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Abstract

Usinginductive learningtechniqueso constructlassi cationmod-
elsfrom large, high-dimensionatlatasetsis a usefulway to make
predictionsn complex domains However, thesemodelscanbedif-
cult for usergo understandWe have developeda setof visualiza-
tion methodghathelpusergo understan@ndanalyzethebehaior
of learnedmodels,including techniquedor high-dimensionatiata
spaceprojection,displayof probabilisticpredictionsyariable/class
correlation,andinstancemapping. We shav the resultsof apply-
ing thesetechniquedo modelsconstructedrom a benchmarldata
setof censugdata,anddrav conclusionsaboutthe utility of these
methodgor modelunderstanding.

1 Introduction

Discoveringinterestingnformationin large,high-dimensionadiata
spacess achallengingproblem.Usinginductive machinelearning
techniguego constructclassi cationmodelshasprovento be one
usefulapproacHor solvingthis problem.A typical machineearn-
ing applicationinvolvesa greatdealof manualeffort to iteratively
constructa representationf the domain(featureengineering)set
the parameter®f the learningalgorithm, inducea setof models,
andanalyzetheresultingmodels.To supportthis processwe have
developedasetof visualizationrmethodswith thegoalof improving
ausers ability to evaluatethe quality of learnedmodels.

Traditionalmodelanalysismethodsprimarily consistof numeri-
cal andstatisticattoolsfor assessinthe quality of alearnedmodel.
Theseoolsincludeclassi cationaccurayg, confusionmatricesand
recever operatingcharacteristidROC) curves. Our visualization
techniquesrovide a richer representatiomf the informationthat
thestatisticatoolssummarizeby a singlenumberor curve, andare
meantto augmentnot replace thesestatisticaltools. To thatend,
we discusdn this paperhow thevisualizationmethodscanbe used
to gaininsightsinto how thebehaior of themodelvariesacrosghe
dataspace. Theseinsightscould be usedto guide the application
developmentprocessby pinpointing, for example, regions of the
dataspacggroupsof individuals)with high misclassi cationrates,
thushelpingtheuserto determinevhatadditionaldatato gatheror
how to modify the setof featurego improve differentiation.

2 Induced Predictive Models

A modelis a descriptionof how the world is expectedto behae.
Typically a modeldescribeghe aspectof the world thatarerele-
vantto a speci c task: e.g.,diagnosinga diseasepredictingcredit
risks, or classifyingdocumentsy topic area. Here we focuson
classi cationtaskswhich have theform “Givenanobjectdescrip-
tion, classifyit into oneof k classe$. Classi cation methodscan
be usedfor both predictionand diagnosis(e.g., “Given an appli-
cant’s characteristicspredictwhetherthey will defaulton aloan?

or “Givenapatients symptomsdeterminavhatdiseasés affecting
them”). Probabilisticclassi cationmethodgyive the probability of
classmembershipwhich s particularlyusefulin domainscontain-
ing uncertaintynoisydata,or incompleteobjectdescriptions.
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In classi cationproblemspneof thevariablesis adistinguished
classvariable we refer to the othervariablesasinput variables
(The classvariable can be thoughtof asthe dependenvariable;
the input variablesasthe independenvariables.) The data space
is the n-dimensionalspacede ned by the n input variables. In a
classi cationtask,the goalis to derive the classprobabilities i.e.,
the maginal probabilitiesthat an instancebelongsto eachclass,
givenvaluesfor some(or all) of theinput variables.

The problem of accuratelypredicting classmembershipfrom
available informationis a key challengeof knowledgediscovery.
A wide variety of methodshave beendevelopedby machinelearn-
ing anddatamining researchert solve this problem rangingfrom
decision-tredearningalgorithmsto nearest-neighbdechniquego
Bayesiarnlearningmethods.The visualizationtechniquewe have
developedare applicableto ary learning methodswhose output
malkes predictionsthat canbe interpretedas probabilities,suchas
probabilisticdecisiontreesor Bayesiametworks. In the examples
given in this paper we usedthe ADULT datasetfrom the UCI
MachineLearningRepository[UCI 1999], which is derived from
U.S. Censuddata,to constructclassi cation models. We applied
Tree-AugmentedNaive Bayes(TAN) [Friedmanand Goldszmidt
1996],a Bayesiametwork learningsystenthatis tailoredfor clas-
si cation, to constructhe models.Datainstancesontainfourteen
variables(six continuousandeightnominal)anda binary classla-
bel indicatingincomelevel ( K (higherincome)or K
(lowerincome)). Input variablesincludeage,sex, race,education,
occupation,hoursworked per week, native country type of em-
ployer, marital status,andhouseholdype. Using a subsebf eight
of theinputvariableswe usedTAN to construct(from thetraining
data)amodelto predictincome.

We have identi ed a setof modelcharacteristicsthat may be
visualizedin orderto understandgind analyzea models behaior.
Someof the characteristicsve have exploredare classprobability
at eachpoint in the dataspace;the decisionboundarythat delin-
eategheregion of instanceghatarepredictedto be membersf a
class;misclassi cations which correspondo instancesvhoseac-
tual classlabel doesnot matchthe predictedclasslabel; misclas-
si cation types e.g.,falsepositives andfalsenegativesfor binary
classesand meta-attritutesof the model, suchasthe distribution
anddensityof the training datausedto build the model, andthe
con denceassignedo eachestimate.

3 Traditional Model Analysis

A numberof measurementsave beendevelopedby machindearn-
ing and statisticsresearcherso assessnodel performance. The
mostcommonlyusedareclassi cationaccurag, confusionmatri-
ces,andrecever operatingcharacteristidROC) curves. In most
machinelearning researchmodel evaluationfocuseson a single
metric,suchasclassi cationaccurag. Classi cationaccurag is a
single numberthat indicatesthe percentag®f correctlyclassi ed
instancesn atestset. For the examplemodelshavn here,predic-
tive accurag onthetestsetis 81 percent.



Testdata Predictectlasslabel

[t50K gt50K
Actualclass | T50K | 10124 1236
label gt50K | 1526 2174

Tablel: Confusionmatrix for the censusiomain

Figurel: ROC curve for thecensugiomain

A confusionmatrix is often usedto shaw the typesof misclas-
si cations madeby a model. The confusionmatrix (Tablel) is a
two-dimensionatablethatindicatesactualclasslabelalongonedi-
mensionandpredictedclasslabel alongthe otherdimension.Each
matrix entry indicateshow mary instancewith the corresponding
actualclasslabel were predictedby the modelto have the corre-
spondingpredictedclasslabel. Entriesalongthe diagonalcorre-
spondto correctlyclassi edinstancesFor abinaryclass thereare
two off-diagonalentries,correspondingo falsepositives (negative
instancewith a predictedpositive label) andfalsenegatives(posi-
tive instancesvith a predictedhegative label).

ROC curves are usedto assesshe performanceof the model
as misclassi cationcostsare varied. By changingthe prediction
thresholda givenmodelcanbe biasedtowardsmakingmorefalse
positive predictions(loweringthe threshold)or morefalsenegative
predictiong(raisingthethreshold). The ROC curwe (Figurel) plots
thefalsepositive rateagainsthefalsenegative rate.

None of thesemethodsreally addresghe questionof whenthe
modelperformspoorly, speci cally what sortof instancedendto
be misclassi ed. Visualizationof modelcharacteristicin the con-
text of thedataspacecomplementshestatisticaltoolsby providing
betterinsightsinto the natureof themodel's performance.

4 Related Work

Although mary researcherfiave studiedtechniquedor visualiz-

ing datasets,andothershave developedtechniquego view model
structuredirectly, therehasbeenrelatively little effort focusedon

visualizinglearnedmodelsin the dataspace.A notableexception
is the MineSetdatamining package[SGI 1999, which includes
several techniquedfor visualizing models,suchas scatterplotting
of misclassi edinstancesThedisplayspaces generatedy man-
ual featureselection,so the behaior of the completemodel can
be dif cult to perceve. Visualizationof classi ersin the MineSet
paradigmwasdescribedy [Becker 199§.

A wide varietyof technique$ave beendevelopedto performdi-
mensiorreductionof high-dimensionatiata. Thesencludeparallel
coordinategInselbeg andDimsdale199(Q, multiparametericons
[Pickettetal. 1990, anda hostof interactive techniquesleveloped
by dynamic statistics researcherqClevelandandMcGill 1989.
Mary of theseapproachesnly work for discrete-aluedvariables.

Thereare also othertechniqueshat produceclustersin 2D space
basedn the similarity of datainstancehave beenusedto perform
theprojectionof high-dimensionatlatato 2D. Theseechniquesn-
cludemulti-dimensionatcaling[Cox andCox 1994 andrelevance
maps[Assaetal. 1997. Other applicationsof SOM techniques
to informationvisualizationinclude the visualizationof customer
characteristiciRushmeieetal. 1997.

5 Model Visualization

Information visualizationapplicationsare typically characterized
by non-spatial high-dimensionalpon-continuouslataspacesVi-
sualizingsuchdatarequirestransformingthe datato a spatialdis-
play space,then applying representationechniquego the trans-
formeddatapoints. The modelcharacteristicsve are visualizing
arenon-spatiahndhigh-dimensionalbut thedimensionsreamix-
tureof continuousandnominalvariables.Thus,while this applica-
tion hasa numberof typical informationvisualizationcharacteris-
tics, the continuousnatureof the datanecessitatesomeadditional
designchoicesparticularlyin the projectionprocess.

In all of thevisualizationsshawvn here we usea backgrouncol-
ormapin saturation®f greento shawv theclassprobabilitiesateach
pointin the displayspace.Locationswith high classprobabilities
arebrightgreen;jlocationswith low classprobabilitiesareblack.

5.1 Data Space Projection

A computermonitor or printed pagecanonly displaytwo dimen-
sions. Thesetwo dimensionscanbe intuitively extendedto three
with the addition of computergraphics3D shapecuessuch as
obscuration perspectie, and view point control. While we can
representdditional high-dimensionakoordinateinformation us-
ing otherdisplay parameterssuchastime, color, size,or opacity
thesemoreabstractdisplayparameterarenot aseasilyor directly
interpretedasspatialposition. In practice thedisplayspacés only
three-dimensionaltherefore,high-dimensionatlatamustbe pro-
jecteddown to threedimensiongo bevisually represented.

Oneobvious, and common,methodfor the projectionof high-
dimensionadatainto a lower-dimensionaldisplayspaceis the se-
lection of a subsetof availabledimensions.The planeof the pro-
jectedspacecorrespondso an axis-paralleplanethroughthe data
spaceywith all pointsorthogonallyprojectedontothe plane.

Figure 2 shaws a 2D display spacecreatedusing feature se-
lection. The vertical axis is education;the horizontalaxis, hours
worked. Eachlocation in this display spacerepresents high-
dimensionakubspac&hereeducatiorandhoursworkedare x ed,
but othervaluescanvary over their entirerange.Featureselection
hasthe advantagef beingsimpleto performandintuitive to un-
derstand.Unfortunately the straightforvard featureselectiondis-
play oftendoesnot adequatelgapturethe complec structureof the
modelin thehigh-dimensionatlataspacesinceinstancesvith very
differentcharacteristicalongotherdimensionsareaggreated.

In order to achieve a display spacethat better representghe
high-dimensionastructureof the dataspacewe have alsouseda
setof projectiontechniquesasedon self-olganizingmaps(SOM)
[Kohonenl997. Figure 3 shaws a representatiorof the model
wherethe dataspacehasbeenprojectedto two dimensionsusing
a SOM. In a SOM, neighboringlocationsin the displayspacecor
respondto neighboringlocationsin the dataspace unlike feature
selectionvherepointsfar apartin thedataspacecanmapto identi-
callocationsin thedisplayspace We arecurrentlyperformingdata
spaceprojectionusing a public-domainpackagethat implements
self organizingmaps[Kohonenretal. 1994.

A SOM is constructedrom a set of discreteinstancescom-
monly the datasetto be explored. In our application,the continu-
ousdataspacemustbe sampledo yield a discretesetof instances.



We have experimentedwith constructingSOMsfrom theinputin-
stancesetusedto constructhe model,thetestsetof instancesised
to performtraditionalmodelanalysesanda setof samplesggener
atedfrom the model, which re ects the populationcharacteristics
of the input set. The latter was usedto createthe SOM in Figure
3. Eachof thesechoicesproducesa mapthatis speci c to a par
ticular model. Alternatively, onecanbuild a “model-neutral’SOM
using a setof constructednstanceghat regularly samplethe en-
tire dataspace,asseenin Figure4. This includesinstanceghat,
while not impossible,may be extremely unlikely. Note that the
high-probabilityregionis muchlesscontiguousn thisvisualization
thanin Figure3. The model-neutramap allocatesdisplay space
relatively equallyto all regionsof the dataspaceratherthanpre-
dominantlyto regionsof the dataspacecorrespondingo instances
thataremorelikely to appeain thedata.

5.2 Display of Model Characteristics

The decisionboundary(in this case,the boundarybetweenposi-
tive andnegative predictionswhena predictionthresholdof 50%is

used)is shawvn by a white line. Figure2 shaws the probability dis-
tribution for 2D featureselection. Sinceeachpoint in the display
spaceis equivalentto an attribute vectorwith missingvalues,the
classprobability canbe computedby mamginalizing over the miss-
ing values.Figure3 shavs the probability distribution for the SOM
projection.Whenbuilding the SOM from the model,probability is
treatedasjustanothewariablefor similarity clustering resultingin

mapsthattypically have high coherencef predictedprobabilities.

5.3 Display Space Interpretation

Themostdif cult aspecbf projectinghigh-dimensionaspacento

a 2D displayspacss understandinghe correspondencef the pro-

jectedspaceo the original dataspaceIn Figures5 and6, attribute
contoursare overlaid on the probability distribution to shav how

theinput variablescorrelatewith the predictedclassandwith each
other Thesecontoursshav how the Cartesiamgrid of thedataspace
hasbeenwarpedby the projectionprocess.The 2D featureselec-
tion projection(Figure 6) is easyto understandhut the attribute
contoursareusefulasanindicatorof the scaleof the variables.In

this projection,eachattributecontourrepresentadataspacenyper

planethatis orthogonato the2D displayplane.Thecorrelationsof

the selectednput variableswith the classareapparentindividuals
with more education(towardsthe top) andwho work more hours
(towardsthe right) tendto make more money, with the education
correlationbeingsomevhatstronger (Noticethatworkingtoohard
doesnt really payoff: agoodlessorfor usall.)

Theattribute contoursareeven moreimportantin the SOM pro-
jection, sincethereis no intuitive interpretationof the projected
space. Figure 5 shavs the educationand hoursworked contours.
Thesecontoursshaw how severely the hyperplane®f constaniat-
tribute value in the data spaceare distortedthrough the projec-
tion process. In this projection, the hyperplanesepresentedy
the attribute contoursare not generallyorthogonalto the display
space,and may not even be representedy contiguouscontour
lines. As before, notice that predictedhigh-incomeearnerstend
to have greatereducationlevels (higher saturationof blue in the
contours)and work more hours(red saturation). Figure 7 shavs
contoursof anothempair of attributes,thoseof educatiorandsex.

6 Visual Model Analysis

By providing a visual representationf the model characteristics,
our visualizationmethodsadd depthto a users understandingf
traditional statistical model analysismeasurements.Seeingthe

numberof instancesndtheir classabelsagainsthebackgrounaf
the predictedprobability distribution givesthe usera visualunder
standingof the numberandtypesof misclassi cations.Thegraded
colorrepresentinghe probabilitydistributionandtheinstanceclas-
si cations shavn againstthis backgroundgives the usera visual
interpretatiorof the informationconveyed by the ROC curne. The
visualdisplay hawever, alsoprovidesinformationnotpresentn the
ROC cune. Speci cally, whenthe decisionthresholdis increased
(decreasedwherearefalsenggatives(positives)introduced?

6.1 Instance Mapping

Testinstancesanbe plottedin the displayspacen orderto com-
paremodelpredictionsto actualclassi cations. Eachtestinstance
is displayedn the projectedspaceasa smallsphere-shapeglyph.
We useglyph sizeto indicatethe numberof instancesat a given
point. (A linearscaleis used but is clampedat 10 instancessince
otherwiselarge glyphsdominatethe picture.) A continuouscolor
mapis usedto shav the proportionof classlabelsin the setof col-
locatedinstances.Yellow shavs predominantlypositive instances,
red shawvs predominantlynegative instances.Orangeglyphsindi-
catepointswherethereareroughly equalnumbersof positive and
negative instancesThisrepresentatioallows a userto easilyiden-
tify falsepositives (red glyphsinside the decisionboundary)and
falsenggatives(yellow glyphsoutsidethedecisionboundary).
Figure8 shavsthetestinstance®nthe 2D featureselectiorpro-
jection. Notice that becausehe projectiongroupsvery different
locationstogetherat eachprojectedpoint, a high proportionof the
instanceglyphsareorange(indicatinga mix of positive andnega-
tive instancest a location). Also, arelatively small percentagef
thespaceds usedfor thehigh-class-probabilitpartof themodel,so
the visual impactis that mostof the spaceis taken up by negative
instancegin fact,about25% of thetraininginstancesrepositive).
Figure9 shaws thetestinstance®n the SOM projection.Notice
thatmary of themisclassi edinstancesrelocatedn thevicinity of
decisiorboundaryaregionof thedataspacevheretheirpresencés
expectedandis notamajorreasorfor concern.Comparinghis pic-
turesto Figure4, onecanseethatthemodel-neutraBOM hasmuch
tighterinstanceclustering becausenuchof thedisplayspaceepre-
sentgegionsof thedataspacehatdonotappeain thedata(for ex-
ample,very youngandvery old people). The model-neutraSOM
canbe usefulin understandingnow the dataandmodelarebiased
towardsparticularregionsof the dataspace;the model-dependent
SOMin Figure9 is moreusefulin understandinghe modelitself,
sincedifferencedetweerhigh-probabilityandlow-probability re-
gionsareemphasizeih the SOM construction.

6.2 Display Space Queries

The visualizationscan be queriedinteractiely (by clicking at a
point on the map)to generatea summaryof the instanceghatcor
respondo ary givenregion. For example,nearthe upperright of
Figure9, thereis aregionwith two largeorangeglyphs(mixedpos-
itive andnegative instances)This region correspond$o agroupof
malesin privateindustrywho work long hours(60 hoursa week),
have moderateeducatior(typically somecollege),andwork aspro-
fessionalor managersQueryingfurther, we cangeta summaryof
the positive instancegtrue positives)and negative instancegfalse
positives)in theregion. Uponinspectiontherearefew differences
betweenthesetwo groupsalong the dimensionsincludedin this
dataset. A knowledgeengineercould usethis analysisprocesgo
identify groupsof individualswho arenot easilydifferentiatedwvith
respecto theclassof interest.Sucha conclusionmightleadto fur-
therdatagathering(to identify featureshatwould differentiatethe
high- and low-income earners)or might simply indicatethat the
modelwasnotreliablefor thatparticulargroup.



7 Lessons Learned

Existing datamining software packagegrimarily usefeaturesub-
setprojectiontechniquedor visualizinghigh-dimensionatiatasets
and model predictions. Our investigationhasshavn that this ap-
proachis inadequatdor comple, high-dimensionatiomains,be-
causethe 2D (or even 3D) featureselectiondisplay doesnot ade-
quatelycapturethe structureof thedomain.

The SOM-basedlisplaysarepromisingin thatthedisplayspace
is utilized more efciently, and the actualmodel behaior is re-
ected more completelythanin featureselection. However, the
correspondencef the SOM displaysto thedataspaces alsomore
dif cult to understand.The attribute contoursand queryingtech-
nigueswe have developedprovide someinitial toolsfor interpreting
the SOM display but furtherwork is neededn this area.

The natureof the SOM display spacedependsheaily on the
particularprocesausedto build it (e.g.,whichinstancesreusedto
seedthe SOM constructionprocessand which similarity metricis
used). Although this could be seenasa disadwantage,it provides
more e xibility in constructinghe SOM to meetparticularprojec-
tion criteria. We arecurrentlyexploring differentprojectionmetrics
(suchasregion preseration and decisionboundarysmoothness)
andhow the SOM constructiorprocessffectsthesemetrics.

We areexploring otherdimensionreductiontechniquessuchas
principal componentsanalysis(PCA), as alternatves to the SOM
approach. However, while thesetechniquesmnay provide useful
for certaintypesof domains,the key issuesof representingom-
plexity andof dataspace/displagpacecorrespondenceill remain
the same. Similarly, we areinvestigating3D visualizationmeth-
odsto addrichnessto the visualizations but addinganotherdis-
play dimensiondoesnot solve the fundamentathallenge®f high-
dimensionaimodelvisualization. We believe thatthe key to mak-
ing thesemethodswidely usefullies in developingadditionalan-
notationtechniquego clarify the correspondencieetweerthe data
spaceandthe projecteddisplayspace.

Many of the techniquesthat we have presentechere are also
completelyapplicableto the direct visualizationof datainstances
withouttheinitial creationof amodel. Someof thetechniquesised
here,in particularthe display of instanceglyphsusingfeaturese-
lectionor SOMs,arealreadyin commonusefor thatpurpose The
annotatiorof high-dimensionaprojectionsusingattribute contours
can be donewith direct visualizationof discretedatainstances,
sincethe projectionis continuousevenif the datais not, but con-
tourshave not previously beenusedthis way, to our knawledge.

8 Conclusions

The constructionof inducedpredictve modelscanaid in the pro-

cessof knowledgediscovery, but canbe limited by the compleity

of suchmodels.We have presentedisualizationtechniqueshatas-
sistauserin understandingndanalyzingapredictve model. These
techniguesiugmenstandardtatisticakoolsby allowing theuserto

seemultiple characteristicef themodels behaior acrosshedata
space. Using a benchmarkdata set, we have demonstratedhow

visualizationof modelcharacteristicéacilitatesbothmodelunder

standingandanalysisjndicatingaspect®f modelperformanceot
availablefrom standardstatisticaftools.
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Figure 2. Probability distribution for 2D feature selection.Vertical axis= education;
horizonal= hours worked.

Figure 6. Probability distribution for 2D featute selectiorwith attribute contouss.
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Figure 3. SOMprobability mapconstructedrommodel.

Figure 7. SOMprobability mapwith educationandsex contous.

Figure 8. 2D featute selectionprojectionwith testinstances.
Figure4. SOM“model-neutal” probability mapconstructedrominstancespanning

thedataspace

Figure 9. SOMprobability mapwith testinstances.

Figure 5. SOMprobability mapwith educationand hours worked contouss.



