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Abstract

Virtually all large-scalesequencingprojectsuseautomatic
sequence-assemigyogramdgo aid in the determinatiorof
DNA sequencesThe computer-generatedssemblies
require substantiahand-editingto transformthem into
submissiongfor GenBank.As the size of sequencing
projectsincreasesjt becomesessentialto improve the
quality of the automatedassemblieso that this time-
consuminghand-editingmay be reduced.Current ABI
sequencingtechnology uses base calls made from
fluorescently-labele®NA fragmentsrun on gels. We
present newrepresentatiomor the fluorescentracedata
associateavith individual basecalls. This representation
canbe usedbefore,during,andafter fragmentassemblyo
improve the quality of assembliesWe demonstratene
suchuse—end-trimmingof sub-optimabata— that results
in a significantimprovementn the quality of subsequent
assemblies.

Introduction

A fundamentaboal of the Human GenomeProjectis to
determinghe sequencef basesn DNA moleculesSince
the late1970%, researchersavebeenmaking progressn
sequencindiumanDNA aswell asthat of severaimodel
organismgMaxam& Gilbert1977,Sangerl977).Their
methods have evolved from painstaking manual
generatiorand analysisof datato the incorporationof
automatedand computerizedechniquegAnsorgeet al.
1986,Smithetal. 1986,Connellet al. 1987 ,Proberet al.
1987,Dear& Stadenl991,Hunkapilleretal. 1991,Myers
1994).

The key to the use of computerdor analysisis that
DNA is mostnaturallyrepresenteds a discretesequence
of basesThe sequencef basescanbe thoughtof as a
string overan alphabetf four symbolsA, G, C, andT.
Algorithms for matchingand aligning stringshave been
well-studiedin computerscienceand can be appliedto

problemsin DNA sequencingWatermanl989, Kruskal
1983).0ne critical applicationinvolvesthe alignmentof
overlappingsequencesf basesamongDNA fragments
this processs calledsequencassemblyThesequencesf
basesisedfor assemblyaredeterminedy an examinatiol
of the fluorescent-dyéntensity signal,calledtrace data,
that is output by automatic sequencers.

We presentamore descriptiverepresentatioof thetrace
datathatis outputby Applied Biosystemsinc. (ABI)
automaticsequencerdhe outputrepresentationf ABI
trace data is a sequenceof discrete fluorescent-dy
intensitiesAlthoughtheinformationcontainedn thisdata
hasenormougotentialfor usein sequencassemblythe
representatiomhat is output by sequencermakesthe
directuse of the data for automaticassemblyalmost
impossibleWe believethatour newrepresentatiomakes
trace-datanformation directly accessibldor automatic
DNA sequence-assembbtyograms.To substantiatehis
belief,we present casestudyin which ourrepresentatio
is usedin an applicationthattrims sub-optimaldatafrom
sequencebeforeassembly Empirical resultsshow that
the inclusionof the trace-datanformationimprovesthe
quality of subsequent assembilies.

The following sectionof this paperpresentsa brief
backgroundf DNA sequencingandassemblyfor those
readersvho are unfamiliar Next, our new representatio
for trace data is detailed.This is followed by a
presentatiomf our casestudy. Finally, ideasfor future
work and conclusions complete the paper

Background

In brief, the sequencingrocedureconsistf selectinga
largesegmenbf DNA, producingoverlappingragment:
of this segmentsequencingeachfragment,and finally



aligning the overlappingareas of the fragmentsto
determinghe overallsequencef the original segmenof
interest.With the ABI 377 sequencerthe largesegments
of DNA maybe aslongasseveralhundrecilobaseqkb),
andthefragmentghatcanbe sequencedre lessthanone
kb long. Our work involvesthe sequencingndassembly
of individualfragmentssotheseaspect®f the procedure
will be described in more detail.

Sequencing Fragments

The basicideais thatfor eachfragment,we needto

producea setof complementargub-fragmentsThe setis

complementarsinceit is generatedhroughreplication
using polymeraseand a primer. At eachreplicationstep

deoxynucleotideéA, G, C, andT) anddideoxynucleotides
(A*, G*, C*, andT*) competdor additionto thegrowing

sequenceDeoxynucleotidepermit elongationwhereas
dideoxynucleotideserminatereplication (Proberet al.

1987). The resultis a set of sub-fragmentghat

encompasseall possiblelengths(exceptthoseof the

initial primer).

Fragment:

CTTGCTACCCTTCGGATTA

+ primer (GAACG) + polymerase
A+ G+ C+ T
A+ GF o CF o+ T

I+ +

Complementary sub-fragments: GAACGA*
GAACGAT*

GAACGATG*

GAACGATGG*
GAACGATGGG*
GAACGATGGGA*
GAACGATGGGAA*
GAACGATGGGAAG*
GAACGATGGGAAGC*
GAACGATGGGAAGCC*
GAACGATGGGAAGCCT*
GAACGATGGGAAGCCTA*
GAACGATGGGAAGCCTAA*
GAACGATGGGAAGCCTAAT*

Figure 1. The sequenceof a fragment of DNA and the
corresponding set of complementary sub-fragments for
sequencingQuantitiesof primer polymerasegeoxynucleotides,
and dye-labeleddideoxynucleotideerminatorsare addedto
copiesof thefragmentto producethe setof complementargub-
fragments. The asterisks designate fluorescently-labeled
dideoxynucleotide terminators.

Eachdideoxynucleotidatthe end of a sub-fragments
labeledwith a fluorescentlye. Sincea differentdyelabels
eachof the the four basesall sub-fragmentsf a given

lengthare labeledwith the samedye. (Othermethodsof
labelingalsoexist, butwill notbe describedn this paper)
Figurel showsa fragmentand its correspondinget of
sub-fragments.

Thesetof labeledsub-fragmentss placedon aplate of
polyacrylamidegelandan electriccurrentis applied.The
currentcauseshe migrationof sub-fragmentshroughthe
gel. Sincesmallerpiecesof DNA migratemore quickly
thanlargeronesthe sub-fragmentbecomeseparatedy
size.Thefluorescentabelingthen provideshe meandor
determinatiorof the fragmentsequencéAnsorgeet al.
1986, Smith et al. 1986).

The ABI sequencereadsthe intensitytraceof eachof
the four fluorescentdyes as the sub-fragmentsnigrate
past.This processs calledreadingthe trace andthedata
produceds calledtracedata. Thereis onesetoftracedata
for eachof thefour fluorescentlyes.Althougheachsetof
tracedata is composedof discretemeasurementghe
points can be interpolated to form a continuous curve.

Base Calling

Thesetsof tracedataareusedto determinethesequenc
of basesn thefragmentithisis referrecto asbasecalling.
Thefour setsof tracedataare kept synchronizedsthey
arescannediuringbasecalling. The sequenceexpectdo
calla baseatfairly regularintervalsand callsexactly one
basefor eachof theseintervalsof tracedata(Perkin EImer
1995).Thereare usuallyaboutten trace-datgoints per
interval,anda recordis keptof the pointsat which the
calls are made.
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Figure 2. Sequencebasecalls and correspondingsetsof trace
data. The sequencecalls the basewith the highesttracevalue
unlesgwo or morevaluesare similar (in which caseit calls an
N). Gray lines indicate where base calls are made.



The sequencecalls the basesn orderasit scansthe
tracedata.Callsare madeby examiningthe valuesof the
trace data. Ideally, the trace valuesfor one baseare
substantiallyhigherthanthosefor the otherthree.In this
casethebasecorrespondingo thattraceis the onethatis
called. Sometimesthe trace valuesfor two or more
possiblebasesare similar. In this case,the sequencer
makesa no-call andlabelsthe baseawith anN. The goalis
to obtain the exact sequenceof basesthat is the
complemenbf the fragment.n practice the accuracyof
the basecalls madeby modernsequencerss 98-99%
(Chenl1994, Kelley 1994). A sequencef basecallsand
corresponding trace data is depicted in Figure 2.

Sequence Assembly

Whenall the fragmentsof the original DNA segmenbf

interesthavebeensequencedye proceedto assembling
thefragmentdnto largersegmentgMcCombie& Martin-

Gallardo1994,Myers 1994,Rowen& Koop 1994).The

fragmentsoverlap,so we canproducethis assemblyby

aligning the overlappingregionsof the sequencesA

computerassemblyprogramusesan approximatestring-

alignmentalgorithmto find the optimalalignmentof the

sequencesf basecalls (Needleman& Wunsch1970,

Martinez 1983). A consensu®f the base calls is

computedthisformsa contiguousequencef DNA that
is knownas a contig (Staden1980).Figure3 illustrates
this idea.

Sequence 1: CCCGGGGCAATT
Sequence 2: GGGGCAATTAGCCCTTC
Sequence 3: AATTAGCCCTTCCCACG

Consensus: CCCGGGGCAATTAGCCCTTCCCACG

Figure 3. Three overlapping fragmentsalignedto determine
the sequenceof a larger segmentof DNA. The basesequence
of this segment is the consensus of the aligned fragments.

When we assemblesequenceshat are not entirely
correct,we getbaselocationswheresequencesalign but
do not agreecompletely(McCombie& Martin-Gallardo
1994).A consensubasecallin thesecaseds assigneane
of 12 ambiguitycodesas listedin Figure4. (An ambiguity
is any call thatis not A, G, C, or T.) Figure5 portraysa
multiple sequencalignmentcontainingsomeambiguities
in the sequence consensus.

In an ideal assemblywherethe datais flawlessand
availablethe sequencealignto form onecontigandeach
consensubasecall is A, G, C, or T. In fact,this is rarely
the case.Difficulties inherentin the preparationand
sequencingf fragmentdeadto incorrectbasecalls. Also,
the quality of thetracedatabecomegrogressivelyworse

nearthe endof the fragmentMany moreincorrectcalls
andno-callsarein thisregion(Kelley 1994 ,Perkin Elmer
1995).

Base Code Base Code
A or G R not A B

A or T W not G H

A or C M not C D

G or T K not T \

G or C S no-call N, X
Cor T Y

Figure 4. Base ambiguity codes.

After assemblytheambiguitiesmustbe resolvedanda
singlecontig formedbeforea sequenceés completeanc
readyto be submittedto GenBank.This is a time-
consumingaskperformedby humansequence-editothat
entailsvisualanalysisof theassemblyanddata(Rowen&
Koop 1994).

Sequence 1: TGTGCGCGGATCCCCTATTTGTTTA
Sequence 2: TGTCGGCGGAACCCCTATTTGTTTA
Sequence 3: TGTGCGCGGAACCCCTATTTTTTTA
Consensus: TGTSSGCGGAWCCCCTATTTKTTTA

Figure 5. Three sequencesalignedthat are not in perfect

agreement.The four ambiguoushasecallsin the consensL
sequence are underlined.

Trace-Data Representation

Currently commercial assembly programssuch as
DNAStar Inc. Segman Gene CodesCorp. Sequenche
and Genetics ComputerGroup Fragment Assembl
Systemuseonly thesequencef basecalls,andno trace-
data information, in automatic assembly processe
(Schroederl996, Rosenbergl1996, Edelman 1996).
Segman and Sequencherdo provide a 2-D grapf
representationf tracedatafor users,but only for visual
examinationHumaneditorsmake extensivaiseof these
graphsafter assemblyto assistin resolvingambiguou:
calls,fine-tuningalignmentsand mergingcontigs(Rowen
& Koop 1994). As the size of sequencingprojects
continuallygrows, it becomesincreasinglyimportantto
reduce these kinds of costly manual operation:
(McCombie& Martin-Gallardo1994, Rowen & Koop
1994).

We claim that the needfor manual processesan be
reducedby allowingthe explicit inclusion of trace-dat
informationinto theautomaticassemblyprocessSincethe
existingrepresentiorof ABI tracedataas four discrete
sequencesf fluorescent-dyantensitiesis difficult to
incorporate,we have developedan algorithm that



transformsthe trace data into a visually-descriptive
representation that is usable in assembly programs.

The trace-datautputfrom an ABI DNA sequenceis
foundin the datafiles of the ABI Analysisprogram.There
arefour setsof datafor a fragmentof DNA —onefor each
of thefour fluorescentlyes.Thetracedataappearsn two
forms; oneis a sequencef raw intensities,andin the
other the datahasbeenprocesseguchthattracepeaksare
moredistinctanduniform. It is theprocessedatathatis
usedto producethe graphsmade availableto usersof
Segmanand Sequencher While studyingthe graphs,
sequenceeditorspay particularattentionto the relative
intensitiesandcharacteristishapesf tracedata.lt is a
measuref theseshapesandrelativeintensitiesfound in
the graphsof processedlatathat we describein our
representationBy capturingthis information,we can
make availableto an assemblyprogramthe same
information that is available to editors.

For our new representationwe are interestedin
classifyingthe shapeandintensityof the local trace-data
thatis usedfor eachparticularbasecall. We definethis
local trace-datdo be the datafrom midway betweenrthe
previouscall and the currentcall to the data midway
betweerthe currentcall andthe next call (Figure6). We
will referto eachof theseintervalsof dataasbasetrace-
data. Eachsetof basdrace-datas composedf aboutten
to 15 data points representingthe intensitiesof the
fluorescentdyes. In the following sections,the
classificationof thetracedataalwaysrefersto a singleset
of tracedata(the A, G, C, or T fluorescent-dyé¢race-data)
for a base.
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Figure 6. Basetrace-data. Basetrace-datds the trace data
associatedvith a basethatextendsrom midway betweenthe
previouscall andthe currentcall to midway betweerthe current
call and the next call.

Overview

The trace-dataepresentationve defineis composef
classe®f shapeseachof whichis assigned@ scoregrom 0
to 100.Two broadcategoriesredefinedthatareeachthen
divided into three classesThe two broad categorieof
basetrace-datashapesare peaksand valleys.Data that
curvesdown is categorizedasa peakanddatathatcurves

up is categorizedsa valley. As illustratedin Figure?,
somepeaksor valleysare very sharpand pronouncec
otherscontaina shoulder and othersaremerelya smoott
curve sloping in one direction.

Figure 7. A variety of shapesoccur in trace data. Tracedate
takeson a numberof characteristichapesSome are shary
curves,somecontaina shoulder and othersappearas long
smooth curves.

Within the peak and valley categoriesthe datais
dividedinto threeclasses:strong, medium, and weak
Curvesassignedo strong classesare characterizedy
sharppeaksor dips, thoseassigneds mediumpeaksanc
valleysarecharacterizedby the occurrencef a shoulde
in theircurves,andcurvesin weakclassearesmoothanc
slopein only onedirection.Stereotypicatlassshapesre
sketched in Figure 8.

Peaks

Strong Medium Weak
Val leys

Strong Medium Weak

Figure 8. Stereotypicalshapesof classcurves. Gray lines
indicate base call locations.

Often,the distinctionamongthe strong,medium,anc
weakclassess notclear In thesecasesdatais assigneda
weightedcombinationof class scores.Each peak anc
valley is assigneda scorethat reflectsthe amountof
strong, medium, and weak character that is exhibited.

Thetracedataassociateavith a singlebasemay contair
apeak,ora valley, or botha peakandavalley. Thebaseas



calledat a particularpoint in the tracedata— we assign
scoredor boththe peakandthevalley thatarethe closest
to this location. Theseclass scoresare weighted by
proximity to the base-callocation. Peaksor valleys that
are closerto wherethe baseis calledhave a relatively
higher score than those that are further away

Sometimesve may needto make comparisonamong
the four setsof tracedataassociatedvith a singlebase
call. For this situation,the classificationscoresare
adjustedto reflect the relative differencein intensities
(heights)of the peaksor valleys;higherpeaksscorehigher
thanlower peaks,and lower valleysscore higherthan
higher valleys.

Algorithmic Details

The datais scannedor strongpeaksandvalleys,thenfor

mediumpeaksandvalleys,andfinally, if neitherof these
is found,a weakpeakor valley is assumedAt eachstep,
we look for thepeakandvalley thatarethe closesto the

pointwherethe basewas called.Scoresareassignedased
on proximity to the base-callocationandon the amount
of strong, medium, and weak character exhibited.

We first examinethe datafor strongpeaksor valleys.A
strong peakis detectedvhenthereis a changefrom a
negativeto apositive slope,andlikewise, a strongvalley
is detectedwhenthereis a changegrom a positiveto a
negativeslope.The slopesare measure@sthe changen
intensityfrom one datapoint to the next.If astrongpeak
or valleyis found, it mustbe checkedor amountof strong
and medium character Peaksthat start at the baseline
(zerointensity)and return to the baselineare scoredas
100%strongand0% medium.Thesamaeis truefor valleys
that start at the maximumintensity and return to the
maximumintensity. Any otherpeaksor valleysfoundin
this steppossessa combinationof strongand medium
strengths.

To calculatethe strongand mediumscoresywe measure
the local size of the peaksand valleys.We do this by
looking on either side of the peakor valley to find
extremeswhere the slopeschangedirections(changing
from positiveto negativeor vice-versa).The valuesat
theselocationsareusedto determinethe fraction of the
total height of the local areathat is the peakor valley.
Therearethreelocal extremesisedin the calculationone
at the centerof the peakor valley, andoneto eachside.
Thescoredor strongandmediumclassesrecomputedas
follows.

SP = 100*(E-(L+R)/2)/E
MP = 100 - SP
SV =100*((L+R)/2-E)/(L+ R)/2
MV = 100 - SV
where
SP = strong peak score

MP = medium peak score

SV = strong valley score

MV = medium valley score

E = value at peak or valley location

L = value of extreme to left of E location
R = value of extreme to right of E location

If no strongpeaksor valleysare found, the datais
scannedor peaksor valleysof medium strength.A
mediumpeakis locatedwhen the slope has remainel
(nearly)the sameoverat leastthreedata pointsandthen
changesignificantlyto a new valuefor atleastthreedata
points.Threedatapointsare usedto ensurethata true
shoulder in the curve exists.

If a mediumpeakor valleyis found, the amountof
mediumandweakcharacteis computedPeakr valleys
that containa region of zero slopescore 100% mediurr
and0% weak.Other peaksandvalleysfoundin this stef
area combinationof mediumandweak.To assigrnthese
strengthsve determineghe fractionof the overallheightof
the local areathat is the shoulder We do this by first
finding the locationson eitherside of the peakor valley
wherethe slopechangesignificantly. Theselocationsanc
that of the peak or valley are the three slope-chang
locationsusedin thefollowing calculationof mediumanc
weak scores.

WP = 100 * (max(L,R) - E) / max(L,R)

MP = 100 - WP
WV = 100 * (E - min(L,R))/ E
MV = 100 - WV

where

MP = medium peak score
WP = weak peak score
MV = medium valley score
WV = weak valley score

E = value at peak or valley location
L = value at slope-change to left of E locatio
R = value at slope-change to right of E locati

The computationof the medium classscoresdefinec
heredo not conflict with the computationgiven for
assigningstrong and medium scoressince combinec
strongand mediumscoresare mutually exclusivewith
combined medium and weak scores.

Finally, if the data hasnot yet beenclassifiedin the
strongor mediumassignmenstepsa weakpeakor valley
is assumed.Data with increasingly-positiveor
decreasingly-negativedopedefinedatathatis assigneds
a 100% weak valley. Data with slopesthat are
decreasingly-positiver increasingly-negativis scoredas
a 100%weakpeak.Partialweakandmediumscoresare
not assignederesincethat would havebeendonein the
previous step.

Eachclassscoreis adjustedasit is computedo reflect



the proximity of a peakor valleyto thelocationwherethe
base was called. The scores are adjusted as follows.

Shew™ Solg* (1 -E-B[/N)

where
S = aclass score
E = location of peak or valley
B = location of base call
N = number of base trace-data points

Peaksand valleysthat are closerto wherethe basewas
called get higher scores.

(a) Existing Representation (b) 2-D Graph Representation

Point Value 1

39
14
47

375
404
464
704
833
702
570
1401
1321

N—-OQOONOOTEWN —

(c) New Representation

Base Trace-Data Classification Scores
SP MP WP sV MV wv
60 32 0 0 74 17
(65) (35) (0) (0) (81) (19)

Figure 9. Sample Base Trace-Data Classification. (a) The
existingrepresentationf tracedatais a sequencef intensities
associateavith a basecall. (b) A 2-D graphrepresentatioaf the
tracedatais shownasa curveinterpolatedrom the datapoints.
(c) Our newrepresentatiotis a classificatiornof the trace data
basedon the visualshapeandintensityof the tracedata.In this
example,a basehasbeencalledbetweena peakand a valley.
(The grayline indicatesthislocation.)The bases calledat point
7, and the peak and valley are detectedat points8 and 6
respectively The peakandvalley scoreshavebeenadjustedo
reflectthe distanceof the peakandvalley from the point where
the base was called. The scoresprior to adjustmentare in
parenthesis.

An exampleof our new representatiomf tracedata,
basedon its visual shapeandintensity is shownin Figure
9. It is contrastedvith the existingrepresentatioof trace
dataasa sequencef discreteintensityvalues.n the new
representatiora valley with 81% mediumstrengthand
19% weak strengthhas beendetectedo the left of the
base-callocation. A peakthatis 65% strongand 35%
mediumis to theright of thebasecall. Thesescoreshave

thenbeenadjustedo reflect thatthe peakandvalley are
not at the base call location.

After classificationscoreshavebeencomputedfor all
four setsof tracedatafor abasethe scoresaremodifiedto
accounfor therelative intensitydifferencesamongthem
The following formula accomplishes this.

Pnew = Pold * (P / max(T))
Vnew = Vold* (1 - V/ max(T))

where
P = a strong, medium, or weak peak score
V = a strong, medium, or weak valley score
T = base trace-data values

Higher peaks and lower valleys get higher scores.

Each class in the base trace-dataclassificatior
representatiois now assigned scorebetweerD and100.
If desired,a singleclassmay be assignedo basetrace-
databy selectingpeakor valleyaccordingo which hasthe
highersum of scoresand thenstrong medium or weak
accordingo which hasthe highessscore For examplejf a
setof trace datais assignedscoresof SP=75,MP=14,
WP=0, SV=0, MV=11, and WV=3, peak hasthe higher
sumof scoreq75+ 14 + 0 = 89) comparedo valley (0 +
11 + 3 = 14),andthe highestscoringclassis strong (75).
Giventhis, thesingleclassassignmenis strongpeak We
anticipatea need for both fine-grainedand coars¢
classifications of trace data.

In summary we havedescribed classificatiorof base
trace-data as follows.

» Broadcategoriesaredefinedby curvatureand include
peakandvalley.

» Peakand valley categoriesare divided into strong,
mediumandweakclasses.

» Curvesassignedo strongclassesrecharacterizetly a
sharp peak or dip.

» Curvesassignedo mediumclassesare characterizetly
a shoulder

» Curvesassignedo weak classesre characterizedy a
smooth slope in one direction.

» Scoregeflectthe amountof strong,medium,or weak
character exhibited.

» Scoregeflectthe proximity of peaksandvalleysto the
base-call location.

 Scores reflect relative intensity to corresponding trac

« A singleclassmaybe assignedy choosingthe highes
scoringclassin the categorywith the highersum of
scores.

We believethatthe new basetrace-dateclassificatior
representationve have definedmay be used before
during,andafterfragmentassemblyo increasehe quality
andefficiency of automatigprocessesl'o demonstratéhe
value of our representationye next describea methoc



thatsuccessfullyusesbasetrace-dataclassificationgn an
important pre-assembly step.

Case Study: End-Trimming

The quality of the tracedata,andthereforethe basecalls,
decreasedramaticallyasthe readthrougha gelprogresses
(Kelley 1994).In gooddata peaksaresharpwell-defined,
andscaledhigh (PerkinElmer1995).Figure10 showsa
setof tracedataasit progressefrom goodto nearly
uselessSincethe accuracyof the datawe useas input
dramaticallyaffectsthe resultsof anautomaticassembly
processwe want to use only datathatis of suficient
guality to producea good assembly End-trimmingis a
commonpre-processingtepthathelpsto ensurehatonly
gooddatais usedin an assemblyjt removessub-optimal
datafrom the 3' endsof sequenceéSeto,Koop & Hood
1993, McCombie& Martin-Gallardo1994, Rowen &

Koop 1994).

5 ATGCTCAGAAAGG GNG GCCCNNTNCCGG 3°

Figure 10. Deterioration of trace data. Trace databecomes
progressively worse as a gel is read.

For our end-trimmmingexperimentswe used the
DNAStar Inc. Segmansequence-assembgpftware.In
this program sequenceareaddedneat atime to contigs.
New sequencesre comparedagainstthe consensusf
eachexisting contig.If anacceptablalignmentis found
with a contig, the sequencds added,otherwisea new
contigis createdBurksetal. 1994, McCombie& Martin-
Gallardo 1994, DNAStar 1994). Bad data adds many
ambiguousand incorrectbasecalls to, or poisons the
consensudgor its contig and may preventsubsequent
sequencefom beingaddedto the contig (McCombie&
Martin-Gallardo1994).Evenif baddatadoesnotspoilthe
consensugnoughto preventhe additionof sequencest
still resultsin a significantnumberof ambiguitiesin the
consensuthat mustbe resolvedmanually(McCombie&
Martin-Gallardo 1994).

Existing Methods

Existing methodsfor end-trimminginclude the use of
absolute cutd$ andN-Trimming

The absolutecutof methodtrims sequencelataaftera
user-specifiechumberof basesOften with ABI data,the
numberof basesis about500 — this is basedon the

observationthat the quality of trace data generally
deterioratesafter 500 bases(Kelley 1994).Given this
information,datafrom base500to theend of thesequenc
is trimmedoff the sequenceAlthough trimmingthe data
after 500 base callsis reasonablethe problemis that
sometimegooddatais trimmedawaywhile at othertimes
poor data is kept.

The other method,N-Trimming, trims off data that
exceedsinallowednumberof no-calls(Ns) in windowsof
sequencelata. The DNAStar Segmansequence-asseml
programemploysan adaptatiorof this methoddescribe:
as End-Clip in (Seto,Koop & Hood 1993). Segmal
requireswo parameterspne setsa window sizein base:
andthe otherspecifieghe numberof Ns that areallowed
in a window. The sequencef basecallsis scannedrom
the3’ to 5’ enduntil awindow of thegiven sizeis found
suchthat the numberof Ns in the windowis lessthanor
equalto the maximumnumberallowed. Data from this
window to the end of the sequences trimmed off. For
examplejn Figurel0,if we setthewindow sizeto 20 anc
thenumberof Ns allowedto 2, thelastseverbaseson the
3’ end of the sequence would be trimmed away

Althoughit is still commonlyusedwe believethatN-
Trimming hasbeenmadelessusefulby contemporarABI
sequencers thesequencertendto almostalwaysmakea
basecall evenwhenthetracedatais erratic. Thisresultsin
inferior datathatremainsuntrimmedby the N-Trimming
method.Although the numberof no-callsis certainly
correlatedvith the quality of tracedata(andthe basecalls
madefrom it), it is advisablgo look directly at the trace
datato determineits quality. Informationcontainedn the
tracedatacanbeusedto makea moreintelligentdecisior
aboutthe quality of theassociatedbasecallsandthe bes
location for trimming.

Trace-Class Timming

We wantto usethe informationin trace datato make
usefulend-trimmingdecisionsTo do this, we examinethe
basetrace-data@lassificationslefinedearlierto determine
the quality of regionsof tracedata.For our method,we
simply usethesingleclassassignmen(i.e.thebasetrace-
datais assignedhe classwith the highestscorein the
categorywith the highestsum of scores)Similarto N-
trimming,our algorithmscanglatain windows.However,
ratherthanexaminingthe windowsfor no-calls(asin N-
Trimming), we look for sub-optimalbase trace-dat
classificationsAs we scanthe window, we note only the
classof the basetrace-datassociatedavith the basethat
hasbeencalledat thatlocation.In generaltracedatathat
falls into the strongpeakclassis considereaptimal;base
calls made with correspondingtrace data of that
classificationare likely to be accurate.Medium peaks
indicatetrace datathatis lesslikely to produceaccurat



basecalls,andweak peaksandvalleysindicateunreliable
base calls.

To perform Trace-ClasSrimming, three parameters
mustbeset:thesizeof thewindowin basesthe maximum
numberof sub-optimaltraceclassego be allowedin the
window, and a cutoff that specifieswhich classesare
consideredsub-optimal As the cutoff is adjustedthe
trimming stringencyis changedcorrespondingly For
example the most stringentcutoff would specifythat all
classificationsexceptstrong peaksare sub-optimal A
cutof identifyingall but strongandmediumpeaksassub-
optimal is less stringent.

The sequenceof basetrace-dataclassificationsis
scannedromthe3 to5 enduntil awindow of thegiven
size is found such that the number of sub-optimal
classificationdgn the window is lessthanor equalto the
maximumnumberallowed. Thedatafrom thiswindow to
theend of thesequencés trimmedfrom thesequenceand
not usedwhenaddingthe sequencén theassembly (The
datais notactually“thrownaway” butis keptfor possible
usein manualediting.) Figure 11 gives an exampleof
Trace-Class imming of a sequence.

5 T _C G G G C C A T A T T G G G C 3
SPISP_SP WP SP SP SP MP WP SP MPIWP MP WP WP MP

Figure 11. Trace-ClassTrimming example.In this example,
thewindow sizeis ten,themaximumnumbeiof sub-optimaldata
classificationsallowedis two, and weak peaks(WP) and all

valleys are consideredsub-optimal The box encloseshe first

window from the 3’ endof the datathat containgwo or fewer
sub-optimapeaks.The shadedareaof the sequencés trimmed
off.

We empirically evaluateTrace-Classlrimming and
compareit to N-Trimming by optimizingthe parameters
for eachmethodoveronesetof dataandthentestingthe
best parameters on a second set of data.

Data Sets

We useddatafrom the E. coli GenomeProjectlab at the
Universityof Wisconsinthatwasgatheredor anassembly
of a243kb fragmentof E. coli. Datasetswereformedin
the following way. The 2021 sequences the setof data
for theassemblyweretrimmedextensivelysuchthatonly
basedrom locations50 to 200 remainedn eachsequence.
To this set,we addedlongerE. coli sequencefrom
GenBankhatwerebelievedo fall in the243kb sectionof
the E. coli genome. The sequenceswere then
automaticallyassembledlin this way, only the very best
datawas usedand contigswere formed with sequences
that should align (given nearly ideal data).

All contigs containingten or more sequencesvere
chosenfor inclusionin datasets.In thesecontigs,the

GenBanlksequencewere removedandthefull untrimmec
lengthof sequencewasreinstatedEach setof sequence
in acontigformeda separatelataset,calleda project that
could be independentlyassembledThe result was 20
projectsfor evaluatingtrimming methods.Ten projects
form a training setusedto optimize parameterand the
otherten setsform a testsetusedto testthe quality of
subsequenassembliesising the optimized parameter:
Training andtestsetswere choserto makethe numberof
projects equal and the total number of sequences sim
For usein our evaluationsye estimatedhe expectet
numberof contigsandtotal contiglengthfor eachproject
Althougheachprojectis formedfrom a single contig,in
somecasesthe expectechumberof contigsis greaterthan
onebecauseegionsin the contigwerebridgedby (now
removed)GenBanksequencesTo estimatethe expecter
totalcontiglength,we simply usethelengthof the contigs
afterthey havebeenextendedvith complete untrimmec
sequences. The data sets are describeahite T.

Table 1. Data sets.The numberof sequencess the actua
numberin the project.The numberof contigsandthe contig
length are the expected values for the project.

(a) Training set.

Contig

Project |#Sequences| #Contigs Length

1 11 2 2235

2 14 1 1715

3 15 1 2364

4 18 1 3352

5 20 2 5229

6 22 1 1473

7 26 1 824

8 32 3 7067

9 69 3 11,088

10 37 3 9050

Total 264 18 44, 397
(b) Test set.

Contig

Project |#Sequences| #Contigs Length

1 20 2 2810

2 16 1 1221

3 18 3 4271

4 24 3 6221

5 27 2 4503

6 35 2 6696

7 38 1 776

8 13 2 3010

9 15 1 3408

10 57 3 11,382

Total 263 20 44, 298




In additionto the projectsin the testset, we evaluated
our systemwith an unrelatedsetof sequencesTheseare
from a 7 kb segmentof humanDNA. This projecthas
reachedcompletionso the numberof contigsand contig
length is known. @ble 2 describes this set.

Table 2. Human DNAdata set.

Contig
Project |#Sequences| #Contigs Length
human 98 2 7257

Method and Results

We optimizedparameterdor the Trace-ClasSrimming
methodand separatelfor N-Trimming. For N-Trimming,
wevariedthewindow sizefrom tento 50 in increment®f
five andthe numberof Ns to beallowedin awindow from
zeroto five. For Trace-ClassTrimming, we varied the
window size from tento 50, the numberof sub-optimal
peaksto be allowedfrom zeroto five, andthetraceclass
cutof's over strongpeaksmediumpeaks andweakpeaks.
Valleyswerealwaysconsideregub-optimal Eachproject
in the trainingsetwasassembledvith every combination

of parameters and the quality of assemblies was evaluated.

The goal of end-trimmingis to producebetter-quality
automatedassembliesf DNA fragmentsWe usedthree
metricsto measurethe quality of assembliesOne s the
numberof contigs.In general,we want a group of
sequence® assemblénto a smallnumberof contigs(the
ultimategoal is to haveonly a singlecontig).The second
metric is the numberof ambiguitiesin the consensus
sequenceFewer ambiguitiesmeansnot only that the
sequencesalign well, but also thatless manualwork is
needed.The third measures the total length of the
contigs.Contigs shouldbe aslong as possiblewithout
incorporating too many ambiguities.

We measurehe numberof contigsand contiglengthas
the absolutedeviationfrom the expectedvalues,andthe
number of ambiguitiesas the averagenumber of
ambiguouscalls perkb. To scoreeachsetof parameters,
we normalizeand individually sum the three metrics
acrossall datasetsfor eachsetof parametersThe overall
score,§, for parameter setis

S=aG+BT+yA
whereC;, T,, and A, are the normalizedsumsof the

numberof contigstotal lengthof contigs,and numberof
ambiguitiesmetrics, respectively;a, B, and y are
constantsWe believethatthe orderof importanceof the
metricsis: 1) numberof contigs,2) numberof ambiguities,
and 3) total lengthof contigs.Consequentiywe seta =3,
B=1, andy=2 to weight the metrics.

Usingthe schemedescribe@bove we scorecandsorted
the parametessets.We found that, in general,the best

Trace-ClassTrimming assembliegesulted when the
window sizewaslarge(40to 50 bases)the cutoff definec
bothstrongandmediumpeaksasoptimal,andthe numbe!
of sub-optimalpeaksto be allowed wasbetween5% anc
10%of thewindow size.ThebestN-Trimmingassemblie
resultedvhenthewindow sizewaslarge(40to 50 bases,
and the number disallowed was small (0 to 2).

The ten minimum scoring parametersets for N-
Trimming andfor Trace-Classlrimming werechosenas
optimal parametessettings.Next, test set projectswere
assembledsingeachof thetop tenparametesettinggor
N-Trimming and Trace-ClassTrimming settings.The
humanDNA projectwas assembledising only the top-
scoringparametersets.As a baseline the projectswere
also assembled with no trimming.

Discussion

By all threemeasure®sf evaluation(numberof contigs
total contig length,andnumberof ambiguities)pour new
Trace-Classlrimming resultedin assemblieof bettet
quality than thoseproducedafter N-Trimming or no
trimming. Figure12 graphsthe resultsfor the ten test-se
projectsOn averageoverthetest-seprojects the absolutt
deviationfrom the expectedlength of contigsfalls by
about 75% and both the deviationfrom the expectet
numberof contigsandthe numberof ambiguitiegper kb
falls by about50%from assembliesisingN-Trimmingto
thoseusing Trace-Clasgrimming. The decreasén the
numberof ambiguitiegepresents significantdecrease
the amountof hand editing that needsto be done on
assemblegrojectsFor examplejn a 243 kb project,the
numberof ambiguitiedo beresolvedwould decreasérom
nearly10,000basesisingN-Trimmingto fewerthan500C
using Tace-Class imming.

With the humanDNA project,we againseea significant
improvementin the assemblydone after Trace-Clas
Trimming over the assembliesloneafter N-Trimming or
no trimming. Table3 containsthe resultsfor the humar
DNA project.After Trace-Clasgrimming, the assembl'
produceghreecontigs,comparedo five contigswith N-
Trimming (the expectedhumbetis two). It alsoresultsin a
40% reductionin the numberof ambiguitiesperkb over
the assembly done after NHfiming.

Thekey to the succes®f Trace-Clas3rimming is that
it usestheinformationcontainedn tracedatain the form
of basetrace-dataclassificationsTheseclassification:
directlyreflectthemorphologyof tracedata,andaregood
indicatorsof theaccuracyf theassociatethasecalls. The
N-Trimming methoddoesnot use trace data, ratherit
examinenly the sequencef basedor no-calls.Since
modernsequencermake basecalls evenwhenthe trace
datais erratic, searchingor no-callsmay no longer be
useful as a method for assessing the accuracy of bas:



Future Work

Ourtrace-dataepresentatiois afirst attemptat capturing
visualqualitiesof ABI tracedata.Althoughwe havehad
succes#n usingit asdescribedwe believethatit canbe
enrichedto makeit more powerful. Relativeintensities
andrelativeseparationamongpeaksavebeenidentified

as important featuresin patternsof DNA sequences

(Golden,Torgerser& Tibbetts1993,Tibbetts,Bowling &
Golden1994).We will studythemeritof incorporationof
these featuresin our representationln addition,
refinementanay be madethat definepeaksharpnesand
intensity relative to a global scale.
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Figure 12. ResultsResults are graphed individually for the ten
test-set projects as well as for the average over all projects.

We also plan to explore other ways that our
representatioran improve the quality and efficiency of
automated sequence-assembly

The end-trimmingmethodwe describedvorks asa pre-
processingtepto assembly Anotherpre-processingtep
we believebasetrace-datalassificationsmay be useful
for is basecalling. Machine learningsystemssuch as
neural networkscanbe trainedto recognizepatternsof
classificationscoresthat are associatedvith particular
basecalls.Oncethe systemhasbeentrainedto recognize
thepatternsjt canmakebasecallswith previouslyunseen
data.Tibbetts,Bowling, and Golden(1994)describevork
on onesuchmethodhatusesracedataasinputto simple
base-calling neural networks.

Table 3. Human DNA project test results. Trace-Clas
Trimmingyields an assemblywith one morethanthe expectet
numberof contigscomparedo threemore with N-Trimming.
TheTrace-Clas§ rimmingassemblyjhad 40%fewerambiguities
than the assembly done with M¥fiming.

Contig
Trimming| #Contigs Length Ambiguities
Method | Deviation |[Deviation per kb
Trace-
Class 1 576 32
N 3 3113 b4
None 13 12, 818 149

Basetrace-datalassesmay alsobe incorporatednto
the actualassemblyprocessin the Segmanassembl
programthe consensus computedwith a schemethat
usesaweightassignedo eachbasecall in eachsequence
Theideais that betterquality data should havehigher
weightsthat will resultin a greatercontributionto the
consensusomputationthan poorer quality data. The
weightscaneitherbeassignediniformly or accordingo a
trapezoidatule as describedn the DNAStar Lasergen
Usefs Guide (1994). In eithercase,sequence-speci
informationis not usedand datamay be weightec
inappropriatelyor its quality. As with end-trimming pase
trace-datalassificationscanbe usedas a measuref the
guality of basecalls in a sequenceWeightscan be
assignedo a basecall thatreflect the quality of datain the
local area of the call. This proposedmethod use:
information specificto the sequenceas suggestedy
Rowen and Koop (1994) and Bonfield and Staden (19

Alternately basetrace-datalassificationsnay be usec
in theassemblyprocesgo actuallycomputethe consensu
sequenceéWe haveencouragingesultsfrom preliminary
studiesin which we usea summingof classscoresas
evidence for making a particular consensus call.

In the post-assemblyprocessa significantamountof
time is spentin hand-editing.If we can use machine¢
learningtechniquessuchas neuralnetworksto train a
systemto look for the sametrace-datgatternsas the
editors,we may be ableto automatea significantportion
of the manualprocess.Tibbetts,Bowling, and Golder
(1994) describea single-sequencautomaticediting
systemthat usesa neural networkto confirm calls or
suggest changes.

Finally, we believethata moresophisticate@nalysisof
trace-data&lassificationganprovideusefulinformationto
usersaandassemblyprogramsin particular we would like
to beableto identify problematicareasn tracedata.Some
possiblecausedor the existenceof suchareasare: the
presence of unincorporated dideoxynucleotide
homopolymeregions,gel compressionsandnoisy data



Theseregionsare generallycharacterizedy tracedata
that exhibits concurrentsignificantintensitiesor peaks
amongthe four dye traces(Perkin EImer 1995). This

occurrencecan be detectedwith our trace-data
representatioand the information gatheredcan be used
by hand-editoror in automaticprocessesequiringan

assessment of data quality

Conclusions

Thequality andefficiency of automatedNA assembhof

ABI-generatedsequencescan be increasedby the

incorporationof trace-daténformationinto the process.
The visually-orientedbasetrace-datalassesve describe
provide a representatiomf trace datainformation that
makesthis incorporationpossible We have shownone

suchuse,trimming of sub-optimaldatabeforeassembly
thatresultsin betterassembliedJsingthebasetrace-data
classificationdor trimming leadsto a decreasén the

numberof contigs,a reductionin ambiguitiesanda closer
approximatiorto theexpectectontiglength.Refinements
of and other usesof our representatiorare under
investigation.
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