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ABSTRACT

Data repositoriesaroundthe world hold many thousandsof data
sets.Findinginformationfrom thesedatasetsis greatlyfacilitated
by beingableto quickly andef�ciently browseremotedatasets.In
this note,we introducetheIconic RemoteVisualDataExploration
tool(IRVDX), which is avisualdatamining tool usedfor exploring
thefeaturesof remoteanddistributeddatawithout thenecessityof
downloadingtheentiredataset.IRVDX employs threekindsof vi-
sualizations:oneprovidesareducedrepresentationof thedatasets,
which we call DatasetIcons. Theseiconsshow the importantsta-
tistical characteristicsof datasetsandhelpto identify relevantdata
setsfrom distributed repositories. Another one is called the Re-
moteDatasetVisualBrowserthatprovidesvisualizationsto browse
remotedatawithout downloadingthecompletedatasetto identify
its content. The �nal oneprovidesvisualizationsto show the de-
greeof similarity betweentwo datasetsandto visually determine
whethera join of two remotedatasetswill bemeaningful.

CR Categories: H.1.2 [Models and Principles]: User/Machine
Systems—Humaninformationprocessing;H.2.8 [DatabaseMan-
agement]:DatabaseApplications—Datamining; H.3.4 [Informa-
tion Storageand Retrieval]: Systemsand Software—Distributed
systems;
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1 I NTRODUCTI ON

Datarepositoriesaroundtheworld containmany tensof thousands
of datasetsandaregrowing exponentially. It is dif�cult now and
in the future it may not be possible,even with high performance
networks,to consolidatethedatainto a singlerepositoryfor a data
mininganalysis.Thereasonsfor thisare:

� Time and effort. it is not practicalto downloadall relevant
data.

� Size. somedatasetsaretoobig to move.

� Legal. it maybeagainstthe law to combinecertaindatasets
whentheresultwill violateprivacy laws.

� Complexity. the structureof somerepositoriesmay be too
complex to bemoved.

� Data Revisions. many datasetsare constantlyupdatedand
downloadingasnapshotcouldbiasananalysis.
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Figure 1: Dataset Icons for the UCI KDD Archive.

To addresstheseproblemswe have developed a tool called
IRVDX for distributedvisualdatabrowsing. It addressesthreema-
jor questions:

� How to identify remoteanddistributeddatasetsthatmaybe
relevantto ananalysisproblem?

� How to browse remotedata without �rst downloading the
completedataset?

� How to identify columnsin distributeddatasetsthat canbe
usedto fuse the datasetsin order to extract additional in-
sights?

In IRVDX we introducetheconceptof DatasetIconsto identify
relevant datasetsfrom remotedistributed repositories.A Dataset
Icon is a reducedrepresentationof a datasetthat shows summary
andstatisticalcharacteristicsof the datasetthat areimportantfor
datamining. A DatasetIcon providesa succinctvisual summary
of a remotedataset.Our �rst DatasetIcon,shown in Figure1, rep-
resentsa datasetusingmodi�ed box plots thumbnails. The icon
shows thenumberof attributesin thedataset(columns),typeof at-
tribute (continuousor categorical), distribution of attributesin the
dataset,andsizeof dataset.Our users,dataminers,tendto be fa-
miliar with this representationandeasilyunderstandit.

The next problemfor a scientistafter he or she�nds a dataset
thatlooksrelevantis to browsethedata.Figure2 showsourremote
datasetbrowser. Usersclick ontheiconto pull upourbrowser. The
intentis to provideasimpleremotebrowsingcapabilityto helpthe
scientistavoid pulling over irrelevantdata.

The visualizationin Figure 2 consistsof two panes. The top
panesummarizesthestatisticaldistributionsof theattributes. The
summaryinformationincludesthenameof thecolumn,numberof
attributes,numberor records,andsizeof the dataset.The lower



Figure 2: Remote Dataset Browser.

paneshowsthemostfrequentvalues,ranges,andafew otherstatis-
tics. By lookingat thedisplayadataminershouldbeableto decide
if thefull datasetwouldbeappropriatefor furtheranalysis.

Finally, Figure3showstherelationshipsbetweencolumnsin two
datasets.Therelationshipsarecalculatedby comparingdatatypes
andusingthe statisticaldistributionsto suggestcolumnsthat may
be related.We currentlyusea simplepseudometric basedon the
inter-quartilesof thedistribution to determinesimilarity.

2 REL ATED WORK

Relatedwork for this researchis concentratedin the �elds of in-
formation visualizationand visual data mining. Papers[8] and
[4] presentwell-known classi�cationsof informationvisualization
techniquesbasedon the datatypesand visualizationtechniques.
We mainly used2-dimensionalvisualizationtechniques. There
areothernotabletechniquesfor informationvisualizationcurrently
available[5],[7],[6]. Ournotionof interactionanddirectmanipula-
tion follows [1].

Iconicvisualizationsarealsostudiedextensively in many �elds.
The paper[10] describesthe useof icons as symbolic paramet-
ric objectsto visualizefeatureattributes. Our approachis to use
DatasetIconsasatiny representationof thestatisticalanddatamin-
ing characteristicsof a dataset. Our approachalsomakesuseof
someof theVisualScalabilitytechiniquespresentedin [3].

Existing visual datamining research[9] focuseson improved
techniquesfor understandingvariousclassesof dataandon under-
standingaspectsof the underlyingdatamining models. This re-
searchwork focusesmoreon distributedandremotedatasetsand
ontheinformationaboutadataset,whereweprovidevisualizations
to �gure outwhichdatasetsarerelevantfor aparticularanalysis.

3 CONCL USI ON

We have implementedIRVDX andhave it runningat theNational
Centerfor DataMining. We have createda meta-datarepository
wherewestorestatisticalpropertiesof thedatasetsandothermeta-
datanecessaryto produceour icons.Theimagesarepre-computed

Figure 3: Relationship between data sets.

for performance.Our visualizationsare implementedusingSVG
graphicsfor portabilityandrun in essentiallyany browser.

Although we have not donea CHI-style formal userstudy, our
users,dataminer, �nd thatour interfaceis signi�cantly betterthan
thetextual descriptionsof datasetsandtext-basedsearchesthatare
commonlyusedby datarepositories.Our experienceis that it is
mucheasierandfasterto navigatethroughlargerepositoriesusing
dataseticonsthantextualdatasetdescriptions.

If network conditionspermit,wewill demoIRVDX liveat Info-
Vis 2004conferencein Texas.
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