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Abstract

This paper presentsthe Mondrian data visualization
software. In addition to standard plots like histograms,
barcharts,scatterplotsor maps,Mondrianoffers advanced
plots for high dimensionalcategorical (mosaicplots) and
continuousdata(parallel coordinates).All plotsare linked
andoffer variousinteractiontechniques.A specialfocusis
on theseamlessintegration of categorical data. Uniqueis
Mondrian's specialselectiontechnique, which allows ad-
vancedselectionsin complex datasets.

Besidesloadingdatafromlocal (ASCII)�les it cancon-
nectto databases,avoidinga local copyof thedataon the
clientmachine.
Mondrianis written in 100%pureJAVA.

1. Intr oduction

Datavisualizationhasbeenacknowledgedasan impor-
tanttool in decisionsupport.But usuallyvisualizationsare
staticandjustusedfor presentationratherthanexploration.
Interactive statisticaldatavisualizationis a powerful tool
which reachesbeyondthelimits of staticgraphs.

Although therewasa big researcheffort in themid 80s
in interactivegraphicalstatistics,this dataanalysistool has
notbecomewidely used.Onereasonmight bethatthesys-
temsdesignedby researchers15 yearsago(cf. [1]) needed
extremelyexpensive hardwareanda big effort in software
development.Certainlytimeshavechangedsincethen,and
any desktopcomputeris capableof graphicstoday. Fur-
thermorecompatibility issueshave becomelessimportant.
Opensourceprojectsaswell asplatformindependentpro-
gramminglanguageslike JAVA have madesoftwaremore
widely accessible.

Only few software packagesare not only tailored to-
wardsonespeci�c visualizationtask like e.g.network vi-
sualizationor 3d-imaging,but offer a varietyof plots for a
generalanalysisof data.

This paperlists Mondrian's specialfeaturesand novel
implementations.Conceptsof how to utilize theinteractive
visualizationtools for an advanceddataanalysisare pre-
sentedaswell.

Mondrianis freely availableandasa JAVA application
runsonalmostany platform.

2. Smart Selections

The main task in interactive data visualization is the
identi�cation of patternsandsubgroups.Thusselectingand
identifying datais of major importance.This sectionintro-
ducesthespecialselectiontechniqueimplementedin Mon-
drian.

2.1. The Progressin SelectionTechniques

The way how dataareselectedin interactive visualiza-
tion softwareshowsthesteadyadvanceof researchresults.

1. The standard way of selectingdata is to selectdata
andby doingsoreplaceany otherselectionthatmight
havebeenpresent.Thereis nowayof re�ning aselec-
tion or selectingover differentplots and/orvariables.
This standardselectiontechniqueis implementede.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 selectionstepby
stepto drill down to a very speci�c subsetof thedata.
DataDesk[11] implementsthis selectiontechnique.

3. Whendealingwith awholesequenceof selections,it is
oftendesirableto changeaselectionatanearlierstage,
without having to rede�ne all precedingand succes-
sive selectionsteps.By storingthesequenceof selec-
tions it is possibleto make changesto any stepin the



sequence.SelectionSequenceshave been�rst imple-
mentedin MANET [9].

4. Althougha selectionis alwaysperformedon thecom-
puterscreenin the �rst place,i.e. in termsof screen
coordinates,thedataselectionmustbestoredin terms
of datacoordinates.The approachusedby Mondrian
keepsa list of any selectionassociatedwith a dataset.
For eachentryin thelist the

� selectionareain screencoordinatesanddataco-
ordinates,

� selectionstep,

� correspondingplot window and

� selectionmode(e.g.and,or, not)

is stored.Thecurrentlyselectedsubsetof thedatacan
thenbe determinedby processingall elementsof the
list, no matterwhich kind of modi�cation to the list
wasthereasonfor anupdateof theselectionsubset.

2.2. SelectionRectangles

Allowing multiple selectionsin a singlewindow aswell
asacrossdifferentwindowsmakesa visualguideto these-
lectionsperformedindispensable.

Figure 1. SelectionRectanglesin Mondrian.

Mondrian introducesSelectionRectangles. Figure 1
givesan exampleof a scatterplotcontainingtwo selection
rectangles.Selectionrectanglesindicatetheareawhichwas
selected.An existing selectionrectanglecanbe usedasa
brushby simplydraggingtheselectionrectangle.Theeight
handleson the rectanglepermit a �e xible resizingof the
rectangles.Thisenablesvariousslicing techniques.

Theselectionmodecanbechangedvia a pop-upmenu.
Thedeletionof a selectioncanbe performedvia this pop-
up,too. An active(i.e. selected)selectioncanbedeletedby
simply pressingthe backspacekey. Only the active selec-
tion is plottedin black. All otherselectionsareplottedin a
lightergrayto make themlessdominantin theplot.

Figure 2. Zooming in a map: the Selection
Rectangle chang es accor dingl y.

Sinceselectionsarestoredin termsof the datacoordi-
natesthey areinvariantto any alterationsof a plot. Typical
scenariosarethingslike interactive reorderingof the axes
in a parallelcoordinateplot, �ipping the axesin a scatter-
plot or zooming.Theseoperationsautomaticallyupdatethe
selectionrectangles.Thenew screencoordinatesof these-
lectionrectanglesarecalculatedfrom thedatacoordinates.
Figure2 shows how a selectionrectanglereactson a zoom
insidea map.

The ability to handlemore than one selectionin one
window is indispensablewhendealingwith parallelcoor-
dinates.

ThewayMondrianhandlesselectionsis particularlyuse-
ful whenworking with databases,sincetheselectiontrans-
lateeasilyinto SQLcode.At thispoint it is importantto be
sureabouttheprecedenceof booleanoperators.Mondrian
always performsselectionssequentially, which is in most
casesthe way the userthinks. Thusan exampleselection
S1 OR S2 AND S3 readsas (S1 OR S2) AND S3,
ignoring theusualprecedenceof booleanoperators,where
ANDhasa higherprecedenceasOR. TheWHERE-clausein
anSQL-querythusis explicitly bracketedto ensurethese-
quentialorderof theoperators.

The useof JAVA 2D would make the implementation
of arbitrary shapesof a selectionarearelatively simple.
Whereasthis would allow very �e xible selections,it is not
obvioushow a resizingof sucha selectionwould look like.
A more structuredapproachto moregeneralselectionar-
eascouldbeto allow arhombusshapeof theselectionarea,
which can be resizedat the four cornerhandles. The re-
mainingfour handleswould thenbe usedto enlargeor re-
ducethesizeof therhombusasneeded.



3. Conventions

One of the keys to the successof a graphicaluser in-
terface are conventions. Conventionsenablethe user to
perform taskswithout learningnew, speci�c interactions.
E.g. mostgraphicaluserinterfacesallow for a changeof
the window sizeby draggingthe lower right cornerof the
window. Oncethe userknows of this behavior he/sheis
ableto resizea window no matterwhat applicationor op-
eratingsystemhe/sheuses. A brilliant collectionof good
and many bad examplesof user interfacedesignis given
at http://www.iarchitects.com . A broaderdis-
cussionof userinterfacedesignfor interactivevisualization
softwarecanbefoundin [8].

High interactiongraphicswith directmanipulationinter-
facesoffer a lot of interactions. To easethe useof high
interactiongraphicsit is necessaryto gatherthevariousin-
teractionsinto differentgroupslikequeries,zooming,selec-
tion, reordering.Oncethesegroupsareidenti�ed, we can
assignthe varioususerinterfaceinteractionsto them; e.g.
shift-mouse-click,pop-up-triggeretc.

Inside Mondrian the following groupsof interactions
havebeenidenti�ed to becrucial to performstepsin anin-
teractivegraphicaldataanalysis.

� Selections

– Creatinga selectionrectangle
Click anddrag.

– Brushing
Click insidea selectionrectangleanddrag.

– Resizea selection(Slice)
Click-draga handleof aselectionrectangle

– Changetheselectionmode
Shift-click insidetheselectionrectangle

� Queries

– Popuptrigger onanobject
(i.e. right mousebuttononmostsystems).

� Alterations

– Zoom-out(-in)
Meta-click(anddrag).

– Changetheplot settings
Popuptriggeron theplot background.

– Reorderobjectsin theplot
Alternate-clickontheobjectanddragto new po-
sition.

Obviously someof theseinteractionsare identical in all
plots (e.g. interactionswith selections),andsomedepend
on the plot-type. Whereasthere is nothing to reorderin

a map,you canreorderthe categoriesin a barchartor the
axesin a parallelcoordinateplot. Giventheseconventions
it is veryeasyto getusedto all thedifferentfunctionsinside
Mondrian.

4. SpecialPlots for High DimensionalData

Although linking andhighlightingacrossdifferentplots
canalreadyincreasethe numberof dimensionsto look at
simultaneously, it is very desirableto �nd visualizations
which includemany variablesat a time. Mosaicplots for
categorical dataandparallel coordinateplots for continu-
ousdataareidealfor gaininginsight into high dimensional
data.

4.1. Parallel Coordinates/Boxplots

ParallelCoordinatesareapowerful tool to analyzeahigh
dimensionaldatasetsgraphically. Sincestaticrepresenta-
tionsof parallelcoordinatesareusuallynot very revealing
severalinteractive implementationsaroseveryearly. These
implementationsare restrictedto very specialcomputing
environmentsandthusnot easilyaccessiblefor mostpeo-
ple. The probablymostadvancedimplementationsarethe
onesof Inselberg [6] andWegman[13].

Figure3 showsaparallelcoordinateplot of theMidwest
dataincluding not lessthan14 variables,of which 13 are
continuousandonecategorical. In additionto thestandard
selection,highlighting and interrogationmethodsparallel
coordinatesin Mondriansupportthefollowing features:

Coordinatescanbe rearrangedmanuallyto look at the
mostinterestingadjacencies.Usually only a few adjacen-
ciesareof interest.1

Zooming is implementedfor each axis individually.
Sinceparallelcoordinatesareclutteredvery muchwith an
increasingnumberof observationsdisplayed,zoomingcan
focuson a moredetailedview of thevariable. E.g. for the
variable'% American-Indian-Eskimo-Aleut'it wouldbede-
sirableto simply zoomin, in orderto getrid of theoutliers
andseetheshapeof thedistribution, i.e. theboxof thebox-
plot.

Mondrianoffersaspecialfeatureto plot categoricalvari-
ablesin parallel box/coordinateplots. Whereasmost im-
plementationsonly usethenumbercodingof a categorical
variable,Mondrian plots a stacked barchart,with left-to-
righthighlightingfor eachcategoricalvariable.Thisdisplay
is consistentwith all otherplotsrepresentingcounts.Addi-
tionally linescanbedisplayedfor thehighlightedpointsin
boxplotmode.

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

1Only k +1
2 permutationsof the k variable-axisareneededto display

all possibleadjacencies,cf. [13]



Figure 3. Parallel Coor dinates for the Midwest data. Counties with high propor tion of Asian­P aci�cs
are selected.

Figure 4. Parallel boxplots for the same data as in �gure 3. The categorical variab le in the plot is
sho wn as spineplot.

abouthow many countiesareselectedin eachstate,interro-
gatingFigure4 shows,thattheselectedcountiesaremainly
in Wisconsin,Illinois andMichigan.

Wills [14] givesanalternatemethodof incorporatingcat-
egoricalvariablesinto parallelcoordinatesbasedoncircles-
sizes,which is not compatibleto the way countsare dis-
playedin barcharts.

4.2. MosaicPlots

Mosaicplots area relatively new development.Recent
implementationsincludea staticversionfor S-PlusandR
by Emmerson[3] andan interactive versionby Hofmann

[4] within theMANET software.
Within Mondrianto �e xibly reorderthevariablesin the

plot and to include and exclude variablesthe four arrow
keys canbe used. Empty cells which occurvery often if
thenumberof crossedcategoriesis very high, arenot sub-
divided on lower levels. In situationswith many crossed
variablesthis usually reducesthe numberof cells to draw
drastically. To make emptycellsvisually moreprominent,
they areplottedin red.

Since Mondrian supportsqueriesthere are no labels
printedaroundamosaicplot. With only a few variablesin a
Mosaicplot labelswould�t aroundtheplot. But morecom-
plex plotswith, e.g.8 binaryvariableswould needtwice as



Figure 5. The Titanic Data in a Mosaic Plot.

much spacefor the labelsas for the plot itself. Figure 5
givesanexampleof amosaicplot with aquery. Besidesthe
querythenameof thedatasetandthenamesof thevariables
in theplot areshown in thetitle barof theplot window.

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

WeightedPlots

Many datasetsandmostdatabasequeriespresentdatain an
alreadysummarizedform, i.e. a table.In MondrianMosaic
plots as well as barchartscan handledatawhich is sum-
marized,specifyingattributevariablesandacountvariable.
Obviously any non-negative numericvariablecanbe used
asa weight variable,which allows for very �e xible plots,
whichmightbehardto interpret.A simplelookupof values
canbe performedwith barchartsby weightingcasenames
by their values,asshown in �gure 7.

5. Working with CategoricalData

Mondriancanhandlecategoricalvariablesin bothways,
asnon-informativenumbercoding,or full text labels.It im-
plementsinteractive barchartsandmosaicplotsfor analyz-
ing categoricaldata.Neitherplot is veryrevealingin astatic
setting,but areveryinsightful in aninteractiveenvironment
providing linkedhighlightingandinteractive reorderingof
variablesandcategories.

The HousingFactors Example

TheHousingFactors examplewill underlinewhy inter-
activity is a key-featurefor a graphicalexplorationof cate-
goricaldata.Thedataaretakenfrom Cox & Snell[2] resp.
Venables[12] investigations(cf. pp155resp.pp226).

Dataon thehousingsituationof 1681tenantsin Copen-
hagenhasbeenclassi�edaccordingto:

� HousingType
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 dataaredistributedover all 72 cells, i.e. thereareno
emptycells.Table1 lists thecompletedataset.

Figure6 showsthedefaultbarchartsandmosaicplot for
the four variables.Thecaseswith high satisfactionarese-
lected,to mark the most interestingresponse.Obviously
theorderingof at leasttwo of thevariablesmakesnosense,
andthemosaicplot doesnot revealany systematicpattern,
worth �tting a modelfor. Thenecessarystepsto make the

HousingFactors HousingType
Sat. In�. Cont. App. Atr. Terr. Tower

low 61 13 18 21low
high 78 20 57 14
low 43 8 15 34med
high 48 10 31 17

low

low 26 6 7 10high
high 15 7 5 3
low 23 9 6 21low
high 46 23 23 19
low 35 8 13 22med
high 45 22 21 23

med

low 18 7 5 11high
high 25 10 6 5
low 17 10 7 28low
high 43 20 13 37
low 40 12 13 36med
high 86 24 13 40

high

low 54 9 11 36high
high 62 21 13 23

Table 1. Cross­c lassi�cation of 1681 tenants

plotsmoreinsightful comprise:



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

� Sort the categoriesof HousingType accordingto the
relativeamountof highsatisfactioncases(via theplot-
option pop-up). The plot has beenswitchedto the
Spineplotview, to make thesortingmoreobvious.

� Sort In�uence andSatisfactionto: low, medium,high
(via alt-click anddrag):

� Reorderthevariablesin themosaicplot suchthat the
plot is conditionedupontheHousingTypeandput In-
�uence - as a variablewith many categories- at the
deepeststage.Theorderis then: HousingType,Con-
tact, In�uence. The reorderingis donewith the four
arrow keys.

Certainlyit is still hardto readtheplotswithout the inter-
active queries.But in contrastto thedefault views, the re-
orderedplots now reveal a clear patternalong with some
deviations,whichcannow beinvestigatedmorecloselyus-
ing statisticalmodelsaswell asotherrelevantinformation.

6. SpecialFeaturesin Standard Plots

6.1. Barcharts

In Mondrianthelayoutof thebarsin barchartsis chosen
to behorizontalratherthanvertical.This allows full-length
printing of category names. The usualbarchartview can
be switchedto a spine-plotview (cf. Hummel[5]), so that
the height,not the width, is proportionalto thenumberof
casesin acategory. If thehighlightingis still donefrom left
to right, thehighlightedproportionscanthenbecompared
directly.

When working with large datasets(10,000to 50,000
casesare usually already suf�cient) the number of cat-
egories will grow as well. No matter how big the
screen/window is, we will encountersituationswherewe
cannotseeall bars/categoriesatthesametime. Makingbar-
chartsscrollableallows the investigationof variableswith
dozensof categories.

Obviously the orderingof the categoriesthenbecomes
very important. Mondrianoffers four waysto ordercate-
goriesin barcharts.

1. Lexicographic Order
This is the default order, which is presentedafter the
plot is constructedanddisplayed.Thisorderingis best
for looking upcategories.



Figure 7. An example of two linked barchar ts.

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

3. AbsoluteSizeof Highlighting
This optionsortsthecategoriesaccordingto theabso-
lute numberof selectedcasesin a category. Selecting
all dataallows for a sortingaccordingto the absolute
sizeof thecategories.

4. RelativeSizeof Highlighting
This sortingoptionsortscorrespondingto therelative
amountof highlightingin thecategories.In thespine-
plot view this optionnicely shows theorderingof the
selectedproportions.

A changeof the orderof the categoriesof variablesis au-
tomaticallypropagatedto any otherplot whichholdsinfor-
mationbasedon this variableandupdatedinstantaneously.

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

Figure7 shows dataof the fortune400 privatepersons
in the US taken from ForbesMagazinein 1996. The left
barchartshows eachindividual weightedby its worth. The
right barchart,showing the50USstates,hasbeensortedac-
cordingto thenumberof individualsin thisstate.California
hasbeenselected.

6.2. Histograms

The most crucial point in plotting a histogramsis to
choosethe”right” originof the�rst binandthe”right” num-
ber of bins. Sincethereexists a vastamountof rulesand
suggestionswhat ”right” meansunder different assump-
tions, the most important interactive manipulationinside
histogramsis changingtheorigin andthewidth of thebins.

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

Theseparameterscanbealteredby usingthefour arrow
keys(left, right movestheorigin; up,down changesthebin
width). Additionally apopup-menuofferstwo slidersto set
bin width andorigin to whole numbers.This is especially
usefulwhentheuserwantsto set“pretty” ticks, i.e. multi-
plesof 1, 2 or 5 to a powerof 10.

In orderto keepthevisualdistortionassmallaspossible,
the scaleof the histogramaxis is not updatedduring the
interactivereparametrization.

As barchartscanbeswitchedto spineplots,histogramsin
Mondriancanbeswitchedto thesocalledspinogramview.
In a spinogramall barsof thehistogramarescaledto beof
sameheightandareplottednext toeachother. Figures8 and
9 show a correspondingpair of histogramandspinogram.



Figure 9. Spinogram of the age distrib ution.

Scatterplots

In contrastto mostotherplots in Mondrian,scatterplots
offer axes,showing the maximumandminimum asbasic
orientation.Interrogationmethodsinsidescatterplotsoper-
ateon two levels. The �rst level is a simpleoverview of
thepositionof thecursor, which is displayedby projections
onto the x- and y-axes. This interrogationis invoked by
simplypressingthecontrolkey. A < ctrl-click> invokesthe
secondlevel of interrogation,cf. Figure10.

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

A pop-up is presentedwith the dataof the x- and y-
variablesaccordingto theclosestpoint. By selectingvari-
ablesin themainvariableswindow, it is possibleto specify
thevariablesfor which thepop-upwill show thevalues.If
morethanonepoint is foundat thesamedistance,a list of
thecasesis presentedin thepop-up.

7. Conclusions

This papershall encouragethe readerto make useof
interactive graphicalsoftware. Furthermorewriting such
software in JAVA is easierthanever. JAVA is capableof
all graphicaldisplayswe canthink of. Carefullydesigned
JAVA applicationsrun fastenoughontoday'shardwareand
cancompetewith classicalimplementations.Theplatform
independenceallows for a muchwiderdistribution thanwe
areusedto from formerdevelopmentenvironments.

AlthoughMondrianwasnever designedto bea general
purposegraphicaldataanalysispackage,it alreadyoffers
moststandardplots.Furthermorevariousfeaturesandideas
never implementedbeforeareavailable.

Currentdevelopmentversionson Mondrian implement
direct connectionsto databases. A generalinterface to
databasesvia JDBCallowsto workonhugedatasets,reach-
ing far behindcurrentlimits. Certainlydisplaytechniques
mustbeadapted.Using� � channeltransparency allowsfor
plottingvastamountsof datawithout clutteringthescreen.

In order to allow simpleextensionsto plots like exter-
nally de�ned scatterplotsmoothers,an interface to R is
underdevelopmentaswell.

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 Windows2 and Mac OS X — which can be started
with no further installations— areprovided. For all other
platformsaJAR �le is distributed.

Thelatestversioncovers� � blendingtechniques,imple-
mentedin scatterplotsandparallelcoordinates,which are
notmentionedin thispaper, tocopewith verylargedatasets.
Thecurrentdevelopmentversionimplementstheseamless
integrationof databaseconnections.
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