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ABSTRACT
Motiv ation: We reformulate the problem of comparing mass-
spectra by mapping spectra to the vector space model com-
monly used in document retrieval. It follows that measures of
document similarity and document indexing may be adapted
for protein identi cation. In our approach a fast coarse lter ing
method leveraging a metric space indexing algorithm is used
to produce an initial candidate set. We then rank the spectrain
this reduced set using ProFound's Bayesian scoring scheme.
Ideally,the complexity of the coarse Iter search approaches
O(log n), as compared to the linear performance provided by
most leading tools in the eld.
Results: We consider three distance measures based on
cosine and hamming distances, modifying them to accommo-
date the peak shifts intrinsic to mass spectra and investigate
their integration with the multivantage-point index structure.
Of these, a semi-metric, fuzzy-cosine distance using peptide
mass constraints performs the best. We implement an appro-
ximate semi-metric search, and show that this improves index
pruning power over a standard metric space search.

We measure accuracy of results and index performance on
a test set of peptide fragmentation spectra from E.coli prote-
ins. We also report sensitivity(recall) and speci city(precision)
scores on a more comprehensive benchmark of 1000
Angiotensin-Il tandem mass spectra, showing that, in practice,
approximate searches in this high dimensional sparse space
are acceptable when accompanied by substantial increase in
search ef ciency.

1 INTRODUCTION

Proteomicsexperimentsare often hinderedby the computa-
tionalexpenseof proteinidenti cation via databas@okupof
peptidefragmentatiorspectraFor example typical analyses
of anLC/LC/MS/MS experimentaldatasetusingthe popular
Bioworks program(ThermoFinngan)on a single processor
takeson the orderof half a day of computatiortime. As this

is comparableo the time requiredfor datacollection, the
computatioreffectively doubleshe sampleanalysigime.

High throughpumethodsdor in silicoidenti cation of frag-
mentationspectra(tandemspectraor MS/MS spectra)are
becomingncreasinglfimportant,dueto fastgrowing protein
andgenesequenceéatabasedviosttoolstodayemploy linear
scansof large databasegusinglinear lters on queryback-
groundinformationwhen available, to reducesearchtime).
The searchhits areapproximateand only meaningfulwhen
ranked by a probabilisticor statisticalsigni cance/releance
score[31, 16, 21]

Thereareseveralreasonsvhy evenapproximatenassspec-
trasearchearecomputationallyexpensve. A navesimilarity
measurds the SharedPeaksCount(SPC)-a countof com-
monm/z valuesbetweenwo spectraSPCdoesnot account
for small peakshifts intrinsic to massspectradue to mea-
surementand calibration error of the mass spectrometer
Searchesnustalsoaccountfor larger peakshifts causecby
post-translationgpeptidemodi cations and mutations[22].
A commonsolutionis to addmodi ed copiesof eachspec-
trum to the databas¢31].This is calledthe virtual database
approach22]. Thereare200+known proteinmodi cations
[13], andthis methodsoonresultsin exponentialblowup of
databasssize due to combinatorialexplosion. This method
clearly doesnot scaleand linear scansbecomeeven more
unacceptableAs analternatve, Pevzneret al. [22, 22] pro-
posedan dynamicprogrammingdistancemeasure
that can matchtwo n-dimensionalspectrathat are up to
peakmodi cationsapart.In thecontext of currentapproaches
thatuselinearscanof largedatabasegsizeD), this measure
mustbe evaluatedfor every entryin the databasétotal time
compleity of ).

We proposeafastcoarseltering searchalgorithmfor pro-
tein identi cation that can alleviate mary of the problems
mentionedabove. A coarse lter screensout unlikely can-
didatesat early stagesn the searchthussaving unnecessary
comparisonsCoarse ltering algorithmshave beenapplied




successfullyto genomicdatabase§[30], [8]). In massspec-
tra basedproteinidenti cation, approacheghatcombinethe
virtual databaseapproachwith complex distancefunctions
similar to Pevzneret al. startto becomefeasiblein the pre-
senceof sublinearcoarse Itering. Scalablecoarse Itering
will resultin fastersearche®f larger databasedt mayalso
improve overallquality of searctby allowing theuseof more
discriminative, computationallyexpensve measuren the
reducecdcandidateset.

We present'coarse Itering- ne ranking'schemedor pro-
tein identi cation. Our searchmethodologyconsistsof a
coarseltering stagethatimprovesonthesharegeaksount,
followedby a postprocessingne-ranking stage We imple-
menta versionof ProFound's [32] Bayesiarscoringscheme
asan exampleof a ne lter. The coarse lter overcomes
thede cienciesof the sharedpeakscountwhile speedingip
thesearchThe ne rankingrankstheresultsreturnedby the
coarse Iter, attachinga probabilistic signi cance scoreto
eachreturnedresult. Thesystenmreportsthetop n matchess
computeddy the ne ltering rank.

Coarseltering algorithmdor genomedatalasehavetrad-
tionally drawn inspirationfrom text [12] andimageretrieval
[28]. We describea fastcoarse Itering searchmethodfor
proteomicsbasedon metric spaceindexing, leveragingthe
vectorspacemodelfrom informationretrieval. We represent
massspectraasvectorsof mass/chaye(m/z) valuescreating
a searchspacesimilar to sparsehigh dimensionaldocument
vectorspacesMatchingsimilarimagesis alsooftenaccom-
plishedby comparinghigh dimensionahistogramsf image
color (frequeng spectra)However, dueto thediscretenature
of bothm/zvaluesin massspectraandwordfrequeng values
in documenvectorstext retrieval wasa bettermotivationfor
this system.

We considerthree distancemeasuredor comparisonof
massspectra.The rst is derived from the cosinesimilarity
measureandadaptedo accounfor peakshiftsin experimen-
tal spectra.The second,fuzzy cosinedistancewith peptide
precursomassconstraintsachieves maximumreductionin
searchime.Wealsoinvestigatdhhammingdistanceonreduced
dimensionbooleanspectravectors.We presentan empirical
evaluationof thedifferentdistancdunctions basednretrie-
val time and accurayg of results.We showv that numberof
distancecalculationswerereducedto 0.2% of the database
size and the candidatesetfor ne ltering was reducedto
0.11%of theentiredatabase.

Metric spacendexing in highdimenrsiond spacsisdif cult
becaus@earesheighborandrangequery[6] algorithmshave
anexponentialdependengonthedimensiorof thespacq7].
Thisis known asthe curseof dimensionality{6]. In our case,
a semi-metricdistancefunctionis mosteffective at reducing
searchtime by effectively reducingthe intrinsic dimensio-
nality of the spaceWe nd thatsemi-metricsearche®n a
multiplevantagepoint(MVP) index treemaybeapproximate,
butachievebettersearctef ciency (pruning).Astheindexing

methodsenesasa coarselter , andthe speedups substan-
tial, the approximatenatureof the searchmay be acceptable
asmeasuredby recall-precisiorscores.

To summarizewe proposeafast,coarseltering searctfor
peptidefragmentatiorspectrallsingsemi-metricsearchesn
multiple vantagepointtreeswe shav substantiateductionin
searchcompleity over linear scanswhile maintainingqua-
lity of resultameasuredisingstandad predsion-recallscaes.
Our resultsareranked by animplementatiorof ProFound's
scoringscheme.

Section2 givesa brief overview of metric spaceindexing
and protein identi cation by massspectrometry Section3
detailsour distancefunctionsfor spectracomparison.Sec-
tion 4 introducessemi-metricsearcheon MVP trees,and
describesevaluation measuresfor the same. We present
experimentakesultsin Section5 andconcludein Section6.

2 RELATED WORK

A massspectrumis a histogramof constituentmassover
chage (m/z) ratiosof a setof moleculesIn bottom-uppro-
teomicsthespectrarederivedfrom peptidegeneratedrom
the enzymaticdigestionof a protein. The m/z value of each
peptideis measuredy a high precisionmassspectrometer
It hasbeenshown that givena sufcient numberof accura-
tely measuredn/z peaks,a proteincanbe identi ed within
acceptablestatisticalsigni cance scoreg[32]. Closelyrela-
ted to the peptidemass ngerprint (PMF) spectrum,is the
peptidefragmentationngerprint (PFF)spectrumTheindu-
cedfragmentatiorof a single peptideat the peptidebonds,
often via collision with inert gas, resultsin the fragmenta-
tion spectrum.Thusfewer, but more precise fragmentation
spectraanuniquelyidentify theprotein.However, especially
in MS/MS, automatedsearchesnustaccountfor calibration
errors,post-translationgleptidemodi cationsandmutations
whichintroducepeakshiftsinto the experimentakpectra.
Severalapproachew in silicoidenti cation usingMS have
beendescribedn theliterature.The simplestsimilarity mea-
surefor spectrais the SharedPeaksCount(SPC).A peakis
onemeasured/zvalueandtheintensityof occurenceUsing
SPCaloneasa measuref similarity introducesvariouspro-
blems.As alreadystated while SPCis anintuitive measure
of similarity, its accurag diminishesquickly in the presence
of peakshiftsdueto mutationsand/ormodi cations[22].
ProFound[32], MASCOT [21] and MS-FIT [9], popular
tools for protein identi cation using peptide mass nger-
printing, usestatisticalor probabilisticscoringschemeshat
improve on the sharedpeakscount. MASCOT andMS-FIT
arebasedon the MOWSE score[20]. MOWSE s a scoring
schemethat usesthe normalizeddistribution frequeny of
peptidesin the sequencalatabaseMASCOT reportsstati-
stical signi cance levels and expectvaluesfor the MOWSE
scoreProFoundusesa Bayesianscoringscheme ProFound




givesthe largestnumberof correctidenti cations asrepor
ted in a recentsurwey of the three systems[2]. Popular
toolsfor MS/MSidenti cation areTurboSEQJEST[31] and
MASCOT [21].

Pevzneret al [22] proposeda similarity measurdor frag-
mentationspectrausinga dynamicprogrammingalgorithm
( ), to identify spectrathat are at mostk modi cati-
ons/mutationsipart. Applying abandoptimizationtechnique
[26] ondynamicprogramminggouldreducegime compleity.
Bandoptimizationhasbeenfor matchinggenesequencefs]
andin speechiecognitionusingdynanic timewarping(DTW)
[25]. We believe our fuzzy cosinedistancesearchspaceis
very similar to the bandoptimizationsearchspace.We are
investigatinga proof of correctnesbasedn this fact.

2.1 Metric Spacelndexing

A non-ngative distancefunction
thefollowing conditionsis known asa metric.

thatsatis es

1. iff (identity)

2. (symmetry)

3. (triangle
inequality)

A metricspaceg(X, ) is de ned by anon-emptysetX anda
metricdistance . A distancdunctionthatsatis estheidentity
andsymmetryrequirement$ut failsthetriangleinequalityis
calledasemi-metricA distancdunctionthatsatis essymme-
try andthetriangleinequdity butfailstheidertity requirement
in onedirectionis calledapseudometricA functionwith both
thesepropertieds calleda semi-pseudometridn this paper
weusesemi-pseudometriaterchangeablwith semi-metric.
Objectsin (non-linear)metric spaceseednot have a geo-
metricalrepresentatiori,e, thereneednot be a zeropoint or
origin. In n-dimensionatealvectorspacesnobjectis apoint
in  spaceandhasageometrianeaninglf massspectraare
representedslistsof m/zvaluestheyforma  vectorspace.
Vectorspacedike  or evenBooleanspace , along
with distancemetricslikethe  norm(Minkowski distance

~) or thecosinesimilarity ( ) are

asubsebf metricspaces.

A rangequery on a metric spacewill returnall pointsu
of a given distancer from a query point g, suchthat D(u,
g) r. By leveragingthe triangleinequality anindex built
overametricspaceavoidsdistancecomputationsvith points
that are unlikely to be within radiusr of the query Metric
spaceindexing thus reducessearchtime by decreasinghe
numberof runtime distancecomputationsin a pivot based
index structurd6], thesearchspacas partitionednto disjoint
regions recursvely. In eachrecursion,one or more pivots
(vantage-poinor VP) are rst selectedThen,thedatapoints
arepartitionedinto two (or more)disjointbranchedasedn

their distancedrom the pivot(s). MVP-Trees[1] extendVP-
Treedhy increasinghenumberof disjointdatasetinto which
adatasets partitioned.

3 DISTANCE MEASURES FOR COMPARISON
OF MASS SPECTRA

In thissectionweintroducethreedistancdunctionsfor mass
spectraWe draw inspirationfrom the vectorspacemodelin
text retrieval andthesharegeaksountin massspectrometry
Documentarecommonlyrepresentedssparsehighdimen-
sionalvectors,wherethe  entry representa measureof
occurrence-frequeyofthe  word. We needdistancanea-
sureghatwill improveontheshaedpeakscount (by detectirg
smallandlargepeakshifts),andalsoactasgoodcoarselters.
We rst introducea vector spacedatarepresentatiorior
spectra,investigatingboth coarseresolutionand high reso-
lution vectors.We thende ne threedistancemeasureshat
aretheoreticallyable to accountfor peakshifts dueto both
calibrationerror and mutation/modi cation. We investigate
metricpropertiesof eachdistanceunctionin Section3.4.

3.1 Datarepresentation

A peptidefragmentatiorspectrums ahistogranof massover
chage(m/z) ratiosversusintensity It is commonpracticeto
useonly m/z peaklists, ignoringintensityinformation[22].
Givenam/zrangeof Dalton(Da) andresolutionof
representation Da, massspectracanthenbevisualized
assparsebooleanvectors,wherea nonzeroentry signi es a
peakatthatm/zvalue(or if theresolutionof representatiors
, thepresencef apeakin therangeof m/zvalues
representetlythe  dimension)Visualizingeachspectrum
asa booleanvectorallows usto reformulatethe problemas
ametricspacandexing problem.It mustbeemphasizedhat
thoughthis explanationdealswith equi-sizedoolearvectors
- theactualimplementatiordealswith non-boolearcompres-
sedvectorsusingm/z valuesdirectly. A x edlengthboolean
vectoranalogyis usefulhereasit allowsusto deliveadistance
functionusingprinciplesfrom documentetrieval.

A coarselter senestwo purposesto reduceghenumberof
distancecomputationsndbediscriminatve enoughto return
asmallrelevantresultsetAny combinatiorof datarepreseta-
tion anddistancemetricmustintuitively ensureghatwe count
peakdghatdiffer by known amounts.Peakshiftsdueto calibra-
tion erroraresmall,in therangeof 0-1Da,whereacommon
modi cationscancausdargepeakshiftsfrom 50-200Da. We
hypothesizehatthis peakshift canbe handledeitherby the
datarepresentationr by thedistancemetric.Section3.2des-
cribesa high resolution(high dimension)datarepresentation
with fuzzycosinedistances Section3.5 describesa coarse
resolution(low dimension)datarepresentatiowith anexact
HammingDistancedistancemetric.




3.2 FuzzyCosineDistance

We shaw thatthecosinesimilarity measurdrom text retrieval
canberewritten asalength-normalize@&haredPeak<Count.
Thenwe de ne a fuzzycosinemeasure and shav that by
varyingapeakmasdolerancdactor ~ , we canaccounfor
peakshifts.

Given a massspectrumP (a list of m/z value peaks)and
resolution0 < Da, de ne a high dimensional
boolearvectorS suchthat

otherwise
1)

Thesecondconditionensureghateachpeakin a spectrum
mapsto only onenon-zeroentry in S. The spectrumcanbe
visualizedasa booleanvectorin spaceN =

. For example,givenam/zrangeof 100-5000
Da and Da, we are looking at sparse 49,000
dimensionvectors.

Givenapeakmasstolerance, , suchthat ,
we cande ne range . SharedPeaksCount
within atolerancevindow, usingrangek, canthenbede ned
as

(@)

otherwise
3)
Again the secondcondition ensureghat one peakcanonly
countfor onematch- multiple matchesarenot allowed. We
obsene that for zero peaktolerance, , the shared
peakscountreducedo thedot producton booleanvectors.

(4)

Wealsonotethatcosinesimilarityisde nedasthenormalized
dot-productetweerntwo vectors.

()

istheL2 normovervectorA. Modifying Equation
, we de ne afuzzycosinesimilarity measure

where
5for

(6)

Finally, since a metric spaceindex requiresa distance
metric,we de ne fuzzy cosinedistanceastheinversecosine
of

(7

Given our booleanrepresentatiorof protein massspec-
tra, and sincea metric spaceis a generalizatiorof a vector
spacdg6], cosinedistancds oneobviouslyapplicablelistance

functionfor metric spacendexing of massspectraAnother
compellingreasonis the obsenation that the numeratorof

cosinedistanceor boolearvectorsis the sameasthe shared
peakscount.

3.3 TandemcCosineDistance

Tandencosinedistancecombinesuzzy cosinedistancewith
the precursomassof the querypeptide Peptideswvith vastly
differingprecursomassareunlikely to besimilar, areshould
be further apartin vectorspace.We factora corresponding
precursomasdifferencaerminto thefuzzy cosinedistance.
Giventwo peptidesequences, B andprecursomasses

; we de ne tandemcosinedistance as

(8)

is a distancefunction that computesabsolutediffe-

rencein precursomasswithin atolerancewindow. In order

to accountfor slightdifferencesn analyticalandexperimen-

tally measuregrecursomassweintroduceaprecursomass
toleranceactor, andde ne as

otherwise ©)

Therearetwo reasonswhy it is importantto include pre-
cursormassnto thedistanceunction. First, currentMS/MS
searchtools lter thedatabasen precursomassr stusinga
linear scanandthenapplymoreexpensvedistancaneasures.
Our goal is a sublinearcoarse Iter that combinesprecur
sor massand peaklist similarity into one distancefunction.
Secondtandemcosinedistancereducessearchtime drasti-
cally whencomparedo simplefuzzy cosinedistance- it is a
semi-metricanda bettercoarselter for reasongletailedin
Sectiord.

3.4 Metric propertiesof modi ed cosinedistances

Fuzzycosinedistances a semi-pseudometridistancefunc-

tion. As aconsequencef thetolerancevindow, fuzzy cosine
distancanaynotsatisfythetriangleinequalityandit maynot
alwayssatisfythe identity criterionin both directions(proof
omitted). By the additive propertyof metric spacestandem
cosinedistance, is alsoa semi-pseudometriSimilarly,

it canbe shown that is alsoa semi-pseudometric.

3.5 Hamming Distance

Hamming Distance is de ned as the cardinality of
XOR( ). Intuitively it countsthenumberof mismatched
peaksandis adistancanetric.Weuseanoverlappingvindow
to generateoarseresolutionboolearnvectors.If

is thewindow size,andS is thewindow overlapsize,sizeof
vectorV isN = . HereV[i] =1iff peakp,p

Thoughcoarseresolutionseducethe numberof distance
computations(indexing of low dimensionalvectorsis an




easieproblem) thenumberof resultsreturnedncreasesira-

stically with increasein window size. This is becausehe

probability of a randommatchincreaseswith coarsereso-
lutions. Sincetandemcosinedistancegave us bettersearch
ef ciency, thispapedoesotelaboatefurtheron coarserese

lution hammingdistancemethods.However, the approach
is promising,especiallywhenwe obsene thatusingcoarser
resolutiong100-200Da) is a simpleway of matchinglarger
peakshiftsfor detectingmutations/modi cations.

4 SEMI-METRIC SEARCH
4.1 Reducingtheintrinsic dimensionality

The dimensionalityof a spaceis not easilyde ned, especi-
ally for metricspacesAn alternatveis to de ne theintrinsic

dimensionality[6] as — where and arethemean
andvarianceof the histogramof pairwisedistancedetween
pointsin thespaceln otherwords,in aplot of pairwisedistan-
ces,alargemeanand/orlow variancempliesahighintrinsic

dimensionality
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Fig. 1. Pairwisedistancedistribution of databasdexactandfuzzy
cosinedistance)

Algorithmic performance degrades exponentially with
increasen intrinsic dimensionality This hasbeenreferredto
asthecurseofdimensionalityA gooddiscussiortanbefound
in ChavezandNavarro[6]. Dueto the high intrinsic dimen-
sionality of the searchspace an exact metric spacesolution
to our problemsuffers from the curseof dimensionalityand
is only slightly more ef cient thana linear scan.This phe-
nomenorhasalsobeenobsenedin documentvectorspaces
[27]. Pairwise distancehistogramsof exact cosinedistance
(Figure 1) shav a large meanandvarianceon massspectra
spacecorrespondingplots (Figure 1, Figure2)for fuzzy and
tandencosinedistancegsemi-metricsshov lowermeansA
semi-metriadistancefunctionactuallyhasthe effect of redu-
cing theintrinsic dimensionalityof the searchspace Having
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Fig. 2. Pairwise distancedistribution of databasdtandemcosine
distance)

justi ed thata semi-metricsearchmight be moresuitablein
this coarseltering application,it follows thata semi-metric
functionmustbeintegratedwith the metricspacandex.

4.2 Modifying the index for a semi-metric search

Givenapivot andaquery in ametricspacesearclhof
radiusr, we would pruneall points suchthat
(10)
A semimetricdistancdunctionfailsthetriangleinequality
by someamounik ( ). Inthis
caseCharezandNavarro[5] show that,theremayexist some
usuchthatd(q,u)+ k >r, butd(g,u)<t Thismeansomepoints
u may be incorrectlypruned.However, if we canboundthe
amountby which the triangleinequalitywill fail, the metric
spacandex equationcanbeadjustedto returnexactresults.
We brie y describethis procedurefor the caseof (multiple)
vantagepoint (MVP) index trees.In this case,for an exact
semi-metricsearchEquation10is modi ed to

(11)

For fuzzy cosinedistancewe canderive (proof omitted)a

very looseupperboundon , wheneverypeakin onevector

differsfromits correspondingnatchin theothervectorby the
peaktolerance

(12)

Ourhypothesigs thatusing in practicemightbeoverkill,
andislikelytoresultin alargenumberof falsepositvesdueto
consenative pruning.Using is amoreaggressie
pruningtechniqueln practicet is dif cult todeterminelrOL.
By using we theoreticallyrevertto
an approximatesearch.However, our resultsshov that by
choosinga suitablevalueof TOL, we cankeepthe precision
of resultsat 90%.Using givesnear90%precision,
while achieving 99%pruningof thedatabasdt will beuseful




Table 1. Databaseandtestsets

Test Database Testset Acceptable
Size Size Radius
SearchEfciency 137,349 14(E. coli) 1.82
SearchQuality 138,341 992 (Angiotensin-1l) 1.56
Scalability 653,882 14 (E. coli) 1.82

Databas@ndtestsetsizein termsof numberof spectra.
Table 2. Databaseandtestsets

to derive probabilisticboundsonthecorrectnessf thesearch
in thefuture.

4.3 Evaluation of Semi-Metric Searches

Recall(sensitiity) and Precision(speci city)are frequently
usedto measurethe quality of approximatesearcheslde-
ally, we wantto maximizeboth Precisionand Recall. Here
TP standgor numberof true positives,FN is the numberof
falsenegativesandFPis the numberof falsepositives.

(13)
(14)

5 RESULTS

This sectiondescribesour experimentalmethodologyand
results Weranrangeandk-nearesheighbomueriesonamul-
tiple vantagepointtreeindex structurenod ed toincorporate
semi-metricsearchesSection5.1 reportsSearchEf ciency
(Numberof distancecomputationsandsize of candidateset
atacceptableadii). Section5.2measurethequality of semi-
metricsearchyeportedusingRecall-Precisiomairs.Section
5.3reportsscalabilityresults.
Thedatabasandtestsetsusedor eachtestaresummarized
in Table2, alongwith acceptableadii for thattest.It is nearly
impossibleto acquireunambiguouslydenti ed spectradrom
a complex sample asthe only currentmeandor verifying a
protein's identity from a massspecanalysislies in software
whoseaccurag isstill underquestionWede ne 'correctness’
by comparingour top hit (after ne Itering) with thetop hit
from the TurboSEQJEST [31]. This high con denceresult
is expectedo becorrectbecausét alsohadhigh proteinand
peptideprobability scoresafter analysiswith ProteinProphet
and PeptideProphdil8, 14]. Thereseemso be goodjusti-
cation for trusting the ProteinProphetind PeptideProphet
probabilities.especiallyfor high probabilityidenti cations.
In all queriespur ne lter rankedthecorrectanswelasthe
top hit, with anidenti cation probability of > 99%in most
cases.The scoreshetweenrst andsecondranked peptides
differed by at leastthree ordersof magnitude(up to eight
ordersof magnitudein mary cases)We reportresultsat the

Table 3. Parameterdor theoreticaldigest
of E. coli proteins

Numberof Proteins 4824

m/z PeakTolerance 0.2Da
PrecursoMassTolerance 2.0Da
Chage State +1

lon States b,y
MissedCleavages 0

Enzyme Trypsin
MassRange 0-5000Da

radiusat which all 'correct' identi cations werereturnedby
thecoarselter.

5.1 Index performance
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Thissectioncompare$uzzycosinedistancetandenctosine
distanceandhammingdistancen termsof the averagenum-
ber of distancecomputationsandsize of candidateset. The
testdatabaseonsistedf the 4894 proteinsderivedfrom the
genomeof Escherichiacoli K12 (E. coli), a subsetof the
SWISSPRT databasdérom UNIPROT version45.0. These
proteinswere theoreticallydigestedinto 137,349predicted
spectra.The test set consistedof 14 experimentaltandem
massspectrahoserfromtheOpenProteomicPatabas§3,
accessiomumberopd00006 _ECOLIThedigestparameters
aregivenin Table3.

Tandemcosinedistanceperformsthe best- bothin terms
of percentagef databas¢hatis searchedndthe sizeof the
ltered resultsetFigure 3 shaws the percentag®f database
searchedor both cosinedistancebasedmeasuresFigures
4 shaws a linear increasen the numberof distancecompu-
tationsand the size of the candidatesetfor tandemcosine
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distance.Tandemcosinedistancesearchesbout0.22% of
the databasend returnsonly about0.1% of the database.
Fuzzy cosinedistance(Figure 5) performsworse, returning
lessthan0.003%of the databaseafter searchingalmost75%
of the databaseSimilar numbersfor Hammingdistanceare
shawvn in Figures6 and7. As mentionedn Section3.5, the
numberof resultsreturnedby a hammingdistanceindex is
very largeascomparedo thereductionin distancecomputa-
tions.Thoughthepercentagef thedatabassearchededuces
with increasdn window size, correctresultsare returnedat
largerradii, andthe sizeof the candidatesetremaindarge.

5.2 Accuracy

This sectiondescribegjuality measurement®r the approxi-
matesemi-metricsearchWereportrecall-precisiorscoregor
the Angiotensin-llbenchmarlusingtandemcosinedistance.
ExperimentalAngiotensin-llifragmentatiorspectraverecol-
lectedonthe LCQ DecaXP Plusion trapmassspectrometer
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running Xcalibur dataacquisitionsoftware. A total of 1000
MS2 scanswerecollected.The completeexperimentdetails
are available online [29]. The testdatabasevas createdby
adding992 Angiotensin-ll experimentalspectrainto the E.
coli databaselescribedn Section5.1..

Angiotensin-Ilis a set of 992 experimentally generated
spectrafrom the samepeptide.Eachspectrumin the bench-
markis different,but similar enoughto berecognizedasthe
samepeptide We plottedahistogranof pairwisedistancesn
the querysetandcomputedhe average(R=1.42)and maxi-
mum (R=1.56) query radii from this plot. We measurehe
ability of the distancemeasureo returnall 992 (recall) and
only 992 (precision)spectrgperquery

Figure8isarecall-precisiormplotfor differentdistancanea-
suresChoosinga'good' valuefor TOL (parameteby which
index equationsareadjustedmakestherecall-precisiorplot
nearideal.Recall,precision humberof distancegndnumber




Table 4. Angiotensin-ll benchmark: Tandem Cosine

Distance

Radius Recall Precision #Distances #Results
0.0 0.001 1.0 1345.0 1.004
0.5 0.001 1.0 1474.0 1.004
1.0 0.001 1.0 1475.0 1.034
1.42 0.5023 0.9962 1582.82  499.44
1.5 0.8537 0.9644 1587.0 878.39
156 0.9373 0.8751 1587.0 1067.26
1.6 1.0 0.7936 1587.0 1250.0
2.0 1.0 0.7708 1587.0 1286.98
3.0 1.0 0.7078 1691.0 1401.57
5.0 1.0 0.6124 1913.0 1619.85

AcceptableRadiusR = 1.56

0.8

0.6 | E

Precision

0.4 |

tcd —— .
ideal ---x--- w
MSCOS ---%---
0 1 1 1 1
0 0.2 0.4 0.6 0.8 1

Recall

Fig. 8. Recall-Precisiorurvesfor the Angiotensin-libenchmark

of resultsfor differentradii areshovn in Table4.At themaxi-
mum radius(R=1.56)for tandemcosinedistance precision
approache80%and95%recall Thisvalidateourassumption
thataggressie pruning, at the costof a theoreticallyappro-
ximate searchmight yield goodbene tsin termsof search
efciency.

5.3 Scalability of the coarse lter

The databaseconsistedof 653,882 predictedspectrafrom
4279 E. coli proteinsand 19821 Human proteins(datasets
availableonline at [19]). The testsetis the sameasusedin
Sectiorb.1.A serief differentsizedatabasewasbuilt from
thedatasetFor eachdatabasea setof k-NN queriesvasexe-
cutedwith k=100.Moreover, thequeryresultsareboundedy
aradius(R}othequeryobject. TheMVP treeimplementation
is partof MoBIloS [11], a specialpurposedatabasenanage-
mentsystenfor moleculabiology. Althoughin thisstudythe
systems main-memonpasedtheMVP-treeis organizedor
paginationto disk. Lik e thedepthof a B+ treein arelational
databasesystem,the MoBIoS MVP tree hasdiscontinuous

Fig. 9. Scalability: k-NN queries (k=100) shawving Number of
distancecomputationvarying with Databaseize

increasesn heightasthe databasgrows. Thus,the perfor
mancedegradesvery slowly, subjectto suddenincrements
whentheindex increaseseight(for examplefrom 300,00Q0
400,000) Figure9 shavsonly aslightincreasen theaverage
numberof distancecalculationsas databasesize increases.
Sincethe single correctanswerfor our applicationis deter
mined by the ne ranking phase,the topmosthit may not
be closestto the query especiallyas databasesize grows.
This behavior canbe counteredby empirically choosingan
appropriatevaluefor k.

6 DISCUSSION AND FUTURE WORK

We describecdh fastcoarseltering- ne rankingschemefor
peptidefragmentationspectrausing metric spaceindexing.
We shavedthata semi-metriduzzy cosinedistancewith pre-
cursormassconstraintsachieves maximalreductionin both
the numberof distancecomparisong0.2% of databaseand
thesizeof thecandidateset(0.11%of database)At accepta-
bleradii, wereportedd0%averageprecisiononal000protein
Angiotensin-llbenchmarkWe alsoshovedscalabilityof the
coarse Iter on k-NN querieson the modi ed MVP index.
A basicversionof the systemfor proteinidenti cation via
peptidemass ngerprinting is accessibl@nline [17].

We offered somesolutionsto the automaticdetectionof
mutationsand modi cations. The exponentialblowup, cau-
sedby addingextra theoreticallymodi ed spectrainto the
databasewill have lessdrasticeffectsin searchtime due
to a sublinearcoarse lter . Alternativesto the virtual data-
baseapproachare also mademore feasible. One possible
solutionto matchingmutations/modi cationds to derive a
distancemetric from Pevzner's dynamicprogrammingsimi-
larity measuralgorithmanduseit asthedistanceneasurdor
acoarselter - the compleity will be counteredby
sublineaisearclcomplexity. As mentionedn Sectior2, there
exists room for decreasinghe time compleity of Pevzner




et al's dynamicprogrammingapproachusing band optimi-
zationtechniqueg25]. Anotheralternatve, is to usecoarse
resolutionhammingdistancewith precursomassconstraints
to detectmutations/modi cationsThis would be similar to
increasinghetolerancavindow of fuzzy cosinedistance\We
believethateitherof thesecoarselters will returnacandidate
setthatis a supersetof Pae/zneret al!'s resultseandwe are
working on deriving a theoreticalbproof of this behaior.

We planto testour systemagainsidenti ed semi-comple
spectrafew of which arepublicly available[15, 24, 10]. We
wouldalsolik eto investigatehedirectintegrationof aproba-
bilistic rankingschemaewith theresultsreturnedoy theindex

[4].
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