthatareindependentf eachother andtransformthe counts
tableinto atablethatusestheindependentlimensiongFigure6).

Thesandependendimensionsvouldthenbethebasisof distance
calculationsneededn the succeedingteps. Using independent
dimensionsnsureghatthe distancecalculationis not biasedby
groupsof high associateatolumns. This agumentis similar to
performingPrincipal Componentnalysisprior to ClusterAnal-
ysisto ensurethat the dimensionsareindependenof eachother
asrequiredby the EuclidearDistancecalculationg10]. Eachrow
in the outputtable (Figure 6) canbe thoughtof asa pointin p-
dimensionakpacede ned by the p independentlimensions.

Often, the numberof analysisvariablesis large althoughsev-
eralmay be highly associateavith eachother This suggestshat
the numberof independentlimensiongo keepin the outputtable
(Figure6) canbereducedwhile still maintaininga high accurag
for the distancecalculation. This DistanceStepmustalsodeter
minehow mary of theindependentiimensiongo keep.

Thisstepis themostimportantstepasit dictatesheaccurag of
thedistancecalculationneededn the Quanti cationandClassing
Steps. It is alsothe most memory hungry and computationally
intensve stepasit involvestransformationsf the original (large)
datasetsanddatareduction.

Figure5: Row Percentag&a-

Figure4: CountsTable ble Shaving Row Pro les

Step 2: Quanti cation Step - Givenatablewith rowsrep-
resentinghe valuesof the targetvariableandcolumnsrepresent-
ing independentlimensionsextractedfrom the analysisvariables
(Figure 6), this stepusesthe distanceinformationto assignor-
der and spacingto the valuesof targetvariable. The outputis a
nominal-to-numerianapping(Figure 7). The goal of this stepis
to createthat mappingin a way that is distance-preservingnd
association-preserving.

Figure 7: Nominal-to-

Figure 6: TransformedTable NumericMapping

with Independenbimensions

Step 3: Classing Step - Thisstepuseghedistancenforma-
tion derivedin the DistanceStepto determinewhich valuesof the
targetvariableare similar to eachotherandthuscanbe grouped
togetherwith minimal loss of information. Ideally, the outputis

a hierarchicaklassingtree shaving which valuescanbe grouped



Figure8: ClassingTreewith InformationLossMeasure

togethesuccessiely andtheamountof informationlostwith each
grouping(Figure8).

Notethatthe Quanti cationandClassingstepsmayor maynot
be dependenbf eachother assuggestedy the dashedine be-
tweenthemin Figure3.

The DQC approachasseveraladvantagesFirst, it is general-
purpose.lt providesa pre-processingpproactthatis usefulnot
only for visualizationpurposesut alsofor othertechniqueshat
cannothandlehigh-cardinalitynominalvariables(e.g.,clustering
algorithms,associatiorrules) or can only handlenumeric vari-
ables.Secondit providesa hierarchicaklassingtreewhich gives
usersthe e xibility to decidehow mary value-groupgo usein
visual displays,dependingon their speci ¢ analysisgoals. Third,
thisapproactenablesnultivariatequanti cationandclassingi.e.,
determininghedistancebetweerthevalueshasedntheirpro les
acrossseveral othervariables)whichwe believe providesmorero-
bustresults.

4 Distance Step

A well-knowvn family of techniqguesfrom Statisticssuitablefor
the DistanceStepis the Correspondencénalysis (CA) family
[8, 17, 18]. Its simplestversion, called SimpleCorrespondence
Analysis(SCA), is designedto analyzethe relationshipof two
nominal variables. SCA takes as input a 2-way countstable
(Figure 4). The rows of the countstable can be thoughtof as
datapointsin a p-dimensionatoordinatespacede ned by the p
columns. As such,thereis a distancebetweentwo datapoints.
CA aimsto eliminate the dependencieamongthe columnsby
extractinga reducedsetof nev columnsthatareindependenbf
eachother while still preservingall or mostof the information
aboutthe differencedbetweertherows. Figure6 shavs anexam-
ple outputfrom CA. CA is similar to Principal Componenfnal-
ysis (PCA) exceptthat CA is for nominalvariableswhile PCAis
for numericvariables.Justlike PCA, eachsuccessie independent
dimension(called a principal axis) explains lessand lessof the
overallinformation.

In its generaform, CA cananalyzetwo-way andn-way tables
that containsomemeasureof correspondencbetweenthe rows
andcolumns(not just counts).In this DistanceStep,onecanuse
ary versionof CorrespondencAnalysis,aslong asit cananalyze
the relationshipof morethantwo variablesandit canprovide as
outputthe coordinate®f thetop independentlimensiongprinci-
palaxes)for eachvalueof thetargetnominalvariable(asin Figure
6). In the following subsectionsye describetwo versionsof CA
suitablefor the DistanceStep.

Figure9: ExampleMCA Input Table(Burt Table)

Figurel10: ExampleFCA Input Table

4.1 Multiple Correspondence Analysis

Multiple Correspondencanalysis(MCA) extendsSimpleCorre-
spondencé\nalysisto analyzemore thantwo nominalvariables
[8, 17, 18]. To performMCA, we createa Burt Table (Figure9)
andusethatasinputto SCA. If acountstableis a crossbetween
two nominalvariables,a Burt Tableis a crossof all variablesby
all variables.If V is the total numberof uniquevaluesacrossall
variablesthenthesizeof the Burt Tableis V*V.

Givenanominalvariable MCA canbeusedo determinevhich
valuesaresimilarto eachotherby comparingvaluepro les across
all othernominalvariables. In MCA, this analysisis simultane-
ouslydonefor all nominalvariablesn theBurt Table. This simul-
taneousiaturemakesMCA ef cient but memory-intensie. When
thenumberof nominalvariablesto analyzeis largeandsomehave
high cardinality MCA could run out of memory dependingon
how it is implemented.

Thecoordinate®f the rst principalaxisfrom MCA follow an
optimal scalingproperty[8]. This meansthat suchcoordinates
represent quanti cation of all nominal valuesin all variables.
Note,however, thatthis quanti cationis sub-optimalvhenthetar
getvariablehasa perfectl-to-mary or mary-to-mary association
with anothervariable,aswe shav in Section?.

4.2 Focused Correspondence Analysis

Due to the memory-intensie natureof MCA, we now propose
an alternatve solution, which we call FocusedCorrespondence
Analysis (FCA), aimedat processinga large numberof nominal
variables somepossiblyhaving high cardinality

Recallthat MCA simultaneouslyanalyzesall variables. That
is, for a given variable, it builds row pro les usinginformation
from all othervariables.This simultaneousnalysisis ef cient in
termsof processingime becauseertaincalculationscanbe re-
used,thoughwastefulin memory Unlike MCA, FCA analyzes
onevariableatatime, makingFCA lesscomputationallyef cient
comparedo MCA. The memorysasingsin FCA comesfrom the
following key idea: insteadof comparingvalue pro les across
all othernominalvariableswe just comparevaluepro les across
the setof nominalvariablesmostassociatedi.e., correlated)with
thetametvariable. For example,to analyzeonenominalvariable
coloragainsits mostassociate#fariablessayqualityandsize,we
useareducedablesuchasFigure10asinputto SCA. Thistable
is aconcatenationf countstablesof color*qualityandcolor*size.

We now discusswhy sucha table would be a valid input for
SCA. In Section4, we mentionedthat the basicversionof SCA
usesa countstableasinput. In Section4.1, we indicatedthatwe
canperformMCA by usinga Burt Tableasinputto SCA.In gen-



eral, SCA canuseasinput ary tablethathasthe following prop-
erties[7]: (1) the tablemustusethe samephysicalunits or mea-
surementsand (2) the valuesin the table mustbe non-ngative.
If theinput tabledoesnot meettheseassumptionsthetable must
be transformedbefore performing SCA. The table in Figure 10
follows theseproperties.

The following pre-processingtepsare neededfor FCA: (1)
Measurehe pairwiseassociatiorbetweermominalvariables,and
(2) Determinghetopk associatedgariablesfor eachnominalvari-
able. Thesestepsareexplainedin detailbelow.

4.2.1 Measure the pairwise association between nom-
inal variables

Giventhecountstableof two nominalvariableswe canstatehow
closelyrelatedthevariablesarewith eachotherusingmeasuesof
nominalassociation[1]. Thesemeasuresre analogougo mea-
suresof correlationbetweemumericvariables.Severalmeasures
of nominalassociatiorexist. The choicedepend®on factorssuch
asthe sizeandshapeof the contingeng tableandthe presencef
low counts[1].

For our purposewe wanta measuref associatiorthatis valid
for countstablesthat may be large, non-squareand may contain
low cell counts— all propertiesof countstablesfrom high cardi-
nality variables.We alsowanta measuref associatiorthathasa
boundedangeof values,soit is easyto comparewo values.One
suchmeasuras the UncertaintyCoefcient Asymmetrianeasue
U(RC) [17]. U(R C) givesthe proportionof uncertaintyin the
row variableR thatcanbe explainedby the columnvariableC. If
U(R C) = 1, thevalueof therow variablecanbe known precisely
giventhevalueof the columnvariable.

4.2.2 Determine the top k associated variables for each
nominal variable

For now, we selectsomek greatetthan2, dependingonthe mem-
ory spaceavailable. Sincetheremay be variablesthat are only
weaklyassociatedvith othervariableswe cannotuseathreshold
onthe measureof associatiorchosenn Section4.2.1. By select-
ing k to begreatethan2, we ensureghatwe useatleastoneanaly-
sisvariablefor ordering,spacingandclassingeachtargetvariable.

In summary FCA hasits own strengthsandweaknesseswith
FCA, memoryusageis reducedand, in fact, controllable. Also,
we empirically shaw in Section7 thatFCA providesbetterclass-
ing treescomparedto MCA for somedatasets. FCA however
needsalongerruntime comparedo MCA. Thisis dueto theone-
at-a-timeanalysisaswell asthe needfor pre-processingln the
contet of visualizationtools, intelligently mappingnominalval-
uesto numbersis a pre-processingtepthat canbe runin batch
mode. Hence the run time may not be asimportantcomparedo
memoryspacdn somesituations.

4.3 Number of Dimensions to Keep

The CA family of techniquesisesforms of decompositior{e.g.,
Singular Value Decomposition,Eigervalue Analysis) to extract
the setof independentlimensions.By default, all forms of CA
will keepall independentimensionscalculated[8] which, for
high dimensionahigh cardinalitydatasets requirealot of space.
Theseindependentlimensionsareorderedby diminishingimpor
tance. Part of the CA outputis the setof eigervalues(principal
inertia) thatindicatethe importanceof eachindependentlimen-
sion. The rst dimensionwhichis the mostimportantdimension,

will havethehighestigevalue. Weplot theeigervalueby dimen-
sion number(calleda ScreePlot) and nd the'elbow’, the point
atwhichthechangen consecutie eigervaluesis small. We keep
only the dimensionsup to the 'elbow'. This is a commontech-
nigueusedin FactorAnalysis[17]. Thistechniqueas independent
of the particularversionof CA we usefor the DistanceStep.

5 Quanti cation Step

Quanti cationis the proces®f assigningorderandspacingo the
nominalvalues. For this step,we wanta techniquethat cantake
asinput the independentimensionsrom the DistanceStepand
produceanominal-to-numerienappingfor eachnominalvariable.

As mentionedn Section2, a populartechniqueusedfor quan-
ti cation is basedon the theory of Optimal Scaling[8]. Based
on Optimal Scaling,we canusethe coordinategrom the rst CA
independentimensionasthe quanti ed versionof the nominal
values.Unfortunately whena nominalvariableis perfectlyasso-
ciatedwith anothervariable(e.g., one-to-mag association:one
statehasmary zip codes,or mary-to-mary association:speci ¢
productsareonly soldin speci ¢ regions),we have foundin our
experimentghatthis techniquefails (seeSection?).

Sincewe wantour techniqueto work without the needfor do-
mainknowledge,we wantit to automaticallyhandlecasef per
fect associations Hence,we proposean adjustmento the Opti-
mal Scalingapproach:If the rst n CA eigewvaluesare 1.0, let

where is the coordinate
of the ith independendimension. Else setthe scaleequalto the
coordinateof the rst independendimension. Scaleis the term
usedin Optimal Scalingfor the quanti ed versionof a nominal
variable. In Section7, we shav that this proposedadjustment
givesmoreeffective resultsfor caseswith perfectassociation.

By using independentimensionsextractedvia CA to create
the quanti ed versionsof nominalvalues we have essentiallyde-

ned theorderandspacingof two nominalvaluesto beafunction

of the chi-squaredlistancebetweenthem. Chi-squaredlistance
is the distancefunction usedin CA [8]. Chi-squaredlistanceis

the weightedEuclideanDistancebetweena row pro le andthe

average(or expected)row pro le. Putdifferently the quanti ed

versionof a nominalvaluedepend®n how differentits pro le is

from the averagepro le. This implies that even if the nominal

variablehasan underlyingorder (i.e., evenif it is actuallya dis-

cretizednumericvariable),thatorderis not likely to berecreated
in thequanti ed version.

An alternatve to our modi ed optimal scalingis to usean al-
gorithm similar to Ankerstet.al's algorithm [2] for rearranging
dimensiondor a visualization. We searchfor an orderingof the
rows of Figure6 thatminimizesthe sumof thedistancedetween
all pairsof adjacentrows. This de nes the orderof the nominal
values.The spacingbetweervaluescanbe de ned usingthe dis-
tancebetweertherow values.Our Optimal Scalingquanti cation
is fasterthanthis algorithmbecaus®ptimal Scalingdirectly uses
outputfrom CA atno extra cost.

6 Classing Step

Classing(or intra-dimensiorclustering)is the processof nding
which valueswithin a nominalvariableare similar to eachother
andthuscanbe groupedtogether For this step,we wanta tech-
niguethatcantake asinputatablewith rows representingheval-
uesof the target variableand columnsrepresentingndependent
dimensionsxtractedfrom the analysisvariables,and producea



Figurell: EvaluationDataSets

hierarchicatlassingreeshaving valuegroupingsandtheamount
of informationlost with eachgrouping(shavn in Figure8). One
methodfor solving this is to apply a hierarchicalclusteringalgo-
rithm on the CA outputtable (Figure 6), whereeachvalue (row
point) is weightedby its counts.

Classingis a datareductiontechnique. Justlike ary datare-
ductiontechnique classingresultsin lossof information. Hence,
in this step,we alsowantto shav the amountof informationlost
wheneertwo valuesaregroupedogetheranddisplaythis along-
sidethe classingtree. To approximatehelossof informationin-
curredin classingthe nominalvariable X, we follow four steps:
(1) DeterminethevariableV with the highestassociatiorwith X.
(2) Createa contingeny tablebetweervariablesX andV. (3) Cal-
culatethetotal tablemeasuref associatiorfe.g.,UncertaintyCo-
efcient). (4) Startingfrom the bottom of the classingtree and
going all the way to the top, for every pair of nodesmeigedto-
gether calculatethe loss of informationincurred,de ned by the
cumulatve percentagdoss of information

, where
A(t) is the associatiormeasurdor tablet. This informationloss
measurecanbe usedto decidethe reducednumberof classego
usein the visualization[8]. One alternatve measureof infor-
mationlossis the R-squaredneasurehat canbe calculatedwith
ClusterAnalysis[17].

7 Experimental Evaluation

In this section, we comparethe MCA-basedimplementation,
FCA-basedimplementationand the commonapproachof arbi-

trary quanti cation (arbitraryorderinganduniform spacingusing

awide rangeof evaluationmeasuresWe focusour evaluationson

theDistanceStep(MCA vs. FCA) becausé is themostimportant
stepin the DQC approach.All implementationsndevaluations
weredonewithin XmdvTool [21].

7.1 Setup

We usedrealaswell assyntheticdatasets,aslistedin Figurel1l.

Therealdatasetsusedarepopularbenchmarldatasetsakenfrom

[4]. We have usedonly the nominalvariablesfor mostof these
datasets. The NOTPERF syntheticdataset hasthreevariables
(quality, color, size)andis intendedto simulatevarying degrees
of association.This is the datasetusedin all examplesgivenin

earliersections.The PERFsyntheticdatasethasthreevariables
(region, countryandproductcode)andis intendedo simulateper

fectassociation§l-to-mary: region-country mary-to-mary: spe-
ci ¢ setof productsareonly soldin speci c countries).

Figure12: Total RunTime of Entire DQC Approach

7.2 Memory Space and Processing Time

The mostmemory-intensie partof ourimplementations theuse
of CA in the DistanceStep, so we only focus on the memory
neededhere.lgnoringary speci ¢ memoryoptimizationthatmay
be employed by someCA implementationsin generalthe MCA
inputtable(Figure9) requires o while the
FCA inputtable(Figure10) requiresat most -

- - for eachnominal
variableto be processedTheseformulasandthe exampletables
shav thatMCA usesmorememorythanFCA.

Figure 12 shaws the percentageof time the FCA-basedap-
proachruns longer than MCA-basedusing the formula

- - - - - For
eachMCA bar, we shav the actualnumberof secondshat the
MCA-basedapproactran. Soalthoughthe gapbetweern-CA and
MCA runtimesseemdarge,theactualruntime of the FCA-based
approachs still fast.

7.3 Quality of Quanti cation

Intuitively, a given quanti cationis goodif (a) instanceghatare
closeto eachotherin nominal spaceare also close togetherin
quanti ed space,and (b) if two variablesare highly associated
with eachother we expecttheir quanti ed versionsto alsohave
high correlationmeasure.

Greenacrd8] suggestshe use of AverageSquaredCorrela-
tion to measurehe quality of a quanti cation. Given the origi-
nal datasetreplaceeachnominalvariable  with its quanti ed
version  (i.e. scale). For eachinstance, calculate

for all variablesj. For eachquanti ed variable

, calculatethe correlation of and for the entire

dataset. Then calculatethe - -

acrossall . Thehigher
the averagesquareccorrelation,the betterthe quanti cation. In-
tuitively, if two variablesare highly associatedvith eachother
we expecttheir quanti ed versionsto alsohave a high correlation
measurelf all nominalvariablesarehighly associatedavith each
other thenthe scoreof eachobsenration shouldbe highly corre-
latedwith eachindividual quanti ed variable.This furtherimplies
thatif two obsenationsareclosetogetherin nominalspacethen
they would alsobeclosetogetheiin quanti ed spacesothescores
of theseobsenationswould be closeto eachother

Figure 13 shaws the AverageSquaredCorrelationfor MCA-
basedFCA-basedndarbitraryquanti cations.It shavsthatboth
CA-basedquanti cationsare betterthan arbitrary quanti cation.
The gure alsoveri es the Optimal Scalingtheory namely that
the quanti cation basedon the coordinatef the rst MCA ex-
tracteddimensionis optimal[8]. Figure14 shavs how closethe
FCA scalesareto the MCA scales.This gure usesboxplotsto



Figurel3: AverageSquaredCorrelation

Figure14: CorrelationbetweerMCA ScalesandFCA Scales

shaw, for thereal datasets,the distribution of the correlationbe-
tweenMCA andFCA scales.Theseboxplotsshav the minimum
andmaximumvaluesaswell asthe 25th,50thand75thpercentile
valuesof eachsetof correlationvalues. Correlationvaluesclose
to 1.0meanthe FCA scalexcloselyagreewith the MCA scales.

7.4 Quality of Classing

Intuitively, classingA is betterthanclassingB if, givenaclassing
tree,therateof informationlosswith eachmemgingis slowver. One
way of calculatinginformationlossis givenin Section6.

Figure15 comparegsherateof informationlossof MCA com-
paredto FCA for onevariable. Eachline shavs the cumulatve
informationlossincurredateachmemging of nodes.Thelowerthe
line, thesloweris theinformationloss,thebettertheclassing.The
gapbetweerthelines(thedifference - -

_ _ ) canbe calculatedfor all variables. Its
distribution hasbeensummarizedn Figure 16. This plot shavs
thatthe FCA-basedclassingis betterthan MCA-basedfor some
datasets.

Figure 15: Information
Loss Due To Classing

For OneVariable Figurel6: Distribution of the Differ-

encein MCA andFCA Information
Loss

Figure17: AutomobileData,MCA-BasedQuanti cation

Figure18: AutomobileData,FCA-BasedQuanti cation

7.5 Quality of Visual Display

Intuitively, quanti cation A is betterthan quanti cation B if the
visualdisplayresultingfrom A allows the dataanalystto con rm
or discover (true) patternsin the datathat are otherwiseharder
or impossibleto learnusingB. The quality of a visual displayis
moredif cult to measureandquantify Onealternatve is to con-
duct userstudiesand have subjectsanswerquestionsusing data
setsfor whichthey have somedomainknowledge.Exampleques-
tions might include: Basedon your domainknowledge, are the
valuesthat are positionedclosetogetherfor the mostpartsimilar
to eachother?Are the valuesthatarepositionedfar from therest
of theothervaluesfor themostpartthatdifferent?Are therefewer
line crossingglessclutter) becausef the orderingandspacing?
Did youdiscorverary new patternge.g.,outliers,clustersstrength
of associatiorbetweertwo nominalvariables)n generalwhich
quanti cationdoyoufeelis better(easierto understandmorebe-
lievableorderingandspacing)?

7.5.1 Automobile Data Set Case Study

We chosethe AutomobileDataSetbecausét is easyto interpret.
Thevariablesve analyzedaremale, fuel type,aspirationnumber
of doors,bodytype,wheelsenginelocation,enginetype,number
of cylindersandfuel system.

Figuresl7,18and19displaythequanti ed versionf selected
variablesin a Parallel Coordinatesdisplay In Parallel Coordi-
natesgeachverticalline representsnevariable,andeachpolyline
cuttingacrosgheverticalaxesrepresentsneinstancan the data
set. Parallel Coordinateds onetype of displaythat requiresor-
deringandspacingof valuesandit candisplay several variables
compactly In these gures, we have orderedthe variablessuch
thatthevertical axesof highly associatedariablesarepositioned
next to eachotherfor easielinterpretation.



Figure19: AutomobileData,Arbitrary Quanti cation

Figure20: PerfectAssociationData,FCA-BasedQuanti cation

The MCA-baseddisplay (Figure 17) and the FCA-baseddis-
play (Figure 18) presentalternatve notionsof similarity among
the values. Someresultsare similar (Peugot/Mercedeare posi-
tioned away from Honda/Mazda)someare different (the spac-
ing betweenConvertible/Hardtop/Hatchbacknd Sedan/Vegon).
But bothMCA andFCA displayscon rm ourdomainknowledge.
Whichis betterdepend®ntheuserspreferenceAlso, bothMCA
andFCA-basedlisplayshave fewer line crossingghanthe Arbi-
trary Quanti cationdisplay(Figure19).

7.5.2 PERF Data Set Case Study

Figures20 and21 displaythe quanti ed versionsof thevariables
in the PERF Data Set. Recall that the region-countrypair has
a 1-to-mary associationwhile the country-productodepair has
a mary-to-matry association. Theseperfectassociationsare re-
vealedin all CA-basedquanti cationsbut are hiddenin the arbi-
trary quanti cation.

Figure21: PerfectAssociationData,Arbitrary Quanti cation

8 Conclusions

In this paper we proposecdthe Distance-Quanti cation-Classing
(DQC) approachwhich enableghe exploration of datasetscon-
taining nominalvariablesusingvisualizationtools thathave been
designedexclusively for numeric variables. To make the ap-
proachaccessiblé¢o dataanalystswe implementedt in Xmdv-
Tool, apublic-domaimmultivariatedatavisualizationpackage For
our implementationwe usedMultiple Correspondenc@nalysis
(MCA) andourown FocusedCorrespondencanalysis(FCA) for
the DistanceStep,a modi cation of the Optimal Scalingformula
for the Quanti cation Step, and HierarchicalClusteringfor the
ClassingStep. We evaluatedour approachin termsof memory
spacerequirementyun time, quality of quanti cation, quality of
classing,and quality of visual display MCA-basedand FCA-
basedquanti cations are clearly better than the common prac-
tice of arbitraryquanti cation. In termsof the quality of classing
and quanti cation, MCA seemdo performbetterthan FCA but
in termsof the quality of the visual displays,which oneis better
dependon the eye of the beholder Whenmemoryspaces lim-
ited, FCA providesa viable alternatve to MCA for the Distance
Step.The adjustmenmadeto the quanti cationfunctionto make
it work for variableswith perfectassociatiorimprovesuponthe
existing technigueof takingonly the coordinate®f thetop CA di-
mension. Producingclassingtreesfurther allows usersto reduce
thedatafor displaysrequiringlow cardinalitynominalvariables.
The DQC approachis a general-purpos@re-processingtep
which canalsobe usedfor othertechniqueghatrequirelow car
dinality nominal variablesas input (e.g., such as clusteringal-
gorithms,associatiorrules, neuralnetworks), or requirenumeric
variablesasinput (e.g.,regression) Possibl€uturework includes
allowing theuserto interactively modify theordering,spacingand
classingof thenominalvalues conductingormalevaluationsand
experimentingwith otheralternatvesfor eachstep.
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