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VR Visualization of Multi variate Data
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Abstract

VRML (Virtual RealityModelingLanguage)andfreelyavailablebrowsersfor it
madethreedimensionalpresentationsverypopularalsoonpersonalcomputers.One
of themostimportantfeaturesof VRML is thepossibilityof traveling in theobtained
scene– egocentricview.

In thepaperanintroductionto visualizationof multivariatedataandsomeexam-
plesof theirVR presentationsaregiven.

1 Intr oduction

1.1 Data visualization

With thegrowth of computingpower of desktopcomputers,datavisualizationis gaining
popularityamongresearchersasa tool for data exploring andfor presentations of results
(Brown, Earnshaw, Jern,Vince,1995;Baker M.P., WickensC.D.,1995;Tufte1983).

Usinga datavisualizationsystem(seeFigure1) a researcherusuallyadoptsdifferent
goals(Wehrend,Lewis, 1990)– to: identify, locate,distinguish,categorize,cluster, rank,
compare,associateor correlatesomedata.

Propertiesof thedatasetthatcrucially influenceformsof its representationare:

� size: small,large,infinite;

� density: sparse,dense,cluttered;and

� activity: static,dynamic(deterministic,random).

Smalldatasetscanbepresentedcompletelyandin detailin asingleview. In anoverall
view of largedatasetsdetailsarelost; anda detailedview canencompassonly a partof
dataset.

Thebasicfeatureof VR (Virtual Reality) is thesupportof egocentric view – theuser
is immersedinto thepresentationasits activepart;hecantravel insidethedatascene,the
view is determinedby his positionin the scene.Standarddatavisualizationssupported
�
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Figure1: DataVisualizationSystem

by generalpurposeprograms(Excel,PowerPoint,...) aremostly exocentric – viewer is
positionedoutsidethepresentation.Often the third dimensionis usedonly to make the
presentationfancier, andnot to getbetterinsightaboutthedata.

Figure2: WindowsFile Manager

In very largedatasetsa seriousproblemappears:How to avoid to be“ lost within the
forest”? Thereareseveralsolutionsthathelptheuser’s orientation:

� restart option: returnstheuserto thestartingposition;

� introductionof additional orientation elements: coordinatesdisplay, grids, shad-
ows, landmarks(static/ userset).Theseelementscanbeswitchedon/off.

� multiview: consistsof at leasttwo views (windows):

– map view: overall view (usuallyexocentric)which containsthe currentpo-
sition and allows ’ long’ moves(jumps). For very large datasetsit can be
combinedwith zoomingor fish eye.
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– local view: which displaystheselectedportionof dataset.

Additional supportcanbe achievedby implementingtrace/backtrack/replay mecha-
nismandguided tours.

Closelyrelatedwith themultiview ideaaretheconceptsof glasses, lenses andzoom-
ing (Pad++,inXight, 1996). Selectingdifferentglasseswe obtaindifferentviews on the
samedata. Glasseshave effect on the entirewindow, and lensesonly on the selected
region.

An exampleof the multiview approachis the presentationof files usedin Windows
File Manager(seeFigure2). It providesalsodifferentglasses(Name,All File Details,
. . . , Sortby . . . ; in new version:Largeicons,Smallicons,List, Detailedlist, . . . ).

1.2 Visualization of multi variate data sets

In visualizingmultivariatedataweusuallydealwith smallor large,sparseandstaticdata
sets.

Let E � ���
	��
be a set of units. A unit

�
is usuallydescribedby list of valuesof

selectedattributes(properties,variables)


���� ��� ������� ��� ��������������� ��� � �

A unit is usually representedby a glyph which integrates,as its components,elements
representingunit’sattributes.

Fromstandarddataanalysisweknow severaltypesof 2D-glyphs:pointsin plane,pie
charts,barcharts,columns,stars,Chernoff faces,Andrews curves,... (Dillon, Goldstein,
1984). Most of 2D-glyphscanbe extendedto 3D-glyphs,andsomeadditionalshould
be invented. For example,pie chart and column representationcan be combinedinto
pie cylinder (seeleft sideof Figure3). By usingtheseglyphsto presentrepresentatives
(centroids)of groups,they canbeusedalsofor presentationsof groups.

Figure3: PieCylinderand3D-Tukey Glyph

For presentationof an attribute over a groupof units, histogramsandTukey’s box-
and-whiskersplots areoften used. They canbe combinedinto a glyph (for example,a
star)representinga group(seeright sideof Figure3 andFigure7). The largestring in
Tukey glyph representsdataset(population)average,themiddlering – groupaverage,and
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thesmallone– groupmedian.Thetubesrepresent1-3 quartile,1-9 decileandmin-max
ranges.

The representationelementssupportassociative, selective, orderingand/orquantify-
ing tasks. In the visualizationtask thereareseveral levels of detail representedby the
hierarchy

( attribute,unit, group,groups,dataset)

Mostof dataanalysisprocedurescanbeseenastransformationson,or relationsbetween,
theselevels.

Dif ferentscaletypesarerepresentedby differentgraphicalelements:

scale representation
nominal color, shape
ordinal grade,lightness,texture,arrangement(position)
numeric size,position,direction,angle

Since

nominal " ordinal " numeric,

the representationscompatiblewith higher scalescould be usedalso for lower scales
– e.g.,direction to representnationality. A generalrule is that this shouldbe avoided
becausethey cansuggestunsubstantialassociations.

1.3 Thr eedimensionaldata presentations

In this paperwe discuss3D presentationsof multivariatedata. As a prototypingenvi-
ronmentwe selectedVRML (Virtual RealityModelingLanguage)becauseit providesa
platformindependentpresentationsandsupportsVR presentations.

Figure4: BasicVRML Shapes

In apresentationof multivariatedataseveralVRML elementscanbeused:

1. positionin space

 � �$#%��&'� ;

2. shape(sphere,cube,cone,cylinder, plane,...; seeFigure4);
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3. color;

4. size,angle,slope,area,volume;

5. pattern(texture);

6. direction(orientation);

7. text;

8. lights (differentlight sources,shadowing, transparency, reflections,...);

9. rotationof objects;

10. differentviews andwaysof moving in theobtainedscene;cameraproperties(or-
thographic,perspective,stereoscopic;field of view).

1.4 VRML

During thefirst Web Conferencein May 1994someexpertsfor virtual reality formeda
group that shouldpreparesomeadditionsto HTML (HyperText Markup Language) in
thefield of virtual reality. Sotheideaof VRML (Virtual Reality Markup Language) was
born. Silicon Graphics supportedtheideasignificantlyby giving in freeuseits language
for descriptionof threedimensionalobjectsOpen Inventor (Warnecke, 1994) together
with its parser.

On thenext conference,in October1994in Chicago,first versionof VRML wasan-
nounced(Bell, Parisi,Pesce,1995;Ames,Nadeau,Moreland,1996).Designersdecided
that HTML andVRML shouldbe ”orthogonal” but connectedlanguages– VRML be-
cameVirtual Reality Modeling Language.

First sharewareVRML browserWebSpace appearedin May 1995. Paper company
gave thebrowserWebFX in freeusein August1995.WebFXwasa plug-in for Netscape
– the mostpopularHTML browserat that time. WebFX was later renamedto live3D.
SiliconGraphicsis developingits own VRML viewer– CosmoPlayer.

At Siggraph(August 1996) the VRML 2.0 specificationwas publishedand made
availablein its final form. VRML 2.0 allows theuserto build usercontrolledmultiuser
scenes(Lea,Matsuda,Miyashita,1996).

VRML is usedin many areas:dataorganization,threedimensionalmaps,modeling,
mathematics,chemistry, medicine,.. . (Vollhardt,Moeckel, Henn,Teschner, Brickmann).

2 Examples

In the following examplesdataabout27 different typesof food areused(seeTable1;
Hartigan(1975)).They aredescribedby 5 numericvariables:FoodEnergy, Protein,Fat,
Calcium,andIron. Variableswerestandardizedbeforeuse.

Units(typesof food)wereclusteredinto six clusters,representedby colors( 1 – clams
andcrabs/ cyan,2 – fish / blue,3 – beef/ magenta,4 – pork / red,5 – lamb/ yellow, 6 –
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Table1: Typesof Food(Raw Data)

Food Cluster Energy Protein Fat Calcium Iron
calories g g mg mg

1 Beef,braised 3 340 20 28 9 2.6
2 Hamburger 3 245 21 17 9 2.7
3 Beef,roast 3 420 15 39 7 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 1.5
8 Beefheart 3 160 26 5 14 5.9
9 Lambleg, roast 5 265 20 20 9 2.6

10 Lambshoulder, roast 5 300 18 25 9 2.3
11 Smokedham 4 340 20 28 9 2.5
12 Pork,roast 4 340 19 29 9 2.5
13 Pork,simmered 4 355 19 30 9 2.4
14 Beeftongue 3 205 18 14 7 2.5
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 Crabmeat,canned 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 Salmon,canned 2 120 17 5 159 0.7
25 Sardines,canned 2 180 22 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-food,and
�

3, 4, 5, 6
�

– meat)
arerepresentedby shape(cube,sphere).

Sincethe full advantageof VRML can be graspedonly using VRML browser we
stronglyrecommendthereaderto visit theHTML/VRML versionof this paperat:

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

Softwarefor producing3D representationsof multivariatedatain VRML is availableat:

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

The simplestpresentationof multivariatedatais a presentationusingplanets: threese-
lectedvariablesareshown usingpositionsin the space.Additional informationcanbe
representedby glyphsthatrepresentunits.

In presentationof food typesin Figure5 the positionsin the spacearedetermined
by thefirst threeprincipalcomponents.Dif ferentviews canshow interestingrelationsin
data.For example,thepositionsof glyphsrepresentingclamsandcrabssuggestthatour
decisionto put themin thesamegroupwasnot appropriate.Groupsof similar typesof
food canbeeasilynoticedin bothpictures.

Figure5: Planets

2.2 Stars

Figure6: Stars

Theuseof starsis analternativepossibilityto presentmultivariatedata.Eachvariable
is representedusing the length of the correspondingray of the star. We can also use
differentcolorsfor differentrays, to make easieridentificationof raysrepresentingthe
sameattribute.
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Figure7: Tukey Stars

In Figure6 positionsin the spaceare againdeterminedby the first threeprincipal
components.If we look at thepictureswecanseethattheshapesof thestarsexplaintheir
positionsin the space(or vice versa)– starsthat arecloseraremoresimilar. The stars
neednotbeplanar.

In Figure7 the two main clusters(sea-food– left side,meat– right side)arerepre-
sentedusingTukey stars.We caneasilyseemaindifferencesbetweenthem– low level
andsmallvariationof Fat andEnergy in fish cluster, andof Calciumin meatcluster.

Tukey starscan be, by introducingappropriateglyphs, usedalso for representing
groupsof unitsdescribedby all threetypesof variables(nominal,ordinal,numeric).

Figure8: 3D Barchart
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2.3 3D bar charts

We canrepresentmultivariatedataalsousing3D barcharts.In presentationin Figure8
thefirst two principalcomponentsdeterminethepositionsin theplane(value0); thestan-
dardizedvariableFat determinesthe heightof correspondingbar (column); six clusters
arerepresentedby color, andthemaintwo clustersby shapeof thebar(prism,cylinder).

2.4 3D dendrograms

Hierarchicalclusteringis oftenusedin dataanalysis.Theprocessof fusingcanbeshown
usingdendrograms.We cancombinethis methodwith principal components.The first
two principal componentsdeterminethe positionof a unit in the plane. Units arethen
joinedusing3D dendrogramaccordingto hierarchicalclusteringalgorithm.

In this way we canfind somesimilaritiesbetweenthe resultsof both methods(see
Figure9): unitsthatarecloser(accordingto principalcomponents)arejoinedearlierthan
theothers.

Figure9: 3D Dendrograms

2.5 3D time seriesspiral

In Figure10quarterly, seasonallyunadjustedtimeseriesat1964pricesPrivate consumer
expenditure in Austria (billions of AustrianSchillings)(Thury, 1982) is representedby
time series spiral.

In January1978a specialpurchasetax rate for luxury goodswasto be introduced.
Therefore,most consumersboughtthe durablegoods,and above all cars,which they
intendedto purchasein theimmediatefuture,at theendof 1977.

3 Conclusion

In thepaperwepresentedsomegeneralideasondatavisualizationandsomeexamplesof
visualizationof multivariatedata.Onthisbasisdifferentkindsof programsfor multivari-
atedatavisualizationcanbe developed– from simpletransformersof multivariatedata
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Figure10: 3D TimeSeriesSpiral

to theirVRML descriptions,to avisualdataexplorationsystem,basedonsomepowerful
3D-graphiclibrary (OpenGL,Direct3D,. . . ), combinedwith otherdataanalysismethods.

References

[1] AmesA.L., NadeauD.R.,andMorelandJ.L. (1996):TheVRML Sourcebook. Wi-
ley, New York.

[2] Baker M.P., andWickensC.D. (1995):HumanFactorsin Virtual Environmentsfor
theVisualAnalysisof ScientificData. draft.
http://monet.ncsa.uiuc.edu/˜ baker /PNL /pape r.ht ml

[3] BatageljV., andMrvarA. (1996):Trirazsěznepredstavitvepodatkov (3D DataPre-
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