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Figure 1: Interactive visualization of liquid-chromatography/mass-spectrometry data: (a) Global view of entire data set. (b) Close-up view of

region of interest.

ABSTRACT

Differential protein expressionanalysisis one of the main chal-
lengesin proteomics. It denotesthe searchfor proteins,whose
encodinggenesare differentially expressedundera given experi-
mentalsetup. An importanttaskin this contet is to identify the
differentially expressedproteinsor, more generally all proteins
presentin the sample. One of the most promising and recently
widely usedapproaches$or proteinidenti cation is to cleave pro-
teinsinto peptides,separatehe peptidesusingliquid chromatog-
raphy and determinethe massesf the separategeptidesusing
massspectrometry The resultingdataneedsto be analyzedand
matchedagainstprotein sequencelatabasesThe analysisstepis
typically doneby searchindor intensitypeaksn alargenumberof
2D graphs.We presentan interactize visualizationtool for the ex-
plorationof liquid-chromatography/mass-spectrometagain a3D
spacewhich allows for the understandingf the datain its entirety
andadetailedanalysisof regionsof interest.We computedifferen-

tial expressionover the liquid-chromatography/mass-spectrometry

domainandembedit visually in our system.QOur explorationtool
cantreatsingleliquid-chromatography/mass-spectrometaasets
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as well as dataacquiredusing multi-dimensionalprotein identi-

cation technology For efciency purposeswve performa peak-
preservingdataresamplingand multiresolutionhierarchygenera-
tion prior to visualization.
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1 INTRODUCTION

While the last decadewas dominatedby the study of genomes
(genomics),the pastfew yearshave experienceda tremendous
progressn the studyof geneexpression-transcriptomiandespe-
cially proteomicsThetermproteomewas rst usedto describethe
setof proteinsencodedy thegenomg?22]. Nowadays proteomics
is referredto asthe studyof the function of all expressedroteins
[20].

Oneof the main challengesn proteomicss the analysisof dif-
ferentialproteinexpressioror, moreprecisely theidenti cation of
proteinswhoseencodinggenesaredifferentiallyexpressedlts sig-
ni cance in biology andmedicineis evident. For example,in order
to understandhow diseaseaffect organismspnecandifferentially
compareheexpressionn healthyanddiseasedells.

For protein identi cation, a protein consistingout of a large
chain of amino acids can be digestedto mary smallerpeptides,
which areseparatedsingliquid chromatographgndmeasuredis-
ing massspectrometryThemeasurediatais analyzecandmatched



againstexisting protein sequencealatabases.When using multi-
dimensionalproteinidenti cation technology(MudPIT) [21], the
liquid chromatographynethodis appliedundermultiple different
conditionsin orderto obtaindataeven from proteins,whoseprop-
ertiesarehardto capture. The multiple resultsneedto be meiged
duringthe analysisstep.

For differential protein expressionanalysis,datafrom different
cell populations(e.g., diseasedss. healthy)or from one cell pop-
ulation acquiredunderdifferent conditionsneedto be compared.
Proteinidenti cation is usedto registerthe datasetsandto identify
differentially expressedroteins.More informationon the relevant
biologicalbackgroundn the eld of proteomicds givenin Section
2.

We presentan interactive visualizationtool, whosegoal is to
aid proteinidenti cation anddifferential protein expressionanaly-
sis Our tool displaysdatafrom liquid chromatographyand mass
spectrometryin a three-dimensionaspace. Traditionally a two-
dimensionalplot of the liquid-chromatographyesultand a large
numberof two-dimensionaplots of the mass-spectrometmgsults
are examinedindependently The integration of datafrom both
techniquesllows for

abetterunderstandingf thedatasetin its entirety
guantitatve depictionof expressiorratioson aglobalscale,
andeasyvisualdetectionof dataacquisitionerrors.

Our tool also supportsthe visualization of data acquiredusing
multi-dimensionaproteinidenti cation technolagy. Eachfraction
canbedisplayedindividually or in a memgedsetup.In the meiged
setup,eachpeptide(or its fragments)is representedby its maxi-
mum intensitypeakwhile color codingis usedto indicatethe con-
dition, underwhich themaximumintensityhasbeenobsened. The
memgedsetuprequiresaregistrationof theindividual fractionsprior
to visualization,asliquid chromatography-masspectrometryex-
perimentssuffer from not beingpreciselyreproducible.

Reagistrationis alsorequiredprior to differentialexpressiorcom-
putation. Differential expressionof a testvs. a control dataset
is computedand displayedover the liquid chromatography-mass
spectrometrydomain. Thus, differential expressionvisualization
can naturally be integratedinto our visual explorationtool. Our
tool is describedn detailin Section5. In Section6, we describe
scenario®n how our visualizationtool is usedfor error detection,
proteinidenti cation, anddifferentialproteinexpressioranalysis.

Dependingon the experimentalsetup,datasetsmay be pretty
large. Moreover, the datais unstructuredn oneof the dimensions
andhasnon-equidistanspacingin the seconddimension.In order
to obtainanef cient visualizationatinteractve framerates we ap-
ply aresamplingof the dataprior to visualization.Our resampling
methodensureghatmaximumintensitypeaksaremaintained Af-
ter resamplingwe build a hierarchicaldataschemewhich allows
for multiresolutionvisualizationof the dataset. The dataprepara-
tion is describedn Sectior4.

2 BACKGROUND

2.1 ProteinIdenti cation

Proteinsconsisbof largechainsof aminoacids while smallerchains
of aminoacidsform peptides.A proteinis de ned by its sequence
of aminoacids. A commontechniqueto identify a proteinis to
cut the proteininto peptidesor even fragmentsof peptides,iden-
tify the fragments,and determinethe aminoacid sequencef the
proteinfrom the fragments.Thereare several waysof performing
the individual steps.For our experimentswe have decidedto use
liquid chromatographyL C) followed by massspectrometry(MS)
or even multi-dimensionaproteinidenti cation technology(Mud-
PIT) [21]. It hasbeendemonstratethatLC/MS-basednethodsare

very powerful andin certainaspectsuperiorto otherapproaches
suchas 2D electrophoresisseefor example[12]. In particular
LC/MS-basednethodsare capableof capturingboth cell proteins
andmembraneroteinsandseento performespeciallywell for the
latter.

Figure2illustrategheindividual processingtepdeadingto pro-
teinidenti cation. In the rst stepof our processingipeline,pro-
teins are digestedby the enzymetrypsin. One can even predict,
wherea proteinwill becut. For example,trypsin cutsafterlys and
arg (in caseno prolin is present)We obtainpeptidesf a protein.

In orderto examinethe peptidesindividually, we needto sep-
aratethem. Peptideseparatioris doneby liquid chromatography
(LC). A liquid containingthe peptidess forcedthrougha column
(loading). The columncontainsa substrateéhatbindsthe peptides.
Afterwards, the peptidesare washedout of the column using a
wateracetonitril-mixture(eluting). Thewealer a peptideis bound,
the fasterit getswashedout. Thus, peptidescanbe separatedy
theirbinding propertieg hydrophobicity).

Themasse®sf theseparategeptidescanbedeterminedndivid-
ually usingmassspectrometrfMS). Massspectrometrys a tech-
niguethatseparatemnsby their mass-to-chajeratios(m/z-ratios).
Thus,we needto ionizethe peptides Differentapproachefor ion-
ization exist. Amongthe mostpopularareelectrosprayonization
(ESI) [5] and matrix-assistedaser desorptionionization (Maldi)
[8]. Whenusingelectrosprayonizationone may have to normal-
ize the resultsdueto decreasingonization. After ionizationthe
moleculesare acceleratedind handedto the massanalyzer The
massanalyzemuseslectricor magneticelds (quadrupol}o de ect
the chagedparticles,while the kinetic enegy impartedby motion
givesthe particlesinertia dependenbn their mass. The massan-
alyzer steersthe particlesto a detectorbasedon their m/z-ratio.
Thedetectomeasuremtensityin countspersecond.Theresultis
typically displayedin a two-dimensionafjraph,whereintensityis
shavn over massor m/z-ratio,respectiely, seeFigure3.
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Figure 3: Mass spectrometry outputs intensity values over m/z-
ratios. Intensity peaks represent the amount of most frequently
present peptides.

Forthe nal identi cation step thefragmentpatternof eachpep-
tideis matchedagainsipatternsn adatabasée.g., Mascot[13]) to
determingheaminoacidsequence.

Oneproblemof thedescribed C-MS approachs thatthesimul-
taneouddigestof the protein mixture resultsin a highly comple
collectionof thousand®f peptides.Thus,asingleLC stepmaynot
be capablgo separatall of them.This problemis typically solved
by dividing the peptidesinto several fractionsusing multiple LC
iterations. Eachfraction is then analyzedusing massspectrome-
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Figure 2: Protein identi cation pipeline: (i) Proteins are cleavedto form peptides. (ii) Peptides are sepaated using liquid chromatography:
reversed-phasetrap (RP) column is loaded with sample peptides and eluted using acetonitril gradient. (iii) Massesof sepaated peptides are
determined using massspectrometry: ionize peptides, de ect ions using quadrupol, and detect ions. (iv) Analyze data using 3D visual exploration

and quanti cation tool. (v) Match analysisresults with database.

try. Thisis referredto as multi-dimensionalproteinidenti cation
technology(MudPIT) [21].

2.2 Structur e of the Data

The datacomingout of a liquid chromatograplis a function over
time. When usinga detectorto measurehe peptidesleaving the

Thenumbem canbein therangeof mary thousands.
Thedatacomingout of the massspectrometeis a functionover
the m/z-ratio. The intensity is measuredn countsper time and

neither Thenumberp depend®on the experimentalsetupandcan
bein therangeof tenthsof thousandsFigure3 shavs aplot of such
anintensitylist. Theplot exhibits severalhigh peaks.

Instead of generatingsuch two-dimensionalgraphsfor each

from onepointin timet; to the subsequenpointin timet;; 1, and
eventhe numberp of valuesin the m/z-ratiodimensionvariessig-
ni cantly. Thus,whenlooking at a two-dimensionaomainwith

the dimensionsbeing m/z-ratio and time, datapositionsare scat-
teredin onedimensionandnon-equidistanin the otherdimension.
Figure4 sketcheghediscretedatapositionsfor LC-MS in thetwo-

dimensionatlomain.

In termsof acquireddata, MudPIT can be regardedas multi-
ple LC-MS. A MudPIT datasetconsistf several datasetsof the
structureshawvn in Figure4, eachof which representsnefraction.
Thus,MudPIT addsanotherdimension.
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Figure 4: Structure of LC-MS data: Data value positions are scat-
tered in m/z-dimension and non-equidistant in t-dimension.

2.3 Driving Biological Questions

In thefollowing, we formulatethe driving biological questionghat
we intendto answermsingour visualexplorationtool.

Sinceliquid chromatographyperationsarerathertricky to ex-
ecuteandmary thingscangowrong, the rst thing thatbiologists
needto know beforethey proceedwith an excessie dataanalysis
is whetherthedatais actuallycorrect.

Questionl: Can visualizationprovide an immediateand obvious
ched for correctnes®f thedata?

Typically, LC-MS andMudPIT dataare exploredby looking at
intensity plots over m/z-ratiofor mary pointsin time (mary pep-
tides)andvariousfractions(cf. Figure3). Lookingatmary or even



all thesemassspectrometnplotsindividually is a very tiring pro-
cess.It alsodoesnot provide anintuitive understandin@f the en-
tire dataon a global scale.Whenlooking at a selectedsetof mass
spectrometrylotsit is unknavn whetherthe shavn peaksaresig-
ni cant, i. e.,amongthe oneswith highestintensity or not.
Question2: Can visualizationprovide a global undestandingof
thedatawhile still displayingfull (quantitative)informationabout
positionand sizeof intensitypeaks?Doessud a visualizational-
low for interactivedataexploration evenfor large datasetswithout
losingdetail information?

Mostimportantfor avisualizationtool in termsof biologicalin-
sightis not to display one dataset, but to comparedifferentdata
setswhereeachdatasetrepresentanexperimenttaken undercer
tain conditions.

Question3: Can visualizationdisplayinformationthat allows for
differential proteinexpressionanalysis?

3 RELATED WORK

Visualizationof LC-MS datais commonlyrestrictedto a simple
plotting of massspectrometryunctionsfor eachpeptide(cf. Figure
3). To allow for a globalunderstandingf the data,a visualization
methodover a two-dimensionadomain(like the one sketchedin
Figure 4) hasbeenintroducedby Li etal. [9]. The outputof the
visualizationmethod,however, restrictsitself to two-dimensional
imageswhereintensityis displayedusingdifferentshade®f gray
in alinearor logarithmicmapping. The imagesexhibit clearly the
positionsof intensitypeaksbut thedifferentshade®f grayarehard
to distinguish,which limits the perceptionof the actualintensity
values.

In thework by Li etal. [9], theresolutionof theresultingimages
canbe choserby the user To dealwith the challengesf not op-
eratingon a Cartesiangrid (cf. Section2.2), the authorsaveraged
the intensitiescollectedwithin eachpixel. Due to the averaging
step,intensitypeaksmay not have beendisplayedwith their max-
imum intensity but with a muchlower value. Signi cant intensity
peaksmay have beenreducedo smallerpeaksthatdo not seemto
be notewvorthy. From a biological point of view, onewould rather
maintainthe actualmaximumintensity of a peak,evenif it gets
slightly shifted. The shift is boundedby the value 1= 2 of the
pixel resolution. Suchmaximum-preservingperationshave been
usedin othercontets, e.g. [17].

To dealwith large datasets,multiresolutionmethodsare com-
monly appliedin visualization.Mary differentapproachesxist for
two-dimensionaland even higherdimensionaldomains[4, 7, 10,
14]. A commontechniqueto build multiresolutionhierarchiess
the useof wavelets[18]. By storingdatavaluesexplicitly for the
lowestresolutiononly andcomputinghigherresolutionrepresenta-
tions by successiely addingdetails,wavelet-basedierarchiesdo
not requireary additionalstoragespace(comparedo the storage
spaceof the original dataat highestresolution).In thework by An-
derssoret al. [1], one-dimensionalvaveletshave beenappliedto
LC datafor datareductionandde-noising.

Differential expressiondatahasbeenvisualizedin the context
of functional genomics. Geneexpressiondeterminedusing mi-
croarraytechnologyis displayedusingtwo-dimensiona[6, 19] or
three-dimensionadcattemplots[16]. In proteomicsdifferentialex-
pressiorcanbe visualizedby (differential)intensitiesover the two
dimensiongime (from LC) andm/z-ratio(from MS).

Whenusing 2D electrophoresiproteinsof a sampleare sepa-
ratedandidenti ed by 2D orthogonaldisplacementVisualizations
using 2D imagesare commonand have beenusedfor differential
expressiordisplayin [2]. Registrationof such2D imaged3] allows
for asubsequerfusion of variousimageq11].

4 DATA PREPARATION

4.1 Resampling

SinceL.C-MS datais scatteredn the m/z-dimensiona directdata
visualizationmethodwould have to apply scatterediatainterpola-
tion techniquesor domaintriangulation(e.g., Delaunaytriangula-
tion). Both approacheslo (in their generalfform) not accountfor
the non-scatteredtructurein the time-dimension. Moreover, we
obseredthatthey aretoo computationallyexpensve for practical
purposesvhenappliedto large datasets.

To allow for anef cient visualizationwith anacceptablamount
of preprocessingwe decidedto performa resamplingstep. Since
the time-dimensionis already structured,we only apply a one-
dimensionakesamplingn the m/z-direction.We generate struc-
tureddomainwith non-equidistansamplesn the t-direction and
equidistansamplesn them/z-direction.

Resamplingshouldbe donesuchthatall intensitypeaksarepre-
sened (with theirmaximumintensity). Theonly way to ful Il this
conditionis to usea sufciently high resamplingrate. If the reso-
lution resof the massspectrograplis known, it is bestto resample
with rate1=(2 reg. If the resolutionof the massspectrograplis
unknawn, it canbeestimatedy determiningheminimumdistance
betweerary two measurement.

Ohviously, we generate lot of redundaninformation. For dis-
playing datavisually on a computerscreenthereis no needto go
beyond the screers resolution. We reducethe generatediataby
meging adjacentatavalues.However, we still wantto beableto
retrieve the highestresolutiondatafor displaywhenzoominginto
regionsof interestandwhenoutputtingdatato peakquanti cation
tools. We generate hierarchicadatarepresentatiothatallows for
multiresolutionvisualizationanddataaccess.

4.2 Hierarchical Data Representation

A hierarchicaldatarepresentatioschemestoresa datasetat var-
ious resolutions. For downsampling,the samplepositionsof res-
olution L ,, are split into two groups: the onesthat belongto the
next coarseresolutionL , 1 (evenvertices)andthe onesthatbe-
longto L hnnL ,, 1 (oddvertices). The valuesat the even vertices
arecomputedrom the valuesatthe samplepositions2 L ,. When
usingwavelet-basedechniqueshe valuesat the odd verticesstore
the“difference’betweenhevaluesattheevenverticesandtheval-
uesat the samplepositions2 L . Thus,resolutionL , canbere-
constructedrom resolutionL , 1 atary time by addingthe differ-
encesOnlyresolutionL ,, ; andthedifferencesetL ,nL ,, 1 heed
to be stored,which is the sameamountof datastorageasneeded
to storeL . Thus, settingup a multiresolutionhierarchyusinga
waveletschemealoesnotrequireadditionaldatastorage.

The simplestand, thus, most widely usedwavelets are Haar
wavelets,see[18]. One-dimensionaHaar wavelets computethe
values f;” 12 L, 1 atthe even verticesby averagingthe values

1 and f,’,‘rl attherespectie samplepoint pairs2 L . Thevalues

fI’l ! attheoddverticesstorethedifferencesf” " 1.

Weadopttheideasfrom wavelet- basemultlresolutlorhlerarchy
generation.However, averagingdatavalueswould causeintensity
peaksto losetheir maximumintensityor evento vanish. To main-
tain the maximumintensity of all peaks,we setthe valuesat the
evenverticesto

£ 1= max(ff 1) :
Thevaluesatthe oddverticesstorethe differences

it =" min(ff,)

The sign of f1,! is usedto indicatewhether " or f{} ; wasthe
larger value. Figure5 shawvs an examplefor our peak preserving
multiresolutionhierarchygeneration.
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Figure 5: Hierarchical data representation: Multiresolution scheme
is peak-preserving (fJ 2= max f§; f1; f5; f0g) and does not require
additional storage space (stores only [f f 2g;f f§ 2g;f fI' ;1 1g]).

5 VisuAL DATA EXPLORATION

5.1 Interactive Visualization System

We have developedathree-dimensionalisualizationsystenfor in-
teractie explorationof LC-MS data. We renderheight elds over
the two-dimensionatesamplediomainwith dimensiongime and
m/z-ratio. The systemallows for visualizationof the entiredataset
on a global scale,seeFigure 1(a), andzoomedviews into regions
of interest,seeFigure1(b). To fulll thereal-timerequirements,
the appropriateesolutionis selectedrom the multiresolutiondata
hierarchydescribedn the previous section.

The color schemeor the visualizationcanbe changednterac-
tively. A one-dimensionatransferfunctionis usedto mapintensity
valuesto RGB colorvalues.Thus,in the generalsetting,the color
of a peakindicatesits intensity Also, the materialpropertiesand
the shadingmethodcan be chosenby the user In termsof view-
ing, the systemsupportsboth paralleland perspectie projection.
To lter, i. e., selectanddisplayonly the mostsigni cant peaks,a
thresholdingmethodis providedthatculls all peaksbeneatta cho-
senthreshold.Thesystemalsoallows for peaklabeling. Thelabels
shav the peaks'propertieg(e.g., intensity m/z-value,time-value)
or —if known —thenameof therespectie peptide.Figuresl and6
illustratecertainaspect®f the systems functionality

5.2 PeakQuanti cation

While typically smoothshadingdiffuseandspeculamaterial,and
perspectie projectionis usedto rendettheheight eld in aneasy-to-
perceve volumetricfashion,the otheroptionsare offeredto sene
speci ¢ tasks. If we look at the height eld from a bird's eye view
usinga parallel projection,a two-dimensionaimageis rendered,
wherecolor encodedntensity with respectto the chosentransfer
function.Weuse at shadingexhibiting nodiffuseor speculafight-
ing to notfudgethecolor. Figure7(a)shavs suchabird's eye view.

Therenderedmagecanbeoutputtedo a le usingcommonim-
ageformats.Theresolutionfor the outputcanbechoserarbitrarily
from the multiresolutiondatahierarchy To maximizethe accurag
of furtherprocessingteps.onewould typically choosethe highest
resolution.Also, theoutputcouldbethe entiredatasetaswell asa
selectedegion.

Sincemostimageformatsusea ratherlimited amountof bits for
storingthe data,the high-precisionrepresentationisedfor visual-
izationmustbecorvertedto alower-precisionrepresentatiofor the
outputtedimages.As the intensity peakstendto exhibit very high
intensitiesjt is oftenbene cialto corvertthedatanotusingalinear
but a logarithmicmapping.Both conversionoptionsaresupported
though. Figure7(b) shavs an outputtedimageusinga logarithmic
scaleof grayvalues.

Existing quanti cation tools can be usedto measurehe spots
in the two-dimensionaimages. The quanti ed valuesare usedto
matchwith existing databasesyhich allows usto identify peptides
and, nally, proteins We have usedDelta2D* for quanti cationand
Mascot[13] for databaséook-ups.

5.3 Differential Protein Expression

For differentialproteinexpressioranalysis datais acquiredby ex-
perimentsunder changingconditionsor of different cell popula-
tions. Of interestis the changein expressiorfrom oneexperimen-
tal setupto another Typically, one experimentalsetupsenes as
control data, while the other setupsprovide the testdata. Each
experimentcanbe visualizedand analyzedindividually usingour
interactive visualizationtool describedabore. To visualize the
differential expressionof testvs. control data, we usethe same
three-dimensionatetupas beforeand display differential expres-
sionin termsof height elds over dimensiongime (LC) andm/z-
ratio (MS).

To computethe differential expression,we have to determine
differencedn peakintensity Unfortunately the reproducibility of
LC-MS measurementsnly workswith a certaintolerance We ob-
senedthatthistolerancds prettyhigh. Intensitypeaksfor oneand
the samepeptidemay shift signi cantly whenexecutingan experi-
mentmultiple times. Thus,prior to differentialexpressioncompu-
tation,we needto register(or align) testandcontroldata. Thereg-
istrationstepwarpsthe domainof thetestdatasetontothe domain
of the control dataset. Figure 8 illustratesthe shift by visualiz-
ing testandcontroldataastwo height elds over the samedomain.
Thepositionof mostdominantpeaksof thetwo height eldsshould
coincidebut, instead exhibit a severeshift.

o

Figure 8: Visualization of test (green) and control (red) data astwo
height elds over samedomain without registration. Location of most
dominant peaks are supposedto coincide but clealy exhibit a shift.

The warpingtransformations computedusing a landmarkap-
proach. In both datasetswe identify the mostsigni cant inten-
sity peaks.A one-to-onemappingof thetestintensitypeaksto the
controlintensity peaksis doneby handfor a few intensity peaks.
Thesearethe so-calledandmarks.The userinterventionis moder
ate,sinceonly afew landmarksarerequired. (In our experiments,
we usedbetween ve and30landmarks.)Our visualrepresentation
of the datamalesit very easyto matchthe peakseven for non-
professionals. We triangulatethe domainsusing the landmarks.
Thewarpingtransformationis linearwithin eachtriangle.

After the warpingstep,we cancomputethe differentialexpres-
sionby meresubtractiorof theintensityvalues.Figure9 shavs an

Lhttp://iwwwdecodon.com
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Figure 6: Options for interactive visualization system (cf. Figure 1):

(b)

(a) Changing color, material properties, and shading method. (b)

Thresholding for peak selection combined with peptide labeling of signi cant peaks.

@)

(b)

Figure 7: Peak quanti cation: Bird's eye view of height eld (a) is outputted to 2D image (b) using logarithmic scale. Existing software is used

for peak quanti cation on spots in 2D image.

example.We memgethetwo height elds (testvs. control) by taking
the maximumintensitiesand color the resultingheight eld using
greencolorin caseof down-regulationandred colorin caseof up-
regulation. (Theresultingheight eld hererepresentthemaximum
of thetwo intensitiesnot the difference.)

5.4 Multi-dimensional Protein Identi cation Technology

To visualizeMudPIT data,we generate height eld for eachfrac-
tion. We provide a sliderfor the userto switchbetweerthe height-
eld renderingsof the individual fractions. Figure 10 shaws the
visualizationof threefractionsexhibiting changesn intensity
MudPIT dataalso suffers from not generatingresultsthat are
preciselyreproducible.Thus, the locationsof intensity peaksrep-
resentingpeptidegpresenin subsequenfractionsdo not coincide.
Whentrying to integrateMudPIT datafrom variousfractionsinto

onesetup,we needto performa registrationstep,again. We pro-
ceedasdescribedn the previous section. Figure 11 shaws thein-
tegratedvisualizationof variousfractionsafter registration. Each
fraction getsassignedone color. Thus, colorsindicatein which
fractionintensitypeaksarehighest.

Using the registeredfractions,we canalsointerpolatebetween
theintensitiesof subsequenfractions. Insteadof usinga sliderto
switchbetweenvisualizationsf differentfractionsasin Figure10,
we generatean animationover the fraction dimension,wherein-
tensity valuesare animatedover fractionsin the orderincreasing
ammoniumchloride? For smoothtransitionwe uselinearinterpo-
lation of the height elds. The animationallows for aneven better
perceptiorof intensitychangesvith changingfractions.

2A movie of ananimationaccompaniethe paper



Figure 10: Visualization of three fractions obtained by using MudPIT. Slider allows to interactively switch between fractions.

Figure 9: Visualization of di erential protein expressionover dimen-
sionstime (LC) and m/z-ratio (MS): Color greenindicates downreg-
ulation, color red upregulation. Di erential expression computation
requires prior data registration by domain warping.

6 APPLICATION SCENARIO, RESULTS, AND DISCUSSION

To testour systemwe have appliedour methodsto dataacquired
from humancell line SiHausedto modelcervicalcancef15]. The
cell line wasgrown undernormalconditionsandshaved no pertur
bation. The MudPIT experimentwasdoneusingliquid chromatog-
raphy (LC) with reversed-phasé&ap (RP) columnandmassspec-
trometry(MS) with electrosprayonization(ESI). 11 fractionswith
OomM, 20mM, 40mM, 60mM, 80mM, 100mM, 150mM, 200mM,
300mM,500mM,and900mMammoniumchloridewereused.The
retentiontime duringliquid chromatographyverein therangefrom
0 to 85 minutes. The m/z-ratiosmeasuredy massspectrometry
werein therangeof 300to 1500. Themeasuredhtensitiesnvereas
highas10® countspersecond.

In a rst step,we visualizedthe dataas height elds over the
time-dimensiormeasuredy liquid chromatographgndthe mass-
over-chage-dimensiormeasuredy massspectrometry Various
visualizationsareshavn in Figuresl and6. By looking atthe data
from abird'seye view asin Figure7(a),we detectedsomeartifacts.
Someof the intensity peaksare not separatedut form streaksin

Figure 11: Integrated visualization of various fractions from MudPIT:
Colors indicate, in which fraction each peak has maximum intensity.
The color schemeassignscolors cyan, white, magenta, yellow, red,
green, and blue to fractions in the order of increasing ammonium
chloride.

thetime-dimension.The streaksgndicateproblemswith the liquid
chromatographyhichdid notseparatéhepeptidegproperly Using
our visualizationtool the error becomeshvious andis detected
immediatelyin anintuitive way. Consequentiallythe experiments
would have neededo berepeatedo gainary signi cant biological
insightfrom furtheranalysis.

Despitethe dataacquisitionerror, the bird's eye view of our
height eld hasbeenoutputtedo atwo-dimensionaimage7(b). We
usedhighestresolutionandlogarithmicmapping. Sincethe time-
dimensiorof thedatasethasaresolutionin therangeof theresolu-
tion of moderncomputerscreensthe multiresolutionhierarchyhas
only beengeneratedh the m/z-dimensiorusinga one-dimensional
schemeThetwo-dimensionalmagecanbeusedto quantifythein-
tensityspotsandto matchtheresultswith the valuesobtainedrom
anexisting databaseThis procedureallows for identi cation of the
peptideswith highestoccurrence.The identi ed peptidescanbe
labeledwith theirname.

For the MudPIT data,we caninteractvely explore the various
fractions,asshaovn in Figure10andthevideo. After registrationof
thefractions we integratethevariousfractionsinto oneheight eld.
The resultis shavn in Figure11. Fromthere,we could proceed
with the quanti cation stepasdonefor the LC-MS data.



After theidenti cation step,we looked into differential protein
expressionto analyzechangesundervarying conditions. We de-
ned thecontrolandtestdata,registeredhem,andexploredthedif-
ferentialexpressionusing, onceagain,the 3D visualizationsetup.
Theresultingheight eld is shavn in Figure9. In anintuitive way,
we couldvisually detectsigni cant up- anddownregulationof cer
tain peptideswhich hadbeenidenti ed beforehand.This new in-

sightcanhelpto formulatebiologicalhypotheses.
It remainsto discusswhetherthe driving biological questions
formulatedin Section2.3 have beenanswered.

Questionl: We have demonstratethatour visualizationtool
is, indeed capableio immediatelyexhibit dataacquisitioner-
rorsin anintuitive andobviousway.

Question2: Our examplesalsoshav that our visual system
allowsfor aglobalunderstandingf theentiredatasetaswell

asexplorationof regionsof interest.\We wereableto achieve

interactve framerateswhendisplayingthe entiredatasetby

generatinga multiresolutionhierarchy The hierarchicaldata
representatioprovidesall datainformationincluding all de-
tails without requiringadditionalstoragespace.

Question3: The scenariogpresentedn this chapterdescribes
in detail the individual stepstoward differential protein ex-
pressioranalysis.lt documentdiow our visualizationsystem
helpsto accomplistseveralimportanttasks.

7 CONCLUSIONSAND FUTURE WORK

We have presentedninteractive visualizationsystemfor the anal-
ysis of differentialproteinexpression.The systemrendersheight-
elds of liquid-chromatography/mass-spectrometigta. It uses
dataresamplingandhierarchicaldatarepresentatioto t thereal-
time requirementsven for large datasets. The visualizationtool

alsoallows for integration of dataobtainedby multi-dimensional
proteinidenti cation technology Differential expressionfor con-
trol vs. testdatais computedand visualizedafter registrationvia

domainwarping.

Our systemprovidesanintuitive understandingf the dataon a
globalscaleandallows for detaileddataexploration. Dataacquisi-
tion errorsbecomeeasyto detect.Moreover, the visualizationtool
supportgrotein/peptidedenti cation. It alsoprovidesanintuitive
meango matchintensitypeaksof differentdatasetswhich canbe
usedfor dataregistrationpurposes.

In termsof future work, we plan on integratinga quanti cation
stepbasedon the highest-resolutionhree-dimensionalepresenta-
tioninto our systemasthecurrentcorversioninto astandardmage
formatlosesprecision.Moreover, we would lik e to incorporatethe
simultaneouwisualizationof multiple testdatasetsfor differential
proteinexpressioranalysis.
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