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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
encodinggenesaredifferentially expressedundera given experi-
mentalsetup. An importanttask in this context is to identify the
differentially expressedproteinsor, more generally, all proteins
presentin the sample. One of the most promisingand recently
widely usedapproachesfor proteinidenti�cation is to cleave pro-
teins into peptides,separatethe peptidesusing liquid chromatog-
raphy, and determinethe massesof the separatedpeptidesusing
massspectrometry. The resultingdataneedsto be analyzedand
matchedagainstproteinsequencedatabases.The analysisstepis
typically doneby searchingfor intensitypeaksin a largenumberof
2D graphs.We presentan interactive visualizationtool for theex-
plorationof liquid-chromatography/mass-spectrometrydatain a3D
space,whichallows for theunderstandingof thedatain its entirety
andadetailedanalysisof regionsof interest.Wecomputedifferen-
tial expressionover the liquid-chromatography/mass-spectrometry
domainandembedit visually in our system.Our explorationtool
cantreatsingleliquid-chromatography/mass-spectrometrydatasets
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as well as data acquiredusing multi-dimensionalprotein identi-
�cation technology. For ef�ciency purposeswe performa peak-
preservingdataresamplingandmultiresolutionhierarchygenera-
tion prior to visualization.
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1 I NTRODUCTI ON

While the last decadewas dominatedby the study of genomes
(genomics),the past few yearshave experienceda tremendous
progressin thestudyof geneexpression-transcriptomicsandespe-
cially proteomics.Thetermproteomewas�rst usedto describethe
setof proteinsencodedby thegenome[22]. Nowadays,proteomics
is referredto asthestudyof the functionof all expressedproteins
[20].

Oneof themainchallengesin proteomicsis theanalysisof dif-
ferentialproteinexpressionor, moreprecisely, theidenti�cation of
proteins,whoseencodinggenesaredifferentiallyexpressed.Its sig-
ni�cance in biologyandmedicineis evident.For example,in order
to understandhow diseasesaffect organisms,onecandifferentially
comparetheexpressionin healthyanddiseasedcells.

For protein identi�cation, a protein consistingout of a large
chain of amino acidscan be digestedto many smallerpeptides,
whichareseparatedusingliquid chromatographyandmeasuredus-
ing massspectrometry. Themeasureddatais analyzedandmatched



againstexisting protein sequencedatabases.When using multi-
dimensionalprotein identi�cation technology(MudPIT) [21], the
liquid chromatographymethodis appliedundermultiple different
conditionsin orderto obtaindataevenfrom proteins,whoseprop-
ertiesarehardto capture.Themultiple resultsneedto be merged
duringtheanalysisstep.

For differentialproteinexpressionanalysis,datafrom different
cell populations(e.g., diseasedvs. healthy)or from onecell pop-
ulation acquiredunderdifferentconditionsneedto be compared.
Proteinidenti�cation is usedto registerthedatasetsandto identify
differentiallyexpressedproteins.More informationon therelevant
biologicalbackgroundin the�eld of proteomicsis givenin Section
2.

We presentan interactive visualizationtool, whosegoal is to
aid protein identi�cation anddifferential proteinexpressionanaly-
sis. Our tool displaysdatafrom liquid chromatographyandmass
spectrometryin a three-dimensionalspace. Traditionally, a two-
dimensionalplot of the liquid-chromatographyresult anda large
numberof two-dimensionalplotsof themass-spectrometryresults
are examinedindependently. The integration of data from both
techniquesallows for

� a betterunderstandingof thedatasetin its entirety,
� quantitative depictionof expressionratiosona globalscale,
� andeasyvisualdetectionof dataacquisitionerrors.

Our tool also supportsthe visualizationof data acquiredusing
multi-dimensionalprotein identi�cation technology. Eachfraction
canbedisplayedindividually or in a mergedsetup.In themerged
setup,eachpeptide(or its fragments)is representedby its maxi-
mumintensitypeakwhile color codingis usedto indicatethecon-
dition, underwhich themaximumintensityhasbeenobserved.The
mergedsetuprequiresaregistrationof theindividual fractionsprior
to visualization,as liquid chromatography-massspectrometryex-
perimentssuffer from not beingpreciselyreproducible.

Registrationis alsorequiredprior to differentialexpressioncom-
putation. Differential expressionof a test vs. a control dataset
is computedand displayedover the liquid chromatography-mass
spectrometrydomain. Thus, differential expressionvisualization
can naturally be integratedinto our visual exploration tool. Our
tool is describedin detail in Section5. In Section6, we describe
scenarioson how our visualizationtool is usedfor errordetection,
proteinidenti�cation, anddifferentialproteinexpressionanalysis.

Dependingon the experimentalsetup,datasetsmay be pretty
large. Moreover, thedatais unstructuredin oneof thedimensions
andhasnon-equidistantspacingin theseconddimension.In order
to obtainanef�cient visualizationat interactive framerates,weap-
ply a resamplingof thedataprior to visualization.Our resampling
methodensuresthatmaximumintensitypeaksaremaintained.Af-
ter resampling,we build a hierarchicaldatascheme,which allows
for multiresolutionvisualizationof thedataset. Thedataprepara-
tion is describedin Section4.

2 BACK GROUND

2.1 Protein Identi�cation

Proteinsconsistof largechainsof aminoacids,while smallerchains
of aminoacidsform peptides.A proteinis de�ned by its sequence
of amino acids. A commontechniqueto identify a protein is to
cut the protein into peptidesor even fragmentsof peptides,iden-
tify the fragments,anddeterminethe aminoacid sequenceof the
proteinfrom thefragments.Thereareseveralwaysof performing
the individual steps.For our experiments,we have decidedto use
liquid chromatography(LC) followedby massspectrometry(MS)
or evenmulti-dimensionalproteinidenti�cation technology(Mud-
PIT) [21]. It hasbeendemonstratedthatLC/MS-basedmethodsare

very powerful andin certainaspectssuperiorto otherapproaches
suchas 2D electrophoresis,seefor example [12]. In particular,
LC/MS-basedmethodsarecapableof capturingboth cell proteins
andmembraneproteinsandseemto performespeciallywell for the
latter.

Figure2 illustratestheindividualprocessingstepsleadingto pro-
tein identi�cation. In the�rst stepof our processingpipeline,pro-
teins are digestedby the enzymetrypsin. One can even predict,
wherea proteinwill becut. For example,trypsincutsafterlys and
arg (in caseno prolin is present)Weobtainpeptidesof a protein.

In order to examinethe peptidesindividually, we needto sep-
aratethem. Peptideseparationis doneby liquid chromatography
(LC). A liquid containingthepeptidesis forcedthrougha column
(loading).Thecolumncontainsa substratethatbindsthepeptides.
Afterwards, the peptidesare washedout of the column using a
water-acetonitril-mixture(eluting).Theweaker a peptideis bound,
the fasterit getswashedout. Thus,peptidescanbe separatedby
theirbindingproperties(hydrophobicity).

Themassesof theseparatedpeptidescanbedeterminedindivid-
ually usingmassspectrometry(MS). Massspectrometryis a tech-
niquethatseparatesionsby theirmass-to-chargeratios(m/z-ratios).
Thus,we needto ionizethepeptides.Differentapproachesfor ion-
izationexist. Amongthemostpopularareelectrosprayionization
(ESI) [5] and matrix-assistedlaserdesorptionionization (Maldi)
[8]. Whenusingelectrosprayionizationonemay have to normal-
ize the resultsdue to decreasingionization. After ionization the
moleculesareacceleratedandhandedto the massanalyzer. The
massanalyzeruseselectricor magnetic�elds (quadrupol)to de�ect
thechargedparticles,while thekinetic energy impartedby motion
givesthe particlesinertia dependenton their mass.The massan-
alyzer steersthe particlesto a detectorbasedon their m/z-ratio.
Thedetectormeasuresintensityin countspersecond.Theresultis
typically displayedin a two-dimensionalgraph,whereintensityis
shown over massor m/z-ratio,respectively, seeFigure3.

Figure 3: Mass spectrometry outputs intensity values over m/z-
ratios. Intensity peaks represent the amount of most frequently
present peptides.

For the�nal identi�cation step,thefragmentpatternof eachpep-
tide is matchedagainstpatternsin adatabase(e.g.,Mascot[13]) to
determinetheaminoacidsequence.

Oneproblemof thedescribedLC-MS approachis thatthesimul-
taneousdigestof the proteinmixture resultsin a highly complex
collectionof thousandsof peptides.Thus,asingleLC stepmaynot
becapableto separateall of them.This problemis typically solved
by dividing the peptidesinto several fractionsusingmultiple LC
iterations. Eachfraction is thenanalyzedusingmassspectrome-



Figure 2: Protein identi�cation pipeline: (i) Proteins are cleaved to form peptides. (ii) Peptides are separated using liquid chromatography:
reversed-phasetrap (RP) column is loaded with sample peptides and eluted using acetonitril gradient. (iii) Massesof separated 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 analysis results with database.

try. This is referredto asmulti-dimensionalproteinidenti�cation
technology(MudPIT) [21].

2.2 Structur eof the Data

Thedatacomingout of a liquid chromatographis a functionover
time. Whenusinga detectorto measurethe peptidesleaving the
column,it detectspeptidesat discretepointsin time t1; : : : ;tn 2 IR.
Thepointsin time ti , i = 1; : : : ;n, arenot distributedequidistantly.
Thenumbern canbein therangeof many thousands.

Thedatacomingoutof themassspectrometeris a functionover
the m/z-ratio. The intensity is measuredin countsper time and
storedas an intensity list for discretem/z-ratiosm1; : : : ;mp 2 IR.
The m/z-ratiosmj , j = 1; : : : ; p, arenot distributedequidistantly,
neither. Thenumberp dependson theexperimentalsetupandcan
bein therangeof tenthsof thousands.Figure3 showsaplot of such
anintensitylist. Theplot exhibits severalhighpeaks.

Insteadof generatingsuch two-dimensionalgraphsfor each
point in time ti , i = 1; : : : ;n, we use a three-dimensionalsetup,
wherethe intensity is shown asa height�eld over the dimensions
time andm/z-ratio. Unfortunately, the m/z-ratiosm1; : : : ;mp vary
from onepoint in time ti to thesubsequentpoint in time ti+ 1, and
eventhenumberp of valuesin them/z-ratiodimensionvariessig-
ni�cantly. Thus,whenlooking at a two-dimensionaldomainwith
the dimensionsbeingm/z-ratioand time, datapositionsarescat-
teredin onedimensionandnon-equidistantin theotherdimension.
Figure4 sketchesthediscretedatapositionsfor LC-MS in thetwo-
dimensionaldomain.

In termsof acquireddata,MudPIT can be regardedas multi-
ple LC-MS. A MudPIT datasetconsistsof severaldatasetsof the
structureshown in Figure4, eachof which representsonefraction.
Thus,MudPITaddsanotherdimension.

t1 t2 tn

m/z

t

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 Dri ving Biological Questions

In thefollowing, we formulatethedriving biologicalquestionsthat
we intendto answerusingourvisualexplorationtool.

Sinceliquid chromatographyoperationsarerathertricky to ex-
ecuteandmany thingscango wrong,the�rst thing thatbiologists
needto know beforethey proceedwith anexcessive dataanalysis
is whetherthedatais actuallycorrect.
Question1: Can visualizationprovide an immediateand obvious
check for correctnessof thedata?

Typically, LC-MS andMudPIT dataareexploredby looking at
intensityplots over m/z-ratio for many points in time (many pep-
tides)andvariousfractions(cf. Figure3). Lookingatmany or even



all thesemassspectrometryplots individually is a very tiring pro-
cess.It alsodoesnot provide an intuitive understandingof theen-
tire dataon a globalscale.Whenlooking at a selectedsetof mass
spectrometryplotsit is unknown whethertheshown peaksaresig-
ni�cant, i. e.,amongtheoneswith highestintensity, or not.
Question2: Can visualizationprovide a global understandingof
thedatawhile still displayingfull (quantitative)informationabout
positionandsizeof intensitypeaks?Doessuch a visualizational-
low for interactivedataexplorationevenfor largedatasetswithout
losingdetail information?

Most importantfor a visualizationtool in termsof biologicalin-
sight is not to displayonedataset,but to comparedifferentdata
sets,whereeachdatasetrepresentsanexperimenttakenundercer-
tain conditions.
Question3: Can visualizationdisplayinformationthat allows for
differential proteinexpressionanalysis?

3 REL ATED WORK

Visualizationof LC-MS datais commonlyrestrictedto a simple
plottingof massspectrometryfunctionsfor eachpeptide(cf. Figure
3). To allow for a globalunderstandingof thedata,a visualization
methodover a two-dimensionaldomain(like the onesketchedin
Figure4) hasbeenintroducedby Li et al. [9]. The outputof the
visualizationmethod,however, restrictsitself to two-dimensional
images,whereintensityis displayedusingdifferentshadesof gray
in a linearor logarithmicmapping.The imagesexhibit clearly the
positionsof intensitypeaksbut thedifferentshadesof grayarehard
to distinguish,which limits the perceptionof the actualintensity
values.

In thework by Li etal. [9], theresolutionof theresultingimages
canbe chosenby the user. To dealwith thechallengesof not op-
eratingon a Cartesiangrid (cf. Section2.2), the authorsaveraged
the intensitiescollectedwithin eachpixel. Due to the averaging
step,intensitypeaksmaynot have beendisplayedwith their max-
imum intensitybut with a muchlower value. Signi�cant intensity
peaksmayhave beenreducedto smallerpeaksthatdo not seemto
benoteworthy. Froma biologicalpoint of view, onewould rather
maintainthe actualmaximumintensity of a peak,even if it gets
slightly shifted. The shift is boundedby the value 1=

p
2 of the

pixel resolution.Suchmaximum-preservingoperationshave been
usedin othercontexts,e.g. [17].

To dealwith large datasets,multiresolutionmethodsarecom-
monlyappliedin visualization.Many differentapproachesexist for
two-dimensionalandeven higher-dimensionaldomains[4, 7, 10,
14]. A commontechniqueto build multiresolutionhierarchiesis
the useof wavelets[18]. By storingdatavaluesexplicitly for the
lowestresolutiononly andcomputinghigher-resolutionrepresenta-
tions by successively addingdetails,wavelet-basedhierarchiesdo
not requireany additionalstoragespace(comparedto the storage
spaceof theoriginaldataathighestresolution).In thework by An-
derssonet al. [1], one-dimensionalwaveletshave beenappliedto
LC datafor datareductionandde-noising.

Differential expressiondatahasbeenvisualizedin the context
of functional genomics. Geneexpressiondeterminedusing mi-
croarraytechnologyis displayedusingtwo-dimensional[6, 19] or
three-dimensionalscatterplots[16]. In proteomics,differentialex-
pressioncanbevisualizedby (differential)intensitiesover thetwo
dimensionstime (from LC) andm/z-ratio(from MS).

Whenusing2D electrophoresisproteinsof a samplearesepa-
ratedandidenti�ed by 2D orthogonaldisplacement.Visualizations
using2D imagesarecommonandhave beenusedfor differential
expressiondisplayin [2]. Registrationof such2D images[3] allows
for a subsequentfusionof variousimages[11].

4 DATA PREPARATI ON

4.1 Resampling

SinceLC-MS datais scatteredin them/z-dimension,a directdata
visualizationmethodwould have to applyscattereddatainterpola-
tion techniquesor domaintriangulation(e.g., Delaunaytriangula-
tion). Both approachesdo (in their generalform) not accountfor
the non-scatteredstructurein the time-dimension.Moreover, we
observed that they aretoo computationallyexpensive for practical
purposeswhenappliedto largedatasets.

To allow for anef�cient visualizationwith anacceptableamount
of preprocessing,we decidedto performa resamplingstep. Since
the time-dimensionis alreadystructured,we only apply a one-
dimensionalresamplingin them/z-direction.We generatea struc-
tureddomainwith non-equidistantsamplesin the t-directionand
equidistantsamplesin them/z-direction.

Resamplingshouldbedonesuchthatall intensitypeaksarepre-
served(with their maximumintensity).Theonly way to ful�ll this
conditionis to usea suf�ciently high resamplingrate. If the reso-
lution resof themassspectrographis known, it is bestto resample
with rate1=(2� res). If the resolutionof the massspectrographis
unknown, it canbeestimatedby determiningtheminimumdistance
betweenany two measurement.

Obviously, we generatea lot of redundantinformation. For dis-
playingdatavisually on a computerscreen,thereis no needto go
beyond the screen's resolution. We reducethe generateddataby
merging adjacentdatavalues.However, we still want to beableto
retrieve thehighestresolutiondatafor displaywhenzoominginto
regionsof interestandwhenoutputtingdatato peakquanti�cation
tools.Wegenerateahierarchicaldatarepresentationthatallowsfor
multiresolutionvisualizationanddataaccess.

4.2 Hierar chical Data Representation

A hierarchicaldatarepresentationschemestoresa datasetat var-
ious resolutions.For downsampling,the samplepositionsof res-
olution L n aresplit into two groups: the onesthat belongto the
next coarserresolutionL n� 1 (evenvertices)andtheonesthatbe-
long to L n nL n� 1 (odd vertices).The valuesat theeven vertices
arecomputedfrom thevaluesat thesamplepositions2 L n. When
usingwavelet-basedtechniquesthevaluesat theoddverticesstore
the“dif ference”betweenthevaluesat theevenverticesandtheval-
uesat thesamplepositions2 L n. Thus,resolutionL n canbere-
constructedfrom resolutionL n� 1 at any time by addingthediffer-
ences.Only resolutionL n� 1 andthedifferencesetL nnL n� 1 need
to be stored,which is the sameamountof datastorageasneeded
to storeL n. Thus,settingup a multiresolutionhierarchyusinga
waveletschemedoesnot requireadditionaldatastorage.

The simplestand, thus, most widely usedwavelets are Haar
wavelets,see[18]. One-dimensionalHaar waveletscomputethe
values f n� 1

i 2 L n� 1 at the even verticesby averagingthe values
f n
i and f n

i+ 1 at therespective samplepoint pairs2 L n. Thevalues
f n� 1
i+ 1 at theoddverticesstorethedifferencesf n

i � f n� 1
i .

Weadopttheideasfrom wavelet-basedmultiresolutionhierarchy
generation.However, averagingdatavalueswould causeintensity
peaksto losetheir maximumintensityor evento vanish.To main-
tain the maximumintensityof all peaks,we set the valuesat the
evenverticesto

f n� 1
i = max( f n

i ; f n
i+ 1) :

Thevaluesat theoddverticesstorethedifferences

j f n� 1
i+ 1 j = f n� 1

i � min( f n
i ; f n

i+ 1) :

The sign of f n� 1
i+ 1 is usedto indicatewhether f n

i or f n
i+ 1 was the

larger value. Figure5 shows an examplefor our peak-preserving
multiresolutionhierarchygeneration.
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Figure 5: Hierarchical data representation: Multiresolution scheme
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5 V I SUAL DATA EXPL ORATI ON

5.1 Interacti ve Visualization System

Wehavedevelopedathree-dimensionalvisualizationsystemfor in-
teractive explorationof LC-MS data. We renderheight�elds over
the two-dimensionalresampleddomainwith dimensionstime and
m/z-ratio.Thesystemallows for visualizationof theentiredataset
on a global scale,seeFigure1(a),andzoomedviews into regions
of interest,seeFigure1(b). To ful�ll the real-timerequirements,
theappropriateresolutionis selectedfrom themultiresolutiondata
hierarchydescribedin theprevioussection.

The color schemefor the visualizationcanbe changedinterac-
tively. A one-dimensionaltransferfunctionis usedto mapintensity
valuesto RGB color values.Thus,in thegeneralsetting,thecolor
of a peakindicatesits intensity. Also, the materialpropertiesand
the shadingmethodcanbe chosenby the user. In termsof view-
ing, the systemsupportsboth parallelandperspective projection.
To �lter , i. e., selectanddisplayonly themostsigni�cant peaks,a
thresholdingmethodis providedthatculls all peaksbeneatha cho-
senthreshold.Thesystemalsoallows for peaklabeling.Thelabels
show the peaks'properties(e.g., intensity, m/z-value,time-value)
or – if known – thenameof therespective peptide.Figures1 and6
illustratecertainaspectsof thesystem's functionality.

5.2 PeakQuanti�cation

While typically smoothshading,diffuseandspecularmaterial,and
perspectiveprojectionisusedto rendertheheight�eld in aneasy-to-
perceive volumetricfashion,theotheroptionsareofferedto serve
speci�c tasks.If we look at theheight�eld from a bird's eye view
usinga parallelprojection,a two-dimensionalimageis rendered,
wherecolor encodesintensitywith respectto the chosentransfer
function.Weuse�at shadingexhibitingnodiffuseor specularlight-
ing to not fudgethecolor. Figure7(a)showssuchabird'seyeview.

Therenderedimagecanbeoutputtedto a�le usingcommonim-
ageformats.Theresolutionfor theoutputcanbechosenarbitrarily
from themultiresolutiondatahierarchy. To maximizetheaccuracy
of furtherprocessingsteps,onewould typically choosethehighest
resolution.Also, theoutputcouldbetheentiredatasetaswell asa
selectedregion.

Sincemostimageformatsusearatherlimited amountof bits for
storingthedata,thehigh-precisionrepresentationusedfor visual-
izationmustbeconvertedto alower-precisionrepresentationfor the
outputtedimages.As the intensitypeakstendto exhibit very high
intensities,it is oftenbene�cial to convert thedatanotusingalinear
but a logarithmicmapping.Both conversionoptionsaresupported
though.Figure7(b) shows anoutputtedimageusinga logarithmic
scaleof grayvalues.

Existing quanti�cation tools can be usedto measurethe spots
in the two-dimensionalimages.The quanti�ed valuesareusedto
matchwith existingdatabases,whichallowsusto identify peptides
and,�nally , proteins.WehaveusedDelta2D1 for quanti�cationand
Mascot[13] for databaselook-ups.

5.3 Differ ential Protein Expression

For differentialproteinexpressionanalysis,datais acquiredby ex-
perimentsunderchangingconditionsor of different cell popula-
tions. Of interestis thechangein expressionfrom oneexperimen-
tal setupto another. Typically, oneexperimentalsetupserves as
control data,while the other setupsprovide the test data. Each
experimentcanbe visualizedandanalyzedindividually usingour
interactive visualization tool describedabove. To visualize the
differential expressionof test vs. control data, we use the same
three-dimensionalsetupasbeforeanddisplaydifferentialexpres-
sion in termsof height�elds over dimensionstime (LC) andm/z-
ratio (MS).

To computethe differential expression,we have to determine
differencesin peakintensity. Unfortunately, thereproducibilityof
LC-MS measurementsonly workswith a certaintolerance.Weob-
servedthatthis toleranceis prettyhigh. Intensitypeaksfor oneand
thesamepeptidemayshift signi�cantly whenexecutinganexperi-
mentmultiple times. Thus,prior to differentialexpressioncompu-
tation,we needto register(or align) testandcontroldata.Thereg-
istrationstepwarpsthedomainof thetestdatasetontothedomain
of the control dataset. Figure 8 illustratesthe shift by visualiz-
ing testandcontroldataastwo height�eldsover thesamedomain.
Thepositionof mostdominantpeaksof thetwo height�eldsshould
coincidebut, instead,exhibit a severeshift.

Figure 8: Visualization of test (green) and control (red) data as two
height�elds over samedomain without registration. Location of most
dominant peaks are supposed to coincide but clearly exhibit a shift.

The warpingtransformationis computedusinga landmarkap-
proach. In both datasetswe identify the most signi�cant inten-
sity peaks.A one-to-onemappingof thetestintensitypeaksto the
control intensitypeaksis doneby handfor a few intensitypeaks.
Thesearetheso-calledlandmarks.Theuserinterventionis moder-
ate,sinceonly a few landmarksarerequired.(In our experiments,
weusedbetween� veand30 landmarks.)Ourvisualrepresentation
of the datamakes it very easyto matchthe peakseven for non-
professionals.We triangulatethe domainsusing the landmarks.
Thewarpingtransformationis linearwithin eachtriangle.

After thewarpingstep,we cancomputethedifferentialexpres-
sionby meresubtractionof theintensityvalues.Figure9 shows an

1http://www.decodon.com



(a) (b)

Figure 6: Options for interactive visualization system (cf. Figure 1): (a) Changing color, material properties, and shading method. (b)
Thresholding for peak selection combined with peptide labeling of signi�cant peaks.

(a) (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.Wemergethetwo height�elds(testvs.control)by taking
the maximumintensitiesandcolor the resultingheight�eld using
greencolor in caseof down-regulationandredcolor in caseof up-
regulation.(Theresultingheight�eld hererepresentsthemaximum
of thetwo intensitiesnot thedifference.)

5.4 Multi-dimensional Protein Identi�cation Technology

To visualizeMudPIT data,we generatea height�eld for eachfrac-
tion. We provide a sliderfor theuserto switchbetweentheheight-
�eld renderingsof the individual fractions. Figure 10 shows the
visualizationof threefractionsexhibiting changesin intensity.

MudPIT dataalso suffers from not generatingresultsthat are
preciselyreproducible.Thus,the locationsof intensitypeaksrep-
resentingpeptidespresentin subsequentfractionsdo not coincide.
Whentrying to integrateMudPIT datafrom variousfractionsinto

onesetup,we needto performa registrationstep,again. We pro-
ceedasdescribedin theprevioussection.Figure11 shows the in-
tegratedvisualizationof variousfractionsafter registration. Each
fraction getsassignedone color. Thus, colors indicatein which
fractionintensitypeaksarehighest.

Using the registeredfractions,we canalsointerpolatebetween
the intensitiesof subsequentfractions. Insteadof usinga slider to
switchbetweenvisualizationsof differentfractionsasin Figure10,
we generatean animationover the fraction dimension,wherein-
tensityvaluesareanimatedover fractionsin the order increasing
ammoniumchloride.2 For smoothtransitionwe uselinearinterpo-
lation of theheight�elds. Theanimationallows for aneven better
perceptionof intensitychangeswith changingfractions.

2A movie of ananimationaccompaniesthepaper.



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-
sions time (LC) and m/z-ratio (MS): Color green indicates downreg-
ulation, color red upregulation. Di�erential expression computation
requires prior data registration by domain warping.

6 APPL I CATI ON SCENARI O, RESULTS, AND DI SCUSSI ON

To testour system,we have appliedour methodsto dataacquired
from humancell line SiHausedto modelcervicalcancer[15]. The
cell line wasgrown undernormalconditionsandshowednopertur-
bation.TheMudPITexperimentwasdoneusingliquid chromatog-
raphy(LC) with reversed-phasetrap (RP) columnandmassspec-
trometry(MS) with electrosprayionization(ESI).11 fractionswith
0mM, 20mM, 40mM, 60mM, 80mM, 100mM, 150mM, 200mM,
300mM,500mM,and900mMammoniumchloridewereused.The
retentiontimeduringliquid chromatographywerein therangefrom
0 to 85 minutes. The m/z-ratiosmeasuredby massspectrometry
werein therangeof 300to 1500.Themeasuredintensitieswereas
high as109 countspersecond.

In a �rst step,we visualizedthe dataas height�elds over the
time-dimensionmeasuredby liquid chromatographyandthemass-
over-charge-dimensionmeasuredby massspectrometry. Various
visualizationsareshown in Figures1 and6. By lookingat thedata
from abird'seyeview asin Figure7(a),wedetectedsomeartifacts.
Someof the intensitypeaksarenot separatedbut 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.

the time-dimension.Thestreaksindicateproblemswith the liquid
chromatograph,whichdid notseparatethepeptidesproperly. Using
our visualizationtool the error becomesobvious and is detected
immediatelyin an intuitive way. Consequentially, theexperiments
wouldhaveneededto berepeatedto gainany signi�cant biological
insightfrom furtheranalysis.

Despitethe dataacquisitionerror, the bird's eye view of our
height�eld hasbeenoutputtedto atwo-dimensionalimage7(b). We
usedhighestresolutionandlogarithmicmapping. Sincethe time-
dimensionof thedatasethasaresolutionin therangeof theresolu-
tion of moderncomputerscreens,themultiresolutionhierarchyhas
only beengeneratedin them/z-dimensionusingaone-dimensional
scheme.Thetwo-dimensionalimagecanbeusedto quantifythein-
tensityspotsandto matchtheresultswith thevaluesobtainedfrom
anexistingdatabase.Thisprocedureallowsfor identi�cation of the
peptideswith highestoccurrence.The identi�ed peptidescanbe
labeledwith theirname.

For the MudPIT data,we can interactively explore the various
fractions,asshown in Figure10andthevideo.After registrationof
thefractions,weintegratethevariousfractionsinto oneheight�eld.
The result is shown in Figure11. From there,we could proceed
with thequanti�cationstepasdonefor theLC-MS data.



After the identi�cation step,we looked into differentialprotein
expressionto analyzechangesundervarying conditions. We de-
�ned thecontrolandtestdata,registeredthem,andexploredthedif-
ferentialexpressionusing,onceagain,the 3D visualizationsetup.
Theresultingheight�eld is shown in Figure9. In anintuitive way,
we couldvisually detectsigni�cant up- anddownregulationof cer-
tain peptides,which hadbeenidenti�ed beforehand.This new in-
sightcanhelpto formulatebiologicalhypotheses.

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

� Question1: We have demonstratedthatour visualizationtool
is, indeed,capableto immediatelyexhibit dataacquisitioner-
rorsin anintuitive andobviousway.

� Question2: Our examplesalsoshow that our visual system
allowsfor aglobalunderstandingof theentiredatasetaswell
asexplorationof regionsof interest.We wereableto achieve
interactive framerateswhendisplayingtheentiredatasetby
generatinga multiresolutionhierarchy. Thehierarchicaldata
representationprovidesall datainformationincludingall de-
tailswithout requiringadditionalstoragespace.

� Question3: Thescenariopresentedin this chapterdescribes
in detail the individual stepstoward differential protein ex-
pressionanalysis.It documentshow our visualizationsystem
helpsto accomplishseveral importanttasks.

7 CONCL USI ONS AND FUTURE WORK

We have presentedaninteractive visualizationsystemfor theanal-
ysisof differentialproteinexpression.Thesystemrendersheight-
�elds of liquid-chromatography/mass-spectrometrydata. It uses
dataresamplingandhierarchicaldatarepresentationto �t thereal-
time requirementseven for large datasets. The visualizationtool
alsoallows for integrationof dataobtainedby multi-dimensional
proteinidenti�cation technology. Differentialexpressionfor con-
trol vs. testdatais computedandvisualizedafter registrationvia
domainwarping.

Our systemprovidesan intuitive understandingof thedataon a
globalscaleandallows for detaileddataexploration.Dataacquisi-
tion errorsbecomeeasyto detect.Moreover, thevisualizationtool
supportsprotein/peptideidenti�cation. It alsoprovidesanintuitive
meansto matchintensitypeaksof differentdatasets,which canbe
usedfor dataregistrationpurposes.

In termsof futurework, we planon integratinga quanti�cation
stepbasedon thehighest-resolutionthree-dimensionalrepresenta-
tion into oursystem,asthecurrentconversioninto astandardimage
formatlosesprecision.Moreover, we would like to incorporatethe
simultaneousvisualizationof multiple testdatasetsfor differential
proteinexpressionanalysis.
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