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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

Proteomicspr thedirectanalysisof the expressegrotein
componentsof a cell, is critical to our understanding
of cellular biological processesA comparisonof the
expressedoroteinsin normal versusdiseasedissuecan
provide key insights into the action and effects of a
diseaseThe proteinsthat are differentially expressecdare
very likely to contain diagnostic markers and protein
tamgetsfor therapeutidnterventionby drugs.In addition,
the identification of all the componentsof a protein
comple canhelpelucidatebiochemicaprocessesuchas
transcriptionandtranslation.

A key requiremenfor the succes®of proteomicsis the
ability to identify proteinsin complex mixtures.Conse-
quently mass spectrometry(MS), particularly tandem

massspectometry is rapidly becomingthe method of
choicefor the high-throughputdentificationof proteins.

M ass Spectrometry

All amino-acids,the building blocks of proteins, have
the samebasic structure,shovn in Figure 1(a). Amino-
acidsaredistinguishedrom eachotherby the secondary
structureof the sidechainR. Amino acidsform peptides
when joined togetherin seriesby peptide bonds This
sequencef amino-acidsdentifiesthe peptide.

In tandemmassspectrometrf{MS/MS), mary peptides
are ionized with one or more units of chage, and one
chosenfor fragmentationby collision-induceddissocia-
tion (CID). Fragmentgetainingthe ionizing chage after
CID have their mass-chaye ratio measuredSince pep-
tidestypically breaka peptide-bondvhenthey fragment
by CID, theresultingspectruncontainsnformationabout
the constituenamino-acidof the peptide.

The fragmentatiorof the peptidein CID is a stochastic
processgoverned by the physiochemicalpropertiesof
the peptide and the enegy of collision. The chaged
fragmentcan be inferred by the position of the broken
bond and the side retaining the chage. In figure 1(b),
the N-terminal a4, by, ¢; fragments,and the C-terminal
ZTp_1,Yn_1, andz,_, fragmentsareshavn. While a, b,y
representthe commonly occurring fragments, a high
enegy collisionoftenresultsin otherfragmentsincluding
internal fragmentformedby breakageat two points,and
fragmentdormedby breaksn side-chainsOneor moreof
thesefragmentsretainthe chage unit(s), andtheir mass-
chage ratio is registered.Figure 1(c) shows the single
chage beingretainedby y,,_;. In a single experiment,
mary chagedfragmentsare formedby CID of multiple
copiesof the samepeptide.The aggreyateof the mass-
chage ratios detecteds called the MS/MSspectrum A
cartoonMS/MS spectrumfor the peptideSGFLEEDK s
shavn in Figure 2. It helpsillustrate how the MS/MS
spectruncanbeusedio determinghesequencef amino-
acidsof a peptide Notethatthe differencein mass-chage
ratio of the adjacentsingly-chagedy-ions, ys, andys is
exactly the massof the residueF'. If the fragmentation
processproducedevery y-ion singly chaged and no
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Fig. 1. (a) The structureof an amino-acid.(b) An ionizedpeptide.
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Fig. 2. MS/MS spectrunfor peptideSGFLEEDK.

othersthedifferencebetweeradjacenpeaksn theladder
would indicate the amino-acid at each position along
the peptide.In real MS/MS spectrahowever, thereis no
informationoneithertype(b, y, . . .), positionor chage of
thefragmention. Further acompletdadderis usuallynot
presentAdditionally, somespectrapeakscouldbesimply
theresultof contaminantsandfinally, themeasurednass-
chageratiosareonly ascloseto the actualmass-chaye
ratio asaccuray of theinstrumentguarantees.
Consequentltheunambiguougentificationof peptide
sequenceusing tandem mass spectrometryremains a
challenge. While a comprehensie discussionof the
differentalgorithmsappliedto this problemis beyondthe
scopeof this paper we describethe broad algorithmic
approachessedto-dateto putoutwork in context.

Earlier work

We aguethatthe core of mostof the software programs
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 parentpeptide mass,partial
or complete sequenceags, and combinationsof
sequencéagsandmoleculamrmasses.

Filtering: The input is interpreted-MS/MS-datand a
peptidesequencalatabaseThe outputis a list of
candidate-peptideshat might have generatedthe
MS/MS spectrum.

Scoring: Theinputis alist of candidate-peptideandthe
MS/MS spectrum The output is a ranking of the
candidate-peptidealongwith a scoreand possibly
ap-value(probabilitythatthescorewasachiezedby
randomchance).

The flow of datathroughthesemodulesis straightfor
ward. The MS/MS spectrumis first processedor inter-
preted to find anything aboutthe peptidethat canbe as-
sertedwith high confidence Typically, this includesthe
parentpeptidemassand possiblypartial or completese-
guencdags.Thisinterpretediatais usedto quickly filter a
peptidesequenceéatabasto eliminatepeptideghatcould
not have generatedhe obsened spectrum For example,
only peptideswith massapproximatelyequalto the parent
peptidemassof the MS/MS spectrunneedbeconsidered.
The candidategeptideghatpassthefilter arethensubject
to a careful,and more expensve scoringprocedure The
scoreranksthe candidatgpeptidesandmay evenestimate
the probability that the candidatepeptideachiesed a par
ticular scoreentirelyby chance.
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A class of algorithms (usually classifiedas de-no/o
sequencingalgorithms)rely heavily on interpretationto
identify the completepeptidesequenceand often do not
use a databaseat all (Seefor 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-sea&hing algorithmsEng et al. (1994); Feryo
etal. (1998);MannandWilm (1994);Pevzneretal. (2000)
rely primarily ongoodscoring.Thepeptidethatscoreghe
highestor hasa low p-valueis the onethat bestexplains
thespectrumThesuccessf thesealgorithmsreliesonthe
completenessf databasesandthe availability of a good
scoringmechanism.

Regardlessof their emphasismost of the algorithms
currentlyin useactuallyuseelementsf all threeof these
modulesThede-no/o sequencinglgorithmsoftenoutput
a list of possiblepeptideswhich needto be validatedby
databasaearchingor additionalexperimentationin-fact,
Taylor and Johnson(1997) proposecombiningtheir de-
novo sequencingvith Fasta(LipmanandPearsor{1985))
styledatabasscoring.Ontheotherhand,MannandwWilm
(1994)reporton the effectivenesof generatingsequence
tagsfor effective scoring.Other databasesearchingpro-
gramslike Sequest(Eng et al. (1994)) do not generate
sequenceagsbut filter the databasen the basisof par
entmassandpossiblyimmoniumions. |t is clearthatef-
fective peptideidentification software must make use of
goodalgorithmsfor all of thethreemodules With theon-
setof the genomicsequenceandimprovementin cover-
ageandquality of databases purede-nwointerpretation
is not required.Goodscoringis essentiafor eliminating
false positives, while aggressie interpretationandfilter-
ing helpreducehenumberof candidatgeptideghatmust
be scoredmakingthe searchmoreefficient.

Thispaperfocusenscoring A goodscoringmoduleis
the mainstayof all databasesearchingalgorithms.Earlier
work on this problem primarily involved the notion of
sharedpeakcount, or a countof the numberof spectral
peakshatcouldbeassignedo fragmentf thecandidate
peptide.Engetal. (1994)introducethe notion of discrete
correlation,which correctsthis scoreby subtractingthe
meanof across-correlatiofunction.Perkinsetal. (1997),
and Qin et al. (1997) introduce the notion of a p-
value for the score basedon theoreticaland empirical
considerationsPevzner et al. (2000) establishthat the
sharedpbeakcountis notareliablemeasurén 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
accountsf the successatein identifying peptidesfrom

MS/MS spectraremain quite low, and often require
confirmationby a humanoperator A humanoperatoras
thefinal stepis the only way thesescoringfunctionscan
incorporatedetailed knowledge of the physiochemical
propertieof a peptide suchaswhich fragmentsarelikely
to form for a peptidein a particulartype of instrument.
Considerfor example,neutral losses Experiencedmass
spectrometerknow that the peptidemustcontainone of
the acidic amino-acidsS, T, D, or E for an H,O loss
to be obsened, whereaghe lossof NV H; occursmainly
in the presenceof a basicamino-acidresidueR, K and
Q. Thus,a spectralpeakidentifiedasay — H»O should
be down-weightedif thereare no acidic residuesin the
candidate peptide. Currently available score functions
do not use theserules in a structuredand quantitatve
mannerFurther existing scorefunctionsmake no attempt
to explicitly model instrument measuremengerror. A
spectralpeakis typically attributedto the fragmentwith
mass-chageratio thatis 'nearest'within somepredefined
tolerance.Finally, real MS/MS spectratypically have a
notinsignificantnumberof 'noise’ peakspeaksfor which
no peptide fragmentation explanation exists. Current
available scorefunctions make no attemptto explicitly
modelnoisepeaks.

Our work seeksto addresgheseissuesWe modelthe
processof MS/MS spectrumgenerationby a two-step
stochasticprocess.The first step involves generationof
fragmentsfrom a peptide, accordingto a probability
distribution estimatedfrom mary training samples.The
secondstepinvolves the generationof a spectrumfrom
the fragmentsaccordingto the distribution of the instru-
mentmeasuremengrror. We presentan algorithm based
on dynamic programmingthat efficiently computesthe
probability of a specific spectrumbeing generatecby a
candidatepeptide ,assumingour stochastigrocess.

A STOCHASTIC MODEL FOR SPECTRUM
GENERATION

In orderto describeour modelfor thestochastiproces®f
MS/MS spectrungeneratiorby a peptide we definesome
terms.

MS/MS Spectrum: A MS/MS spectrumS € R is a
vector of positive real numbersspecifying the k&
obseredmass-chageratiosof the spectrapeaks.

Peptide: A peptidep € A" isasequencefn amino-acid
residuesrom the alphabetof amino-acidsymbols,
A=AC,..Y.

Fragment Space: An enumerationF(p) of all fragment
mass-chage ratiosthat a peptidep might produce.
For example, for low enegy MS/MS ionization
technology we typically considersingle clearzages
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with a,b and y ion types; and one, two or three
units of chage to enumerateall possible mass-
chageratiosthatmight be generatedEachelement
of F(p), then,is afragment-chagestatepair. Thus,

F(p) ={(a1,4), (br1,1), (y1,1),-- -,
(@ny1), (bn, 1), (Yn,1),5 = 1,2,3}

For high enegy ionization technologieswe must
considerdouble cleavage and no cleavage events
and moreion types.Fortunately for this case,it is
usuallysafeto consideronly oneunit of chage for
eachfragment.Denotethe mass-chaye ratio of a
fragmentf € F(p) by m/z(f).

Fragmentation Pattern: Given a peptide p, a frag-
mentationpattern ¥ C F(p) is a subsetof the
fragmentspaceepresentinghe obsenedfragments
generatedrom a peptidep.

Fragmentation Space: Thefragmentatiorspacep(p) of
apeptidep is thesetof all fragmentatiorpatternsof
p. Thatis,

¢(p) ={F:F C F(p)}

Noise: We considerary peak of S for which F(p)
providesno explanationto be a noisepeak.

The tandemmassspectrumis generatedy the following
two steprandomprocess.

Fragmentation: Each of the mary copiesof a peptide
that passinto the secondarycollision chamber
fragmentsaccordingto the experimentalconditions
andthenatureof the peptide. Someof thegenerated
fragmentsretain the chage carried by the parent
peptide, “fly” to the particle detectoy and have
their mass-chageratio measuredin additionto the
modeledfragmentsin F(p), unexpectedfragments
or contaminanfragmentsmight be obsened. The
experimental conditionsin the collision chamber
andthe physicaland chemicalpropertiesof a pep-
tide governthe probability of observinga particular
fragment A fragmentatiorpatternF’ is the outcome
of this random experiment on the sample space

¢(p).

Measurement: Each fragment generatedby a peptide
must have its mass-chaye ratio measuredby
the particle detector Due to measuremenerror,
eachfragmentwith a particular mass-chage ratio
generatesa mass-chage ratio obsenation close
to, but not preciselyat its true mass-chage ratio.
The obsenation of mary fragmentswith the same
mass-chage ratio leads to the formation of a

distinctive peakcloseto the true mass-chage ratio

of thesefragmentsThe obsened peakcanthenby

representedby a single real number an estimate
of the true mass-chage ratio of the fragmentsthat

generatedt. Thedeviation of this mass-chageratio

of a peakfrom its true valueis modeledaccording
to a probability distribution, typically the normal

distribution.

SCORING SPECTRA

We scorea peptideby the probability that the obsened
spectrumS was generatedy this peptide.Let 1(S|p)

denotethe probability density function for the random
vectorS representingdhe MS/MS spectrumgivenpeptide
p. Typically, we are searchinga databasdor the peptide
p* thatsatisfies

p* = arg mgw(S Ip)

A formal descriptionof our two-stepmodelof fragmenta-
tion followedby measuremerns givenby

$(Slp) = > 9(S|F,p)Pr(F|p)

FCF(p)

The quantityPr(F'|p) representshe probability of a par
ticularfragmentatiorpatternof a peptide.lt is in thecom-
putationof Pr(F'|p) thatthecomplex procesof fragmen-
tationcanbe modeled SectionFragmentation probabil-
ity estimation, we describea procesdor estimatingfrag-
mentationprobability The quantity(S|F, p) represents
the probability thatthe spectrumS wasgeneratedy the
fragmentationpattern F' of a peptidep. We describea
modelfor ¢ (S| F, p) in sectionSpectrum generation by
fragments.

As shawn, the computationof (S|p) involves the
summatioroverthefragmentatiorspaceanexponentially
sized set. Fortunately the probability that a particular
fragmentatiomresultsin aparticularspectrunis negligible
for all but asmallnumberof fragmentatiorpatternsEven
so, the cost of evaluating+(S|p) as part of a database
searchis prohibitive. In sectionSpectrum generation by
fragments, we demonstratdnow an understandingf the
fragmentatiorprocesswill allow usto placeconstraint®n
our stochastianodelof spectrungeneratiorandcompute
agoodapproximatiorfor 1 (S|p) quickly. We presentan
algorithm that computesan approximationof (S|p) in
time O(|F(p) |k + k?).

Fragmentation probability estimation

Scoringa peptidebasedon thelikelihoodof it producing
the obsenred fragmentspermitsthe incorporationof the
physical and chemical intuition of an expert operator
and statistically significant obsened phenomena.We
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briefly sketcha framavork within which we canestimate
Pr(F|p).

Given a databasef tandemMS spectraeachwith an
expertly curatedpeptideidentification,we can generate,
for eachpeptide,a list of the obsened fragments.From
this, we can estimatethe likelihood of each peptide
backboneclearzageevent merely by countingthe number
of timesit is obsened. However, we expect that some
peptideswill undego somecleavageeventssignificantly
more or less often than occursin general. By using
clusteringand data mining techniqueson this peptide-
obsened fragmentdatasetwe will find thoseproperties
of a peptide which lead to significant changesin the
likelihoodof particularclearageevents.

For example, experienced operatorsknow that the
presenceof acidic amino-acidsin a peptide makes the
neutralwater lossion type cleavagesmuch more lik ely.
We expectthe above datamining approactio demonstrate
this,andmary otherpropertiesof a peptidewhich govern
thelikelihoodof observinga particularclearageevent.

At this point in time, we have no such databaseof
expertly curatedspectralabeledwith a peptide,so we
must estimatetheseprobabilitiesby someother means.
For the preliminary results containedin this paper we
have choserprobabilitiesin consultatiorwith experienced
massspectrometeoperators.

Spectrum gener ation by fragments

In the previous section, we focused on computing
Pr(F|p) basedon estimatedprobabilities of fragment
generation.In this section, we develop a model for
computing ¥ (S|F,p), and use this model to compute
1(S|p) efficiently.

The probability densitys (S| F, p) describeshe proba-
bility of observinga collection of spectralpeaksgiven a
particularfragmentatiorpattern.Unfortunatelyit is notat
all obvious which fragment(s)are responsiblefor which
peak(s),andwhich peaksshouldbe considerechoise.In
orderto computey (S| F, p), we needto eithersumover
all the possibleexplanationsof eachpeak,or useour un-
derstandingf the massspectrometeto limit the number
of terms.Without lossof generality we assumedhateach
fragmentin the fragmentspacehasa uniquemass-chage
ratio. This assumptiorcan be lifted in a straightforward
way, the sectionImplementation details explains how
this canbe done.We cannow make the following obser
vationsandassumptiongboutthe relationshipbetweera
fragmentatiorpatternandthe obsenedpeaks.

1. Eachuniquemass-chageratioin thefragmentspace
generategat mostonespectrapeak.

2. Eachspectrapeakis theobsenedmass-chageratio
of at mostoneof the (unique)mass-chageratiosin
thefragmentspace.

3. The assignmentof spectral peaksto fragments
mustbe non-ciossing For all fragmentsf;, f, and
spectralpeaksS;, S, if m/z(f1) < m/z(f2) and
S1 < 8, thenpeak$; musthave beengeneratedby
fragmentf, andpeaksS, musthave beengenerated
by fragmentf,.

In addition, we augmentthe fragmentspaceF(p) with
noisefragments one for eachspectralpeak.Eachnoise
fragmenthasthe samemass-chaye ratio as its spectral
peak.We denotethis augmentedragmentspaceF’(p)
andthe correspondindgragmentatiorspacep’ (p).

We assignzero probability massto fragmentationpat-
ternswhich violate theseassumptionsandreconsidethe
computatiorof ¢ (S|F, p). We noticefirst thatdueto the
additionof noisefragmentgo thefragmentspaceall spec-
tral peaksmust either be assignedo a unique fragment
from our original fragmentspace (p) or to a noisefrag-
ment.Therefore only fragmentatiorpatternst C F'(p)
with |F'| = k have non-zeroprobabilitymass.

However, we can say somethingeven stronger Let

S; u f denotethe event that peak S; is generatedby
fragmentf, and S = (S1,Ss,...,S,) be a tandem
MS spectrumorderedby mass-chaye ratio. Further let
F C F'(p),|F| = k be an arbitrary fragmentation
pattern,whoseobsened fragmentsf,, fo,..., fx € F
are ordered by mass-chage ratio. The non-crossing
and uniguenessassumptionsguaranteethat only one
assignmentof spectral peaks to fragments has non-
zero probability mass.All of the probability massfor
¥(S|F,p) is captured by this unique non-crossing
assignment.Under this Bayesiannotion of the valid
assignmentghen

Tﬁ(S|F,p) = ¢(5| mf:l [Sz A:4 fz]aFap)

We now choose an appropriate function to model

(S| Nk, [S; £ f],F,p). As a probability density
function, 1) mustsatisfy

e 0<y(S|Nk, [S; y fil, F,p) <1;and

* fSl<SZ<...<Sk Q/](Sl r12(::1 [Sl g fZ]7F7p) =1
In addition,we requirethat
o (S| Nk, [S; £ fi], F,p) is maximizedwhenS, =

m/z(f1),...,Sr = m/z(fr) anddecreasesapidly
to 0 aseachS; movesawayfrom f;,7 = 1,...,k; and

o (S|NE,[S; £ fi], F, p) canbecomputecefiiciently.

In isolation,thedistribution of onemeasurednass-chage
ratio aboutits true value is independentof ary other
measureanass-chageratioaboutits truevalue.We model
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Fig. 3. (a) Normal measuremenerror distribution. (b) Truncated
andscalednormalmeasuremergrror distribution.

the distribution of the measuredmass-chage ratios as
either normal or uniform distributions centeredat the
fragmentmass-chageratio. SeeFigure3(a). Onthe other
hand,we model the distribution of the measurednass-
chageratio of noisefragmentshy animpulsefunctionat
themass-chageratio of its spectralpeak.In otherwords,
only the spectralpeak a noise fragmentrepresentshas
a non-zeroprobability of generatingt. We mustexpand
$(S|NE_, [S; £ f,], F,p) into its componentsn orderto
computeit.

(S| Nk, 1S & £.), F,p)
= (S| Nk, [Si Z f.], F,p) x
H§:2¢(Sj|513 ) Sj—la ﬂf:l[si = fz]a F’p)
= (1|1, £ f1], F,p) x
H?:2¢(Sj|‘sjfla [SJ A:4 fj]a Fap)

All that remainsis to specify the distribution of the
measurednass-chage ratio S; with respectto f;, given
that S; > S;_;. We modelthis by truncatingthe left-

handtail of the measuremerdistribution andrescalingts

total probability densityto one.Seefigure 3(b). Let p; be
thedistribution of the obsened peakaboutthe true mass-
chageratio of fragmentf. Then

P(S1|[S1 = fil; Fyp) = py, (S1)

»(Si1S;-1,1S; = £;], F,p)

ps;(S;) _
= Joss; i) Sj > Sj-13
0, otherwise

Therefore,given our obsenationsand assumptionssy)
satisfiesall of our requirementdor a probability density
function,it concentrateis probabilitymassaboutthetrue
mass-chage ratios, and it is efficiently computable We
mustnext showv how this choiceof 1 allows an efficient
algorithmfor computingy(S|p).

An algorithm for computing +(S|p)

Having establishedan efficient method for computing
¥(S|F,p), we must now ensurethat we can compute
P(Slp) = Xorcr) Y(SIF,p) Pr(F|p) without sum-
ming an exponential number of terms. In order to do
this, we mustimposea stringentassumption— for each
fragmentf, the probability of observingf may mustnot
be dependenbn the event that some other fragmentis
obsered. The probability of observing f may depend
on peptide propertiesand experimental conditions, but
mustbeindependentf the probability of observingother
fragments.Our own experiencesuggestghat this is not,
in general, true. Without this assumption,we cannot
compute) efficiently. Experimentssuggeststhat even
with this assumptionenoughof the stochastichehaior
of fragmentationis captured.With the independencef
fragmentgeneratiorin hand,we cannow describehow to
computey(S|F, p) usingdynamicprogramming.

As before, considerthe tandemMS spectrumS =
(S1,.-.,8Sk) andthe fragmentsF'(p) = {fi,---, fm}
to be orderedby mass-chage ratio. Define Fj(p) =
{f1,..., f;} to bethefirst j fragmentsof F'(p). Then
the dynamic programmingrecurrencefunction ®(z, )
representshe probability massassociatedvith the event
thatthefirst ¢ peakswere generatedy ¢ fragmentsfrom
thefirst j fragmentsof F'(p). Formally,

O(ij) = Y. (51,5, Si|F,p) Pr(F|p)

FCF}(p)

Clearly, ®(k, m) = 9 (S|p) is thevaluewe areinterested
in. Thefollowing recurrenceénolds:

1, ifi =0,
0. if 4> 4,
N B(i—-1,7-1)
@(Z,]) - X '(p(Si'S’i—l?Si y f])
x Pr(f;lp)

+ ®(i,5 — 1) Pr(f;|p), otherwise.

Thereforegy(S|p) canbecomputedn time O(k|F'(p)|).
This computatiorsumsover all possiblefragmentassign-
mentssimultaneouslyThe mostlikely assignmen#™ is
givenby

F* = S|F,p) Pr(F

arg max Y (S|F,p) Pr(F|p)

It is easyto seehow this assignmentan be computed
in the sametime, using a max in place of a sumin
the dynamic programmingrecurrence A scorefunction
relatedto the maximumlik elihoodcomputatioris

P'(Slp) = max_+)(S|F,p) Pr(Fp)

FCF'(p
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In practices)(S|p) andy’(S|p) producevaluesthatare
very similar. Aimostall of the probabilitymassof 1 (S |p)
is containedn the mostlikely fragmentatiorpattern.The
big advantageof computingy’ (S|p) insteadof ¢ (S|p) is
thatwe cantake logarithmsof intermediatevaluesto avoid
numericalinstability in the computatiorof ®(k, m).

Implementation details

The precedingtheoreticaldescriptionof scoringglossed
over severalimportantdetails.Most importantly thereis
the issueof mary fragmentswith the sametheoretical
mass. Second, this algorithm is only as good as the
probabilitiesassumedor eachfragmentof a peptideand
the presumedshapeof the distribution of measureanass-
chageratio aboutthe true value.Lastly, we mustcorvert
the above probability densityinto a suitablefunction for
scoringspectraagainst peptidedatabase.

The first issueis easily solved. Note that ary of the
fragmentswith a particular massis sufficient for the
obsenation of a peakat a particular mass-chage ratio.
The eventthatthis massis representeds the complement
of the eventthatnoneof the possiblefragmentswith this
theoreticamassarerepresented.

Secondlyasdiscusseth SectionFragmentation prob-
ability estimation we will, in time, usea humancurated
databasef identified spectralto computeempirical esti-
matesof the probabilitiesthis model requires.Until this
databasés availablewe have chosentheseparametersn
consultationwith experiencesmassspectrometeppera-
tors.

Lastly, as set out in Section Scoring Spectra, the
function % is a continuousprobability density function,
andconsequentlysn't appropriateasa scoringfunction.
In particular since the obsenation of ary particular
spectrumis a zeroprobability event, we mustdecidehow
%) will beusedto scorea peptide.Insteadof consideringa
tandemMS spectrunmasavectorof reals,we now consider
each spectralpeak obsenation to have a small width,
relatedto the accurag with which the massspectrometry
instrumentcan measuremass-chage ratios. This allows
usto computethe probability of observingthis spectrum
as a result of the fragmentationof a particular peptide.
In fact, for primarily aestheticreasonsif this probability
computatiorproduces probabilityp, we reporta scoreof
— log(p).

The algorithm of SectionScoring Spectra wasimple-
mentedin C** usingthe LEDA classlibrary and was
compiledon Digital True64andRedHatLinux.

RESULTS AND DISCUSSION

In orderto evaluatethis scoringschemawe have obtained
a setof tandemMS spectrafrom the prototypeApplied
BiosystemdVMALDI-T OF-TOF instrumentjn partnership

with the ProteomicsResearchCenterin Framingham,
MA. Each set of MS/MS spectrais generatedfrom

a tryptic digest of a single protein and can therefore
be labeled with the protein undegoing fragmentation.
The test spectrawere generatedfrom bovine serum
albumin, enolase carbonicanhydraseand humanserum
albumin. A subset(13/41) of the provided spectrahave

beendiscardeddue to exceptionallylow signal-to-noise
ratio. As mentionedearlier fragmentationprobabilities
differ widely dependingon the natureof the instrument.
The MALDI ionization processusually resultsin singly

chagedpeptidesAlso, relatively high enegy of collision

malkesinternalfragmentamorelik ely.

We must evaluate the scoring schemanot only on
whetheror not it correctly ranksthe known peptideas
the mostlikely to have generatedhe given spectrum put
alsoon how discriminatingit is. If the top two scoring
peptideshave almostidentical scores,then we have no
way to choosebetweenthem. A databaseof peptides
was generatedy a tryptic digestof eachof the 607674
sequencedn the NCBI non-redundanprotein database.
Thetotalnumberof peptidesobtainedby tryptic digestion
was 21489237 .Each experimentalspectrumwas scored
againstits true peptidesequenceaswell asa filtered set
of peptideswhoseparentmassmatchedthe given parent
massto within 2 Daltons.

Table 1 summarizeghe resultson the 28 test spectra
usedto evaluatethe scoringschema.The table presents
the scoreof the correctpeptide the correctpeptides rank
with respectto the NR protein databasepeptides,and
two empiricalmeasure®f how differentthe scoreof the
correct peptideis from the other top scoring peptides.
Eachp-valuerepresentshe chancehata peptideselected
at randomfrom the top 20 ranking peptidescould have
scoredas well as the correct peptide.The first p-value
assumedhat the top 20 scoresare normally distributed,
while the second,more conseratively, usesthe non-
parametricChebyshe inequality An asterix(*’) in the
rank columnindicatesthat the correctproteinwasnot in
thetop 10 scoringpeptidesWherethecorrectpeptidewas
notrankedfirst, welist thep-valuesassociategvith thetop
rankingpeptidefrom the database.

Theresultsof the scoringschemabnthe setof testspec-
tra clearly demonstratéhe effectivenessof the probabil-
ity model.Not only doesthe correctpeptideachieve the
bestscorefor all but two peptideshut it is alsowell sep-
aratedfrom the otherincorrectpeptidesThe correctpep-
tidesaresignificantlydifferentfrom the othertop scoring
peptides.In addition, the scoreof the incorrectly identi-
fied peptidesis not significantly differentfrom the other
top scoringpeptidesln otherwords,both correctandin-
correctidentificationsare clearly indicatedby the signif-
icancetest. Furtherresearctinto a definitive significance
testremaingto bedone.
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Table 1. Testspectrascoreswith respecto the NCBI proteindatabase.

Peptide Score Rank Normal p-value Cheb. p-value
FKDLGEEHFK 85.87 1 0.0E + 00 1.3E — 02
YLYEIAR 21.91 1 1.3E — 06 4.5F — 02
AVVQDPALKPALVYGEATSR 50.05 * 5.0E — 03* 1.5F — 01*
HNGPEHWHK 35.05 1 0.0E + 00 8.4F — 03
HWHKDFPIANGE 45.93 1 0.0E + 00 5.2F — 03
LLMLANWRPAQPL 104.4 1 0.0E + 00 49EF — 03
NWRPAQPL 78.62 1 0.0E + 00 7.6E — 03
NWRPAQPLKNR 47.74 1 0.0F + 00 1.1E - 02
RLVQFHFHWGSSDDQGSE 96.87 1 4.1FE — 06 5.0FE — 02
SHHWGYGKHNGPE 57.71 1 1.1E — 06 4.5FE — 02
TKAVVQDPALKPLALVYGE 42.78 1 0.0E + 00 1.4F — 02
YAAELHLVHWNTK 75.04 1 0.0E + 00 1.0FE — 02
AVSKVYARSVYDSRGNPTVE 96.62 * 6.4F — 03" 1.6FE — 01*
FFKDGKYD 108.5 1 0.0E + 00 49F — 03
FMIAPTGAKTFAE 47.85 1 0.0E + 00 1.6E — 03
IEEELGDNAVFAGENFHHGDK 46.96 1 1.5FE — 08 3.3E — 02
KGVFRSIVPSG 89.26 1 0.0E + 00 6.0E — 03
KNVPLYKHLAD 102.5 1 0.0E + 00 29F — 03
LTKKRYG 56.11 1 1.1E - 11 2.2F — 02
LTVTNPKRIATAIE 116.1 1 0.0E + 00 8.1F — 03
LVVGLRTGQIKTG 95.06 1 4.1F — 07 4.1F — 02
NFHHGDKL 20.05 1 2.0F — 14 1.7E — 02
RLAKLNQLLRIEEE 73.96 1 3.1E - 11 2.3E — 02
SFAAGWGVMVSHRSGETE 189.7 1 0.0E + 00 2.2FE — 03
DVFLGMFLYEYAR 49.80 1 0.0E + 00 4.6E — 03
HPDYSVVLLLR 74.51 1 0.0E + 00 1.2FE — 02
HPYFYAPELLFFAK 33.20 1 0.0E + 00 1.2F — 02
VFDEFKPLVEEPQNLIK 44.21 1 0.0E + 00 4.7FE — 03

In concluding,we note againthat this work represents
researchin progressThe scoringmodulewill be part of
a larger packagewith novel algorithmsfor interpretation
of MS/MS data,andsmartfiltering of databased future
courseof actionwill betoincorporatehestochastienodel
presentedhere into a de-no/o interpretation module.
Anotherinterestingextensionwill beto extendthescoring
to mutation,andmodificationtolerantdatabaseearching.
However, the true test of theseideaswill be in their
applicability to a proteomicspipeline and their role in
discoveringnovel diagnosticsandtherapeutic®f the21st
century
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