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VR Visualization of Multi variate Data

Vladimir Batagel} andAndrejMrvar?

Abstract

VRML (Virtual Reality ModelingLanguage pndfreely availablebrowsersfor it
madethreedimensionapresentationsery popularalsoon personatomputersOne
of themostimportantfeaturesof VRML is thepossibilityof traveling in theobtained
scene-egocentricview.

In thepaperanintroductionto visualizationof multivariatedataandsomeexam-
plesof their VR presentationaregiven.

1 Intr oduction

1.1 Data visualization

With the growth of computingpower of desktopcomputersdatavisualizationis gaining
popularityamongresearcherasatool for data exploring andfor presentations of results
(Brown, Earnshav, Jern,Vince,1995;Baker M.P., WickensC.D., 1995; Tufte 1983).
Using a datavisualizationsystem(seeFigurel) aresearcheusuallyadoptsdifferent
goals(Wehrend Lewis, 1990)-to: identify, locate,distinguish cateyorize,cluster rank,
compareassociat®r correlatesomedata.
Propertieof the datasetthatcrucially influenceforms of its representatioare:

e size: small,large,infinite;
e dengity: sparsegdensecluttered;and
e activity: static,dynamic(deterministicyandom).

Smalldatasetscanbepresentedompletelyandin detailin asingleview. In anoverall
view of large datasetsdetailsarelost; anda detailedview canencompassnly a part of
dataset.

Thebasicfeatureof VR (Virtual Reality)is the supportof egocentric view — the user
is immersednto the presentatiomsits active part; he cantravel insidethedatascenethe
view is determinedby his positionin the scene.Standarddatavisualizationssupported
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Figurel: DataVisualizationSystem

by generalpurposeprograms(Excel, PoverPoint,...) are mostly exocentric — viewer is
positionedoutsidethe presentation Often the third dimensionis usedonly to make the
presentatiotiancier andnotto getbetterinsightaboutthe data.
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Figure2: Windows File Manager

In very large datasetsa seriousproblemappearsHow to avoid to be“lost within the
forest”? Thereareseveralsolutionsthathelptheusers orientation:

e restart option: returnsthe userto the startingposition;

¢ introductionof additional orientation elements. coordinatedisplay grids, shad-
ows, landmarkgstatic/ userset). Theseelementanbe switchedon/off.

e multiview: consistof atleasttwo views (windows):

— map view: overall view (usually exocentric)which containsthe currentpo-
sition and allows 'long’” moves (jumps). For very large datasetsit canbe
combinedwith zoomingor fish eye.
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— local view: which displaysthe selectedportionof dataset.

Additional supportcanbe achieved by implementingtrace/backtrack/replay mecha-
nismandguided tours.

Closelyrelatedwith the multiview ideaarethe conceptf glasses, lenses andzoom-
ing (Pad++,inXight, 1996). Selectingdifferentglasseswe obtaindifferentviews on the
samedata. Glasseshave effect on the entire window, and lensesonly on the selected
region.

An exampleof the multiview approachs the presentatiorof files usedin Windows
File Manager(seeFigure 2). It providesalsodifferentglasse§{Name,All File Details,
..., Sortby...;in new version:Largeicons,Smallicons,List, Detailedlist, ...).

1.2 Visualization of multi variate data sets

In visualizingmultivariatedatawe usuallydealwith smallor large, sparseandstaticdata
sets.

Let E = {X;} beaset of units. A unit X is usuallydescribedy list of valuesof
selectedhttributes(propertiesyariables)

Vi=xz,Vo=129,...,Vin = Zm)

A unit is usually representedby a glyph which integrates,asits componentselements
representinginit’s attributes.

Fromstandardlataanalysiswe know severaltypesof 2D-glyphs:pointsin plane,pie
charts,barcharts,columns stars,Chernof faces Andrews curves,... (Dillon, Goldstein,
1984). Most of 2D-glyphscan be extendedto 3D-glyphs,and someadditionalshould
be invented. For example, pie chartand column representatiortan be combinedinto
pie cylinder (seeleft sideof Figure3). By usingtheseglyphsto presentrepresentaties
(centroids)of groupsthey canbeusedalsofor presentationsf groups.

Figure3: PieCylinderand3D-Tukey Glyph

For presentatiorof an attribute over a group of units, histogramsand Tukey’s box-
and-whislersplots are often used. They canbe combinedinto a glyph (for example,a
star) representing group (seeright side of Figure3 andFigure7). Thelargestring in
Tukey glyph representdataset(population)averagethemiddlering —groupaverageand
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thesmallone— groupmedian.Thetubesrepresent-3 quartile,1-9 decileand min-max
ranges.

The representatioelementssupportassociatie, selectve, orderingand/orquantify-
ing tasks. In the visualizationtask thereare several levels of detail representedby the
hierarchy

(attribute,unit, group,groups,dataset)

Mostof dataanalysigproceduresanbe seemastransformation®n, or relationsbetween,
theselevels.
Differentscaletypesarerepresentedy differentgraphicalelements:

scale representation

nominal | color, shape

ordinal | gradeightnesstexture,arrangemengposition)
numeric| size,position,direction,angle

Since
nominal> ordinal > numeric,

the representationsompatiblewith higher scalescould be usedalso for lower scales
— e.g.,directionto represennationality A generalrule is that this shouldbe avoided
becausehey cansuggestinsubstantiahssociations.

1.3 Threedimensionaldata presentations

In this paperwe discuss3D presentation®f multivariatedata. As a prototypingervi-
ronmentwe selectedVRML (Virtual Reality Modeling Languagebecausét providesa
platformindependenpresentationandsupportsVR presentations.

@L80

Figure4: BasicVRML Shapes

In a presentatiof multivariatedataseveral VRML elementanbeused:
1. positionin space€z, y, 2);

2. shape(spherecube,cone,cylinder, plane,...; seeFigured);
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3. color;

4. size,angle,slope,areayvolume;

5. pattern(texture);

6. direction(orientation);

7. text;

8. lights (differentlight sourcesshadaving, transpareny reflections,..);
9. rotationof objects;

10. differentviews andwaysof moving in the obtainedscene;cameragpropertiesor-
thographic perspectie, stereoscopidijeld of view).

1.4 VRML

During the first Web Conferencen May 1994 someexpertsfor virtual reality formeda
groupthat should preparesomeadditionsto HTML (HyperText Markup Language) in
thefield of virtual reality. Sotheideaof VRML (Mrtual Reality Markup Language) was
born. Slicon Graphics supportedheideasignificantlyby giving in free useits language
for descriptionof threedimensionalobjectsOpen Inventor (Warnecle, 1994) together
with its parser

Onthenext conferencein October1994in Chicagofirst versionof VRML wasan-
nouncedBell, Parisi, Pesce1995; Ames,NadeauMoreland,1996). Designergdecided
thatHTML andVRML shouldbe "orthogonal” but connectedanguages- VRML be-
cameVirtual Reality Modeling Language.

First sharevare VRML browser\WebSpace appearedn May 1995. Paper compaly
gave the browserWebFX in freeusein August1995. WebFXwasa plug-infor Netscape
— the mostpopularHTML browserat thattime. WebFX was later renamedo live3D.
Silicon Graphicss developingits own VRML viewer— CosmoPlayer.

At Siggraph(August 1996) the VRML 2.0 specificationwas publishedand made
availablein its final form. VRML 2.0 allows the userto build usercontrolledmultiuser
sceneglLea,MatsudaMiyashita,1996).

VRML is usedin mary areas:dataorganizationthreedimensionaimaps,modeling,
mathematicsghemistry medicine,.. (Vollhardt,Moeckel, Henn, TeschnerBrickmann).

2 Examples

In the following examplesdataabout27 differenttypesof food are used(seeTable 1;
Hartigan(1975)). They aredescribedy 5 numericvariables:Food Enegy, Protein,Fat,
Calcium,andlIron. Variablesverestandardizetheforeuse.

Units (typesof food) wereclusterednto six clustersrepresentetly colors( 1 —clams
andcrabs/ cyan,2 —fish/ blue,3 — beef/ magenta4 — pork/ red,5 —lamb/ yellow, 6 —
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Tablel: Typesof Food (Rawv Data)

Food Cluster| Enegy | Protein| Fat | Calcium| Iron
calories gl ¢ mg | mg

1 | Beef,braised 3 340 20| 28 9| 2.6
2 | Hamlurger 3 245 21| 17 9| 2.7
3 | Beef,roast 3 420 15| 39 71 2.0
4 | Beef,steak 3 375 19| 32 9| 2.6
5 | Beef,canned 3 180 22| 10 17| 3.7
6 | Chicken,broiled 6 115 20| 3 8| 1.4
7 | Chicken,canned 6 170 25| 7 12| 15
8 | Beefheart 3 160 26| 5 14| 5.9
9 | Lambleg, roast 5 265 20| 20 9| 26
10 | Lambshoulderroast 5 300 18| 25 9| 2.3
11 | Smokedham 4 340 20| 28 9| 25
12 | Pork,roast 4 340 19| 29 9| 25
13 | Pork,simmered 4 355 19| 30 9| 24
14 | Beeftongue 3 205 18| 14 7| 25
15 | Vealcutlet 3 185 23] 9 9| 2.7
16 | Bluefish,baked 2 135 22| 4 25| 0.6
17 | Clams,raw 1 70 11 1 82| 6.0
18 | Clams,canned 1 45 7 1 74| 5.4
19 | Crabmeatcanned 1 90 14| 2 38| 0.8
20 | Haddock fried 2 135 16| 5 15| 0.5
21 | Mackerel,broiled 2 200 19| 13 5| 1.0
22 | Mackerel,canned 2 155 16| 9 157| 1.8
23 | Perch fried 2 195 16| 11 14| 1.3
24 | Salmoncanned 2 120 17 5 159| 0.7
25 | Sardinescanned 2 180 221 9 367| 2.5
26 | Tuna,canned 2 170 25| 7 7| 1.2
27 | Shrimp,canned 1 110 23| 1 98| 2.6

chicken/ white ). Thetwo mainclusters( { 1,2 } —sea-foodand{ 3,4, 5, 6 } — meat)
arerepresentetdy shapegcube,sphere).

Sincethe full adwantageof VRML canbe graspedonly using VRML browserwe
stronglyrecommendhereadetto visit theHTML/VRML versionof this paperat:

http://vlado.fmf.uni-lj.si/vr ml/p aris. 97/

Softwarefor producing3D representationsf multivariatedatain VRML is availableat:

http://vlado.fmf.uni-lj.si/pu b/vr ml/
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2.1 Planets

The simplestpresentatiorof multivariatedatais a presentatiorusing planets. threese-
lectedvariablesare shavn using positionsin the space. Additional informationcanbe
representedy glyphsthatrepresentnits.

In presentatiorof food typesin Figure5 the positionsin the spaceare determined
by thefirst threeprincipalcomponentsDifferentviews canshow interestingrelationsin
data. For example,the positionsof glyphsrepresentinglamsandcrabssuggesthatour
decisionto put themin the samegroupwasnot appropriate.Groupsof similar typesof
food canbeeasilynoticedin bothpictures.
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Figure5: Planets

2.2 Stars
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Figure6: Stars

Theuseof starsis analternatve possibilityto presenmultivariatedata.Eachvariable
is representedising the length of the correspondingay of the star We canalso use
differentcolorsfor differentrays,to make easieridentificationof raysrepresentinghe
sameattribute.
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Figure7: Tukey Stars

In Figure 6 positionsin the spaceare againdeterminedby the first three principal
componentslf welook atthe pictureswe canseethatthe shape®f the starsexplaintheir
positionsin the space(or vice versa)— starsthat are closerare moresimilar. The stars
neednotbe planar

In Figure7 the two main clusters(sea-food- left side, meat- right side)arerepre-
sentedusing Tukey stars.We caneasily seemain differencesetweenthem— low level
andsmallvariationof FatandEnegy in fish cluster andof Calciumin meatcluster

Tukey starscan be, by introducing appropriateglyphs, usedalso for representing
groupsof unitsdescribedy all threetypesof variableslnominal,ordinal,numeric).

Figure8: 3D Barchart
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2.3 3D bar charts

We canrepresentnultivariatedataalsousing 3D bar charts.In presentationn Figure8
thefirst two principalcomponentsleterminghe positionsin the plane(value0); the stan-
dardizedvariableFat determineghe heightof correspondindyar (column); six clusters
arerepresentedly color, andthe maintwo clustersby shapeof the bar (prism,cylinder).

2.4 3D dendrograms

Hierarchicalclusteringis oftenusedin dataanalysis.The procesf fusingcanbeshovn
usingdendrogramsWe cancombinethis methodwith principal components.The first
two principal componentsieterminethe positionof a unit in the plane. Units arethen
joinedusing3D dendrogranaccordingo hierarchicaklusteringalgorithm.

In this way we canfind somesimilarities betweenthe resultsof both methods(see
Figure9): unitsthatarecloser(accordingo principalcomponentsarejoinedearlierthan
theothers.

Figure9: 3D Dendrograms

2.5 3D time seriesspiral

In Figure10 quarterly seasonallyinadjustedime seriesat 1964 pricesPrivate consumer
expenditure in Austria (billions of Austrian Schillings) (Thury, 1982)is representedby
time series spiral.

In Januaryl978 a specialpurchaseax ratefor luxury goodswasto be introduced.
Therefore,most consumersoughtthe durablegoods,and above all cars,which they
intendedo purchasen theimmediatefuture,attheendof 1977.

3 Conclusion

In the papemwe presentedomegeneraideason datavisualizationandsomeexamplesof
visualizationof multivariatedata.On this basisdifferentkinds of programgor multivari-
atedatavisualizationcanbe developed- from simpletransformersf multivariatedata
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Figure10: 3D Time SeriesSpiral

to their VRML descriptionsto avisualdataexplorationsystembasedn somepowerful
3D-graphidibrary (OpenGL,Direct3D,...), combinedwith otherdataanalysismethods.
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