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ABSTRACT

In thispaperweproposeanapproachin whichinteractivevisualiza-
tion andanalysisarecombinedwith batchtools for theprocessing
of largedatacollections.Largeandheterogeneousdatacollections
are dif�cult to analyzeand posespeci�c problemsto interactive
visualization.Applicationof the traditional interactive processing
andvisualizationapproachesaswell asbatchprocessingencounter
considerabledrawbacksfor suchlargeandheterogeneousdatacol-
lectionsdueto theamountandtypeof data.Computingresources
arenot suf�cient for interactive explorationof the dataandauto-
matedanalysishasthedisadvantagethat theuserhasonly limited
controlandfeedbackon theanalysisprocess.In our approach,an
analysisprocedurewith featuresand attributesof interestfor the
analysisis de�ned interactively. This procedureis usedfor off-
line processingof largecollectionsof datasets.Theresultsof the
batchprocessalongwith “visual summaries”areusedfor further
analysis.Visualizationis not only usedfor thepresentationof the
result,but alsoasa tool to monitor thevalidity andquality of the
operationsperformedduringthebatchprocess.Operationssuchas
featureextractionandattributecalculationof thecollecteddatasets
arevalidatedby visualinspection.Thisapproachis illustratedby an
extensive casestudy, in which a collectionof confocalmicroscopy
datasetsis analyzed.

CR Categories: I.3.3 [ComputerGraphics]:Picture/ImageGen-
eration;I.3.7 [ComputerGraphics]:MethodologyandTechniques

Keywords: biomedicalvisualization,featuresin volumedatasets,
largedatasetvisualization.

1 I NTRODUCTI ON

Interactive visualizationis a valuabletool for dataanalysis.How-
ever interactive visualizationtools are limited with respectto the
amountof datathatcanbehandled.Much work hasbeendoneto
speedup visualizationalgorithmsof large volumedatasets(e.g.,
iso-surfaceextractionfrom ahighresolutionsimulation).However,
in many casestheinterestof a researcheris notasingledatasetbut
a collectionof individual datasetsto be analyzedsimultaneously.
For example,for asimulationparameterstudywherethesimulation
producesa datasetfor eachparametersetting,boththeinteraction
with thedataasa collectionaswell astheinteractionwith individ-
ualdatais needed.

Data generatedfor researchpurposesis often usedto test hy-
potheses.In thiscasethegoalof dataacquisitionandthefollowing
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analysisis basedon con�rmation or rejectionof thehypothesis.To
testthehypotheses,the input datahasto beinterpretedin thecon-
text of theexperiment.This is doneby selectionandquanti�cation
of certainaspectsof thedata.In a numberof stepstheinput datais
transformedto ananswerto theresearchquestion.

In many researchexperiments,collectionsof datahave to bean-
alyzed. The numberof performedmeasurementsfor a particular
experimentdependson the variability of the studiedphenomenon
andthenumberof aspectsthatarestudiedin theexperiment.The
totalamountof datacanbecomevery largewhentheraw measure-
mentsareimageor volumedata. Theanalysisof suchdataposes
speci�c demandson interactive visualization. If the collection is
largeit is very time consumingto processeachsetseparatelyin an
interactive session.The ability to inspectthe analysisprocessby
checkingtheintermediateresultsandby tracingbacktheresultsto
theraw datais requiredfor analysisof largedatacollections.

Whenusingdigital microscopy, often largedatacollectionsare
produced.Digital microscopy suchasconfocallaserscanningmi-
croscopy (CLSM) allows biologistsand biomedicalend-usersto
obtainhigh resolution3D datasetsof biological objects,suchas
cellsandtissues.Thesedataareusedto elucidatemolecularmech-
anismsof cell control.

In most experimentsinvolving CLSM, conclusionscan not be
drawn from a singledatasetdueto biological diversity. To com-
pensatefor thebiologicaldiversity, a signi�cant numberof images
have to be analyzed.Moreover, in biological experimentsnot all
parameterscanbecontrolled.Repetitionof anexperimentleadsto
a largevariationin themicroscopicimages.Conclusionsarebased
on resultsof the analysisof this collectionof datasets. The total
amountof datato beanalyzedin a typical experimentis in theor-
derof tensor evenhundredsof gigabytes.For quantitative analysis
andfurtherinterpretationof microscopicdata,toolsareusedto ex-
tractrelevantmeasuresfrom thedata.Visualizationis crucialhere,
not only for thepresentationof the�nal result,but alsoasa tool to
inspecttheanalysisprocessusedto obtaintheresults.

In a typical volumeanalysissystema singlevolumedatasetis
processedat a time. Processingof eachsetseparatelyis time con-
suming. However, as eachdataset might have peculiaritiesnot
foreseenduringthepreparationof thecalculation,inspectionof the
processis required.Standardoff line methodsarenot suitablebe-
causewith thesemethodsonly the�nal resultscanbeaccessedand
inspectionof intermediatestagesis dif�cult if not impossible.Thus
on the one handmore monitoring and interactionof the analysis
processis neededthanoff line batchprocessingoffers.Ontheother
hand,theamountof datais toolargefor analysisusingfully interac-
tive visualizationtools. In thepresentpaper, we describetoolsand
methodsto combinetheseprocessingtypes.Thesetoolswereim-
plementedin asystemfor theef�cient visualanalysisof potentially
very largecollectionsof CLSM datasets.

In the next sectionour developedsystemis put in the context
of relatedstudies.Section3 presentsthe challengespresentedby
theanalysisof largedatacollections.Section 4 givesanoverview
of problemsandvisualizationrequirementsspeci�c to theanalysis



of CLSM dataand in particularthe visualizationand interaction
tools for theanalysisof collectionsof volumedatasets.Section5
discussesa casestudywhich illustratesthe discussedconceptsin
a biological experiment. In the last sectionthe conclusionsof the
presentissuearedrawn.

2 REL ATED WORK

Severalresearchersworkedon problemsrelatedto visualizationof
CLSM data.Their work concentrateson thepresentationof a vol-
umethroughvolumerenderingtechniquesandtheaspectsspeci�c
to CLSM data.For instance,Kaufmanet al. [20] presentBioCube,
a systemspeci�cally tailoredtowardsthedisplayof biologicalvol-
umetricdata. Aspectssuchasthe signalto noiseratio of the bio-
logical data,andthe fact that the viewer usuallyhaslittle a priori
knowledgeaboutthedataareaddressedby Kaufmanet al. by us-
ing shadingalgorithmsin which the usercancontrol the trade-off
betweennoisesuppressionandlossof detail. In thepaperby Sakas
et al. [23], problemsspeci�c to thepresentationof volumedataac-
quiredby CLSM suchaslow contrastandunequalresolutionin the
planeanddepthdirection,areaddressed.Median�ltering of data
is usedto suppressnoisewhile maintainingsharpnessof contours
to improve renderingquality. Transferfunctiondesignfor, among
othertypes,biological datais the main focusof the work Fanget
al. [12, 5]. By usingan imagebasedtransferfunction modelthat
integrates3D imageprocessingtoolsinto thevolumevisualization
pipelinetheusercanadjustthe transferfunction in andintuitively
clear fashion. Segmentationandquanti�cation of biological data
hasbeenanactive researchtopic in recentyears.Techniquessuch
aslevel sets[29] improvedthepossibilitiesto extractrelevantstruc-
turesfrom noisy volumedata. Fernadez-Gonzaleset el. [13] and
Knowlesat el. [21] extensively studiedthesegmentationandquan-
ti�cation of cellularstructuresfrom volumedataacquiredbyCLSM
datafor diagnosticpurposes.

A numberof systemsandtoolkits exist for the analysisandvi-
sualizationof volume data. ITK [2] is an open-sourcesoftware
toolkit for performing registration and segmentationon volume
data acquiredfor instrumentationsuch as CT or MRI scanners.
Amira [11] originatesfrom the Departmentfor Scienti�c Visual-
izationof theKonrad-Zuse-Zentrumfür InformationstechnikBerlin
(ZIB). It supportssegmentationtools,reconstructionalgorithmsto
createpolygonalmodelsfrom segmentedobjectsandvisualization
methodsfor theprocessingof 3D datasetsfrom medicine,biology,
physicsor engineering.Thesystemcontainstoolsandsupportfor
interactive visualizationandsegmentationof multiple CLSM data
sets.Besidethedescribedsystemstherearemany others(commer-
cial) 3D volumevisualizationsystemswhicharetailoredin various
degreesto the visualizationof biological or confocaldatasuchas
Volview [3], Imaris[1], andVoxBlast[4] are

Theideaof giving anoverview of theprocesswhich leadto the
�nal (visualization)result can also be found in work by Jankun-
Kelly andMa [18, 19]. Thecombinationof computationintensive
processingandinteractive visualizationis themaingoalof compu-
tationalsteering[14]. In computationalsteeringcomputationand
visualizationoccursimultaneouslyand the usercan interactwith
thecalculationfor exampleby changingsimulationparameters.

Our approachto visualizeCLSM datadiffers from the above
mentionedapproachesin thatwespeci�cally focusondealingwith
largecollectionsof datasets.Our goal is to improve thevisualiza-
tion of computationintensive analysiswith interactive tools.

3 BATCH AND I NTERACTI VE PROCESSI NG

Batch processingand interactive analysisare two approachesfor
analysisof largedatacollections.Theseapproachesareillustrated
in �gure 1. During interactive analysisthe data along with the

analysistoolsandvisualizationtoolsareavailableto theuser. The
usercancontrolthevariousprocessingparametersin theprocessing
stepsdirectlyandtheusercanobserve theeffectof changesthatare
introduced.In batchprocessingasetupis preparedbeforehand,i.e.,
theoperationsto applyandtheprocessingparametersarede�ned.
Moreover, thissetof operationsis appliedto all dataandtheresults
of thecalculationarestoredandcanbeinspectedafterwards.
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Figure 1: Comparison between interactive (top) analysis and batch
processing (below).

Theconceptof a “visual summary”is usedasa way to integrate
batchandinteractive processing.A visualsummaryis animageor
setof imageswhich givesthe userthe ability to inspectthe batch
processwithout theneedto storeall datageneratedduringprocess-
ing. They areproducedduringthebatchprocessingandusedduring
analysisof the batchoutput to presentan overview of what hap-
penedduring processingof the data. They canbe seenasa layer
of informationbetweenthe informationextractedduringthebatch
processandthe raw datawhich is usedfor the analysis. This in-
formationcanbeusedduringanalysisof thebatchoutputto geta
senseof thedataon which a particulardatapoint is based,without
theneedof accessingtheoriginal dataor re-executingtheapplied
process.

Interactivetoolscanbeutilizedtosetuptheparametersand�lters
to beappliedto thedatain a batchprocess.Interactive setupof the
batchprocessusinga singleor a sampledatasetcanhelpto speed
upthecreationof asetupstage.Furthermoreit canreducerepetition
of processingdueto incorrectlyguessedparameters.

4 CONFOCAL L ASER SCANNI NG M I CROSCOPY

Microscopy is an essentialtool in biological and biomedicalre-
search. Digital microscopy suchas CLSM allows biologistsand
biomedicalend-usersto obtainhigh resolution3D datasetsof bi-
ological objects,suchascells and tissues. Moreover, new lumi-
nescentprobingtechniquesto visualizeintra-cellularcomponents
and processesin living cells are becomingavailable. By using
probeswith �uorescentlabelsthat have differentspectralproper-
ties, different biological structurescan be visualizedin a single
specimen.Thesedevelopmentsareusedin experimentsto under-
standthemolecularmechanismsof cell control.

In CLSM datais obtainedby scanninga �uorescently labeled
specimenusinga laserbeam.Thelaserbeam,steeredby a de�ec-
tion mechanismandfocusedby anobjective,scansthespecimenin
aregularfashion.There�ectedlight is capturedby aphotodetector
viaabeamsplitter. A pinholein frontof thedetectorblocksthelight
from outsidethefocalplane.In thiswayavolumetricdatasetfrom
thedatais constructed.Thedatais scannedwith avoxel sizein the
orderof 50nmin thex/y directionand200nmin thez direction.A
typical resultconsistsof 3 �uorescentlylabeledstructurescaptured
in 3 independentCLSM channelswith asizeof 512x512x60voxels
with 12 bits of intensityinformation,generatingapproximately60



Mb of data. Theresolutionof thedatawill increasefurther in the
nearfuturesinceimagingtechniquesarestill improving.

In biological experimentsnot all parameterscan be controlled
becausecellsareliving entities.For example,variationsin thelife
cycleof acell causemany variationsin theappearanceof biological
structurescausingunavoidablevariationsin datasetsrepresenting
the samestructure.Furthermore,obtaineddatasetscontaina sig-
ni�cant amountof noise.In principle,conclusionscannotbedrawn
from a singledatasetbut have to bebasedon a collectionof data
sets.Thetotal amountof datato beanalyzedin anexperimentis in
theorderof several tensup to hundredsof gigabytes.

4.1 Analysis

The analysisprocessof microscopy datacanbe divided into four
stages:

Restoration
Imagerestorationaddressestheeffectof theinstrumentationonthe
data.This includescorrectionsfor distortionsintroducedby themi-
croscopesuchaslight from out of focusplanesor chromaticaber-
ration. Deconvolution algorithmsandshift estimationalgorithms
areavailableto correctfor thesedistortions.

Segmentation
In this stagethe featuresrelevant to the experimentareextracted
from therestoreddata.For anexperimenta speci�c typeof feature
of thedatais of interest.Imageprocessingtoolsareusedto extract
thesefeatures.FilterssuchasGaussian�lters andband-pass�lters
areusedto �lter certainfrequenciesfrom the data. Segmentation
of the�ltered datais accomplishedby applicationof a booleanex-
pressionon thevoxel valueswhichdecidesof a voxel is partof the
feature.Objectsin thedataaredetectedby checkingfor connectiv-
ity of voxels.

Attrib ute calculation
Attributesarecharacteristicsof thedatasetor of featuresdetected
in thedata.For instance,attributesaretheaveragesignalvalueof
a dataset,thevolumeof a feature,or theratio betweensurfaceand
volumeof a feature.

Presentation
Theresultsof theanalysishave to bepresentedto theexperimenter
or awideraudience.In externalpresentationstheoutcomeof anex-
perimentis communicatedmostlyusingeasyto understandgraphs
of simpledatatypes.For thepurposeof inspectionandof, if pos-
sible, interactionwith theanalysisprocess,morecomplicateddata
typesand relationsbetweenthe processedparametershave to be
presentedto the user. The resultsof the analysishave a variety
of datatypese.g.,theprocessedvolumes,the features,andtheat-
tributeseachhave speci�c datatypes.

4.2 The Ar gossystem

Thepossibilityto combinebatchprocessingwith interactive meth-
odsusingvisual summarieswasimplementedin a systemnamed
Argos. It is a systemfor theanalysisof collectionsof volumedata
sets,with afocusonproblemsspeci�c to theanalysisof CLSM data
sets.The input into the systemconsistsof a collectionof volume
datasets. Volumedatasetsareprocessedin the Argossystemby
aninteractively constructedfeatureextractionandattributecalcula-
tion pipelineconsistingof a seriesof operators.Theoperatorsand
parametersto be useddependon the researchquestion.The user
canselectandconnectoperatorsneededfor anexperimentfrom a
library of operators.The operatorshave parameterswhich canbe
adjustedto suit a particularpurpose.Examplesof operatorsarea
band-pass�lter , spotdetectionusinga �x edthresholdandcalcula-
tion of thesizeof a feature.

Theresultsof a selectionoperationwhich consistsof a number
of disjoint regions in the datavolume are referredto as features.

Eachfeaturecanbeaddressedby operationswhich canbeusedto
calculatefeature attributes.

Thepipelineof operatorsis usedto processdatasetsin thecol-
lection undercontrol of the user. The analysiscanbe appliedto
a singledatasetkeepingintermediateresultsor it canbe applied
to all datasets. The resultsof the analysisarepresentedin views
dependingon the type of operatorresults. The volumeandshape
of featuresarepresentedin avolumeviewer, whereasattributedata
areviewed in a graphingenvironment. A screenshotshowing a
typical interactionsessionis shown in �gure 2.

Thesystemhandlesa collectionconsistingof anarbitrarynum-
ber of individual datasets. Eachdatasetconsistsof a numberof
CLSM channelsthatconsistof structuresthatareimagedby excita-
tion of �uorescentlabelswith differentspectralproperties.For each
channelattributescanbecalculated.Eachdatasethasa numberof
featurecollectionscalculatedby a feature�lter . The featurecol-
lectionis composedof theindividual features.Particularattributes
of theextractedfeatures(e.g.,theaverageintensitygradientmagni-
tude,roundnessof thearea,thenumberlocalmaximumvalues,the
sizeof theregion aroundthelocalmaximum)canbecalculated.

4.3 Interaction and processingtools

Theamountof time neededto processeachdatasetfrom a collec-
tion individually is suchthatanalysisof acollectionsetby setis not
practical.Theprocessingtimefor asingledatasetis typically in the
orderof minutes,dependingon themachineusedandtheattributes
neededfor theparticularexperiment.A collectionof a hundredof
suchsetstakesseveralhours.Runningthecalculationwithout user
intervention in batchmodeis preferred. During this process,the
featurescharacterizedby their attributesarestored.

Theuserhasto decidewhich�lters andsegmentationalgorithms
have to beapplied,whichattributeshave to becalculated,andwhat
parametersettingsfor theoperatorsareused,for thebatchprocess-
ing of a collectionof datasets. In Argosthe usercangeneratea
setup interactively, andtestit onasingledatasetor ona particular
dataselectionfrom thewholecollection.Processingof thedataus-
ing acollectionof datasetsandapreparedsetupcanbedonein the
interactive environment. This option givesthe userthe possibility
to monitorthecalculationasit is performed.

After processingtheusercanonly inspectdatasavedduringthe
batchprocess.Storingall intermediatedatawouldincreasethestor-
agerequirementsanorderof magnitudecomparedto the raw data
which is alreadyconsiderablelarge and is thereforenot feasible.
Feedbackon theprocessingof individual datasetsis neededto be
ableto judgethequality of thefeatureextractionandattributecal-
culationfor a particulardataset.

The visual summariesare generatedduring batch processing.
The visual summariesare treatedas operationslike other opera-
tionswhich canbeappliedto thedata,andthey arecalculatedand
storedjust like the other operations.The visual summaryopera-
tion producesan imageof thedatasetusinga restrictedsetof the
samemappingparametersusedfor visualizationduring interactive
processing.When the resultsof the batchprocessare inspected,
this imagecanbe usedto presentinformationwith respectto the
batchprocess.In caseof acomplicated�ltering andextractionpro-
cessesmorevisualsummaryoperationscanbede�ned to highlight
thedifferentaspectsof thebatchprocess.Theadditionalimagein-
formationsuchasthephysicaldimensionsof thevisualizedareais
storedduring the batchprocess.This information is usedduring
inspectionto show thelocationsof features.

The imagesof the visual summariesaregeneratedin the same
way asin the interactive setting. In the interactive modethe user
canmake an arbitrarymappingof datachannelsor featuresetsto
color. Thismakesinspectioneasyasthey arepresentedin thesame
wayasduringinteractivevisualization,with theonly differencebe-
ing that the interactionpossibilitiesare limited. The mappingof



Figure 2: Screen shot of Argos showing various visualizations of analysis process. Two data sets are shown. The top middle window shows
an image of the data set using orthogonal projections and bottom right shows a direct volume rendering of the raw data. The top right window
shows a parallel coordinate view of the calculated attributes of found features. On the lower left a scatter plot of attribute data of the data sets is
shown.

channelsto colorsor viewpointscannotbechanged.Pickingof fea-
turesremainspossibleaspositioninformationof featuresis stored.
In this way the imagecanbe usedasa quick replacementfor the
directly calculateddisplayof thedata.Also theimagecanbecom-
binedwith otherspatialdatasavedduringthebatchprocessingjust
ascanbe donein the caseof interactive inspection.For example
thelocationof centerof gravity of a featurecanbeindicatedon the
image.

To get a quick overview of a dataset,an additionalimageat-
tributewasaddedto thesystemwhichshowsthreeorthogonalviews
of a dataset. This view gives the samemappingpossibilitiesas
during interactive manipulation. An exampleis shown in the top
middlewindow in �gure 2. The�rst channelof thevolumedatais
mappedto whiteandtheoutlineof theselectedfeaturesaremapped
to red. Along with the imagethe physicaldimensionsof the de-
picteddatasetis shown. Using thesevaluesit is possibleto show
thelocationsof featuresandto allow pickingof featuresin theim-
age.

Interactive processingand batchprocessingcan be combined
during inspectionof the data. The attribute dataproducedby the
batchprocesscanbeloadedin theinteractive environmentandare
treatedin the sameway asif the datawasproducedinteractively.
Theimagesserve asa replacementfor presentationof therealvol-
umedata. In somecasesthe imagespreparedduring off line cal-
culationdo notoffer enoughinformation(e.g.,whenacertainslice
in the datais of importanceor when in the presetviewpoint of a

featureof interestis obscured).In this casetheusercanrepeatthe
analysisfor a particulardatasetwithin theinteractive environment
recreatingall intermediatedatawhich thencanbe inspectedusing
theavailabletools.

4.4 Visualization tools

TheArgossystemintegratesquantitativeanalysisandvisualization.
Visualizationis usedto presentextracteddataaswell as interme-
diateanalysisresults.This enablescloseinspectionof theanalysis
process.Thepresentationof thedatacombinesinformationvisual-
izationof theobjectswith attributesin agraphdisplay(see�gure 2
top right andbottomleft), with directvisualizationof volumedata
in a volumeview (see�gure 2 top middle andbottomright). Ob-
jectsin thegraphdisplaysandthevolumedataarelinkedin several
ways to improve the analysisprocess.The systemoperatessuch
thatwhenadatasetis selected,thecorrespondingvolumeor image
view is openedandwhena featureis pickedin oneof bothviews it
is highlightedin theother.

In thevolumeview thespatialaspectsof thedatacanbestudied
(e.g.,shapeandlocationof spotsandthevolumedatausingvolume
renderingandslices).If available,thedatais shown usingmapping
parameterswhich canbeadaptedinteractively. If no datais avail-
able,theusercanpick oneof thegeneratedvisualsummariesto be
shown. In the graphingviews, objectswith their attributescanbe
inspected.Thereareseparateviews for thecollectionof datasets



andfor the collectionof featuresfound in the datasets. Informa-
tion visualizationis usedto presentandanalyzethedata. Objects
canbe selectedto �nd attributevaluesof individual objects.Also
the collectionof objectscanbe graphedusingthe attributevalues
in variousways:

Histogramsand box plots
Histogramsandboxplotsareusedto show thedistributionof asin-
gle attributevalueof a featurewithin a collectionof datasets.The
mainuseof histogramsandboxplotsis presentationof �nal results
in publicationsbecausethey area well known andeasyto under-
standway to presentscalardistributions(seefor example�gure 7
and8).

Scatterplot
Scatterplotscanbeusedto plot two attributesof objectsin a graph.
In thegraph,regressionlinesandcorrelationvaluescanbeshown
(seefor example�gure 5).

Parallel coordinates
Parallelcoordinates[16] canbeusedto show therelative valuesof
a largenumberof attributesof anobjectin a singleplot.

Multidimensional scaling
Using multidimensionalscaling [9], a collection of points in n-
dimensionalspaceis layed out in two dimensionssuch that n-
dimensionaldistancesbetweenany two points is bestpreserved.
This can be usedto study the distribution of objectsin the mul-
tidimensionalattribute spacefor exampleto detectclustersin the
collection.

Thegraphingandvolumeviews on thedataarelinkedin several
ways. If a particulardataset is selectedin the graphingwindow
the availablevolumedata,either the volumedataitself or images
generatedduringbatchprocessing,areshown in thevolumeview.
Also all featuresfound in theparticulardatasetarehighlightedin
the featuregraphingview. The other way aroundif a featureis
selectedthecorrespondingdatasetis highlightedaswell.

Figure 3: An example of the selection of the feature, i.e., the chro-
matin region. We used a Gaussian �lter , followed by setting a thresh-
old on the data. The sigma for the Gaussian and threshold were
determined interactively for the selected set. The image represents
the maximum intensity projection of the raw data. The outline in red
shows the selected ampli�ed region. The left image is from the con-
trol group, the right image shows a set from the full length HP1 tar-
geted group.

5 CASE STUDY USI NG ARGOS: CHROM ATI N STRUCTURE
AND GENE CONTROL

Researchto unravel genecontrol systemsis a key focusin cell bi-
ology, presentlyreceiving increasinginternationalinterest.Proper
regulationof geneexpressionis crucial to maintaindifferentiated
cell types in multicellular organisms[17]. Packagingof the eu-
karyotic genomeinto higherorder chromatinstructuresis tightly

relatedto geneexpression[24, 25]. The nucleosomeis the most
basiclevel of the chromatinstructureconsistingof approximately
150basepairsDNA wrappedarounda corehistone[22].
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Figure 4: Derivation of a scaling parameter using Argos. The scat-
terplot shows the PMT-setting vs. average signal value and a linear
least square �t.

Genomepackagingphenomenaact at differentlevels: (i) chro-
matinstructuralchangesbothatnucleosomalandhigherorderchro-
matin folding level and (ii) positioningof the genomewithin the
3D interphasecell nucleusat thenuclearlevel [15]. Little is known
about in vivo mechanismsthat establishand maintainfunctional
genomeorganization,but posttranslationalhistonemodi�cations
and DNA methylationplay a role in theseprocesses.In the re-
searchteamof PJVat theSILS, UvA, we aim to unravel thecom-
plex interactingsystemsof genecontrolusinghigh resolutionlight
microscopy in �x edandliving cellsaswell aselectronmicroscopy
approachesin combinationwith sophisticated3-D imageanalysis
andprocessingtools [28, 7, 10, 27, 8]. We usedtheArgossystem
to analyzeour datawithin the context of our researchconcerning
chromatinstructureand genecontrol. We focusedon the effect
of targetinga protein,Heterochromatinprotein1 (HP1) that is in-
volvedin generegulation,to a de�ned chromosomaldomainin the
cell nucleus[26, 6]. We useda cell line containinga large 200
Mbp chromosomedomainconsistingof lac operatorrepeats.Such
alargechromosomaldomaincanbevisualizedandfollowedin time
at thelight microscopy level by meansof GFPtaggedlac repressor
binding to the lac operatorrepeats.We analyzedthe effect of tar-
getingbothfull lengthHP1andatruncatedHP1versionbothaslac
repressor-GFP-taggedfusionproteinsto theampli�ed chromosome
regionsusingtargetingof lacrepressortaggedGFPwithoutHP1as
a control. Thirty cells of eachtestcasewerecompared,i.e., con-
trol cellsandcellsin whicheitherfull lengthor truncatedHP1was
targeted.Argoswasusedto quantitatively determinetheeffect of
targetingfull lengthor truncatedHP1on thechromatinstructureat
the chromosomaldomainin theselarge datasetsrepresenting3D
CLSM imagesof theexperiment.

Thedifferencein intensitysettingsof the imageswasan initial
problemfor comparisonof the data. The imagesweretaken with
differentsettingsof thegainof thephotomultiplier tube,to prevent
clipping for intensespotsoccurringin someof the images. For



Figure 5: Scatterplot of set attributes. Graphing window shows in-
formation on data set attributes (granularity and number of distinct
spots). Color shows the type of population, control population in
green and full length HP1 targeted population in red. The two popu-
lations can be discriminated based on the shown attributes. A thumb-
nail of an image indicates the selected data set. On the right infor-
mation on average values is displayed

quantitative comparisonof theimagesscalinghadto beappliedto
the set intensitiesof the imagessuchthat the differencein PMT
settingsarecorrected.To achieve this,a testspecimenwasimaged
usinga rangeof PMT-gainsettings.In a simplesetuptheaverage
signal intensityof the test specimenimagedwith different PMT-
gain settingswas calculated. The output was usedto producea
linear scalingfunction which mappeda PMT-settingto a scaling
factor(see�gure 4 ). Thisscalingfactorwasusedasaparameterin
a scalingoperatorto obtaincomparabledatasetsin thesetup.

In the setupphase� ve datasetsof eachtype whereused. Us-
ing this collectiontheoperationsandprocessingparametersof the
analysiswheredetermined.The�rst stepwastheextractionof the
�uorescently labeledchromatinareafrom thedata. This region is
characterizedby a higherintensitythanthe restof the image. An
exampleof thefeatureselectionis shown in �gure 3, theredoutline
representsthe selectedfeature(the chromatinregion). The chro-
matin region wasselectedby usinga Gaussian�lter , followed by
settinga thresholdon the data. The sigmafor the Gaussianand
thresholdweredeterminedinteractively for theselectedset.For the
studieddatacollection,avalueof sigmaof 250nmanda threshold
of 30 percentof themaximumvaluegave thebestresult. Theout-
comeof theselectionwasjudgedbasedon thevisible selectionof
thechromatinarea.

For theselectedareas(features)a numberof attributeswerecal-
culated:

� The volumeof the feature,approximatedby multiplying the
numberof voxelsin thefeatureby thevolumeof avoxel.

� Theaverageintensitygradient(granularity)of thefeature.For
eachvoxel theintensitygradientgv is calculatedby

gv =
q

Dx2 + Dy2:

In theequationDx andDy denotethe differencebetweenin-
tensityvaluesof thevoxel 4 voxels to left andright for thex

Figure 6: When the user picks a data set in the scatterplot (shown
right) the visual summary of the picked data set is shown as a thumb-
nail. If needed the visual summary can be shown full size for further
inspection as shown on the left. The y-axis of the scatterplot indi-
cates the size of the selected area. In the shown set, the selection
of the feature (chromatin region) is incorrect. Due to a high back-
ground level the whole nucleus is selected instead of the chromatin
region. The color in the scatterplot indicates the type of population,
i.e., control (red) full lenght HP1 targeted (green) and truncated HP1
targeted (blue).
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Figure 7: Histogram distribution of two attributes over the feature,
left the granularity and right the number of distinct spots. Red bars
represent the HP1 targeted population and green bars the control
population. Histograms show that the distribution of these attributes
can be discriminated fropm each other.

directionand4 voxels to the top andbottomfor they direc-
tion. The granularityis the averageintensitygradientof the
voxelsin thefeature.

� Thelocalmaximumintensitywithin thefeature.

� Thenumberlocalmaximumvalueswithin thefeature.

� Thenumberof distinctspotswithin thefeature.Distinctspots
aredeterminedby groupingEGFP-labeledvoxelswhichshare
a facewith anotherEGFP-labeledvoxel.

� Theaveragevolumeof thedistinctspotswithin thefeature.

Theaveragevalueof thefeatureattributesareattributesof thedata
sets. Scatterplots revealedwhich of the calculatedattributescan
be usedto distinguishthe differentpopulationsof cells of the se-
lecteddatasets. The granularityof the feature,the numberof lo-
cally maximalvalues,andthe sizeof spotsin the selectedregion
wheredifferentfor thecontrolversusHP1targetedcells. Figure5
shows thescatterplotof thegranularityandthenumberof distinct
spots.In thesecondphase,thefeatureextractionsetupandanalysis
of theattributesof theselectedfeaturewhereappliedto thefull set
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Figure 8: Boxplot representation of the granularity over the feature.
Red, green and blue represent the control population, the full length
HP1 targeted population, and the truncated HP1 targeted population,
respectively. Statistical analysis using the Wilcoxon nonparametric
test shows that both the full length HP1 targeted population and the
truncated HP1 targeted population are signi�cantly different from the
control population.

of datasets. Inspection(see�gure 6) of the visual summaryim-
agesindicatedthatfor two datasetstheprocessingdetectionof the
chromatinregion failed. In thesecasestheselectedfeatureclearly
did not representthe�uorescentlylabeledsignali.e. thechromatin
region. This incorrectselectionis causedby high backgroundlev-
els in the imageand/orhigh noiselevels in the image. Thesesets
with theincorrectlyselectedfeaturewhereexcludedfrom the�nal
result.Basedonthedistributionof at leastthreedifferentattributes,
i.e. thenumberof local maxima,thesizeof spotsaroundthelocal
maxima,andthegranularitywithin thefeature,thecontrolandfull
lengthHP1 targetedcells couldbe discriminatedfrom eachother.
Figure7 shows thehistogramdistribution of valuesfor thenumber
of distinct spots(right) andgranularity(left) for the control cells
versustheHP1targetedcells. Thecontrolsetsareshown in green
andthe HP1 setsareshown in red. The histogramsshow that the
distribution of bothattributescanbediscriminatedin thetwo pop-
ulationsalthoughthereis overlapin thedistribution of values.To
testthequantitativesigni�cant differencebetweenthedatasetsrep-
resentingthecellsin which full lengthHP1wastargetedversusthe
cells in which truncatedHP1 was targeted,we usedonly oneat-
tribute, i.e., thegranularitywithin the feature.Thedataarerepre-
sentedin a box plot (see�gure 8). Thesecondandthird quartileof
theobservedvaluesarewithin thebox, themedianvalueis shown
by the thick horizontalline, the vertical small lines show the �rst
andfourth quartileof theobserved values. Statisticalanalysisus-
ing theWilcoxonnonparametrictestshows thatboththefull length
HP1targetedpopulationandthetruncatedHP1targetedpopulation
aresigni�cantly differentfrom thecontrolpopulation(p< 0:0001).

6 CONCL USI ONS

In thispaperwepresentavisualizationapproachfor theanalysisof
large datacollections. Tools arediscussedto integratebatchpro-
cessingandinteractive processing.Thesetoolsareimplementedin
theArgossystem.Datacollectionswhich aretoo largefor interac-
tive processingcanbeeffectively analyzedwith theArgossystem.
The main bene�ts of the Argossystemarethe combinationof (i)
aninteractivesetupof thebatchprocessin which thethebatchpro-
cesscanbetunedusingoneor afew datasets,(ii) visualsummaries
whicharegeneratedduringthebatchprocessand(iii) toolsto com-
binethenumericalanalysisresultswith thevisualsummaries.

We appliedthe Argos systemto the analysisof collectionsof
confocaldatasetsin our researchto unravel the changesin chro-
matinstructureupongeneregulation.We visualizedthechromatin
structuremaking3D imagestackswith theCLSM. TheArgossys-
temallowedusto extractthefeature,i.e. thechromatinregion,from
thedatain thecollectionsof data.Also, theArgossystemallowed
usto determinethesigni�cant differencebetweenseveraldatapop-
ulations(control cells versusHP1targetedcells) basedon various
attributes.

In biologicalexperimentsoftenlargedatacollectionsaregener-
atedto overcomelargebiological diversity. Fromthepresentbio-
logicalcasestudyin whichweusedtheArgossystem,weconclude
that the systemis very helpful to extract relevant measures,to in-
teractively testa partof thelargedatacollectionandto monitorthe
analysisprocedureduringprocessing.
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