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ABSTRACT
Decisiontreesarecommonlyusedfor classi�cation. We propose
to usedecisiontreesnot just for classi�cationbut alsofor thewider
purposeof knowledgediscovery, becausevisualizingthedecision
treecanrevealmuchvaluableinformationin thedata.Weintroduce
PaintingClass,a systemfor interactive construction,visualization
andexplorationof decisiontrees.PaintingClassprovidesan intu-
itive layout andconvenientnavigationof the decisiontree. Paint-
ingClassalsoprovidestheuserthemeansto interactively construct
thedecisiontree. Eachnodein thedecisiontreeis displayedasa
visual projectionof the data. Throughactualexamplesandcom-
parisonwith other classi�cation methods,we show that the user
caneffectively usePaintingClassto constructa decisiontreeand
explorethedecisiontreeto gainadditionalknowledge.

Categoriesand SubjectDescriptors
H.1.2 [Inf ormation Systems]: User/MachineSystems—Human
InformationProcessing; H.2.8[DatabaseManagement]: Database
Applications—DataMining; I.3.6[Computer Graphics]: Method-
ologyandTechniques

Keywords
visualdatamining,classi�cation,decisiontrees,informationvisu-
alization,interactive visualization

1. INTRODUCTION
Classi�cationof multi-dimensionaldatais oneof themajorchal-

lengesin datamining. In a classi�cationproblem,eachobject is
de�ned by its attributevaluesin multi-dimensionalspace,andfur-
thermoreeachobjectbelongsto oneclassamonga setof classes.
The task is to predict, for eachobject whoseattribute valuesare
known but whoseclassis unknown, whichclasstheobjectbelongs
to. Typically, a classi�cation systemis �rst trainedwith a setof
datawhoseattributevaluesandclassesarebothknown. Oncethe
systemhasbuilt amodelbasedonthetraining,it is usedto assigna
classto eachobject.For example,neuralnetworkshave beenused
effectively for this purposein algorithmssuchas[17] and[21].
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A decisiontreeclassi�er �rst constructsa decisiontreeby re-
peatedlypartitioning the datasetinto disjoint subsets.One class
is assignedto eachleaf of the decisiontree. Most classi�cation
systems,including mostdecisiontreeclassi�ers,aredesignedfor
minimal userintervention. More recently, a few classi�ers have
incorporatedvisualizationanduserinteractionto guidetheclassi-
�cation process.On onehand,visual classi�cationmakesuseof
humanpatternrecognitionanddomainknowledge. On the other
hand,visualizationgivestheuserincreasedcon�denceandunder-
standingof thedata[2, 3, 8].

A representative visualclassi�cationsystemsincludeAnkerstet
al.'s PBC(Perception-BasedClassi�er) [2]. In [20], we proposed
StarClass,a new interactive visual classi�cation technique.Star-
Classallows usersto visualizemulti-dimensionaldataby project-
ing eachdataobject to a point on 2-D display spaceusing Star
Coordinates[11]. Whena satisfactoryprojectionhasbeenfound,
the userthenpartitionsthe display into disjoint regions; eachre-
gion becomesa nodeon thedecisiontree.This processis repeated
for eachnodein thetreeuntil theuseris satis�edwith thetreeand
wishesto performno morepartitioning.

In thispaper, weintroducePaintingClass,acompleteuser-directed
decisiontreeconstructionandexplorationsystem. PaintingClass
usessomeideasfrom StarClass,but hastwo main featuresas its
contributions:

� PaintingClassintroducesanew decisiontreeexplorationmech-
anism, to give usersunderstandingof the decisiontree as
well as the underlyingmulti-dimensionaldata. This is im-
portantto theuser-directeddecisiontreeconstructionprocess
asusersneedto ef�ciently navigatethedecisiontreeto grow
thetree.

� PaintingClassextendsthetechniqueproposedto StarClassso
thatdatasetswith categoricalattributescanalsobeclassi�ed.
Many real-world applicationsusedatacontainingboth nu-
mericalandcategoricalattributes;thereforePaintingClassis
muchmoreusefulthanStarClass.Weshow theeffectiveness
of PaintingClassin classifyingsomebenchmarkdatasetsby
comparingaccuracy with otherclassi�cationmethods.

ThesefeaturesmakePaintingClassaneffectivedatamining tool.
PaintingClassextendsthetraditionalroleof decisiontreesin classi-
�cation to take on theadditionalroleof identifying patterns,struc-
ture andcharacteristicsof thedatasetvia visualizationandexplo-
ration. This paradigmis a majorcontribution of PaintingClass.In
this paper, we show someexamplesof knowledgegainedfrom the
visualexplorationof decisiontrees.

2. PAINTINGCLASS OVERVIEW



As is typical of decisiontreemethods,PaintingClassstartsby
acceptinga setof training data. The attribute valuesandclassof
eachobject in the training set is known. In the root of the Paint-
ingClassdecisiontree,every objectin the trainingsetis projected
anddisplayedvisually. In PaintingClass,eachnon-terminalnode
in thedecisiontreeis associatedwith a projection , which is a def-
inite mappingfrom multi-dimensionalspaceinto two-dimensional
display. The usercreatesa projectionthat bestseparatesthe data
objectsbelongingto differentclasses.

Eachprojectionis thenpartitionedby the userinto regions by
painting . Next, for eachregion in the projection, the usercan
chooseto re-projectit, forminganew node.In otherwords,theuser
createsa projectionfor this new nodein a way thatbestseparates
thedataobjectsin theregion leadingto thisnode.

For every new nodeformed,theuserhastheoptionof partition-
ing its associatedprojectioninto regions.Theuserrecursively cre-
atesnew projection/nodesuntil asatisfactorydecisiontreehasbeen
constructed.Eachprojectionthus correspondsto a non-terminal
nodein the decisiontree,andeachun-projectedregion thuscor-
respondsto a terminalnode. In this way, for eachnon-rootnode,
only theobjectsprojectingontothechainof regionsleadingto the
nodeareprojectedanddisplayed.

In theclassi�cationstep,eachobjectto beclassi�edis projected
startingfrom the root of the decisiontree, following the region-
projectionedgesdown to an un-projectedregion, which is a ter-
minal node(ie. a leaf) of the decisiontree. The classwhich has
the most training setobjectsprojectingto this terminal region is
predictedfor theobject.

The following sectionswill explain in moredetail how projec-
tionsarecreatedandhow regionsarespeci�ed.

3. VISUAL PROJECTIONS USEDIN PAINT­
INGCLASS

In StarClass[20], we usedStarCoordinates[11] to projectdata
de�nedin higher-dimensionalto two-dimensionaldisplay. In Paint-
ingClass,we usea similar but lessrestrictive paradigm.Insteadof
usingonly StarCoordinates,we conceptuallycanuseany sensible
projectionmethod. This is importantbecauseeachdifferentpro-
jectionmethodhasits own advantagesanddrawbacks.Sinceeach
datasethasits uniquecharacteristics,choosingthemostappropri-
atemethodfor a datasetor a subsetof a datasetcanbetterreveal
theunderlyingstructureof thedata.In ourcurrentimplementation,
we allow theuserto choosebetweenStarCoordinatesandParallel
Coordinates[9] projectionmethods.StarCoordinatesis betterat
showing dimensionswith numericalattributesandParallel Coor-
dinatesis betterat showing dimensionswith categoricalattributes.
With just thissimplechoicebetweenStarandParallelCoordinates,
PaintingClasscanbeusedto classifydatasetswith bothnumerical
andcategorical attributes,giving it muchwider applicability than
StarClass.

3.1 Star Coordinates
StarCoordinateswas�rst proposedasa methodfor visualizing

multi-dimensionalclusters,trends,andoutliers.Thetwo-dimensional
screenpositionof an n-dimensionalobject is given by the vector
sumof all unit vectorsoneachcoordinatemultipliedby thevalueof
thedataelementin thatcoordinate.Eachunit vectorcorrespondsto
onedimensionandis shown by a line on thedisplay. To edit aStar
Coordinatesprojection,theusermanuallymovesanaxisaroundby
clicking on theend-pointof theselectedaxisanddraggingit to the
desiredposition.

3.2 Parallel Coordinates

Figure 1: Parallel coordinates projection of the Australian
datasetusing the categorical dimensions. The categorical at-
trib ute valuesare enumerated. Sincein somedimensions,the
categoricalattrib ute valuescanhaveonly a few discretevalues,
many lines overlap. The resulting imagedoesnot convey much
useful information.

Figure 2: Modi�ed parallel coordinates: Each integer value is
mapped to an interval of length half the distancebetweenone
integer value and the next, and the mapping of an object to a
parallel axis within this interval is determined by the ID num-
ber of the object. In this way, more lines are visible. Mor e
information is conveyed, for examplethe readercanverify that
betweenthe �fth and sixth axes,most of the objectsin the pur-
ple classare projectedto the lower half.

ParallelCoordinates[9] is awidely-usedmulti-dimensionaldata
visualizationmethod.Eachdimensionis representedby a vertical
line,whoseend-pointsrepresentthemaximumandminimumvalue
of thedimensionl.Eachobjectthereforemapsto onepointoneach
of theselines,accordingto itsattributevaluein thatdimension.The
objectis thendisplayedasa poly-line connectingall thepoints.

In PaintingClass,we slightly modify thestandardParallelCoor-
dinatesto betterdisplaythecategoricaldimensions.First, for each
categoricaldimension,all thepossibleattributevaluesareenumer-
ated. Sincethe enumeratedvaluesare all integer values,and in
somedimensionsthe numberof distinct valuesis small, the re-
sulting parallel projectioncontainsmany lines completelyobsur-
ing otherlines. The informationconveyed is thereforenot useful.
Sincethe enumeratedcategorical valuesareall integer values,in
PaintingClass,eachintegervalueis mappedto aninterval of length
half the distancebetweenoneinteger valueandthe next, andthe
mappingof an object to a parallelaxis within this interval is de-
terminedby the ID numberof the object. Furthermore,lines are
renderedin a semi-transparentmanner. In this way, lines do not
completelyobscureeachother. Figures1 and2 show thecontrast
betweentheoriginalandthemodi�ed methods.

Anotherproblemencounteredin ParallelCoordinatesvisualiza-
tion of categoricaldatais thatwhentherearetoomany distinctval-
uesin a dimension,the interval of eachvaluebecomestoo small,
makingit hardto select.Therefore,PaintingClassallows theuser
to specifya sectiononany axisto zoomin on.



Figure 3: Painting regionsin a parallel coordinatesprojection.
The userclicks on an interval to toggleit betweenblue and red.
In this �gur e, the top interval in the �fth dimension has been
set to red. The objects belonging to the red region are shown
in the left pictur e,and the objectsbelongingto the blue region
are shown in the right pictur e. This separatesthe data shown
in Figure 2 into two regions. In the blue region,nearly all the
objects belong to the purple class,whereasin the red region,
the majority of the objects belong to the green class, though
there are still somepurple classobjects,so further separation
is necessary.

4. PAINTING REGIONS
The main ideabehindthe decisiontreeconstructionmethodis

to identify regions in the projectedtwo-dimensionaldisplay that
wouldseparatetheobjectsof differentclassesasmuchaspossible.
In a StarCoordinatesprojection,this is doneby moving the axes
arounduntil a satisfactory projectionis found. For example, in
the middle image,the blueclassis ratherwell-separatedfrom the
rest.Whentheuseris satis�edwith a projection,theuserspeci�es
regionsby “painting” over thedisplaywith the mouseicon in the
samewayasin StarClass.

The“painting” paradigmcanbeextendedto paintregionsin the
ParallelCoordinatesprojection.Initially, in a ParallelCoordinates
projection,all intervals areset to belongto the blue region. The
userclicks on an interval to changeit to red. An objectbelongs
to the red region if for every dimensionwith at leastonered in-
terval, the objecthasattribute value equalto a red interval. The
objectbelongsto theblueclassotherwise.An exampleis shown in
Figure3.

5. DECISION TREE VISUALIZA TION AND
EXPLORATION

Decisiontreevisualizationandexplorationis importantfor two
mutually-complimentaryreasons.First,toeffectively andef�ciently
build a decisiontree,it is crucialto beableto navigatethroughthe
decisiontree quickly to �nd nodesthat needto be further parti-
tioned. Second,exploration of the decisiontree aids the under-
standingof the tree and the databeing classi�ed. From the vi-
sualization,the usergainshelpful knowledgeaboutthe particular
dataset,andcanmoreeffectively decidehow to furtherpartitionthe
tree.

The ultimategoal of PaintingClassis to maximizeuserunder-
standingandknowledge.It is thusnot thegoal to displayasmuch
informationaspossiblein theavailablescreenspace,becauseclut-
termaybedetrimentalto userunderstanding.Thechallengethenis
to utilize theavailabledisplayto let theuserabsorbasmuchuseful
informationaspossible. This is achieved throughspace-ef�cient
visualmetaphorswhichtakeadvantageof humanintuition. A prob-
lemencounteredin attemptingto visualizeaPaintingClassdecision
treeis that thereis too muchdatato bedisplayedcoherentlyon a
singlescreen.Thevisualizationandexplorationmechanismmust

Figure 4: PaintingClass decision tr ee layout schematic. The
curr ent projection (ie. the projection in focus)is drawn asthe
largestsquarein the upper right corner of the display. The par-
ent of the curr ent projection is drawn to its immediate left, and
the line of ancestorsup to the root is drawn in this way. For ev-
ery projection, its childr en are drawn dir ectly below it. In this
�gur e,eachprojection is labelledwith the number representing
its distancefr om the root.

thereforenotonly convey asmuchinformationaspossiblein adis-
playbut alsoallow theuserto quickly navigatethetreeto gaineven
moreknowledge.

Numeroustreevisualizationtechniquesincludingsomespeci�-
cally designedfor visualizingdecisiontrees[3, 6], have beenpro-
posedin the past. However, thesemethodsare not appropriate
for visualizationdecisiontreesgeneratedby PaintingClass.This
is becauseeachnodein PaintingClassis itself a picturerequiring
space.Furthermore,thedisplayof thedecisiontreeneedsto con-
vey clearly therelationshipbetweenregionsandtheir correspond-
ing nodes.

Figure4 shows a schematicof the decisiontree layout we de-
signedfor PaintingClass.It makesuseof the focus+context con-
cept,focusingononeparticularprojection,calledthe“currentpro-
jection”, which is given the mostscreenspaceandshown in the
upperright corner. Therestof thetreeis shown ascontext to give
the usera senseof wherethe currentnodeis within the decision
tree. Nodesthatarecloseto thenodein focusareallocatedmore
space,becausethey aremorerelevantandtheuseris morelikely to
be interestedin their contents.Theancestors(up to andincluding
the root) of thenodein focusaredrawn in a line towardsthe left.
Theline includingthefocusnodeandall its ancestorsis calledthe
ancestor line . Exceptwith both parentandchild are in the an-
cestorline, thechildrenof eachnodearedrawn directly below it,
in accordancewith traditionaltreedrawing conventions.This lay-
out is simpleto understand,intuitive,andimmediatelyportraysthe
shapeandstructureof thedecisiontreebeingvisualized.

For explorationpurposes,interactivity is of utmostimportance.
PaintingClassallows theuserto easilynavigatethetreeby chang-
ing thenodein focus.This is doneeitherby clicking on thearrow
ontheupperright cornerof aprojectionto bring it into focus,or by
clicking on thearrow on thelower left cornerof a projectionin the
ancestorline to bring it out of focus. In this case,theparentof the



projectionbroughtoutof focuswill bethenew focus.

5.1 Auxiliary display
In thePaintingClassinterface,theauxiliary displayis shown in

thelower left cornerof thewindow. This portionof thewindow is
not utilized in thedisplayof thedecisiontree. PaintingClassthus
makesuseof thisspaceto displaysomeveryimportantinformation
thatcanaid theuser's understandingof thedataandtheconstruc-
tion of thedecisiontree.

While decisiontreevisualizationgivesa goodoverview of the
data, it is sometimesnecessaryfor the userto seeadditional in-
formation. For example,in theStarCoordinatesprojection,many
objectsoften map to the samepixel or nearbypixels. In fact,
two objectswith large Euclideandistancebetweenthemin high-
dimensionalspacemaymapto nearblypixels,andit is hardto dis-
tinguishthem.Therefore,asin StarClass,PaintingClassallows the
userto zoomin on a region in thecurrentprojection,showing the
region asauxiliary displayusingthe“sticks” featurefoundin Star
Coordiates.

Whenvisualizingdatasetswith both numericalandcategorical
attributes,PaintingClassallows theusertheoptionto useStarCo-
ordinatesor ParallelCoordinates.If theuserchoosesStarCoordi-
nates,only thenumericalattributesareusedto determinethepro-
jectedpositionof eachpoint. Likewise,if theuserchoosesParallel
Coordinates,only thecategoricalattributesareused.This givesan
incompletepictureof thedata.Therefore,theauxiliarydisplaycan
alsobeusedto displaythe“dual” projection.In otherwords,when
StarCoordinatesis usedto displaythe numericalattributesin the
currentprojection,ParallelCoordinatescanbeusedto displaythe
categorical attributesin the auxiliary display, andvice versa. An
exampleis shown in Figure5.

Theuserclicksonthelabelsabovetheauxiliarydisplayto choose
betweenwhetherto show “sticks” zoomor to show the“dual” pro-
jection.

5.2 User interface for building the decision
tr ee

As mentionedin Section2, the decisiontreeconstructionpro-
cessinvolvestherepetitionof threesteps:(1) edit a projection,(2)
specifyregions,and(3) createa new node/projectionfor somere-
gion. In PaintingClass,interactiontoolsareprovidedsothatusers
caneasilyperformeachof thesesteps.

In Step1, thePaintingClasscontrolpanelprovidesa checkbox
for usersto choosebetweenStarCoordinatesandParallelCoordi-
natesprojection.

In StarCoordinatesprojection,theway theusermovestheaxes
andpaintsa region is thesame:holdingdown the left mousebut-
ton anddraggingthemouseicon acrossthescreen.To resolve the
ambiguity, a controlbaris displayedat theleft edgeof thedisplay.
Theuserclicks on the“edit axes” box,or oneof thecoloredboxes
to determineif the userwantsto edit the axesor paint the region
representedby theselectedcolor.

In Parallel Coordinatesprojection,the userde�nes the red and
blueregionssimply by clicking on aninterval to toggleit between
redandblue.Therearetwo additionalboxesshown below thePar-
allel Coordinatesdisplay, onebox is redandtheotheris blue. The
userclicksoneitherbox to togglethedisplaybetweenshowing the
redor theblueregion.

To createa new nodefrom a region, the userneedsto specify
which region in thecurrentprojectionto re-project.In StarCoor-
dinatesmode,this is simplydoneby clicking ononeof thecolored
boxes in the samecontrol bar at the left of the display. In Paral-
lel Coordinatesmode,theregionselectedby thetwo coloredboxes

Figure5: An auxiliary display is shown on the un-utilized space
at the lower left of the display. This auxiliary display is usedto
supplementthe user'sexploration of the data. It canbeusedto
show a detailed view of part of the data or the “dual” projec-
tion, which is the casein this �gur e. Sincethe curr ent projec-
tion usesStar Coordinates to show the objects basedon their
numerical attrib utes,the “dual” projection usesParallel Coor-
dinatesto show the categoricalattrib utes.

below thedisplayis used.Theuserthenclickson the“CreatePro-
jection” buttonin thecontrolpanel,andanew projectionis created.

5.3 Classi®cation
PaintingClasscountsthe numberof objectsbelongingto each

classmappingto eachterminal region (i.e., the leaf of the deci-
sion tree). Theclasswith themostnumberof objectsmappingto
a terminalregion is electedastheregion's “expectedclass”. Dur-
ing classi�cation,any objectwhich �nally projectsto theregion is
predictedthatclass.

6. RESULTS
The dual objectives of PaintingClassare (1) to createa user-

directeddecisiontreeclassi�cationsystem,and(2) to enableusers
to explore and visualizemulti-dimensionaldataand their corre-
spondingdecisiontreesto improve userunderstandingandto gain
knowledge. We evaluatethe successof PaintingClassin meeting
the �rst goal by running experimentson well-known benchmark
datasetsandtestingits accuracy, comparingit to otherclassi�cation
techniques.Wealsoshow someexamplesof how PaintingClassvi-
sualizationis able to reveal importantinformation in the datasets
used.

6.1 Experimental Evaluation of accuracy
Thedesignobjective of PaintingClassis to createadecision-tree

construction,visualizationandexplorationsystemsothat theuser
cangainknowledgeof thedatabeinganalyzed.Therefore,it is not
the goal of PaintingClassto achieve superiorclassi�cation accu-
racy. However, for PaintingClassto be a viable datamining tool,
thedecisiontreesgeneratedby PaintingClasshave to be“good”. A
gooddecisiontreeis de�ned asonethat is ableto effectively par-



Table2: Accuracy of PaintingClasscomparedwith algorithmic
approachesand visual approachPBC.

Algorithmic Visual
CART C4 SLIQ PBC Pain tingClass

Satimage 85.3 85.2 86.3 83.5 85:3
Segment 84.9 95.9 94.6 94.8 95:2
Shuttle 99.9 99.9 99.9 99.9 99:9

Australian 85.3 84.4 84.9 82.7 84:7

Table 3: Accuracy of PaintingClasscompared with other clas-
si�cation methods.

CBA C4.5 FID Fuzzy Pain tingClass
Australian 85.0 82.6 58.0 88.9 84:7

adult 84.2 85.4 23.6 85.9 85:1
diabetes 74.4 73.8 62.0 77.6 74:6

tition the domainof the data,so to accuratelypredict the classes
of objects.Thestructureof a gooddecisiontreethereforereveals
someunderlyinginformationaboutthedata. Sucha decisiontree
is worth visualizationandexplorationin PaintingClass.Therefore,
we needto show thatthedecisiontreesgeneratedby PaintingClass
aregood,andwe do thatby experimentingon well-known bench-
markdatasetsandcomparingaccuracy resultswith popularexisting
classi�cationsystems.

WeusedtheSatimage, Segment, Shuttle andAustralian datasets
from thebenchmarkStatlogdatabase[15] for evaluatingtheaccu-
racy of PaintingClassclassi�cation. We also usetwo additional
well-known benchmarkdatasets,diabetes [19] andadult [12] in
our evaluation. The descriptionof thesedatasetsis presentedin
Table1.

Table2 comparesthe accuracy of PaintingClassagainstthe ac-
curacy of popularalgorithmicdecisiontreeclassi�ers CART and
C4 from theIND package[16], aswell asSLIQ [14], andalsovi-
sualclassi�er PBC.Theresultsaretaken from [3]. Table3 shows
how PaintingClasscompareswith CBA [13], C4.5[18], FID [10],
andFuzzy[5]. The accuracy �gures for thesemethodsaretaken
from [5].

Fromtheexperimentalresults,PaintingClassperformswell com-
paredwith the othermethods.In particular, it appearsthatPaint-
ingClassis slightly moreaccuratethanPBC.Sincethe classi�ca-
tion taskis performedby theuserin PaintingClass,theaccuracy is
highly dependentontheskill andpatienceof theuser, andeventhe
sameusercanproducesomesmall variationsin accuracy for dif-
ferentattempts.However, the accuracy producedby a competent
userasshown in theresultsis suf�cient to establishPaintingClass
asa viablemethodfor constructingdecisiontree.Smallvariations
in accuracy do not changetheconclusionof this evaluation.More
importantly, the accuracy achieved shows that the decisiontrees
generatedby PaintingClassareeffective in partioningthedata,and
thereforetheirvisualizationandexplorationcanyield valid andim-
portantinformation.Theknowledgegainedfrom theexplorationis
discussedin thenext section.

6.2 KnowledgeGained
In [7], BujaandLeementionthatdatamining,unlike traditional

statistics,is not concernedwith modelingall of thedata,but with
the searchfor interestingpartsof the data. Therefore,the goal is
not to achieveoptimalperformancein termsof globalperformance
measuressuchasclassi�cation accuracy. In our designof Paint-
ingClass,we follow thesameprinciples.As aresult,PaintingClass
decisiontreeis a powerful tool in the discovery of knowledgein
datasetsfor thefollowing reasons:

� Explorationof the decisiontree allows the userto seethe

hierarchyof split points. Thesesplit points reveal which
dimensions,combinationsof dimensions,andwhich values
with eachdimensionaremostcorrelatedto differentclasses.

� The shapeof thedecisiontreeindicatescertaincharacteris-
ticsof thedata.For example,theunbalancedtreeconstructed
for theAustralian datasetsuggeststhatcertainlargeclusters
are“pure”, meaningthat they containonly objectsbelong-
ing to oneclassand thereforeneedno further partitioning,
whereascertainclustersare“mixed”, meaningthatthey con-
tain objectsof differentclassesandthereforeneedto bepar-
titionedfurther.

� Thecon�dencein thepredictionof theclassof a dataobject
canvary widely. This canbevisualizedclearly in Painting-
Class,sometimesobjectsbelongingto a singleclassappear
clusteredin theprojectionchosenby theuser, far away from
objectsbelongingto otherclasses.In this case,theusercan
have greatcon�dencethat an object projectedto that area
wouldbelongto thisclass.This is contrastedwith a “mixed”
region,wheretheuseris unableto edit theprojectionto sep-
arateobjectsbelongingto differentclasses.Objectsof differ-
entclassesfall into thesameregion,andthey areall predicted
to belongto themajorityclassof thetraining-setobjectspro-
jecting to this region. However, in this case,thereis much
lesscon�dencein theprediction.

� Eachnodein thedecisiontreeis itself avisualprojectionof a
subsetof thedata.Theprojectionused,whetherStarCoordi-
natesor ParallelCoordinatesor any othermethodwhichmay
be incorporatedinto PaintingClassin the future, canreveal
patterns,clusters(and their shapes)andoutliers, asshown
throughvariousexamplesin this paper. Thesedisplayspro-
vide theuserwith rich information,not just statisticalmea-
suresexpressedassinglenumbers.

� Following thehierarchyof nodesin thedecisiontreeallows
the userto focuson subsetsof the data. For example,the
adult datasetsplit by themarried-civ-spousecategory in the
marital statusdimensionclearly indicatesa strongcorrela-
tion betweenmarried-civ-spouseand high income. To fo-
cusattentionononly peoplewhoaremarried-civ-spouse,the
usersimplyexploresthis subtree.Within this subtree,Paint-
ingClassvisualizationrevealsa strongcorrelationbetween
highereducationandhigh income.

7. FUTURE WORK
Althoughexperimentalevaluationhasindicatedtheeffectiveness

of PaintingClass,we believe therearesomeareaswherePainting-
Classcanbefurther improved. For example,just asAnkerstet al.
have incorporatedalgorithmic supportinto PBC with signi�cant
success[3], wearealsoextendingPaintingClassto includeoptions
for usingautomaticalgorithmsin caseswherehumanjudegment
is dif�cult andalsoto aid in searchingfor optimalsplits to relieve
usertedium. We believe that with somealgorithmicsupport,the
accuracy andusability of PaintingClasscanbe further improved.
We would like to apply PaintingClassto moredatasetsto further
investigateits effectivenessandto conductanextensive userstudy
to �nd out how effectively differentusersperform the classi�ca-
tion taskwith this tool. Finally, we plan to extendPaintingClass
to handlevery largedatasets.This couldbedone,for example,by
randomsampling.



Table1: Description of the datasets.
Training Testing num numerical categorical

Dataset SetSize SetSize classes dimensions dimensions
Satimage 4435 2000 6 4 0
Segment 2310 10-fold 7 19 0
Shuttle 43500 14500 7 9 0
diabetes 768 3-fold 2 8 0

Australian 690 10-fold 2 6 8
adult 32561 16281 2 6 8

8. CONCLUSIONS
We have presentedPaintingClass,a decisiontreeconstruction,

visualizationandexplorationsystem.In PaintingClass,theuserin-
teractively editsprojectionsof multi-dimensionaldataandpaints
regionsto build a decisiontree. We have experimentallyveri�ed
the effectivenessof PaintingClassby applyingit to the classi�ca-
tion of actualdatawith up to 19 dimensions,and comparingits
performanceto thatof well-known algorithmicandvisualclassi�-
cationmethods.With further improvementssuchasthe incorpo-
ration of algorithmic techniques,PaintingClasscan achieve even
betterresultsin termsof accuracy.

Yet it is not thesolepurposeof PaintingClassto facilitateinter-
active constructionof decisiontrees.Thedecisiontreelayoutand
navigationmethodintroducedby PaintingClassallows usersto ex-
ploredecisiontrees.Explorationof decisiontreesful�lls somegen-
eralgoalsof dataminingbeyondclassi�cation.Wehaveshown that
visualizingthestructureof thedecisiontree,theindividual nodes,
andexploringthroughthehierarchycanrevealvaluableknowledge
aboutthedataset.

Besidesintroducing the decisiontree exploration mechanism,
PaintingClassalsoprovidesseveralusefulextensionsto StarClass,
the most importantof which is the useof Parallel Coordinatesto
displaycategoricalvaluessothatevendatasetswith categoricaldi-
mensionscanbeclassi�edandvisualized.

WebelievethatPaintingClassis apracticalandeffectivedataex-
plorationandclassi�cationtool, andtheideaof usingdecisiontree
visualizationfor knowledgediscovery is animportantcontribution.
Furtherfeaturesbuilt onthePaintingClassplatformmaymakeit an
evenmorepowerful system.
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