
Pages 1–9

A fast coar se �ltering method for protein
identi�cation by mass spectr ometr y

Smriti R. Ramakrishnan
�

, Rui Mao
�

, Aleksey A. Nakorchevskiy
�

,
John T. Prince

�

, Willard S. Willard
�

, Weijia Xu
�

, Edward M.
Marcotte

�

, Daniel P. Miranker
�

�

Department of Computer Sciences, University of Texas at Austin,
�

Center for
Systems and Synthetic Biology, Institute for Cellular and Molecular Biology, University
of Texas at Austin, � Department of Chemistry and Biochemistry, University of Texas at
Austin

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 spectra in
this reduced set using ProFound's Bayesian scoring scheme.
Ideally,the complexity of the coarse �lter 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-II 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
Proteomicsexperimentsareoftenhinderedby thecomputa-
tionalexpenseof proteinidenti�cation via databaselookupof
peptidefragmentationspectra.For example,typical analyses
of anLC/LC/MS/MSexperimentaldatasetusingthepopular
Bioworksprogram(ThermoFinnegan)on a singleprocessor
takeson theorderof half a dayof computationtime. As this

is comparableto the time requiredfor datacollection, the
computationeffectively doublesthesampleanalysistime.

High throughputmethodsfor in silico identi�cation of frag-
mentationspectra(tandemspectraor MS/MS spectra)are
becomingincreasinglyimportant,dueto fastgrowing protein
andgenesequencedatabases.Mosttoolstodayemploy linear
scansof large databases(usinglinear �lters on queryback-
groundinformationwhenavailable, to reducesearchtime).
The searchhits areapproximateandonly meaningfulwhen
rankedby a probabilisticor statisticalsigni�cance/relevance
score[31, 16, 21]

Thereareseveralreasonswhyevenapproximatemassspec-
trasearchesarecomputationallyexpensive.A naivesimilarity
measureis theSharedPeaksCount(SPC)-a countof com-
monm/z valuesbetweentwo spectra.SPCdoesnot account
for small peakshifts intrinsic to massspectradue to mea-
surementand calibration error of the massspectrometer.
Searchesmustalsoaccountfor largerpeakshifts causedby
post-translationalpeptidemodi�cations andmutations[22].
A commonsolutionis to addmodi�ed copiesof eachspec-
trum to thedatabase[31].This is calledthevirtual database
approach[22]. Thereare200+known proteinmodi�cations
[13], andthis methodsoonresultsin exponentialblowup of
databasesizedue to combinatorialexplosion. This method
clearly doesnot scaleand linear scansbecomeeven more
unacceptable.As an alternative, Pevzneret al. [22, 22] pro-
posedan ���
	���
�� dynamicprogrammingdistancemeasure
that can matchtwo n-dimensionalspectrathat are up to 


peakmodi�cationsapart.In thecontext of currentapproaches
thatuselinearscansof largedatabases(sizeD), thismeasure
mustbeevaluatedfor every entry in thedatabase(total time
complexity of ���
	���
���� ).

Weproposeafastcoarse�ltering searchalgorithmfor pro-
tein identi�cation that can alleviate many of the problems
mentionedabove. A coarse�lter screensout unlikely can-
didatesat earlystagesin thesearch,thussaving unnecessary
comparisons.Coarse�ltering algorithmshave beenapplied
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successfullyto genomicdatabases( [30], [8]). In massspec-
tra basedproteinidenti�cation, approachesthatcombinethe
virtual databaseapproachwith complex distancefunctions
similar to Pevzneret al. start to becomefeasiblein thepre-
senceof sublinearcoarse�ltering. Scalablecoarse�ltering
will resultin fastersearchesof largerdatabases.It mayalso
improveoverallqualityof searchby allowing theuseof more
discriminative, computationallyexpensive measureson the
reducedcandidateset.

Wepresenta 'coarse�ltering-�ne ranking'schemefor pro-
tein identi�cation. Our searchmethodologyconsistsof a
coarse�ltering stagethatimprovesonthesharedpeakscount,
followedby a postprocessing�ne-ranking stage.We imple-
menta versionof ProFound's [32] Bayesianscoringscheme
as an exampleof a �ne �lter . The coarse�lter overcomes
thede�cienciesof thesharedpeakscountwhile speedingup
thesearch.The�ne rankingrankstheresultsreturnedby the
coarse�lter , attachinga probabilisticsigni�cance scoreto
eachreturnedresult.Thesystemreportsthetopn matchesas
computedby the�ne �ltering rank.

Coarse�ltering algorithmsfor genomedatabaseshavetradi-
tionally drawn inspirationfrom text [12] andimageretrieval
[28]. We describea fast coarse�ltering searchmethodfor
proteomicsbasedon metric spaceindexing, leveragingthe
vectorspacemodelfrom informationretrieval. We represent
massspectraasvectorsof mass/charge(m/z)values,creating
a searchspacesimilar to sparsehigh dimensionaldocument
vectorspaces.Matchingsimilar imagesis alsooftenaccom-
plishedby comparinghigh dimensionalhistogramsof image
color(frequency spectra).However, dueto thediscretenature
of bothm/zvaluesin massspectraandwordfrequency values
in documentvectors,text retrievalwasabettermotivationfor
thissystem.

We considerthree distancemeasuresfor comparisonof
massspectra.The �rst is derived from the cosinesimilarity
measure,andadaptedto accountfor peakshiftsin experimen-
tal spectra.The second,fuzzy cosinedistancewith peptide
precursormassconstraints,achievesmaximumreductionin
searchtime.Wealsoinvestigatehammingdistanceonreduced
dimensionbooleanspectravectors.We presentanempirical
evaluationof thedifferentdistancefunctions,basedonretrie-
val time and accuracy of results.We show that numberof
distancecalculationswerereducedto 0.2% of the database
size and the candidateset for �ne �ltering was reducedto
0.11%of theentiredatabase.

Metricspaceindexing in highdimensional spacesisdif�cult
becausenearestneighborandrangequery[6] algorithmshave
anexponentialdependency onthedimensionof thespace[7].
This is known asthecurseof dimensionality[6]. In ourcase,
a semi-metricdistancefunctionis mosteffective at reducing
searchtime by effectively reducingthe intrinsic dimensio-
nality of the space.We �nd that semi-metricsearcheson a
multiplevantagepoint(MVP) index treemaybeapproximate,
butachievebettersearchef�ciency (pruning).As theindexing

methodservesasa coarse�lter , andthespeedupis substan-
tial, theapproximatenatureof thesearchmaybeacceptable
asmeasuredby recall-precisionscores.

To summarize,weproposeafast,coarse�ltering searchfor
peptidefragmentationspectra.Usingsemi-metricsearcheson
multiplevantagepointtrees,weshow substantialreductionin
searchcomplexity over linearscans,while maintainingqua-
lity of resultsmeasuredusingstandardprecision-recallscores.
Our resultsareranked by an implementationof ProFound's
scoringscheme.

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

2 RELATED WORK
A massspectrumis a histogramof constituentmassover
charge(m/z) ratiosof a setof molecules.In bottom-uppro-
teomics,thespectraarederivedfrompeptidesgeneratedfrom
theenzymaticdigestionof a protein.Them/z valueof each
peptideis measuredby a high precisionmassspectrometer.
It hasbeenshown that given a suf�cient numberof accura-
tely measuredm/z peaks,a proteincanbe identi�ed within
acceptablestatisticalsigni�cance scores[32]. Closely rela-
ted to the peptidemass�ngerprint (PMF) spectrum,is the
peptidefragmentation�ngerprint (PFF)spectrum.Theindu-
cedfragmentationof a singlepeptideat the peptidebonds,
often via collision with inert gas, resultsin the fragmenta-
tion spectrum.Thusfewer, but moreprecise,fragmentation
spectracanuniquelyidentify theprotein.However, especially
in MS/MS, automatedsearchesmustaccountfor calibration
errors,post-translationalpeptidemodi�cationsandmutations
which introducepeakshiftsinto theexperimentalspectra.

Severalapproachesto in silico identi�cation usingMShave
beendescribedin theliterature.Thesimplestsimilarity mea-
surefor spectrais theSharedPeaksCount(SPC).A peakis
onemeasuredm/zvalueandtheintensityof occurrence.Using
SPCaloneasa measureof similarity introducesvariouspro-
blems.As alreadystated,while SPCis an intuitive measure
of similarity, its accuracy diminishesquickly in thepresence
of peakshiftsdueto mutationsand/ormodi�cations[22].

ProFound[32], MASCOT [21] andMS-FIT [9], popular
tools for protein identi�cation using peptidemass�nger-
printing, usestatisticalor probabilisticscoringschemesthat
improve on the sharedpeakscount.MASCOT andMS-FIT
arebasedon theMOWSE score[20]. MOWSE is a scoring
schemethat usesthe normalizeddistribution frequency of
peptidesin the sequencedatabase.MASCOT reportsstati-
stical signi�cancelevelsandexpectvaluesfor theMOWSE
scoreProFoundusesa Bayesianscoringscheme.ProFound
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givesthe largestnumberof correctidenti�cations asrepor-
ted in a recent survey of the three systems[2]. Popular
toolsfor MS/MSidenti�cation areTurboSEQUEST[31] and
MASCOT [21].

Pevzneret al [22] proposeda similarity measurefor frag-
mentationspectra,usinga dynamicprogrammingalgorithm
( ��� 	 � 
�� ), to identify spectrathat areat mostk modi�cati-
ons/mutationsapart.Applying abandoptimizationtechnique
[26] ondynamicprogramming,couldreducetimecomplexity.
Bandoptimizationhasbeenfor matchinggenesequences[3]
andin speechrecognitionusingdynamic timewarping(DTW)
[25]. We believe our fuzzy cosinedistancesearchspaceis
very similar to the bandoptimizationsearchspace.We are
investigatinga proofof correctnessbasedon this fact.

2.1 Metric SpaceIndexing
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A metricspace(X, � ) is de�ned by a non-emptysetX anda
metricdistance� .A distancefunctionthatsatis�estheidentity
andsymmetryrequirementsbut fails thetriangleinequalityis
calledasemi-metric. A distancefunctionthatsatis�essymme-
try andthetriangleinequality but failstheidentity requirement
in onedirectioniscalledapseudometric. A functionwith both
thesepropertiesis calleda semi-pseudometric.In this paper,
weusesemi-pseudometricinterchangeablywith semi-metric.

Objectsin (non-linear)metricspacesneednot have a geo-
metricalrepresentation,i.e, thereneednot bea zeropoint or
origin. In n-dimensionalrealvectorspacesanobjectisapoint
in ��� spaceandhasageometricmeaning.If massspectraare
representedaslistsof m/zvalues,they forma �

�
vectorspace.

Vectorspaceslike �
�

or evenBooleanspace�

�


�� �
�
, along

with distancemetricslike the  �! norm(Minkowski distance
" #�$&% '

$)(+*,$

%

!.-�/

0 ) or thecosinesimilarity ( 13254

2�6 7829

1
2

4,:

2

1
2

7

:

2

) are

asubsetof metricspaces.
A rangequery on a metric spacewill return all points u

of a given distancer from a query point q, suchthat D(u,
q) ; r. By leveragingthe triangleinequality, an index built
overametricspaceavoidsdistancecomputationswith points
that are unlikely to be within radiusr of the query. Metric
spaceindexing thus reducessearchtime by decreasingthe
numberof runtimedistancecomputations.In a pivot based
index structure[6], thesearchspaceispartitionedintodisjoint
regions recursively. In eachrecursion,one or more pivots
(vantage-pointor VP) are�rst selected.Then,thedatapoints
arepartitionedinto two (or more)disjointbranchesbasedon

their distancesfrom thepivot(s).MVP-Trees[1] extendVP-
Treesby increasingthenumberof disjointdatasetsintowhich
adatasetis partitioned.

3 DISTANCE MEASURES FOR COMPARISON
OF MASS SPECTRA

In thissection,weintroducethreedistancefunctionsfor mass
spectra.We draw inspirationfrom thevectorspacemodelin
text retrievalandthesharedpeakscountin massspectrometry.
Documentsarecommonlyrepresentedassparse,highdimen-
sionalvectors,wherethe <

��=

entry representsa measureof
occurrence-frequencyof the <

��=

word.Weneeddistancemea-
suresthatwill improveonthesharedpeakscount(by detecting
smallandlargepeakshifts),andalsoactasgoodcoarse�lters.

We �rst introducea vector spacedatarepresentationfor
spectra,investigatingboth coarseresolutionandhigh reso-
lution vectors.We thende�ne threedistancemeasuresthat
aretheoreticallyableto accountfor peakshifts dueto both
calibrationerror and mutation/modi�cation.We investigate
metricpropertiesof eachdistancefunctionin Section3.4.

3.1 Data representation
A peptidefragmentationspectrumisahistogramof massover
charge(m/z) ratiosversusintensity. It is commonpracticeto
useonly m/z peaklists, ignoring intensityinformation[22].
Givenam/zrangeof
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>

�

- Dalton(Da)andresolutionof
representation

>@?

��A Da,massspectracanthenbevisualized
assparsebooleanvectors,wherea nonzeroentrysigni�es a
peakat thatm/zvalue(or if theresolutionof representationis

>B?

�CAED

�	F

�

, thepresenceof apeakin therangeof m/zvalues
representedby the <

��=

dimension).Visualizingeachspectrum
asa booleanvectorallows us to reformulatetheproblemas
ametricspaceindexing problem.It mustbeemphasizedthat
thoughthisexplanationdealswith equi-sizedbooleanvectors
- theactualimplementationdealswith non-booleancompres-
sedvectorsusingm/zvaluesdirectly. A �x edlengthboolean
vectoranalogyisusefulhereasit allowsustoderiveadistance
functionusingprinciplesfrom documentretrieval.

A coarse�lter servestwopurposes:to reducethenumberof
distancecomputationsandbediscriminativeenoughto return
asmallrelevantresultset.Any combinationof datarepresenta-
tion anddistancemetricmustintuitively ensurethatwecount
peaksthatdifferbyknownamounts.Peakshiftsduetocalibra-
tion erroraresmall,in therangeof 0-1Da,whereascommon
modi�cationscancauselargepeakshiftsfrom50-200Da.We
hypothesizethat this peakshift canbehandledeitherby the
datarepresentationor by thedistancemetric.Section3.2des-
cribesa high resolution(highdimension)datarepresentation
with fuzzycosinedistances.Section3.5 describesa coarse
resolution(low dimension)datarepresentationwith anexact
HammingDistancedistancemetric.
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3.2 FuzzyCosineDistance
Weshow thatthecosinesimilarity measurefromtext retrieval
canberewrittenasa length-normalizedSharedPeaksCount.
Then we de�ne a fuzzycosinemeasure,and show that by
varyingapeakmasstolerancefactor, �

��A , wecanaccountfor
peakshifts.

Given a massspectrumP (a list of m/z valuepeaks)and
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Thesecondconditionensuresthateachpeakin a spectrum
mapsto only onenon-zeroentry in S. The spectrumcanbe
visualizedasa booleanvectorin �
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Again the secondconditionensuresthat onepeakcanonly
countfor onematch- multiple matchesarenot allowed.We
observe that for zeropeaktolerance,�
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A
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, the shared
peakscountreducesto thedotproductonbooleanvectors.
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Wealsonotethatcosinesimilarity isde�nedasthenormalized
dot-productbetweentwo vectors.
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is theL2 normovervectorA. Modifying Equation
5 for �
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A
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Finally, since a metric spaceindex requiresa distance
metric,we de�ne fuzzy cosinedistanceastheinversecosine
of

�10325�
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�10325�
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Given our booleanrepresentationof protein massspec-
tra, andsincea metric spaceis a generalizationof a vector
space[6], cosinedistanceisoneobviouslyapplicabledistance

functionfor metricspaceindexing of massspectra.Another
compellingreasonis the observation that the numeratorof
cosinedistancefor booleanvectorsis thesameastheshared
peakscount.

3.3 TandemCosineDistance
Tandemcosinedistancecombinesfuzzycosinedistancewith
theprecursormassof thequerypeptide.Peptideswith vastly
differingprecursormassareunlikely to besimilar, areshould
be further apartin vectorspace.We factora corresponding
precursormassdifferenceterminto thefuzzycosinedistance.
Giventwo peptidesequencesA, B andprecursormasses

>?>

,
>A@

; we de�ne tandemcosinedistance�

��BDC as

�

��BDC

�=� 
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��A
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��� 
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� !

� is a distancefunction that computesabsolutediffe-
rencein precursormasswithin a tolerancewindow. In order
to accountfor slightdifferencesin analyticalandexperimen-
tally measuredprecursormass,weintroduceaprecursormass
tolerancefactor, �

!

� andde�ne �
!

� as

� !

�
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otherwise
(9)

Therearetwo reasonswhy it is importantto includepre-
cursormassinto thedistancefunction.First,currentMS/MS
searchtools�lter thedatabaseonprecursormass�r st usinga
linear scanandthenapplymoreexpensivedistancemeasures.
Our goal is a sublinearcoarse�lter that combinesprecur-
sor massandpeaklist similarity into onedistancefunction.
Second,tandemcosinedistancereducessearchtime drasti-
cally whencomparedto simplefuzzycosinedistance- it is a
semi-metricanda bettercoarse�lter for reasonsdetailedin
Section4.

3.4 Metric propertiesof modi�ed cosinedistances
Fuzzycosinedistanceis a semi-pseudometricdistancefunc-
tion.As aconsequenceof thetolerancewindow, fuzzycosine
distancemaynotsatisfythetriangleinequalityandit maynot
alwayssatisfythe identity criterion in bothdirections(proof
omitted).By theadditive propertyof metricspaces,tandem
cosinedistance,�

��BDC is alsoa semi-pseudometric.Similarly,
it canbeshown that �

!

� is alsoasemi-pseudometric.

3.5 Hamming Distance
Hamming Distance is de�ned as the cardinality of
XOR(I

�

�I

�

). Intuitively it countsthenumberof mismatched
peaks,andisadistancemetric.Weuseanoverlappingwindow
to generatecoarseresolutionbooleanvectors.If
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Thoughcoarserresolutionsreducethenumberof distance

computations(indexing of low dimensionalvectors is an
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easierproblem),thenumberof resultsreturnedincreasesdra-
stically with increasein window size. This is becausethe
probability of a randommatchincreaseswith coarserreso-
lutions. Sincetandemcosinedistancegave us bettersearch
ef�ciency, thispaperdoesnotelaboratefurtheroncoarsereso-
lution hammingdistancemethods.However, the approach
is promising,especiallywhenwe observe thatusingcoarser
resolutions(100-200Da) is a simpleway of matchinglarger
peakshiftsfor detectingmutations/modi�cations.

4 SEMI-METRIC SEARCH

4.1 Reducingthe intrinsic dimensionality
The dimensionalityof a spaceis not easilyde�ned, especi-
ally for metricspaces.An alternativeis to de�ne theintrinsic
dimensionality[6] as �3���

:

�

�

:

where � and � � arethemean
andvarianceof thehistogramof pairwisedistancesbetween
pointsin thespace.In otherwords,in aplotof pairwisedistan-
ces,a largemeanand/orlow varianceimpliesahigh intrinsic
dimensionality.
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Algorithmic performancedegrades exponentially with
increasein intrinsicdimensionality. Thishasbeenreferredto
asthecurseofdimensionality.A gooddiscussioncanbefound
in ChavezandNavarro[6]. Dueto thehigh intrinsic dimen-
sionalityof thesearchspace,anexactmetricspacesolution
to our problemsuffers from thecurseof dimensionalityand
is only slightly moreef�cient thana linear scan.This phe-
nomenonhasalsobeenobservedin documentvectorspaces
[27]. Pairwisedistancehistogramsof exact cosinedistance
(Figure1) show a large meanandvarianceon massspectra
space,correspondingplots(Figure1, Figure2)for fuzzy and
tandemcosinedistances(semi-metrics)show lowermeans.A
semi-metricdistancefunctionactuallyhastheeffectof redu-
cing theintrinsic dimensionalityof thesearchspace.Having
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justi�ed thata semi-metricsearchmight bemoresuitablein
this coarse�ltering application,it follows thata semi-metric
functionmustbeintegratedwith themetricspaceindex.

4.2 Modifying the index for a semi-metricsearch
Givenapivot
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�� � in ametricspacesearchof
radiusr, we wouldpruneall points 	 suchthat
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A semimetricdistancefunctionfailsthetriangleinequality,
bysomeamountk ( 
 ��� 
�
 � � 
 ��
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 �H
 ��� 
�� � ). In this
case,ChavezandNavarro[5] show that,theremayexist some
usuchthatd(q,u)+ k >r, butd(q,u)<r. Thismeanssomepoints
u maybe incorrectlypruned.However, if we canboundthe
amountby which the triangleinequalitywill fail, themetric
spaceindex equationscanbeadjustedto returnexactresults.
We brie�y describethis procedurefor thecaseof (multiple)
vantagepoint (MVP) index trees.In this case,for an exact
semi-metricsearch,Equation10 is modi�ed to
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For fuzzy cosinedistance,we canderive (proof omitted)a
very looseupperboundon � , wheneverypeakin onevector
differsfrom itscorrespondingmatchin theothervectorby the
peaktolerance�
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Ourhypothesisis thatusing � in practicemightbeoverkill,
andis likely toresultin alargenumberof falsepositivesdueto
conservativepruning.Using � �  ;�� is a moreaggressive
pruningtechnique.In practiceit isdif�cult todetermineTOL.
By using � �  � �

�
A

� �
!

�

;�� we theoreticallyrevert to
an approximatesearch.However, our resultsshow that by
choosinga suitablevalueof TOL, we cankeeptheprecision
of resultsat90%.Using � �  ;�� givesnear90%precision,
whileachieving99%pruningof thedatabase.It will beuseful
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Table 1. Databasesandtestsets

Test Database Testset Acceptable
Size Size Radius

SearchEf�ciency 137,349 14 (E. coli) 1.82
SearchQuality 138,341 992(Angiotensin-II) 1.56
Scalability 653,882 14 (E. coli) 1.82

Databaseandtestsetsizein termsof numberof spectra.
Table 2. Databasesandtestsets

to deriveprobabilisticboundsonthecorrectnessof thesearch
in thefuture.

4.3 Evaluation of Semi-Metric Searches
Recall(sensitivity) and Precision(speci�city)are frequently
usedto measurethe quality of approximatesearches.Ide-
ally, we want to maximizeboth PrecisionandRecall.Here
TP standsfor numberof truepositives,FN is thenumberof
falsenegativesandFPis thenumberof falsepositives.
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5 RESULTS
This sectiondescribesour experimentalmethodologyand
results.Weranrangeandk-nearestneighborqueriesonamul-
tiplevantagepointtreeindex structuremodi�ed to incorporate
semi-metricsearches.Section5.1 reportsSearchEf�ciency
(Numberof distancecomputationsandsizeof candidateset
atacceptableradii).Section5.2measuresthequalityof semi-
metricsearch,reportedusingRecall-Precisionpairs.Section
5.3reportsscalabilityresults.

Thedatabaseandtestsetsusedfor eachtestaresummarized
in Table2,alongwith acceptableradii for thattest.It is nearly
impossibleto acquireunambiguouslyidenti�ed spectrafrom
a complex sample,astheonly currentmeansfor verifying a
protein's identity from a massspecanalysislies in software
whoseaccuracy isstill underquestion.Wede�ne 'correctness'
by comparingour top hit (after�ne �ltering) with thetophit
from the TurboSEQUEST[31]. This high con�denceresult
is expectedto becorrectbecauseit alsohadhighproteinand
peptideprobabilityscoresafteranalysiswith ProteinProphet
andPeptideProphet[18, 14]. Thereseemsto be goodjusti-
�cation for trusting the ProteinProphetand PeptideProphet
probabilities,especiallyfor highprobabilityidenti�cations.

In all queries,our�ne �lter rankedthecorrectanswerasthe
top hit, with an identi�cation probability of > 99% in most
cases.The scoresbetween�rst andsecondranked peptides
differed by at least threeordersof magnitude(up to eight
ordersof magnitudein many cases).We reportresultsat the

Table 3. Parametersfor theoreticaldigest
of E. coli proteins

Numberof Proteins 4824
m/zPeakTolerance 0.2Da
PrecursorMassTolerance 2.0Da
ChargeState +1
Ion States b, y
MissedCleavages 0
Enzyme Trypsin
MassRange 0-5000Da

radiusat which all 'correct' identi�cationswerereturnedby
thecoarse�lter .

5.1 Index performance
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Fig. 3. TandemCosineDistanceVsFuzzyCosineDistance:Percent
of databasesearchedat acceptableradii R

Thissectioncomparesfuzzycosinedistance,tandemcosine
distanceandhammingdistancein termsof theaveragenum-
ber of distancecomputationsandsizeof candidateset.The
testdatabaseconsistedof the4894proteinsderivedfrom the
genomeof Escherichiacoli K12 (E. coli), a subsetof the
SWISSPROT databasefrom UNIPROT version45.0.These
proteinswere theoreticallydigestedinto 137,349predicted
spectra.The test set consistedof 14 experimentaltandem
massspectrachosenfromtheOpenProteomicsDatabase[23],
accessionnumberopd00006_ECOLI.Thedigestparameters
aregivenin Table3.

Tandemcosinedistanceperformsthe best- both in terms
of percentageof databasethat is searchedandthesizeof the
�ltered resultset.Figure3 shows thepercentageof database
searchedfor both cosinedistancebasedmeasures.Figures
4 shows a linear increasein thenumberof distancecompu-
tationsand the size of the candidateset for tandemcosine
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distance.Tandemcosinedistancesearchesabout0.22%of
the databaseand returnsonly about0.1% of the database.
Fuzzycosinedistance(Figure5) performsworse,returning
lessthan0.003%of thedatabaseaftersearchingalmost75%
of the database.Similar numbersfor Hammingdistanceare
shown in Figures6 and7. As mentionedin Section3.5, the
numberof resultsreturnedby a hammingdistanceindex is
very largeascomparedto thereductionin distancecomputa-
tions.Thoughthepercentageof thedatabasesearchedreduces
with increasein window size,correctresultsarereturnedat
largerradii, andthesizeof thecandidatesetremainslarge.

5.2 Accuracy
Thissectiondescribesqualitymeasurementsfor theapproxi-
matesemi-metricsearch.Wereportrecall-precisionscoresfor
theAngiotensin-IIbenchmarkusingtandemcosinedistance.
ExperimentalAngiotensin-IIfragmentationspectrawerecol-
lectedon theLCQ DecaXP Plusion trapmassspectrometer
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Distance,Database=137,349spectra)
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runningXcalibur dataacquisitionsoftware.A total of 1000
MS2 scanswerecollected.Thecompleteexperimentdetails
areavailableonline [29]. The testdatabasewascreatedby
adding992 Angiotensin-IIexperimentalspectrainto the E.
coli databasedescribedin Section5.1..

Angiotensin-II is a set of 992 experimentallygenerated
spectrafrom thesamepeptide.Eachspectrumin thebench-
markis different,but similar enoughto berecognizedasthe
samepeptide.Weplottedahistogramof pairwisedistanceson
thequerysetandcomputedtheaverage(R=1.42)andmaxi-
mum (R=1.56)query radii from this plot. We measurethe
ability of thedistancemeasureto returnall 992 (recall) and
only 992(precision)spectraperquery.

Figure8 isarecall-precisionplot for differentdistancemea-
sures.Choosinga 'good' valuefor TOL (parameterby which
index equationsareadjusted)makestherecall-precisionplot
nearideal.Recall,precision,numberof distancesandnumber
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Table 4. Angiotensin-II 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

1.56 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
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Fig. 8. Recall-Precisioncurvesfor theAngiotensin-IIbenchmark

of resultsfor differentradii areshown in Table4.At themaxi-
mum radius(R=1.56)for tandemcosinedistance,precision
approaches90%and95%recall.Thisvalidatesourassumption
thataggressive pruning,at thecostof a theoreticallyappro-
ximatesearch,might yield goodbene�ts in termsof search
ef�ciency.

5.3 Scalability of the coarse�lter
The databaseconsistedof 653,882predictedspectrafrom
4279 E. coli proteinsand 19821Humanproteins(datasets
availableonline at [19]). The testset is the sameasusedin
Section5.1.A seriesof differentsizedatabaseswasbuilt from
thedataset.For eachdatabase,asetof k-NN querieswasexe-
cutedwith k=100.Moreover, thequeryresultsareboundedby
aradius(R)to thequeryobject.TheMVP treeimplementation
is partof MoBIoS [11], a specialpurposedatabasemanage-
mentsystemfor molecularbiology. Althoughin thisstudythe
systemis main-memorybased,theMVP-treeis organizedfor
paginationto disk.Like thedepthof a B+ treein a relational
databasesystem,the MoBIoS MVP tree hasdiscontinuous

Fig. 9. Scalability: k-NN queries(k=100) showing Number of
distancecomputationsvaryingwith DatabaseSize

increasesin heightasthe databasegrows. Thus,the perfor-
mancedegradesvery slowly, subjectto suddenincrements
whentheindex increasesheight(for examplefrom300,000to
400,000).Figure9 showsonlyaslight increasein theaverage
numberof distancecalculationsas databasesize increases.
Sincethe singlecorrectanswerfor 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 describeda fastcoarse�ltering-�ne rankingschemefor
peptidefragmentationspectrausing metric spaceindexing.
Weshowedthatasemi-metricfuzzycosinedistancewith pre-
cursormassconstraintsachievesmaximalreductionin both
thenumberof distancecomparisons(0.2%of database)and
thesizeof thecandidateset(0.11%of database).At accepta-
bleradii,wereported90%averageprecisionona1000protein
Angiotensin-IIbenchmark.Wealsoshowedscalabilityof the
coarse�lter on k-NN querieson the modi�ed MVP index.
A basicversionof the systemfor protein identi�cation via
peptidemass�ngerprinting is accessibleonline[17].

We offered somesolutionsto the automaticdetectionof
mutationsandmodi�cations. The exponentialblowup, cau-
sedby addingextra theoreticallymodi�ed spectrainto the
database,will have lessdrasticeffects in searchtime due
to a sublinearcoarse�lter . Alternatives to the virtual data-
baseapproachare also mademore feasible. One possible
solution to matchingmutations/modi�cationsis to derive a
distancemetric from Pevzner's dynamicprogrammingsimi-
larity measurealgorithmanduseit asthedistancemeasurefor
a coarse�lter - the ��� 	 ��
�� complexity will be counteredby
sublinearsearchcomplexity. Asmentionedin Section2, there
exists room for decreasingthe time complexity of Pevzner
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et al.'s dynamicprogrammingapproachusingbandoptimi-
zationtechniques[25]. Anotheralternative, is to usecoarse
resolutionhammingdistancewith precursormassconstraints
to detectmutations/modi�cations.This would be similar to
increasingthetolerancewindow of fuzzycosinedistance.We
believethateitherof thesecoarse�lters will returnacandidate
setthat is a supersetof Pevzneret al.'s resultsetandwe are
workingonderiving a theoreticalproofof thisbehavior.

We planto testoursystemagainstidenti�ed semi-complex
spectra,few of which arepublicly available[15, 24, 10]. We
wouldalsoliketo investigatethedirectintegrationof aproba-
bilistic rankingschemewith theresultsreturnedby theindex
[4].
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