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Abstract

Dataquality, which refersto correctness,uncertainty, completenessandotheraspectsof

data,hasbecamemoreandmoreprevalentandhasbeenaddressedacrossmultiple dis-

ciplines.Dataquality couldbeintroducedandpresentedin any of thedatamanipulation

processessuchasdatacollection,transformation,andvisualization.

Datavisualizationis a processof datamining andanalysisusinggraphicalpresenta-

tion andinterpretation.Thecorrectnessandcompletenessof thevisualizationdiscoveries

to a large extent dependon the quality of the original data. Without the integrationof

quality informationwith datapresentation,theanalysisof datausingvisualizationis in-

completeatbestandcanleadto inaccurateor incorrectconclusionsatworst.

This thesisaddressestheissueof dataquality visualization.Incorporatingdataqual-

ity measuresinto thedatadisplaysis challengingin thatthedisplayis aptto becluttered

whenfacedwith multiple dimensionsanddatarecords. We investigateboth the incor-

porationof dataquality informationin traditionalmultivariatedatadisplaytechniquesas

well asdevelopnovel visualizationandinteractiontoolsthatoperatein dataqualityspace.

We validateour resultsusingseveraldatasetsthathave variablequality associatedwith

dimensions,records,anddatavalues.
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Chapter 1

Intr oduction

1.1 Moti vation

DataQuality(DQ)problemsareincreasinglyevident,particularlyin organizationaldatabases.

A datacollectorcouldneglectto collectsomeof thedata;Peoplewhoaresurveyedcould

bereluctantto answeraspeci�c question;Errorscouldbeintroducedduringthepostdata

processing.It wasreportedthat50%to 80%of computerizedcriminal recordsin theU.S.

were found to be inaccurate,incomplete,or ambiguous[1]. The socialandeconomic

impactof poor-qualitydatais valuedin thebillions of dollars[2, 3].

In abroadsense,dataqualitycancorrespondto any form of dataaccuracy, complete-

ness,certainty, andconsistency, or any combinationof these.To datetherehasbeenno

uniform and rigorousde�nition of dataquality. It can include statisticalvariationsor

spread,errorsanddifferences,minimum-maximumrangevalues,noise,or missingdata

[4]. All of thesecouldbe introducedin any phaseduring the dataacquisition,transfor-

mationandvisualizationprocess.Thedatasetacquiredmay show someor all of these

properties:

� Incompleteness: It is very commonthat valuesfor some�elds of the datasetare
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missing.

� Inaccuracy: Errors can be introducedduring datacollecting. For example, the

collecteddatacoulddeviatefrom actualvaluesbecauseof aninaccuratesensor.

� Inconsistency: thewholedatasetmaybenotconsistentin termsof numericvalues,

or units. For example,a text descriptionmay appearin a �eld wherea numeric

valueis expected.

In practice,dataquality problemsoftenarisefrom the processof collectionandex-

aminationwherehumanactivitiesareinvolved.Generally, dataquality issuesarea result

of the instrumentsandproceduresimplementedduring dataacquisitionandconstraints

placedon thepublicationof datain certainsituations,e.g. un-collecteddatabecauseof

negligenceof collectors,datasourcecon�dentiality, statisticalsamplingthat itself is not

a reliableprocess,�a wedexperimentation,andestimatedor aggregateddata.

Dataquality hasbeenanimportanttopic in many researchcommunities.Thenature

of dataqualitymeansdifferentthingsto differentgroups.Databaseresearchersanddevel-

opershave focusedon concurrency controlandrecovery techniquesaswell asenforcing

integrity constraints.Morerecentlydataqualityhasemergedasanindependentdiscipline

relatedto (1) databasemanagement,security, real-timeprocessingof dataoriginating

from differentsources;(2) tradeoffs betweensecurity, integrity andreal-timeprocessing

and(3) qualityof service[5].

In Total DataQuality Management(TDQM), dataquality, or informationquality in

this context, is studiedin the context of quality management[2]. Heredataaretreated

asa productanddataquality is studiedin termsof its de�nition andmodelingin various

aspects[1]. For instance,completeness,consistence,accuracy andotheraspectsinvolving

dataqualityarede�ned. It is acquiredby survey to thedataadministratorin theprocesses

to getthemeasurementsfor thesequalityaspects.
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For yearsmany researchersin theGeographicInformationSystem(GIS) community

have beenengagedin investigatingthe topic of dataquality anduncertaintyin spatial

databases.Beinglistedasa key researchinitiative by both theNationalCenterfor Geo-

graphicInformationandAnalysis(NCGIA) in thelate1980sandtheUniversityConsor-

tium for GeographicInformationScience(UCGIS)in themid-1990sindicatestheimpor-

tanceof dataquality in this community. To date,theresearchhasspanneda wide variety

of sub-topicsrangingfrom uncertaintymodelingandcomputationto dataquality visual-

ization,andusingtheseproceduresto helpdealwith spatialdatauncertaintyin decision

making[6].

Informationvisualizationis an increasinglyimportanttechniquefor the exploration

andanalysisof the large, complex datasets. Visualizationtakesadvantageof the im-

mensepower, bandwidth,andpatternrecognitioncapabilitiesof thehumanvisualsystem.

However, suchpower is limited by thevisualizationitself, that is, theconclusionsdrawn

from thegraphicrepresentationareat bestasaccurateasthevisualization.Therefore,to

maintaintheintegrity of datavisualexplorationit is highly importantto designa visual-

ization so asto convey preciselythe exact informationrepresentedby dataitself. With

few exceptions,mostcurrentpracticeshave ignoreddataquality issuesandpresumethat

datahavebeen�ltered in previousproceduresandarecompletelyaccurate.

Theabovementionedassumptionis incorrect,or inaccurateat least.Partof thereason

is thatdifferentdatarecords,dimensions,or datavaluesfor a speci�c �eld mayhavedif-

ferentdegreesof quality. By removing all imperfectdatawithout considerationfor their

quality, theconclusiondrawn from therenderedvisualizationof �ltered datais inaccurate.

This leadsto thedemandfor visualizationtoolsthatincorporatedataquality information

into datadisplays.With existing techniquessuchaslevel of detail, linking andbrushing

andotheruserinteractions,a usercould be madeawareof dataquality measureswhen

he(she)exploresthedatabothin dataspaceandquality space.
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Visualizationandcommunicationof potentially large andcomplex amountsof data

quality information presentsa challenge. The dataquality could be multidimensional

andcomplex. It variesfrom datasetto datasetandthe needfor suchinformationwill

vary by application.If we assumethatdatahasbeenprocessedandcheckedsuf�ciently

so thatgrosserrorshave beenremoved,we still facetheproblemof presentingto users

the appropriatedatafor their needs.The volumeof informationrequiredto adequately

describedataquality is thuspotentiallyquitelarge.

1.2 Data Quality

Dataquality is a multi-facetedattributeof thedata,whetherfrom measurementsandob-

servationsof somephenomenon,or the predictionsmadefrom them. It may include

several concepts,including error, accuracy, precision,validity, uncertainty, noise,com-

pleteness,con�dence,andreliability. Althoughthereis no consensusor universallyrec-

ognizedde�nition for dataquality, severalaspectsof dataquality thatcouldbepresentin

dataarediscussedbelow.

1.2.1 Missing Data

Missingdatais aubiquitousproblemin datacollection.In a typical dataset,information

maybemissingfor somevariablesfor somerecords.In surveys thataskpeopleto report

their income,for example,asizablefractionof therespondentstypically refuseto answer.

Peopleoftenoverlookor forgetto answersomeof thequestions.Eventrainedinterview-

ersoccasionallymayneglectto asksomequestions.Sometimesrespondentssaythatthey

justdonot know theansweror do nothave theinformationavailableto them.

In dataanalysis,the simplestway to dealwith missingdatais calledcompletecase

analysis[7], whereif a casehasany missingdatafor any of thevariablesin theanalysis,
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theentirecaseis excludedfrom theanalysis.Theresultis a datasetthathasno missing

dataandcanbeanalyzedby any conventionalmethod.Completecaseanalysisis effective

in occasionswhereonly a small portion of the dataaremissing,for example,lessthan

2%.

In many applications,completecaseanalysiscanexcludea largefractionof theorigi-

nalsamplesandthuscangenerateresultsthatdon't representall thedatacollected.Alter-

nativealgorithmshave beendevelopedto computeestimatesfor suchmissingdata,such

asmaximumliklihood, multiple imputationandnearestneighbormethods[8], which of-

fer substantialimprovementsovercompletecaseanalysis.

All thesealgorithmsare developedbasedupon certainassumptions.For example,

MissingAt Randomis assumedfor thesealgorithms.It is essentialto keepin mind that

thesemethods,aswell asothers,cannotbe usedubiquitouslyto treatall missingdata

caseswith goodresults. Their performancelargely dependson certaineasilyviolated

assumptionsfor their validity. Not only that, thereis often no way to testwhetheror

not themostcrucialassumptionsaresatis�ed. Althoughsomemissingdatamethodsare

clearlybetterthanothers,noneof themcanbedescribedasperfect.

The above mentionedfactsinspiredus to examineandvalidatethe correctnessand

effectivenessof missingdataalgorithmsusing the power of informationvisualization.

This is one of the major motivationsin this thesis,to visualizethe datawith derived

quality value by the above mentionedalgorithmsand to evaluatethesealgorithmsby

visualizationaswell.

1.2.2 Uncertainty

Uncertaintyis anotheraspectof dataquality. It includesstatisticalvariationsor spread,

errorsanddifferences,minimum-maximumrangevalues,andnoise.NIST classi�edun-

certaintyinto thesecategories[9]:
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� statistical- eithergivenby theestimatedmeanandstandarddeviation, which can

beusedto calculateacon�denceinterval, or anactualdistributionof thedata;

� error - a difference,or an absolutevaluederror amongestimatesof the data,or

betweenaknown correctdatumandanestimate;and

� range- aninterval in which thedatamustexist, but whichcannotbequanti�ed into

eitherthestatisticalor errorde�nition.

The major sourceof uncertaintyof datais from dataacquisition. It is clearthat all

datasets,whetherfrom instrumentmeasurementsor numericalmodels,have a statistical

variation. With instruments,thereis an experimentalvariability, whetherthe measure-

mentsaretakenby a machineor by a scientist.Thesameis truefor datafrom numerical

modelsandhumanobservationsor inputs.

Anothersourceof datauncertaintyis from datatransformation.Raw dataaresome-

timesnot rendereddirectly but aresubjectto furthertransformationswith or without the

knowledgeof thepersondoing thevisualizationtask. Thesetransformationsmaybeas

simpleasconversionfrom oneunit of measurementto another, or mayinvolvesomealgo-

rithmsto fuseseveraldatasetsinto one,or to interpolateor smoothfor certainpurposes.

All of thesetransformationsalter thedatafrom its original form, andhave thepotential

of introducingsomeuncertainty.

1.2.3 Consistency, Completenessand Other Aspects

Dataquality is a multi-dimensionalconceptin nature[10]. Whattypeof metricsof data

quality or an aggregation of thesemetricsis subjective to the requestset by the user.

Completenessis theextent to which datais not missingandis of suf�cient breadthand

depthfor thetaskat hand.Onecande�ne theconceptof schemacompleteness,which is

thedegreeto which entitiesandattributesarenot missingfrom theschema.Othercases
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of completenesscould be, for example,that a columnthat shouldcontainat leastone

occurrenceof eachof the50states,but it only contains43states.

Consistency measurestestif thedatais presentedin thesameformat. It canalsobe

viewedfrom anumberof perspectives,onebeingconsistency of thesamedatatypevalues

acrosstables.Integrity checking[11] is anexampleof consistency measurement.

1.3 Inf ormation Visualization

Informationvisualizationis a visualdepictionor externalrepresentationof datathatex-

ploits humanvisual processingto reducethe cognitive loadsof task [12]. Endeavors

that requireunderstandingof globalor local structurecanbehandledmoreeasilywhen

that structureis interpretedby the visual processingcentersof the brain, often without

consciousattention,thanwhenthat structurehasto be cognitively inferredandkept in

working memory. “External representationschangethe natureof a task: an external

memoryaid anchorsandstructurescognitivebehavior by providing informationthatcan

bedirectlyperceivedandusedwithoutbeinginterpretedandformulatedexplicitly” [13].

The �eld of informationvisualizationdraws on ideasfrom severaldisciplines:com-

puterscience,psychology, graphicdesign,cartographyandart. It hasgraduallyemerged

overthepast�fteen yearsasadistinct�eld with its own researchprinciplesandpractices.

In short,theprincipleof informationvisualizationcanberecappedas:

Visual encoding:In all visualization,graphicalelementsareusedasa visualsyntax

to representsemanticmeaning[14]. For instance,color can be usedto representthe

temperatureof a place in a weathermap wherered representshot and white or blue

representscold, even thoughthe blue color hasthe highestcolor temperature.We call

thesemappingsof informationto displayelementsvisualencodings,andthecombination

of severalencodingsin asingledisplayresultsin a completevisualmetaphor.
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Interactions:Interactivity is thegreatchallengeandopportunityof informationvisu-

alization. Theadventof computerssetsthestagefor designinginteractive visualization

systemsof unprecedentedpowerand�e xibility . Interactiveoperationsinclude:

� Navigation: Interactive navigationconsistsof changingtheviewpoint or theposi-

tion of anobjectin a scene.

� Brush and Linking: Viewers are provided with a powerful utility to focus on a

speci�c dataareaby highlightingtheuserspeci�edarea.

� Animation: Viewershave a mucheasiertime retainingtheir mentalmodelof an

object if changesto its structureor its position are shown as smoothtransitions

insteadof discretejumps.

Evaluation: Evaluationplaysa centralpart in informationvisualization. It not only

providesfactsaboutwhethera visualizationtool is helpful or not to a viewer, but also

it canbe usedascluesto �ne tunea visualizationsystemby exposingthe bestchoice

from amongsimilar alternatives. Evaluationcanbe carriedout by a quantitive measure

or a carefully designeduserstudy. A visualizationtool canbe quantitatively evaluated

on whetherit is fasteror harderthan other tools. User testingsrangesfrom informal

usabilityobservationsin aniterativedesigncycle to full formalstudiesdesignedto gather

statisticallysigni�cant results.

XmdvTool isapublicdomainmultivariatedatavisualizationtooldevelopedatWPI[15].

XmdvToolwasinitially developedtoexploredataby theintegrationof four kindsof plots:

scatterplotmatrix,parallelcoordinates,glyphsanddimensionalstacking.Techniquesfor

linking andbrushingwerealsodevelopedto enrichthe userinteraction[16]. Recently,

visualhierarchicalclusteringtechniques[17] andInterRing[18] weredevelopedto cope

with largedatasetswith high dimensionality. We have implementedour dataquality vi-

sualizationson thecurrentXmdvTool platform. In thedevelopmentof visualizationsfor
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dataquality, we followed the recognizedtechniquesfrom the informationvisualization

community, suchasmultiple resolutions,linking andbrushing,andotheruserinterac-

tions.

1.4 ThesisApproachand Contrib utions

Theprimarycontributionsof this thesisinclude:

� Data quality de�nition for visualization: We give a quality de�nition framework

thatincludesdatarecord,dimensionandvaluequality. Weprovideamodelfor data

quality estimationfor datasetsso that visualizationscanbe built that incorporate

them.

� Visual variableanalysis: Theexpressivenessandrepresentationcapabilityandef-

�cacity of visualvariablesareanalyzedin thecontext of dataquality visualization.

In a modestsensethis effort is validatedby our currentprototypesfor dataquality

displays.

� Integratingvisualizationof datawithqualityinformation: dataqualitywasincorpo-

ratedinto severalmultivariatedatadisplayssoasto inform theuserof dataquality

whenhe(she)exploresthedata.

� Visualizationin data quality space: Displaying the dataquality information in a

separateview hasthe potentialto convey a clearerinterpretationof dataand its

qualityattributes.

� User interactions: Dif ferentinteractive toolsareprovidedsoasto enableusersto

explorethedatabothin dataspaceandquality space.
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1.5 ThesisOrganization

This thesisbeginswith motivationfor thevisualizationof datawith variablequality and

backgroundintroductionon dataquality and information visualization,followed by a

summaryof our researchapproachesandcontributions.

In Chapter2, relatedwork is discussed.Techniquesfor thevisualizationof missing

data,uncertaintyanddataqualityvisualizationarereviewed.

Thenext � vechaptersdiscussourapproachesandcasestudies.

In Chapter3 we investigatethemappingfrom quality measuresto graphicvariables.

Theoptionsfor quality measuresandgraphicsvariables,thepossiblemappingsbetween

them,andapplicabilityfor ourdisplaysareanalyzedin this chapter.

In Chapter4, weprovidethedataqualityde�nition in this thesis,wherethedataqual-

ity is de�ned in termsof datarecords,dimensionsanddatavalues.Imputationalgorithms

for missingdatathatareusedarediscussed.Quality measuresderivedfrom thesealgo-

rithmsarestated.

Chapter5 is dedicatedto the discussionof our currentapproaches.Basedon the

analysisof visualvariables,weincorporateourdataqualityvisualizationinto theexisting

XmdvTool displays. The effectivenessof displayswhenincorporatedwith dataquality

arediscussed.Thedisplayin qualityspace,interactionbetweendataanddataqualityand

animationarepresented.

Chapter6 discussesthe implementationof the above approaches.Modulesthat are

implementedfor dataquality visualizationand their implementationand relation with

existingsystemfunctionsin XmdvTool arediscussed.

Chapter7 presentscasestudies.In this chapterthealgorithmsto tacklemissingdata,

theprevalentdatatypewith quality problems,arereviewed. Theeffectivenessandef�-

ciency of visualizationin lieu of checkingthecorrectnessof thesealgorithmsarefurther
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discussed.

We concludethis thesisin Chapter8 with discussionsandpossiblefuture research

directions.
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Chapter 2

RelatedWork

As mentionedbefore,dataquality issueshavebeenstudiedby differentresearchcommu-

nities in a variety of aspectsincluding missingdatavisualization,de�nition, modeling,

andcomputationof uncertainty, concurrency control for heterogeneousdatabasefusion,

andanalysis,control,andimprovementof dataquality in thecontext of globaldatatran-

sitions.Someof theseareelaborateduponbelow.

2.1 Missing Data Visualization

Missingdatahasa direct impacton thequality of a dataset.Whendatais collected,the

valuesfor certain�elds may be omittedfor a variety of reasons,suchasnegligenceof

datacollectorsanddatasourcecon�dentiality. Visualizationof datasetswith missing

valuesis of interestto severalresearchgroups.

XGOBI [19] is a datavisualizationandanalysistool with theability to handlemiss-

ing data. It employs statisticalanalysisalgorithmssuchasmultiple imputationto esti-

matevaluesfor missing�elds, which arethenusedto representmissingdatain displays.

XGOBI allowstheuserachoiceof differentwaysto view themissingdata.Theusercan
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plot themissingdatawith therestof thedataandthen,on a graphnext to thatplot, just

therecordsmissingdataor just therecordsthatarenot missingdata.Figure2.1shows a

view of thedatawith themissingvalues.

Figure2.1: Missing datain XGobi. The missing�elds wereimputedanddrawn with a
mark to differentiatethemfrom regular datarecords. The dataentry whosehorizontal
�eld weremissedweredrawn with a vertical bar insidethe datacircles,while the data
itemswith verticaldimensionvaluemissingweredrawn with a horizontalbar insidethe
datacircles[19].

MANET (Missing Are Now Equally Treated)[20, 21] is anothervisualizationtool

that is speciallydesignedto copewith missingdata.MANET allows missingdatato be

imputedanddisplayedin many differentways. Theimputedvaluescanbedisplayedas
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part of a bar chart,wherethe missingdataarea differentcolor thanthe restof the bar.

MANET will alsoallow the datato be plottedon a 2-dimensionalscatterplot.Imputed

valuesareplottedalongtheaxisthatcorrespondsto thevaluethat is missing.Figure2.2

showssuchaplot.

Figure2.2: Manetdisplay. Missingdatavalueswereimputedanddisplayedby projecting
themonto the axes. In addition, therearethreeboxesin the lower left cornerfor user
selection. Userscan view dataitems with only the x valuemissing,only the y value
missing,andbothvaluesmissing.Bright pointsindicatewhereoverlappinghasoccurred
[20].

Both Xgobi andManetgenerateestimatedvaluesfor the missing�elds by the use

of statisticalinferencealgorithms.Thenthey presentgraphicdisplayswherethemissing

�elds arereplacedby theestimatedvalueswith indicatorsattachedto show thatvaluesfor
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those�elds aremissing.While they presentthe integrateddatadisplaysandmake users

informedthatthevaluesaremissingandestimatedvaluesareusedfor certain�elds, users

oftenhaveno ideawhethertheestimatedvaluescanbetrustedor not.

2.2 Uncertainty Visualization

Datauncertaintyis afacetof dataqualitythathasbeenstudiedfor spatio-temporaldatabases

in theGIScommunity. TheNCGIA initiativeon”VisualizingtheQualityof SpatialInfor-

mation” [6] discussedthecomponentsof dataquality, representationalissues,thedevel-

opmentandmaintenanceof datamodelsanddatabasesthatsupportdataquality informa-

tion, andevaluationof visualizationsolutionsin thecontext of userneedsandperceptual

andcognitiveskills.

After theNCGIA initiative, a �urry of activities have focusedon uncertaintyde�ni-

tion, modeling,computationandvisualization[22]. Especiallyfor visualization,different

practicesin termsof graphicvariablemappingshave beentested.Useof color, hue,tex-

ture,fog andfocusin staticrenderingof uncertaintyanduseof animation,�ashing alter-

natively of dataanduncertaintyin dynamicdisplayshave beendiscussedin [6]. Several

casestudiesfor handlingspatialdataqualityhavebeenreportedin [22].

Pang [23, 4] addressedthe problemof the visualizationof both the dataand rele-

vant uncertainty. He surveyed techniquesfor presentingdatatogetherwith uncertainty.

Thesetechniquesincludeaddingglyphs,addinggeometry, modifyinggeometry, modify-

ing attributes,animation,soni�cation, andpsycho-visualapproaches.He presentedthe

researchresultsin uncertaintyvisualizationfor environmentaldatavisualization,surface

interpolation,globalilluminationwith radiosity, �o w visualization,and�gure animation.

Figure2.3is anexampleof uncertaintyvisualizationappliedto oceancurrents.

In [24], visualizationof spatio-temporaldataquality is studiedunder� vedimensions
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Figure2.3: Oceancurrentsareshown with arrow glypheswhosecolorsaremappedto the
magnitudeof theuncertainty. Thebackground�eld indicatesangularuncertainty[23].

- quality, threecoordinatepositionsandtime. It providesa tool to encapsulatethe data

readingsandvisualizationsoasto permit theeasytransitionfrom statisticalanalysisal-

gorithmsto visualincorporation.In thispaper, aqualitymeasureandestimationmethods

arepresented.The resultingvisualizationsystemallows usersto map� ve-dimensional

datato � ve graphicalattributes,whereeachattribute may be displayedin oneof three

modes:continuous,sampled,or constant.

Thesetechniquesarepredominantlydirectedtowardspatio-temporaldataanddo not

always extend readily to multivariatedata. For example, in most displaysfor spatio-

temporaldata,either 3D or 2D displayscould be usedwherea sequenceof displays

convey thetemporalvariations.Whendealingwith multivariatedata,wefacemany more

challengesin thatoftenlimited resources(spaceandgraphicalvariables)areavailable.
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2.3 Data Quality in the DatabaseCommunity

Uncertainty, imprecisionandtradeoffs betweenprecisionandef�ciency aretopicsof re-

cent researchin the databasecommunity[25, 26, 27, 28, 29, 30, 31]. [25, 26] studied

probabilisticquery evaluationin sensordatabaseswhereuncertaintyis inevitable, and

addressedthe issueof measuringthe quality of the answerto thesequeries.They also

providedalgorithmsfor ef�ciently pulling datafrom relevantsensorsor moving objects

in orderto improve thequality of theexcutingqueries.Similarly, [30, 31] addressedthe

problemof queryingmoving objectdatabases,whichcapturetheinherentuncertaintyas-

sociatedwith thelocationof moving point objectsby modeling,constructingandquery-

ing a trajectoriesdatabase.[27, 28, 29] focuson cachingproblemsto achieve the best

possibleperformanceby dynamicallyandadaptively settingapproximatecachedvalues

andsynchronizingwith sourcecoorporation.

Uncertaintyis anotherresearchaspectfor temporaland spatio-temporalstreaming

data[32, 33, 34, 35]. Both [32] and[33] investigatedaggregationcomputingover con-

tinual datastreams,wherein [32] theauthorstake anapproachof single-passtechniques

for approximatecomputationof correlatedaggregatesover both landmarkand sliding

window views of a datastreamof tuples,and in [33] the authorsmaintainaggreations

over datastreamsusingmultiple levels of temporalgranularity. [34] addressedcontin-

uousqueriesover streamsby presentinga continuouslyadaptive, continuousqueryim-

plementationbasedon the queryprocessingframework. [35] proposedan optimization

framework that aimsat maximizingthe outputrateof queryevaluationplansfor query

optimizationfor streaminginformationsources.
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2.4 Data Quality in Inf ormation Management

Data quality researchin the information managementcommunityfocuseson the data

quality improvementthrougha cycle of dataquality de�nition, evaluationandimprove-

ment[2]. First an infrastructureis de�ned andprototyped,wheredataquality attributes

on variousdatagranulesarede�ned. Thenthesevaluesareobtainedusingusersurveys,

wherethede�neddataqualitymeasuresaredirectlyacquiredfrom datamanagersby ask-

ing themquestions.Finally quality attributesvaluesaremadeavailableto systemsand

peoplethat useeachdatagranuleand track the impactof providing quality valueson

decision-makersanddecisions.

SinceWang[2] launcheda framework for analysisof dataquality, many peoplehave

performedresearchondataquality, or informationquality in this context. [11] addressed

dataintegrity issues.They mergeddataintegrity theorywith managementtheoriesabout

quality improvement. [10, 36] discussedinformationquality assessmentand improve-

ment.They developedamethodologyandillustratedit throughapplicationto severalma-

jor organizations.

Researchersfromboththedatabaseandinformationmanagementcommonlyaddressed

thedataqualityfrom differentpointof views. Peoplefromthedatabaseareaaremorecon-

cernedwith theanalysissideof dataquality suchasqueryquality andquality of service,

while informationmanagersaremorefocusedon managementof thequality andhow to

improve the quality throughpracticalapproaches.We believe that dataquality visual-

ization, asa tool to incorporatedatadisplayanddataquality display, will beni�t these

researchgroup.
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Chapter 3

Visual Variable Analysis

Thevisualcommunicationchannelbetweena datasourceanda dataanalystexperiences

aprocessof informationextraction,encoding,renderingandinterpretation[37]. First the

relevant information is extractedfrom the datasource. It then is encodedin a display

model,which is then rendered.The last stepis the interpretationof the �nal display.

In eachstepthe datasourceis re�ned, limited by the capabilitiesandef�ciency of the

process.Theresultingprocessmayexhibit signi�cant informationloss.For example,the

quality of informationextractionis limited to theef�ciency of theextractionalgorithm;

renderingis limited to thehardwarecapabilities;andinterpretationissubjectto theGestalt

laws of organization,which arerulesthat describewhat humansshouldperceive under

certainconditions.

Theabovementionedvisualcommunicationchannelcanincludea feedbackloop for

an interactive visualization.For example,whentheuserperceivesthevisual displayof

thedata,he(she)canperformsomeoperationseitheron thedataor on thedisplayto gain

furtherinsight.
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3.1 Visual Encoding

Thecentralpartof thevisualcommunicationchannel,encoding,which translatestheex-

tractedinformationin thedataspaceinto a displaymodelin designspace,is the taskof

visualdesign.Visualdesigninvolvesthedatavariable(dimension)propertiesanalysis,vi-

sualvariable(suchascolor, sizeandtexture)analysis,decidingonthemappingfrom data

variablesto visualvariables,anddeterminationof thevisualmetaphor(2D or 3D display,

trees,networks,or any othermetaphors)[38]. In certainsituations,thevisualmetaphor

is alreadydecided,sothemappingfrom datavariablesto visualvariablesconstitutesthe

predominanttaskfor thevisualdesign.

In [39] it is statedthatevery datadimensionhasanabstractmeasurementassociated

with it. Thesearenominal,ordinal,interval andratio levels.Theinterval andratio levels

aresometimescombinedasonequantitative level [40]. The nominal level includesall

categoricalinformationsuchasaproductname,countrycode,or food type.Theorderof

theitemsin this level is arbitrary. Theordinallevel groupsinformationinto categoriesin

acertainordersothattheitemsin this level canbejudgedby relationshipssuchasgreater

thanor smallerthan. In the quantitative level, the item is quanti�ed andis represented

by a numericvalue. Quanti�ed itemsnot only could be groupedinto categoriesandbe

comparedandjudged,but alsocould convey further detailedinformationsuchas”how

longagoA happenedbeforeB” and”to whatextentis A biggerthanB”.

Wenoticethatthelevelsof classi�cationfor dimensionshavedifferentpropertiesand

have differentrepresentationalcapacityor expressiveness.Thequantitative level hasthe

mostpower of expressiveness,followed in orderby ordinal andnominal levels. More

informationcanbe expressedwith a level of classi�cationwith greaterrepresentational

capacity.

Bertin's [41, 42] retinal variablessemiologyhasbeenwidely referenced.He desig-
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natesthe level of visualvariablerepresentationcapabilityinto four categories.They are

associative,whereany objectcanbeisolatedasbelongingto thesamecategory, selective,

whereeachobjectcanbe groupedinto a category differencedby this variable,ordered,

which allows eachelementto begroupedinto anorderof scale,andquantitative,where

eachelementcanbecomparedto begreateror lessthananotherelement.He identi�ed

propertiesof graphicalsystems,alongwith thesix retinalvariablesandtwo positionvari-

ables(for two-dimensionaldisplays)thatareperceivedby theuser. Theretinalvariables

aresize(lengthandarea),shape,texture, color, orientation(or slope),andvalue. Each

variablecanbeclassi�edusingpoints,linesandareas.Figure3.1showspropertiesof the

six retinalvariables.Moreover, colormaybedescribedby hue,saturationandbrightness,

andattributessuchastransparency andanimationmaybeadded.The level of organiza-

tion canbe comparedwith the retinal variablesin the classi�cationof points,lines and

areas.

Figure3.1: RetinalVariables

Thecritical insightof Clevelandwasthatnotall perceptualchannelsarecreatedequal:

somehaveprovablymorerepresentationalpowerthanothersbecauseof theconstraintsof

thehumanperceptualsystem[43]. MackinlayextendedCleveland'sanalysiswith another

key insightthattheef�cacy of a perceptualchanneldependson thecharacteristicsof the

data[44].
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Theef�cacy of a retinalvariabledependsonthedatatype: for instance,huecodingis

highly salientfor nominaldatabut muchlesseffectivefor quantitativedata.Sizeor length

codingis highly effectivefor quantitativedata,but lessusefulfor ordinalor nominaldata.

Shapecodingis ill-suited for quantitativeor ordinaldata,but somewhatmoreappropriate

for nominaldata.

Spatialposition is the mosteffective way to encodeany kind of data: quantitative,

ordinal,or nominal. Thepower and�e xibility of spatialpositionmakesit themostfun-

damentalfactorin thechoiceof avisualmetaphorfor informationvisualization.

Anotherissuein visualvariableselectionis interactionbetweenthem,namely, integral

or separabledimensions.Perceptualdimensionsfall onacontinuumrangingfrom almost

completelyseparableto highly integrated.Separabledimensionsarethemostdesirable

for visualization,sincewe cantreatthemasorthogonalandcombinethemwithout any

visualor perceptual“cross-talk”.For example,positionis highly separablefrom color. In

contrast,redandgreenhueperceptionstendto interferewith eachotherbecausethey are

integratedinto aholisticperceptionof yellow light.

3.2 Algebraic Formalizational Analysis

We seemto be able to target the correspondingvisual variablefor eachdatavariable

(dimension)by comparingtheir levels. That's oftennot suf�cient. Part of the reasonis

thatdataquality is multi-dimensional,whereeachdimensionhasadifferentmeasureona

certainaspect.Eventhoughall thesedimensionvaluesarequantitative,wecannotsimply

mapquality to a visualvariablethathasquantitativeexpressive capability. For example,

additionaluncertaintyis differentfrom additionalweight even thoughboth of themare

quantitative.

An alternative is basedon the mathematicalconceptsof algebraand morphismto
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assessthe potentialfor communicationof a speci�c messagethrougha visual channel

[45, 46]. Underthis concept,both the datavariables(dimensions)andvisual variables

could be representedby an algebra,which includesa valuesetanda setof operations

thatcanbeapplicableon them.For example,theoperationof comparison(order)canbe

applicableto a quantitative precisionmeasure.Communicationof meaningis achieved

by a correspondencebetweenthebehavior of thedataandvisualvariables.This means

thatthesameoperationswith thesamepropertiesshouldbeavailable.

Underthe assumptionthat dataquality canonly be effectively communicatedusing

visual variablesthat have a similar behavior (operations)to the quality measureto be

visualized,the taskof visual mappingbecomesoneof searchingfor the visual variable

thathasasmany of thesameoperationsaspossibleasthedatavariableitself.

Taking into accountfour typesof displaysbeingconsidered- parallel coordinates,

scatterplotmatrix, glyphsand dimensionalstacking,we choosesix visual variablesto

investigatefor communicatingquality information. They are color, opacity, the third

dimension,line width, point sizeand line style. Color andopacityare from the same

type of visual variableand are often chosenbecauseof easyimplementationwithout

additionalspace.The third dimensionis chosenbecauseall of our currentdisplaysare

two dimensional,andusing the third dimensionto convey the dataquality measureis

a plausibleapproach. Line width and point size have similar propertiesbut are only

applicableto certaindisplays. Line style could be regardedasan alternative to texture

andalsois only applicableto certaindisplays.

Thosechosenvisual variablesand the operationsthat can be appliedon them are

shown in Figure3.2. NoticedthathumanGestaltcapabilitieson additionandsubtraction

of color spaceis limited eventhoughthoseoperationsareapplicableto them. Thethird

dimension,line width andpoint size,are from the samecategory whereoperationsof

comparison,linear production,additionandsubtractioncanbe applied. Line style can
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usuallyonly beusedto representnominaldata,exceptwhencombinedwith othervisual

variables,in thatnooperationcanbeappliedto it.

Figure3.2: VisualVariablesfor DataQualityDisplay

Thedatavariablesin ourcontext aredataqualitymeasures.As discussedabove,data

quality measuresare complicatedand can correspondto multiple aspectsof the data.

Quality measureson differentaspectsof datacouldhave differentapplicableoperations.

In this thesiswe assumethatthedataquality measureis quantitativeandscalar. Also we

assumethatoperationsof comparison,additionandsubtractioncouldbeappliedto it.

According to the principle that the visual variableshouldhave asmany operations

that canbe applicableto it asthe correspondingdatavariable,the bestvisual variables

will be the third dimension,line width andpoint size. Although color alsohassimilar

operationsto thedataqualitymeasure,it is limited to Gestaltinterpretationevenwith the

help of color scales.Takinga further look at the bestvisual variables,it is not dif�cult

to concludethat in our situationthe third dimensionis the bestvisual variablefor data

qualitymeasurein thatline width andpointsizeareonly applicableto certaindisplaysin

thevisualizationmethodsbeingextendedto incorporatedataquality.
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3.3 Pre-attentiveProcessing

Another fundamentalcognitive principle is whetherprocessingof information is done

deliberatelyor pre-consciously. Somelow-level visualinformationis processedautomat-

ically by thehumanperceptualsystemwithouttheconsciousfocusof attention.Thistype

of processingis calledautomatic,pre-attentive,or selective. An exampleof pre-attentive

processingis thevisualpop-outeffect thatoccurswhenasingleyellow objectis instantly

distinguishablefrom a seaof grey objects,or a single large object catchesone's eye.

Exploiting pre-cognitive processingis desirablein a visualizationsystemso that cogni-

tive resourcescanbefreedup for othertasks.Many featurescanbepre-attentively pro-

cessed,includinglength,orientation,contrast,curvature,shape,andhue[47]. However,

pre-attentive processingwill work for only a singlefeaturein all but a few exceptional

cases.Thusmostsearchesinvolving a conjunctionof morethanonefeaturearenot pre-

cognitive. For instance,a red squareamongred circlesandgreensquareswill not pop

out,andcanbediscoveredonly by amuchslowerconscioussearchprocess.

3.4 Metrics for Visual Displays

Metricsfor visualdisplaysaremeasuresof how effectiveaninformationvisualizationis.

Several efforts have focusedon building metricsfor visual displays. [48, 49, 50] gave

guidelinesfor goodgraphicdesignpracticesandprovidedsomebasicmetricsfor 2D and

3D representations.Bertin [42, 41] classi�ed and characterizedsome3D information

graphictypes. [51] proposedfour metricsfor evaluating3D visualizations:numberof

datapointsanddatadensity;numberof dimensionsandcognitive overhead;occlusion

percentage;andreferencecontext andpercentageof identi�able points.Card[38] inves-

tigatedthemappingsbetweendataandvisualpresentationsandfacilitatedcomparisonsof

visualizationsby categorizingthevisualdatatypespresentin thedisplayandpresenting
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this informationin morphologicaltables.Recentwork on metricsfor visual displaysis

presentedin [52, 53], wheremetricsaredevelopedbasedon a theoreticalframework that

incorporatestaskrequirements,characteristicsof representationalelements,andcorrect

mappingsbetweentaskandrepresentation.Informationcontentmeasuresbasedonmath-

ematicalcommunicationtheoryor informationtheoryis usedto quantifytheinformation

contentof adisplay.
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Chapter 4

Data Quality Metrics

As discussedin thepreviouschapters,dataquality hasmultiple aspectsandhasa differ-

entde�nition andmeasuredependingon thedisciplinesandapplicationsfor which it is

applied.In informationvisualization,a dominantissueinvolving dataquality is missing

data. We take this problemasan opportunityto examineour dataquality visualization

methodsandasastartto addressdataqualityvisualization.

Data may comewith quality information implied in the dataset itself. Someare

explicitly de�ned, suchas the missingvalues. Othersare hiddenandmay needsome

statisticalanalysisto uncover them,e.g.,datainconsistency, wheredatarecordsdid not

follow patternsthat are intrinsic to the dataset. In addition, dataquality information

could be associatedwith datarecords,datadimensions,or a datavalue within a data

record.All of this dataquality informationneedsto beidenti�ed for effectiveevaluation

andvisualization.

Our focuswasincompletedata,wherevaluesfor some�elds aremissing.Statistical

analyticalmethods(e.g.,multiple imputationandmaximumliklihood algorithms)were

employed to estimatethe missing�elds, andsimultaneouslythe quality information is

acquiredfrom thesealgorithms. A future goal for this analysiscould be to incorporate

morealgorithmsfrom othercommunities.

In this chapter, we �rst examinesomealgorithmsfor imputing valuesfor missing
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�elds, namelynearestneighborandmultiple imputationapproaches.Thenwe give the

qualitymeasurede�nition andalgorithmusedin this thesis.

4.1 Imputing Algorithms

In this sectionwe intendto discusstwo imputationalgorithmsthat areimplementedas

partof this thesis,namely, nearestneighborandmultiple imputation.

4.1.1 NearestNeighbor

NearestNeighborestimationis a processby which missingvaluesin a datasetare�lled

in with estimatedvaluesbasedon similarity betweena recordwith a missingvalueand

thosenotmissingthecorrespondingvalue[7].

To estimatea missingvalue in a dataset, the k dataitemswith the closestpro�le

(smallestdistance)to the dataitem containingthe missingvalueare determined.The

missingvalueis thencomputedasa weightedaverageof the k valuesin that groupof

neighbors.Thek nearestneighborscanbecomputedonly on completerecords.Missing

valueshave to be�lled in with an initial approximation.Thedistancebetweentwo data

itemsis computedusingEuclideandistancein an-dimensionalspace.

Theinput to this algorithmis anincompletedataset;theoutputis a completedataset.

K is anintegerrepresentingthenumberof nearestneighborsto betakeninto considera-

tion.

TheNearestNeighboralgorithmusedin this thesishasthesesteps.

� Step1: All missingvaluesin the selecteddatasetareinitially approximatedwith

themeanof thecorrespondingdimensionfrom thecompletedata.

� Step2: For eachdataitem, thedistancesto all otherdataitemsin a n-dimensional
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spacearecomputed.

� Step3: For eachdataitem,selectthek dataitemswith thesmallestdistanceto it.

� Step4: Replaceeachvaluethatwasmissingin thedataitemwith theaverageof the

k valuesbelongingto thek nearestdataitemsfor thesamedimension.

4.1.2 Multiple Imputation

Multiple Imputationis to repeatthe imputationprocessmorethanonce,producingmul-

tiple ”completed”datasets[7]. Multiple randomimputationis usedin this thesis,where

for eachimputation,a randomnumberis drawn from the residualdistribution of each

imputedvariableandthoserandomnumbersareaddedto theimputedvalues.Becauseof

therandomcomponent,theestimatesof theparametersof interestwill beslightly differ-

ent for eachimputeddataset.TheExpectationMaximization(EM) algorithmis usedto

estimatethemissing�elds for eachsingleimputationin this thesis.

EM Algorithm

The ExpectationMaximization(EM) algorithmis a very generalmethodfor obtaining

MaximumLiklihood (ML) estimateswhensomeof thedataaremissing[7, 8]. It is called

EM becauseit consistsof two steps:anexpectationstepanda maximizationstep.These

two stepsarerepeatedmultiple timesin aniterative processthateventuallyconvergesto

theML estimates.

TheE stepessentiallyreducesto regressionimputationof themissingvalues.Suppose

our datasetcontainsfour variables,X 1 throughX 4, andtherearesomemissingdataon

eachvariable, in no particularpattern. We begin by choosingstartingvaluesfor the

unknown parameters,that is, themeansandthecovariancematrix. Thesestartingvalues

canbeobtainedby thestandardformulasfor samplemeansandcovariances,usingdata
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itemsthatarecomplete.Basedon thestartingvaluesof theparameters,we cancompute

coef�cients for theregressionof any onetheX son any subsetof theotherthree.

After all the missingdatahasbeenimputed,the M stepconsistsof calculatingnew

valuesfor themeansandthecovariancesmatrix, usingthe imputeddataalongwith the

non-missingdata.For means,we just usetheusualformulae.For variancesandcovari-

ances,modi�ed formulasmustbeusedfor any termsthat involve missingdata.Speci�-

cally, termsmustbeaddedthatcorrespondto theresidualvariancesandresidualcovari-

ances,basedon theregressionequationsusedin theimputationprocess.Theadditionof

theresidualtermscorrectsfor theusualunderestimationof variancesthatoccursin more

conventionalimputationschemes.

Oncewehavegottennew estimatesfor themeansandcovariancematrix,westartover

with theE step.Thatis, weusethenew estimatesto producenew regressionimputations

for the missingvalues. We keepcycling throughthe E andM stepsuntil the estimates

converge,thatis, they hardlychangefrom oneiterationto thenext.

4.2 Quality MeasureDe�nition

Threetypesof dataqualityarede�ned,namely, qualitymeasuresin termsof datadimen-

sions,datarecordsanddatavalues.Oftenthedatasetto beconveyedusinginformation

visualizationis tabular in nature. We associatea quality measurefor eachdatarecord

andeachdimension.In addition,eachdata�eld for a speci�c dimensionandrecordcan

have anassociatedquality value.Thesequality values,for datarecords,dimensionsand

data�elds, areassumedto bequantitative. How thesequality valuesareacquiredis not

our focus.They couldbetheuncertainty, con�dencelevel, or estimatedvaluefrom some

statisticalanalysisalgorithm,suchasmultiple imputation.

In our work, wherewe have beenlooking at datasetswith missingvalues,a nearest
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neighboror multiple imputationalgorithmwasusedfor imputation.Statisticalnumbers,

fractionof standarddeviation andthemeanfrom multiple imputedvalues,wereusedto

quantifythequality. Thequalitymeasuresfor datarecordsanddimensionsareestimated

usingtheaveragefor thequality of thedata�elds for thatdatarecordor dimensionasin

Figure4.1.

Void DataQualityDerivation(double � � � imputed data,
double � � data quality ,
double � dimension qua,
double record qua,
int N , int M , int K )
/*
N - number of records;
M - number of dimensions;
K - number of imputations;
/
Begin
For (int i = 0; i < N ; i + + )
Begin
For (int j = 0; j < M ; j + + )
Begin
data quality [i ][j ] = standar d deviation (imputed data[i ][j ])

mean of (imputed data[i ][j ])

End
rec qua[i ] = average of (data quality [i ][j ])
End
For (int j = 0; j < M ; j + + )
Begin
dimension qua[j ] = average of (data quality [i ][j ])
End
End

Figure4.1: DataQualityDe�nitions andDerivations

In the casestudychapter, wherethe missingdataarecreatedfrom completedatato

examineimputationalgorithmsusingvisualization,the datavaluequality computation

is slightly differentfrom the above. It is computedusingthe fraction of the difference

betweentheactualvalueandimputedvalueto theactualvalue,asin Figure4.2.
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Void ComputeQualityForCreatedMissingData(double � � actual data,
double � � � imputed data,
double � � data quality ,
double � dimension qua,
double record qua,
int N , int M , int K )
/*
actual data - original data;
imputed data - imputed data from simulated missing data;
/
Begin
For (int i = 0; i < N ; i + + )
Begin
For (int j = 0; j < M ; j + + )
Begin
data quality [i ][j ] = abs(actual data[i ][j ]� mean of (imputed data[i ][j ]))

actual data[i ][j ]

End
rec qua[i ] = average of (data quality [i ][j ])
End
For (int j = 0; j < M ; j + + )
Begin
dimension qua[j ] = average of (data quality [i ][j ])
End
End

Figure4.2: DataQualityComputationfor SimulatedMissingData

4.3 Data Quality Store

Taking into accountdatavaluequality, thereis a quality measurefor eachdatavalue.

If the majority of the datavalueshave quality problems,it seemsto be reasonableto

allocatea memoryslot to thequality measurefor eachdatavalue. However, the reality

is thatusuallyonly a small partof datavalueshave quality problems,while the restare

perfectin termof dataquality.

Sincethis is a proof of conceptstudyon dataquality visualization,temporarilywe

do not needto worry aboutthescalabilityof theseapproaches.We canassumethat the

datasetis moderateor small in size.Undersuchanassumption,we canmake thesimilar
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quality datasetfrom imputationandderivationmethodsmentionedearlier. For thesake

of consistency, we formatthequality informationin amannersimilar to theraw data.
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Chapter 5

Methodologies

High dimensionalitycanhave multiple meaningsin our context. Oneis associatedwith

themulti-variatedatasetbeingvisualized.Theotherappliesto themultiple facetsof data

quality. Evenif weassumethatonly oneaspectof dataqualityneedsto bevisualized,we

still areconfrontedwith thehighdimensionaldataset.Existingtechniquesfor visualizing

uncertaintyandqualityof spatio-temporaldatacannotbeappliedbecausespatio-temporal

datais low dimensionalin nature.

In thissectionwediscussourcurrentapproachesto thevisualizationof datasetswith

quality attributes,namely, incorporatingvisualizationof datawith quality information,

visualizationin dataquality space,and user interactionsbetweendataspaceand data

quality space.

5.1 Incorporation of Visualization of Data
with Quality Inf ormation in 2D Displays

Eventhoughtherichnessof informationwhendataquality is incorporatedinto datadis-

playshasthe potentialto enablemore informeddecisionmaking, the large numberof

choicespossiblefor mappingdataquality ontographicalattributesmakestheincorpora-

tion of dataquality into datadisplaysdif�cult. If we chosesix visualvariablesandthree

qualitymeasuresasdiscussedearlier, wehaveP 6
3 = 120choicesof mappingqualitymea-
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suresontovisual variables,assumingwe seta constraintthatdifferentquality measures

cannotbemappedto thesamevisualvariablein thesamedisplay. Otherwisewe have a

largernumberof choices.

Data quality visualizationmust presentdatain sucha mannerthat usersare made

awareof the locationsanddegreesof dataquality in their dataso asto make morein-

formedanalysisanddecisions.The waysto presentthe dataquality information, in a

separateplot, in the sameplot, or both, eachcould lead to improved interpretationor

increasedconfusion. We have investigatedseveral distinct classesof mappingmethods

from dataquality to graphicalentitiesor attributes,including:

� third dimension: transforming2-D displaysto 3-D displaysby the introductionof

thethird dimension,wherethevalueof thethird dimensionis usedto representdata

quality information.

� animation: datawith quality informationaredisplayedin a3-D spacewith moving

animation.Themoving rangeandspeedaredeterminedby theuser.

� opacity: for a2-D display, theopacityis usedto mapthecorrespondingdataquality

informationfor agivendatarecord.

� color: wherethedataquality is mappedontothecolor for a speci�c datarecordor

item.

� pointsize: in displayswheregeometricpointsareusedto representdata,thesizeof

point couldbeusedto convey dataquality information.

Eachof theabove mentionedmethodshave their strengthsandweaknessesasto the

applicability to differentdisplays(e.g.,mappingdataquality onto point sizeis only ap-

plicableto scatterplotmatrix displays,while themethodof animationmight bebestfor

parallelcoordinatesdisplays)andvisualizationeffectiveness(e.g.,for a relatively large
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dataset,introducingthe third dimensionto convey dataquality may not be effective in

that it could make the caseworsewhenthe display is alreadycluttered). We explored

theseseeminglycontradictorycharacteristicsof visualization- on theoneside,we hope

to convey asmuchinformationcontentaspossibleto theuserin a limited displayspace.

On the otherside,we needto prevent clutter wheretoo muchinformationis presented

anduserscannotdiscernany informationfrom thedisplays.

If we follow theprinciplethatline width, point sizeandthethird dimensionhave the

highestpriority, color andopacityarethesecondchoice,andthelastchoiceis line style,

thepossiblevisualizationmethodsfor qualitymeasuresbecomesmoremanageable.

Methodsfor dataquality visualizationhavebeenimplementedon threetypesof mul-

tivariatedisplays,namely, parallelcoordinates,scatterplotmatrix andglyphs. In thefol-

lowing sections,we�rst discussthecolorscalesweusedfor incorporationof dataquality

into the datadisplay. Thenthe mappingmethodsfrom dataquality measuresto visual

variablesare discussed.Finally we examinethe advantageand disadvantageof those

displayswhendataquality informationis incorporatedinto datadisplays.

5.1.1 Color ScaleSelection

A color scaleis a color metricde�nition andimplementationin a certainsituation.The

RGB color scale,whereR standsfor Red,G standsfor GreenandB standsfor Blue, is

widely usedin computergraphics.A carefully chosencolor scalefor visualizationcan

dramaticallydecreasethevisualprocessingload. It caneffectively helpaviewerdiscover

theundiscovered,discernhiddenpatternsor outliers,mine a new rule andany otherin-

formationvisualizationtarget desired[54]. In [55, 56] the authorstried to optimizethe

color scalesunderdifferentapplicationsandscenarios.

TheRGB color scaleis goodfor implementationandhasbeena standardfor almost

all graphicsutilities. Unfortunately, the RGB color scalehasbeenproven not to be an
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intuitive representationfor humanbeings. Peoplehave dif�culty to interpretwhat the

color of 26R+30G+16B,or 55B-24G-60Bis in situationswherethereare256 levelsfor

eachcolor.

The HLS (H, L andS standfor Hue, LightnessandSaturation,respectively) color

scalehadlong beenusedby humanbeings[57]. It is an intuitive representationof color

andeasierto interpretethanRGB colors. Artists useHLS color scaleto describecol-

ors. To be moreintuitive andeasierto interprete,we chosethe HLS color scalein our

dataquality visualization. Eachtime dataquality needsto be mappedonto color, we

interpolatetheH andS valuesbasedon thequalitymeasures.

SinceXmdvTool usestheRGBcolorscaleasthedefault interfacecolorspeci�cation,

we implementedanalgorithmto accomplishthe transformationbetweenRGB andHLS

color scales.Figure5.1 shows the de�nition of classHLS andits interfacewith RGB

color scales.

class HLScolor f
public:
double hue;sat; lum;
double max of(double, double, double);
double min of(double, double, double);
double rgb func(double, double, double);
public:
HLScolor () f hue = 0:0;sat = 0:0; lum = 0:0;g
HLScolor (double, double, double);
HLScolor (unsigned long );
void toRGB(RGBt &);
void toUnsignedLong(unsigned long &);
void fromRGB (const RGBt &);
g

Figure5.1: De�nition of ClassHLS andIts Interfacewith RGB ColorScales
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5.1.2 Mapping Inter polation

Threetypesof dataqualitymeasuresarediscussedin thisthesis;dimensionquality, record

qualityanddatavaluequality, all consistof numericvalues.Whenpresentingthosequal-

ity typeswith datadisplays,we usethe uniform interpolationequationto mapthe data

qualitymeasuresontovisualvariablessuchasthecolor, line width, dot sizeandall other

visualvariablesusedin this thesis.

Figure5.2 shows the mappingprocessfrom dataquality measuresonto visual vari-

ables.All thesevaluesareacquiredby interpolatingontherangeof visualvariablevalues

in termsof dataquality measures.NotethatVV baseandVV range standfor thebase

valueandrangethatthecurrentvisualvariablecouldbeassigned.For instance,if thecur-

rentvisualvariableis color, its basevalueis from userinitial speci�cationandits range

couldbecomputedby its maximumor minimumvaluesin thede�ned color spaces.

5.1.3 Parallel Coordinates

In parallelcoordinatesdisplays,eachpoly-line representsa datarecordandan explicit

axis is usedto representa dimension.An intuitive insight into the parallelcoordinates

displayis that themostchallengingtaskis to incorporatedatavaluequality into thedis-

play, sincethe display is easilycluttered. We canusevisual variablesassociatedwith

poly-linesor axes to convey recordquality or dimensionquality. For eachdatavalue

quality, theinformationcontentis overwhelming,sincethereis a quality measurecorre-

spondingto eachdatavalue.

The�rst visualvariablesetwe testedwasline width, color andline styleasin Table

5.1, wherethe dimensionquality is mappedonto line width, recordquality is mapped

ontocolor, anddatavaluequalityis mappedontoline style.Noticethattheline styleitself

cannotexpressaqualitymeasure.It only hastherepresentativecapabilityof two category
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Void MapQualityToVisualVariable(double � � data quality ,
double � dimension qua,
double record qua, int N , int M )

Begin
double VV rec[N ];
double VV dim[M ];
double VV data[N ][M ];
double VV range; double VV base; For (int i = 0; i < N ; i + + )

Begin
VV rec[i ] = r ecord qua[i ]� min (r ecord qua)

max (r ecord qua)� min (r ecord qua) � VV range+ VV base
For (int j = 0; j < M ; j + + )

Begin
VV data[i ][j ] = data qual ity [i ][j ]� min (data qual ity )

max (data qual ity )� min (data qual ity ) � VV range+
VV base

End
End

For (int j = 0; i < M ; j + + )
Begin

VV dim[j ] = dimension qua[j ]� min (dimension qua)
max (dimension qua)� min (dimension qua) � VV range +

VV base
End

End

Figure5.2: MappingDataQualityMeasuresontoVisualVariables

data.It canconvey theextentof quality in combinationwith otherfeatures.In this case,

thelengthof eachdashin thedottedline is usedto representthequalitymeasuresfor data

values.Thedottedline couldmaximallyextendto themidpointbetweenadatavalueand

its neighbor.

Withoutvisualizationef�ciency andexpressivecapabilityconsideration,thisisarather

reasonablechoicefor 2D parallelcoordinates,wheredueto thenatureof theparallelco-

ordinatesdisplay, therearenot many visualizationresourcesthatcouldbeusedfor extra

informationother thandataitself. As we discussedbefore,color is not the bestvisual

variableto representnumericvalues.A Gestaltstudyshowsthatpeopletendto differenti-

atethegeometricsizemoreeasilythancolor (section3.2).Peopleusuallycannotdiscern
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Dataqualitymeasures Recordquality Dimensionquality Valuequality
Visualvariables Color Line width Line style

Table5.1: Mappingof DataQualityMeasuresontoVisualVariablesin 2D ParallelCoor-
dinates

the distancefrom dark blue to light blue. However, color is still well usedto represent

dataquality throughthis thesis,since,in many situations,we have no othervisualization

resourcesavailable.

Figure5.3 is a parallelcoordinatesdisplayincorporatingdataquality informationby

themappingmethoddescribedin Table5.1.For dimensionquality, thethickerthedimen-

sionaxes,theworsethequality. Wecaninstantlyjudgethatdimensions2 and4 have the

worstqualityamongotherdimensions.Dimension1, 3, 6, 8 and9 havebetterqualityand

therestof dimensionshavemoderatequality.

Thecolor for eachrecordpolyline representstherecordquality. thedarker thecolor,

the worsethat datarecord's quality. In other words, the lighter, the better. We may

not easily�nd the lightestpoly-lines,but the six darker datarecordsarenot dif�cult to

differentiate.

Themostchallenginganddif�cult typeof quality, thedatavaluequality, is represented

by the lengthof dottedlinesaroundthedatapoints. Thedottedlinesthat resideon each

sideof thedatapoint representa quality issuefor thatpoint. Thelongerthedottedline,

thelower thequality is for thatpoint. A solid line representsthat thedatapoint is of the

highestquality.

By a carefulexamination,it is not dif�cult to �nd that thedimensionquality, record

quality anddatavaluequality areassociatedwith eachother. Dimension2 and4 have

theworstqualityamongdimensions.Thedatapointslocatedin thesetwo axesalsohave

longerdottedlinesthatrepresentworsedatavaluequality. In themeantime,severaldata

valueson thesix darker recordpoly-linesshow signsof worsequality.
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Figure 5.3: Parallel coordinateswith dataquality display, wherethe recordquality is
mappedonto thecolor of a ployline, thedimensionquality is mappedonto thewidth of
anaxisandthedatavaluequality is mappedontothelengthof adottedline.

We canascertainthe prosandconsfor this mappingmethodby examiningthe dis-

play. An advantageis thatit conveysanamazinginformationcontentbyasimplemapping

mechanismfor datavaluequality. In aparallelcoordinatesdisplaywith amoderatenum-

berof recordsanddimensions,we canexpectthat thedimensionquality, recordquality

anddatavaluequality canbedisplayedin anexpressive mannerandall canbediscern-

able.

In informationvisualization,the ef�cient useof spaceis critical and it often deter-

minesthesuccessof a displayto a large extent. A numberof informationvisualization

packagesfocuson ef�cient spaceusealgorithmdesign[12] sincedisplaysareapt to be

clutteredfor anaveragedataset.Themappingmethoddescribedin Table5.1satis�esthe

rule thatspaceis usedef�ciently . It savesspaceby mappingdatavaluequality onto line

styleandconveys thequalitymeasureby theline length.

Whatarethedisadvantages?Oneis that themappingsdo not follow humanbeings'

41



Dataqualitymeasures Recordquality Dimensionquality Valuequality
Visualvariables Color Line width Transparentband

Table5.2: Map DataValueQualityontoTransparentBandin 2D ParallelCoordinates

Gestaltruleswell. Asidefrom thefact thatpeoplecannoteasilyjudgegoodor badfrom

light greento dark green,they maybefeel a little bit strangeinterpretingthe line style

andits lengthasa datavaluequality measure.In addition,whenthe datasetbecomes

large,for instance,overonethousanddatarecords,whichis verycommonfor information

visualization,thedisplaycouldbecluttered.In this caseit seemslike we have problems

in discerningwhetherit is adottedline or asolid line, let aloneto discernthelengthfor a

dottedline.

To investigatetheexpressivecapabilityandeffectivinessof visualvariablesfor incor-

poratingdataquality measuresinto datadisplays,analternative visualvariablemapping

methodwasinvestigated.As describedin Table5.2,theonly differencefrom themapping

methodin Table5.1is thatthedatavaluequality is mappedontoatranslucentbandrather

thana dottedline.

Theobjectiveof thismappingmethodis prettyclear. Thecritical problemin ourdata

quality visualizationis how to mapthedatavaluequality, thedominantinformationpart

amongthethreetypesof dataquality measure.Thereis analreadyassumeddataquality

for eachdatapoint. The informationcontentis at leastdoubledfor datawith quality

measuresthanpuredatawithoutextra information.

Figure5.4 shows datavaluequality usinganopacitybandaroundthedatapoly-line

in a parallelcoordinatesdisplay. Two symmetricpointsarounda datapoint arede�ned

in termsof thequality measurefor this point,wheretheoffsetfrom thedatapoint corre-

spondsto qualitymeasures.Thequalitybandis formedby paintingtwo bandareasalong

theupperandlower sidesof a dataline connectingtwo datapoints,wheretheopacityis
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graduallychangedalongtheoffsetto thedataline.

Figure5.4: Quality bandin parallelcoordinate,wheretherecordquality is mappedonto
thecolor, thedimensionquality is mappedonto thewidth of an axisandthedatavalue
quality is mappedontothewidth of a transparentband.

This mappingmethodis thesameasthesemanticsdescribedin Table5.1,exceptthe

transparentbandstandsfor datavaluequality. Thewider thetransparentband,theworse

thedatavaluequality at thatpoint. A dataline througha point without a bandmeansit

hasperfectquality in thatdimension.

A geometricentity, a transparentband,and its size are usedto convey datavalue

qualitymeasures.It resultsin abetterdisplaywith easy-to-differentiatedatavaluequality

measures.The displayef�ciency is improved in termsof presentingdataquality with

datadisplays.Unfortunately, this mappingmethodis only effective whenthedatasetis

limited to a smallnumberof datarecords.Especiallywhena largenumberof imperfect

dataarepresented,theclutterof thedisplayis aseriousproblemthatcannotbeovercome.

The above mentionedresultsarein agreementwith the rule that the ef�cient useof

displayspaceis critical. The wider the transparentband,the easierit is for viewer to

43



differentiatethedatavaluequality. In themeantime,thenumberof imperfectdatapoints

thatcouldbedisplayeddiscriminatedlyat thesametime is limited.

5.1.4 Glyphs

Thenatureof theglyphdisplayis similar to parallelcoordinates;thuswe applythesame

mappingmethodsasusedfor parallelcoordinatesto incorporatedataquality information

into glyphdisplays.

Figure5.5 is a glyph displayextendedwith dataquality informationby themapping

methoddescribedin Table5.1. In glyph displays,the individualsareemphasizedwhile

the dimensionsaredisplayedwith eachindividual. The quality for eachdatarecordis

moreeasilyjudgedthantheothertypesof dataqualitymeasures.

Figure5.5: Glyph with dataquality display, wheretherecordquality is mappedontothe
color a glyph, thedimensionquality is mappedontothewidth of a ray axisandthedata
valuequality is mappedontothelengthof adottedline.
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Dataqualitymeasures Recordquality Dimensionquality Valuequality
Visualvariables Color Line width Pointsize

Table5.3: MapDataQualityInformationontoVisualVariablesin a2D ScatterplotMatrix
Display

5.1.5 Scatterplot Matrix

In a scatterplotmatrix, the visual emphasisis focusedon the relationsbetweentwo di-

mensions.Thedatavaluesareplottedasgeometricalpointsalongeachtwo dimensions.

Every two dimensionsgenerateasingleplot. It resultsin asymmetricalplot arrangement

wherethe diagonalplots show the distribution of datawithin a singledimension.This

providesan opportunityto convey dimensionquality in thesediagonalplots insteadof

thedistribution.

After dimensionquality havebeenrepresentedby diagonalplots,theothertwo types

of quality information needto be mapped. The point size is de�nitely a good visual

variablefor our purpose.But it only canconvey onetypeof quality measure,eitherthe

recordquality or datavaluequality. In sucha situation,thedatavaluequality seemsto

bebetterto beconveyedby point size.Again, theremainingquality measure,therecord

quality, canberepresentedby thecolor. Thesemappingmethodsarelistedin Table5.3.

Figure5.6 is sucha display, wherethedataquality informationis incorporatedinto a

2D scatterplotmatrix by themappingmethoddescribedin Table5.3. Theadvantageof

thisdisplayis thatthedatavaluequality, which is conveyedby thepointsize,is apparent

anddiscernable.We still have somedif�culty to associatethequality of thewholedata

record;this is dueto the natureof the scatterplotmatrix, wherethe visualizationcueis

focusedon therelationin eachsingleplot.

The dimensionquality, which is representedby the line width of the diagonalplot

border, is discernable.Thewider line for adiagonalplot boxstandsfor aqualityproblem

for thatdimension.We useconsistentsemanticsto easethe interpretationof thequality
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information.

The color in this display is usedto convey datarecordquality. Comparedwith the

displayof parallelcoordinates,wherethesamemappingandinterpretationsemanticsare

chosen,it providesa worsevisualizationin conveying the datarecordquality. This is

dueto thedifferentnatureof thetwo displays,wherein theparallelcoordinatesdisplay,

a connectedpoly-line hasa betterrepresentative capabilityfor emphasizingtheintegrity

thana scatterplotmatrixdisplay.

Figure5.6: ScatterplotMatrix with dataquality incorporated,wheretherecordquality is
mappedontocolor, thedatavaluequalityis mappedontopointsizeanddimensionquality
is mappedontoline width aroundthediagonalplots.

To betterusethe diagonalplot spacein thescatterplotmatrix display, analternative

mappingmethodwasconsidered.As in Table5.4, the only differenceis that color is

usedto convey dimensionqualityby paintingthediagonalbox with anappropriatecolor

setting.
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Dataqualitymeasures Recordquality Dimensionquality Valuequality
Visualvariables Color Color Pointsize

Table 5.4: An Alternative Method for Mapping DataQuality Information onto Visual
Variablesin 2D ScatterplotMatrix Display

Figure5.7 is a scatterplotmatrix displaywherethe diagonalplots arepaintedwith

a backgroundcolor. Thediagonalplot backgroundcolor is decidedby interpolatingthe

correspondingdimensionqualitybasedon thecolor for thedimensionaxes.Wekeepthe

samesemanticsasto how to interpretthecolor: thelighter, thebetterquality; thedarker,

the worsequality. Obviously the dimensionquality becomemoreapparentandeasyto

differentiate,eventhoughwestill donothaveaprecisedifferentiationbetweentwo close

diagonalbackgroundcolors.

Figure5.7: Scatterplotmatrix with dataquality incorporated,wheretherecordquality is
mappedontocolor, thedatavaluequalityis mappedontopointsizeanddimensionquality
is mappedontothebackgroundcolor.
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So far it conformswith our principle that the geometricalentities,suchas the line

width, transparentbandandpoint size,arereasonablechoicesto representquality mea-

suresasto the viewer's Gestaltunderstandingandinterpretation.The expressive capa-

bility and ef�ciency of thesevisual variablesto convey dataquality in 2D displaysis

reasonablygood. In the caseof the scatterplotmatrix, dueto the introductionof point

size to representdata�eld quality, it seemsto be betterthan the other two displaysin

termsof displayreadabilityandinterpretability.

Themostattractivegeometricalfeature,thethird dimension,which is goodto convey

any informationasanalyzedin Chapter3, neededto beinvestigated.Thenext sectionis

dedicatedto incorporatingdataquality informationinto datadisplaysin 3D space.

5.2 Incorporation Visualization of Data
with Quality Inf ormation in 3D Displays

The third dimensionis oneof thevisual variablesthatmaybeeffective for dataquality

visualization,basedontheanalysisin section3. Thedirectimplementationin thiscontext

is to visualizethedatawith qualitymeasuresin 3D views,wheretwo dimensionsareused

to mapthemultivariatedataandthethird dimensionis thedirectindicatorof dataquality.

To investigatethe visual effectivenessandexpressive capabilityof the third dimen-

sion, we focusedon the 3D displaysincorporatedwith datavaluequality information.

We temporarilyignoretheothertwo typesof quality information.

5.2.1 Parallel Coordinates

In parallelcoordinatesdisplays,thethird dimensionis directly usedto convey datavalue

quality measures,which resultsin a 3D parallelcoordinates.Figure5.8 shows sucha

display. To obtaina 3D appearance,cylindrical geometricentitiesareusedto draw data

recordsinsteadof thepoly-linesin the2D parallelcoordinatesdisplay.
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Figure5.8: 3D parallelcoordinateswith incorporateddataquality information.

From the 3D parallel coordinatesdisplay we �nd that the third dimensioncan be

a reasonablerepresentationfor conveying dataquality measures,especiallywhenthese

measurestake on a small numberof distinct values. It givesa plausibleglobal view in

termsof datawith quality measures.For moredetailedviews, userinteractionssuchas

rotation,linking andbrushingtechniquescouldbeusedto enhancedatainterpretationand

decisionmakingwhenfacedwith dataqualityproblems.

In themeantime,thedisadvantageof 3D parallelcoordinatesdisplayis apparent.The

displayis easilycluttered.Viewersstill have dif�culties in judging the third dimension

values.In addition,a 3D displayposesaninconveniencefor userinteractions,wherethe

usercannotpreciselylocatea positionin thedepthof view just usingthemouse.This is

acritical disadvantagefor informationvisualization.
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5.2.2 Scatterplot Matrix

In a 3D scatterplotmatrix, a 3D cylindrical entity is usedto representeachdatapoint,

wherethe start and end position for eachcylinder are usedto convey two datavalue

quality measuresfor thatpoint. Figure5.9shows a 3D scatterplotmatrix wherethedata

valuequality is mappedontothethird dimension.

Figure5.9: 3D scatterplotmatrixwith dataquality informationincorporated.

From the 3D scatterplotmatrix display, we feel that it hassimilar advantagesand

disadvantagesasdescribedin the 3D parallelcoordinatesdisplay. It providesa global

view for datavaluequality measures.Unfortunately, thedisplayis easilycluttered.It is

not convenientfor theviewer to differentiateeachmatrix plot dueto the introductionof

thethird dimension.It is not intuitive for theuserto interactively specifya datapoint or

amatrixplot for thesamereason.
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5.2.3 Star Glyphs

In the2D starglyph display, eachglyph representsa singedatarecord.It is formedby a

numberof raysissuedfrom thecenterthatrepresentdimensionsandapolygonaroundthe

centerthatrepresentdatapoints.Thedistancefrom thecenterto thepolygonedgepoints

along that ray conveys the datavalue for the correspondingdimension. The resulting

appearanceof aglyph is composedof multiple trianglesthatsharethesamecenter. A 3D

starglyphis achievedby extrudingeachtrianglealongthethird dimensionwith adistance

thatrepresentsa datavaluequality for thatpoint. Figure5.10shows a 3D glyph display

with thethird dimensionrepresentingdatavaluequalitymeasures.

Figure5.10:3D starglyphwith dataquality informationincorporated.

Fromthis 3D glyph displaywe �nd that it is moredif�cult to control thedisplay. It

tendsto behardto discernsinceall theglyphsaresolidentities.
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5.3 Visualization in Data Quality Space

Incorporationof dataquality into datadisplaysprovidesrich informationandcanlead

to moreinformedanalysis.In somesituations,renderingthedataquality informationin

a separatedisplayis required.Part of the reasonis that theusercouldexpecta view in

quality spacewhereit could be betterdisplayedonly with quality informationandlead

to a clearvisualization(comparedto incorporationof dataquality with datadisplays).

Theotherreasonis thatdisplayingthedataquality in aseparatedisplaymakesit possible

for theuserto navigatebetweendataspaceandquality spaceandperformaninteractive

analysisusingexisting techniquessuchaslinking andbrushing.

Two spacesarediscussedhere:dataspace,which is associatedwith multivariatedata

records,anddataquality space,which is associatedwith dataquality values,including

record,dimension,anddata�eld quality. The two spacesarenot necessarilyrequired

to be independent.In fact, they could have relationships,e.g.,the lower valuesin data

spacemay directly leadto the high dataquality in quality spacefor a speci�c variable.

To discoverandexploit suchassociationswouldbepossibleby thevisualizationmethods

developedin this thesis.

5.3.1 Displaysin Data Quality Space

Two typesof plotsareusedto displaydataquality in quality space.Oneis a tabular plot

asin Figure5.11,wherea rectangularareais segmentedinto n (numberof tuples)by m

(numberof dimensions)smallblocks.Eachsmallblock is paintedby acolorcorrespond-

ing to its correspondingquality value. Alternatively eachblock couldbepartially �lled

with a singlecolor, similar to theTableLenstechnique[58, 59]. Color is employedhere

to convey datavaluequality becausethearearequiredfor eachquality valueis relatively

small.
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Anothertypeof plot is a histogramslider[60, 61, 62], which shows distributionsfor

a scalarvalue. Thehistogramsliderprovidestheviewer a globalpicturein termsof the

scalarvaluedisplayed.Combinedwith adynamicslider, it facilitatesrapidexplorationof

informationby real-timevisualdisplayof boththequeryformulationandresults.

In this thesisthreehistogramslidersweredevelopedto displayquality measuresfor

datarecords,dimensionsanddatavaluesrespectively (Figure5.11). Along eachslider,

It is divideduniformly into a certainnumberof bins. Eachbin consistsof a rectangular

paintingwith thecolor thatis decidedby thequalityvalueof thatbin. Theheightof abin

standsfor thenumberof datapointsthatfall into thisbin's range.

5.3.2 Operationson Data Quality Displays

Orderingcanenhancevisualizationandpossiblymake underlyingdatapatterns,associa-

tionsandoutliersmoreapparentin certainconditions.Weseethepotentialof orderingin

ourdataqualitydisplay. It notonly improvesvisualizationef�ciency, but alsocanprovide

a powerful auxiliary operationto helpusers�nd interestingdataitems.Theorderingop-

erationsareprovidedfor datavaluequality displays.Figure5.12shows anordereddata

quality displayof Figure5.11,wherethedatalocatedin theupperleft areain thequality

displayhaveworsequalityandthosein thelower right areahavebetterquality.

Theprimaryobjective of displaysin dataquality spaceis to provide userstheability

to interactively exploredata.Userscanqueryaninterestingsubsetof dataandgetinstant

displayon speci�edsubsets.Thenext sectiondiscussesthedevelopedfunctionsfor user

interactions.
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Figure5.11:Visualizationin dataqualityspace.

Figure5.12:Orderingondataqualitydisplay.

5.4 User Interactions

Userinteractionsareanimportantaspectof informationvisualization.Oneadvantageof

visualizationis that it cancombineautomaticalgorithmswith theperceptualcapabilities
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andintelligent judgmentof humanbeings. Visualization,especiallyfor exploratoryor

con�rmatory purposes,is oftenineffectivewithout interaction.It is not suf�cient to only

displaypicturesof thedata;theuserneedsto interactively explore thedata. Theability

to selectandmanipulatesubsetsof thedataandchangeviewing parametersinteractively

supportsthe userin reachingthe goal of gaininginsightsinto the characteristicsof the

data.Userinteractionscanbeassimpleassettingdisplayfeatures,changingviewing pa-

rameters,andremoving dataentries.It canalsobemorecomplicated,suchasnavigating

in multipleviews.

Linking andbrushing,which is usedto target theviewer's interestin a subsetof the

data, is appliedto displaysin dataspaceand dataquality space. To provide the user

with a betterview of datawith quality information,we developedview changessuchas

transformations,rotationsandzooming.

5.4.1 Linking and Brushing
in Data Spaceand Quality Space

Linking and brushingare establishedtechniquesin multivariatedatavisualizationfor

exploring patternsof datawith high dimensionalityin the sameview or multiple views

[15]. It beginswith brushing,whereaninterestingsubsetof datais selectedin oneview.

Thebrusheddatasubsetis thendynamicallyhighlightedin otherdisplays,whichis termed

linking.

Thetechniquesof brushingandlinking canbeappliedin bothdataspaceandquality

space.Brusheddatasubsetsin dataspacecanbehighlightedin quality space;similarly,

thequality datacanbebrushedandthedatafalling into thebrushedregion canbehigh-

lightedin thedataspace.Four typesof brushesin qualityspaceareintroduced.As shown

in Figure5.11, brushesareappliedto the tabular valuequality plot, the recordquality

histogramslider, thedimensionquality histogramslider, anddata�eld qualityhistogram
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slider.

Brushing the Data ValueQuality

In the tabular dataquality display, thebrushis de�ned by a rectangularareathatcovers

a certainnumberof contiguousdimensionsanddatarecords.The brushedareais indi-

catedby a transparentpaintingwith thecurrentde�ned brushcolor. Userscanarbitrarily

specifythepositionandsizefor this brush.Figure5.14shows a brushedareain thedata

qualitydisplayandcorrespondingdatasubsetin datadisplayis shown in Figure5.13.

Figure 5.13: Brush data value quality -
brusheddatain datadisplay.

Figure 5.14: Brush data value quality -
brushin dataqualitydisplay.

Thesemanticsof brushingdeservesdiscussionin thiscontext. In atabulardataquality

displaywith datatuplesasrows anddimensionsascolumns,a speci�c rectangulararea

includesa certainnumberof datatuplesanddimensions.As a brush,it could be inter-

pretedin threewaysandresultsin threedifferentbrushde�nitions. They are,speci�ed

datatupleswith all dimensions,speci�eddatadimensionswith all datatuples,andspec-

i�ed datatupleswith speci�ed datadimensions.The third option, speci�ed datatuples

with speci�ed datadimensions,is intuitive andconsistentwhenthe speci�ed brushis a
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rectangularareawith continuousextentsbothfor rowsandcolumns.It is possiblethatthe

userselectsarbitraryboxesin thetabular quality display. This is equivalentto thebrush

wheretheuseroperateson thequalityhistogramsliderfor all data�elds. In thiscase,the

tabular quality displaycanbereorderedto correspondto theuserselections.Figure5.12

showsanordereddisplayin qualityspace.

To enrichtheinteractive operationsbetweenusersandquality displays,we leave the

semanticsof thebrushup to theuser's preference.

Combinedwith operationson displaysin dataquality space,thede�ned brushescan

helpa usertargethis selections.

Brushing the DimensionQuality Slider

A dimensionquality slider is de�ned by a certainnumberof contiguousbins alongthe

dimensionhistogramplot. Theslideris transparentlypaintedwith thecurrentbrushcolor.

Thepositionandsizeof aslideraredecidedby thestartingandendingbin'spositionalong

thedimensionhistogramplot. Figure5.16shows a dimensionsliderandcorresponding

datasubsetin thedatadisplayareshown in Figure5.15.

Noticethatonly thosedimensionsthat fall in thedimensionslider's coveredareaare

drawn. Other dimensionsare hidden. The dimensionslider hasno effect on the data

records.

Brushing the Data RecordQuality Slider

Similar to thedimensionqualityslider, thedatarecordqualityslideris appliedonthedata

recordquality histogramplot. Usersbrushthis sliderby sliding thestartor endor both

positions.Figure5.18showssuchasliderandthebrusheddatain datadisplayareshown

in Figure5.17.

The datarecordquality slider only works on datarecords.It doesnot affect the di-
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Figure 5.15: Brush dimension quality
slider- brusheddatain datadisplay.

Figure 5.16: Brush dimension quality
slider.

mensionsdisplayed.

Brushing the Data ValueQuality Slider

Thedatavaluequality slider is appliedin the datavaluequality domain. It providesan

alternativebrushmethodto thetabulardatavaluequalitydisplay. In thedatavaluequality

sliderdisplay, thehistogramdisplaysquality measuresfor all datapoints,which include

all datarecordsalongall dimensions.Thehistogramprovidesa globalview of how the

datavaluequality is distributed.Thesliderfacilitatesusersin focusingonaspeci�c range

of qualitymeasuresfor datapoints.

Figure5.20showsadatavaluequalitysliderandthebrusheddatais shown in thedata

displayin Figure5.19.Comparedwith brushesin thetabularqualitydisplay, brusheddata

pointsin thedatavaluequalitysliderdon't necessarilyfall into continuousdimensionsor

records.In mostcases,they arescatteredwithin thetabulardataqualitydisplay.

Thesefour differentbrushesor sliderswork ondatasetsin quality space.They could

be independentor dependon eachother. Dimensionand recordsliderswork on data
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Figure 5.17: Brush data record quality
slider- brusheddatain datadisplay.

Figure 5.18: Brush data record quality
slider.

dimensionsandrecordsseparately;they areindependent.Brushesin the tabular quality

displayanddatavaluequalitysliderswork on thewholedataset.They aredependent.

Brushoperationscanbecomplicatedandotherresearchgroupshave focusedon this

issue.In this thesiswe have not intendedto addresstheproblemsof interactingbrushes.

In themeantime,theotherbrushesor slidersarenot updatedaftera brushor slideroper-

ationhas�nished.

5.4.2 Viewing Transformations

In 3D visualization,theviewing transformationis a powerful andessentialfunction for

usersto navigateandexplore the dataset. A changein the angleof view canbe used

to uncover a particularpart of a 3D display. In this thesis,we implementeda camera

utility to facilitatesuchfunctions.Userscantranslate,rotateandzoomviews by simple

interactionsin the3D view.

The interactive viewing transformationswere implementedby respondingto a key

usertyped.Thedetaildescriptionis asTable5.5.
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Figure 5.19: Brush data value quality
slider- brusheddatain datadisplay.

Figure 5.20: Brush data value quality
slider.

Keys typed Operations
z(Z) Transformon z (-z) direction
y(Y) Transformon y (-y) direction
x(X) Transformon x (-x) direction
j(J) Yaw apositive(negative)angle
k(K) Roll apositive(negative)angle
l(L) Pitcj apositive(negative)angle

Table5.5: Key De�nitions for Viewing Transformations

5.5 Animations

Theuseof threedimensionalrepresentationsandanimationcouldpotentiallyenableusers

to visualizemore relationshipswithin the dataset. Theserepresentationscan provide

more insight than �at, static two dimensionalvisualizations. In this thesiswe imple-

menteda simpleanimationfunction. Usercanmove betweendifferentviews in the3D

displayby controllingrotationorientationandspeed.

The animationstarting,rotationorientationandspeedandstoppingwerecontrolled

by operatingonmouse.
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Chapter 6

Implementation

6.1 SystemAr chitecture

As shown in Figure6.1,severalmodulesweredevelopedbasedontheexistingXmdvTool

systemfor thepurposeof dataquality visualization:

� DataQuality Imputation.This is anindependentmoduleto imputedatavaluesfor

missing�elds andthereafterto derive a completedatasetandcorrespondingdata

quality values. To examinethe visualizationmethodologiesfor dataquality that

we presentin this thesis,we createcasesof datasetswith varyingquality from the

datasetwith missingvalues.Thenearestneighbormethodis usedto imputevalues

for the missing�elds. We de�ne dataformatsandprovide a way to have other

imputationmethodsincorporatedin thefuture.

� Incorporationof DataQualityintoDataDisplay. Thismoduleis implementedbased

on theexisting visualizationmodules.For 2D displays,thedataquality measures

arerenderedasselectedvisualvariables.For 3D displays,thedatavaluequality is

mappedontothethird dimension.

� Visualizationin DataQuality Space.An independentmodulethat is dedicatedto

thevisualizationfor dataquality.
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� Interactions. This is a separatemodulethat provides user interactive functions.

Queriesin the form of dataquality speci�cationareinstantlyresolved in thedata

display.

� Animation.Thismodulegenerates3D consecutiveviewsin auserspeci�edmanner

sothatusersmaygetabetterunderstandingaboutthedataandpotentiallydiscover

relationsandfeaturesundiscoveredby othertypeof views.

Figure6.1: StructuralDiagramof XmdvTool with DataQualityVisualization
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6.2 Implementation

This project is implementedasextensionsto the XmdvTool system6.0 alphaversion.

Wefollowedtheexistingsystemdesign,style,andmethodologyto makeXmdvTool con-

sistent. All the existing functionsand featureswere left untouched.The dataquality

visualizationandinteractive activities wereimplementedasnew modulesto theexisting

system.

Similar to previousXmdvTool versions,moduleswereimplementedusingC++asthe

developinglanguage.To make thesystemwork acrossdifferentplatforms,theOpenGL

graphicslibrary wasused. Its interfacewasgeneratedusingTcl/Tk. The softwarewill

executeon bothWindowsandUnix/Linux platforms.
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Chapter 7

CaseStudies

Evaluationis essentialfor effective informationvisualization.Thedisciplineof informa-

tion visualizationhasexperiencedmorethentenyearsof researchanddevelopmentand

hasresultedin avarietyof visualizationtoolswith differentcapabilities.A problemarises

thatnotonly areusersoverwhelmedby many visualizationcapabilities,but alsodevelop-

ers,researchersandpromotershavedif�culties in termsof which visualizationtechnique

to employ.

Evaluationis oneof theplausibleapproachesto solving theseproblems.Evaluation

mayprovide metrics,evidence,andexamplesof why a particulartechniqueis usefulor

not. By evaluation,wemaydiscoverandquantifyhow andwhenavisualizationtechnique

or applicationworks.Thiscandirectlyor indirectlysupportandvalidateresults.Another

bene�t is that �ndings from evaluationswill likely point us to new directionsandnew

ideasfor interestingandusefulresearch.

7.1 Objectives

The�rst objective is to examinethevisualef�ciency andrepresentativecapabilityfor the

dataquality visualizationapproachespresentedin this thesis.Thesecondobjective is to

assesstheutility of quality visualizationby examiningtheeffectivenessandcorrectness
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of imputationalgorithms.Thereis no imputationalgorithmthatcanbeappliedubiquitu-

ously, sincecertainassumptionsareassumedfor almostall algorithms.Theeffectiveness

andcorrectnessof thesealgorithmsneedsto beexamined.However, thereis no ef�cient

way to achieve this purposeexcepttheoreticalanalysis.We seethis is anopportunityfor

visualizationto performsucha task.

7.2 Imputation Algorithm ComparativeStudy

7.2.1 Methodology

Wecreatedmissingdatafrom completedataby designingarti�cial missingpatterns.The

correctnessandeffectivenessof algorithmsareexaminedvisually by comparingdisplays

for missingdataandcompletedatasideby side.Imputationalgorithmsareusedto impute

valuesfor missing�elds anddataquality measuresarederivedfrom imputedvalues.In

moredetail,this is full�led by thesesteps:

� Createmissingdata: A datasetwith missingvalueswascreatedfrom a complete

datasetby designedmissingpatterns.For example,datafor a speci�c dimension

wererandomlymissed.

� Imputation:Thealgorithmswereusedto imputevaluesfor themissing�elds. Data

qualitywasalsoderivedby thealgorithmsproposedin Chapter4.

� Visualization:Thecompletedataandmissingdatawith imputedvaluesweredis-

playedsideby side.

� Comparativestudy:By visuallycomparingtwo displays,thecorrectnessandeffec-

tivenessof thesealgorithmswereexamined.

During theprocessof visualexamination,we consideredthesefactors:
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� Missingpatterns:Whencreatingmissingdata,two designedpatternswereapplied.

They arerandommissing,wherethedataarerandomlymissedfor a speci�ed di-

mension,and,uniformmissing,wherethedataaremissingatanuniformfrequency.

� Imputationalgorithms:Multiple imputationandnearestneighboralgorithmswere

usedto imputethemissingdata.

7.2.2 Results

Iris datasetwith 20%missing,completedataandimputeddataareasFigure7.3,7.2and

7.4.

Figure7.1: CompleteIris Dataset. Figure 7.2: 20% Missing Iris Data, Im-
putedby NearestNeighbor.

By comparingtheFigure7.2 and7.4,we seethatboth thenearestneighborandEM

algorithmshave very closeperformanceasto the imputationcorrectness.Both displays

have dataitmesthataresigni�cantly differentfrom theactualones.By a carefulinvesti-

gationwecan�nd thatthenearestneighboralgorithmis slightly closerto theactualdata

thantheEM algorithm,sinceFigure7.2 is closerto theFigure7.3thanFigure7.4.

The carsdatasetwith 40% missing,completedataand imputeddataareshown in

Figure7.7,7.6and7.8.
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Figure7.3: CompleteIris Dataset. Figure 7.4: 20% Missing Iris Data, Im-
putedby Multiple Imputation.

Figure7.5: CompleteCarsDataset. Figure7.6: 40% Missing CarsData, Im-
putedby NearestNeighbor.

If weclaimedthattheperformancein termof imputationcorrectnessis veryclosefor

boththenearestneighborandEM algorithmsfor the iris dataset,thedifferencebetween

thesetwo algorithmsis apparentfor the carsdataset. Looking at all the dimensions,

especiallythesecondandthesecondto lastdimensions,thedataitemsimputedfrom the

nearestneighboralgorithmaremuchcloserto theactualvaluethanthoseimputedfrom

theEM algorithm(seeFigure7.7,7.6and7.8).

Theconsquentconclusionwe candraw from this casestudyis that thevisualization
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Figure7.7: CompleteCarsDataset. Figure7.8: 40% Missing CarsData, Im-
putedby Multiple Imputation.

is a helpful tool to validateandassessthecorrectnessandef�ciency for imputationalgo-

rithms.

7.3 Quality Visualization Ef�ciency

Our next assessmentwasa casestudyon theexpressivecapabilityandef�ciency of data

quality mappingswhenincorporatedwith the datadisplay. In this casestudywe only

consideredthreedifferentdataqualitymappingsin theparallelcoordinatesdisplay, rather

thanconsiderall dataqualitymappingsin all typesof displayssuchasscatterplotmatrix

andglyph displays. Part of the reasonis that differentdisplays,even whenpresenting

datawithout quality information, have their own advantagesand disadvantages.This

thesisdidn't focuson suchdifferencesof expressivecapabilityamongdifferentdisplays.

Another reasonis that the mappingmethodsfor dataquality measuresoften can't be

consistentacrossdifferentdisplayssincesomevisual attributescan't be appliedto all

displaysconsistently.

To achieve our purposeof evaluationandto have a comparative studyon theexpres-

sivecapabilityandef�ciency of dataqualitymappings,wechosetheparallelcoordinates
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Dataqualitymeasures Recordquality Dimensionquality Valuequality
Mappingmethod1 Color Line width Transparentband
Mappingmethod2 Color Line width Dottedline
Mappingmethod3 N/A N/A 3rddimension

Table7.1: ThreeMappingsof DataQuality Measuresonto Visual Variablesin Parallel
CoordinatesDisplay

displayasthedisplaytypefor thecasestudy. As shown in Table7.1, therearethreedif-

ferentmappingsfor dataqualitymeasuresincorporatedwith thedatadisplay. All of these

werediscussedin Chapter5.

7.3.1 Methodology

We chosefour datasets,eachwith a differentnumberof quality problemsin termsof

recordquality, dimensionqualityanddatavaluequality. Eachof thesefour datasetswith

quality informationwasvisualizedby the mappingmethodslisted in Table7.1. Figure

7.9, 7.10 and7.11 show datasetA, Figure7.12, 7.13 and7.14 show datasetB, Figure

7.15,7.16and7.17show datasetC, andFigure7.18,7.19and7.20show datasetD under

mappingmethod1, 2 and3.

A userstudywasperformedasfollows. Wechosegraduatestudentsin theWPI com-

putersciencedepartmentassubjects.Beforeconductingtheuserstudy, we gave a short

explanationof thesethreedifferentdisplays.For eachdisplay, we askedthesameques-

tions,asfollows.

� How many datapointsyoucandiscernwith aquality issue?

� How many dimensionsyoucandiscernwith aqualityproblem?

� How many recordsyoucandiscernwith aqualityproblem?

� Roughlyhow longdid you spendto countthesenumbers?
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Figure 7.9: Parallel CoordinatesDisplay
with Data Quality Incorporated(Dataset
A, MappingMethod1).

Figure7.10: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
A, MappingMethod2).

� Do you like thisdisplay?any comments?

We summarizeour resultsand�ndings in thenext section.

7.3.2 Resultsand Findings

Wecollectedthefeedbackfrom twelvesubjects.Statisticssuchastheaverageof number

of datapointswith quality problema subjectfound(# datapoints(avg)), standarddevia-

tion of this number(std dev) andaveragetimeusedto performsuchtask(avg time(sec))

areshown in Table7.2.

In summary, wecanconcludefrom userfeedbackthefollowing:

� Whenthedatasetis small in termsof thenumberof datapointswith dataquality

problems(datasetA andB), all threemappingmethodswork well in conveying

thedatapoint quality measures.Mappingmethod3 (3rd dimension)hada worse

performancethanthe othertwo mappingmethodsin termsof the numberof data

points the subjectscould discerned. As for mappingmethods1 and 2, method
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Figure7.11: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
A, MappingMethod3).

1 (transparentband)wasbetterthanmethod2 (dottedline) in termsof standard

deviationsof thenumberof datapointswith qualityproblemdiscerned.

� As thedatasetsizeis increased(datasetC andD), thedifferencebetweenmapping

methods1 and2 becomeapparent.Mappingmethod1 (transparentband)takesless

time to countthenumberof pointswith quality problems,but thecountednumber

is lessthantheactualnumber. Also it produceda biggerstandardvariationamong

thesubjects.On theotherhand,mappingmethod2 (dottedline), althoughit took

moretimeto countthenumberof pointswith qualityproblems,it resultedin amore

precisenumbercomparedto theactualnumberof suchdatapoints. It alsocomes

with asmallerstandarddeviation for thecountednumbersamongtheusers.

� As the datasetsize is increased(datasetC and D), mappingmethod3 (3rd di-

mension)performspoorly sincethereis a signi�cant differencebetweenthe user

countedandtheactualnumberof datapointswith qualityproblem.
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Figure7.12: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
B, MappingMethod1).

Figure7.13: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
B, MappingMethod2).

Figure7.14: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
B, MappingMethod3).

72



Figure7.15: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
C, MappingMethod1).

Figure7.16: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
C, MappingMethod2).

Figure7.17: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
C, MappingMethod3).
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Figure7.18: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
D, MappingMethod1).

Figure7.19: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
D, MappingMethod2).

Figure7.20: ParallelCoordinatesDisplay
with Data Quality Incorporated(Dataset
D, MappingMethod3).
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Datasetsandmappingmethod # datapoints(avg) std dev avg time(sec)
DatasetA, mappingmethod1 9 2 5
DatasetA, mappingmethod2 9 1.5 5
DatasetA, mappingmethod3 6 2 5
DatasetB, mappingmethod1 8 1.8 3
DatasetB, mappingmethod2 4 1 3
DatasetB, mappingmethod3 5 2 3
DatasetC, mappingmethod1 33 5.5 12
DatasetC, mappingmethod2 40 4.2 18
DatasetC, mappingmethod3 10 6.5 15
DatasetD, mappingmethod1 30 4.6 20
DatasetD, mappingmethod2 35 3.8 25
DatasetD, mappingmethod3 12 8 22

Table7.2: Numberof DataPointswith Quality ProblemsUsersFound,StandardDevia-
tion andAverageTimeUsedfor DifferentDatasetandMappingMethods
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Chapter 8

Conclusions

In this thesiswe presentedefforts at visualizing datasetswith dataquality problems.

We analyzedtheexpressivenessandrepresentationef�ciency of visualvariablesfor con-

veying differentaspectsof dataquality information. Incorporatingdataquality into data

displays,visualizationin dataquality space,anduserinteractionswerediscussed.Our

examplesshow advantagesanddisadvantagesof our approachesfor exploring datasets

bothin dataspaceandquality space.

8.1 Summary

Morespeci�cally, theresultsof this thesisaresummarizedasfollows.

8.1.1 Data Quality Measures

We discusseddataquality and its multi-dimensionalcharacteristics.We startedfrom

the datasetswith missingvalues,a typical datain informationvisualization. We then

developedmethodsfor dataquality de�nition andquanti�cation. Nearestneighborand

EM algorithmswereusedto impute the datavaluesfor missing�elds. Thereafterwe

derivedthedataqualitymeasuresfrom theimputationprocesses.
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8.1.2 Visual Variable Analysis

A successfulvisualdisplaylargely dependson how thevisualizationresourcesareused.

The ef�ciency andexpressive capabilityarea critical point for a displaydesign. Chal-

lengedwith two-fold informationneededto bepresented,we analyzedthepropertiesof

data,dataquality andvisualvariables.Algebraicmappingswereusedto investigatethe

visualvariablechoicesfor ourdataqualityvisualizationpurpose.

8.1.3 Data Visualization with Variable Quality

By the analysisof visual variables,efforts were madeto incorporatedataquality into

traditiondatadisplays,whichincludedparallelcoordinates,scatterplotmatrixandglyphs.

Theadvantagesanddisadvantageswerediscussed.Thedimensionalstackingdisplaywas

not includedsincewe seemore challengesexist for dataquality incorporationin this

display.

Thenwemovedonto incorporatedataqualityinformationinto datadisplaysusingthe

third dimension.Dif ferent3D displayswereexaminedto achieve thebestvisualeffects.

A setof interactionandanimationtools wereprovided to help usersacquirea desired

view.

To facilitatenavigation,explorationanddiscovery activities for users,thedisplayin

dataquality spacewasdesignedandimplementedasa separatedisplay. Brushedsubsets

of dataaredisplayedin linked displaysimplementedin dataspace.The de�nition and

semanticsof brusheswerediscussed.

8.1.4 Evaluations

Computationaltechniquesandvisualizationare two differentaspectsin the processof

analyzingdata. Both couldpotentiallycontribute to betteranalysisresults. In addition,
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they couldbemutuallybene�cial - algorithmcomputationshelpto improveef�ciency for

visualizationandviseversa,visualizationhelpsto validatethecorrectnessof algorithms.

We developedsucha casestudyby creatinga datasetwith missingvalues,deriving data

qualitymeasuresandpresentingthemin avisualdisplay.

To helpevaluatetheeffectivenessof dataqualitydisplays,acasestudywasperformed

to examinetheapproachespresentedin this thesis.

Our approacheshadseveralpurposes:to justify our particulardesignchoicesin the

context of theproblem,tohelpusdistill or furtherelucidatedesignprinciples,andtoserve

asa modelfor subsequentwork by relatingnew visualizationtechniquesto a conceptual

framework asanintegralpartof thepresentation.Ourmethodologyis relevantnotonly to

theparticularproblemdomain,dataquality visualization,but to the �eld of information

visualizationasawhole.

8.2 Futur eDir ections

Efforts to incorporatedataquality information into traditionalvisualizationdisplaysis

of growing interest. A variety of work needsto be performedto improve visualization

of dataanddataquality. Oneof theseis dataquality de�nition andquanti�cation. The

nearestneighboralgorithmasa methodto estimatequality measuresin this thesismay

befar from suf�cient quanti�cationof dataquality. A numberof techniquesfor general

or speci�c modelingof dataqualityata varietyof granularitiesarenecessaryfor gaining

insightsinto thedataset.

Thechallengesof dataqualitystorageis thatusuallyonly averysmallpartof adataset

hasqualityproblems,while themajorityof thedataareoftenonehundredpercentperfect.

Allocating a chunkof spacefor all datarecordsfor correspondingquality informationis

not reasonablesincethesamequalityvaluesfor perfectdatawill bestored.Thisproblem
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needsto be addressedby designinga metastructureso that only the datawith quality

problemsareallocatedspacefor quality information.

An immediateneedfor dataquality visualizationis formaluserevaluations.Wehave

potentiallya large numberof mappingpossibilitiesfrom dataquality informationto vi-

sualvariables.Usingevaluation,we maydiscoverandquantifyhow andwhena speci�c

mappingworks.This candirectly or indirectly supportandvalidateour approaches.An-

otherbene�t is that �ndings from evaluationswill likely point us to new directionsand

new ideasfor interestingandusefulresearch.

Anotherpotentialareaof work is in dataformatde�nition. TheXML/DTD structure

could be usedto de�ne typesof dataquality information. This may allow algorithm

incorporationfrom otherdomains,e.g,statisticaldataaugmentationalgorithms.

Dealingwith otheraspectsof dataquality is challenging.For example,uncertainty,

wherethe quality measuremay be non-scalar, is requiredin someinstances.In certain

cases,to indicatethepresenceof dataquality issuesis suf�cient, while in othercontexts

quantitativedisplaysfor dataqualityarenecessary. Thiscanobviouslyaffect thenumber

of optionsavailablefor effectively communicatingquality information.

We alsonoticethatdatasetsin many domainshaveattributesanalogousto dataqual-

ity. Approachesproposedin this thesiscouldbeeasilyextendedinto thesedomains.For

example,somedatacould be moreprivatethanotherdata. In this sense,datasecurity

visualizationcouldtakeadvantageof thetechniquesproposedin this thesis.
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