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Moti vation

It is standard,in a thoroughsequenceannotation,to take into account
several sourcesof evidencein orderto try to preciselylocategenes(ex-
ons/introns)in eucaryoticsequences.Thesourcesexploited typically in-
clude:

matchesagainstdatabases(cDNA andproteindatabases);

outputof splicesitesor translationstartpredictionsoftware;

more or lesssophisticated"integrated"genefinding software, eg.
GeneMark.hmm[4].

Noneof thesesourcesof evidenceis, alone,sufficient to decidegenelo-
cationsandthe manualintegrationof all thesedatais a painful andex-
tremelyslow work. Themotivationof our work is, asfar aspossible,to
automatethis job usingArabidopsisthalianaasafirst testorganism.

Methods

Along this line of idea,we have designeda simple,general,efficient and
yet effective graph-basedapproachfor genefinding that allows to com-
bineseveralsourcesof evidence.Ratherthandirectlycombiningtheout-
put of existing genefinding software(asin [5]) we decidedto combine
theinformationat thelowestlevel in orderto beableto:

1. maintaintheconsistency of theprediction;

2. globally assessthe impactof eachlocal choicew.r.t. all available
evidence.

Given a raw DNA sequence,the basicidea is to build a directed
acyclic weightedgraphsuchthat all possibleconsistentgenestructures
arerepresentedby a pathin thegraph.Thegenestructurecurrentlyused
in EuGèneis thesimplestreasonablestructure,theonly signalstakeninto
accountbeingATG, stopsandsplicesites.

The directedacyclic graphusedfor a simple ad-hocsequenceis
illustratedabove. It is a series-parallelgraphwith 13 different tracks
that correspondrespectively to the 6 forward/reversecoding frames,6
forward/reverse intronic phasesand a non coding track. Each signal
occurrence,betweentwo successive nucleotides,generatesoneor more
“switches” betweentwo parallel tracks. Eachsource-sinkpath defines
a sequenceof consistentgenesstructures(which may be partial on the
limits of the sequence).The sizeof the graphis in O(n) wheren is the
sequencelength.
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Figure1: TheDAG exploredby EuGènefor a simplesequence

To chooseonepathamongtheO(13n) pathsin thisgraph,eachedge
e is weightedby a positive numberwe in sucha way that shortestpaths

in the graphcorrespondto genestructuresthat "best respect"the avail-
ableevidence. A probabilisticinterpretationof this modelcanbe given
asfollows: eachedgee hasa probabilityof existencePe. Undersimple
independenceassumptions,thereliability of a source-sinkpathis simply
definedby theproductof all thePe in thepath.A mostreliablepathis then
a shortestpathin the graphwherewe = -log(Pe). The approachis com-
parable(althoughnot equivalent)to anexplicit statedurationHMM with
uniform durationdensities(see[9], pp. 270) with a non-homogeneous
transitionmatrix betweenhiddenstates(our tracks).

Givenanadequategraph,a simplelineartime, linearspaceshortest
pathalgorithmsuchasBellman’s algorithmcanoutputthebestpossible
genestructure.We usea slightly moresophisticatedalgorithmthat can
take into accountconstraintson the minimum lengthof somegeneele-
ments(introns,singleexon genes,intergenicregions).We think that this
algorithmis still in O(n) althougha proof is neededto beaffirmative.

Thefirst versionof our prototype,calledEuGèneI, integratesthe
following sourcesof information:

outputof five interpolatedMarkov models(IMM, [10]) for respec-
tively frame1, 2, 3 exons,intronsandintergenicsequences.These
modelshavebeenestimatedontheAraCleanv1.1dataset[8]. Given
thesequence,theIMMs allow to computetheprobabilityPt(Ni) that
the nucleotideNi at position i appearson eachtrack t. The corre-
spondingedgeis weighted-log(Pt(Ni)) (seeFigure1).

outputof existing signalpredictionsoftware. Thesesoftware typi-
cally outputa so-called“confidence”0

�
ci

�
1 on the fact that a

possiblesignaloccurringatpositioni is used(i.e., thecorresponding
switchused).Thisconfidencecannotdecentlybeinterpreteddirectly
asa probability. We make theassumptionthat theswitch’s weights
havetheparametricform -log(a � cb

i ) wheretheconstantsa andb have
to beestimatedfor eachsourceof evidence(seeFigure1).

To estimatetheseparameters,we have simply maximizedthepercentage
of correctpredictionson the samelearningset (Araclean1.1) using a
simplegeneticalgorithm.A secondversion,calledEuGèneII canuse,in
conjunctionwith thesebasicinformation,resultsfrom cDNA andprotein
databasessearch:

cDNA alignmentsin conjunctionwith splicesitesareusedto mod-
ify thegraphasfollows: matches(resp.gaps)deleteintronic (resp.
exonic) tracksin thegraph.This forbidspathsthatwould beincom-
patiblewith thecDNA data.

similarly, EuGène II can exploit protein matches. However, one
cannot be confident enoughin such information to directly use
matches/gapsas constraintsand we thereforesimply modify the
Pt(Ni) usinga simplepseudo-countscheme.

In practice,the structureandweightsof the graphcanbe directly
modifiedby theuserusinga very simplelanguagethatallows to include
informationaboutstarts,splicesites,exonic/intronic/intergenictrackson
a pernucleotidebasis.

EuGènein action

In this sectionwe show how EuGèneworks in practiceby applying it
to the contig 38 from the Arasetdataset[6] which containstwo genes
with respectively 3 and 13 exons. We first collect information about
splicesitesandATG by submittingthesequenceto NetGene2[11], Net-
PlantGene[3], SplicePredictor[1], NetStart[7]. . . usinga dedicatedPerl
script. This automaticallybuilds a file containingpositionsandstrengths
of “switches” in the graph. This file, andthe Perl script canbe simply
modifiedby theuserto includeothersourcesof evidenceif desired.For



example,thefile containssentenceslike “start r4 vrai 3.7e-02nocheck”
which statesthat thereis a reversestartat position4 andthe weight of
thecorrespondingedgeshouldbe-log(0 � 037). The“nocheck” indicates
thattheuserdoesnotwantEuGèneto verify at theendthatthisATG has
beeneffectively usedin theprediction.

WethenstartEuGèneandaskfor agraphicalzoomfrom nucleotide
3001to 7000(region of the secondgeneaccordingto Araset’s annota-
tions). On this sequence,EuGène I perfectly locatesall exons/introns
borderof the 2 genes.EuGèneoutputsimagesin PNG or GIF format
which candirectly be usedon Web pages.The X-axis is the sequence.
TheY-axis representssuccessive “tracks”: reverseintrons,frame-3, -2,
-1 exons,intergenicsequences(this includesUTR), frame1, 2, 3 exons
andforwardintrons.
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Figure2: EuGèneI appliedto contig38of Araset

On eachtrack, the black curve representsthe outputof the IMM
modelssmoothedoverawindow of 100nucleotidesandnormalized.The
large red blocks representEuGène’s prediction. On the exonic tracks
alone,small vertical red barsrepresentpotentialstopsandblue vertical
barsrepresentpotentialstarts(ATG), the heightof the bar beingrepre-
sentative of the quality of the ATG accordingto the availableevidence.
On the intronic tracks,green/magentabarsrepresentdonors/acceptors.
Again, the heightof the bar is representative of the quality of the splice
site.

EuGène I is not always as successful,eg. on the sequenceof a
tRNA synthetase(SYNO_ARATH), whereEuGèneI misses2 exonsand
chooseswrongsplicesitesfor 2 others.However, enoughcDNA dataex-
istsso thatEuGèneII is ableto unambiguouslylocateall exons/introns
borders. On the graphicbelow, this additionalinformationis provided:
the intronic tracksshow blueblocksthat representcDNA matchesinter-
connectedby thin lines that representgaps(connectingsplicesites). In
thiscase,noproteindatabaseinformationis used.
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Figure3: EuGèneII appliedto a tRNA synthetasewith cDNA data

Evaluation

The“Araset”datasethasoriginally beendesignedandusedto assesssev-
eralexisting geneor signalfinding software(full paperpresentedat this
conference).Theclearwinnerof this evaluationis GeneMark.hmm[4].
We thereforedecidedto compareEuGène to GeneMark.hmmon this
dataset(whichdoesnotshareany sequencewith theAracleandatasetused
for EuGèneparameterestimation).Theresultspresentedbelow are“gene

model” level results(we referthe readerto [6, 2] for a precisedefinition
of thesemeasures).Naturally, similarly improved resultsare obtained
at the nucleotide,exon or proteinlevel. For EuGène II, we usedSPTR
anda cDNA databasebuilt usingEMBL, andcleanedfrom documented
partiallyor alternatively splicedcDNA.

# genes actual
predicted

correct
missing

partia
l
wrong

split fused
sensit.

specif.

GeneMark 168 208 67 1 100 27 18 12 40% 32%
EuGèneI 168 196 102 1 65 21 8 2 61% 52%
EuGèneII 168 198 125 1 42 22 9 0 74% 63%

Althoughanin-depthanalysisis neededto bemoreconclusive, we
think thatthestrengthof EuGèneI lies in thequalityof its basiccompo-
nents(IMM, NetGene2.. . ), theexistenceof anintergenicMarkov model,
and in the fact that, except for the IMM, its parametershave beenes-
timatedby maximumof “successfulrecognition” ratherthanmaximum
likelihood.Thisprobablytendsto compensatefor possibleweaknessesin
theglobalmodel.

This report is very preliminaryandwe expect to significantlyen-
hanceEuGène’s effectivenessin a nearfuture (andapply it to otheror-
ganisms).Actually, comparedto othergenefinding algorithms,EuGène
is relatively simple: it usesa singleMarkov modelsetindependentlyof
GC%, doesnot take into accountsignalssuchas polyA or promoters.
This shouldleave roomfor improvements.
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