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Abstract

Dataquality, which refersto correctnessyncertainty completenesandotheraspectof
data,hasbecamemoreand more prevalentandhasbeenaddressea@crossmultiple dis-
ciplines. Dataquality could beintroducedandpresentedn ary of the datamanipulation
processesuchasdatacollection,transformationandvisualization.

Datavisualizationis a procesf datamining andanalysisusinggraphicalpresenta-
tion andinterpretation.Thecorrectnesandcompletenessf thevisualizationdiscoveries
to a large extent dependon the quality of the original data. Without the integration of
quality informationwith datapresentationthe analysisof datausingvisualizationis in-
completeat bestandcanleadto inaccurateor incorrectconclusionsat worst.

This thesisaddressethe issueof dataquality visualization.Incorporatingdataqual-
ity measureto the datadisplaysis challengingn thatthe displayis aptto be cluttered
whenfacedwith multiple dimensionsand datarecords. We investigateboth the incor-
porationof dataquality informationin traditionalmultivariatedatadisplaytechniquess
well asdevelopnovel visualizationandinteractiontoolsthatoperataen dataquality space.
We validateour resultsusingseveral datasetsthat have variablequality associatedvith

dimensionsrecordsanddatavalues.
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Chapter 1

Intr oduction

1.1 Motivation

DataQuality (DQ) problemsareincreasinglyevident,particularlyin organizationatiatabases.
A datacollectorcouldneglectto collectsomeof thedata;Peoplewho aresurneyedcould
bereluctantto answera speci ¢ questionErrorscouldbeintroducedduringthepostdata
processinglt wasreportedhat50%to 80%of computerizeatriminal recordsn theU.S.
were found to be inaccuratejncomplete,or ambiguouq1]. The socialand economic
impactof poorquality datais valuedin the billions of dollars[2, 3].

In abroadsensedataquality cancorrespondo ary form of dataaccurag, complete-
nesscertainty andconsistenyg, or any combinationof these.To datetherehasbeenno
uniform and rigorousde nition of dataquality. It caninclude statisticalvariationsor
spreaderrorsanddifferencesminimum-maximunrangevalues,noise,or missingdata
[4]. All of thesecould beintroducedin ary phaseduring the dataacquisition,transfor
mationandvisualizationprocess.The datasetacquiredmay shov someor all of these

properties:

Incompletenesslt is very commonthat valuesfor some elds of the datasetare



missing.

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

collecteddatacoulddeviate from actualvaluesbecaus®f aninaccuratesensor

Inconsistencythewholedatasetmaybenot consistentn termsof numericvalues,
or units. For example,a text descriptionmay appearin a eld wherea numeric

valueis expected.

In practice,dataquality problemsoften arisefrom the procesof collectionandex-
aminationwherehumanactuvities areinvolved. Generally dataquality issuesarea result
of the instrumentsand proceduresmplementedduring dataacquisitionand constraints
placedon the publicationof datain certainsituations,e.g. un-collecteddatabecausef
negligenceof collectors,datasourcecon dentiality, statisticalsamplingthatitself is not
areliableprocess,a wed experimentationandestimatedr aggreateddata.

Dataquality hasbeenanimportanttopic in mary researclcommunities.The nature
of dataquality meanglifferentthingsto differentgroups.Databaseesearcheranddevel-
opershave focusedon concurreng controlandrecovery techniquesswell asenforcing
integrity constraintsMore recentlydataquality hasemegedasanindependendiscipline
relatedto (1) databasemanagementsecurity real-time processingof dataoriginating
from differentsources|2) tradeofs betweensecurity integrity andreal-timeprocessing
and(3) quality of service[5].

In Total Data Quality Managemen{TDQM), dataquality, or informationquality in
this contet, is studiedin the contet of quality managemeni2]. Heredataaretreated
asa productanddataquality is studiedin termsof its de nition andmodelingin various
aspect$l]. Forinstancecompletenesgonsistenceaccurag andotheraspectsnvolving
dataquality arede ned. It is acquiredoy surwey to thedataadministratoin theprocesses

to getthe measurement®r thesequality aspects.
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For yearsmary researchers the GeographidnformationSystem(GIS) community
have beenengagedn investigatingthe topic of dataquality and uncertaintyin spatial
databasesBeinglisted asa key researchnitiative by both the NationalCenterfor Geo-
graphicinformationandAnalysis(NCGIA) in thelate 1980sandthe University Consor
tium for GeographidnformationSciencg UCGIS)in themid-1990sndicatesheimpor-
tanceof dataquality in this community To date,theresearcthasspanned wide variety
of sub-topicgangingfrom uncertaintymodelingandcomputatiorto dataquality visual-
ization,andusingtheseprocedureso helpdealwith spatialdatauncertaintyin decision
making[6].

Informationvisualizationis an increasinglyimportanttechniquefor the exploration
and analysisof the large, complex datasets. Visualizationtakes advantageof the im-
mensgower, bandwidth andpatternrecognitioncapabilitiesof the humanvisualsystem.
However, suchpoweris limited by the visualizationitself, thatis, the conclusiongdravn
from the graphicrepresentatioareat bestasaccurateasthe visualization. Therefore to
maintainthe integrity of datavisualexplorationit is highly importantto designa visual-
ization so asto corvey preciselythe exactinformationrepresentedby dataitself. With
few exceptionsmostcurrentpracticeshave ignoreddataquality issuesandpresumehat
datahave been Itered in previousproceduresndarecompletelyaccurate.

Theabore mentionedassumptioris incorrect,or inaccurateatleast.Partof thereason
is thatdifferentdatarecordsdimensionspr datavaluesfor aspeci ¢ eld mayhave dif-
ferentdegreesof quality. By removing all imperfectdatawithout consideratiorfor their
guality, theconclusiordravn from therenderedrisualizationof Itered dataisinaccurate.
This leadsto the demandor visualizationtoolsthatincorporatedataquality information
into datadisplays.With existing techniquesuchaslevel of detail,linking andbrushing
andotheruserinteractionsa usercould be madeaware of dataquality measuresvhen

he(sheexploresthe databothin dataspaceandquality space.



Visualizationand communicatiorof potentiallylarge and complex amountsof data
quality information presentsa challenge. The dataquality could be multidimensional
andcompl. It variesfrom datasetto datasetandthe needfor suchinformationwill
vary by application.If we assumdhatdatahasbeenprocesse@ndchecled sufciently
sothatgrosserrorshave beenremoved, we still facethe problemof presentingo users
the appropriatedatafor their needs. The volumeof informationrequiredto adequately

describedataquality is thuspotentiallyquitelarge.

1.2 Data Quality

Dataquality is a multi-facetedattribute of the data,whetherfrom measurementsndob-
senationsof somephenomenonor the predictionsmadefrom them. It may include
several conceptsjncluding error, accurayg, precision,validity, uncertainty noise,com-
pletenesscon dence,andreliability. Althoughthereis no consensusr universallyrec-
ognizedde nition for dataquality, severalaspect®f dataquality thatcouldbe presenin

dataarediscussedbelow.

1.2.1 Missing Data

Missingdatais a ubiquitousproblemin datacollection.In atypical dataset,information
may be missingfor somevariablesfor somerecords.In surweysthataskpeopleto report
theirincome for example asizablefractionof therespondentsypically refuseto answer
Peopleoftenoverlookor forgetto answersomeof the questionsEventrainedinterview-
ersoccasionallymayneglectto asksomequestionsSometimesespondentsaythatthey
justdo not know the answeror do not have theinformationavailableto them.

In dataanalysis,the simplestway to dealwith missingdatais called completecase

analysig7], whereif a casehasarny missingdatafor ary of thevariablesn theanalysis,



the entirecaseis excludedfrom the analysis.Theresultis a datasetthathasno missing
dataandcanbeanalyzedy arny corventionalmethod.Completecaseanalysiss effective
in occasionsvhereonly a small portion of the dataare missing,for example,lessthan
2%.

In mary applicationscompletecaseanalysiscanexcludea largefractionof theorigi-
nalsamplesandthuscangenerateesultsthatdon't represenall thedatacollected.Alter-
native algorithmshave beendevelopedto computeestimatedor suchmissingdata,such
asmaximumliklihood, multiple imputationandnearesneighbormethodqd8], which of-
fer substantiaimprovementsover completecaseanalysis.

All thesealgorithmsare developedbasedupon certainassumptions.For example,
Missing At Randomis assumedor thesealgorithms.It is essentiato keepin mind that
thesemethods,aswell asothers,cannotbe usedubiquitouslyto treatall missingdata
caseswith goodresults. Their performancdargely dependson certaineasily violated
assumptiondor their validity. Not only that, thereis often no way to testwhetheror
not the mostcrucialassumptionaresatis ed. Althoughsomemissingdatamethodsare
clearlybetterthanothers noneof themcanbedescribedasperfect.

The above mentionedfactsinspiredus to examineand validatethe correctnesand
effectivenessof missingdataalgorithmsusing the power of information visualization.
This is one of the major motivationsin this thesis,to visualizethe datawith derved
guality value by the abore mentionedalgorithmsandto evaluatethesealgorithmsby

visualizationaswell.

1.2.2 Uncertainty

Uncertaintyis anotheraspectof dataquality. It includesstatisticalvariationsor spread,
errorsanddifferencesminimum-maximunrangevalues,andnoise.NIST classi ed un-

certaintyinto thesecategories[9]:



statistical- eithergiven by the estimatedneanand standarddeviation, which can

beusedto calculatea con denceinterval, or anactualdistribution of thedata;

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

betweera known correctdatumandan estimateand

range- aninterval in which thedatamustexist, but which cannotbe quanti ed into

eitherthestatisticalor errorde nition.

The major sourceof uncertaintyof datais from dataacquisition. It is clearthatall
datasets whetherfrom instrumentmeasurementsr numericalmodels have a statistical
variation. With instrumentsthereis an experimentalvariability, whetherthe measure-
mentsaretaken by a machineor by a scientist. The sameis true for datafrom numerical
modelsandhumanobsenationsor inputs.

Anothersourceof datauncertaintyis from datatransformation.Rav dataaresome-
timesnot renderedlirectly but aresubjectto furthertransformationsvith or without the
knowledgeof the persondoing the visualizationtask. Thesetransformationsgnay be as
simpleascorversionfrom oneunit of measuremerib anotheror mayinvolve somealgo-
rithmsto fuseseveraldatasetsinto one,or to interpolateor smoothfor certainpurposes.
All of thesetransformationslter the datafrom its original form, andhave the potential

of introducingsomeuncertainty

1.2.3 Consistency Completenessaand Other Aspects

Dataquality is a multi-dimensionaktonceptin nature[10]. Whattype of metricsof data
quality or an aggreation of thesemetricsis subjectve to the requestset by the user
Completenesss the extentto which datais not missingandis of sufcient breadthand
depthfor thetaskat hand.Onecande ne the conceptof schemaompletenessyhichis

the degreeto which entitiesandattributesare not missingfrom the schemaOthercases
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of completenessould be, for example,that a columnthat shouldcontainat leastone
occurrencef eachof the 50 statesput it only contains43 states.

Consisteng measuresestif the datais presentedn the sameformat. It canalsobe
viewedfrom anumberof perspecties,onebeingconsistenyg of thesamedatatypevalues

acrosdables.Integrity checking[11] is anexampleof consisteng measurement.

1.3 Information Visualization

Informationvisualizationis a visual depictionor externalrepresentationf datathat ex-
ploits humanvisual processingo reducethe cognitive loadsof task[12]. Endeaors
thatrequireunderstandingf global or local structurecanbe handledmoreeasilywhen
that structureis interpretedby the visual processingcentersof the brain, often without
consciousattention,thanwhenthat structurehasto be cognitively inferredandkeptin
working memory “External representationshangethe natureof a task: an external
memoryaid anchorsandstructurescognitive behaior by providing informationthatcan
bedirectly percevedandusedwithout beinginterpretedandformulatedexplicitly” [13].

The eld of informationvisualizationdravs on ideasfrom several disciplines:com-
putersciencepsychologygraphicdesign,cartographyandart. It hasgraduallyemeged
overthepast fteen yearsasadistinct eld with its own researclprinciplesandpractices.
In short,the principle of informationvisualizationcanberecappeds:

Visual encoding:In all visualization,graphicalelementsare usedasa visual syntax
to represensemanticmeaning[14]. For instance,color can be usedto representhe
temperatureof a placein a weathermap wherered representiot and white or blue
representgold, eventhoughthe blue color hasthe highestcolor temperature.We call
thesemappingsof informationto displayelementsisualencodingsandthecombination

of severalencodingsn asingledisplayresultsin a completevisualmetaphor



Interactions:Interactvity is the greatchallengeandopportunityof informationvisu-
alization. The adwent of computerssetsthe stagefor designinginteractve visualization

systemsf unprecedentegower and e xibility . Interactve operationsnclude:

Navigation Interactve navigation consistsof changingthe viewpoint or the posi-

tion of anobjectin ascene.

Brush and Linking: Viewers are provided with a powerful utility to focuson a

speci ¢ dataareaby highlightingthe userspeci ed area.

Animation Viewershave a much easiertime retainingtheir mentalmodel of an
objectif changedo its structureor its position are shavn as smoothtransitions

insteadof discretgumps.

Evaluation: Evaluationplaysa centralpartin 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 alternatves. Evaluationcanbe carriedout by a quantitve measure
or a carefully designeduserstudy A visualizationtool canbe quantitatvely evaluated
on whetherit is fasteror harderthan othertools. Usertestingsrangesfrom informal
usabilityobsenationsin aniterative designcycle to full formal studiesdesignedo gather
statisticallysigni cant results.

XmdvToolis apublicdomainmultivariatedatavisualizatiorntool developedat WPI[15].
XmdvTool wasinitially developedo exploredataby theintegrationof four kindsof plots:
scatterplomatrix, parallelcoordinatesglyphsanddimensionaktacking.Techniquegor
linking and brushingwere alsodevelopedto enrichthe userinteraction[16]. Recently
visualhierarchicalklusteringtechniqueg17] andinterRing[18] weredevelopedto cope
with large datasetswith high dimensionality We have implementecur dataquality vi-

sualizationson the currentXmdvTool platform. In the developmentof visualizationgor

8



dataquality, we followed the recognizedechniquedrom the information visualization

community suchas multiple resolutions linking and brushing,and other userinterac-

tions.

1.4

ThesisApproachand Contrib utions

The primary contributionsof this thesisinclude:

Data quality de nition for visualization We give a quality de nition framework
thatincludesdatarecord,dimensiorandvaluequality. We provide amodelfor data
guality estimationfor datasetsso thatvisualizationscanbe built thatincorporate

them.

\isual variable analysis The expressvenessandrepresentatiocapabilityandef-
cacity of visualvariablesareanalyzedn the context of dataquality visualization.
In amodestsensehis effort is validatedby our currentprototypesor dataquality

displays.

Integrating visualizationof datawith quality information dataquality wasincorpo-
ratedinto severalmultivariatedatadisplayssoasto inform the userof dataquality

whenhe(sheexploresthedata.

\Misualizationin data quality space Displayingthe dataquality informationin a
separateview hasthe potentialto corvey a clearerinterpretationof dataand its

guality attributes.

Userinteractions Differentinteractve tools areprovided so asto enableusersto

explorethedatabothin dataspaceandquality space.



1.5 ThesisOrganization

This thesisbeginswith motivationfor the visualizationof datawith variablequality and
backgroundintroductionon dataquality and information visualization,followed by a
summaryof our researctapproacheandcontributions.

In Chapter2, relatedwork is discussed.Techniquedor the visualizationof missing
data,uncertaintyanddataquality visualizationarereviewed.

Thenext vechaptergliscussourapproacheandcasestudies.

In Chapter3 we investigatehe mappingfrom quality measures$o graphicvariables.
The optionsfor quality measureandgraphicsvariablesthe possiblemappingsetween
them,andapplicabilityfor our displaysareanalyzedn this chapter

In Chapter, we provide thedataquality de nition in this thesis wherethedataqual-
ity is de ned in termsof datarecordsdimensionanddatavalues.Imputationalgorithms
for missingdatathatare usedarediscussedQuality measureslerived from thesealgo-
rithmsarestated.

Chapter5 is dedicatedto the discussionof our currentapproaches.Basedon the
analysisof visualvariableswe incorporateour dataquality visualizationinto theexisting
XmdvTool displays. The effectivenessof displayswhenincorporatedwith dataquality
arediscussedThedisplayin quality spacejnteractionbetweerdataanddataquality and
animationarepresented.

Chapter6 discusseshe implementatiorof the above approachesModulesthat are
implementedfor dataquality visualizationand their implementationand relation with
existing systemfunctionsin XmdvTool arediscussed.

Chapter7 presentsasestudies.In this chapterthe algorithmsto tacklemissingdata,
the prevalentdatatype with quality problems,arereviewed. The effectivenessand ef -

cieng of visualizationin lieu of checkingthe correctnessf thesealgorithmsarefurther

10



discussed.
We concludethis thesisin Chapter8 with discussionsand possiblefuture research

directions.
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Chapter 2

RelatedWork

As mentionedbefore,dataquality issueshave beenstudiedoby differentresearcltommu-
nitiesin a variety of aspectsncluding missingdatavisualization,de nition, modeling,
andcomputationof uncertainty concurreng control for heterogeneoudatabaséusion,
andanalysiscontrol,andimprovementof dataquality in the context of global datatran-

sitions. Someof theseareelaboratediponbelow.

2.1 Missing Data Visualization

Missing datahasa directimpacton the quality of a dataset. Whendatais collected the
valuesfor certain elds may be omittedfor a variety of reasonssuchas negligenceof
datacollectorsand datasourcecon dentiality. Visualizationof datasetswith missing
valuesis of interestto severalresearctyroups.

XGOBI [19] is adatavisualizationandanalysistool with the ability to handlemiss-
ing data. It employs statisticalanalysisalgorithmssuchas multiple imputationto esti-
matevaluesfor missing elds, which arethenusedto represenmissingdatain displays.

XGOBI allows theusera choiceof differentwaysto view the missingdata. Theusercan

12



plot the missingdatawith therestof the dataandthen,on a graphnext to thatplot, just
therecordsmissingdataor just therecordsthatarenot missingdata.Figure2.1 shovs a

view of the datawith the missingvalues.

] wiew: X¥Plot || G Tools || & Display

ALBLIMIN
<

Change Direction

100 200 300
ALEPHOS

L: Select % ||

Figure2.1: Missing datain XGobi. The missing elds wereimputedanddravn with a
mark to differentiatethem from regular datarecords. The dataentry whosehorizontal
eld weremissedweredravn with a vertical bar insidethe datacircles, while the data
itemswith verticaldimensionvaluemissingweredravn with a horizontalbarinsidethe

datacircles[19].

MANET (Missing Are Now Equally Treated)[20, 21] is anothervisualizationtool
thatis speciallydesignedo copewith missingdata. MANET allows missingdatato be

imputedanddisplayedin mary differentways. Theimputedvaluescanbe displayedas

13



partof a bar chart,wherethe missingdataare a differentcolor thanthe restof the bar.
MANET will alsoallow the datato be plottedon a 2-dimensionakcatterplot.Imputed
valuesareplottedalongthe axisthatcorrespondso the valuethatis missing.Figure2.2

shows suchaplot.

®=axis 17 'LHead’, y-axis iz 'LChest",

Figure2.2: Manetdisplay Missingdatavalueswereimputedanddisplayedoy projecting
themonto the axes. In addition,therearethreeboxesin the lower left cornerfor user
selection. Userscanview dataitemswith only the x value missing,only they value
missing,andbothvaluesmissing.Bright pointsindicatewhereoverlappinghasoccurred
[20].

Both Xgobi and Manet generateestimatedvaluesfor the missing elds by the use
of statisticalinferencealgorithms.Thenthey presengraphicdisplayswherethe missing

elds arereplacedy theestimatedralueswith indicatorsattachedo show thatvaluesfor
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those elds aremissing. While they presenthe integrateddatadisplaysandmake users
informedthatthevaluesaremissingandestimatedraluesareusedfor certain elds, users

often have noideawhetherthe estimatedraluescanbetrustedor not.

2.2 Uncertainty Visualization

Datauncertaintyis afacetof dataquality thathasbeenstudiedfor spatio-temporalatabases
in theGIS community TheNCGIA initiativeon”Visualizingthe Quality of Spatiallnfor-
mation” [6] discussedhe component®f dataquality, representationassuesthe devel-
opmentandmaintenancef datamodelsanddatabasethatsupportdataquality informa-
tion, andevaluationof visualizationsolutionsin the contet of userneedsandperceptual
andcognitive skills.

After the NCGIA initiative, a urry of actvities have focusedon uncertaintyde ni-
tion, modeling,computatiorandvisualization22]. Especiallyfor visualization different
practicesn termsof graphicvariablemappingshave beentested.Useof color, hue,tex-
ture,fog andfocusin staticrenderingof uncertaintyanduseof animation, ashing alter
natively of dataanduncertaintyin dynamicdisplayshave beendiscussedn [6]. Several
casestudiedfor handlingspatialdataquality have beenreportedn [22].

Pang[23, 4] addressedhe problemof the visualizationof both the dataand rele-
vantuncertainty He sunweyedtechniquedor presentingdatatogetherwith uncertainty
Thesetechniguesncludeaddingglyphs,addinggeometrymodifying geometrymodify-
ing attributes,animation,soni cation, and psycho-visuahpproachesHe presentedhe
researchresultsin uncertaintyvisualizationfor ervironmentaldatavisualization,surface
interpolation globalillumination with radiosity o w visualizationand gure animation.
Figure2.3is anexampleof uncertaintyvisualizationappliedto oceancurrents.

In [24], visualizationof spatio-temporatlataquality is studiedunder ve dimensions
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Figure2.3: Oceancurrentsareshovn with arronv glypheswhosecolorsaremappedo the
magnitudeof theuncertainty Thebackgroundeld indicatesangularuncertainty{23].

- quality, threecoordinatepositionsandtime. It providesatool to encapsulat¢he data
readingsandvisualizationso asto permitthe easytransitionfrom statisticalanalysisal-
gorithmsto visualincorporation.In this paperaquality measur@andestimatiormethods
are presented.The resultingvisualizationsystemallows usersto map ve-dimensional
datato ve graphicalattributes,whereeachattribute may be displayedin one of three
modes:continuoussampledpr constant.

Thesetechniquesare predominantlydirectedtoward spatio-temporatiataanddo not
always extend readily to multivariatedata. For example,in mostdisplaysfor spatio-
temporaldata, either 3D or 2D displayscould be usedwhere a sequencef displays
convey thetemporalvariations.Whendealingwith multivariatedata,we facemary more

challengesn thatoftenlimited resourcegspaceandgraphicalvariables)areavailable.
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2.3 Data Quality in the DatabaseCommunity

Uncertainty imprecisionandtradeofs betweerprecisionandef ciency aretopicsof re-
centresearchin the databaseommunity[25, 26, 27, 28, 29, 30, 31]. [25, 26] studied
probabilisticquery evaluationin sensordatabasesvhere uncertaintyis inevitable, and
addressedhe issueof measuringhe quality of the answerto thesequeries. They also
provided algorithmsfor ef ciently pulling datafrom relevantsensorsor moving objects
in orderto improve the quality of the excuting queries.Similarly, [30, 31] addressethe
problemof queryingmoving objectdatabasesyhich capturetheinherentuncertaintyas-
sociatedwith the locationof moving point objectsby modeling,constructingandquery-
ing a trajectoriesdatabase[27, 28, 29] focuson cachingproblemsto achiese the best
possibleperformanceéy dynamicallyandadaptvely settingapproximatecachedvalues
andsynchronizingwith sourcecoorporation.

Uncertaintyis anotherresearchaspectfor temporaland spatio-temporaktreaming
data[32, 33, 34, 35]. Both [32] and[33] investigatedaggreationcomputingover con-
tinual datastreamsyherein [32] the authorstake anapproactof single-passechniques
for approximatecomputationof correlatedaggreatesover both landmarkand sliding
window views of a datastreamof tuples,andin [33] the authorsmaintainaggreations
over datastreamsusing multiple levels of temporalgranularity [34] addresseaontin-
uousqueriesover streamdy presentinga continuouslyadaptve, continuousqueryim-
plementatiorbasedon the query processingramenork. [35] proposedan optimization
framavork that aims at maximizingthe outputrate of query evaluationplansfor query

optimizationfor streamingnformationsources.
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2.4 Data Quality in Information Management

Data quality researchin the information managementommunity focuseson the data
guality improvementthrougha cycle of dataquality de nition, evaluationandimprove-
ment[2]. Firstaninfrastructures de ned andprototypedwheredataquality attributes
onvariousdatagranulesarede ned. Thenthesevaluesareobtainedusingusersuneys,
wherethede ned dataquality measuresredirectly acquiredrom datamanager®y ask-
ing themquestions.Finally quality attributesvaluesare madeavailableto systemsand
peoplethat use eachdatagranuleand track the impactof providing quality valueson
decision-makrsanddecisions.

SinceWang[2] launchedaframawvork for analysisof dataquality, mary peoplehave
performedresearcton dataquality, or informationquality in this context. [11] addressed
dataintegrity issues.They meigeddataintegrity theorywith managementheoriesabout
guality improvement. [10, 36] discussednformation quality assessmerdandimprove-
ment. They developeda methodologyandillustratedit throughapplicationto severalma-
jor organizations.

Researcherfsom boththedatabasandinformationmanagemertommonlyaddressed
thedataquality from differentpointof views. Peoplérom thedatabasareaaremorecon-
cernedwith theanalysissideof dataquality suchasqueryquality andquality of service,
while informationmanagersremorefocusedon managemenf the quality andhow to
improve the quality throughpracticalapproachesWe believe that dataquality visual-
ization, asatool to incorporatedatadisplay and dataquality display will benit these

researclgroup.
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Chapter 3

Visual Variable Analysis

Thevisualcommunicatiorchannebetweenra datasourceanda dataanalystexperiences
aproces®f informationextraction,encodingyenderingandinterpretatior{37]. Firstthe
relevantinformationis extractedfrom the datasource. It thenis encodedn a display
model, which is thenrendered. The last stepis the interpretationof the nal display
In eachstepthe datasourceis re ned, limited by the capabilitiesand ef ciency of the
processTheresultingprocessnay exhibit signi cant informationloss. For example the
quality of informationextractionis limited to the ef ciency of the extractionalgorithm;
renderings limited to thehardwarecapabilitiesandinterpretations subjectto the Gestalt
laws of organizationwhich arerulesthat describewhat humansshouldperceve under
certainconditions.

The above mentionedvisualcommunicatiorchannekcanincludea feedbacKoop for
aninteractve visualization. For example,whenthe userpercevesthe visual display of
thedata,he(sheanperformsomeoperationsitheron thedataor onthedisplayto gain

furtherinsight.
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3.1 Visual Encoding

The centralpartof the visualcommunicatiorchannelencodingwhich translateshe ex-
tractedinformationin the dataspacento a displaymodelin designspacejs the taskof
visualdesign.Visualdesigninvolvesthedatavariable(dimension)ropertiesanalysisyi-
sualvariable(suchascolor, sizeandtexture)analysisdecidingonthe mappingfrom data
variablego visualvariablesanddeterminatiorof thevisualmetapho 2D or 3D display
trees,networks, or ary othermetaphors)38]. In certainsituationsthe visual metaphor
is alreadydecided sothe mappingfrom datavariablesto visual variablesconstituteghe
predominantaskfor thevisualdesign.

In [39] it is statedthatevery datadimensionhasan abstracimeasuremerdassociated
with it. Thesearenominal,ordinal,interval andratio levels. Theinterval andratio levels
are sometimesombinedas one quantitatve level [40]. The nominallevel includesall
categoricalinformationsuchasa productname countrycode,or food type. The orderof
theitemsin thislevel is arbitrary Theordinallevel groupsinformationinto cateyoriesin
acertainordersothattheitemsin thislevel canbejudgedby relationshipsuchasgreater
thanor smallerthan. In the quantitatve level, the item is quanti ed andis represented
by a numericvalue. Quanti ed itemsnot only could be groupedinto categoriesandbe
comparedandjudged,but alsocould corvey further detailedinformationsuchas”how
longagoA happenedbeforeB” and”’to whatextentis A biggerthanB”.

We noticethatthelevelsof classi cationfor dimensionsave differentpropertiesand
have differentrepresentationalapacityor expressveness.The quantitatve level hasthe
most power of expressvenessfollowed in orderby ordinal andnominallevels. More
informationcanbe expressedvith a level of classi cationwith greaterrepresentational
capacity

Bertin's [41, 42] retinal variablessemiologyhasbeenwidely referenced.He desig-
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natesthe level of visualvariablerepresentatiocapabilityinto four catejories. They are
associatie, whereary objectcanbeisolatedasbelongingto thesamecateyory, selectve,
whereeachobjectcanbe groupedinto a category differencedby this variable,ordered,
which allows eachelementto be groupedinto anorderof scale,andquantitatve, where
eachelementcanbe comparedo be greateror lessthananotherelement.He identi ed
propertieof graphicalystemsalongwith thesix retinalvariablesandtwo positionvari-
ables(for two-dimensionatlisplays)thatare percevedby theuser Theretinalvariables
aresize (lengthandarea),shape texture, color, orientation(or slope),andvalue. Each
variablecanbeclassi edusingpoints,linesandareasFigure3.1shows propertieof the
six retinalvariables Moreover, color maybedescribedy hue,saturatiorandbrightness,
andattributessuchastransparencandanimationmay be added.The level of organiza-
tion canbe comparedwith the retinal variablesin the classi cation of points,linesand

areas.

Retinal |Point, Line or
Variable Area
Shape p.l,a

Associative | Selective Ordered | Quantitative

Orientation

Color
Texture
Value
Size
Planar
Dimensions

AN NN ANS

T DT

T N S
T NN

. £

Figure3.1: RetinalVariables

Thecritical insightof Clevelandwasthatnotall perceptuathannelsarecreatedequal:
somehave provably morerepresentationgdowerthanothersbecausef the constraintof
thehumanperceptuasysten{43]. MackinlayextendedClevelandsanalysiswvith another
key insightthatthe ef cacy of a perceptuathanneldepend®n the characteristicef the

data[44].
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Theefcacy of aretinalvariabledepend®nthedatatype: for instancehuecodingis
highly salientfor nominaldatabut muchlesseffective for quantitatve data.Sizeor length
codingis highly effective for quantitatve data,but lessusefulfor ordinalor nominaldata.
Shapecodingis ill-suited for quantitatie or ordinaldata,but somavhatmoreappropriate
for nominaldata.

Spatialpositionis the most effective way to encodeary kind of data: quantitatve,
ordinal,or nominal. The power and e xibility of spatialpositionmakesit the mostfun-
damentafactorin thechoiceof avisualmetaphorfor informationvisualization.

Anotherissuen visualvariableselections interactionbetweerthem,namelyintegral
or separablelimensionsPerceptuatlimensiongall onacontinuumrangingfrom almost
completelyseparablao highly integrated. Separablalimensionsarethe mostdesirable
for visualization,sincewe cantreatthemasorthogonaland combinethemwithout any
visualor perceptuatcross-talk”. For example,positionis highly separablérom color. In
contrastyedandgreenhueperceptionsendto interferewith eachotherbecausehey are

integratedinto a holistic perceptiorof yellow light.

3.2 Algebraic Formalizational Analysis

We seemto be able to target the correspondingrisual variablefor eachdatavariable
(dimension)by comparingtheir levels. That's oftennot sufcient. Part of the reasonis
thatdataquality is multi-dimensionalwhereeachdimensiorhasadifferentmeasurena
certainaspectEventhoughall thesedimensionvaluesarequantitatve, we cannotsimply
mapquality to a visual variablethathasquantitatve expressve capability For example,
additionaluncertaintyis differentfrom additionalweight even thoughboth of themare
guantitatve.

An alternatve is basedon the mathematicaktonceptsof algebraand morphismto
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assesshe potentialfor communicationof a speci ¢ messagehrougha visual channel
[45, 46]. Underthis concept,both the datavariables(dimensions)yndvisual variables
could be representedby an algebra,which includesa value setand a setof operations
thatcanbeapplicableon them. For example,the operationof comparisor{(order)canbe

applicableto a quantitatve precisionmeasure.Communicatiorof meaningis achieved

by a correspondencketweerthe behaior of the dataandvisual variables.This means
thatthe sameoperationswith the samepropertiesshouldbe available.

Underthe assumptiorthat dataquality canonly be effectively communicatedising
visual variablesthat have a similar behaior (operations)to the quality measureto be
visualized,the taskof visual mappingbecomesne of searchingor the visual variable
thathasasmary of the sameoperationsaspossibleasthe datavariableitself.

Taking into accountfour typesof displaysbeing considered parallel coordinates,
scatterplotmatrix, glyphs and dimensionalstacking,we choosesix visual variablesto
investigatefor communicatingquality information. They are color, opacity the third
dimension,line width, point size andline style. Color and opacity are from the same
type of visual variable and are often chosenbecauseof easyimplementationwithout
additionalspace.The third dimensionis choserbecausall of our currentdisplaysare
two dimensional,and using the third dimensionto corvey the dataquality measures
a plausibleapproach. Line width and point size have similar propertiesbut are only
applicableto certaindisplays. Line style could be regardedas an alternatve to texture
andalsois only applicableto certaindisplays.

Thosechosenvisual variablesand the operationsthat can be appliedon them are
shavn in Figure3.2. NoticedthathumanGestaltcapabilitieson additionandsubtraction
of color spaceis limited eventhoughthoseoperationsareapplicableto them. The third
dimension,line width and point size, are from the samecateyory where operationsof

comparisonjinear production,addition and subtractioncan be applied. Line style can
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usuallyonly be usedto represenhominaldata,exceptwhencombinedwith othervisual

variablesjn thatno operationcanbeappliedto it.

Graphic variables | Operations
COlOl‘ +, - (difficult to discern)
Opaoity ‘h = (difficult to discern)
Third dimension +, = (ctuter)
V\-’Tidth +, = (limited to displays)
Dot SiZC +, - (timited to displays)

Line style (dotted) |None

Figure3.2: Visual Variablesfor DataQuality Display

Thedatavariablesn our contet aredataquality measuresAs discusse@bove, data
guality measuresare complicatedand can correspondo multiple aspectsof the data.
Quality measuresn differentaspectof datacould have differentapplicableoperations.
In this thesiswe assumehatthe dataquality measuras quantitatve andscalar Also we
assumehatoperation®f comparisonadditionandsubtractiorcouldbe appliedto it.

Accordingto the principle that the visual variableshould have as mary operations
that canbe applicableto it asthe correspondinglatavariable,the bestvisual variables
will be the third dimension,line width and point size. Although color alsohassimilar
operationdo the dataquality measureit is limited to Gestaltinterpretatiorevenwith the
help of color scales.Taking a furtherlook at the bestvisual variablesiit is not dif cult
to concludethatin our situationthe third dimensionis the bestvisual variablefor data
guality measuren thatline width andpoint sizeareonly applicableto certaindisplaysin

thevisualizationmethodseingextendedo incorporatedataquality.
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3.3 Pre-attentive Processing

Anotherfundamentalognitive principle is whetherprocessingf informationis done
deliberatelyor pre-consciouslySomelow-level visualinformationis processe@utomat-
ically by thehumanperceptuasystemwithoutthe consciougocusof attention.Thistype
of processings calledautomatic pre-attentre, or selectve. An exampleof pre-attentre
processings thevisualpop-outeffectthatoccurswhena singleyellow objectis instantly
distinguishablefrom a seaof grey objects,or a single large object catchesone's eye.

Exploiting pre-cognitve processings desirablein a visualizationsystemso that cogni-
tive resourcesanbe freedup for othertasks.Many featurescanbe pre-attentrely pro-

cessedincludinglength,orientation,contrast curvature,shapeandhue[47]. However,

pre-attentre processingwill work for only a single featurein all but a few exceptional
cases.Thusmostsearche#volving a conjunctionof morethanonefeaturearenot pre-
cognitive. For instance a red squareamongred circlesandgreensquareswill not pop

out,andcanbediscoveredonly by a muchslower consciousearchprocess.

3.4 Metrics for Visual Displays

Metricsfor visualdisplaysaremeasuresf how effective aninformationvisualizationis.
Several efforts have focusedon building metricsfor visual displays. [48, 49, 50] gave
guidelinesfor goodgraphicdesignpracticesandprovided somebasicmetricsfor 2D and
3D representationsBertin [42, 41] classi ed and characterizedome3D information
graphictypes. [51] proposedour metricsfor evaluating3D visualizations:numberof
datapoints and datadensity; numberof dimensionsand cognitive overhead;occlusion
percentageandreferencecontext andpercentagef identi able points. Card[38] inves-
tigatedthe mappingdetweerdataandvisualpresentationandfacilitatedcomparisonsf

visualizationsby categorizingthe visual datatypespresenin the displayandpresenting
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this informationin morphologicaltables. Recentwork on metricsfor visual displaysis
presentedhn [52, 53], wheremetricsaredevelopedbasecn a theoreticaframewnork that
incorporategaskrequirementscharacteristic®f representationalementsand correct
mappingdbetweertaskandrepresentationnformationcontentmeasurepasecn math-
ematicalcommunicatiortheoryor informationtheoryis usedto quantifytheinformation

contentof adisplay
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Chapter 4

Data Quality Metrics

As discussedn the previous chaptersdataquality hasmultiple aspectandhasa differ-
entde nition andmeasuradependingon the disciplinesandapplicationsfor whichiit is
applied.In informationvisualization,a dominantissueinvolving dataquality is missing
data. We take this problemasan opportunityto examineour dataquality visualization
methodsandasa startto addresslataquality visualization.

Data may come with quality informationimplied in the datasetitself. Someare
explicitly de ned, suchasthe missingvalues. Othersare hiddenand may needsome
statisticalanalysisto uncover them, e.g.,datainconsisteng, wheredatarecordsdid not
follow patternsthat areintrinsic to the dataset. In addition, dataquality information
could be associatedvith datarecords,datadimensions,or a datavalue within a data
record.All of this dataquality informationneedso beidenti ed for effective evaluation
andvisualization.

Our focuswasincompletedata,wherevaluesfor some elds aremissing. Statistical
analyticalmethods(e.g., multiple imputationand maximumliklihood algorithms)were
employed to estimatethe missing elds, and simultaneouslythe quality informationis
acquiredfrom thesealgorithms. A future goalfor this analysiscould be to incorporate
morealgorithmsfrom othercommunities.

In this chapter we rst examine somealgorithmsfor imputing valuesfor missing
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elds, namelynearesheighborand multiple imputationapproachesThenwe give the

quality measurale nition andalgorithmusedin thisthesis.

4.1 Imputing Algorithms

In this sectionwe intendto discusstwo imputationalgorithmsthat areimplementedas

partof this thesis namely nearesheighborandmultiple imputation.

4.1.1 NearestNeighbor

NearesiNeighborestimationis a procesdy which missingvaluesin a datasetare lled
in with estimatedvaluesbasedon similarity betweena recordwith a missingvalueand
thosenot missingthe correspondingalue[7].

To estimatea missingvaluein a dataset, the k dataitemswith the closestpro le
(smallestdistance)to the dataitem containingthe missingvalue are determined. The
missingvalueis thencomputedas a weightedaverageof the k valuesin that group of
neighbors.Thek nearesneighborscanbe computedonly on completerecords.Missing
valueshave to be lled in with aninitial approximation.The distancebetweentwo data
itemsis computedusingEuclideandistancen a n-dimensionakpace.

Theinputto this algorithmis anincompletedatasetthe outputis a completedataset.
K is anintegerrepresentinghe numberof nearesneighborgo betakeninto considera-
tion.

TheNearesNeighboralgorithmusedin this thesishasthesesteps.

Stepl: All missingvaluesin the selecteddatasetareinitially approximatedwith

the meanof the correspondinglimensionfrom the completedata.

Step2: For eachdataitem, the distancego all otherdataitemsin an-dimensional
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spacearecomputed.
Step3: For eachdataitem, selectthek dataitemswith the smallestistanceo it.

Stepd: Replaceeachvaluethatwasmissingin thedataitem with theaverageof the

k valuesbelongingto thek nearestiataitemsfor the samedimension.

4.1.2 Multiple Imputation

Multiple Imputationis to repeatthe imputationprocessnorethanonce,producingmul-
tiple "completed”datasets[7]. Multiple randomimputationis usedin this thesis,where
for eachimputation,a randomnumberis dravn from the residualdistribution of each
imputedvariableandthoserandomnumbersareaddedo theimputedvalues.Becausef
therandomcomponentthe estimate®f the parametersf interestwill beslightly differ-
entfor eachimputeddataset. The ExpectationMaximization(EM) algorithmis usedto

estimatehe missing elds for eachsingleimputationin thisthesis.

EM Algorithm

The ExpectationMaximization (EM) algorithmis a very generalmethodfor obtaining
MaximumLiklihood (ML) estimatesvhensomeof thedataaremissing[7, 8]. It is called
EM becausét consistf two steps:anexpectationstepanda maximizationstep.These
two stepsarerepeatednultiple timesin aniterative processhateventuallycorvergesto
theML estimates.

TheE stepessentiallyeducego regressionmputationof themissingvalues.Suppose
our datasetcontainsfour variables X ; throughX,4, andtherearesomemissingdataon
eachvariable,in no particular pattern. We begin by choosingstarting valuesfor the
unknowvn parameterghatis, the meansandthe covariancematrix. Thesestartingvalues

canbe obtainedby the standardormulasfor samplemeansandcovariancesusingdata
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itemsthatarecomplete.Basedon the startingvaluesof the parametersye cancompute
coefcients for theregressiorof any onethe X son ary subsebf the otherthree.

After all the missingdatahasbeenimputed,the M stepconsistsof calculatingnew
valuesfor the meansandthe covariancegmatrix, usingthe imputeddataalongwith the
non-missingdata. For meansywe just usethe usualformulae. For variancesand covari-
ancesmodi ed formulasmustbe usedfor any termsthatinvolve missingdata. Speci -
cally, termsmustbe addedthat correspondo the residualvariancesandresidualcovari-
ancespasedn theregressiorequationsusedin theimputationprocess.The additionof
theresidualtermscorrectsfor the usualunderestimatiowf varianceghatoccursin more
cornventionalimputationschemes.

Oncewe have gottennew estimategor themeansandcovariancematrix, we startover
with the E step.Thatis, we usethe new estimateso producenew regressionmputations
for the missingvalues. We keepcycling throughthe E andM stepsuntil the estimates

converge,thatis, they hardly changdrom oneiterationto the next.

4.2 Quality Measure De nition

Threetypesof dataquality arede ned, namely quality measures termsof datadimen-
sions,datarecordsanddatavalues.Oftenthe datasetto be corveyed usinginformation
visualizationis takular in nature. We associatea quality measurdor eachdatarecord
andeachdimension.In addition,eachdata eld for a speci ¢ dimensionandrecordcan
have anassociatedjuality value. Thesequality values,for datarecords dimensionsand
data elds, areassumedo be quantitatve. How thesequality valuesareacquiredis not
ourfocus. They couldbetheuncertaintycon dencelevel, or estimatedzaluefrom some
statisticalanalysisalgorithm,suchasmultiple imputation.

In our work, wherewe have beenlooking at datasetswith missingvalues,a nearest
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neighboror multiple imputationalgorithmwasusedfor imputation. Statisticalnumbers,
fraction of standarddeviation andthe meanfrom multiple imputedvalues,were usedto
guantifythe quality. The quality measure$or datarecordsanddimensionsareestimated

usingthe averagefor the quality of thedata elds for thatdatarecordor dimensionasin

Figure4.1.
Void DataQualityDerivation(double imputed_data,
double  data quality,
double dimension_qua,
double record_qua,
intN, intM, int K)
/*
N - number of records;
M - number of dimensions;
K - number of imputations;
/
Begin
For (inti = 0;i < N;i+ +)
Begin
For (intj = 0;) < M;j + +)
Begin o .
data quality ] = S2ntar evaton (mpute i)
End
recquali] = average_of (data_quality [i][j ])
End
For (intj = 0;j < M;j + +)
Begin
dimension_qualj ] = average_of (data_quality [i][j ])
End
End

Figure4.1: DataQuality De nitions andDerivations

In the casestudy chaptey wherethe missingdataare createdfrom completedatato
examineimputationalgorithmsusing visualization,the datavalue quality computation
is slightly differentfrom the above. It is computedusingthe fraction of the difference

betweerthe actualvalueandimputedvalueto the actualvalue,asin Figure4.2.
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Void ComputeQualityForCreatedMissingData(double actual_data,
double imputed_data,

double  data quality,

double dimension_qua,

double record_qua,

intN, intM, int K)

/*

actual_data - original data;

imputed_data - imputed data from simulated missing data;

/

Begin
For (inti = 0;i < N;i+ +)
Begin
For (intj = 0;j < M;j + +)
Begin

: 1 1 — abs(actual _datalfi][j] mean _of (imputed _datal[i][j 1))
data_quality [i][j ] = actual _data[i][} ]
End

recquali] = average_of (data_quality [i][j ])

End

For (intj = 0;) < M;j + +)

Begin

dimension_qua[j ] = average_of (data_quality [i][j ])
End

End

Figure4.2: DataQuality Computatiorfor SimulatedMissing Data

4.3 Data Quality Store

Taking into accountdatavalue quality, thereis a quality measurefor eachdatavalue.
If the majority of the datavalueshave quality problems,it seemsto be reasonabldo
allocatea memoryslot to the quality measurdor eachdatavalue. However, the reality

is thatusuallyonly a small partof datavalueshave quality problemswhile therestare

perfectin termof dataquality.

Sincethis is a proof of conceptstudy on dataquality visualization,temporarilywe

do not needto worry aboutthe scalabilityof theseapproachesWe canassumehatthe

datasets moderateor smallin size. Undersuchanassumptionywe canmalke the similar
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quality datasefrom imputationandderivation methodsmentionedearlier For the sale

of consisteng, we formatthe quality informationin amannersimilar to theraw data.
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Chapter 5

Methodologies

High dimensionalitycanhave multiple meaningsn our contet. Oneis associatedvith
themulti-variatedatasetbeingvisualized.Theotherappliesto the multiple facetsof data
quality. Evenif we assumehatonly oneaspecbf dataquality needgo bevisualized we
still areconfrontedwith thehighdimensionatlataset. Existingtechniquedor visualizing
uncertaintyandquality of spatio-temporaillatacannoteappliedbecausspatio-temporal
datais low dimensionaln nature.

In this sectionwe discussour currentapproacheto thevisualizationof datasetswith
quality attributes,namely incorporatingvisualizationof datawith quality information,
visualizationin dataquality space,and userinteractionsbetweendataspaceand data

guality space.

5.1 Incorporation of Visualization of Data
with Quality Information in 2D Displays

Eventhoughthe richnessof informationwhendataquality is incorporatednto datadis-
plays hasthe potentialto enablemore informed decisionmaking, the large numberof
choicespossiblefor mappingdataquality onto graphicalattributesmakestheincorpora-
tion of dataquality into datadisplaysdif cult. If we chosesix visualvariablesandthree

qualitymeasureasdiscusse@arlier we have P$ = 120choicesof mappingguality mea-
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suresonto visual variables,assumingve seta constraintthat differentquality measures
cannotbe mappedo the samevisual variablein the samedisplay Otherwisewe have a
largernumberof choices.

Data quality visualizationmust presentdatain sucha mannerthat usersare made
aware of the locationsand degreesof dataquality in their dataso asto make morein-
formed analysisand decisions. The waysto presentthe dataquality information,in a
separateplot, in the sameplot, or both, eachcould lead to improved interpretationor
increasecconfusion. We have investigatedsereral distinct classef mappingmethods

from dataquality to graphicalentitiesor attributes,including:

third dimension transforming2-D displaysto 3-D displaysby the introductionof
thethird dimensionwherethevalueof thethird dimensions usedto representlata

guality information.

animation datawith quality informationaredisplayedn a 3-D spacewith moving

animation.Themoving rangeandspeedaredeterminedy theuser

opacity for a2-D display theopacityis usedto mapthecorrespondinglataquality

informationfor a givendatarecord.

color: wherethe dataquality is mappedontothe color for a speci ¢ datarecordor

item.

pointsize in displayswheregeometrigpointsareusedto representata thesizeof

pointcouldbe usedto corvey dataquality information.

Eachof the abore mentionedmethodshave their strengthsandweaknesseasto the
applicability to differentdisplays(e.g., mappingdataquality onto point sizeis only ap-
plicableto scatterplotmatrix displays,while the methodof animationmight be bestfor

parallelcoordinategisplays)andvisualizationeffectivenesge.g.,for arelatively large
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dataset,introducingthe third dimensionto corvey dataquality may not be effective in
thatit could make the caseworsewhenthe displayis alreadycluttered). We explored
theseseeminglycontradictorycharacteristic®f visualization- on the oneside,we hope
to corvey asmuchinformationcontentaspossibleto the userin alimited displayspace.
On the otherside, we needto prevent clutter wheretoo muchinformationis presented
anduserscannotdiscernary informationfrom thedisplays.

If we follow the principlethatline width, point sizeandthethird dimensionhave the
highestpriority, color andopacityarethe secondchoice,andthe lastchoiceis line style,
the possiblevisualizationmethodgor quality measurebecomesnoremanageable.

Methodsfor dataquality visualizationhave beenimplementedn threetypesof mul-
tivariatedisplays,namely parallelcoordinatesscatterplotmatrix andglyphs. In thefol-
lowing sectionswe rst discusghecolorscalesve usedfor incorporationof dataquality
into the datadisplay Thenthe mappingmethodsfrom dataquality measureso visual
variablesare discussed.Finally we examinethe adwantageand disadwantageof those

displayswhendataquality informationis incorporatednto datadisplays.

5.1.1 Color ScaleSelection

A color scaleis a color metric de nition andimplementatiorin a certainsituation. The
RGB color scale,whereR standsfor Red, G standsfor GreenandB standdfor Blue, is
widely usedin computergraphics.A carefully chosencolor scalefor visualizationcan
dramaticallydecreaséhevisualprocessingoad. It caneffectively helpaviewerdiscover
the undiscwvered,discernhiddenpatternsor outliers,mine a new rule andary otherin-
formationvisualizationtarget desired[54]. In [55, 56] the authorstried to optimizethe
color scalesunderdifferentapplicationsandscenarios.

The RGB color scaleis goodfor implementatiorandhasbeena standardor almost

all graphicsutilities. Unfortunately the RGB color scalehasbeenproven not to be an
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intuitive representatiorior humanbeings. Peoplehave dif culty to interpretwhat the
color of 26R+30G+16Bpr 55B-24G-60Bis in situationswherethereare 256 levelsfor
eachcolor.

The HLS (H, L and S standfor Hue, Lightnessand Saturation respectrely) color
scalehadlong beenusedby humanbeings[57]. It is anintuitive representationf color
and easierto interpretethan RGB 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
interpolatethe H andS valuesbasedn the quality measures.

SinceXmdvTool useshe RGB color scaleasthe defaultinterfacecolor speci cation,
we implementedan algorithmto accomplishthe transformatiorbetweerRGB andHLS
color scales. Figure 5.1 shaws the de nition of classHLS andits interfacewith RGB

colorscales.

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 () fhue = 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 andlts Interfacewith RGB Color Scales
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5.1.2 Mapping Inter polation

Threetypesof dataquality measurearediscussedh thisthesis,dimensiorquality, record
guality anddatavaluequality, all consistof numericvalues.Whenpresentinghosequal-
ity typeswith datadisplays,we usethe uniform interpolationequationto mapthe data
guality measuresntovisualvariablessuchasthe color, line width, dot sizeandall other
visualvariablesusedin thisthesis.

Figure 5.2 shavs the mappingprocessrom dataquality measure®nto visual vari-
ables.All thesevaluesareacquiredoy interpolatingontherangeof visualvariablevalues
in termsof dataquality measuresNotethatVV _baseandVV _range standfor the base
valueandrangethatthecurrentvisualvariablecouldbeassignedFor instanceif thecur
rentvisualvariableis color, its basevalueis from userinitial speci cationandits range

couldbe computedoy its maximumor minimumvaluesin the de ned color spaces.

5.1.3 Parallel Coordinates

In parallelcoordinategdisplays,eachpoly-line representa datarecordand an explicit
axisis usedto represent dimension. An intuitive insightinto the parallelcoordinates
displayis thatthe mostchallengingtaskis to incorporatedatavaluequality into the dis-
play, sincethe displayis easily cluttered. We can usevisual variablesassociatedvith
poly-linesor axesto corvey recordquality or dimensionquality. For eachdatavalue
guality, 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 mappedntoline style. Noticethattheline styleitself

cannotexpressaquality measurelt only hastherepresentatie capabilityof two cateyory
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Void MapQualityToVisualVariable(double data_quality ,
double dimension_qua,
double record_qua, int N, int M)
Begin
double VV _redN];
double VV _dim[M ];
double VV _data[N][M ];
double VV_range;, double VV_base For (inti = 0;i < N;i+ +)
Begin o
VV redi] = leeaell mn (et 'y range+ VV base
For (intj = 0;j < M;j + +)
Begin
VV_data[i][j] — data_quality [i][j] min (data_quality ) VvV r ange+

max (data_quality ) min (data_quality )

VYV _base
End
End
For (intj = 0;i < M;j + +)
Begin o o
VVAM[] = oo s mondon )
VYV _base

End

VV _range +

End

Figure5.2: MappingDataQuality Measure®ntoVisual Variables

data.It cancorvey the extentof quality in combinationwith otherfeatures.In this case,
thelengthof eachdashin thedottedline is usedto representhe quality measurefor data
values.Thedottedline couldmaximally extendto the midpointbetweera datavalueand
its neighbor

Withoutvisualizationef ciency andexpressve capabilityconsiderationthisis arather
reasonablehoicefor 2D parallelcoordinateswheredueto the natureof the parallelco-
ordinatedisplay therearenot mary visualizationresourceshatcould be usedfor extra
information otherthan dataitself. As we discussedefore,color is not the bestvisual
variableto represenhumericvalues.A Gestaltstudyshavsthatpeopletendto differenti-

atethegeometricsizemoreeasilythancolor (section3.2). Peopleusuallycannotdiscern
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Dataquality measures Recordquality | Dimensionquality | Valuequality
Visualvariables Color Line width Line style

Table5.1: Mappingof DataQuality Measure®nto Visual Variablesn 2D Parallel Coor
dinates

the distancefrom dark blue to light blue. However, color is still well usedto represent
dataquality throughthis thesis since,in mary situationswe have no othervisualization
resourcesvailable.

Figure5.3is a parallelcoordinateglisplayincorporatingdataquality informationby
themappingmethoddescribedn Table5.1. For dimensiorguality, thethickerthedimen-
sionaxes,theworsethe quality. We caninstantlyjudgethatdimension® and4 have the
worstquality amongotherdimensionsDimensionl, 3, 6, 8 and9 have betterquality and
therestof dimensionfave moderateguality.

Thecolor for eachrecordpolyline representshe recordquality. the darker the color,
the worsethat datarecords quality. In otherwords, 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 thelengthof dottedlines aroundthe datapoints. The dottedlinesthatresideon each
sideof the datapoint represent quality issuefor thatpoint. Thelongerthe dottedline,
thelower the quality is for thatpoint. A solid line representshatthe datapointis of the
highestquality.

By a carefulexamination,it is not dif cult to nd thatthe dimensionquality, record
guality anddatavalue quality are associatedvith eachother Dimension2 and4 have
theworstquality amongdimensionsThe datapointslocatedin thesetwo axesalsohave
longerdottedlinesthatrepresenworsedatavaluequality. In the meantime, severaldata

valuesonthesix darker recordpoly-linesshowv signsof worsequality.
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Figure 5.3: Parallel coordinatesvith dataquality display wherethe recordquality is
mappedontothe color of a ployline, the dimensionquality is mappedonto the width of
anaxisandthe datavaluequality is mappedntothelengthof adottedline.

We canascertairthe prosand consfor this mappingmethodby examiningthe dis-
play. An advantagas thatit corweysanamazingnformationcontentoy asimplemapping
mechanisnior datavaluequality. In a parallelcoordinateslisplaywith amoderatenum-
ber of recordsanddimensionswe canexpectthatthe dimensionquality, recordquality
anddatavalue quality canbe displayedin an expressve mannerandall canbe discern-
able.

In information visualization,the ef cient useof spaceis critical andit often deter
minesthe succes®f a displayto a large extent. A numberof informationvisualization
packagedocuson ef cient spaceusealgorithmdesign[12] sincedisplaysareaptto be
clutteredfor anaveragedataset. The mappingmethoddescribedn Table5.1 satis esthe
rule thatspacds usedef ciently. It savesspaceby mappingdatavaluequality ontoline
styleandcorveysthe quality measurdy theline length.

Whatarethe disadwantagesneis thatthe mappingsdo not follow humanbeings'
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Dataquality measures Recordquality | Dimensionquality | Valuequality
Visualvariables Color Line width Transparenband

Table5.2: Map DataValueQuality onto TransparenBandin 2D ParallelCoordinates

Gestaltruleswell. Aside from thefactthatpeoplecannoteasilyjudgegoodor badfrom
light greento dark green,they maybefeel a little bit strangeinterpretingthe line style
andits lengthas a datavalue quality measure.In addition,whenthe datasetbecomes
large, for instancepveronethousandiatarecordswhichis verycommonfor information
visualization the displaycould be cluttered.In this caseit seemdik e we have problems
in discerningwhetherit is adottedline or asolidline, let aloneto discernthelengthfor a
dottedline.

To investigatehe expressve capabilityandeffectivinessof visualvariablesor incor-
poratingdataquality measureto datadisplays,analternatve visual variablemapping
methodwasinvestigatedAs describedn Table5.2,theonly differencerom themapping
methodin Table5.1is thatthedatavaluequality is mappedntoatranslucenbandrather
thanadottedline.

Theobjectve of this mappingmethodis prettyclear Thecritical problemin our data
guality visualizationis how to mapthe datavaluequality, the dominantinformationpart
amongthethreetypesof dataquality measureThereis analreadyassumediataquality
for eachdatapoint. The information contentis at leastdoubledfor datawith quality
measureshanpuredatawithout extra information.

Figure5.4 shavs datavalue quality usingan opacitybandaroundthe datapoly-line
in a parallelcoordinateslisplay Two symmetricpointsarounda datapoint arede ned
in termsof the quality measurdor this point, wherethe offsetfrom the datapoint corre-
spondgo quality measuresThequality bandis formedby paintingtwo bandareasalong

the upperandlower sidesof a dataline connectingwo datapoints,wherethe opacityis
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graduallychangedlongthe offsetto thedataline.

Figure5.4: Quality bandin parallelcoordinatewherethe recordquality is mappedonto
the color, the dimensionquality is mappedonto the width of an axis andthe datavalue
quality is mappedntothe width of atransparenband.

This mappingmethodis the sameasthe semanticglescribedn Table5.1, exceptthe
transparenbandstandgor datavaluequality. Thewider thetransparenband,theworse
the datavaluequality at thatpoint. A dataline througha point without a bandmeanst
hasperfectquality in thatdimension.

A geometricentity, a transparenband, andits size are usedto corvey datavalue
guality measuresdlt resultsin abetterdisplaywith easy-to-diferentiatedatavaluequality
measures.The display ef ciency is improved in termsof presentingdataquality with
datadisplays. Unfortunately this mappingmethodis only effective whenthe datasetis
limited to a smallnumberof datarecords.Especiallywhena large numberof imperfect
dataarepresentedtheclutterof thedisplayis aseriougproblemthatcannotbeovercome.

The above mentionedresultsarein agreementvith the rule thatthe ef cient useof

display spaceis critical. The wider the transparenband,the easierit is for viewer to
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differentiatethe datavaluequality. In the meantimethe numberof imperfectdatapoints

thatcouldbedisplayeddiscriminatedlyat the sametime is limited.

5.1.4 Glyphs

Thenatureof the glyph displayis similar to parallelcoordinatesthuswe applythe same
mappingmethodsasusedfor parallelcoordinateso incorporatedataquality information
into glyphdisplays.

Figure5.5is a glyph displayextendedwith dataquality informationby the mapping
methoddescribedn Table5.1. In glyph displays,theindividualsareemphasizedvhile
the dimensionsare displayedwith eachindividual. The quality for eachdatarecordis

moreeasilyjudgedthanthe othertypesof dataquality measures.

Figure5.5: Glyph with dataquality display wherethe recordquality is mappedontothe
coloraglyph, thedimensionquality is mappedonto the width of a ray axisandthe data
valuequality is mappedontothelengthof adottedline.
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Dataquality measures Recordquality | Dimensionquality | Valuequality
Visualvariables Color Line width Pointsize

Table5.3: Map DataQuality InformationontoVisualVariablesn a2D ScatterploMatrix
Display

5.1.5 Scattemplot Matrix

In a scatterplotmatrix, the visual emphasigs focusedon the relationsbetweentwo di-
mensions.The datavaluesareplottedasgeometricapointsalongeachtwo dimensions.
Everytwo dimensiongjenerata singleplot. It resultsin asymmetricaplot arrangement
wherethe diagonalplots shawv the distribution of datawithin a single dimension. This
providesan opportunityto corvey dimensionguality in thesediagonalplots insteadof
thedistribution.

After dimensionquality have beenrepresentetdy diagonalplots,the othertwo types
of quality information needto be mapped. The point size is de nitely a good visual
variablefor our purpose.But it only cancorvey onetype of quality measuregitherthe
recordquality or datavaluequality. In sucha situation,the datavalue quality seemgo
be betterto be corveyed by point size. Again, the remainingquality measurethe record
guality, canberepresentetly the color. Thesemappingmethodsarelistedin Table5.3.

Figure5.6is suchadisplay wherethe dataquality informationis incorporatednto a
2D scatterplotmatrix by the mappingmethoddescribedn Table5.3. The advantageof
this displayis thatthe datavaluequality, which is corveyedby the point size,is apparent
anddiscernable We still have somedif culty to associatehe quality of the whole data
record;this is dueto the natureof the scatterplotmatrix, wherethe visualizationcueis
focusedontherelationin eachsingleplot.

The dimensionquality, which is representedby the line width of the diagonalplot
border is discernableThewider line for adiagonalplot box standdor a quality problem

for thatdimension.We useconsistensemantic4o easethe interpretationof the quality
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information.

The color in this displayis usedto corvey datarecordquality. Comparedwith the
displayof parallelcoordinateswherethe samemappingandinterpretatiorsemanticsare
chosen|t providesa worsevisualizationin corveying the datarecordquality. This is
dueto the differentnatureof the two displays,wherein the parallelcoordinateslisplay
a connectegoly-line hasa betterrepresentate capabilityfor emphasizinghe integrity

thana scatterplomatrix display

Figure5.6: ScatterploMatrix with dataquality incorporatedyheretherecordquality is
mappedntocolor, thedatavaluequalityis mappeddntopointsizeanddimensiomjuality
is mappedntoline width aroundthe diagonalplots.

To betterusethe diagonalplot spacein the scatterplotmatrix display an alternatve
mappingmethodwas considered.As in Table 5.4, the only differenceis that color is
usedto corvey dimensionquality by paintingthe diagonalbox with anappropriatecolor

setting.
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Dataquality measures Recordquality | Dimensionquality | Valuequality
Visualvariables Color Color Pointsize

Table 5.4: An Alternatve Method for Mapping Data Quality Information onto Visual
Variablesn 2D ScatterploMatrix Display

Figure5.7 is a scatterplotmatrix display wherethe diagonalplots are paintedwith
a backgrounccolor. The diagonalplot backgroundcolor is decidedby interpolatingthe
correspondinglimensionquality basedon the color for the dimensionaxes. We keepthe
samesemanticasto how to interpretthe color: thelighter, the betterquality; the darler,
the worsequality. Obviously the dimensionquality becomemore apparentaind easyto
differentiate gventhoughwe still do not have a precisedifferentiationbetweertwo close

diagonalbackgrouncolors.

Figure5.7: Scatterplomatrix with dataquality incorporatedwheretherecordquality is
mappedntocolor, thedatavaluequalityis mappedntopointsizeanddimensiormuality
is mappedontothe backgrounctolor.
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Sofar it conformswith our principle that the geometricalentities,suchasthe line
width, transparenbandandpoint size,arereasonable&hoicesto represenguality mea-
suresasto the viewer's Gestaltunderstandingndinterpretation. The expressve capa-
bility and ef ciency of thesevisual variablesto corvey dataquality in 2D displaysis
reasonablygood. In the caseof the scatterplotmatrix, dueto the introductionof point
sizeto representata eld quality, it seemso be betterthanthe othertwo displaysin
termsof displayreadabilityandinterpretability

Themostattractve geometricafeature thethird dimensionwhichis goodto corvey
ary informationasanalyzedn Chapter3, neededo beinvestigated.The next sectionis

dedicatedo incorporatingdataquality informationinto datadisplaysin 3D space.

5.2 Incorporation Visualization of Data
with Quality Information in 3D Displays

Thethird dimensionis oneof the visual variablesthat may be effective for dataquality
visualization pasedntheanalysidn section3. Thedirectimplementationn this context
is to visualizethedatawith quality measures 3D views, wheretwo dimensionsreused
to mapthemultivariatedataandthethird dimensions thedirectindicatorof dataquality.
To investigatethe visual effectivenessand expressve capability of the third dimen-
sion, we focusedon the 3D displaysincorporatedwith datavalue quality information.

We temporarilyignorethe othertwo typesof quality information.

5.2.1 Parallel Coordinates

In parallelcoordinateslisplays thethird dimensionis directly usedto corvey datavalue
guality measureswhich resultsin a 3D parallelcoordinates.Figure 5.8 showvs sucha
display To obtaina 3D appearancegylindrical geometricentitiesareusedto drav data

recordsnsteadof the poly-linesin the 2D parallelcoordinateslisplay
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Figure5.8: 3D parallelcoordinatesvith incorporateddataquality information.

From the 3D parallel coordinatedisplay we nd that the third dimensioncan be
areasonableepresentatioor conveying dataquality measuresespeciallywhenthese
measuresake on a small numberof distinctvalues. It givesa plausibleglobal view in
termsof datawith quality measuresFor more detailedviews, userinteractionssuchas
rotation,linking andbrushingtechnique€ouldbeusedto enhancelatainterpretatiorand
decisionmakingwhenfacedwith dataquality problems.

In themeantimethe disadwantageof 3D parallelcoordinateslisplayis apparentThe
displayis easilycluttered. Viewersstill have dif culties in judging the third dimension
values.In addition,a 3D displayposesanincorveniencefor userinteractionswherethe
usercannotpreciselylocatea positionin the depthof view just usingthe mouse.Thisis

acritical disadwantagdor informationvisualization.
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5.2.2 Scattemplot Matrix

In a 3D scatterplotmatrix, a 3D cylindrical entity is usedto represeneachdatapoint,
wherethe startand end position for eachcylinder are usedto corvey two datavalue
guality measuresor thatpoint. Figure5.9 shavs a 3D scatterploimatrix wherethe data

valuequality is mappedntothethird dimension.

Figure5.9: 3D scatterplomatrix with dataquality informationincorporated.

From the 3D scatterplotmatrix display we feel that it hassimilar advantagesand
disadantagesas describedn the 3D parallel coordinatesdisplay It providesa global
view for datavaluequality measuresUnfortunately the displayis easilycluttered.lIt is
not corvenientfor the viewer to differentiateeachmatrix plot dueto the introductionof
thethird dimension.It is notintuitive for the userto interactvely specifya datapoint or

amatrix plot for thesamereason.
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5.2.3 Star Glyphs

In the 2D starglyph display eachglyph represents singedatarecord.It is formedby a
numberof raysissuedrom thecenterthatrepresentlimensiong&ndapolygonaroundthe
centerthatrepresentlatapoints. The distancerom the centerto the polygonedgepoints
alongthat ray corveys the datavalue for the correspondinglimension. The resulting
appearancef aglyphis composeaf multiple trianglesthatsharethe samecenter A 3D
starglyphis achievedby extrudingeachtrianglealongthethird dimensiorwith adistance
thatrepresents datavaluequality for thatpoint. Figure5.10shavs a 3D glyph display

with thethird dimensiorrepresentinglatavaluequality measures.

Figure5.10: 3D starglyph with dataquality informationincorporated.

Fromthis 3D glyph displaywe nd thatit is moredif cult to controlthedisplay It

tendsto be hardto discernsinceall theglyphsaresolid entities.
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5.3 Visualization in Data Quality Space

Incorporationof dataquality into datadisplaysprovidesrich informationand canlead
to moreinformedanalysis.In somesituations renderingthe dataquality informationin
a separatalisplayis required. Part of the reasonis thatthe usercould expecta view in
guality spacewhereit could be betterdisplayedonly with quality informationandlead
to a clearvisualization(comparedo incorporationof dataquality with datadisplays).
Theotherreasoris thatdisplayingthe dataquality in a separatelisplaymakesit possible
for the userto navigatebetweerdataspaceandquality spaceandperformaninteractve
analysisusingexisting techniquesuchaslinking andbrushing.

Two spacesrediscussedhere:dataspacewhichis associateavith multivariatedata
records,and dataquality spacewhich is associatedvith dataquality values,including
record,dimension,anddata eld quality. The two spacesare not necessarilyrequired
to beindependent.ln fact, they could have relationshipsg.g.,the lower valuesin data
spacemay directly leadto the high dataquality in quality spacefor a speci ¢ variable.
To discoverandexploit suchassociationsvould be possibleby thevisualizationmethods

developedin thisthesis.

5.3.1 Displaysin Data Quality Space

Two typesof plotsareusedto displaydataquality in quality space.Oneis atalular plot
asin Figure5.11,wherearectangulaareais sgmentednto n (numberof tuples)by m
(numberof dimensionsymallblocks.Eachsmallblockis paintedby a color correspond-
ing to its correspondingjuality value. Alternatively eachblock could be partially lled
with a singlecolor, similar to the TableLenstechniqug58, 59]. Coloris employedhere
to corvey datavaluequality becausehe arearequiredfor eachquality valueis relatively

small.
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Anothertype of plotis a histogramslider[60, 61, 62], which shows distributionsfor
a scalarvalue. The histogramslider providesthe viewer a global picturein termsof the
scalarvaluedisplayed.Combinedwith adynamicslider, it facilitatesrapidexplorationof
informationby real-timevisualdisplayof boththe queryformulationandresults.

In this thesisthreehistogramslidersweredevelopedto displayquality measures$or
datarecords,dimensionsand datavaluesrespectiely (Figure5.11). Along eachslider,
It is divided uniformly into a certainnumberof bins. Eachbin consistsof a rectangular
paintingwith the colorthatis decidedby the quality valueof thatbin. Theheightof abin

standdor thenumberof datapointsthatfall into this bin'srange.

5.3.2 Operationson Data Quality Displays

Orderingcanenhancevisualizationandpossiblymake underlyingdatapatternsassocia-
tionsandoutliersmoreapparentn certainconditions.We seethe potentialof orderingin
ourdataqualitydisplay It notonly improvesvisualizationef ciency, but alsocanprovide
apowerful auxiliary operatiornto helpusersnd interestingdataitems. The orderingop-
erationsareprovidedfor datavaluequality displays.Figure5.12 shavs an ordereddata
quality displayof Figure5.11,wherethe datalocatedin the upperleft areain the quality
displayhave worsequality andthosein the lower right areahave betterquality.

The primary objectie of displaysin dataquality spaces to provide usersthe ability
to interactvely exploredata.Userscanqueryaninterestingsubsebf dataandgetinstant
displayon speci ed subsetsThe next sectiondiscusseshe developedfunctionsfor user

interactions.
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Figure5.11:Visualizationin dataquality space.

Figure5.12: Orderingon dataquality display

5.4 UserInteractions

Userinteractionsareanimportantaspecof informationvisualization.Oneadwantageof

visualizationis thatit cancombineautomaticalgorithmswith the perceptuatapabilities
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andintelligent judgmentof humanbeings. Visualization,especiallyfor exploratory or
con rmatory purposesis oftenineffective without interaction.lIt is not sufcient to only
displaypicturesof the data;the userneedso interactvely explore the data. The ability
to selectandmanipulatesubset®f the dataandchangeviewing parametermteractvely
supportsthe userin reachingthe goal of gaininginsightsinto the characteristic®f the
data.Userinteractionanbe assimpleassettingdisplayfeatureschangingviewing pa-
rametersandremoving dataentries.It canalsobe morecomplicatedsuchasnavigating
in multiple views.

Linking andbrushing,which is usedto targetthe viewer's interestin a subsef the
data,is appliedto displaysin dataspaceand dataquality space. To provide the user
with a betterview of datawith quality information,we developedview changesuchas

transformationsiotationsandzooming.

5.4.1 Linking and Brushing
in Data Spaceand Quality Space

Linking and brushingare establishedechniquesn multivariate datavisualizationfor
exploring patternsof datawith high dimensionalityin the sameview or multiple views
[15]. It beginswith brushingwhereaninterestingsubsebf datais selectedn oneview.
Thebrushedlatasubsets thendynamicallyhighlightedin otherdisplayswhichis termed
linking.

Thetechnique®f brushingandlinking canbe appliedin both dataspaceandquality
space.Brusheddatasubsetsn dataspacecanbe highlightedin quality spacesimilarly,
the quality datacanbe brushedandthe datafalling into the brushedegion canbe high-
lightedin thedataspace Fourtypesof brushesn quality spaceareintroduced As shavn
in Figure5.11, brushesare appliedto the takular value quality plot, the recordquality

histogramslider, the dimensionquality histogramslider, anddata eld quality histogram
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slider.

Brushing the Data Value Quality

In the takular dataquality display the brushis de ned by a rectangulamareathat covers
a certainnumberof contiguousdimensionsand datarecords. The brushedareais indi-

catedby atransparenpaintingwith the currentde ned brushcolor. Userscanarbitrarily
specifythe positionandsizefor this brush.Figure5.14shows a brushedareain the data

quality displayandcorrespondinglatasubsein datadisplayis shavn in Figure5.13.

Figure 5.13: Brush data value quality - Figure 5.14: Brush data value quality -
brusheddatain datadisplay brushin dataquality display

Thesemantic®f brushingdeseresdiscussionn this contet. In atatulardataquality
displaywith datatuplesasrows anddimensionsascolumns,a speci ¢ rectangulaiarea
includesa certainnumberof datatuplesanddimensions.As a brush,it could be inter-
pretedin threewaysandresultsin threedifferentbrushde nitions. They are,speci ed
datatupleswith all dimensionsspeci ed datadimensionswith all datatuples,andspec-
i ed datatupleswith speci ed datadimensions.The third option, speci ed datatuples

with speci ed datadimensionsjs intuitive and consistenivhenthe speci ed brushis a
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rectangulaareawith continuousextentsbothfor rowsandcolumns.lt is possiblethatthe
userselectsarbitraryboxesin thetalkular quality display This is equialentto the brush
wherethe useroperate®n the quality histogransliderfor all data elds. In thiscasethe
takular quality displaycanbereorderedo correspondo the userselectionsFigure5.12
shavs anordereddisplayin quality space.

To enrichtheinteractve operationdetweerusersandquality displays,we leave the
semantic®f thebrushupto theusers preference.

Combinedwith operationn displaysin dataquality spacethe de ned brushesan

helpausertamgethis selections.

Brushing the DimensionQuality Slider

A dimensionquality slideris de ned by a certainnumberof contiguousbins alongthe
dimensiorhistogranplot. Theslideris transparentlyaintedwith thecurrentbrushcolor.
Thepositionandsizeof aslideraredecidedoy thestartingandendingbin’spositionalong
the dimensionhistogramplot. Figure5.16 shavs a dimensionsliderandcorresponding
datasubsein thedatadisplayareshavn in Figure5.15.

Notice thatonly thosedimensionghatfall in the dimensionslider's coveredareaare
dravn. Otherdimensionsare hidden. The dimensionslider hasno effect on the data

records.

Brushing the Data Record Quality Slider

Similarto thedimensiomuality slider, thedatarecordquality slideris appliedon thedata
recordquality histogramplot. Usersbrushthis slider by sliding the startor endor both
positions.Figure5.18shavs suchasliderandthe brusheddatain datadisplayareshowvn
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 = Figure 5.16: Brush dimension quality
slider- brusheddatain datadisplay slider.

mensionglisplayed.

Brushing the Data Value Quality Slider

The datavaluequality slideris appliedin the datavaluequality domain. It providesan
alternatve brushmethodto thetahular datavaluequality display In thedatavaluequality
sliderdisplay the histogramdisplaysquality measuresor all datapoints,which include
all datarecordsalongall dimensions.The histogramprovidesa global view of how the
datavaluequalityis distributed. Thesliderfacilitatesusersan focusingonaspeci c range
of quality measuresor datapoints.

Figure5.20shavs adatavaluequality sliderandthebrushedlatais shovn in thedata
displayin Figure5.19. Comparedvith brushesn thetalularquality display brushediata
pointsin thedatavaluequality sliderdon't necessarilyall into continuousdimensionor
records.In mostcasesthey arescatteredvithin thetahular dataquality display

Thesefour differentbrusheor sliderswork on datasetsin quality space .They could

be independentr dependon eachother Dimensionand recordsliderswork on data
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Figure 5.17: Brush data record quality =~ Figure 5.18: Brush data record quality
slider- brusheddatain datadisplay slider.
dimensionsandrecordsseparatelythey areindependentBrushesn the talkular quality
displayanddatavaluequality sliderswork onthewholedataset. They aredependent.
Brushoperationsanbe complicatedandotherresearclgroupshave focusedon this
issue.In this thesiswe have notintendedto addresshe problemsof interactingbrushes.
In the meantimethe otherbrushesor slidersarenot updatedaftera brushor slideroper

ationhas nished.

5.4.2 Viewing Transformations

In 3D visualization,the viewing transformations a powerful and essentiafunction for
usersto navigate and explore 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 facilitate suchfunctions. Userscantranslate yotateandzoomviews by simple
interactiongn the 3D view.

The interactve viewing transformationsvere implementedby respondingto a key

usertyped. Thedetaildescriptions asTable5.5.
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Figure 5.19: Brush data value quality =~ Figure 5.20: Brush data value quality

slider- brusheddatain datadisplay slider.

Keystyped | Operations

z(2) Transformon z (-z) direction
y(Y) Transformony (-y) direction
X(X) Transformon x (-x) direction
(@) Yaw apositive (negative) angle
k(K) Roll a positive (negative) angle
I(L) Pitcj a positive (negative) angle

Table5.5: Key De nitions for Viewing Transformations

5.5 Animations

Theuseof threedimensionatepresentationsndanimationcould potentiallyenableusers
to visualize more relationshipswithin the dataset. Theserepresentationsan provide
more insight than at, statictwo dimensionalvisualizations. In this thesiswe imple-
menteda simple animationfunction. Usercanmove betweendifferentviews in the 3D
displayby controllingrotationorientationandspeed.

The animationstarting,rotation orientationand speedand stoppingwere controlled

by operatingon mouse.
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Chapter 6

Implementation

6.1 SystemAr chitecture

As shawvnin Figure6.1,severalmodulesnveredevelopedbasedntheexisting XmdvTool

systemfor the purposeof dataquality visualization:

DataQuality Imputation. This is anindependenimoduleto imputedatavaluesfor

missing elds andthereafterto derive a completedatasetand correspondinglata
quality values. To examinethe visualizationmethodologiedor dataquality that
we presenin this thesis,we createcasesf datasetsvith varyingquality from the
datasetvith missingvalues.The nearesheighbormethodis usedto imputevalues
for the missing elds. We de ne dataformatsand provide a way to have other

imputationmethodsncorporatedn thefuture.

Incorporatiorof DataQualityinto DataDisplay. Thismoduleis implementedased
on the existing visualizationmodules.For 2D displays,the dataquality measures
arerenderedsselectedvisual variables.For 3D displaysthe datavaluequality is

mappedntothethird dimension.

Visualizationin DataQuality Space.An independenimodulethatis dedicatedo

thevisualizationfor dataquality.
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Interactions. This is a separatenodule that provides userinteractve functions.
Queriesin the form of dataquality speci cationareinstantlyresohedin the data

display

Animation. Thismodulegenerate8D consecutie viewsin auserspeci edmanner
sothatuseramaygeta betterunderstandingboutthe dataandpotentiallydiscover

relationsandfeaturesundiscoweredby othertype of views.

Figure6.1: StructuralDiagramof XmdvTool with DataQuality Visualization
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6.2 Implementation

This projectis implementedas extensionsto the XmdvTool system6.0 alphaversion.
We followedtheexisting systendesign style,andmethodologyto make XmdvTool con-
sistent. All the existing functionsand featureswere left untouched. The dataquality
visualizationandinteractve actvities wereimplementedasnev modulesto the existing
system.

Similarto previous XmdvTool versionsmodulesvereimplementedisingC++ asthe
developinglanguage.To make the systemwork acrosdifferentplatforms,the OpenGL
graphicslibrary wasused. Its interfacewas generatedising Tcl/Tk. The software will

executeon bothWindows andUnix/Linux platforms.
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Chapter 7

CaseStudies

Evaluationis essentiafor effective informationvisualization.Thedisciplineof informa-
tion visualizationhasexperiencedmorethentenyearsof researctanddevelopmentand
hasresultedn avarietyof visualizationtoolswith differentcapabilities A problemarises
thatnotonly areusersoverwhelmedoy mary visualizationcapabilities but alsodevelop-
ers,researcherandpromotershave dif culties in termsof which visualizationtechnique
to employ.

Evaluationis oneof the plausibleapproacheso solving theseproblems.Evaluation
may provide metrics,evidence,and examplesof why a particulartechniques usefulor
not. By evaluation we maydiscoverandquantifyhow andwhenavisualizationtechnique
or applicationworks. This candirectly or indirectly supportandvalidateresults.Another
bene t is that ndings from evaluationswill likely point usto new directionsand nev

ideasfor interestingandusefulresearch.

7.1 Objectives

The rst objectveis to examinethevisualef ciency andrepresentatie capabilityfor the
dataquality visualizationapproachepresentedn this thesis. The secondobjective is to

assesshe utility of quality visualizationby examiningthe effectivenessaandcorrectness
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of imputationalgorithms.Thereis no imputationalgorithmthatcanbe appliedubiquitu-
ously, sincecertainassumptionsreassumedor almostall algorithms.The effectiveness
andcorrectnessf thesealgorithmsneedgo be examined.However, thereis no ef cient
way to achieve this purposeexcepttheoreticalanalysis.We seethis is anopportunityfor

visualizationto performsuchatask.

7.2 Imputation Algorithm Comparative Study

7.2.1 Methodology

We createdmissingdatafrom completedataby designingarti cial missingpatterns.The
correctnessindeffectivenesf algorithmsareexaminedvisually by comparingdisplays
for missingdataandcompletedatasideby side.Imputationalgorithmsareusedto impute
valuesfor missing elds anddataquality measuresirederivedfrom imputedvalues.In

moredetail,thisis full led by thesesteps:

Createmissingdata: A datasewith missingvalueswas createdirom a complete
dataseby designedmissingpatterns.For example,datafor a speci ¢ dimension

wererandomlymissed.

Imputation: Thealgorithmswereusedto imputevaluesfor themissing elds. Data

guality wasalsoderivedby thealgorithmsproposedn Chapter4.

Visualization: The completedataand missingdatawith imputedvaluesweredis-

playedsideby side.

Comparatie study: By visually comparingwo displaysthe correctnesandeffec-

tivenesof thesealgorithmswereexamined.

During the proces®f visualexaminationwe consideredhesefactors:
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Missing patternsWhencreatingmissingdata,two designedatternsvereapplied.
They arerandommissing,wherethe dataare randomlymissedfor a speci ed di-

mensionand,uniformmissing wherethedataaremissingatanuniformfrequeng.

Imputationalgorithms:Multiple imputationandnearesheighboralgorithmswere

usedto imputethe missingdata.

7.2.2 Results

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

7.4.

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

By comparingthe Figure7.2 and7.4, we seethatboth the nearesneighborandEM
algorithmshave very closeperformancesto the imputationcorrectnessBoth displays
have dataitmesthataresigni cantly differentfrom the actualones.By a carefulinvesti-
gationwe can nd thatthe nearesneighboralgorithmis slightly closerto the actualdata
thanthe EM algorithm,sinceFigure7.2is closerto the Figure7.3thanFigure7.4.

The carsdatasetwith 40% missing,completedataandimputeddataare shovn in

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

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

If we claimedthatthe performancen termof imputationcorrectnesss very closefor
boththe nearesheighborandEM algorithmsfor theiris datasetthe differencebetween
thesetwo algorithmsis apparentfor the carsdataset. Looking at all the dimensions,
especiallythe secondandthe secondo lastdimensionsthe dataitemsimputedfrom the
nearesnheighboralgorithmaremuchcloserto the actualvaluethanthoseimputedfrom
the EM algorithm(seeFigure7.7,7.6and7.8).

The consquentonclusionwe candraw from this casestudyis thatthe visualization
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Figure7.7: CompleteCarsDataset. Figure 7.8: 40% Missing CarsData, Im-
putedby Multiple Imputation.
is a helpful tool to validateandassessghe correctnesandef ciency for imputationalgo-

rithms.

7.3 Quality Visualization Ef ciency

Our next assessmentasa casestudyon the expressve capabilityandef ciency of data
quality mappingswhenincorporatedwith the datadisplay In this casestudywe only
consideredhreedifferentdataquality mappingsn the parallelcoordinateslisplay rather
thanconsiderall dataquality mappingsn all typesof displayssuchasscatterplomatrix
andglyph displays. Part of the reasonis that differentdisplays,even when presenting
datawithout quality information, have their own advantagesand disadwantages. This
thesisdidn't focuson suchdifferencef expressve capabilityamongdifferentdisplays.
Anotherreasonis that the mappingmethodsfor dataquality measure®ften cant be
consistentacrossdifferentdisplayssince somevisual attributescant be appliedto all
displaysconsistently

To achieve our purposeof evaluationandto have a comparatre studyon the expres-

sive capabilityandef ciency of dataquality mappingswe chosethe parallelcoordinates
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Dataquality measures Recordquality | Dimensionquality | Valuequality
Mappingmethodl Color Line width Transparenband
Mappingmethod2 Color Line width Dottedline
Mappingmethod3 N/A N/A 3rddimension

Table7.1: ThreeMappingsof DataQuality Measuresonto Visual Variablesin Parallel
Coordinate®isplay

displayasthedisplaytypefor the casestudy As shavnin Table7.1,therearethreedif-
ferentmappingdor dataquality measuregscorporatedvith thedatadisplay All of these

werediscussedn Chapters.

7.3.1 Methodology

We chosefour datasets,eachwith a differentnumberof quality problemsin termsof
recordquality, dimensionquality anddatavaluequality. Eachof thesefour datasetsvith
guality informationwasvisualizedby the mappingmethoddistedin Table7.1. Figure
7.9,7.10and 7.11 showv datasetA, Figure7.12,7.13and7.14 shav dataseB, Figure
7.15,7.16and7.17shav dataseC, andFigure7.18,7.19and7.20shov dataseD under
mappingmethodl, 2 and3.

A userstudywasperformedasfollows. We chosegraduatestudentsn the WP1 com-
putersciencedepartmenassubjects.Before conductingthe userstudy we gave a short
explanationof thesethreedifferentdisplays. For eachdisplay we askedthe sameques-

tions, asfollows.

How mary datapointsyou candiscernwith aquality issue?
How mary dimensionsg/ou candiscernwith aquality problem?
How mary recordsyou candiscernwith a quality problem?

Roughlyhow long did you spendio countthesenumbers?
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Figure 7.9: Parallel Coordinatedisplay  Figure7.10: Parallel CoordinateDisplay
with Data Quality Incorporated(Dataset with Data Quality Incorporated(Dataset
A, MappingMethod1). A, MappingMethod?2).

Do youlikethisdisplay?ary comments?

We summarizeour resultsand ndings in thenext section.

7.3.2 Resultsand Findings

We collectedthefeedbackrom twelve subjects Statisticssuchasthe averageof number
of datapointswith quality problema subjectfound (#_datapoints(ag)), standardievia-
tion of this number(std.dev) andaveragetime usedto performsuchtask(avg_time(sec))
areshowvnin Table7.2.

In summarywe canconcludefrom userfeedbackhefollowing:

Whenthe dataseis smallin termsof the numberof datapointswith dataquality
problems(datasetA andB), all threemappingmethodswork well in corveying

the datapoint quality measuresMapping method3 (3rd dimension)hada worse
performancehanthe othertwo mappingmethodsin termsof the numberof data

points the subjectscould discerned. As for mappingmethodsl and 2, method
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Figure7.11: Parallel CoordinateDisplay
with Data Quality Incorporated(Dataset
A, MappingMethod3).
1 (transparenband)was betterthan method2 (dottedline) in termsof standard

deviationsof the numberof datapointswith quality problemdiscerned.

As the datasesizeis increaseddataseC andD), the differencebetweermapping
methodsl and2 becomeapparentMappingmethodl (transparenband)takesless
time to countthe numberof pointswith quality problems put the countednumber
is lessthanthe actualnumber Also it produceda biggerstandardvariationamong
the subjects.On the otherhand,mappingmethod2 (dottedline), althoughit took
moretime to countthenumberof pointswith quality problemsjt resultedn amore
precisenumbercomparedo the actualnumberof suchdatapoints. It alsocomes

with a smallerstandardieviation for the countedhumbersamongthe users.

As the datasetsize is increased(datasetC and D), mappingmethod3 (3rd di-
mension)performspoorly sincethereis a signi cant differencebetweenthe user

countedandthe actualnumberof datapointswith quality problem.
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Figure7.12: Parallel CoordinatedDisplay  Figure7.13: Parallel Coordinate®Display
with Data Quality Incorporated(Dataset with Data Quality Incorporated(Dataset
B, MappingMethod1). B, MappingMethod?2).

Figure7.14: Parallel CoordinateDisplay
with Data Quality Incorporated(Dataset
B, MappingMethod3).
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Figure7.15: Parallel CoordinatedDisplay  Figure7.16: Parallel CoordinateDisplay
with Data Quality Incorporated(Dataset with Data Quality Incorporated(Dataset
C, MappingMethod1). C, MappingMethod?2).

Figure7.17: Parallel CoordinateDisplay
with Data Quality Incorporated(Dataset
C, MappingMethod3).
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Figure7.18: Parallel CoordinatedDisplay  Figure7.19: Parallel CoordinateDisplay
with Data Quality Incorporated(Dataset with Data Quality Incorporated(Dataset
D, MappingMethod1). D, MappingMethod?2).

Figure7.20: Parallel CoordinateDisplay
with Data Quality Incorporated(Dataset
D, MappingMethod3).
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Datasetandmappingmethod| #_datapoints(ag) | stddev | avg_time(sec)
DatasetA, mappingmethodl | 9 2 5
DatasetA, mappingmethod2 | 9 15 5
DatasetA, mappingmethod3 | 6 2 5
DataseB, mappingmethodl | 8 1.8 3
4 3

5 3

1

DataseB, mappingmethod2 1

DataseB, mappingmethod3 2

DataseC, mappingmethodl | 33 5.5 2
DatasetC, mappingmethod2 | 40 4.2 18
DataseC, mappingmethod3 | 10 6.5 15
DataseD, mappingmethodl | 30 4.6 20
DataseD, mappingmethod2 | 35 3.8 25
DataseD, mappingmethod3 | 12 8 22

Table7.2: Numberof DataPointswith Quality ProblemdJsersFound, Standardevia-
tion andAverageTime Usedfor DifferentDataseandMappingMethods
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Chapter 8

Conclusions

In this thesiswe presentecefforts at visualizing datasetswith dataquality problems.
We analyzedhe expressvenessandrepresentatioef ciency of visualvariablesfor con-
veying differentaspectof dataquality information. Incorporatingdataquality into data
displays,visualizationin dataquality spaceand userinteractionswere discussed.Our
examplesshav advantagesanddisadwantagef our approache$or exploring datasets

bothin dataspaceandquality space.

8.1 Summary

More speci cally, theresultsof this thesisaresummarizedasfollows.

8.1.1 Data Quality Measures

We discusseddata quality and its multi-dimensionalcharacteristics.We startedfrom
the datasetswvith missingvalues,a typical datain information visualization. We then
developedmethodsfor dataquality de nition andquanti cation. Nearestieighborand
EM algorithmswere usedto impute the datavaluesfor missing elds. Thereafterwe

derivedthedataquality measurefrom theimputationprocesses.
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8.1.2 Visual Variable Analysis

A successfulisualdisplaylargely depend®n how the visualizationresourcesreused.
The ef ciency andexpressve capability area critical point for a displaydesign. Chal-
lengedwith two-fold informationneededo be presentedwe analyzedhe propertiesof
data,dataquality andvisual variables.Algebraicmappingswvere usedto investigatethe

visualvariablechoicesfor our dataquality visualizationpurpose.

8.1.3 Data Visualization with Variable Quality

By the analysisof visual variables,efforts were madeto incorporatedataquality into
traditiondatadisplayswhichincludedparallelcoordinatesscatterplomatrixandglyphs.
TheadvantagesnddisadwantagesverediscussedThedimensionaktackingdisplaywas
not includedsincewe seemore challengesxist for dataquality incorporationin this
display

Thenwe movedonto incorporatedataquality informationinto datadisplaysusingthe
third dimension.Different3D displayswereexaminedto achieve the bestvisual effects.
A setof interactionand animationtools were provided to help usersacquirea desired
view.

To facilitate navigation, explorationanddiscovery actvities for usersthe displayin
dataquality spacewasdesignedandimplementedasa separatalisplay Brushedsubsets
of dataaredisplayedin linked displaysimplementedn dataspace. The de nition and

semantic®f brushesverediscussed.

8.1.4 Evaluations

Computationatechniquesandvisualizationare two differentaspectdn the processof

analyzingdata. Both could potentially contribute to betteranalysisresults. In addition,
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they couldbemutuallybene cial - algorithmcomputation$ielpto improve ef ciency for
visualizationandvise versa,visualizationhelpsto validatethe correctnessf algorithms.
We developedsucha casestudyby creatinga datasetvith missingvalues,deriving data
quality measureandpresentinghemin avisualdisplay

To helpevaluatethe effectivenes®f dataquality displaysacasestudywasperformed
to examinetheapproachepresentedn thisthesis.

Our approachefadseveral purposesto justify our particulardesignchoicesin the
context of theproblem to helpusdistill or furtherelucidatedesignprinciples,andto sene
asamodelfor subsequentork by relatingnew visualizationtechniquego a conceptual
framework asanintegral partof the presentationOur methodologys relevantnotonly to
the particularproblemdomain,dataquality visualization,but to the eld of information

visualizationasawhole.

8.2 FutureDirections

Efforts to incorporatedataquality information into traditional visualizationdisplaysis
of growing interest. A variety of work needsto be performedto improve visualization
of dataanddataquality. Oneof theseis dataquality de nition andquanti cation. The
nearesneighboralgorithmasa methodto estimatequality measuresn this thesismay
befar from sufcient quanti cation of dataquality. A numberof techniquegor general
or speci ¢ modelingof dataquality ata variety of granularitiesarenecessaryor gaining
insightsinto the dataset.

Thechallenge®f dataquality storagas thatusuallyonly averysmallpartof adataset
hasquality problemswhile themajority of thedataareoftenonehundredpercenperfect.
Allocating a chunkof spacefor all datarecordsfor correspondingjuality informationis

notreasonablsincethe samequality valuesfor perfectdatawill bestored.This problem

78



needsto be addressedby designinga metastructureso that only the datawith quality
problemsareallocatedspacefor quality information.

An immediateneedfor dataquality visualizationis formal userevaluations We have
potentiallya large numberof mappingpossibilitiesfrom dataquality informationto vi-
sualvariables.Using evaluation,we may discover andquantify how andwhena speci ¢
mappingworks. This candirectly or indirectly supportandvalidateour approachesAn-
otherbene t is that ndings from evaluationswill likely point usto new directionsand
new ideasfor interestingandusefulresearch.

Anotherpotentialareaof work is in dataformatde nition. The XML/DTD structure
could be usedto de ne typesof dataquality information. This may allow algorithm
incorporationfrom otherdomains g.g, statisticaldataaugmentatioralgorithms.

Dealingwith otheraspectf dataquality is challenging. For example,uncertainty
wherethe quality measuremay be non-scalaris requiredin someinstances.In certain
casesto indicatethe presencef dataquality issueds sufcient, while in othercontexts
guantitatve displaysfor dataquality arenecessaryT his canobviously affectthe number
of optionsavailablefor effectively communicatingyuality information.

We alsonoticethatdatasetsin mary domainshave attributesanalogoudo dataqual-
ity. Approachegproposedn this thesiscould be easilyextendednto thesedomains.For
example,somedatacould be more privatethan otherdata. In this sensedatasecurity

visualizationcouldtake advantageof thetechniquegroposedn this thesis.
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