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1 Intr oduction

Any isolatedsignalof a geneis hardto predict. Currentmethodsfor promoterprediction,
for instancewill have eithera very low speci city or a very badsensitvity, suchthatthey
will eitherpredicta hugenumberof false positves(fake promoters)r a very smallnumber
of true promoters. The sameis essentiallytrue for splice site prediction: if lookedat in
isolation, splice sitesare very hardto recognizewith goodaccurag. This may seemlike
a contradiction becausehereare programsthat performwell on this tasksuchasthoseby
Brunak,Engelbrecht& Knudsen(1991)and Solovyev, Salame, & Lawrence(1994). The
reasorfor the successs thatboth of thesemethodsalsousethe statisticsof the codingexon
region next to the splicesite. Apart from doing a very carefuljob of describingthe regions
right aroundthe splicesite, they canthereforealsorule out splice siteswhich do not sit next
to somethinglooking like a good codingregion. In bird-watchingthe surroundingsoften
givesthe necessaryluesin decidingwhich bird you arewatchingin the distancewhether
it is seenin anopen eld or in awoodfor instance.Signaldetectionin geness muchlike
bird-watching:it is necessaryo takethe surroundingsnto account.

Therefore to predictsomethindike a splicesite,you alsoneedto predictcodingexons
andvice versa(disrggardingthe splice sitesof intronsin untranslatedegions). In along
DNA sequenceyou probablywould not expectto seea coding exon with two associated
splicesitesunlessthereare otherexonswith which it cancombine. In this way predictions
of the variouspartsof a geneshouldin uence eachother andpredictionof the entiregene
structurewill alsoimprove on the predictionsof the individual signals. Therefore,in the
lastfew years,genepredictionhasmoved moreand moretowardspredictionof whole gene
structuresandthesemethodgypically usemodulesfor recognitionof codingregions,splice
sites, translationinitiation andterminationsites,and someeven usestatisticsof the 5' and
3' untranslatedegions(UTRs), promotersgtc. This combinationof predictionshasindeed
improved the accurag of genepredictionconsiderablyand as more knowledgeis gained
abouttranscriptiomandtranslationit is likely thattheintegrationof othersignalscanimprove
it evenfurther.
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In this paperl will describesomeof themethodgor combiningthe predictionsof several
signalsinto a predictionof a completegenestructure. Becausemost of the gene nding
methodsarealreadyreviewedin this volume(Milanesi& Rogozin1997),l will focusonthe
methodwused.

2 Dynamic programming

A varietyof methodshave beenproposedor combiningpredictiondrom varioussensorsnto
onepredictedgenestructure.Someof the early methodsare GeneModele(Fields& Soder
lund 1990) and GenelD(Guigo et al. 1992),which both predictcandidatesxonsandthen
combinethemaccordingo variousrules.Mary programsisesomesortof dynamicprogram-
ming for thecombination(Sryder& Stormo01993;1995;Gelfand& Roytbeg 1993;Xu etal.
1994;Wu 1996;Gelfand,Mironov, & Perzner1996;Solovyev, Salame, & Lawrencel995;
Stormo& Hausslerl994). Also Gene nderusesdynamic programming(Phil Greenand
RichardDurbin, personatommunication).A very simpledynamicprogrammingalgorithm
will be given rst, which representshe essencef mary of the algorithms,suchasthosein
(Sryder& Stormo1993;Stormo& Hausslerl994;Wu 1996). The emphasiwill beonthe
overall principlesratherthanontherigorousdetails.

Assumeyou have the following functions,which all scorearegion betweerbasenumber

andnumber in thesequencathand.

- scoregheregionfor beinganinternalcodingexon.

_ scoregheregion for beingthe codingpartof the rst codingexon,
which mayincludea scorefor thetranslationnitiation signala few basesupstreanof
the ATG startcodon.

_ scoregheregionfor beingthecodingpartof thelastcodingexon.
Includedis a scorefor translationend.

_ scoresthe region for beingthe coding part of an unsplicedgene
includingscoredor translatiorstartandstop.

scoregheregionfor beinganintron. Thisincludeshescoredor thesplice
sites,evenif the splicesite detectorausethe rst or lastfew basesf the neighboring
exonsoutsidetheinterval from to .

scoregheregionfor beingintergenic.Suchasensois oftenomitted,
which correspond$o settingthescoreto zero,sowe includeit withoutlossof general-
ity. Notethatdespitethe namethis functionis alsousedfor scoringthe5' and3' UTR
of thegene.Explicit incorporatiorof UTR sensorsvill beaddressethter.

Usually the exon scoreis calculatedby addingup somesort of hexamer statisticsalong
thesequencérom to , ase.g GeneRrser(Sryder& Stormo1993;1995)and FGENEH
(Solovyev, Salame, & Lawrencel995),but it canalsobeneuralnetworkbasedasin GRAIL
(Xu etal. 1994)and Genie(Kulp etal. 1996;1997). However, it is alsopossibleto use
databaséhits to scoreexons, which is usedin e.g. GeneRrser PROCRJUSTES (Gelfand,
Mironov, & Peszner1996),Genie,andGeneWse (Birney & Durbin 1997).
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Onewidely usedmethodfor scoringcodingregionsis theinhomogeneouMarkov chain
of th order which is usedextensvely in GeneMark(Borodossky & Mclninch 1993). In
the simplestcase( rst order)the 16 conditionalprobabilities for nucleotide given
the previousone( ) in the sequenceareneededor the threepositionsin the readingframe

. Thesecanbe estimatedrom a setof known codingregionsby simply counting
the occurrenceof the 16 dinucleotidesn eachframe andnormalizingproperly To scorea

sequence asbeingcodingandstartingin framel, onemultipliesall theseprobabil-
ities alongthe sequence, . By takingthelogarithmthis score
becomesdditive. If welet thescoreis

In aninhomogeneouMarkov chainof order , the probability of eachbaseis conditioned
on the previous basesjnsteadof just 1. For a secondorderchainthereare 64 different
conditionalprobabilitiescorrespondingo the 64 possibletrinucleotides.For sucha second
orderchainthescorewouldbe

A secondorderchainspansa full codon,andusuallythatis the minimum orderto usefor
scoringcodingregions. Most gene nders useorder4 or 5, which correspondo pentamenr
hexamerstatistics.

Usually the samesensoiis usedfor codingpotentialin the four differentexon functions
above, sothey only differ in the signalsensordhey use. The signalscores,suchassplice
sitescoresareusuallyobtainedrom positiondependenscorematriceqe.g. GeneRrserand
FGENEH) or neuralnetworks(e.g. Genie). Often these signal sensors'are distinguished
from the “contentsensorsin the dynamicprogrammingalgorithm. Although more natural
in someformulations,it doesnot makeary principal difference.Also, it doesnot makeary
differencaf thescorefor splicesitesis partof theintron scoreor theexon score.

Letus rst considerthe problemof combiningcodingregionsoptimally into exactly one
completegenewithout regardto the framebeingconsistentor theentiregene.lt is assumed
thatthe scoresareadditive, i.e., the optimal genestructureis the one with the largestscore
addedupoverall thecomponentsThena dynamicprogrammingalgorithmgoeslike this: for
eachposition in thesequencealculate

1. Scorefor translationstartat position

2. Scorefor bestpartialgeneup to adonoratposition

3. Scorefor bestpartialgeneup to anacceptomlt position

( isthe rst baseof theexon).
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Figurel: lllustration of the dynamicprogrammingalgorithmdescribedn thetext. Potential
codingregionsareshavn by aheavy line. Possiblesplicesitesaremarkedwith their consen-
suspattern(GT for donorandAG for acceptor)possiblestartcodonsaremarkedwith ATG,
andpossiblestopcodonswith TAA (oneof thethreestopcodons).

4. Scorefor bestcompletegeneup to astopcodonat position

( isthebasemmediatelyafterthe stopcodonwhich coversbase to ).

Seeg. 1for agraphicalrepresentationf theseterms. Thesenumbersarecalculatedecur
sively from the begginningto theendof thesequence, , andattheend

(1)

yields the scoreof the optimal genestructure. To actually nd that structure,you needto
sarethe maximizingtheexpressionn eachstepof the processaswell aswhich of theterms
maximizedit (whethernt wasthetermwith or in thestepswherethereis achoice).
Thenstartingfrom the laststeponecango backwardshrougheachstepandthusreconstruct
thegenestructurewith the highestscore.

As it standsthe computationtime of the algorithmis proportionalto the squareof the
lengthof the sequence However, this canbe reduceddrasticallyby only consideringvalid
signals,e.g., only calculate wheneer thereis a potentialstartcodon(ATG) at position

,only calculate and atpositionswith potentialsplicesites,etc. Whencalculatingexon
score,one neednot considerpositions( ) further backthanthe rst stopcodon,andsince
openreadingframesarerarelyverylong, thiswill alsolimit the calculationtime signi cantly.
Theseandotherconstraintsnakesuchanalgorithmfeasibleto useevenfor long sequences.

Thisis essentiallfthealgorithmusedn GeneRrseyexceptthattherequiremenof exactly
onecompletegenes relaxed,sothatnogener apartialgenesanalsobepredicted.Usually
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agenomicdDNA sequenceontainonly partsof ageneor amixtureof wholegenesandpieces
of genesat the ends. Sometimes cosmidfrom the humangenomecontainsno genesor is
partof hugeintron. It is very easyto extendan algorithmlike the oneabove to predictary
numberof genesandpartialgenesFor instancdo allow for oneor moregenesoneneedonly
changeaule1to

This of courseis still a fairly simpli ed algorithm. The secondextensionone should
includeis readingframeconsisteng betweerexons. Thisis fairly easyto do by having three
different values , ,and andthreedifferent values , ,and . Thevariables
indexedwith O areusedfor intronssplicingbetweertwo codonstheonesindexedwith 1 are
usedfor thosesplicing afterthe rst basein a codon,etc. Now therulesaborve needto be
changedo inforce consisteny, sofor instancerule 3 would changeo

Similar changesare neededor all the otherrulesthatuse or . Furthermorethe exon
scoringfunctionsneedto be frame-avare,so one might have a scorefor eachframe , so
_ would meananinternalexonin whichthe rst basecorrespondso the

-th codonposition. Thenrule 2 would become

_ if mod3
_ mod3

wheremod meanamodulus. The conditionson and arenecessaryor a consistenframe.
Similarly rule 4 would changeo

_ if mod3

It is also possibleto integrate sensordor promotersand the UTRs. This is doneby
addingnew variablesto the dynamic programming. For instanceone might have a vari-
able for transcriptioninitiation. In this casethe translationstartdependon thatvariable,
so for instancethe scorein rule 1 would have to changeto somethingline

Now we have a methodto combinesensorsThereis, however, oneproblemthathasnot
beenaddressedyhichis how to weighthe outputof the sensoragainsteachother Usually
eachsensoris estimatedor trainedindependentlyof all the others,andthey may usecom-
pletelydifferentscales.Similarly, if morethanonemeasuref codingpotentialis used,it is
likely thatthey arenotequallyreliable,andonewouldlike to putahigherweightonthe most
reliableones. Therearetwo waysof solving this problem: oneis to usefully probabilistic
modelsandthe otheris to train the weightsin someway. The rst of thesemethodswill be
discussedn the next section. The secondmethodis usedin GeneRrser whereseveral sen-
sorsareusedfor thevariousregions;therearefor instancehreedifferentmeasurefor coding
potential(not countingdatabasdits). The outputof thesesensorsarecombinedby a neural
networkwhich is optimizedsoasto give the bestpredictionson atrainingset. In (Stormo&
Haussle1994)ageneraimethods givenfor optimizingtheweightsof theindividual sensors.
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Figure2: A nite stateautomatorcorrespondingo thesimpleDP algorithm.
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Figure3: Themodelof g. 2 with transitionsaddedhatallows for predictionof ary number
of genesandpartial geneswherethe sequenceatartsor endsin the middle of anexon or an
intron.

3 Statemodels

Theideaof combiningthe predictionsinto a completegenestructureis thatthe "‘grammati-
cal' constraintanrule out somewrong exon assembliesThe grammaticaktructureof the
problemhasbeenstressedy David SearlgSearls1992;Dong& Searls1994)who alsopro-
posedto usethe methodsof formal grammargrom computerscienceandlinguistics. The
dynamicprogrammingcan often be describedcornveniently by somesortof nite stateau-
tomaton(Searls& Murphy 1995;Durbinetal. 1997). A modelmight have a statefor trans-
lation start (S), one for donor sites (D), one for acceptorsites(A), andonefor translation
termination(T). Eachtime atransitionis madefrom onestateto anotheia score(or a penalty)
is added For thetransitionfrom the donorstateto the acceptosstatetheintron scoreis added
to thetotal scoreandsoon. In g. 2 thestatediagramis shavn for the simpledynamicpro-
grammingalgorithmabaove. For eachvariablein the algorithmthereis a correspondingtate
with thesamename ,andalsoa beyin andendstateis needed.

The adwantageof sucha formulationis that the dynamicprogrammingfor nding the
maximumscore(or minimum penalty)is of a moregeneraltype, andthereforeaddingnewv
statesor new transitionsis easy For instancedrawving the statediagramfor a moregeneral
dynamicprogrammingalgorithmthatallowsfor ary numberof genesandalsopartialgeness
straight-forward g. 3), whereast is abit involvedto write down. Similarly the statediagram
for theframe-avarealgorithmsketchedutabove is shavnin g. 4.

If the scoresusedarelog probabilitiesor log-odds,thena nite stateautomatons es-
sentiallya hiddenMarkov model(HMM), andthesehave beenintroducedrecentlyinto gene



Figure4: A modelthat ensuredrame consisteng throughouta gene. As in the two previ-
ous gures, dottedlines correspondo intergenicregions,dashedo introns,andfull linesto
codingregions(exons).

nding by severalgroups.The only fundamentatlifferencefrom the dynamicprogramming
schemesliscussedn the previoussectionis thatthesemodelsarefully probabilistic,which
have certainadvantagesOneof theadwantagess thattheweightingproblemis easier

VEIL (HendersonSalzbeg, & Fasmanl997)is an applicationof an HMM to the gene
nding problem. In this modelall the sensorsare HMMs. The exon moduleis essentially
a rst orderinhomogeneou$larkov chain, which is describedabore. This is the natural
orderfor implementatiorin an HMM, becauseheneachof the conditionalprobabilitiesof
the inhomogeneou$larkov chain correspondgo the probability of a transitionfrom one
stateto the next in the HMM. It is not possibleto avoid stop codonsin the readingframe
whenusinga rst ordermodel, but in VEIL a few more statesare addedin a clever way
which makesthe probability of a stop codonzero. Sensordor splice sitesare madein a
similar way. The individual modulesarethencombinedessentiallyasin g. 2, i.e, frame
consisteng is not enforced. The combinedmodelis one big HMM, andall the transitions
have associategrobabilities. Theseprobabilitiescanbe estimatedrom a setof trainingdata
by a maximumlikelihood method. For combiningthe modelsthis essentiallyboils down to
countingoccurrencesf thedifferenttypesof transitionan thedataset. Thereforegheimplicit
weightingof theindividual sensorss notreally anissue.

Althoughthe way the optimal genestructureis foundis very similar in spirit to the dy-
namicprogrammingabove, it looks quite differentin practice. This is becausehe dynamic
programmings doneatthelevel of theindividual statesn all thesubmodelstherearemore
than200suchstatesn VEIL. Becauseéhe modelis fully probabilistic,onecancalculatethe
probabilityof ary sequencef statedor a givenDNA sequenceThis statesequencécalled
a path)determineghe assignmenof exonsandintrons. If the pathgoesthroughthe exon
model,that part of the sequences labeledasexon, if it goesthroughthe intron modelit is
labeledintron andsoforth. Thedynamicprogrammingalgorithm,whichis calledthe Viterbi
algorithm, nds the mostprobable paththroughthe modelfor a given sequenceand from
thisthe predictedgenestructureis derived. (See(Rabinerl989)for ageneralintroductionto
HMMs.)

This probabilisticmodel gives the advantageof solving the problem of weighting the
individualsensorsThe maximumlikelihood estimatiorof the parametersanbeshavn to be



optimalif thereis enoughtrainingdata,andif the statisticalnatureof genescanbedescribed
by sucha model. A weakpartof VEIL is the rst orderexon model,whichis probablynot

capableof capturingthe statisticsof codingregions,andmostothermethodsuse4th or 5th

ordermodels.

A HMM basedgene nder called HMMgeneis currently being developed. The basic
methods thesameasVEIL, butit includessereralextensiongo thestandardtdMM method-
ology, whicharedescribedn (Krogh 1997).0Oneof themostimportantis thatcodingregions
aremodeledoy a4th orderinhomogeneoullarkov chaininsteadof a rst order Thisis done
by an almosttrivial extensionof the standardHMM formalismthat allows a Markov chain
of ary orderin a statestateof the model,whereaghe standardHMM hasa simpleuncondi-
tional probabilitydistribution over thefour basegcorrespondingo zerothorder). Themodel
is frame-avareandcanpredictary numberof genesandpartialgenessotheoverall structure
of the modelis asin g. 4 with transitionsaddedto allow for begin andendin exonsand
intronsasin g. 3.

As alreadymentioned,the maximum likelihood estimationmethodworks well if the
model structurecan describethe true statisticsof genes. This is a very idealizedassump-
tion, andthereforeHMMgeneusesanothemethodfor estimatingthe parametersalledcon-
ditional maximumlikelihood (Juang& Rabinerl991;Krogh 1994).Looselyspeakingmaxi-
mumlikelihood maximizeghe probabilityof the DNA sequencem thetrainingset,whereas
conditionalmaximumlikelihood maximizesthe probability of the genestructuresof these
sequencesyhich, afterall, is whatwe areinterestedn. This kind of optimizationis concep-
tually similarto theoneusedin GeneRrserwherethe predictionaccurag is alsooptimized.
HMMgenealsousesa dynamicprogrammingalgorithmdifferentfrom the Viterbi algorithm
for predictionof the genestructure.All of thesemethodshave contributedto a high perfor
manceof HMMgene.

Genieis anotherexample of a probabilistic statemodel which is called a generalized
HMM (Kulp etal. 1996;Reeseetal. 1997). Figure4 is in fact Genies statestructure,
and both this gure and g. 2 are essentiallycopiedfrom (Kulp et al. 1996). In Genie
the signalsensorgsplice sites)and contentsensorgcoding potential)are neuralnetworks,
andthe outputof thesenetworksareinterpretedasprobabilities. This interpretatiorrequires
estimationof additionalprobability parametersvhich work like weightson the sensors So,
althoughit is formulatedas a probabilisticmodel, the weighting problemstill appearsn
disguise. The algorithmfor predictionis almostidenticalto to the dynamicprogramming
algorithmof thelastsection.A versionof Geniealsoincludesdatabassimilaritiesaspartof
theexon senso(Kulp etal. 1997).

Therearetwo main advantage®f generalizedHMMs ascomparedo standardHMMs.
First,theindividualsensorganbeof ary typesuchasneuralnetworkswhereasn astandard
HMM they arerestrictedby the HMM framework. Second the lengthdistribution (of e.g.
codingregions)canbetakeninto accounexplicitly, whereashenaturallengthdistributionfor
anHMM is a geometricdistribution, which decaysexponentiallywith thelength. However,
it is possibleto have a fairly advancedengthmodelingin anHMM if severalstatesareused.
Theadwantageof asystenlike HMMgene,ontheotherhandis thatit is oneintegratedmodel,
which canbeoptimizedall atoncefor maximumpredictionaccurag.

Anothergene nder basedon a generalizedHMM is GENSCAN(Burge& Karlin 1997).
Themaindifferencedbetweerthe GENSCANSstatestructureandthatof Genieor HMMgene
is that GENSCAN modelsthe sequencen both directionssimultaneously In mary gene
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nders, suchasthosedescribedbore,genesare rst predictedononestrandandthenonthe

other Modeling both strandssimultaneouslyvasdonevery successfullyn GeneMarkand

a similar methodis implementedn GENSCAN.Oneadwantage(andperhapghe mainone)

is that this constructionavoids predictionsof overlappinggeneson the two strandswhich

presumablyare very rarein the humangenome. GENSCAN modelsary numberof genes
andpartialgenedike HMMgene. The sensorsn GENSCANarevery similar to thoseused
in HMMgene. For instancethe codingsensoris a 5th orderinhomogeneouMarkov chain.

Thessignalsensorareessentiallypositiondependeniveightmatricesandthusarealsovery

similar to thoseof HMMgene,but therearemoreadwancedfeaturesn thesplicesite models.
GENSCANalsomodelpromotersandthe5' and3' UTRs.

4 Performancecomparison

Comparinggene nders is dif cult. In (Burset& Guigo 1996) several gene nders were
comparedon a dataset consistingof 570 mammaliansequencesontainingone complete
genewith atleastoneintron. In table1 the performanceon this datasetis shavn for some
of thegene nders mentionedn this paper(see(Milanesi& Rogozin1997)for numberson
othergene nders). Thereare several problemswith sucha comparison.First, mostof the
gene nders weretrainedon datathat had geneshomologougo someof the sequencem
thistestset. Sincethis overlapvariesamongthe gene nders theresultsarehardto compare.
Secondwhereagheinitial testwasdoneby anindependengroup,mostof thenumbershavn
in the table are obtainedby the developersthemseles after the comparisonwaspublished.
This makesit possibleto keeptuning the methoduntil it performswell on theseparticular
data(only the numberdor FGENEH,GenelD,andGeneRrserarefrom the original study).
Finally, it is likely thatsomeof thegene nders in thecomparisorhave beerfurtherdeveloped
sincethetest.

To reasonablyeliably testgene nders they needto be trainedandtestedon the same
datasets. This would requirethatall developersagreeon a datasetanddo cross-alidation
wherethegene nder is trainedon e.g. 9/100f thedataandtestedontheremainingl/10. This
processs repeated 0 timesuntil all the datahave beenusedfor testingandthe performance
measuresire averaged.As a startin thatdirectionthe Geniegrouphasmadetheir dataset
of almost400 humangenesavailablefor otherresearchersndin fact GenieandHMMgene
have beencross-alidatedon this set,see(Reeseetal. 1997;Krogh 1997)for results.In the
Geniedatasigni cant homologiesbetweengeneshave beenremoved, andit is restrictedto
sequencewith exactly onecompletegene.The performancas generallylower onthesedata
thanon the Burset-Guigadata. First of all becauséhe training setis non-homologousvith
the testsetbecausef crossvalidation,andsecondlybecausehe sequencearelongerand
seemdo be generallyharder Hopefully in the futuretherewill be gooddatasetsof reliably
annotatedyenomicsequencéor the gene nders to betrainedandtestedon.

Both GenieandHMMgeneweretrainedon the Geniedataset,andthereforethe results
shavnin table1 arecomparableGENSCANalsousedthis datasetfor training,but addition-
ally useda setof almost2000completehumancDNA sequencesThis muchlargerdataset
allowsareliableestimatiorof the 5th ordercodingmodelusedwhereasny experimentswith
HMMgeneshavedthatusinga codingmodelof orderhigherthan4 basedn the Geniedata
alonewasnot successful.Furthermorejt is almostcertainthat thereare more homologies



Performancén % Base Exon

Burset/Guigalata|| Sn| Sp|| Sn| Sp | ME | WE
GeneRrser2 66| 79| 35|40| 29| 17
GenelD 63|81| 44| 46| 28| 24
FGENEH 7788|6164 15| 12
VEIL 83|72 5349 19| NA
Genie 781 84| 61| 64| 15| 16
HMMgene 88|94 74| 78| 13 8
GENSCAN 93] 93| 78| 81 9 5

Table1: A comparisonof gene nders on the Burset/Guigodata. Theseonesdo not use
databassearchesSensitvity (Sn)andspeci city (Sp)areshavn atboththesinglenucleotide
level andat the exactexon level. Thelasttwo columnsshov missingexons (ME): the per

centageof true exonsthat do not overlapwith a predictedone,andwrong exons (WE): the
numberof predictedonesthatdo not overlapa correctone. See(Milanesi& Rogozin1997)
for adiscussiorof theseperformanceneasuresThenumberdor GeneRrser2 GenelD,and
FGENEHaretakenfrom theoriginalcomparisor{Burset& Guigo1996),in whichFGENEH
shaved the bestperformance.Numbersfor Geniearefrom (Reeseet al. 1997),thosefor

HMMgenefrom (Krogh 1997),and(Burge & Karlin 1997)hasthe numberdor GENSCAN.
Notethattheresultsfor VEIL arefor 5-fold cross-alidationonthe Burset/Guigalata.

betweenGENSCANS datasetandthe testset. GENSCANstandsout asthe bestin table1,
andthereis no doubtthat GENSCANIs currentlyamongthe bestgene nders. However,
directcomparisorbasedn thesenumberds impossible.

5 Conclusion

In this papen discussedvaysof combininginformationof splicesites,codingpotential etc,
into a predictionof acompletegenestructure.lt is quiteeasyto extendmostof thesemethods
to includesensorgor promotersp' and3' untranslatedegions,poly-A site,andsoforth. In
HMMgenethishasonly givenmamginalimprovementsandis currentlynotincluded.As more
knowledgeis gainedaboutgenestructureandregulationit is quite possiblethatincorporation
of moresensorgansigni cantly improve prediction.

Most currentgene nders aredevelopedfor DNA sequencewith no or very few errors
andfor “text bookgenes'thatall have the GT/AG consensusplicesites,no frameshifts,no
alternatve splicing,andso forth. Many of thesecomplicationscanbe dealtwith in mostof
themodelsmentionedchere but no doubtat the costof worseperformanceAlthoughsomeof
theproblemshave beentakenup already thesassuesaremainly topicsof futureresearch.

HMMgene,which wasdescribedrie y, is still beingdevelopedandthe numbersshavn
have improvedsomevhat. It is possibleto follow thedevelopmentndtestthecurrentversion
at the web site http://www.cbs.dtu.dk/services/HMMgend!/inks to someof the othergene

nders mentioneccanbefoundonmy webpagehttp://www.cbs.dtu.dk/krogh/gene nding.html.
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