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Abstract

This paper presentsthe Mondrian data visualization
softwae. In addition to standad plots like histograms,
barcharts, scatterplotsor maps,Mondrian offers advanced
plots for high dimensionalcategorical (mosaicplots) and
continuouddata (parallel coodinates).All plotsare linked
and offer variousinteractiontechniques.A specialfocusis
on the seamlessntegration of categorical data. Uniqueis
Mondrian's specialselectiontechnique which allows ad-
vancedselectionsn complex datasets.

Besidedoadingdatafromlocal (ASCII) les it cancon-
nectto databasesavoidinga local copyof the dataon the
clientmadine
Mondrianis writtenin 100%pure JAVA.

1. Intr oduction

Datavisualizationhasbeenacknavledgedasanimpor-
tanttool in decisionsupport.But usuallyvisualizationsare
staticandjust usedfor presentatiomatherthanexploration.
Interactie statisticaldatavisualizationis a powerful tool
whichreachedeyondthelimits of staticgraphs.

Althoughtherewasa big researcteffort in the mid 80s
in interactve graphicalstatistics this dataanalysistool has
notbecomewidely used.Onereasommight bethatthe sys-
temsdesignedy researcher&5 yearsago(cf. [1]) needed
extremelyexpensve hardwareanda big effort in software
development.Certainlytimeshave changedincethen,and
ary desktopcomputeris capableof graphicstoday Fur
thermorecompatibility issueshave becomdessimportant.
Opensourceprojectsaswell asplatformindependenpro-
gramminglanguagedike JAVA have madesoftware more
widely accessible.

Only few software packagesare not only tailored to-
wardsone speci ¢ visualizationtasklike e.g. network vi-
sualizationor 3d-imaging,but offer a variety of plotsfor a
generaknalysisof data.

This paperlists Mondrian's specialfeaturesand novel
implementationsConceptof how to utilize theinteractve
visualizationtools for an advanceddataanalysisare pre-
sentecaswell.

Mondrianis freely availableandasa JAVA application
runson almostary platform.

2.Smart Selections

The main task in interactve data visualizationis the
identi cation of patternandsubgroupsThusselectingand
identifying datais of majorimportance.This sectionintro-
ducesthe specialselectiontechniquemplementedn Mon-
drian.

2.1 The Progressin SelectionTechniques

The way how dataare selectedn interactve visualiza-
tion softwareshows the steadyadvanceof researchresults.

1. The standad way of selectingdatais to selectdata
andby doingsoreplaceary otherselectionthatmight
have beenpresentThereis noway of re ning aselec-
tion or selectingover differentplots and/orvariables.
This standardselectiontechniques implementece.g.
in GGobi[7].

2. A more advancedway to handleselectionsis to al-
low to combinethe currentselectionwith a new se-
lection with booleanfunctionslike and, or, Xor, not
This allows the analystto re ne a selectionstep by
stepto drill down to avery speci ¢ subsebf the data.
DataDesK11] implementghis selectiontechnique.

3. Whendealingwith awholesequencef selectionsit is
oftendesirableo changeaselectioratanearlierstage,
without having to rede ne all precedingand succes-
sive selectionsteps.By storingthe sequencef selec-
tionsit is possibleto make changego ary stepin the



sequenceSelectionSequencebave been rst imple-
mentedn MANET [9].

4. Althougha selectionis alwaysperformedon the com-
puterscreenin the rst place,i.e. in termsof screen
coordinatesthe dataselectiormustbe storedin terms
of datacoordinates.The approactusedby Mondrian
keepsalist of ary selectionassociateavith adataset.
For eachentryin thelist the

selectionareain screercoordinatesanddataco-
ordinates,
selectionstep,
correspondingplot window and
selectioormode(e.g.and,or, not)
is stored.The currentlyselectedsubsebf the datacan
thenbe determinedby processingall elementsof the

list, no matterwhich kind of modi cation to the list
wasthereasorfor anupdateof the selectionsubset.

2.2 SelectionRectangles

Allowing multiple selectionsn a singlewindow aswell
asacrosdifferentwindows makesa visualguideto the se-
lectionsperformedndispensable.
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Figure 1. SelectiorRectanglesn Mondrian.

Mondrian introducesSelectionRectangles Figure 1
givesan exampleof a scatterplotcontainingtwo selection
rectanglesSelectiorrectanglesndicatetheareawhichwas
selected.An existing selectionrectanglecanbe usedasa
brushby simply draggingthe selectiorrectangle Theeight
handleson the rectanglepermita e xible resizingof the
rectanglesThis enablessariousslicing techniques.

The selectionrmodecanbe changedria a pop-upmenu.
The deletionof a selectioncanbe performedvia this pop-
up,too. An active (i.e. selectedyelectioncanbedeletedby
simply pressingthe backspacdey. Only the active selec-
tion is plottedin black. All otherselectionsareplottedin a
lighter grayto make themlessdominantin the plot.
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Figure 2. Zooming in a map: the Selection
Rectangle changes accordingly.

Sinceselectionsare storedin termsof the datacoordi-
natesthey areinvariantto ary alterationsof a plot. Typical
scenariosarethingslik e interactize reorderingof the axes
in a parallelcoordinateplot, ipping the axesin a scatter
plot or zooming.Theseoperationsautomaticallyupdatethe
selectiorrectanglesThe new screercoordinate®f the se-
lectionrectanglesare calculatedrom the datacoordinates.
Figure2 showns how a selectionrectanglereactson a zoom
insideamap.

The ability to handle more than one selectionin one
window is indispensablevhen dealingwith parallel coor
dinates.

ThewayMondrianhandleselectionss particularlyuse-
ful whenworking with databasesincethe selectiontrans-
late easilyinto SQL code.At this pointit is importantto be
sureaboutthe precedencef booleanoperators.Mondrian
always performsselectionssequentially which is in most
caseghe way the userthinks. Thusan exampleselection
S1 OR S2 AND S3 readsas (S1 OR S2) AND S3,
ignoringthe usualprecedencef booleanoperatorswhere
ANDhasa higherprecedencasOR The WHERlausein
an SQL-querythusis explicitly bracletedto ensurethe se-
guentialorderof theoperators.

The use of JAVA 2D would make the implementation
of arbitrary shapesof a selectionarearelatively simple.
Whereaghis would allow very e xible selectionsit is not
obvioushow aresizingof sucha selectionwould look like.
A more structuredapproachto more generalselectionar
eascouldbeto allow arhomhusshapeof the selectionarea,
which can be resizedat the four cornerhandles. The re-
maining four handleswould thenbe usedto enlage or re-
ducethesizeof therhomhusasneeded.



3. Conventions

One of the keys to the succesof a graphicaluserin-
terface are corventions. Corventionsenablethe userto
perform taskswithout learning new, speci c interactions.
E.g. mostgraphicaluserinterfacesallow for a changeof
the window size by draggingthe lower right cornerof the
window. Oncethe userknows of this behaior he/sheis
ableto resizea window no matterwhat applicationor op-
eratingsystemhe/sheuses. A brilliant collection of good
and mary bad examplesof userinterfacedesignis given
at http://www.iarchitects.com . A broaderdis-
cussionof userinterfacedesignfor interactve visualization
softwarecanbefoundin [8].

High interactiongraphicswith directmanipulatiorinter-
facesoffer a lot of interactions. To easethe useof high
interactiongraphicsit is necessaryo gatherthevariousin-
teractionsnto differentgroupdik e querieszooming selec-
tion, reordering. Oncethesegroupsareidenti ed, we can
assignthe varioususerinterfaceinteractionsto them; e.g.
shift-mouse-clickpop-up-triggesetc.

Inside Mondrian the following groupsof interactions
have beenidenti ed to be crucialto performstepsin anin-
teractve graphicaldataanalysis.

Selections
— Creatinga selectiorrectangle

Click anddrag.

— Brushing
Click insidea selectiorrectangleanddrag.

— Resizea selection(Slice)
Click-draga handleof aselectiorrectangle

— Changethe selectiormode
Shift-click insidethe selectiorrectangle
Queries

— Popuptrigger onan object
(i.e.right mousebutton on mostsystems).

Alterations

— Zoom-ouf(-in)
Meta-click (anddrag).

— Changetheplot settings
Popuptriggeronthe plot background.

— Reoder objectsin the plot
Alternate-clickontheobjectanddragto new po-
sition.

Obviously someof theseinteractionsare identical in all
plots (e.g. interactionswith selections)and somedepend
on the plot-type. Whereasthereis nothing to reorderin

a map,you canreorderthe catgyoriesin a barchartor the
axesin a parallelcoordinateplot. Giventhesecorventions
it is very easyto getusedto all thedifferentfunctionsinside
Mondrian.

4. SpecialPlotsfor High Dimensional Data

Althoughlinking andhighlighting acrosdifferentplots
canalreadyincreasethe numberof dimensiongo look at
simultaneouslyit is very desirableto nd visualizations
which include mary variablesat a time. Mosaic plots for
catgyorical dataand parallel coordinateplots for continu-
ousdataareidealfor gaininginsightinto high dimensional
data.

4.1 Parallel Coordinates/Boxplots

ParallelCoordinatesreapowerful tool to analyzea high
dimensionaldatasetsgraphically Sincestaticrepresenta-
tions of parallelcoordinatesare usually not very revealing
severalinteractve implementationsrosevery early. These
implementationsare restrictedto very specialcomputing
ervironmentsandthus not easily accessibldor mostpeo-
ple. The probablymostadwancedimplementationgarethe
onesof Inselbeg [6] andWegman[13].

Figure3 shows a parallelcoordinateplot of the Midwest
dataincluding not lessthan 14 variables,of which 13 are
continuousandonecateyorical. In additionto the standard
selection,highlighting and interrogationmethodsparallel
coordinatesn Mondriansupportthefollowing features:

Coordinatescan be rearrangednanuallyto look at the
mostinterestingadjacenciesUsually only a few adjacen-
ciesareof interest.!

Zooming is implementedfor each axis individually.
Sinceparallelcoordinatesare clutteredvery muchwith an
increasinghnumberof obsenationsdisplayed,zoomingcan
focuson a more detailedview of the variable. E.qg.for the
variable'% American-Indian-Eskimo-Aleut wouldbede-
sirableto simply zoomin, in orderto getrid of the outliers
andseethe shapeof thedistribution,i.e.thebox of thebox-
plot.

Mondrianoffersaspeciaffeatureto plot cateyoricalvari-
ablesin parallel box/coordinateplots. Whereasmostim-
plementation®nly usethe numbercodingof a categorical
variable, Mondrian plots a stacled barchart,with left-to-
right highlightingfor eachcategoricalvariable. Thisdisplay
is consistentvith all otherplotsrepresentingounts.Addi-
tionally linescanbe displayedfor the highlightedpointsin
boxplotmode.

In Figure 4 the samedataasshavn in gure 3 is dis-
played. Whereasin Figure 3 one cannotreally nd out

1only k"Tl permutationf thek variable-axisare neededo display
all possibleadjacencies;f. [13]



Figure 3. Parallel Coordinates for the Midwest data. Counties with high propor tion of Asian-P aci cs

are selected.

Figure 4. Parallel boxplots for the same data as in gure 3. The categorical variable in the plot is

shown as spineplot.

abouthow mary countiesareselectedn eachstate,nterro-
gatingFigure4 shows, thatthe selecteccountiesaremainly
in Wisconsin lllinois andMichigan.

Wills [14] givesanalternatenethodof incorporating:at-
egoricalvariablesnto parallelcoordinatebasedn circles-
sizes,which is not compatibleto the way countsare dis-
playedin barcharts.

4.2 Mosaic Plots
Mosaicplots area relatively new development.Recent

implementationsnclude a static versionfor S-PlusandR
by Emmerson3] andan interactize versionby Hofmann

[4] within the MANET software.

Within Mondrianto e xibly reorderthe variablesin the
plot and to include and exclude variablesthe four arrow
keys canbe used. Empty cells which occurvery often if
the numberof crossectatagoriesis very high, arenot sub-
divided on lower levels. In situationswith mary crossed
variablesthis usually reduceshe numberof cellsto draw
drastically To make emptycellsvisually more prominent,
they areplottedin red.

Since Mondrian supportsqueriesthere are no labels
printedarounda mosaicplot. With only afew variablesn a
Mosaicplotlabelswould t aroundtheplot. But morecom-
plex plotswith, e.g.8 binaryvariableswould needtwice as



Figure 5. The Titanic Data in a Mosaic Plot.

much spacefor the labelsasfor the plot itself. Figure5
givesanexampleof amosaicplot with aquery Besideghe
guerythenameof thedatasetandthenamef thevariables
in the plot areshawn in thetitle barof the plot window.

A specialfeatureof the mosaicplots inside Mondrian
is the interactive graphicalmodelingof loglinear models,
basedn mosaicplots(cf. [10]).

WeightedPlots

Many datasetsandmostdatabasegueriegpresentlatain an

alreadysummarizedorm, i.e. atable.In MondrianMosaic
plots as well as barchartscan handledatawhich is sum-

marized specifyingattribute variablesanda countvariable.
Obviously any non-ngjative numericvariablecanbe used
asa weight variable,which allows for very e xible plots,

whichmightbehardto interpret.A simplelook up of values
canbe performedwith barchartdy weightingcasenames
by theirvalues,asshovnin gure 7.

5. Working with Categorical Data

Mondriancanhandlecateyoricalvariablesin bothways,
asnon-informatve numbercoding,or full text labels.It im-
plementdnteractize barchartandmosaicplotsfor analyz-
ing categoricaldata.Neitherplotis veryrevealingin astatic
setting,but areveryinsightfulin aninteractive ervironment
providing linked highlighting andinteractve reorderingof
variablesandcateyories.

The HousingFactors Example

The HousingFactors examplewill underlinewhy inter-
activity is a key-featurefor a graphicalexplorationof cate-
goricaldata. The dataaretakenfrom Cox & Snell[2] resp.
Venableg12] investigationgcf. pp 155resp.pp 226).

Dataon the housingsituationof 1681tenantsn Copen-
hagenrhasbeenclassi edaccordingo:

Housing Type
Apartments,Atrium House, TerracedHouse, Tower
Block

In uence on the housingsituation
low, mediumhigh

Contact to other tenants
low, high

Satisfactionwith the housingsituation
low, medium,high

The dataare distributed over all 72 cells, i.e. thereare no
emptycells. Tablel lists thecompletedataset.

Figure6 shavsthe default barchartandmosaicplot for
thefour variables.The caseswith high satishctionare se-
lected,to mark the mostinterestingresponse.Obviously
the orderingof atleasttwo of thevariablesnakesno sense,
andthe mosaicplot doesnot revealary systematigattern,
worth tting amodelfor. Thenecessargtepsto make the

Housing Factors HousingType
Sat. [ In. | Cont. || App. | Atr. | Terr. | Tower
ou [ et 5T T2
ow | med - e 10 et 17
IR N R A
ow |-k a5 2|25 |19
med | med |-kl ae 2z 2|29
hioh |- 210 T8 |5
ow |- as 20 13| %
high | med |- gt 5 2s 13T 40
N |- 622 12| 23

Table 1. Cross-classi cation of 1681 tenants

plotsmoreinsightful comprise:



Figure 6. The Housing Factor s Data in default
view.

Sortthe categgoriesof Housing Type accordingto the
relative amountof high satishctioncasegvia theplot-
option pop-up). The plot has beenswitchedto the
Spineplotview, to make the sortingmoreobvious.

Sortln uence and Satishctionto: low, medium high
(viaalt-click anddrag):

Reorderthe variablesin the mosaicplot suchthatthe
plot is conditioneduponthe HousingTypeandput In-
uence - asa variablewith mary cateyories- at the
deepesstage.Theorderis then: HousingType, Con-
tact, In uence. The reorderingis donewith the four
arron keys.

Certainlyit is still hardto readthe plots without the inter-
active queries.But in contrastto the default views, the re-
orderedplots now reveal a clear patternalong with some
deviations,which cannow beinvestigatednorecloselyus-
ing statisticaimodelsaswell asotherrelevantinformation.

6. SpecialFeaturesin Standard Plots
6.1 Barcharts

In Mondrianthelayoutof the barsin barchartss chosen
to be horizontalratherthanvertical. This allows full-length
printing of category names. The usualbarchartview can
be switchedto a spine-plotview (cf. Hummel[5]), sothat
the height, not the width, is proportionalto the numberof
casesn acategory. If thehighlightingis still donefrom left
to right, the highlightedproportionscanthenbe compared
directly.

When working with large datasets(10,000to 50,000
casesare usually already sufcient) the numberof cat-
egories will grow as well. No matter how big the
screen/windw is, we will encountersituationswherewe
cannotseeall bars/catgoriesatthesametiime. Makingbar
chartsscrollableallows the investigationof variableswith
dozensof cateyories.

Obviously the orderingof the categoriesthenbecomes
very important. Mondrian offers four waysto order cate-
goriesin barcharts.

1. Lexicographic Order
This is the default order, which is presentedafter the
plotis constructeé&nddisplayed.This orderingis best
for looking up categories.



Figure 7. An example of two linked barcharts.

2. Manual Order
Any currentordercanbe changedby manuallydrag-
ging a barto its new position. This is usefulif all au-
tomatedsortingsfail.

3. Absolute Sizeof Highlighting
This optionsortsthe categoriesaccordingto the abso-
lute numberof selectecdtasedn a category. Selecting
all dataallows for a sortingaccordingto the absolute
sizeof the categories.

4. Relative Sizeof Highlighting
This sortingoption sortscorrespondingdo the relative
amountof highlightingin the categories.In the spine-
plot view this option nicely shows the orderingof the
selectegoroportions.

A changeof the orderof the categoriesof variablesis au-
tomaticallypropagatedo arny otherplot which holdsinfor-
mationbasedon this variableandupdatednstantaneously

This couldbe a mosaicplot, a parallelbarchartor a choro-
pleth map, which is shadedaccordingto the levels of the
catgyoricalvariable.

Figure 7 shavs dataof the fortune 400 private persons
in the US taken from ForbesMagazinein 1996. The left
barchartshovs eachindividual weightedby its worth. The
right barchartshoving the50US stateshasbeensortedac-
cordingto thenumberof individualsin this state.California
hasbeenselected.

6.2 Histograms

The most crucial point in plotting a histogramsis to
choosehe’right” origin of the rst binandtheright” num-
ber of bins. Sincethereexists a vastamountof rulesand
suggestionsvhat "right” meansunder different assump-
tions, the mostimportantinteractive manipulationinside
histogramds changinghe origin andthewidth of thebins.

Figure 8. Histogram of the age distrib ution.
Cases with more than 60K income are high-
lighted

Theseparametersanbealteredby usingthefour arrow
keys (left, right movesthe origin; up, down changeshebin
width). Additionally a popup-menuwfferstwo slidersto set
bin width andorigin to whole numbers.This is especially
usefulwhenthe userwantsto set“pretty” ticks, i.e. multi-
plesof 1, 2 or 5 to a power of 10.

In orderto keepthevisualdistortionassmallaspossible,
the scaleof the histogramaxis is not updatedduring the
interactive reparametrization.

As barchartzanbeswitchedo spineplotshistogramsn
Mondriancanbe switchedto the socalledspinogranmview.
In a spinogramall barsof the histogramarescaledto be of
sameheightandareplottednext to eachother Figures3 and
9 shaw a correspondingpair of histogramandspinogram.



Figure 9. Spinogram of the age distrib ution.

Scatterplots

In contrastto mostotherplotsin Mondrian,scatterplots
offer axes, shaving the maximumand minimum as basic
orientation.Interrogationmethodsnsidescatterplotoper
ateon two levels. The rst level is a simple overview of
thepositionof thecursor whichis displayedby projections
onto the x- andy-axes. This interrogationis invoked by
simply pressinghecontrolkey. A < ctrl-click> invokesthe
secondevel of interrogationcf. Figure10.

Figure 10. Both levels of interr ogation in a
scatterplot.

A pop-upis presentedwith the dataof the x- andy-
variablesaccordingto the closestpoint. By selectingvari-
ablesin themainvariableswindow, it is possibleto specify
the variablesfor which the pop-upwill shav thevalues.If
morethanonepointis found at the samedistancea list of
thecaseds presentedn the pop-up.

7.Conclusions

This papershall encouragehe readerto make use of
interactve graphicalsoftware. Furthermorewriting such
softwarein JAVA is easierthanever. JAVA is capableof
all graphicaldisplayswe canthink of. Carefully designed
JAVA applicationgun fastenoughontoday's hardwareand
cancompetewith classicaimplementationsThe platform
independencallows for amuchwider distribution thanwe
areusedto from formerdevelopmenenvironments.

Although Mondrianwas never designedo be a general
purposegraphicaldataanalysispackagejt alreadyoffers
moststandarglots. Furthermorevariousfeaturesandideas
neverimplementedeforeareavailable.

Currentdevelopmentversionson Mondrianimplement
direct connectionsto databases. A generalinterface to
databasegia JDBCallowsto work onhugedatasetsyeach-
ing far behindcurrentlimits. Certainlydisplaytechniques
mustbeadaptedUsing  channeltransparengallowsfor
plotting vastamountsof datawithout clutteringthe screen.

In orderto allow simple extensionsto plots like exter-
nally de ned scatterplotsmoothers,an interfaceto R is
underdevelopmeniaswell.

Download

Current versions of Mondrian can be downloaded at
http://stats.math.uni-augsburg.de/ Mondri an
or http://www.theusRus.de/Mondrian . Versions
for Windows? and Mac OS X — which can be started
with no furtherinstallations— areprovided. For all other
platformsaJAR le is distributed.

Thelatestversioncovers  blendingtechniquesimple-
mentedin scatterplotsand parallel coordinateswhich are
notmentionedn thispaperto copewith verylargedatasets.
The currentdevelopmentversionimplementsthe seamless
integrationof databaseonnections.
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