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Abstract

Classi cationoperationsn a data-miningtaskareoftenperformed
using decisiontrees. The visual-basedpproachto decisiontree
constructionhas gainedincreasingpopularity We presentStar
Class,a new interactive visual classi cationmethod. This method
mapsmulti-dimensionaldatato the visual displayusingstarcoor
dinatesallowing theuserto interactwith thedisplayto createade-
cisiontree.Preliminaryevaluationindicateshatthis new technique
is aseffective asstate-of-the-aralgorithmicclassi cationmethods,
and more effective thanthe previous visual-basednethods. Star
Classalsooffersadditionaladvantagesuchasimproving theusers
understandingf the data.

visual datamining, classi®cation,deci-
sion trees, information visualization, interactve visualiza-
tion
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Classi®cation[12] of multi-dimensionaldatais one of the
major tasksin datamining. In the classi®cationproblem,
thereis a setof classeghatobjectscanbelongto. Basedon
an object's attribute values,a classi®catiormethodassigns
the objectto oneclassamongthe setof classesTypically, a
classi®catiorsystemis ®rst trainedwith a setof datawhose
attribute valuesandclassesareknown. Oncethe systemhas
built amodelbasednthetraining,it is usedto assigraclass
to eachobjectwhoseclassis asyet unknown.

Decisiontreeshave beenwell-establishecdhs an effec-
tive tool for classi®cation A decisiontreeis constructedy
repeatedhpartitioningthe datasetnto disjoint subsetsOne
classis assignedo eachleaf of the decisiontree. Reasons
for the popularity of decisiontreesinclude fast construc-
tion [15], simplicity [1] and easycorversionto SQL state-
ments[14].

Most classi®cationsystemsare designedfor minimal
userintervention.However, recently Ankerstetal. [3] argue
for increasediserinvolvementin the classi®catiorprocess,
with threeimportantreasons(1) theuseof powerful human
patternrecognitioncapabilitiedn decisiontreeconstruction,
(2) theincreasen con®denceand(3) the possibility of in-
corporatingdomainknowledgeto thealgorithm.In addition,
visualizationof thedataalsoimprovestheusers understand-
ing of thedata[2, 6]. For example,theusercanseewhether
certainclasseareclearlyde®nedwhereaotherclassehave
muchoverlapwith oneanotherandwhetherobjectsin acer
tain classspreacbverlarge spacesr form smallclusters.
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A representatie visual classi®cationsystemis Ankerst
etal. sPBC(Perception-Basedlassi®er)2] basednCircle
Sgyments.Onelimitation of PBCis thatpartitioningof each
nodein the treeis basedonly on one attribute at a time,
whereassomeclassboundarieamay be a function of more
thanoneattribute. More recently Wangetal. [18] proposed
methodsfor visualizingnearesneighbor decisiontree and
ensemblelassi®cation.

In termsof accurag, the currentvisual classi®cation
systemsare still slightly inferior to the best algorithmic
methods.Thereis potentialfor bettervisual representations
andbetterinteractve methodgo provide theuserevenbetter
understandingf the datathancurrentvisual methodscan.

Therefore we proposeStarClassa new interactie vi-
sualclassi®catiortechniquecharacterizetby simplicity, in-
tuitivenessandeffectivenessStarClassllows usergo visu-
alize multi-dimensionaldataby projectingeachdataobject
to a point on 2-D display spaceusing Star Coordinateg9].
Whena satishctoryprojectionhasbeenfound,theuserthen
partitionsthe displayinto disjoint regions; eachregion be-
comesa nodeon the decisiontree. This processs repeated
for eachnodein the treeuntil the useris satis®edwith the
tree and wishesto performno more partitioning. This de-
cision tree constructionprocesss explainedin more detail
in Section3. We alsodiscusssomevisual and interaction
featuresand techniquego aid the ef®cient constructionof
decisiontrees.

Algorithmic classi®cationmethodsoften require users
to setparametersr thresholdvalues.Dependingof theval-
uesor modelschoserby theuser very differentclassassign-
mentscanresult. The selectionof a good thresholdvalue
or model (suchas making the Gaussiarassumption)s of-
ten a very challengingproblembecausehe userhaslittle
basisfor making choices. Therefore,thresholdvaluesare
often chosenin an arbitrary manney often leadingto prob-
lemslik e over-®tting, yielding sub-optimatesults.StarClass
avoidsthis pitfall because&isualinspectionof the datagives
the uservery valuableinformationregardingthe underlying
distribution of the data. This informationis not expressed
in termsof aggrejatedstatisticalvalues,but muchricher, as
we will shav with examplesthroughoutthe paper Human
judgements thususedto helpachieve moreaccurateclassi-
®cation.

Experimentalevaluation of StarClassis presentedn
Section4. The samesectionalso explains the contritu-



tions that StarClassmakes in handling multi-variate class

boundariesgreateraccurag andimproveduserunderstand-
ing comparedto PBC. StarClasss intendedas a founda-

tion on which to build more advancedclassi®cation.Some
ideaswhich we are currently exploring and developing are

describedn Section5.

2 Star Coordinates.

StarCoordinatessimilar to Shape\s [17] andRad\Mz [7],
was®rstintroducedby Kandogar{9] asamethodfor visual-
izing multi-dimensionatlusterstrendsandoutliers.In this
section,we give a brief descriptionof StarCoordinatesand
in Section3, we explain how we utilize variousfeaturesof
StarCoordinatesn StarClassour classi®catiorsystem.

2.1 Star Coordinatesprojectionandinteraction. In Star
Coordinatesgachdimensionis represente@s an axis radi-
ating from the centerof a circle to the circumferenceof the
circle. Thevaluesof eachdimensionare®rst normalizedto
the 0-1range.As anintermediatestep,a multi-dimensional
objectis mappedonto one point on eachaxis basedon its
valuein the correspondinglimension. For example,if an
objectA hasa normalizedvaluev in dimensionD anddi-
mensionD is representedh display spaceas an axis from
(0,0)to (x,y), thenthe positionof A ontheaxisrepresenting
D is givenby (vx,vy). The®nal positionof anobjectwill be
theaverageof all the projectionsontoindividual axes.

To edit a projection, the usermanuallymoves an axis
aroundby clicking on the end-pointof the selectedaxisand
draggingit to the desiredposition. This interactionallows
the userto scaleor rotatean axis, asdescribedn [9]. In
addition, our implementationcan automaticallygeneratea
new anddifferentdimension-axisnapping.Figure 1 shovs
such changesapplied to the projection of the
training data from the Statlog [11] database. Each data
objectis shavn as a point at the ®nal position de®nedby
the projectiongivenabove. Eachpointis coloredaccording
toits class.

The desirablefeaturesof Star Coordinatesnclude the
following: (1) themappings conceptuallyandcomputation-
ally simple: it usesonly simple averaging,(2) dataobjects
with similar attribute valuesalwaysmapto nearbypositions
onthedisplay(Dataobjectsthatmapto nearbyscreerposi-
tions do not alwayshave similar attribute values,but this is
handledby the detailview featuredescribedn Section2.2.),
(3) the usercanedit the axesandchangethe projectionvery
easily and(4) the positionof eachdataobjectcanbein u-
encedby all its attribute valuesor ary combinationof them
accordingo theusers choice.

2.2 Detail view. Whilethedisplaysin Figurel giveagood
overview of thedata,it is clearthatmary objectsmapto the
samepixel or nearbypixels. We allows the userto zoom

Figure 1. Left: Star Coordinates projection of the
dataset. The four dimensionsusedare repre-
sentecasaxeslabelledA throughD. Eachdataobjectis pro-
jectedto onepoint onthedisplay Middle: The usermoves
the A axis with the mouse. The projectedpoints move ac-
cordingly. Right: A projectionwith a differentassignment

of theaxisyieldsa signi®cantlydifferentpicture.

into a small areaof the display in orderto obtaina more
detailedview. Figure 2 shavs zoominginto a “crowded”
areato resolwe individual dataobjects.

Using a featurefound in Star Coordiates[9] as well
as Shape\s [17], we draw objectsin the detailed view
not as simple points but with lines indicating the attribute
valuesin eachdimension. The orientationof eachline
is aligned with the direction of the axis whose attribute
dimensionit representsThelengthof eachline of anobject
is directly proportionalto the normalizedattribute value
of the correspondingdimension. The projection of high-
dimensionalobjectsinto 2-D spacemay causeobjectsfar
apartin high-dimensionspaceto have close proximity in
2-D space. The drawing of lines for eachobjectsenesto
differentiatetheseobjects.

3 Decisiontr eeconstruction.

The mainideabehindthe decisiontreeconstructiormethod
is to identify regionsin the projected2-D spacesuchthat

ideally each region would contain only projected points
belongingto one class. The userthus begins by exploring

anoverview of the entiretraining datasetattemptingto ®nd
a projectionwhich separatesbjectsbelongingto different
classesclearly into different regions in the 2-D display

The decision tree constructionalgorithm is built on this

assumption: Given a region R containingmostly objects
belongingto a certainclassC, ary asyet unclassi®edlata
objectthat projectsontoR is likely to belongto classC.

3.1 Specifying regions. When the useris satis®edwith

a projection, the user speci®esregions by “painting” over
the display with the mouseicon (seeFigure 3). StarClass
allows the userto control the size of the paint-brushfor

moreef®cientuserinteraction.An “Eraser”’operationis also
provided. Eachregion is shavn with a backgroundwith a

uniguecolor.
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Figure2: A zoomrectangleprovidesa detailedview of a subsebf the

datasetln thedetailedview, lines(called

“sticks”) aredrawn for eachobject. Eachstick representsnedimensionwith thedirectionalignedwith the corresponding
axis, andthe lengthdependenbn the attribute valuein thatdimension. In RadClassa major purposeof the sticksis to
distiguishbetweerpbjectsfar apartin high-dimension®ut mappingto nearbypositionsin 2-D. In this example theobjects
in classA have aelongatedstickin the7-o'clock position,andobjectsin classB have arelatively long stickin the 2-o'clock
positioncomparedo objectsin classC. It is thusvisually obviousto the userthatthe threecircled regionsaredifferentin
high-dimensionaspacealthoughthey are projectedto similar positionin 2-D. This providescluesregardinghow to move
thecoordinateaxessoasto separatéhe objectsof thedifferentclasses.

Figure 3: Painting regions. The userholdsdown a mouse
buttonanddragsthe mouseto “paint” aregion. The sizeof
the “paint-brush” canbe controlled. In this ®gure, a green
region hasbeenpaintedandthe useris paintingaredregion.

3.2 Building the decision tree. Typically, for a dataset
with a fair amountof compleity, one projectionis not
suf®cientto completelyresohe all the differentclasses.In
thiscasetheusershouldde®neregionseachhaving different
characteristics.For eachsuchregion, the usercan de®ne
a new “conditional projection” to further resole only the
subsetof dataobjectswhich projectonto that region. An
exampleis shawvn in Figure4. The userthenpaintsregions
on eachconditionalprojection. The creationof regionsand
conditionalprojectionsis repeatedintil the useris satis®ed
thatary furtherconditionalprojectionswill not signi®cantly
improve the decisiontree model. Regions which do not
have conditionalprojectionghusconstitutethe leavesof the
decisiontree.

StarClassountsthe numberof objectsbeloningto each
classmappingto eachterminalregion (i.e., the leaf of the
decisiontree). The classwith the mostnumberof objects
mappingto a terminal region is elected as the region's
“expectedclass”. During classi®cation,ary objectwhich
®nally projectsto theregionwill beassignedhatclass.

3.3 Guidelines for improving accuracy Achieving a
highsuccessatein theclassi®catiortaskrequiressomeskill
onthe partof the user Neverthelessif onefollows the fol-
lowing guidelines,even a userwith limited experiencecan
performvery effective classi®cation.

When possible,®nd a projection where one classis
clearly separatedrom therest. If not, ®nd a projection



Figure4: Top levels of the decisiontree of the Statlog dataset.The top box shavs the projectionof the entire
datasetandis thereforetheroot of thedecisiontree. It is split into two regions:greenandred. Theredregion containsonly
objectsof the blue class,sothe usermalesit aterminalregion(leafnode). The greenregion is thensubjectto a different

projectionandfurtherpartitioned.



where classesare separatedsuchthat there are clear
regionswherecertainclassesre absent. In this way;,
regionscanbe de®nedsothatthey only containobjects
belongingto asubsef all classessimplifying thetask
for the next node.

When de®ning regions, the user should make sure
enoughrainingdatasamplesrepresentn eachregion.
Thisis to avoid over®ttingthe data.

In Section 2.2, we have describedhe drawing of data

objectswith lines(seeFigure?2) in the detailview. The

lengthof eachline indicatesthe attribute valuesof the

objectsin the correspondinglimension.This helpsthe

user decidehow to adjustthe projectionto separate
the objects. An effective way to separatéwo objects
closetogetherin screenspacebut with very different

appearanci thezoom-view is to identify adimension
wheretheir lines have differentlengths,and move the

axiscorrespondingo thatdimension.

The draggingof the coordinateaxes with the mouse
causesan immediateresponséan the position of the
projectedpoints. Basedon the motion of the points,
theusercangeta goodhint aboutwhereto positionthe
axis.

4 Experimental Evaluation.

Therearethreemotivatingfactorsin the designof StarClass:
(1) effectivenessin separatingclasseswith a multi-variate

Edit axes

Re-project

>

Figure5: Top: Separatingwo classeswith a linear multi-
variateboundary The greenandblue classesare separated
by the function . By moving theaxes
aroundthe user®ndsa projectioneffectively separatinghe
two classes.Unlike other methodssuchas PBC, Radclass
is not limited to split-points on one dimensionat a time.
Bottom: Separatingtwo classeswith a non-linear multi-
variateboundary requiresthe re-
projectionof asmallregion of overlapin the®rst projection.

4.2 Accuracy. The Statlogdatabasd11] hasbeenused
asa benchmarkin the evaluationof mary previous classi-
®cation methods. We choosethe . and
datasetgrom the databasdor comparisorbecause
they containobjectswith only numericalattributes. The de-

boundary(2) accuray of classi®cationand(3) effectiveness scription of thesedatasetss presentedn Table1. The ac-

in improving userunderstanding. We have performedan
evaluationof StarClasby usingit to classifyactualdata,and
analyzingthe processandresultof the classi®cationusing
thosethreefactorsascriteria.

4.1 Multi-v ariate classboundary. StarClasss designed
with the goal of beingparticularlyadvantageousn separat-
ing classesvith a multi-variateboundary To testthis claim,
we createda datasetcontainingtwo classesseparatedy a
linearfunction . In avery shortamount
of time, theuseris ableto ®nd a projectionon which thetwo
classesareseparatedlearly. Thisis presentedn Figure5,
which alsoshavs anexampleof separatingwo classesvith
a non-linearmulti-variateboundary Althoughthisis only a
datasetve arti®cially createdwe believe that classbound-
ariesin real multi-dimensionaldataare often a function of
multiple variables.Unfortunately functionalexpressionof
classboundariesn real dataare usually not known. How-
ever, thegreateraccurag of StarClassomparedo PBC,as
presentedn the next section,may be dueto advantagesn
detectingmulti-variateclassboundaries.

curag/ of popularalgorithmicdecisiontreeclassi®ersCART
andC4from theIND packagg13], aswell asSPRINT[15]
and CLOUDS [4], andalsovisual classi®erPBC, on these
datasetds known. Table 2 shaws the resultsof perform-
ing classi®catiorusing StarClassomparedvith the above-
mentionednethods.

Fromthe experimentakesults,StarClasgperformswell
comparedwith the othermethods. In particular it appears
that StarClasss slightly moreaccuratehanPBC. Sincethe
classi®catiortaskis performedby the userin StarClassthe
accurag is highly dependenbn the skill and patienceof
the user and even the sameusercanintroducesomesmall
variationsin accurag for differentattempts.

We have alsorun StarClas®n the datasef16]
to testthe effectivenessf StarClasson noisy data. In this
datasetthereare 768 dataobjectswith 9 numericalattribute
valueseach. Each object belongsto one of two classes:
(1) testedpositive for diabetes,or (2) testednegative for
diabetes. We randomly partitionedthe objectsinto three
groupsof 256. We pick onegroup astestingdataand use
theothertwo groupsastrainingdata.We repeathisfor each
of the groups,andtake the averageaccurag achiesed. A



Tablel: Descriptionof thedatasets.

Num Num
Dataset Size  classes dimensions
Satimage| 4435 6 4
Sgment | 2310 7 19
Shuttle | 43500 7 9

Table2: Accurag of StarClassomparedvith algorithmicapproacheandvisualapproacH’BC.

| | Algorithmic Visual |
CART Cc4 SPRINT CLOUDS | PBC
Satimage| 85.3 85.2 86.3 85.9 83.5
Segment 84.9 95.9 94.6 94.7 94.8
Shuttle 99.9 99.9 99.9 99.9 99.9

resultingdecisiontreeis shovn in Figure6. The accurag
resultsare shavn in Table 3. The other approachesised
for comparisorare CBA [10], C4, FID [8], and Fuzzy|[5].

The accurag ®guresfor thesemethodsare taken from [5].
Fromthe accuray rates,StarClasgperformsbetterthanall

themethodsexceptFuzzy whichis designedspeci®callyfor
classifyingsuchnoisydata.

4.3 Impr oved userunderstanding. Oneof themajorad-
vantagesof visual classi®cationcomparedto algorithmic
classi®catioris thatduring the classi®catiorprocessasthe
userinteractswith the visual representatiownf the data,the
usergainsa muchbetterunderstandingf thedata.Thisim-
portantpoint was madeanddemonstrateéh [2]. However,
we believe that with the visualizationmethodusedin Star
Classuserunderstandingf thedatacanbeevenfurtherim-
proved.

The major limitation of the Circle Segmentsvisualiza-
tion methodusedin PBCis thatadataobjectis notviewedas
onesingleentity, but is separatedhto its individual attribute
values. With Star Coordinatesthe position of a dataob-
ject canbein uenced by someor all of its attribute values,
therebygiving the usera more completeimpression. Be-
causeof that,importantinsightsinto the datacanbe gained,
suchastheseexamplesfrom the threetestcasesve usedfor
studyingaccuray:

In the overvien projection of the dataset
shavnin Figure3, theblueclassappearsvell-separated
from therest,anddiagonallythereis a changerom the
purpleto the brown to the grey and®nally to the red
classwith signi®cantoverlapbetweeradjacentlasses
The greenclassis off to the side, with someoverlap
with four otherclasses.

In the datasetshown in Figure 4, the blue,

brown and olive greenclasseshave clear boundaries
whereaghe red classcontainsobjectswith wide range
of attributevalues.

One of the interestingfeaturesof the dataset
shavn in Figure7 is the existenceof differentclusters
within classesfor exampletwo clustersbelongingto
the red classare boxed and two clustersbelongingto
thepurpleclassarecircled.

5 Futur ework.

Although experimentalevaluation has indicatedthe effec-
tivenessf StarClasswe are currentlyworking on a num-
ber of areaswherewe believe StarClascanbe furtherim-
proved. JustasAnkerstet al. have incorporatedalgorithmic
supportinto PBC with signi®cantsuccesg3], we are also
extending StarClasgo include optionsfor usingautomatic
algorithmsin caseswvhere Star Coordinateshaslimited ef-
fectivenessn clearly separatingbjectsof differentclasses.
We believe thatwith somealgorithmicsupporttheaccurag
of StarClassanbefurtherimproved.

We would like to apply StarClasgo other datasetgo
further investigateits effectiveness.We would alsolike to
conductan extensive userstudyto ®nd out how effectively
differentusersperformtheclassi®catiortaskwith this tool.

Finally, we plan to extend StarClassto handle very
large datasets.This could be donefor exampleby random
sampling.It would alsobe desirableto expandthe scopeof
StarClasgo handledatawith not just numericalattributes
but alsocategoricalones.

6 Conclusions.

We have presentedStarClassa decisiontree construction
methodbasedn interactive multidimensionakisualization.
In StarClassthe userinteractswith StarCoordinatego ®nd
appropriatgrojectionghatbestseparat@bjectsof different
classes. A major advantageof Star Coordinateds that it
is exible enoughto visually separatewo classeswith a
boundarydependenbn multiple variables.
Visualclassi®catiorfacilitatestheuseof domainknowl-
edgeto guidetheclassi®catiorprocesslt is notalwayscon-
venient,or evenpossibleto programthis domainknowledge



Table3: Accurag of StarClasdor classifyingthe datasetomparedvith otherclassi®catiormethods.
CBA C4 FID  Fuzzy
744 738 620 776

Figure6: Classi®catiomproces®f the datasetisingStarClassComparedo the Statlog dataseshown
in Figure4, theboundarybetweerthe classesn the datasets muchlessclearbecaus®f the noisy natureof the
data.

Figure 7: Star Coordinategprojectionof the dataset. Characteristicof differentclassesan be obsened, for

example therearedistinctclusterswithin the sameclass:two clustersbelongingto theredclassareboxedandtwo clusters
belongingto the purpleclassarecircled.



into an algorithmicclassi®cationsystem.Otheradvantages [9] E. Kandogan.

of visual classi®catiorincludethe increasen the users un-
derstandingf thedataasa resultof having a visualimageof
the data,andthe con®dencegainedin theresultof the clas-
si®cationbecausdhe usercan seethe way the classesare
separated.

We have experimentally veri®ed the effectivenessof
StarClasdy applyingit to the classi®cationof actualdata
with up to 19 dimensions,and comparingits performance
to that of well-known algorithmic and visual classi®cation
methods. Becauseof advantagesn handlingmulti-variate
classboundariesin accurag andin betteruserunderstand-
ing, we believe that StarClascan make a substantiakcon-
tribution to the classi®cationeffort. With further improve-
mentssuchasthe incorporationof algorithmictechniques,
StarClasganachie/e evenbetterresults.
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