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ABSTRACT
Proteomics, or the direct analysis of the expressed

protein components of a cell, is critical to our under-
standing of cellular biological processes in normal and
diseased tissue. A key requirement for its success is the
ability to identify proteins in complex mixtures. Recent
technological advances in tandem mass spectrometry
has made it the method of choice for high-throughput
identification of proteins. Unfortunately, the software
for unambiguously identifying peptide sequences has
not kept pace with the recent hardware improvements
in mass spectrometry instruments. Critical for reliable
high-throughput protein identification, scoring functions
evaluate the quality of a match between experimental
spectra and a database peptide. Current scoring function
technology relies heavily on ad-hoc parameterization and
manual curation by experienced mass spectrometrists.
In this work, we propose a two-stage stochastic model
for the observed MS/MS spectrum, given a peptide. Our
model explicitly incorporates fragment ion probabilities,
noisy spectra, and instrument measurement error. We
describe how to compute this probability based score
efficiently, using a dynamic programming technique. A
prototype implementation demonstrates the effectiveness
of the model.
Contact: Vineet.Bafna@Celera.Com

INTRODUCTION
Proteomics,or thedirectanalysisof theexpressedprotein
componentsof a cell, is critical to our understanding
of cellular biological processes.A comparisonof the
expressedproteinsin normal versusdiseasedtissuecan
provide key insights into the action and effects of a
disease.The proteinsthataredifferentiallyexpressedare
very likely to contain diagnostic markers and protein
targetsfor therapeuticinterventionby drugs.In addition,
the identification of all the componentsof a protein
complex canhelpelucidatebiochemicalprocessessuchas
transcriptionandtranslation.

A key requirementfor thesuccessof proteomicsis the
ability to identify proteinsin complex mixtures.Conse-
quently, mass spectrometry(MS), particularly tandem

massspectrometry, is rapidly becomingthe methodof
choicefor thehigh-throughputidentificationof proteins.

Mass Spectrometry
All amino-acids,the building blocks of proteins,have
the samebasicstructure,shown in Figure 1(a). Amino-
acidsaredistinguishedfrom eachotherby thesecondary
structureof the sidechainR. Amino acidsform peptides
when joined togetherin seriesby peptidebonds. This
sequenceof amino-acidsidentifiesthepeptide.

In tandemmassspectrometry(MS/MS), many peptides
are ionized with one or more units of charge, and one
chosenfor fragmentationby collision-induceddissocia-
tion (CID). Fragmentsretainingthe ionizing charge after
CID have their mass-charge ratio measured.Sincepep-
tidestypically breaka peptide-bondwhenthey fragment
by CID, theresultingspectrumcontainsinformationabout
theconstituentamino-acidsof thepeptide.

The fragmentationof thepeptidein CID is a stochastic
processgoverned by the physiochemicalpropertiesof
the peptide and the energy of collision. The charged
fragmentcan be inferred by the position of the broken
bond and the side retaining the charge. In figure 1(b),
the N-terminal �����������
	�� fragments,and the C-terminal�
��� � ������� � , and � ��� � fragmentsareshown. While ���������
representthe commonly occurring fragments, a high
energy collisionoftenresultsin otherfragments,including
internal fragmentsformedby breakageat two points,and
fragmentsformedbybreaksin side-chains.Oneor moreof
thesefragmentsretainthechargeunit(s),andtheir mass-
charge ratio is registered.Figure 1(c) shows the single
charge being retainedby � ��� � . In a single experiment,
many chargedfragmentsare formedby CID of multiple
copiesof the samepeptide.The aggregateof the mass-
charge ratios detectedis called the MS/MSspectrum. A
cartoonMS/MS spectrumfor the peptideSGFLEEDKis
shown in Figure 2. It helps illustrate how the MS/MS
spectrumcanbeusedto determinethesequenceof amino-
acidsof apeptide.Notethatthedifferencein mass-charge
ratio of the adjacentsingly-charged � -ions, ��� , and ��� is
exactly the massof the residue � . If the fragmentation
processproducedevery � -ion singly charged and no
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Fig. 1. (a) Thestructureof an amino-acid.(b) An ionizedpeptide.
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Fig. 2. MS/MSspectrumfor peptideSGFLEEDK.

others,thedifferencebetweenadjacentpeaksin theladder
would indicate the amino-acid at each position along
the peptide.In real MS/MS spectrahowever, thereis no
informationoneithertype( �����#��$�$�$&% , positionor chargeof
thefragmention. Further, acompleteladderis usuallynot
present.Additionally, somespectralpeakscouldbesimply
theresultof contaminants,andfinally, themeasuredmass-
charge ratiosareonly ascloseto the actualmass-charge
ratioasaccuracy of theinstrumentguarantees.

Consequently, theunambiguousidentificationof peptide
sequenceusing tandem mass spectrometryremains a
challenge. While a comprehensive discussion of the
differentalgorithmsappliedto this problemis beyondthe
scopeof this paper, we describethe broad algorithmic
approachesusedto-dateto putoutwork in context.

Earlier work
We arguethat the coreof mostof the softwareprograms
for analyzingtandemMS datacontainanimplementation
of thefollowing threemodules:

Interpretation: The input is a MS/MS spectrum, the
output is interpreted-MS/MS-data. Interpreted-
MS/MS-data is anything that can be reliably
inferred from the MS/MS spectrumor the instru-
ment. It may include parentpeptidemass,partial
or completesequencetags, and combinationsof
sequencetagsandmolecularmasses.

Filtering: The input is interpreted-MS/MS-dataand a
peptidesequencedatabase.The output is a list of
candidate-peptidesthat might have generatedthe
MS/MS spectrum.

Scoring: The input is a list of candidate-peptidesandthe
MS/MSspectrum. The output is a ranking of the
candidate-peptidesalongwith a scoreandpossibly
a ' -value(probabilitythatthescorewasachievedby
randomchance).

The flow of datathroughthesemodulesis straightfor-
ward. The MS/MS spectrumis first processed,or inter-
preted, to find anything aboutthe peptidethat canbe as-
sertedwith high confidence.Typically, this includesthe
parentpeptidemassandpossiblypartial or completese-
quencetags.Thisinterpreteddatais usedto quickly filter a
peptidesequencedatabaseto eliminatepeptidesthatcould
not have generatedthe observed spectrum.For example,
only peptideswith massapproximatelyequalto theparent
peptidemassof theMS/MSspectrumneedbeconsidered.
Thecandidatepeptidesthatpassthefilter arethensubject
to a careful,andmoreexpensive scoringprocedure.The
scoreranksthecandidatepeptidesandmayevenestimate
theprobability that the candidatepeptideachieveda par-
ticularscoreentirelyby chance.
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A class of algorithms (usually classifiedas de-novo
sequencingalgorithms)rely heavily on interpretationto
identify the completepeptidesequence,andoften do not
use a databaseat all (See for example Bartels (1990);
Dancik et al. (1999); de Cossioet al. (1995); Johnson
and Biemann(1989);Taylor and Johnson(1997)).They
perform bestwhen the spectrahave relatively complete
ladders and little noise. On the other hand, so-called
database-searching algorithmsEng et al. (1994); Fenyo
etal. (1998);MannandWilm (1994);Pevzneretal. (2000)
rely primarily ongoodscoring.Thepeptidethatscoresthe
highestor hasa low ' -valueis the onethat bestexplains
thespectrum.Thesuccessof thesealgorithmsreliesonthe
completenessof databases,andtheavailability of a good
scoringmechanism.

Regardlessof their emphasis,most of the algorithms
currentlyin useactuallyuseelementsof all threeof these
modules.Thede-novo sequencingalgorithmsoftenoutput
a list of possiblepeptideswhich needto be validatedby
databasesearchingor additionalexperimentation.In-fact,
Taylor and Johnson(1997) proposecombiningtheir de-
novosequencingwith Fasta(LipmanandPearson(1985))
styledatabasescoring.Ontheotherhand,MannandWilm
(1994)reporton theeffectivenessof generatingsequence
tagsfor effective scoring.Otherdatabasesearchingpro-
gramslike Sequest(Eng et al. (1994)) do not generate
sequencetagsbut filter the databaseon the basisof par-
entmass,andpossiblyimmoniumions.It is clearthatef-
fective peptideidentificationsoftwaremustmake useof
goodalgorithmsfor all of thethreemodules.With theon-
setof the genomicsequence,andimprovementin cover-
ageandqualityof databases,apurede-novo interpretation
is not required.Goodscoringis essentialfor eliminating
falsepositives,while aggressive interpretationandfilter-
inghelpreducethenumberof candidatepeptidesthatmust
bescoredmakingthesearchmoreefficient.

Thispaperfocusesonscoring.A goodscoringmoduleis
themainstayof all databasesearchingalgorithms.Earlier
work on this problem primarily involved the notion of
sharedpeakcount,or a countof the numberof spectral
peaksthatcouldbeassignedto fragmentsof thecandidate
peptide.Enget al. (1994)introducethenotionof discrete
correlation,which correctsthis scoreby subtractingthe
meanof across-correlationfunction.Perkinsetal. (1997),
and Qin et al. (1997) introduce the notion of a ' -
value for the score basedon theoreticaland empirical
considerations.Pevzner et al. (2000) establishthat the
sharedpeakcountis notareliablemeasurein thepresence
of mutationsor chemicalmodifications.They introduce
the notion of spectralalignmentand useit for mutation
andmodificationtolerantscoring.

Despite these efforts, scoring remains an inexact
science,even for the caseof no mutations.Published
accountsof the successratein identifying peptidesfrom

MS/MS spectra remain quite low, and often require
confirmationby a humanoperator. A humanoperatoras
thefinal stepis the only way thesescoringfunctionscan
incorporatedetailed knowledge of the physiochemical
propertiesof apeptide,suchaswhichfragmentsarelikely
to form for a peptidein a particulartype of instrument.
Considerfor example,neutral losses. Experiencedmass
spectrometersknow that the peptidemustcontainoneof
the acidic amino-acids( �*)+�
, , or - for an .0/21 loss
to be observed,whereasthe lossof 34.65 occursmainly
in the presenceof a basicamino-acidresidue7 �
8 and9

. Thus,a spectralpeakidentifiedasa �;: .6/�1 should
be down-weightedif thereare no acidic residuesin the
candidatepeptide. Currently available score functions
do not use theserules in a structuredand quantitative
manner. Further, existingscorefunctionsmakenoattempt
to explicitly model instrument measurementerror. A
spectralpeakis typically attributedto the fragmentwith
mass-chargeratio thatis ’nearest’within somepredefined
tolerance.Finally, real MS/MS spectratypically have a
not insignificantnumberof ’noise’ peaks,peaksfor which
no peptide fragmentation explanation exists. Current
available scorefunctions make no attemptto explicitly
modelnoisepeaks.

Our work seeksto addresstheseissues.We model the
processof MS/MS spectrumgenerationby a two-step
stochasticprocess.The first step involves generationof
fragments from a peptide, according to a probability
distribution estimatedfrom many training samples.The
secondstepinvolves the generationof a spectrumfrom
the fragmentsaccordingto the distribution of the instru-
mentmeasurementerror. We presentan algorithmbased
on dynamic programmingthat efficiently computesthe
probability of a specificspectrumbeing generatedby a
candidatepeptide,assumingourstochasticprocess.

A STOCHASTIC MODEL FOR SPECTRUM
GENERATION
In orderto describeourmodelfor thestochasticprocessof
MS/MSspectrumgenerationby apeptide,wedefinesome
terms.

MS/MS Spectrum: A MS/MS spectrum(=<?>A@B is a
vector of positive real numbersspecifying the C
observedmass-chargeratiosof thespectralpeaks.

Peptide: A peptide'D<AE �
is asequenceof F amino-acid

residuesfrom the alphabetof amino-acidsymbols,EHGJI �LKM��$&$&$&�
N .

Fragment Space: An enumerationOQPR' % of all fragment
mass-charge ratiosthat a peptide' might produce.
For example, for low energy MS/MS ionization
technology, we typically considersingle cleavages
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with �#��� and � ion types; and one, two or three
units of charge to enumerateall possible mass-
chargeratiosthatmight begenerated.Eachelement
of OQPR' % , then,is a fragment-chargestatepair. Thus,OSPR' % GUT"P � � ��V*%L� P � � ��V*%L� P � � ��VW%L��$�$�$��P � � ��VW%L� P � � ��VW%L� P � � ��VW%L��V GYX ��Z[��\"]
For high energy ionization technologies,we must
considerdouble cleavage and no cleavage events
andmoreion types.Fortunately, for this case,it is
usuallysafeto consideronly oneunit of charge for
eachfragment.Denotethe mass-charge ratio of a
fragment̂4<_OQPR' % by `Da���Pb^ % .

Fragmentation Pattern: Given a peptide ' , a frag-
mentationpattern � cdOQPR' % is a subsetof the
fragmentspacerepresentingtheobservedfragments
generatedfrom a peptide' .

Fragmentation Space: ThefragmentationspaceefPR' % of
apeptide' is thesetof all fragmentationpatternsof' . Thatis, efPR' % GgT �ih��jckOQPR' %�]

Noise: We consider any peak of ( for which �0PR' %
providesnoexplanationto bea noisepeak.

The tandemmassspectrumis generatedby the following
two steprandomprocess.

Fragmentation: Each of the many copiesof a peptide
that pass into the secondarycollision chamber
fragmentsaccordingto theexperimentalconditions
andthenatureof thepeptide.Someof thegenerated
fragmentsretain the charge carried by the parent
peptide, “fly” to the particle detector, and have
their mass-chargeratio measured.In additionto the
modeledfragmentsin OQPR' % , unexpectedfragments
or contaminantfragmentsmight be observed. The
experimentalconditions in the collision chamber
andthe physicalandchemicalpropertiesof a pep-
tide governtheprobabilityof observinga particular
fragment.A fragmentationpattern� is theoutcome
of this random experiment on the samplespaceefPR' % .

Measurement: Each fragment generatedby a peptide
must have its mass-charge ratio measuredby
the particle detector. Due to measurementerror,
eachfragmentwith a particularmass-charge ratio
generatesa mass-charge ratio observation close
to, but not preciselyat its true mass-charge ratio.
The observation of many fragmentswith the same
mass-charge ratio leads to the formation of a

distinctive peakcloseto the true mass-charge ratio
of thesefragments.The observedpeakcanthenby
representedby a single real number, an estimate
of the true mass-charge ratio of the fragmentsthat
generatedit. Thedeviationof this mass-chargeratio
of a peakfrom its true valueis modeledaccording
to a probability distribution, typically the normal
distribution.

SCORING SPECTRA
We scorea peptideby the probability that the observed
spectrum ( was generatedby this peptide.Let lMPm(on ' %
denotethe probability density function for the random
vector ( representingtheMS/MSspectrum,givenpeptide' . Typically, we aresearchinga databasefor the peptide'qp thatsatisfies ' p Gsr�t�uwv6r�xy lMPm(on ' %
A formal descriptionof our two-stepmodelof fragmenta-
tion followedby measurementis givenbylMPm(on ' % G z{}|"~f� y�� l�Pm(on � � ' %[� t�P��;n ' %
Thequantity � t�P��;n ' % representstheprobabilityof a par-
ticular fragmentationpatternof apeptide.It is in thecom-
putationof � t P���n ' % thatthecomplex processof fragmen-
tationcanbemodeled.SectionFragmentation probabil-
ity estimation, we describea processfor estimatingfrag-
mentationprobability. Thequantity lMPm(on � � ' % represents
theprobability that thespectrum( wasgeneratedby the
fragmentationpattern � of a peptide ' . We describea
modelfor lMPm(on � � ' % in sectionSpectrum generation by
fragments.

As shown, the computationof l�Pm(on ' % involves the
summationoverthefragmentationspace,anexponentially
sized set. Fortunately, the probability that a particular
fragmentationresultsin aparticularspectrumis negligible
for all but asmallnumberof fragmentationpatterns.Even
so, the cost of evaluating l�Pm(on ' % as part of a database
searchis prohibitive. In sectionSpectrum generation by
fragments, we demonstratehow anunderstandingof the
fragmentationprocesswill allow usto placeconstraintson
ourstochasticmodelof spectrumgenerationandcompute
a goodapproximationfor l�Pm(on ' % quickly. We presentan
algorithmthat computesan approximationof lMPm(+n ' % in
time 16P
n OQPR' % n C���C / % .
Fragmentation probability estimation
Scoringa peptidebasedon the likelihoodof it producing
the observed fragmentspermitsthe incorporationof the
physical and chemical intuition of an expert operator
and statistically significant observed phenomena.We
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briefly sketcha framework within which we canestimate� t P���n ' % .
Given a databaseof tandemMS spectraeachwith an

expertly curatedpeptideidentification,we can generate,
for eachpeptide,a list of the observed fragments.From
this, we can estimate the likelihood of each peptide
backbonecleavageeventmerelyby countingthe number
of times it is observed. However, we expect that some
peptideswill undergo somecleavageeventssignificantly
more or less often than occurs in general. By using
clusteringand data mining techniqueson this peptide-
observed fragmentdataset,we will find thoseproperties
of a peptide which lead to significant changesin the
likelihoodof particularcleavageevents.

For example, experiencedoperatorsknow that the
presenceof acidic amino-acidsin a peptidemakes the
neutralwater loss ion type cleavagesmuch more likely.
Weexpecttheabovedataminingapproachto demonstrate
this,andmany otherpropertiesof a peptidewhich govern
thelikelihoodof observingaparticularcleavageevent.

At this point in time, we have no such databaseof
expertly curatedspectralabeledwith a peptide,so we
must estimatetheseprobabilitiesby someother means.
For the preliminary resultscontainedin this paper, we
havechosenprobabilitiesin consultationwith experienced
massspectrometeroperators.

Spectrum generation by fragments
In the previous section, we focused on computing� t P���n ' % basedon estimatedprobabilities of fragment
generation.In this section, we develop a model for
computing l�Pm(on � � ' % , and use this model to computelMPm(+n ' % efficiently.

Theprobabilitydensity l�Pm(on � � ' % describestheproba-
bility of observinga collectionof spectralpeaksgiven a
particularfragmentationpattern.Unfortunately, it is notat
all obvious which fragment(s)are responsiblefor which
peak(s),andwhich peaksshouldbe considerednoise.In
orderto computelMPm(on � � ' % , we needto eithersumover
all thepossibleexplanationsof eachpeak,or useour un-
derstandingof themassspectrometerto limit thenumber
of terms.Without lossof generality, we assumethateach
fragmentin thefragmentspacehasa uniquemass-charge
ratio. This assumptioncanbe lifted in a straightforward
way, the sectionImplementation details explains how
this canbedone.We cannow make the following obser-
vationsandassumptionsabouttherelationshipbetweena
fragmentationpatternandtheobservedpeaks.

1. Eachuniquemass-chargeratioin thefragmentspace
generatesat mostonespectralpeak.

2. Eachspectralpeakis theobservedmass-chargeratio
of at mostoneof the(unique)mass-chargeratiosin
thefragmentspace.

3. The assignmentof spectral peaks to fragments
mustbe non-crossing. For all fragmentŝ ��� ^ / and
spectralpeaks( ��� ( / , if `Da���Pb^ �L%�� `Da���Pb^ / % and( �+� ( / , thenpeak( � musthavebeengeneratedby
fragment̂ � andpeak ( / musthave beengenerated
by fragment̂ / .

In addition, we augmentthe fragmentspaceOQPR' % with
noisefragments, one for eachspectralpeak.Eachnoise
fragmenthas the samemass-charge ratio as its spectral
peak.We denotethis augmentedfragmentspaceO6�bPR' %
andthecorrespondingfragmentationspacee#��PR' % .

We assignzeroprobability massto fragmentationpat-
ternswhich violate theseassumptions,andreconsiderthe
computationof l�Pm(on � � ' % . We noticefirst thatdueto the
additionof noisefragmentsto thefragmentspace,all spec-
tral peaksmust either be assignedto a uniquefragment
from our original fragmentspaceOQPR' % or to a noisefrag-
ment.Therefore,only fragmentationpatterns��c�O � PR' %
with n �;n�GJC havenon-zeroprobabilitymass.

However, we can say somethingeven stronger. Let(q�_�G�^ denotethe event that peak (}� is generatedby
fragment ^ , and ( G Pm( ��� ( / ��$�$�$�� ( @ % be a tandem
MS spectrumorderedby mass-charge ratio. Further, let� c O � PR' %L� n �;n�G C be an arbitrary fragmentation
pattern,whoseobserved fragments ^ �2� ^ / ��$�$�$�� ^ @ <��
are ordered by mass-charge ratio. The non-crossing
and uniquenessassumptionsguaranteethat only one
assignmentof spectral peaks to fragments has non-
zero probability mass.All of the probability massforl�Pm(on � � ' % is captured by this unique non-crossing
assignment.Under this Bayesian notion of the valid
assignments,thenlMPm(on � � ' % G�l�Pm(on�� @��� �w� (}�
�G�^��&� � � � ' %
We now choose an appropriate function to modell�Pm(on�� @�R� � � (}� �G ^��&� � � � ' % . As a probability density
function, l mustsatisfy�d�6� lMPm(on�� @�R� � � (}� �GJ^��&� � � � ' %�� X ; and�����  W¡���¢�¡#£¤£¤£¤¡¥��¦ l�Pm(on�� @��� �w� (}�}�G�^��§� � � � ' % GYX .
In addition,werequirethat� l�Pm(on�� @�R� � � (}� �Gi^��&� � � � ' % is maximizedwhen ( � G`Da���Pb^ �2%L��$�$�$ � ( @ G�`Da���Pb^ @ % anddecreasesrapidly

to 0 aseach(}� movesawayfrom ^�� ��V GYX ��$�$�$�� C ; and� l�Pm(on¨� @��� � � (}� �GJ^��§� � � � ' % canbecomputedefficiently.

In isolation,thedistributionof onemeasuredmass-charge
ratio about its true value is independentof any other
measuredmass-chargeratioaboutits truevalue.Wemodel
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(a) (b)

Fig. 3. (a) Normal measurementerror distribution. (b) Truncated
andscalednormalmeasurementerrordistribution.

the distribution of the measuredmass-charge ratios as
either normal or uniform distributions centeredat the
fragmentmass-chargeratio.SeeFigure3(a).On theother
hand,we model the distribution of the measuredmass-
chargeratio of noisefragmentsby an impulsefunctionat
themass-chargeratio of its spectralpeak.In otherwords,
only the spectralpeak a noise fragmentrepresentshas
a non-zeroprobability of generatingit. We mustexpand©Mªm«+¬�­¯®°R±
²�³ « °}´µJ¶�°§·m¸
¹º¸�»}¼ into its componentsin orderto
computeit.©�ªm«o¬ ­ ®°�±#² ³ « ° ´µ�¶�°&·m¸
¹º¸�»}¼µ ©�ªm« ² ¬�­ ®°�±#² ³ « °q´µJ¶�°§·m¸
¹º¸�»}¼º½¾ ®¿À±ÂÁ ©Mªm« ¿ ¬¤« ² ¸�Ã�Ã�Ã ¸ « ¿
Ä�² ¸ ­ ®°R±
² ³ « ° ´ µJ¶ ° ·m¸
¹º¸�»}¼µ ©�ªm« ² ¬ ³ « ² ´µ�¶�²W·m¸
¹º¸�»}¼º½¾ ®¿À±ÂÁ ©Mªm« ¿ ¬¤« ¿
Ä�²�¸ ³ « ¿�´µJ¶ ¿�·m¸
¹º¸�»}¼LÃ
All that remains is to specify the distribution of the
measuredmass-charge ratio

« ¿ with respectto ¶ ¿ , given
that

« ¿UÅ « ¿
Ä�² . We model this by truncatingthe left-
handtail of themeasurementdistributionandrescalingits
total probabilitydensityto one.Seefigure3(b).Let Æ¥Ç be
thedistribution of theobservedpeakaboutthetruemass-
chargeratio of fragment¶ . Then©Mªm« ² ¬ ³ « ²w´µJ¶�²À·m¸
¹o¸�»}¼�µ Æ[ÇÀÈ ªm« ²�¼©Mªm« ¿ ¬¤« ¿
Ä�² ¸ ³ « ¿º´µJ¶ ¿ ·m¸
¹o¸�»}¼µ?É Ê�Ë§Ì�Í�Î ÌmÏÐWÑ�Ò�Ñ ÌbÓ È Ê
Ë§Ì�Í�Î Ï ¸ « ¿ Å « ¿
ÄÂ²�ÔÕ ¸ otherwiseÃ

Therefore,given our observationsand assumptions,
©

satisfiesall of our requirementsfor a probability density
function,it concentratesits probabilitymassaboutthetrue
mass-charge ratios, and it is efficiently computable.We
mustnext show how this choiceof

©
allows an efficient

algorithmfor computing
©Mªm«o¬ »q¼ .

An algorithm for computing
©�ªm«o¬ »}¼

Having establishedan efficient method for computing©�ªm«o¬ ¹º¸�»}¼ , we must now ensurethat we can compute©�ªm«o¬ »}¼�µ ÖJ×}Ø"Ù Í¤Ú Ï ©Mªm«+¬ ¹º¸�»}¼[ÛÝÜ ª ¹ ¬ »}¼ without sum-
ming an exponential number of terms. In order to do
this, we must imposea stringentassumption— for each
fragment ¶ , theprobabilityof observing¶ maymustnot
be dependenton the event that someother fragmentis
observed. The probability of observing ¶ may depend
on peptidepropertiesand experimentalconditions,but
mustbeindependentof theprobabilityof observingother
fragments.Our own experiencesuggeststhat this is not,
in general, true. Without this assumption,we cannot
compute

©
efficiently. Experimentssuggeststhat even

with this assumption,enoughof the stochasticbehavior
of fragmentationis captured.With the independenceof
fragmentgenerationin hand,we cannow describehow to
compute

©Mªm«o¬ ¹o¸�»}¼ usingdynamicprogramming.
As before, considerthe tandemMS spectrum

« µªm« ²�¸�Ã�Ã�Ã ¸ « ® ¼ andthe fragmentsÞàß ª »}¼�µâá�¶�²�¸�Ã�Ã�Ã ¸�¶�ã+ä
to be orderedby mass-charge ratio. Define Þàß¿ ª »}¼åµá�¶�²�¸�Ã�Ã�Ã ¸�¶ ¿�ä to be the first æ fragmentsof Þ6ß ª »}¼ . Then
the dynamic programmingrecurrencefunction ç ª�è ¸ æ ¼
representsthe probability massassociatedwith the event
that thefirst

è
peaksweregeneratedby

è
fragmentsfrom

thefirst æ fragmentsof Þ ß ª »}¼ . Formally,ç ª�è ¸ æ ¼wµ é×}Ø"ÙqêÌ Í¤Ú Ï
©�ªm« ²�¸ « Á ¸�Ã�Ã�Ã�¸ « ° ¬ ¹º¸�»q¼[ÛÝÜ ª ¹ ¬ »q¼

Clearly, ç ªbë ¸�ìD¼wµ ©Mªm«+¬ »}¼ is thevalueweareinterested
in. Thefollowing recurrenceholds:

ç ª�è ¸ æ ¼wµ íîîîîîï îîîîîð

ñ ¸ if
è µ Õ ¸Õ ¸ if
è Å æ ¸ç ª�èóò ñ ¸ æ ò ñ ¼½ ©Mªm« ° ¬¤« °ôÄ�² ¸ « °q´µ�¶ ¿ ¼½õÛÝÜ ª ¶ ¿ ¬ »}¼ö ç ª�è ¸ æ ò ñ ¼�Û÷Ü ª ¶ ¿ ¬ »}¼L¸ otherwise.

Therefore,
©�ªm«o¬ »}¼ canbecomputedin time ø ªbëù¬ Þ ß ª »}¼ ¬ ¼ .

This computationsumsoverall possiblefragmentassign-
mentssimultaneously. The most likely assignment¹ûú is
givenby ¹ ú µJü�Ü
ýÿþ6ü��×}Ø[Ù ê Í¤Ú Ï ©�ªm«o¬ ¹º¸�»}¼[Û÷Ü ª ¹ ¬ »}¼
It is easyto seehow this assignmentcan be computed
in the sametime, using a max in place of a sum in
the dynamicprogrammingrecurrence.A scorefunction
relatedto themaximumlikelihoodcomputationis© ß ªm«o¬ »}¼÷µ þ0ü��×}Ø"Ù ê Í¤Ú Ï ©Mªm«o¬ ¹o¸�»}¼[ÛÝÜ ª ¹ ¬ »}¼
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SCOPE: Scoring tandem mass spectra

In practice,l�P � n ' % and l �bP � n ' % producevaluesthatare
verysimilar. Almostall of theprobabilitymassof l�P � n ' %
is containedin themostlikely fragmentationpattern.The
big advantageof computingl � P � n ' % insteadof l�P � n ' % is
thatwecantakelogarithmsof intermediatevaluesto avoid
numericalinstability in thecomputationof � PbC���`�� .
Implementation details
The precedingtheoreticaldescriptionof scoringglossed
over several importantdetails.Most importantly, thereis
the issueof many fragmentswith the sametheoretical
mass. Second,this algorithm is only as good as the
probabilitiesassumedfor eachfragmentof a peptideand
thepresumedshapeof thedistribution of measuredmass-
chargeratio aboutthetruevalue.Lastly, we mustconvert
the above probability densityinto a suitablefunction for
scoringspectraagainsta peptidedatabase.

The first issueis easily solved. Note that any of the
fragmentswith a particular mass is sufficient for the
observation of a peakat a particularmass-charge ratio.
Theeventthat this massis representedis thecomplement
of theevent thatnoneof thepossiblefragmentswith this
theoreticalmassarerepresented.

Secondly, asdiscussedin SectionFragmentation prob-
ability estimation we will, in time, usea humancurated
databaseof identifiedspectralto computeempiricalesti-
matesof the probabilitiesthis model requires.Until this
databaseis availablewe have chosentheseparametersin
consultationwith experiencesmassspectrometeropera-
tors.

Lastly, as set out in Section Scoring Spectra, the
function � is a continuousprobability density function,
andconsequentlyisn’t appropriateasa scoringfunction.
In particular, since the observation of any particular
spectrumis a zeroprobabilityevent,we mustdecidehow
� will beusedto scoreapeptide.Insteadof consideringa
tandemMS spectrumasavectorof reals,wenow consider
each spectralpeak observation to have a small width,
relatedto theaccuracy with which themassspectrometry
instrumentcan measuremass-charge ratios.This allows
us to computethe probability of observingthis spectrum
as a result of the fragmentationof a particularpeptide.
In fact, for primarily aestheticreasons,if this probability
computationproducesaprobability 	 , wereportascoreof
���
���� 	�� .

The algorithmof SectionScoring Spectra wasimple-
mentedin C��� using the LEDA classlibrary and was
compiledonDigital True64andRedHatLinux.

RESULTS AND DISCUSSION
In orderto evaluatethis scoringschemawehaveobtained
a set of tandemMS spectrafrom the prototypeApplied
BiosystemsMALDI-T OF-TOF instrument,in partnership

with the ProteomicsResearchCenter in Framingham,
MA. Each set of MS/MS spectra is generatedfrom
a tryptic digest of a single protein and can therefore
be labeled with the protein undergoing fragmentation.
The test spectra were generatedfrom bovine serum
albumin, enolase,carbonicanhydrase,andhumanserum
albumin. A subset(13/41) of the provided spectrahave
beendiscardeddue to exceptionally low signal-to-noise
ratio. As mentionedearlier, fragmentationprobabilities
differ widely dependingon the natureof the instrument.
The MALDI ionization processusually resultsin singly
chargedpeptides.Also, relatively high energy of collision
makesinternalfragmentsmorelikely.

We must evaluate the scoring schemanot only on
whetheror not it correctly ranks the known peptideas
themostlikely to have generatedthegivenspectrum,but
also on how discriminatingit is. If the top two scoring
peptideshave almost identical scores,then we have no
way to choosebetweenthem. A databaseof peptides
wasgeneratedby a tryptic digestof eachof the 607674
sequencesin the NCBI non-redundantprotein database.
Thetotalnumberof peptidesobtainedby tryptic digestion
was 21489237.Eachexperimentalspectrumwas scored
againstits true peptidesequence,aswell asa filtered set
of peptideswhoseparentmassmatchedthe given parent
massto within 2 Daltons.

Table 1 summarizesthe resultson the 28 test spectra
usedto evaluatethe scoringschema.The table presents
thescoreof thecorrectpeptide,thecorrectpeptide’s rank
with respectto the NR protein databasepeptides,and
two empiricalmeasuresof how differentthe scoreof the
correct peptide is from the other top scoring peptides.
Each	 -valuerepresentsthechancethatapeptideselected
at randomfrom the top 20 ranking peptidescould have
scoredas well as the correct peptide.The first 	 -value
assumesthat the top 20 scoresare normally distributed,
while the second,more conservatively, uses the non-
parametricChebyshev inequality. An asterix(‘*’) in the
rank columnindicatesthat the correctproteinwasnot in
thetop10scoringpeptides.Wherethecorrectpeptidewas
notrankedfirst,welist the	 -valuesassociatedwith thetop
rankingpeptidefrom thedatabase.

Theresultsof thescoringschemaonthesetof testspec-
tra clearly demonstratethe effectivenessof the probabil-
ity model.Not only doesthe correctpeptideachieve the
bestscorefor all but two peptides,but it is alsowell sep-
aratedfrom theotherincorrectpeptides.Thecorrectpep-
tidesaresignificantlydifferentfrom theothertop scoring
peptides.In addition, the scoreof the incorrectly identi-
fied peptidesis not significantlydifferent from the other
top scoringpeptides.In otherwords,bothcorrectand in-
correctidentificationsareclearly indicatedby the signif-
icancetest.Furtherresearchinto a definitive significance
testremainsto bedone.
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Table 1. Testspectrascoreswith respectto theNCBI proteindatabase.

Peptide Score Rank Normal 	 -value Cheb. 	 -value

FKDLGEEHFK ��������� 1 �������! "��� #$��%$� 
 ��&
YLYEIAR &�#$��'�# 1 #$��%$� 
 ��( )*���$� 
 ��&
AVVQDPALKPALVYGEATSR �$������� * ������� 
 ��%�+ #$���$� 
 �*#,+
HNGPEHWHK %�������� 1 �������! "��� ���-)�� 
 ��%
HWHKDFPIANGE ).����'�% 1 �������! "��� ����&$� 
 ��%
LLMLANWRPAQPL #/�$)*�-) 1 �������! "��� )*��'$� 
 ��%
NWRPAQPL �$����(�& 1 �������! "��� �0��($� 
 ��%
NWRPAQPLKNR )0�0�1�2) 1 �������! "��� #$�3#/� 
 ��&
RLVQFHFHWGSSDDQGSE '�(������ 1 )*�3#/� 
 ��( ������� 
 ��&
SHHWGYGKHNGPE ���0�1��# 1 #$�3#/� 
 ��( )*���$� 
 ��&
TKAVVQDPALKPLALVYGE ).&��1�$� 1 �������! "��� #$�-)�� 
 ��&
YAAELHLVHWNTK �$�����$) 1 �������! "��� #$����� 
 ��&
AVSKVYARSVYDSRGNPTVE '�(���(�& * (��-)�� 
 ��%�+ #$��($� 
 �*#,+
FFKDGKYD #/������� 1 �������! "��� )*��'$� 
 ��%
FMIAPTGAKTFAE )0�0����� 1 �������! "��� #$��($� 
 ��%
IEEELGDNAVFAGENFHHGDK ).(���'�( 1 #$���$� 
 ��� %���%$� 
 ��&
KGVFRSIVPSG ��'���&�( 1 �������! "��� (������ 
 ��%
KNVPLYKHLAD #/��&���� 1 �������! "��� &���'$� 
 ��%
LTKKRYG ��(��3#�# 1 #$�3#/� 
 #�# &���&$� 
 ��&
LTVTNPKRIATAIE #�#4(��3# 1 �������! "��� ���3#/� 
 ��%
LVVGLRTGQIKTG '�������( 1 )*�3#/� 
 �.� )*�3#/� 
 ��&
NFHHGDKL &$������� 1 &������ 
 #5) #$�1��� 
 ��&
RLAKLNQLLRIEEE �$%���'�( 1 %��3#/� 
 #�# &���%$� 
 ��&
SFAAGWGVMVSHRSGETE #4��'��1� 1 �������! "��� &���&$� 
 ��%
DVFLGMFLYEYAR ).'����$� 1 �������! "��� )*��($� 
 ��%
HPDYSVVLLLR �2)*����# 1 �������! "��� #$��&$� 
 ��&
HPYFYAPELLFFAK %�%���&$� 1 �������! "��� #$��&$� 
 ��&
VFDEFKPLVEEPQNLIK )�)*��&�# 1 �������! "��� )*�1��� 
 ��%

In concluding,we noteagainthat this work represents
researchin progress.The scoringmodulewill be part of
a larger packagewith novel algorithmsfor interpretation
of MS/MS data,andsmartfiltering of databases.A future
courseof actionwill beto incorporatethestochasticmodel
presentedhere into a de-novo interpretation module.
Anotherinterestingextensionwill beto extendthescoring
to mutation,andmodificationtolerantdatabasesearching.
However, the true test of theseideas will be in their
applicability to a proteomicspipeline and their role in
discoveringnovel diagnosticsandtherapeuticsof the &�# st
century.
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