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Abstract
Classi�cationoperationsin a data-miningtaskareoftenperformed
using decisiontrees. The visual-basedapproachto decisiontree
constructionhas gainedincreasingpopularity. We presentStar-
Class,a new interactive visualclassi�cationmethod.This method
mapsmulti-dimensionaldatato thevisualdisplayusingstarcoor-
dinates,allowing theuserto interactwith thedisplayto createade-
cisiontree.Preliminaryevaluationindicatesthatthisnew technique
is aseffectiveasstate-of-the-artalgorithmicclassi�cationmethods,
andmoreeffective thanthe previous visual-basedmethods.Star-
Classalsooffersadditionaladvantagessuchasimproving theuser's
understandingof thedata.
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1 Intr oduction.

Classi®cation[12] of multi-dimensionaldatais one of the
major tasksin datamining. In the classi®cationproblem,
thereis a setof classesthatobjectscanbelongto. Basedon
an object's attribute values,a classi®cationmethodassigns
theobjectto oneclassamongthesetof classes.Typically, a
classi®cationsystemis ®rst trainedwith a setof datawhose
attributevaluesandclassesareknown. Oncethesystemhas
built amodelbasedonthetraining,it is usedto assignaclass
to eachobjectwhoseclassis asyetunknown.

Decisiontreeshave beenwell-establishedasan effec-
tive tool for classi®cation.A decisiontreeis constructedby
repeatedlypartitioningthedatasetinto disjoint subsets.One
classis assignedto eachleaf of the decisiontree. Reasons
for the popularity of decisiontreesinclude fast construc-
tion [15], simplicity [1] andeasyconversionto SQL state-
ments[14].

Most classi®cationsystemsare designedfor minimal
userintervention.However, recently, Ankerstetal. [3] argue
for increaseduserinvolvementin theclassi®cationprocess,
with threeimportantreasons:(1) theuseof powerful human
patternrecognitioncapabilitiesin decisiontreeconstruction,
(2) the increasein con®dence,and(3) thepossibility of in-
corporatingdomainknowledgeto thealgorithm.In addition,
visualizationof thedataalsoimprovestheuser'sunderstand-
ing of thedata[2, 6]. For example,theusercanseewhether
certainclassesareclearlyde®nedwhereasotherclasseshave
muchoverlapwith oneanother, andwhetherobjectsin acer-
tainclassspreadover largespacesor form smallclusters.
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A representative visualclassi®cationsystemis Ankerst
etal.'sPBC(Perception-BasedClassi®er)[2] basedonCircle
Segments.Onelimitation of PBCis thatpartitioningof each
node in the tree is basedonly on one attribute at a time,
whereassomeclassboundariesmay be a function of more
thanoneattribute. More recently, Wanget al. [18] proposed
methodsfor visualizingnearestneighbor, decisiontreeand
ensembleclassi®cation.

In termsof accuracy, the current visual classi®cation
systemsare still slightly inferior to the best algorithmic
methods.Thereis potentialfor bettervisual representations
andbetterinteractivemethodsto providetheuserevenbetter
understandingof thedatathancurrentvisualmethodscan.

Therefore,we proposeStarClass,a new interactive vi-
sualclassi®cationtechnique,characterizedby simplicity, in-
tuitivenessandeffectiveness.StarClassallowsusersto visu-
alize multi-dimensionaldataby projectingeachdataobject
to a point on 2-D displayspaceusingStarCoordinates[9].
Whenasatisfactoryprojectionhasbeenfound,theuserthen
partitionsthe display into disjoint regions; eachregion be-
comesa nodeon thedecisiontree. This processis repeated
for eachnodein the treeuntil the useris satis®edwith the
treeandwishesto performno morepartitioning. This de-
cision treeconstructionprocessis explainedin moredetail
in Section3. We also discusssomevisual and interaction
featuresand techniquesto aid the ef®cient constructionof
decisiontrees.

Algorithmic classi®cationmethodsoften requireusers
to setparametersor thresholdvalues.Dependingof theval-
uesor modelschosenby theuser, verydifferentclassassign-
mentscan result. The selectionof a good thresholdvalue
or model (suchasmaking the Gaussianassumption)is of-
ten a very challengingproblembecausethe userhaslittle
basisfor making choices. Therefore,thresholdvaluesare
often chosenin an arbitrarymanner, often leadingto prob-
lemslikeover-®tting, yieldingsub-optimalresults.StarClass
avoidsthis pitfall becausevisualinspectionof thedatagives
theuservery valuableinformationregardingtheunderlying
distribution of the data. This information is not expressed
in termsof aggregatedstatisticalvalues,but muchricher, as
we will show with examplesthroughoutthe paper. Human
judgementis thususedto helpachievemoreaccurateclassi-
®cation.

Experimentalevaluation of StarClassis presentedin
Section4. The samesectionalso explains the contribu-



tions that StarClassmakes in handling multi-variateclass
boundaries,greateraccuracy andimproveduserunderstand-
ing comparedto PBC. StarClassis intendedas a founda-
tion on which to build moreadvancedclassi®cation.Some
ideaswhich we arecurrentlyexploring anddevelopingare
describedin Section5.

2 Star Coordinates.

StarCoordinates,similar to ShapeVis [17] andRadViz [7],
was®rst introducedby Kandogan[9] asamethodfor visual-
izing multi-dimensionalclusters,trends,andoutliers.In this
section,we give a brief descriptionof StarCoordinates,and
in Section3, we explain how we utilize variousfeaturesof
StarCoordinatesin StarClass,ourclassi®cationsystem.

2.1 Star Coordinatesprojectionand interaction. In Star
Coordinates,eachdimensionis representedasan axis radi-
ating from thecenterof a circle to thecircumferenceof the
circle. Thevaluesof eachdimensionare®rst normalizedto
the0-1 range.As anintermediatestep,a multi-dimensional
object is mappedonto onepoint on eachaxis basedon its
value in the correspondingdimension. For example,if an
objectA hasa normalizedvaluev in dimensionD anddi-
mensionD is representedin displayspaceasan axis from
(0,0) to (x,y), thenthepositionof A on theaxisrepresenting
D is givenby (vx,vy). The®nal positionof anobjectwill be
theaverageof all theprojectionsontoindividualaxes.

To edit a projection,the usermanuallymovesan axis
aroundby clicking on theend-pointof theselectedaxisand
draggingit to the desiredposition. This interactionallows
the userto scaleor rotatean axis, as describedin [9]. In
addition, our implementationcan automaticallygeneratea
new anddifferentdimension-axismapping.Figure1 shows
such changesapplied to the projection of the ���������	��
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training data from the Statlog [11] database. Each data
object is shown as a point at the ®nal position de®nedby
theprojectiongivenabove. Eachpoint is coloredaccording
to its class.

The desirablefeaturesof Star Coordinatesinclude the
following: (1) themappingis conceptuallyandcomputation-
ally simple: it usesonly simpleaveraging,(2) dataobjects
with similar attributevaluesalwaysmapto nearbypositions
on thedisplay(Dataobjectsthatmapto nearbyscreenposi-
tionsdo not alwayshave similar attributevalues,but this is
handledby thedetailview featuredescribedin Section2.2.),
(3) theusercanedit theaxesandchangetheprojectionvery
easily, and(4) thepositionof eachdataobjectcanbe in�u-
encedby all its attributevaluesor any combinationof them
accordingto theuser's choice.

2.2 Detail view. While thedisplaysin Figure1 giveagood
overview of thedata,it is clearthatmany objectsmapto the
samepixel or nearbypixels. We allows the userto zoom

Figure 1: Left: Star Coordinates projection of the
������������� �

dataset. The four dimensionsusedare repre-
sentedasaxeslabelledA throughD. Eachdataobjectis pro-
jectedto onepoint on thedisplay. Middle: Theusermoves
the A axis with the mouse.The projectedpointsmove ac-
cordingly. Right: A projectionwith a differentassignment
of theaxisyieldsa signi®cantlydifferentpicture.

into a small areaof the display in order to obtain a more
detailedview. Figure 2 shows zoominginto a “crowded”
areato resolve individualdataobjects.

Using a featurefound in Star Coordiates[9] as well
as ShapeVis [17], we draw objects in the detailed view
not as simple points but with lines indicating the attribute
values in each dimension. The orientation of each line
is aligned with the direction of the axis whose attribute
dimensionit represents.Thelengthof eachline of anobject
is directly proportional to the normalizedattribute value
of the correspondingdimension. The projection of high-
dimensionalobjectsinto 2-D spacemay causeobjectsfar
apart in high-dimensionspaceto have close proximity in
2-D space. The drawing of lines for eachobjectserves to
differentiatetheseobjects.

3 Decisiontr eeconstruction.

Themain ideabehindthedecisiontreeconstructionmethod
is to identify regions in the projected2-D spacesuchthat
ideally each region would contain only projectedpoints
belongingto oneclass. The userthusbegins by exploring
anoverview of theentiretrainingdataset,attemptingto ®nd
a projectionwhich separatesobjectsbelongingto 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, any asyet unclassi®eddata
objectthatprojectsontoR is likely to belongto classC.

3.1 Specifying regions. When the user is satis®edwith
a projection, the userspeci®esregions by “painting” over
the display with the mouseicon (seeFigure3). StarClass
allows the user to control the size of the paint-brushfor
moreef®cientuserinteraction.An “Eraser”operationis also
provided. Eachregion is shown with a backgroundwith a
uniquecolor.



Figure2: A zoomrectangleprovidesadetailedview of asubsetof the
� � � � �
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dataset.In thedetailedview, lines(called
“sticks”) aredrawn for eachobject.Eachstick representsonedimension,with thedirectionalignedwith thecorresponding
axis, andthe lengthdependenton the attribute valuein that dimension. In RadClass,a major purposeof the sticksis to
distiguishbetweenobjectsfarapartin high-dimensionsbut mappingto nearbypositionsin 2-D. In thisexample,theobjects
in classA haveaelongatedstick in the7-o'clock position,andobjectsin classB havearelatively longstick in the2-o'clock
positioncomparedto objectsin classC. It is thusvisually obviousto theuserthat thethreecircledregionsaredifferentin
high-dimensionalspacealthoughthey areprojectedto similar positionin 2-D. This providescluesregardinghow to move
thecoordinateaxessoasto separatetheobjectsof thedifferentclasses.

Figure3: Painting regions. The userholdsdown a mouse
buttonanddragsthemouseto “paint” a region. Thesizeof
the “paint-brush”canbe controlled. In this ®gure,a green
regionhasbeenpaintedandtheuseris paintingaredregion.

3.2 Building the decision tr ee. Typically, for a dataset
with a fair amount of complexity, one projection is not
suf®cient to completelyresolve all the differentclasses.In
thiscase,theusershouldde®neregionseachhavingdifferent
characteristics.For eachsuchregion, the usercan de®ne
a new “conditional projection” to further resolve only the
subsetof dataobjectswhich project onto that region. An
exampleis shown in Figure4. Theuserthenpaintsregions
on eachconditionalprojection.Thecreationof regionsand
conditionalprojectionsis repeateduntil theuseris satis®ed
thatany furtherconditionalprojectionswill not signi®cantly
improve the decisiontree model. Regions which do not
haveconditionalprojectionsthusconstitutetheleavesof the
decisiontree.

StarClasscountsthenumberof objectsbeloningto each
classmappingto eachterminal region (i.e., the leaf of the
decisiontree). The classwith the most numberof objects
mapping to a terminal region is electedas the region's
“expectedclass”. During classi®cation,any object which
®nally projectsto theregionwill beassignedthatclass.

3.3 Guidelines for impr oving accuracy. Achieving a
highsuccessratein theclassi®cationtaskrequiressomeskill
on thepartof theuser. Nevertheless,if onefollows the fol-
lowing guidelines,even a userwith limited experiencecan
performveryeffectiveclassi®cation.

� When possible,®nd a projection where one classis
clearlyseparatedfrom therest. If not,®nd a projection



Figure4: Top levelsof thedecisiontreeof theStatlog
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dataset.Thetop box shows theprojectionof theentire
dataset,andis thereforetherootof thedecisiontree.It is split into two regions:greenandred.Theredregioncontainsonly
objectsof theblueclass,so theusermakesit a terminalregion(leafnode).Thegreenregion is thensubjectto a different
projectionandfurtherpartitioned.



where classesare separatedsuch that there are clear
regionswherecertainclassesareabsent. In this way,
regionscanbede®nedsothatthey only containobjects
belongingto asubsetof all classes,simplifying thetask
for thenext node.

� When de®ning regions, the user should make sure
enoughtrainingdatasamplesarepresentin eachregion.
This is to avoid over®ttingthedata.

� In Section 2.2,we have describedthedrawing of data
objectswith lines(seeFigure2) in thedetailview. The
lengthof eachline indicatestheattributevaluesof the
objectsin thecorrespondingdimension.This helpsthe
user decidehow to adjust the projection to separate
the objects. An effective way to separatetwo objects
closetogetherin screenspacebut with very different
appearancein thezoom-view is to identify a dimension
wheretheir lines have different lengths,andmove the
axiscorrespondingto thatdimension.

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

4 Experimental Evaluation.

Therearethreemotivatingfactorsin thedesignof StarClass:
(1) effectivenessin separatingclasseswith a multi-variate
boundary, (2)accuracy of classi®cation,and(3)effectiveness
in improving userunderstanding.We have performedan
evaluationof StarClassby usingit to classifyactualdata,and
analyzingthe processand resultof the classi®cationusing
thosethreefactorsascriteria.

4.1 Multi-v ariate classboundary. StarClassis designed
with thegoalof beingparticularlyadvantageousin separat-
ing classeswith a multi-variateboundary. To testthis claim,
we createda datasetcontainingtwo classesseparatedby a
linearfunction
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. In averyshortamount
of time,theuseris ableto ®ndaprojectiononwhichthetwo
classesareseparatedclearly. This is presentedin Figure5,
whichalsoshowsanexampleof separatingtwo classeswith
a non-linearmulti-variateboundary. Althoughthis is only a
datasetwe arti®cially created,we believe that classbound-
ariesin real multi-dimensionaldataareoften a function of
multiple variables.Unfortunately, functionalexpressionsof
classboundariesin real dataareusuallynot known. How-
ever, thegreateraccuracy of StarClasscomparedto PBC,as
presentedin the next section,may be dueto advantagesin
detectingmulti-variateclassboundaries.

Figure5: Top: Separatingtwo classeswith a linear multi-
variateboundary. The greenandblue classesareseparated
by thefunction
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. By moving theaxes
around,theuser®ndsa projectioneffectively separatingthe
two classes.Unlike othermethodssuchasPBC, Radclass
is not limited to split-points on one dimensionat a time.
Bottom: Separatingtwo classeswith a non-linearmulti-
variateboundary
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requiresthe re-
projectionof asmallregionof overlapin the®rst projection.

4.2 Accuracy. The Statlog database[11] has beenused
asa benchmarkin the evaluationof many previous classi-
®cation methods.We choosethe ��� � ���	��

� , � ��
 �	�#" � and

�%$'&����)( � datasetsfrom the databasefor comparisonbecause
they containobjectswith only numericalattributes.Thede-
scriptionof thesedatasetsis presentedin Table1. The ac-
curacy of popularalgorithmicdecisiontreeclassi®ersCART
andC4 from theIND package[13], aswell asSPRINT[15]
andCLOUDS [4], andalsovisual classi®erPBC, on these
datasetsis known. Table 2 shows the resultsof perform-
ing classi®cationusingStarClasscomparedwith theabove-
mentionedmethods.

Fromtheexperimentalresults,StarClassperformswell
comparedwith the othermethods. In particular, it appears
thatStarClassis slightly moreaccuratethanPBC.Sincethe
classi®cationtaskis performedby theuserin StarClass,the
accuracy is highly dependenton the skill and patienceof
the user, andeven the sameusercanintroducesomesmall
variationsin accuracy for differentattempts.

We havealsorun StarClasson the * ����+ � � �#, dataset[16]
to test the effectivenessof StarClasson noisy data. In this
dataset,thereare768dataobjectswith 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 onegroupastestingdataanduse
theothertwo groupsastrainingdata.Werepeatthis for each
of the groups,and take the averageaccuracy achieved. A



Table1: Descriptionof thedatasets.
Num Num

Dataset Size classes dimensions
Satimage 4435 6 4
Segment 2310 7 19
Shuttle 43500 7 9

Table2: Accuracy of StarClasscomparedwith algorithmicapproachesandvisualapproachPBC.
Algorithmic - Visual

CART C4 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 ����� �

resultingdecisiontree is shown in Figure6. The accuracy
resultsare shown in Table 3. The other approachesused
for comparisonareCBA [10], C4, FID [8], andFuzzy[5].
The accuracy ®guresfor thesemethodsaretaken from [5].
From the accuracy rates,StarClassperformsbetterthanall
themethodsexceptFuzzy, which is designedspeci®callyfor
classifyingsuchnoisydata.

4.3 Impr oveduser understanding. Oneof themajorad-
vantagesof visual classi®cationcomparedto algorithmic
classi®cationis thatduring theclassi®cationprocess,asthe
userinteractswith thevisual representationof thedata,the
usergainsa muchbetterunderstandingof thedata.This im-
portantpoint wasmadeanddemonstratedin [2]. However,
we believe that with the visualizationmethodusedin Star-
Class,userunderstandingof thedatacanbeevenfurtherim-
proved.

The major limitation of the Circle Segmentsvisualiza-
tion methodusedin PBCis thatadataobjectis notviewedas
onesingleentity, but is separatedinto its individualattribute
values. With Star Coordinates,the position of a dataob-
ject canbe in�uenced by someor all of its attributevalues,
therebygiving the usera more completeimpression. Be-
causeof that,importantinsightsinto thedatacanbegained,
suchastheseexamplesfrom thethreetestcaseswe usedfor
studyingaccuracy:

� In the overview projection of the ��� � ���	��

� dataset
shown in Figure3, theblueclassappearswell-separated
from therest,anddiagonallythereis a changefrom the
purple to the brown to the grey and®nally to the red
class,with signi®cantoverlapbetweenadjacentclasses.
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
whereastheredclasscontainsobjectswith wide range
of attributevalues.

� One of the interestingfeaturesof the �%$'&����)( � dataset
shown in Figure7 is theexistenceof differentclusters
within classes,for exampletwo clustersbelongingto
the red classare boxed and two clustersbelongingto
thepurpleclassarecircled.

5 Futur ework.

Although experimentalevaluationhas indicatedthe effec-
tivenessof StarClass,we arecurrentlyworking on a num-
ber of areaswherewe believe StarClasscanbe further im-
proved. JustasAnkerstet al. have incorporatedalgorithmic
supportinto PBC with signi®cantsuccess[3], we are also
extendingStarClassto includeoptionsfor usingautomatic
algorithmsin caseswhereStarCoordinateshaslimited ef-
fectivenessin clearlyseparatingobjectsof differentclasses.
Webelievethatwith somealgorithmicsupport,theaccuracy
of StarClasscanbefurtherimproved.

We would like to apply StarClassto other datasetsto
further investigateits effectiveness.We would also like to
conductan extensive userstudyto ®nd out how effectively
differentusersperformtheclassi®cationtaskwith this tool.

Finally, we plan to extend StarClassto handle very
large datasets.This could be donefor exampleby random
sampling.It would alsobedesirableto expandthescopeof
StarClassto handledatawith not just numericalattributes
but alsocategoricalones.

6 Conclusions.

We have presentedStarClass,a decisiontree construction
methodbasedon interactivemultidimensionalvisualization.
In StarClass,theuserinteractswith StarCoordinatesto ®nd
appropriateprojectionsthatbestseparateobjectsof different
classes. A major advantageof Star Coordinatesis that it
is �e xible enoughto visually separatetwo classeswith a
boundarydependentonmultiplevariables.

Visualclassi®cationfacilitatestheuseof domainknowl-
edgeto guidetheclassi®cationprocess.It is notalwayscon-
venient,or evenpossible,to programthisdomainknowledge



Table3: Accuracy of StarClassfor classifyingthe
� ����� � � � �

datasetcomparedwith otherclassi®cationmethods.
CBA C4 FID Fuzzy ��� ��� �
	 ��� �

74.4 73.8 62.0 77.6 ��� � �

Figure6: Classi®cationprocessof the
�

� ���
�

�
� �

datasetusingStarClass.Comparedto theStatlog
�

�
� �

�

�

�

datasetshown
in Figure4, theboundarybetweentheclassesin the

�
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�
�

� �

datasetis muchlessclearbecauseof thenoisynatureof the
data.

Figure7: Star Coordinatesprojectionof the
���
	 �����

�

dataset.Characteristicsof differentclassescan be observed, for
example,therearedistinctclusterswithin thesameclass:two clustersbelongingto theredclassareboxedandtwo clusters
belongingto thepurpleclassarecircled.



into an algorithmicclassi®cationsystem.Otheradvantages
of visualclassi®cationincludethe increasein theuser's un-
derstandingof thedataasaresultof having avisualimageof
thedata,andthecon®dencegainedin theresultof theclas-
si®cationbecausethe usercanseethe way the classesare
separated.

We have experimentally veri®ed the effectivenessof
StarClassby applying it to the classi®cationof actualdata
with up to 19 dimensions,and comparingits performance
to that of well-known algorithmicandvisual classi®cation
methods. Becauseof advantagesin handlingmulti-variate
classboundaries,in accuracy andin betteruserunderstand-
ing, we believe that StarClasscanmake a substantialcon-
tribution to the classi®cationeffort. With further improve-
mentssuchas the incorporationof algorithmic techniques,
StarClasscanachieveevenbetterresults.
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