Visualization and analysis of large data collections:

a case study applied

to confocal microscop y data

W. de Leeuw
Center for Mathematics and Computer Science CWI

P. J. Verschure’
Swammerdam Institute for Life Sciences SILS

R. van Liere*
Center for Mathematics and Computer Science CWI

ABSTRACT

In this papemwe proposeanapproachn whichinteractve visualiza-
tion andanalysisarecombinedwith batchtoolsfor the processing
of large datacollections.Large andheterogeneoudatacollections
are dif cult to analyzeand posespeci ¢ problemsto interactve
visualization. Application of the traditionalinteractive processing
andvisualizationapproacheaswell asbatchprocessingncounter
considerabl@ravbacksfor suchlargeandheterogeneoudatacol-
lectionsdueto the amountandtype of data. Computingresources
are not sufcient for interactve exploration of the dataand auto-
matedanalysishasthe disadwantagethat the userhasonly limited
controlandfeedbackon the analysisprocess.In our approachan
analysisprocedurewith featuresand attributesof interestfor the
analysisis de ned interactvely. This procedureis usedfor off-
line processingf large collectionsof datasets. The resultsof the
batchprocessalongwith “visual summaries’are usedfor further
analysis.Visualizationis not only usedfor the presentatiorof the
result,but alsoasatool to monitor the validity andquality of the
operationgerformedduringthe batchprocessOperationsuchas
featureextractionandattributecalculationof the collecteddatasets
arevalidatedby visualinspection Thisapproachs illustratedby an
extensve casestudy in which a collectionof confocalmicroscoy
datasetsis analyzed.
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1 INTRODUCTION

Interactive visualizationis a valuabletool for dataanalysis.How-
ever interactve visualizationtools are limited with respectto the
amountof datathat canbe handled.Much work hasbeendoneto
speedup visualizationalgorithmsof large volume datasets(e.g.,
iso-surficeextractionfrom ahigh resolutionsimulation).However,
in mary casegheinterestof aresearcheis notasingledatasetbut
a collectionof individual datasetsto be analyzedsimultaneously
For example for asimulationparametestudywherethesimulation
producesa datasetfor eachparametesetting,boththeinteraction
with thedataasa collectionaswell astheinteractionwith individ-
ual datais needed.

Data generatedor researchpurposess often usedto test hy-
pothesesln this casethegoalof dataacquisitionandthe following
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analysidgs basedn con rmation or rejectionof the hypothesisTo
testthe hypotheseshe input datahasto beinterpretedn the con-
text of theexperiment.This is doneby selectionandquanti cation
of certainaspect®f thedata.ln anumberof stepstheinput datais
transformedo ananswetto theresearchguestion.

In mary researchexperimentsgollectionsof datahave to be an-
alyzed. The numberof performedmeasurementfor a particular
experimentdependson the variability of the studiedphenomenon
andthe numberof aspectghat arestudiedin the experiment. The
totalamountof datacanbecomevery largewhentheraw measure-
mentsareimageor volumedata. The analysisof suchdataposes
speci ¢ demandson interactve visualization. If the collectionis
largeit is very time consumingo proces®achsetseparatelyn an
interactie session.The ability to inspectthe analysisprocessy
checkingthe intermediateesultsandby tracingbacktheresultsto
theraw datais requiredfor analysisof large datacollections.

Whenusingdigital microscopy, often large datacollectionsare
produced.Digital microscoy suchasconfocallaserscanningmi-
croscopy (CLSM) allows biologists and biomedicalend-usergo
obtain high resolution3D datasetsof biological objects,suchas
cellsandtissues.Thesedataareusedto elucidatemolecularmech-
anismsof cell control.

In most experimentsinvolving CLSM, conclusionscan not be
drawn from a single datasetdueto biological diversity To com-
pensatdor the biological diversity, a signi cant numberof images
have to be analyzed. Moreover, in biological experimentsnot all
parametersanbe controlled. Repetitionof anexperimenteadsto
alargevariationin the microscopiamages.Conclusionsarebased
on resultsof the analysisof this collection of datasets. The total
amountof datato be analyzedn atypical experimentis in the or-
derof tensor even hundredf gigabytesFor quantitatve analysis
andfurtherinterpretatiorof microscopicdata,toolsareusedto ex-
tractrelevantmeasure$rom the data. Visualizationis crucialhere,
notonly for the presentatiorof the nal result,but alsoasatool to
inspectthe analysisprocessisedto obtaintheresults.

In a typical volumeanalysissystema single volume datasetis
processedt atime. Processin@f eachsetseparatelys time con-
suming. However, as eachdataset might have peculiaritiesnot
foreseerduringthe preparatiorof the calculationinspectiorof the
processs required. Standardff line methodsarenot suitablebe-
causewith thesemethodsonly the nal resultscanbeaccessednd
inspectionof intermediatestagess dif cult if notimpossible.Thus
on the one handmore monitoring and interactionof the analysis
processs neededhanoff line batchprocessingffers. Ontheother
hand theamountf datais toolargefor analysisusingfully interac-
tive visualizationtools. In the presenipaper we describetoolsand
methodgo combinetheseprocessingypes. Thesetools wereim-
plementedn asystenfor theef cient visualanalysisof potentially
very largecollectionsof CLSM datasets.

In the next sectionour developedsystemis put in the context
of relatedstudies. Section3 presentghe challengegpresentedy
the analysisof large datacollections.Section 4 givesanovervien
of problemsandvisualizationrequirementspeci c to theanalysis



of CLSM dataandin particularthe visualizationand interaction
toolsfor the analysisof collectionsof volumedatasets. Section5

discusses casestudywhich illustratesthe discussedconceptsn

a biological experiment. In the last sectionthe conclusionsof the
presenissuearedrawn.

2 RELATED WORK

Severalresearcheraorked on problemsrelatedto visualizationof
CLSM data. Their work concentratesn the presentatiorof a vol-
umethroughvolumerenderingtechniquesandthe aspectspeci ¢
to CLSM data.For instance Kaufmanetal. [20] presenBioCube,
asystemspeci cally tailoredtowardsthe displayof biologicalvol-
umetricdata. Aspectssuchasthe signalto noiseratio of the bio-
logical data,andthe factthat the viewer usually haslittle a priori
knowledgeaboutthe dataare addressethy Kaufmanetal. by us-
ing shadingalgorithmsin which the usercancontrol the trade-of
betweemoisesuppressiomandlossof detail. In the paperby Sakas
etal. [23], problemsspeci ¢ to the presentatiorf volumedataac-
quiredby CLSM suchaslow contrastandunequalesolutionin the
planeanddepthdirection,are addressedMedian ltering of data
is usedto suppressoisewhile maintainingsharpnessf contours
to improve renderingquality. Transferfunctiondesignfor, among
othertypes,biological datais the main focus of the work Fanget
al. [12, 5]. By usinganimagebasedtransferfunction modelthat
integrates3D imageprocessingoolsinto the volumevisualization
pipelinethe usercanadjustthe transferfunctionin andintuitively
clearfashion. Segmentationand quanti cation of biological data
hasbeenan active researchopic in recentyears. Techniquesuch
aslevel setg29] improvedthepossibilitiesto extractrelevantstruc-
turesfrom noisy volume data. Fernadez-Gonzalest el. [13] and
Knowlesatel. [21] extensvely studiedthe segmentatiorandquan-
ti cation of cellularstructuregrom volumedataacquirecoy CLSM
datafor diagnostigourposes.

A numberof systemsandtoolkits exist for the analysisandvi-
sualizationof volumedata. ITK [2] is an open-sourcesoftware
toolkit for performing registration and sggmentationon volume

data acquiredfor instrumentationsuchas CT or MRI scanners.

Amira [11] originatesfrom the Departmentfor Scienti ¢ Visual-
izationof theKonrad-Zuse-Zentruriur InformationstechnilBerlin
(ZIB). It supportssggmentatiortools, reconstructioralgorithmsto
createpolygonalmodelsfrom segmentedobjectsandvisualization
methoddor the processingf 3D datasetsfrom medicine biology;
physicsor engineering.The systemcontainstools andsupportfor
interactize visualizationand sgmentationof multiple CLSM data
sets.Besidethedescribedsystemgherearemary others(commer
cial) 3D volumevisualizationsystemawvhich aretailoredin various
degreesto the visualizationof biological or confocaldatasuchas
Volview [3], Imaris[1], andVoxBlast[4] are

Theideaof giving anoverview of the processwhich leadto the
nal (visualization)resultcanalso be found in work by Jankun-
Kelly andMa [18, 19]. The combinationof computatiornintensie
processin@ndinteractive visualizationis the maingoal of compu-
tational steering[14]. In computationakteeringcomputationand
visualizationoccur simultaneouslyand the usercan interactwith
the calculationfor exampleby changingsimulationparameters.

Our approachto visualize CLSM datadiffers from the above
mentionedapproaches thatwe speci cally focuson dealingwith
large collectionsof datasets.Our goalis to improve the visualiza-
tion of computatiorintensie analysiswith interactve tools.

3 BATCH AND INTERACTIVE PROCESSING

Batch processingand interactve analysisare two approachegor
analysisof large datacollections. Theseapproachesareillustrated
in gure 1. During interactve analysisthe dataalong with the

analysistools andvisualizationtools areavailableto theuser The
usercancontrolthevariousprocessingrarameters theprocessing
stepdirectly andtheusercanobsere theeffect of changeghatare
introduced In batchprocessin@ setupis preparedeforehandi.e.,
the operationgo apply andthe processingparametersre de ned.
Moreover, this setof operationss appliedto all dataandtheresults
of thecalculationarestoredandcanbeinspectedafterwards.
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Figure 1: Comparison between interactive (top) analysis and batch
processing (below).

Theconcepbf a“visual summary”is usedasa way to integrate
batchandinteractive processingA visual summaryis animageor
setof imageswhich givesthe userthe ability to inspectthe batch
processwithoutthe needto storeall datageneratediuringprocess-
ing. They areproducediuringthebatchprocessingndusedduring
analysisof the batchoutputto presentan overviev of what hap-
penedduring processingf the data. They canbe seenasa layer
of informationbetweenthe informationextractedduringthe batch
processandthe raw datawhich is usedfor the analysis. This in-
formationcanbe usedduring analysisof the batchoutputto geta
senseof the dataon which a particulardatapointis basedwithout
the needof accessinghe original dataor re-executingthe applied
process.

Interactvetoolscanbeutilizedto setuptheparameterand Iters
to be appliedto thedatain a batchprocessInteractive setupof the
batchprocesaisinga singleor a sampledatasetcanhelpto speed
upthecreationof asetupstage Furthermoret canreducerepetition
of processinglueto incorrectlyguessegharameters.

4 CONFOCAL LASER SCANNING MICROSCOPY

Microscopy is an essentialtool in biological and biomedicalre-
search. Digital microscoy suchas CLSM allows biologistsand
biomedicalend-usergo obtainhigh resolution3D datasetsof bi-
ological objects,suchas cells and tissues. Moreover, hen lumi-
nescenprobingtechniquedo visualizeintra-cellularcomponents
and processesn living cells are becomingavailable. By using
probeswith uorescentlabelsthat have differentspectralproper
ties, different biological structurescan be visualizedin a single
specimen.Thesedevelopmentsare usedin experimentsto under
standthe molecularmechanismsf cell control.

In CLSM datais obtainedby scanninga uorescently labeled
specimerusinga laserbeam.The laserbeam steeredy a de ec-
tion mechanisnmandfocusedby anobjectve, scanghe specimerin
aregularfashion.There ectedlight is capturedy aphotodetector
viaabeamsplitter. A pinholein front of thedetectoiblocksthelight
from outsidethefocal plane.In thisway avolumetricdatasetfrom
thedatais constructedThedatais scannedvith avoxel sizein the
orderof 50nmin thex/y directionand200nmin thez direction.A
typical resultconsistsf 3 uorescentlylabeledstructuresaptured
in 3independenCLSM channelwith asizeof 512x512x60/0xels
with 12 bits of intensityinformation,generatingapproximately60



Mb of data. The resolutionof the datawill increaseurtherin the
nearfuture sinceimagingtechniquesrestill improving.

In biological experimentsnot all parametersan be controlled
becauseellsareliving entities. For example,variationsin thelife
cycle of acell causanary variationsin theappearancef biological
structurescausingunavoidablevariationsin datasetsrepresenting
the samestructure. Furthermore pbtaineddatasetscontaina sig-
ni cant amountof noise.In principle,conclusiongannotbedravn
from a single datasetbut have to be basedon a collectionof data
sets.Thetotal amountof datato beanalyzedn anexperimentis in
theorderof severaltensupto hundredof gigabytes.

4.1 Analysis

The analysisprocessof microscoy datacan be divided into four
stages:

Restoration
Imagerestoratioraddressethe effect of theinstrumentatioron the
data.Thisincludescorrectiondor distortionsintroducedoy the mi-
croscopesuchaslight from out of focusplanesor chromaticaber
ration. Decorvolution algorithmsand shift estimationalgorithms
areavailableto correctfor thesedistortions.

Segmentation
In this stagethe featuresrelevant to the experimentare extracted
from therestoreddata.For anexperimenta speci ¢ type of feature
of the datais of interest.Imageprocessindoolsareusedto extract
thesefeatures Filters suchasGaussianlters andband-pasdters
areusedto lter certainfrequenciefrom the data. Segmentation
of the Itered datais accomplishedby applicationof a booleanex-
pressioron thevoxel valueswhich decidesof avoxel is partof the
feature.Objectsin the dataaredetectedy checkingfor connecty-
ity of voxels.

Attrib ute calculation
Attributesarecharacteristicef the datasetor of featuredetected
in the data. For instance attributesarethe averagesignalvalue of
adataset,the volumeof afeature or theratio betweersurfaceand
volumeof afeature.

Presentation
Theresultsof theanalysishave to bepresentedo theexperimenter
or awideraudienceln externalpresentationtheoutcomeof anex-
perimentis communicateanostly usingeasyto understandyraphs
of simpledatatypes. For the purposeof inspectionandof, if pos-
sible, interactionwith the analysisprocessmore complicateddata
typesand relationsbetweenthe processegarameterhiave to be
presentedo the user The resultsof the analysishave a variety
of datatypese.g.,the processedolumes,the featuresandthe at-
tributeseachhave speci ¢ datatypes.

4.2 The Argossystem

The possibilityto combinebatchprocessingvith interactve meth-
odsusing visual summariesvasimplementedn a systemnamed
Argos. It is a systemfor the analysisof collectionsof volumedata
setswith afocuson problemsspeci c to theanalysisof CLSM data
sets. The inputinto the systemconsistsof a collectionof volume
datasets. Volume datasetsare processedn the Argossystemby
aninteractiely constructedeatureextractionandattributecalcula-
tion pipelineconsistingof a seriesof operators.The operatorsand
parameterso be useddependon the researchguestion. The user
canselectandconnectoperatorsmeededor an experimentfrom a
library of operators.The operatorshave parametersvhich canbe
adjustedto suit a particularpurpose.Examplesof operatorsarea
band-pasdter, spotdetectionusinga x edthresholdandcalcula-
tion of thesizeof afeature.

Theresultsof a selectionoperationwhich consistsof a number
of disjoint regionsin the datavolume arereferredto asfeatures.

Eachfeaturecanbe addressedy operationsvhich canbe usedto
calculatefeature attributes

The pipelineof operatorss usedto processiatasetsin the col-
lection undercontrol of the user The analysiscan be appliedto
a single datasetkeepingintermediateresultsor it canbe applied
to all datasets. The resultsof the analysisare presentedn views
dependingon the type of operatorresults. The volumeandshape
of featuresarepresentedn avolumeviewer, whereasttributedata
areviewed in a graphingervironment. A screenshotshaving a
typical interactionsessions shavn in gure 2.

The systemhandlesa collectionconsistingof anarbitrarynum-
ber of individual datasets. Eachdatasetconsistsof a numberof
CLSM channelghatconsistof structureghatareimagedby excita-
tionof uorescentlabelswith differentspectraproperties Foreach
channehttributescanbe calculated Eachdatasethasa numberof
featurecollectionscalculatedby a feature Iter . The featurecol-
lectionis composedf theindividual features.Particularattributes
of theextractedfeatureqe.g.,theaverageintensitygradientmagni-
tude,roundnessf theareathenumberocal maximumvalues the
sizeof theregion aroundthe local maximum)canbe calculated.

4.3 Interaction and processingools

Theamountof time neededo processachdatasetfrom a collec-
tion individually is suchthatanalysisof a collectionsetby setis not
practical. Theprocessingimefor asingledatasetis typically in the
orderof minutes dependingn themachineusedandtheattributes
neededor the particularexperiment.A collectionof a hundredof
suchsetstakesseveral hours.Runningthe calculationwithout user
interventionin batchmodeis preferred. During this processthe
featurecharacterizety their attributesarestored.

Theuserhasto decidewhich Iters andsegmentatioralgorithms
have to beapplied,which attributeshave to be calculatedandwhat
parametesettingsfor theoperatorsaareused for the batchprocess-
ing of a collection of datasets. In Argosthe usercangeneratea
setup interactiely, andtestit onasingledatasetor ona particular
dataselectionfrom thewhole collection. Processin®f the dataus-
ing acollectionof datasetsanda preparedetup canbedonein the
interactize environment. This option givesthe userthe possibility
to monitorthe calculationasit is performed.

After processinghe usercanonly inspectdatasazed duringthe
batchprocessStoringall intermediatelatawould increasehestor
agerequirementsn orderof magnitudecomparedo the raw data
which is alreadyconsiderabldarge andis thereforenot feasible.
Feedbaclon the processingf individual datasetsis neededo be
ableto judgethe quality of the featureextractionandattribute cal-
culationfor a particulardataset.

The visual summariesare generatedduring batch processing.
The visual summariesare treatedas operationdik e other opera-
tionswhich canbe appliedto the data,andthey arecalculatedand
storedjust like the other operations. The visual summaryopera-
tion producesanimageof the datasetusinga restrictedsetof the
samemappingparametersisedfor visualizationduringinteractve
processing.When the resultsof the batchprocessareinspected,
this imagecanbe usedto presentinformationwith respectto the
batchprocessin caseof acomplicatedltering andextractionpro-
cessesnorevisualsummaryoperationcanbede ned to highlight
thedifferentaspect®f the batchprocessThe additionalimagein-
formationsuchasthe physicaldimensionf thevisualizedareais
storedduring the batch process. This informationis usedduring
inspectionto shav thelocationsof features.

The imagesof the visual summariesare generatedn the same
way asin theinteractve setting. In the interactve modethe user
canmalke an arbitrarymappingof datachannelsor featuresetsto
color. This makesinspectioneasyasthey arepresentedh thesame
way asduringinteractve visualizationwith theonly differencebe-
ing that the interactionpossibilitiesare limited. The mappingof
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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.

channeldo colorsor viewpointscannotoechangedPickingof fea-
turesremaingpossibleaspositioninformationof featureds stored.
In this way the imagecanbe usedasa quick replacementor the
directly calculateddisplayof the data.Also theimagecanbe com-
binedwith otherspatialdatasavzed duringthe batchprocessingust
ascanbe donein the caseof interactie inspection. For example
thelocationof centerof gravity of afeaturecanbeindicatedonthe
image.

To geta quick overview of a dataset, an additionalimageat-
tributewasaddedo thesystemwhichshavsthreeorthogonaliews
of a dataset. This view givesthe samemappingpossibilitiesas
during interactve manipulation. An exampleis shavn in the top
middlewindow in gure 2. The rst channelof the volumedatais
mappedo white andtheoutline of the selectedeaturesaremapped
to red. Along with the imagethe physicaldimensionsof the de-
picteddatasetis shavn. Usingthesevaluesit is possibleto shov
thelocationsof featuresandto allow picking of featuresn theim-
age.

Interactive processingand batch processingcan be combined
during inspectionof the data. The attribute dataproducedby the
batchprocescanbeloadedin the interactive ervironmentandare
treatedin the sameway asif the datawas producednteractvely.
Theimagessene asareplacementor presentatiorof the realvol-
umedata. In somecaseghe imagespreparediuring off line cal-
culationdo not offer enoughinformation(e.g.,whenacertainslice
in the datais of importanceor whenin the presetviewpoint of a

featureof interestis obscured).In this casethe usercanrepeathe
analysisfor a particulardatasetwithin theinteractve environment
recreatingall intermediatedatawhich thencanbe inspectedising
theavailabletools.

4.4 Visualization tools

TheArgossystemintegratesjuantitatve analysisandvisualization.
Visualizationis usedto presentextracteddataaswell asinterme-
diateanalysisresults. This enablesloseinspectionof theanalysis
processThepresentatiormf the datacombinednformationvisual-
izationof the objectswith attributesin agraphdisplay(see gure 2
top right andbottomleft), with directvisualizationof volumedata
in avolumeview (see gure 2 top middle andbottomright). Ob-
jectsin thegraphdisplaysandthevolumedataarelinkedin several
waysto improve the analysisprocess. The systemoperatessuch
thatwhena datasetis selectedthe correspondingiolumeor image
view is openecandwhena featureis pickedin oneof bothviews it
is highlightedin theother

In thevolumeview the spatialaspect®f the datacanbe studied
(e.g.,shapeandlocationof spotsandthevolumedatausingvolume
renderingandslices).If available,thedatais shavn usingmapping
parametersvhich canbe adaptednteractvely. If no datais avail-
able,theusercanpick oneof the generatedisualsummarieso be
shawvn. In the graphingviews, objectswith their attributescanbe
inspected.Thereare separateviews for the collectionof datasets



andfor the collectionof featuresfound in the datasets. Informa-
tion visualizationis usedto presentandanalyzethe data. Objects
canbe selectedo nd attribute valuesof individual objects. Also
the collectionof objectscanbe graphedusingthe attribute values
in variousways:

Histograms and box plots
Histogramsandbox plotsareusedto shav thedistribution of a sin-
gle attribute value of a featurewithin a collectionof datasets.The
mainuseof histogramsandbox plotsis presentatiof nal results
in publicationsbecausehey area well knowvn andeasyto under
standway to presentscalardistributions (seefor example gure 7
ands).

Scatterplot
Scatterplotganbe usedto plot two attributesof objectsin agraph.
In the graph,regressiornlines andcorrelationvaluescanbe shavn
(seefor example gure 5).

Parallel coordinates
Parallelcoordinate$16] canbe usedto shav therelative valuesof
alargenumberof attributesof anobjectin asingleplot.

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

Thegraphingandvolumeviews onthedataarelinkedin several
ways. If a particulardatasetis selectedn the graphingwindow
the available volume data, eitherthe volume dataitself or images
generatediuring batchprocessingare shavn in the volumeview.
Also all featuresfoundin the particulardatasetare highlightedin
the featuregraphingview. The otherway aroundif a featureis
selectedhe correspondinglatasetis 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 USING ARGOS: CHROMATIN STRUCTURE
AND GENE CONTROL

Researcho unravel genecontrol systemss a key focusin cell bi-
ology, presentlyreceving increasingnternationalinterest. Proper
regulationof geneexpressionis crucial to maintaindifferentiated
cell typesin multicellular organisms[17]. Packagingof the eu-
karyotic genomeinto higherorder chromatinstructuress tightly

relatedto geneexpression[24, 25]. The nucleosomes the most
basiclevel of the chromatinstructureconsistingof approximately
150basepairsDNA wrappedarounda corehistoneg[22].

LS eq. 0.357424 x + -225.598203 (correlation: 0.997225)
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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.

Genomepackagingphenomenact at differentlevels: (i) chro-
matinstructurachange®othatnucleosomaindhigherorderchro-
matin folding level and (ii) positioningof the genomewithin the
3D interphaseell nucleusatthenucleardevel [15]. Little is known
aboutin vivo mechanismghat establishand maintainfunctional
genomeorganization,but posttranslationahistone modi cations
and DNA methylationplay a role in theseprocesses.In the re-
searchteamof PJVatthe SILS, UvVA, we aimto unravel the com-
plex interactingsystemf genecontrolusinghigh resolutionlight
microscop in x edandliving cellsaswell aselectronmicroscopy
approache combinationwith sophisticate-D imageanalysis
andprocessingools[28, 7, 10, 27, 8]. We usedthe Argossystem
to analyzeour datawithin the context of our researctconcerning
chromatinstructureand genecontrol. We focusedon the effect
of targetinga protein,Heterochromatimproteinl (HP1) thatis in-
volvedin generegulation,to a de ned chromosomatiomainin the
cell nucleus[26, 6]. We useda cell line containinga large 200
Mbp chromosomealomainconsistingof lac operatorepeats.Such
alargechromosomatlomaincanbevisualizedandfollowedin time
atthelight microscopy level by meansof GFPtaggedacrepressor
binding to the lac operatorrepeats.We analyzedhe effect of tar
getingbothfull lengthHP1andatruncatedHP1versionbothaslac
represseiGFP-taggedusionproteinsto theampli ed chromosome
regionsusingtargetingof lac repressotaggedGFPwithoutHP1as
a control. Thirty cells of eachtestcasewere comparedj.e., con-
trol cellsandcellsin which eitherfull lengthor truncatedHP1was
targeted. Argoswasusedto quantitatvely determinethe effect of
targetingfull lengthor truncatedHP1on thechromatinstructureat
the chromosomatiomainin theselarge datasetsrepresenting3D
CLSM imagesof theexperiment.

The differencein intensity settingsof the imageswasan initial
problemfor comparisorof the data. The imagesweretaken with
differentsettingsof the gainof thephotomultiplier tube,to prevent
clipping for intensespotsoccurringin someof the images. For
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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

guantitatve comparisorof theimagesscalinghadto be appliedto
the setintensitiesof the imagessuchthat the differencein PMT
settingsarecorrected.To achieve this, atestspecimerwasimaged
usinga rangeof PMT-gain settings.In a simplesetupthe average
signalintensity of the testspecimenimagedwith differentPMT-
gain settingswas calculated. The output was usedto producea
linear scalingfunction which mappeda PMT-settingto a scaling
factor(see gure 4). Thisscalingfactorwasusedasa parametein
ascalingoperatorto obtaincomparablelatasetsin the setup.

In the setupphase ve datasetsof eachtype whereused. Us-
ing this collectionthe operationsandprocessingarametersf the
analysiswheredetermined.The rst stepwasthe extractionof the

uorescently labeledchromatinareafrom the data. This region is

characterizedby a higherintensitythanthe restof theimage. An

exampleof thefeatureselectioris shavnin gure 3, theredoutline
representshe selectedfeature(the chromatinregion). The chro-
matin region was selectedby usinga Gaussianlter , followed by
settinga thresholdon the data. The sigmafor the Gaussiarand
thresholdwveredeterminednteractively for theselectedet. For the
studieddatacollection,avalueof sigmaof 250nm andathreshold
of 30 percentof the maximumvaluegave the bestresult. The out-
comeof the selectionwasjudgedbasedon the visible selectionof
thechromatinarea.

For the selectedareaqfeatures numberof attributeswerecal-
culated:

The volume of the feature,approximatedy multiplying the
numberof voxelsin thefeatureby the volumeof avoxel.

Theaveragentensitygradient(granularity)of thefeature.For
eachvoxel theintensitygradientgy is calculatecby
q__
o= D&+Dy%

In the equationDx and Dy denotethe differencebetweenin-
tensityvaluesof the voxel 4 voxelsto left andright for the x

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).

2 0
Granularity NbSpots1

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 averageintensity gradientof the
voxelsin thefeature.

Thelocal maximumintensitywithin thefeature.
Thenumberdocal maximumvalueswithin thefeature.

Thenumberof distinctspotswithin thefeature.Distinctspots
aredeterminedy groupingeEGFP-labeledoxelswhichshare
afacewith anothelEGFP-labeledioxel.

Theaveragevolumeof thedistinctspotswithin thefeature.

Theaveragevalueof thefeatureattributesareattributesof the data
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 size of spotsin the selectedregion
wheredifferentfor the control versusHP 1 targetedcells. Figure5
shaws the scatterplobof the granularityandthe numberof distinct
spots.In thesecondhasethefeatureextractionsetupandanalysis
of theattributesof the selectedeaturewhereappliedto 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 datasetsthe processingletectionof the
chromatinregion failed. In thesecaseghe selectedeatureclearly
did notrepresenthe uorescentlylabeledsignali.e. thechromatin
region. This incorrectselectionis causecdyy high backgroundev-

elsin the imageand/orhigh noiselevelsin the image. Thesesets
with the incorrectlyselectedeaturewhereexcludedfrom the nal

result.Basedonthedistribution of atleastthreedifferentattributes,
i.e. thenumberof local maxima,the sizeof spotsaroundthe local
maxima,andthe granularitywithin the feature the controlandfull

lengthHP1 targetedcells could be discriminatedirom eachother
Figure7 shaws the histogramdistribution of valuesfor thenumber
of distinct spots(right) and granularity (left) for the control cells
versusthe HP1targetedcells. The control setsareshovn in green
andthe HP1 setsareshavn in red. The histogramsshav thatthe
distribution of both attributescanbe discriminatedn the two pop-
ulationsalthoughthereis overlapin the distribution of values. To
testthequantitatve signi cant differencebetweerthedatasetsrep-
resentinghecellsin which full lengthHP1wastargetedversusthe
cellsin which truncatedHP1 was targeted,we usedonly one at-
tribute, i.e., the granularitywithin the feature. The dataarerepre-
sentedn aboxplot (see gure 8). Thesecondandthird quartileof
the obsered valuesarewithin the box, the medianvalueis shavn
by the thick horizontalline, the vertical small lines shav the rst

andfourth quartile of the obsered values. Statisticalanalysisus-
ing the Wilcoxon nonparametritestshavs thatboththefull length
HP1tamgetedpopulationandthetruncatedHP1targetedpopulation
aresigni cantly differentfrom thecontrolpopulation(p< 0:0001).

6 CONCLUSIONS

In this paperwe presentvisualizationapproactor the analysisof
large datacollections. Tools are discussedo integratebatchpro-
cessingandinteractive processingThesetoolsareimplementedn
the Argossystem.Datacollectionswhich aretoo large for interac-
tive processinganbe effectively analyzedwith the Argossystem.
The main bene ts of the Argos systemare the combinationof (i)
aninteractive setupof the batchprocessn which thethebatchpro-
cessanbetunedusingoneor afew datasets (ii) visualsummaries
which aregeneratediuringthebatchprocessand(iii) toolsto com-
binethe numericalanalysisresultswith thevisualsummaries.

We appliedthe Argos systemto the analysisof collectionsof
confocaldatasetsin our researchto unravel the changesn chro-
matinstructureupongeneregulation. We visualizedthe chromatin
structuremaking3D imagestackswith the CLSM. The Argossys-
temallowedusto extractthefeaturej.e. thechromatinregion, from
thedatain the collectionsof data.Also, the Argossystemallowed
usto determinghesigni cant differencebetweerseveraldatapop-
ulations(control cells versusHP 1 targetedcells) basedon various
attributes.

In biological experimentsoftenlarge datacollectionsaregener
atedto overcomelarge biological diversity Fromthe presentbio-
logical casestudyin which we usedthe Argossystemwe conclude
thatthe systemis very helpful to extract relevant measuresto in-
teractiely testa partof thelarge datacollectionandto monitorthe
analysigprocedureduring processing.
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