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Abstract

Usinginductivelearningtechniquestoconstructclassi�cationmod-
els from large,high-dimensionaldatasetsis a usefulway to make
predictionsin complex domains.However, thesemodelscanbedif-
�cult for usersto understand.Wehavedevelopedasetof visualiza-
tion methodsthathelpusersto understandandanalyzethebehavior
of learnedmodels,includingtechniquesfor high-dimensionaldata
spaceprojection,displayof probabilisticpredictions,variable/class
correlation,andinstancemapping. We show the resultsof apply-
ing thesetechniquesto modelsconstructedfrom a benchmarkdata
setof censusdata,anddraw conclusionsabouttheutility of these
methodsfor modelunderstanding.

1 Intr oduction

Discoveringinterestinginformationin large,high-dimensionaldata
spacesis a challengingproblem.Usinginductive machinelearning
techniquesto constructclassi�cationmodelshasproven to beone
usefulapproachfor solvingthis problem.A typicalmachinelearn-
ing applicationinvolvesa greatdealof manualeffort to iteratively
constructa representationof thedomain(featureengineering),set
the parametersof the learningalgorithm, inducea setof models,
andanalyzetheresultingmodels.To supportthis process,we have
developedasetof visualizationmethodswith thegoalof improving
a user's ability to evaluatethequalityof learnedmodels.

Traditionalmodelanalysismethodsprimarily consistof numeri-
calandstatisticaltoolsfor assessingthequalityof a learnedmodel.
Thesetoolsincludeclassi�cationaccuracy, confusionmatrices,and
receiver operatingcharacteristic(ROC) curves. Our visualization
techniquesprovide a richer representationof the informationthat
thestatisticaltoolssummarizeby asinglenumberor curve,andare
meantto augment,not replace,thesestatisticaltools. To thatend,
wediscussin thispaperhow thevisualizationmethodscanbeused
to gaininsightsinto how thebehavior of themodelvariesacrossthe
dataspace.Theseinsightscould be usedto guidethe application
developmentprocessby pinpointing, for example,regionsof the
dataspace(groupsof individuals)with highmisclassi�cationrates,
thushelpingtheuserto determinewhatadditionaldatato gather, or
how to modify thesetof featuresto improve differentiation.

2 Induced Predictive Models

A model is a descriptionof how the world is expectedto behave.
Typically a modeldescribestheaspectsof theworld thatarerele-
vant to a speci�c task: e.g.,diagnosinga disease,predictingcredit
risks, or classifyingdocumentsby topic area. Herewe focuson
classi�cation tasks,which have theform “Givenanobjectdescrip-
tion, classify it into oneof k classes.” Classi�cationmethodscan
be usedfor both predictionanddiagnosis(e.g., “Given an appli-
cant's characteristics,predictwhetherthey will default on a loan,”
or “Givenapatient'ssymptoms,determinewhatdiseaseis affecting
them”). Probabilisticclassi�cationmethodsgive theprobability of
classmembership,which is particularlyusefulin domainscontain-
ing uncertainty, noisydata,or incompleteobjectdescriptions.

In classi�cationproblems,oneof thevariablesis adistinguished
classvariable; we refer to the othervariablesas input variables.
(The classvariablecan be thoughtof as the dependentvariable;
the input variablesasthe independentvariables.) The data space
is the n-dimensionalspacede�ned by the n input variables. In a
classi�cationtask,thegoal is to derive theclassprobabilities, i.e.,
the marginal probabilitiesthat an instancebelongsto eachclass,
givenvaluesfor some(or all) of theinput variables.

The problem of accuratelypredictingclassmembershipfrom
available information is a key challengeof knowledgediscovery.
A wide varietyof methodshave beendevelopedby machinelearn-
ing anddataminingresearchersto solvethisproblem,rangingfrom
decision-treelearningalgorithmsto nearest-neighbortechniquesto
Bayesianlearningmethods.Thevisualizationtechniqueswe have
developedare applicableto any learning methodswhoseoutput
makespredictionsthat canbe interpretedasprobabilities,suchas
probabilisticdecisiontreesor Bayesiannetworks. In theexamples
given in this paper, we usedthe ADULT dataset from the UCI
MachineLearningRepository[UCI 1999],which is derived from
U.S. Censusdata,to constructclassi�cation models. We applied
Tree-AugmentedNaive Bayes(TAN) [Friedmanand Goldszmidt
1996],a Bayesiannetwork learningsystemthatis tailoredfor clas-
si�cation, to constructthemodels.Datainstancescontainfourteen
variables(six continuousandeightnominal)anda binaryclassla-
bel indicating incomelevel ( ����� K (higher-income)or ���

��� K
(lower-income)).Input variablesincludeage,sex, race,education,
occupation,hoursworked per week, native country, type of em-
ployer, maritalstatus,andhouseholdtype. Usinga subsetof eight
of theinput variables,we usedTAN to construct(from thetraining
data)a modelto predictincome.

We have identi�ed a set of modelcharacteristicsthat may be
visualizedin orderto understandandanalyzea model's behavior.
Someof thecharacteristicswe have exploredareclassprobability
at eachpoint in the dataspace;the decisionboundarythat delin-
eatestheregion of instancesthatarepredictedto bemembersof a
class;misclassi�cations, which correspondto instanceswhoseac-
tual classlabel doesnot matchthe predictedclasslabel; misclas-
si�cation types, e.g.,falsepositivesandfalsenegativesfor binary
classes;andmeta-attributesof the model,suchasthe distribution
anddensityof the training datausedto build the model,and the
con�denceassignedto eachestimate.

3 Traditional Model Anal ysis

A numberof measurementshavebeendevelopedby machinelearn-
ing and statisticsresearchersto assessmodel performance. The
mostcommonlyusedareclassi�cationaccuracy, confusionmatri-
ces,and receiver operatingcharacteristic(ROC) curves. In most
machinelearningresearch,model evaluationfocuseson a single
metric,suchasclassi�cationaccuracy. Classi�cationaccuracy is a
singlenumberthat indicatesthe percentageof correctlyclassi�ed
instancesin a testset. For theexamplemodelshown here,predic-
tiveaccuracy on thetestsetis 81 percent.



Testdata Predictedclasslabel
lt50K gt50K

Actualclass lt50K 10124 1236
label gt50K 1526 2174

Table1: Confusionmatrix for thecensusdomain
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Figure1: ROC curve for thecensusdomain

A confusionmatrix is often usedto show the typesof misclas-
si�cations madeby a model. The confusionmatrix (Table1) is a
two-dimensionaltablethatindicatesactualclasslabelalongonedi-
mensionandpredictedclasslabelalongtheotherdimension.Each
matrix entry indicateshow many instanceswith thecorresponding
actualclasslabel werepredictedby the model to have the corre-
spondingpredictedclasslabel. Entriesalong the diagonalcorre-
spondto correctlyclassi�ed instances.For a binaryclass,thereare
two off-diagonalentries,correspondingto falsepositives(negative
instanceswith a predictedpositive label)andfalsenegatives(posi-
tive instanceswith a predictednegative label).

ROC curves are usedto assessthe performanceof the model
as misclassi�cationcostsarevaried. By changingthe prediction
threshold,a givenmodelcanbebiasedtowardsmakingmorefalse
positive predictions(loweringthethreshold)or morefalsenegative
predictions(raisingthethreshold).TheROCcurve (Figure1) plots
thefalsepositive rateagainstthefalsenegative rate.

Noneof thesemethodsreally addressthe questionof whenthe
modelperformspoorly, speci�cally what sort of instancestendto
bemisclassi�ed.Visualizationof modelcharacteristicsin thecon-
text of thedataspacecomplementsthestatisticaltoolsby providing
betterinsightsinto thenatureof themodel's performance.

4 Related Work

Although many researchershave studiedtechniquesfor visualiz-
ing datasets,andothershave developedtechniquesto view model
structuredirectly, therehasbeenrelatively little effort focusedon
visualizinglearnedmodelsin thedataspace.A notableexception
is the MineSetdatamining package[SGI 1999], which includes
several techniquesfor visualizing models,suchas scatterplotting
of misclassi�edinstances.Thedisplayspaceis generatedby man-
ual featureselection,so the behavior of the completemodel can
bedif�cult to perceive. Visualizationof classi�ers in theMineSet
paradigmwasdescribedby [Becker 1998].

A widevarietyof techniqueshavebeendevelopedto performdi-
mensionreductionof high-dimensionaldata.Theseincludeparallel
coordinates[Inselberg andDimsdale1990], multiparametericons
[Pickettet al. 1990], andahostof interactive techniquesdeveloped
by dynamic statistics researchers[ClevelandandMcGill 1988].
Many of theseapproachesonly work for discrete-valuedvariables.

Therearealsoothertechniquesthat produceclustersin 2D space
basedon thesimilarity of datainstanceshave beenusedto perform
theprojectionof high-dimensionaldatato 2D.Thesetechniquesin-
cludemulti-dimensionalscaling[Cox andCox1994] andrelevance
maps[Assaet al. 1997]. Other applicationsof SOM techniques
to informationvisualizationincludethe visualizationof customer
characteristics[Rushmeieret al. 1997].

5 Model Visualization

Information visualizationapplicationsare typically characterized
by non-spatial,high-dimensional,non-continuousdataspaces.Vi-
sualizingsuchdatarequirestransformingthedatato a spatialdis-
play space,then applying representationtechniquesto the trans-
formeddatapoints. The modelcharacteristicswe arevisualizing
arenon-spatialandhigh-dimensional,but thedimensionsareamix-
tureof continuousandnominalvariables.Thus,while thisapplica-
tion hasa numberof typical informationvisualizationcharacteris-
tics, thecontinuousnatureof thedatanecessitatessomeadditional
designchoices,particularlyin theprojectionprocess.

In all of thevisualizationsshown here,weuseabackgroundcol-
ormapin saturationsof greento show theclassprobabilitiesateach
point in thedisplayspace.Locationswith high classprobabilities
arebrightgreen;locationswith low classprobabilitiesareblack.

5.1 Data Space Projection

A computermonitor or printedpagecanonly displaytwo dimen-
sions. Thesetwo dimensionscanbe intuitively extendedto three
with the addition of computergraphics3D shapecuessuch as
obscuration,perspective, and view point control. While we can
representadditionalhigh-dimensionalcoordinateinformation us-
ing otherdisplayparameters,suchastime, color, size,or opacity,
thesemoreabstractdisplayparametersarenot aseasilyor directly
interpretedasspatialposition.In practice,thedisplayspaceis only
three-dimensional;therefore,high-dimensionaldatamustbe pro-
jecteddown to threedimensionsto bevisually represented.

Oneobvious, andcommon,methodfor the projectionof high-
dimensionaldatainto a lower-dimensionaldisplayspaceis these-
lectionof a subsetof availabledimensions.The planeof the pro-
jectedspacecorrespondsto anaxis-parallelplanethroughthedata
space,with all pointsorthogonallyprojectedontotheplane.

Figure 2 shows a 2D display spacecreatedusing featurese-
lection. The vertical axis is education;the horizontalaxis, hours
worked. Each location in this display spacerepresentsa high-
dimensionalsubspacewhereeducationandhoursworkedare�x ed,
but othervaluescanvary over their entirerange.Featureselection
hastheadvantagesof beingsimpleto performandintuitive to un-
derstand.Unfortunately, the straightforward featureselectiondis-
playoftendoesnotadequatelycapturethecomplex structureof the
modelin thehigh-dimensionaldataspace,sinceinstanceswith very
differentcharacteristicsalongotherdimensionsareaggregated.

In order to achieve a display spacethat better representsthe
high-dimensionalstructureof the dataspace,we have alsouseda
setof projectiontechniquesbasedon self-organizingmaps(SOM)
[Kohonen1997]. Figure 3 shows a representationof the model
wherethe dataspacehasbeenprojectedto two dimensionsusing
a SOM. In a SOM, neighboringlocationsin thedisplayspacecor-
respondto neighboringlocationsin the dataspace,unlike feature
selectionwherepointsfarapartin thedataspacecanmapto identi-
cal locationsin thedisplayspace.Wearecurrentlyperformingdata
spaceprojectionusing a public-domainpackagethat implements
selforganizingmaps[Kohonenet al. 1996].

A SOM is constructedfrom a set of discreteinstances,com-
monly thedatasetto beexplored. In our application,thecontinu-
ousdataspacemustbesampledto yield a discretesetof instances.



We have experimentedwith constructingSOMsfrom theinput in-
stancesetusedto constructthemodel,thetestsetof instancesused
to performtraditionalmodelanalyses,anda setof samplesgener-
atedfrom the model,which re�ects the populationcharacteristics
of the input set. The latter wasusedto createthe SOM in Figure
3. Eachof thesechoicesproducesa mapthat is speci�c to a par-
ticular model.Alternatively, onecanbuild a “model-neutral”SOM
usinga setof constructedinstancesthat regularly samplethe en-
tire dataspace,asseenin Figure4. This includesinstancesthat,
while not impossible,may be extremely unlikely. Note that the
high-probabilityregionis muchlesscontiguousin thisvisualization
than in Figure3. The model-neutralmapallocatesdisplayspace
relatively equallyto all regionsof the dataspace,ratherthanpre-
dominantlyto regionsof thedataspacecorrespondingto instances
thataremorelikely to appearin thedata.

5.2 Displa y of Model Characteristics

The decisionboundary(in this case,the boundarybetweenposi-
tiveandnegative predictionswhenapredictionthresholdof 50%is
used)is shown by a white line. Figure2 shows theprobabilitydis-
tribution for 2D featureselection.Sinceeachpoint in the display
spaceis equivalent to an attribute vectorwith missingvalues,the
classprobabilitycanbecomputedby marginalizingover themiss-
ing values.Figure3 shows theprobabilitydistribution for theSOM
projection.Whenbuilding theSOM from themodel,probability is
treatedasjustanothervariablefor similarity clustering,resultingin
mapsthattypically have highcoherenceof predictedprobabilities.

5.3 Displa y Space Interpretation

Themostdif�cult aspectof projectinghigh-dimensionalspacesinto
a2D displayspaceis understandingthecorrespondenceof thepro-
jectedspaceto theoriginaldataspace.In Figures5 and6, attribute
contoursareoverlaid on the probability distribution to show how
theinput variablescorrelatewith thepredictedclassandwith each
other. Thesecontoursshow how theCartesiangrid of thedataspace
hasbeenwarpedby theprojectionprocess.The2D featureselec-
tion projection(Figure6) is easyto understand,but the attribute
contoursareusefulasan indicatorof thescaleof thevariables.In
thisprojection,eachattributecontourrepresentsadataspacehyper-
planethatis orthogonalto the2D displayplane.Thecorrelationsof
theselectedinput variableswith theclassareapparent:individuals
with moreeducation(towardsthe top) andwho work morehours
(towardsthe right) tendto make moremoney, with the education
correlationbeingsomewhatstronger. (Noticethatworkingtoohard
doesn't reallypayoff: a goodlessonfor usall.)

Theattributecontoursareevenmoreimportantin theSOM pro-
jection, sincethere is no intuitive interpretationof the projected
space.Figure5 shows the educationandhoursworked contours.
Thesecontoursshow how severely thehyperplanesof constantat-
tribute value in the data spaceare distortedthrough the projec-
tion process. In this projection, the hyperplanesrepresentedby
the attribute contoursare not generallyorthogonalto the display
space,and may not even be representedby contiguouscontour
lines. As before,notice that predictedhigh-incomeearnerstend
to have greatereducationlevels (higher saturationof blue in the
contours)andwork more hours(red saturation). Figure7 shows
contoursof anotherpair of attributes,thoseof educationandsex.

6 Visual Model Anal ysis

By providing a visual representationof the modelcharacteristics,
our visualizationmethodsadddepthto a user's understandingof
traditional statisticalmodel analysismeasurements.Seeingthe

numberof instancesandtheirclasslabelsagainstthebackgroundof
thepredictedprobabilitydistribution givestheusera visualunder-
standingof thenumberandtypesof misclassi�cations.Thegraded
colorrepresentingtheprobabilitydistributionandtheinstanceclas-
si�cations shown againstthis backgroundgives the usera visual
interpretationof theinformationconveyedby theROC curve. The
visualdisplay, however, alsoprovidesinformationnotpresentin the
ROC curve. Speci�cally, whenthedecisionthresholdis increased
(decreased),wherearefalsenegatives(positives)introduced?

6.1 Instance Mapping

Testinstancescanbeplottedin thedisplayspacein orderto com-
paremodelpredictionsto actualclassi�cations.Eachtestinstance
is displayedin theprojectedspaceasa smallsphere-shapedglyph.
We useglyph size to indicatethe numberof instancesat a given
point. (A linearscaleis used,but is clampedat 10 instances,since
otherwiselarge glyphsdominatethe picture.) A continuouscolor
mapis usedto show theproportionof classlabelsin thesetof col-
locatedinstances.Yellow shows predominantlypositive instances,
red shows predominantlynegative instances.Orangeglyphsindi-
catepointswherethereareroughlyequalnumbersof positive and
negative instances.This representationallowsauserto easilyiden-
tify falsepositives (red glyphs inside the decisionboundary)and
falsenegatives(yellow glyphsoutsidethedecisionboundary).

Figure8 showsthetestinstancesonthe2D featureselectionpro-
jection. Notice that becausethe projectiongroupsvery different
locationstogetherat eachprojectedpoint, a high proportionof the
instanceglyphsareorange(indicatinga mix of positive andnega-
tive instancesat a location). Also, a relatively smallpercentageof
thespaceis usedfor thehigh-class-probabilitypartof themodel,so
thevisual impactis thatmostof thespaceis takenup by negative
instances(in fact,about25%of thetraininginstancesarepositive).

Figure9 shows thetestinstanceson theSOMprojection.Notice
thatmany of themisclassi�edinstancesarelocatedin thevicinity of
decisionboundary, aregionof thedataspacewheretheirpresenceis
expectedandis notamajorreasonfor concern.Comparingthispic-
turesto Figure4,onecanseethatthemodel-neutralSOMhasmuch
tighterinstanceclustering,becausemuchof thedisplayspacerepre-
sentsregionsof thedataspacethatdonotappearin thedata(for ex-
ample,very youngandvery old people).Themodel-neutralSOM
canbeusefulin understandinghow thedataandmodelarebiased
towardsparticularregionsof thedataspace;themodel-dependent
SOM in Figure9 is moreusefulin understandingthemodelitself,
sincedifferencesbetweenhigh-probabilityandlow-probability re-
gionsareemphasizedin theSOM construction.

6.2 Displa y Space Queries

The visualizationscan be queriedinteractively (by clicking at a
point on themap)to generatea summaryof theinstancesthatcor-
respondto any given region. For example,neartheupperright of
Figure9, thereis aregionwith two largeorangeglyphs(mixedpos-
itiveandnegative instances).This regioncorrespondsto agroupof
malesin privateindustrywho work long hours(60 hoursa week),
havemoderateeducation(typically somecollege),andwork aspro-
fessionalsor managers.Queryingfurther, wecangetasummaryof
thepositive instances(truepositives)andnegative instances(false
positives)in theregion. Uponinspection,therearefew differences
betweenthesetwo groupsalong the dimensionsincluded in this
dataset. A knowledgeengineercouldusethis analysisprocessto
identify groupsof individualswhoarenoteasilydifferentiatedwith
respectto theclassof interest.Suchaconclusionmight leadto fur-
therdatagathering(to identify featuresthatwould differentiatethe
high- and low-incomeearners),or might simply indicatethat the
modelwasnot reliablefor thatparticulargroup.



7 Lessons Learned

Existingdatamining softwarepackagesprimarily usefeaturesub-
setprojectiontechniquesfor visualizinghigh-dimensionaldatasets
andmodelpredictions. Our investigationhasshown that this ap-
proachis inadequatefor complex, high-dimensionaldomains,be-
causethe 2D (or even 3D) featureselectiondisplaydoesnot ade-
quatelycapturethestructureof thedomain.

TheSOM-baseddisplaysarepromisingin thatthedisplayspace
is utilized more ef�ciently , and the actualmodel behavior is re-
�ected more completelythan in featureselection. However, the
correspondenceof theSOM displaysto thedataspaceis alsomore
dif�cult to understand.The attribute contoursandqueryingtech-
niqueswehavedevelopedprovidesomeinitial toolsfor interpreting
theSOM display, but furtherwork is neededin thisarea.

The natureof the SOM display spacedependsheavily on the
particularprocessusedto build it (e.g.,which instancesareusedto
seedtheSOM constructionprocessandwhich similarity metric is
used). Although this could be seenasa disadvantage,it provides
more�e xibility in constructingtheSOM to meetparticularprojec-
tion criteria.Wearecurrentlyexploringdifferentprojectionmetrics
(suchas region preservation and decisionboundarysmoothness)
andhow theSOM constructionprocessaffectsthesemetrics.

We areexploring otherdimensionreductiontechniques,suchas
principal componentsanalysis(PCA), asalternatives to the SOM
approach. However, while thesetechniquesmay provide useful
for certaintypesof domains,the key issuesof representingcom-
plexity andof dataspace/displayspacecorrespondencewill remain
the same. Similarly, we are investigating3D visualizationmeth-
ods to add richnessto the visualizations,but addinganotherdis-
play dimensiondoesnot solve thefundamentalchallengesof high-
dimensionalmodelvisualization.We believe that thekey to mak-
ing thesemethodswidely useful lies in developingadditionalan-
notationtechniquesto clarify thecorrespondencebetweenthedata
spaceandtheprojecteddisplayspace.

Many of the techniquesthat we have presentedhereare also
completelyapplicableto the direct visualizationof datainstances
without theinitial creationof amodel.Someof thetechniquesused
here,in particularthe displayof instanceglyphsusingfeaturese-
lectionor SOMs,arealreadyin commonusefor thatpurpose.The
annotationof high-dimensionalprojectionsusingattributecontours
can be done with direct visualizationof discretedata instances,
sincethe projectionis continuouseven if thedatais not, but con-
tourshave notpreviously beenusedthis way, to ourknowledge.

8 Conc lusions

The constructionof inducedpredictive modelscanaid in the pro-
cessof knowledgediscovery, but canbelimited by thecomplexity
of suchmodels.Wehavepresentedvisualizationtechniquesthatas-
sistauserin understandingandanalyzingapredictivemodel.These
techniquesaugmentstandardstatisticaltoolsby allowing theuserto
seemultiple characteristicsof themodel's behavior acrossthedata
space. Using a benchmarkdataset, we have demonstratedhow
visualizationof modelcharacteristicsfacilitatesbothmodelunder-
standingandanalysis,indicatingaspectsof modelperformancenot
availablefrom standardstatisticaltools.
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Figure 2. Probability distribution for 2D feature selection.Vertical axis= education;
horizonal= hoursworked.

Figure3. SOMprobabilitymapconstructedfrommodel.

Figure4. SOM“model-neutral” probabilitymapconstructedfrominstancesspanning
thedataspace.

Figure5. SOMprobabilitymapwith educationandhoursworkedcontours.

Figure6. Probabilitydistribution for 2D featureselectionwith attributecontours.

Figure7. SOMprobability mapwith educationandsex contours.

Figure8. 2D featureselectionprojectionwith testinstances.

Figure9. SOMprobability mapwith testinstances.


