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1 Intr oduction

Any isolatedsignalof a geneis hard to predict. Currentmethodsfor promoterprediction,
for instance,will have eithera very low speci�city or a very badsensitivity, suchthat they
will eitherpredicta hugenumberof falsepositives(fakepromoters)or a very smallnumber
of true promoters. The sameis essentiallytrue for splice site prediction: if looked at in
isolation,splicesitesarevery hard to recognizewith goodaccuracy. This may seemlike
a contradiction,becausethereareprogramsthat performwell on this tasksuchasthoseby
Brunak,Engelbrecht,& Knudsen(1991)andSolovyev, Salamov, & Lawrence(1994). The
reasonfor thesuccessis thatbothof thesemethodsalsousethestatisticsof thecodingexon
region next to thesplicesite. Apart from doinga very carefuljob of describingtheregions
right aroundthesplicesite,they canthereforealsorule out splicesiteswhich do not sit next
to somethinglooking like a good coding region. In bird-watchingthe surroundingsoften
givesthe necessarycluesin decidingwhich bird you arewatchingin the distance,whether
it is seenin an open�eld or in a wood for instance.Signaldetectionin genesis muchlike
bird-watching:it is necessaryto takethesurroundingsinto account.

Therefore,to predictsomethinglike a splicesite,you alsoneedto predictcodingexons
andvice versa(disregardingthe splicesitesof introns in untranslatedregions). In a long
DNA sequence,you probablywould not expect to seea coding exon with two associated
splicesitesunlessthereareotherexonswith which it cancombine. In this way predictions
of thevariouspartsof a geneshouldin�uence eachother, andpredictionof the entiregene
structurewill also improve on the predictionsof the individual signals. Therefore,in the
last few years,genepredictionhasmovedmoreandmoretowardspredictionof wholegene
structures,andthesemethodstypically usemodulesfor recognitionof codingregions,splice
sites,translationinitiation andterminationsites,andsomeeven usestatisticsof the 5' and
3' untranslatedregions(UTRs),promoters,etc.. This combinationof predictionshasindeed
improved the accuracy of genepredictionconsiderably, andas more knowledgeis gained
abouttranscriptionandtranslation,it is likely thattheintegrationof othersignalscanimprove
it evenfurther.
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In thispaperI will describesomeof themethodsfor combiningthepredictionsof several
signalsinto a predictionof a completegenestructure. Becausemost of the gene�nding
methodsarealreadyreviewedin this volume(Milanesi& Rogozin1997),I will focuson the
methodsused.

2 Dynamic programming

A varietyof methodshavebeenproposedfor combiningpredictionsfrom varioussensorsinto
onepredictedgenestructure.Someof theearlymethodsareGeneModeler(Fields& Soder-
lund 1990)andGeneID(Guigo et al. 1992),which both predictcandidateexonsandthen
combinethemaccordingto variousrules.Many programsusesomesortof dynamicprogram-
mingfor thecombination(Snyder& Stormo1993;1995;Gelfand& Roytberg 1993;Xu etal.
1994;Wu 1996;Gelfand,Mironov, & Pevzner1996;Solovyev, Salamov, & Lawrence1995;
Stormo& Haussler1994). Also Gene�nderusesdynamicprogramming(Phil Greenand
RichardDurbin, personalcommunication).A very simpledynamicprogrammingalgorithm
will begiven �rst, which representstheessenceof many of thealgorithms,suchasthosein
(Snyder& Stormo1993;Stormo& Haussler1994;Wu 1996). Theemphasiswill beon the
overall principlesratherthanon therigorousdetails.

Assumeyouhave thefollowing functions,which all scorea region betweenbasenumber
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andnumber� in thesequenceathand.

�������
	����

�� 	��������

���

��� scorestheregion for beinganinternalcodingexon.
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��� scorestheregion for beingthecodingpartof the�rst codingexon,
which mayincludea scorefor thetranslationinitiation signala few basesupstreamof
theATG startcodon.
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��� scorestheregionfor beingthecodingpartof thelastcodingexon.
Includedis a scorefor translationend.
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��� scoresthe region for being the coding part of an unsplicedgene
includingscoresfor translationstartandstop.
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��� scorestheregionfor beinganintron.Thisincludesthescoresfor thesplice
sites,even if the splicesitedetectorsusethe �rst or last few basesof theneighboring
exonsoutsidetheinterval from
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to � .
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��� scorestheregionfor beingintergenic.Suchasensoris oftenomitted,
whichcorrespondsto settingthescoreto zero,sowe includeit without lossof general-
ity. Notethatdespitethenamethis functionis alsousedfor scoringthe5' and3' UTR
of thegene.Explicit incorporationof UTR sensorswill beaddressedlater.

Usually the exon scoreis calculatedby addingup somesort of hexamerstatisticsalong
the sequencefrom

�

to � , ase.g. GeneParser(Snyder& Stormo1993;1995)andFGENEH
(Solovyev, Salamov, & Lawrence1995),but it canalsobeneuralnetworkbasedasin GRAIL
(Xu et al. 1994)andGenie(Kulp et al. 1996;1997). However, it is alsopossibleto use
databasehits to scoreexons, which is usedin e.g. GeneParser, PROCRUSTES(Gelfand,
Mironov, & Pevzner1996),Genie,andGeneWise(Birney & Durbin1997).
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Onewidely usedmethodfor scoringcodingregionsis theinhomogeneousMarkov chain
of � th order, which is usedextensively in GeneMark(Borodovsky & McIninch 1993). In
thesimplestcase(�rst order)the16 conditionalprobabilities���

�����	�

� for nucleotide� given
thepreviousone( � ) in thesequenceareneededfor the threepositionsin the readingframe
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. Thesecanbeestimatedfrom a setof known codingregionsby simply counting
the occurrenceof the 16 dinucleotidesin eachframeandnormalizingproperly. To scorea
sequence���
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��� asbeingcodingandstartingin frame1, onemultipliesall theseprobabil-
ities alongthesequence,���
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In an inhomogeneousMarkov chainof order � , the probabilityof eachbaseis conditioned
on the previous � bases,insteadof just 1. For a secondorderchainthereare64 different
conditionalprobabilitiescorrespondingto the64 possibletrinucleotides.For sucha second
orderchainthescorewouldbe
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A secondorderchainspansa full codon,andusuallythat is the minimum orderto usefor
scoringcodingregions.Most gene�nders useorder4 or 5, which correspondto pentameror
hexamerstatistics.

Usually thesamesensoris usedfor codingpotentialin the four differentexon functions
above, so they only differ in the signalsensorsthey use. The signalscores,suchassplice
sitescores,areusuallyobtainedfrom positiondependentscorematrices(e.g. GeneParserand
FGENEH)or neuralnetworks(e.g. Genie). Often these`signalsensors'aredistinguished
from the `contentsensors'in the dynamicprogrammingalgorithm. Although morenatural
in someformulations,it doesnot makeany principaldifference.Also, it doesnot makeany
differenceif thescorefor splicesitesis partof theintronscoreor theexon score.

Let us�rst considertheproblemof combiningcodingregionsoptimally into exactly one
completegenewithout regardto theframebeingconsistentfor theentiregene.It is assumed
that the scoresareadditive, i.e., theoptimal genestructureis the onewith the largestscore
addedupoverall thecomponents.Thenadynamicprogrammingalgorithmgoeslike this: for
eachposition� in thesequencecalculate
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3. Scorefor bestpartialgeneup to anacceptorat position�
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(� is the�rst baseof theexon).
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Figure1: Illustrationof thedynamicprogrammingalgorithmdescribedin thetext. Potential
codingregionsareshown by aheavy line. Possiblesplicesitesaremarkedwith their consen-
suspattern(GT for donorandAG for acceptor),possiblestartcodonsaremarkedwith ATG,
andpossiblestopcodonswith TAA (oneof thethreestopcodons).

4. Scorefor bestcompletegeneup to astopcodonat position�
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See�g. 1 for a graphicalrepresentationof theseterms.Thesenumbersarecalculatedrecur-
sively from thebeginningto theendof thesequence,�
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yields the scoreof the optimal genestructure. To actually �nd that structure,you needto
save the

�

maximizingtheexpressionin eachstepof theprocessaswell aswhichof theterms
maximizedit (whetherit wasthetermwith

F

�

�

� or
7

�

�

� in thestepswherethereis a choice).
Thenstartingfrom thelaststeponecango backwardsthrougheachstepandthusreconstruct
thegenestructurewith thehighestscore.

As it stands,the computationtime of the algorithmis proportionalto the squareof the
lengthof the sequence.However, this canbe reduceddrasticallyby only consideringvalid
signals,e.g., only calculate

7

�

��� whenever thereis a potentialstartcodon(ATG) at position
� , only calculate

:

and
F

at positionswith potentialsplicesites,etc.. Whencalculatingexon
score,oneneednot considerpositions(

�

) further backthan the �rst stopcodon,andsince
openreadingframesarerarelyvery long,thiswill alsolimit thecalculationtimesigni�cantly.
Theseandotherconstraintsmakesuchanalgorithmfeasibleto useevenfor longsequences.

Thisis essentiallythealgorithmusedin GeneParser, exceptthattherequirementof exactly
onecompletegeneis relaxed,sothatnogenesor apartialgenescanalsobepredicted.Usually
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agenomicDNA sequencecontainsonlypartsof ageneor amixtureof wholegenesandpieces
of genesat the ends.Sometimesa cosmidfrom the humangenomecontainsno genesor is
partof hugeintron. It is very easyto extendan algorithmlike theoneabove to predictany
numberof genesandpartialgenes.For instanceto allow for oneor moregenesoneneedonly
changerule1 to
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This of courseis still a fairly simpli�ed algorithm. The secondextensionone should
includeis readingframeconsistency betweenexons.This is fairly easyto do by having three
different

:

values
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indexedwith 0 areusedfor intronssplicingbetweentwo codons,theonesindexedwith 1 are
usedfor thosesplicingafter the �rst basein a codon,etc.. Now therulesabove needto be
changedto inforceconsistency, sofor instancerule3 wouldchangeto
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Similar changesareneededfor all the otherrulesthat use
F

or
:

. Furthermore,the exon
scoringfunctionsneedto be frame-aware,so onemight have a scorefor eachframe
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wheremodmeansmodulus.Theconditionson



and & arenecessaryfor a consistentframe.
Similarly rule4 wouldchangeto

�

�

���

� ;>=H?

�BA.�

C

F

�

�

�

�D0

��	���������
�� 	��
�����

���

�J8




� if

 �

�

� 8

�

� mod3
7

�

�

�D0

!�����"���	 	��������

���

� 8




�

It is also possibleto integratesensorsfor promotersand the UTRs. This is doneby
addingnew variablesto the dynamicprogramming. For instanceone might have a vari-
able

�

� for transcriptioninitiation. In this casethe translationstartdependson thatvariable,
so for instancethe
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Now we have a methodto combinesensors.Thereis, however, oneproblemthathasnot

beenaddressed,which is how to weightheoutputof thesensorsagainsteachother. Usually
eachsensoris estimatedor trainedindependentlyof all the others,andthey may usecom-
pletelydifferentscales.Similarly, if morethanonemeasureof codingpotentialis used,it is
likely thatthey arenotequallyreliable,andonewouldlike to putahigherweightonthemost
reliableones. Therearetwo waysof solving this problem: oneis to usefully probabilistic
modelsandtheotheris to train theweightsin someway. The�rst of thesemethodswill be
discussedin thenext section.Thesecondmethodis usedin GeneParser, whereseveral sen-
sorsareusedfor thevariousregions;therearefor instancethreedifferentmeasuresfor coding
potential(not countingdatabasehits). Theoutputof thesesensorsarecombinedby a neural
networkwhich is optimizedsoasto give thebestpredictionson a trainingset. In (Stormo&
Haussler1994)ageneralmethodis givenfor optimizingtheweightsof theindividualsensors.
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Figure2: A �nite stateautomatoncorrespondingto thesimpleDPalgorithm.
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Figure3: Themodelof �g. 2 with transitionsaddedthatallows for predictionof any number
of genesandpartialgeneswherethesequencestartsor endsin themiddleof anexon or an
intron.

3 Statemodels

The ideaof combiningthepredictionsinto a completegenestructureis that the `grammati-
cal' constraintscanrule out somewrongexon assemblies.Thegrammaticalstructureof the
problemhasbeenstressedby David Searls(Searls1992;Dong& Searls1994)whoalsopro-
posedto usethe methodsof formal grammarsfrom computerscienceandlinguistics. The
dynamicprogrammingcanoften be describedconvenientlyby somesort of �nite stateau-
tomaton(Searls& Murphy 1995;Durbin et al. 1997).A modelmight have a statefor trans-
lation start (S), one for donorsites(D), one for acceptorsites(A), andone for translation
termination(T). Eachtimeatransitionis madefrom onestateto anotherascore(or apenalty)
is added.For thetransitionfrom thedonorstateto theacceptorstatetheintronscoreis added
to thetotal score,andsoon. In �g. 2 thestatediagramis shown for thesimpledynamicpro-
grammingalgorithmabove. For eachvariablein thealgorithmthereis a correspondingstate
with thesamename,andalsoabegin andendstateis needed.

The advantageof sucha formulation is that the dynamicprogrammingfor �nding the
maximumscore(or minimumpenalty)is of a moregeneraltype,andthereforeaddingnew
statesor new transitionsis easy. For instancedrawing thestatediagramfor a moregeneral
dynamicprogrammingalgorithmthatallowsfor any numberof genesandalsopartialgenesis
straight-forward(�g. 3),whereasit isabit involvedto write down. Similarly thestatediagram
for theframe-awarealgorithmsketchedoutabove is shown in �g. 4.

If the scoresusedare log probabilitiesor log-odds,thena �nite stateautomatonis es-
sentiallya hiddenMarkov model(HMM), andthesehave beenintroducedrecentlyinto gene
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Figure4: A modelthat ensuresframeconsistency throughouta gene. As in the two previ-
ous�gures, dottedlinescorrespondto intergenicregions,dashedto introns,andfull linesto
codingregions(exons).

�nding by severalgroups.Theonly fundamentaldifferencefrom thedynamicprogramming
schemesdiscussedin theprevioussectionis that thesemodelsarefully probabilistic,which
have certainadvantages.Oneof theadvantagesis thattheweightingproblemis easier.

VEIL (Henderson,Salzberg, & Fasman1997)is an applicationof an HMM to the gene
�nding problem. In this modelall the sensorsareHMMs. The exon moduleis essentially
a �rst order inhomogeneousMarkov chain, which is describedabove. This is the natural
orderfor implementationin an HMM, becausetheneachof the conditionalprobabilitiesof
the inhomogeneousMarkov chain correspondsto the probability of a transitionfrom one
stateto the next in the HMM. It is not possibleto avoid stopcodonsin the readingframe
whenusinga �rst ordermodel, but in VEIL a few morestatesare addedin a clever way
which makesthe probability of a stop codonzero. Sensorsfor splicesitesaremadein a
similar way. The individual modulesarethencombinedessentiallyas in �g. 2, i.e., frame
consistency is not enforced.The combinedmodel is onebig HMM, andall the transitions
have associatedprobabilities.Theseprobabilitiescanbeestimatedfrom a setof trainingdata
by a maximumlikelihood method.For combiningthemodelsthis essentiallyboils down to
countingoccurrencesof thedifferenttypesof transitionsin thedataset.Thereforetheimplicit
weightingof theindividualsensorsis not reallyanissue.

Although the way the optimalgenestructureis found is very similar in spirit to the dy-
namicprogrammingabove, it looksquitedifferentin practice.This is becausethedynamic
programmingis doneat thelevel of theindividualstatesin all thesubmodels;therearemore
than200suchstatesin VEIL. Becausethemodelis fully probabilistic,onecancalculatethe
probabilityof any sequenceof statesfor a givenDNA sequence.This statesequence(called
a path)determinesthe assignmentof exonsandintrons. If the pathgoesthroughthe exon
model,that partof the sequenceis labeledasexon, if it goesthroughthe intron modelit is
labeledintronandsoforth. Thedynamicprogrammingalgorithm,which is calledtheViterbi
algorithm,�nds the mostprobablepaththroughthe model for a given sequence,andfrom
this thepredictedgenestructureis derived. (See(Rabiner1989)for a generalintroductionto
HMMs.)

This probabilisticmodel gives the advantageof solving the problemof weighting the
individualsensors.Themaximumlikelihoodestimationof theparameterscanbeshown to be
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optimalif thereis enoughtrainingdata,andif thestatisticalnatureof genescanbedescribed
by sucha model. A weakpartof VEIL is the �rst orderexon model,which is probablynot
capableof capturingthe statisticsof codingregions,andmostothermethodsuse4th or 5th
ordermodels.

A HMM basedgene�nder called HMMgene is currentlybeing developed. The basic
methodis thesameasVEIL, but it includesseveralextensionsto thestandardHMM method-
ology, whicharedescribedin (Krogh1997).Oneof themostimportantis thatcodingregions
aremodeledby a4thorderinhomogeneousMarkov chaininsteadof a �rst order. This is done
by an almosttrivial extensionof the standardHMM formalismthat allows a Markov chain
of any orderin a statestateof themodel,whereasthestandardHMM hasa simpleuncondi-
tionalprobabilitydistributionover thefour bases(correspondingto zerothorder).Themodel
is frame-awareandcanpredictany numberof genesandpartialgenes,sotheoverall structure
of the model is as in �g. 4 with transitionsaddedto allow for begin andendin exonsand
intronsasin �g. 3.

As alreadymentioned,the maximum likelihood estimationmethodworks well if the
modelstructurecandescribethe true statisticsof genes. This is a very idealizedassump-
tion, andthereforeHMMgeneusesanothermethodfor estimatingtheparameterscalledcon-
ditionalmaximumlikelihood(Juang& Rabiner1991;Krogh1994).Looselyspeaking,maxi-
mumlikelihoodmaximizestheprobabilityof theDNA sequencesin thetrainingset,whereas
conditionalmaximumlikelihood maximizesthe probability of the genestructuresof these
sequences,which,afterall, is whatwe areinterestedin. This kind of optimizationis concep-
tually similar to theoneusedin GeneParser, wherethepredictionaccuracy is alsooptimized.
HMMgenealsousesa dynamicprogrammingalgorithmdifferentfrom theViterbi algorithm
for predictionof thegenestructure.All of thesemethodshave contributedto a high perfor-
manceof HMMgene.

Genie is anotherexampleof a probabilisticstatemodel which is called a generalized
HMM (Kulp et al. 1996;Reeseet al. 1997). Figure 4 is in fact Genie's statestructure,
and both this �gure and �g. 2 are essentiallycopiedfrom (Kulp et al. 1996). In Genie
the signalsensors(splicesites)andcontentsensors(codingpotential)areneuralnetworks,
andtheoutputof thesenetworksareinterpretedasprobabilities.This interpretationrequires
estimationof additionalprobabilityparameterswhich work like weightson thesensors.So,
althoughit is formulatedas a probabilisticmodel, the weighting problemstill appearsin
disguise. The algorithmfor predictionis almostidentical to to the dynamicprogramming
algorithmof thelastsection.A versionof Geniealsoincludesdatabasesimilaritiesaspartof
theexon sensor(Kulp et al. 1997).

Therearetwo main advantagesof generalizedHMMs ascomparedto standardHMMs.
First,theindividualsensorscanbeof any typesuchasneuralnetworks,whereasin astandard
HMM they arerestrictedby the HMM framework. Second,the lengthdistribution (of e.g.
codingregions)canbetakeninto accountexplicitly, whereasthenaturallengthdistributionfor
anHMM is a geometricdistribution, which decaysexponentiallywith thelength. However,
it is possibleto have a fairly advancedlengthmodelingin anHMM if severalstatesareused.
Theadvantageof asystemlike HMMgene,ontheotherhand,is thatit is oneintegratedmodel,
whichcanbeoptimizedall atoncefor maximumpredictionaccuracy.

Anothergene�nder basedona generalizedHMM is GENSCAN(Burge& Karlin 1997).
ThemaindifferencesbetweentheGENSCANstatestructureandthatof Genieor HMMgene
is that GENSCANmodelsthe sequencein both directionssimultaneously. In many gene
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�nders, suchasthosedescribedabove,genesare�rst predictedononestrand,andthenonthe
other. Modelingbothstrandssimultaneouslywasdonevery successfullyin GeneMark,and
a similar methodis implementedin GENSCAN.Oneadvantage(andperhapsthemainone)
is that this constructionavoids predictionsof overlappinggeneson the two strands,which
presumablyarevery rarein the humangenome.GENSCANmodelsany numberof genes
andpartialgeneslike HMMgene. Thesensorsin GENSCANarevery similar to thoseused
in HMMgene. For instancethecodingsensoris a 5th orderinhomogeneousMarkov chain.
Thesignalsensorsareessentiallypositiondependentweightmatrices,andthusarealsovery
similar to thoseof HMMgene,but therearemoreadvancedfeaturesin thesplicesitemodels.
GENSCANalsomodelpromotersandthe5' and3' UTRs.

4 Performancecomparison

Comparinggene�nders is dif�cult. In (Burset& Guigo 1996) several gene�nders were
comparedon a dataset consistingof 570 mammaliansequencescontainingone complete
genewith at leastoneintron. In table1 theperformanceon this datasetis shown for some
of thegene�nders mentionedin this paper(see(Milanesi& Rogozin1997)for numberson
othergene�nders). Thereareseveral problemswith sucha comparison.First, mostof the
gene�nders weretrainedon datathat hadgeneshomologousto someof the sequencesin
this testset.Sincethis overlapvariesamongthegene�nders theresultsarehardto compare.
Second,whereastheinitial testwasdoneby anindependentgroup,mostof thenumbersshown
in the tableareobtainedby the developersthemselvesafter the comparisonwaspublished.
This makesit possibleto keeptuning the methoduntil it performswell on theseparticular
data(only thenumbersfor FGENEH,GeneID,andGeneParserarefrom theoriginal study).
Finally, it is likely thatsomeof thegene�nders in thecomparisonhavebeenfurtherdeveloped
sincethetest.

To reasonablyreliably testgene�nders they needto be trainedandtestedon the same
datasets.This would requirethatall developersagreeon a datasetanddo cross-validation
wherethegene�nder is trainedone.g. 9/10of thedataandtestedontheremaining1/10.This
processis repeated10 timesuntil all thedatahave beenusedfor testingandtheperformance
measuresareaveraged.As a start in thatdirectionthe Geniegrouphasmadetheir dataset
of almost400humangenesavailablefor otherresearchers,andin fact GenieandHMMgene
have beencross-validatedon this set,see(Reeseet al. 1997;Krogh 1997)for results.In the
Geniedatasigni�cant homologiesbetweengeneshave beenremoved,andit is restrictedto
sequenceswith exactlyonecompletegene.Theperformanceis generallyloweron thesedata
thanon theBurset-Guigodata. First of all becausethe trainingsetis non-homologouswith
the testsetbecauseof crossvalidation,andsecondlybecausethe sequencesarelongerand
seemsto begenerallyharder. Hopefully in thefuturetherewill begooddatasetsof reliably
annotatedgenomicsequencefor thegene�nders to betrainedandtestedon.

Both GenieandHMMgeneweretrainedon theGeniedataset,andthereforethe results
shown in table1 arecomparable.GENSCANalsousedthisdatasetfor training,but addition-
ally useda setof almost2000completehumancDNA sequences.This muchlargerdataset
allowsareliableestimationof the5thordercodingmodelused,whereasmy experimentswith
HMMgeneshowedthatusinga codingmodelof orderhigherthan4 basedon theGeniedata
alonewasnot successful.Furthermore,it is almostcertainthat therearemorehomologies
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Performancein % Base Exon
Burset/Guigodata Sn Sp Sn Sp ME WE
GeneParser2 66 79 35 40 29 17
GeneID 63 81 44 46 28 24
FGENEH 77 88 61 64 15 12
VEIL 83 72 53 49 19 NA
Genie 78 84 61 64 15 16
HMMgene 88 94 74 78 13 8
GENSCAN 93 93 78 81 9 5

Table 1: A comparisonof gene�nders on the Burset/Guigodata. Theseonesdo not use
databasesearches.Sensitivity (Sn)andspeci�city (Sp)areshown atboththesinglenucleotide
level andat the exactexon level. The last two columnsshow missingexons(ME): the per-
centageof trueexonsthat do not overlapwith a predictedone,andwrongexons(WE): the
numberof predictedonesthatdo not overlapa correctone. See(Milanesi& Rogozin1997)
for a discussionof theseperformancemeasures.Thenumbersfor GeneParser2,GeneID,and
FGENEHaretakenfrom theoriginalcomparison(Burset& Guigo1996),in whichFGENEH
showed the bestperformance.Numbersfor Geniearefrom (Reeseet al. 1997), thosefor
HMMgenefrom (Krogh1997),and(Burge& Karlin 1997)hasthenumbersfor GENSCAN.
Notethattheresultsfor VEIL arefor 5-fold cross-validationon theBurset/Guigodata.

betweenGENSCAN's datasetandthe testset. GENSCANstandsout asthebestin table1,
andthereis no doubt that GENSCANis currentlyamongthe bestgene�nders. However,
directcomparisonbasedon thesenumbersis impossible.

5 Conclusion

In thispaperI discussedwaysof combininginformationof splicesites,codingpotential,etc.,
into apredictionof acompletegenestructure.It is quiteeasyto extendmostof thesemethods
to includesensorsfor promoters,5' and3' untranslatedregions,poly-A site,andsoforth. In
HMMgenethishasonlygivenmarginalimprovements,andiscurrentlynotincluded.As more
knowledgeis gainedaboutgenestructureandregulationit is quitepossiblethatincorporation
of moresensorscansigni�cantly improveprediction.

Most currentgene�nders aredevelopedfor DNA sequenceswith no or very few errors
andfor `text bookgenes'thatall have theGT/AG consensussplicesites,no frameshifts,no
alternative splicing,andso forth. Many of thesecomplicationscanbedealtwith in mostof
themodelsmentionedhere,but nodoubtat thecostof worseperformance.Althoughsomeof
theproblemshave beentakenupalready, theseissuesaremainly topicsof futureresearch.

HMMgene,which wasdescribedbrie�y , is still beingdevelopedandthenumbersshown
haveimprovedsomewhat.It is possibleto follow thedevelopmentandtestthecurrentversion
at thewebsite http://www.cbs.dtu.dk/services/HMMgene/.Links to someof theothergene
�nders mentionedcanbefoundonmywebpagehttp://www.cbs.dtu.dk/krogh/gene�nding.html.
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