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4.1 Intr oduction

Very efficient programdor searchingatext for acombinationof wordsareavail-
ableonmary computersThesamanethodsanbeusedfor searchindor patterns
in biological sequencedyut oftenthey fail. Thisis becauséiological‘spelling’
is muchmoresloppythanEnglishspelling: proteinswith the samefunctionfrom
two differentorganismsare almostcertainly spelleddifferently, thatis, the two
aminoacid sequencediffer. It is not rarethattwo suchhomologoussequences
have lessthan30%identicalaminoacids.Similarly in DNA mary interestingsig-
nalsvary greatlyevenwithin the samegenome.Somewell-known examplesare
ribosomebindingsitesandsplicesites,but the list is long. Fortunatelythereare
usuallystill somesubtlesimilaritiesbetweenwo suchsequencesndthe ques-
tion is how to detectthesesimilarities.

Thevariationin afamily of sequencesanbe describedstatistically andthis
is the basisfor mostmethodsusedin biological sequenceanalysis,see[1] for a
presentatioof someof thesestatisticalapproachedror pairwisealignmentsfor
instancethe probability that a certainresiduemutateso anothemresidueis used
in a substitutionmatrix, suchasone of the PAM matrices. For finding patterns
in DNA, eg. splicesites,somesort of weight matrix is very often used,which
is simply a position specificscorecalculatedfrom the frequenciesof the four
nucleotidesat all the positionsin someknown examples.Similarly, methodsfor
finding genesuse,almostwithout exception,the statisticsof codonsor dicodons
in someform or other

A hiddenMarkov model (HMM) is a statisticalmodel, which is very well
suitedfor mary tasksin molecularbiology, althoughthey have beenmostly de-
velopedfor speechrecognitionsincetheearly1970s see[2] for historicaldetails.
Themostpopularuseof theHMM in molecularbiologyis asa‘probabilisticpro-
file’ of a proteinfamily, whichis calleda profile HMM. Fromafamily of proteins
(or DNA) a profile HMM canbe madefor searchinga databasdor othermem-
bersof thefamily. Theseprofile HMMs resembleheprofile[3] andweightmatrix
methodd4, 5], andprobablythe maincontributionis thatthe profile HMM treats
gapsin asystematiavay.

The HMM canbe appliedto othertypesof problems. It is particularlywell
suitedfor problemswith a simple‘grammaticalstructure, suchasgenefinding.
In genefinding severalsignalsmustberecognizec&andcombinednto a prediction
of exonsandintrons,andthe predictionmustconformto variousrulesto makeit
areasonablgeneprediction. An HMM cancombinerecognitionof the signals,
andit canbemadesuchthatthe predictionsalwaysfollow therulesof agene.

Sincemuchof theliteratureon HMMs is alittle hardto readfor mary biol-
ogists,| will attemptin this chapterto give a non-mathematicahtroductionto
HMMs. Whereaghe little biological backgrouncheededs takenfor granted,|

3



have triedto explain HMMs atalevel thatalmostaryonecanfollow. FirstHMMs
are introducedby an exampleandthen profile HMMs are described. Thenan
HMM for finding eukaryoticgeness sketchedandfinally pointersto the litera-
turearegiven.

4.2 Fromregular expressiondo HMMs

Most readershave no doubtcomeacrossregular expressionsaat somepoint, and
mary probablyusethemquite alot. Regular expressionsareusedin mary pro-
grams,jn particularon Unix computersin programdike awk, grep,sed,andperl,
regularexpressionganbeusedfor searchindext files for a pattern.With grepfor
instanceyou cansearchafile for all linescontaining’C. elegans’or ‘Caenorhab-
ditis elegans’with theregularexpressionC[\.a-z]* elegans’. Thiswill match
ary line containinga C followedby ary numberof lower-caselettersor *.’, then
a spaceandthenelggans. Regular expressionganalso be usedto characterize
proteinfamilies,whichis the basisfor the PROSITE databas¢6].

Using regular expressionds a very elggantand efficient way to searchfor
someprotein families, but difficult for other As alreadymentionedin the in-
troduction,the difficulties arisebecauseroteinspellingis muchmorefree than
Englishspelling. Thereforethe regular expressionssometimeseedto be very
broadandcomple. Imaginea DNA motif like this:

ACA---ATG
TCAACTATC
ACAC--AGC
AGA---ATC
ACCG--ATC

(I useDNA only becausef the smallernumberof lettersthanfor aminoacids).
A regularexpressiorfor thisis

[AT] [CG] [AC] [ACGT]* A [TG] [GC],

meaninghatthefirst positionis A or T, thesecondC or G, andsoforth. Theterm
‘A CGT]* meanghatary of thefour letterscanoccurary numberof times.

The problemwith the abore regularexpressions thatit doesnotin ary way
distinguishbetweerthe highly implausiblesequence

TGCT--AGG
which hasthe exceptionalcharactein eachposition,andthe consensusequence

ACAC--ATC
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Figure4.1: A hiddenMarkov modelderivedfrom the alignmentdiscussedn the
text. Thetransitionsareshovn with arrovs whosethicknessndicatetheir proba-
bility. In eachstatethe histogramshaws the probabilitiesof the four nucleotides.

with themostplausiblecharactein eachposition(the dashesrejustfor aligning
thesesequencewith the previousones).Whatis meantby a ‘plausible’ sequence
canof coursebe debatedalthoughmostwould probablyagreethat the first se-
guencsds not likely to be the samemotif asthe 5 sequenceabove. It is possible
to maketheregularexpressiormorediscriminatve by splittingit into severaldif-
ferentonesbut it easilybecomesnessy Thealternatve is to scoresequenceby
how well they fit thealignment.

To scorea sequenceywe saythatthereis a probability of 4/5 = 0.8 for anA
in thefirst positionand1/5 = 0.2 for a T, becausave obsere thatoutof 5 letters
4 areAs andoneis a T. Similarly in the secondpositionthe probability of C is
4/5 andof G 1/5, andsoforth. After thethird positionin the alignment,3 out
of 5 sequencebave ‘insertions’ of varying lengths,sowe saythe probability of
makingan insertionis 3/5 andthus2/5 for not makingone. To keeptrack of
thesenumbersa diagramcanbe dravn with probabilitiesasin Fig. 4.1.

This is a hiddenMarkov model. A box in the drawing is calleda state,and
thereis a statefor eachtermin the regular expression.All the probabilitiesare
found simply by countingin the multiple alignmenthow mary timeseachevent
occur, just asdescribedabore. The only partthat might seemtricky is the ‘in-
sertion, whichis representedy the stateabove the otherstates.The probability
of eachletteris found by countingall occurrencesf thefour nucleotidesn this
region of the alignment. The total countsareoneA, two Cs,oneG, andoneT,
yielding probabilities1/5, 2/5, 1/5, and1/5 respectiely. After sequenceg, 3
and5 have madeoneinsertioneach therearetwo moreinsertiongfrom sequence
2) andthetotal numberof transitionsbackto themainline of stateds 3 (all three
sequencewith insertionshave to finish). Thereforehereare5 transitionsn total
from theinsertstate andthe probabilityof makingatransitionto itselfis 2/5 and
the probabilityof makingoneto thenext stateis 3/5.
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Sequence Probability x100 Log odds

Consensus ACAC--ATC 4.7 6.7
Original ACA---ATG 3.3 4.9
sequences TCAACTATC 0.0075 3.0
ACAC--AGC 1.2 5.3
AGA---ATC 3.3 4.9
ACCG--ATC 0.59 4.6
Exceptional TG C T - - AGG 0.0023 -0.97

Table4.1: Probabilitiesandlog-oddsscoredor the 5 sequences thealignment
andfor theconsensusequencandthe ‘exceptional’sequence.

It is now easyto scorethe consensusequencaCACATC. The probability of
thefirst A is 4/5. Thisis multiplied by the probability of the transitionfrom the
first stateto the secondwhichis 1. Continuingthis, the total probability of the
consensus

P(ACACATC) = 0.8x1x0.8x1x0.8x0.6x
04x06x1x1x08x1x0.8
~ 4.7x10°2

Making the samecalculationfor the exceptionalsequencegields only 0.0023x
10-2, whichis roughly 2000timessmallerthanfor the consensusThis way we
achieved the goal of gettinga scorefor eachsequencea measureof how well a
sequencdts the motif.

The sameprobability canbe calculatedor the four original sequences the
alignmentin exactly the sameway, andthe resultis shavn in Table4.1. The
probability dependsrery strongly on the lengthof the sequence.Thereforethe
probability itself is not the mostcornvenientnumberto useasa score,andthe
log-oddsscoreshavn in the last column of the tableis usuallybetter It is the
logarithmof the probability of the sequencelivided by the probabilityaccording
to anull model. Thenull modelis onethattreatsthe sequenceasrandomstrings
of nucleotidesso the probability of a sequencef lengthL is 0.25. Thenthe
log-oddsscoreis

P(S

log-oddsfor sequenc& = log 025 — logP(S) — L1og0.25.

| have usedthe naturallogarithmin Table4.1. Logarithmsareproportional soit
doesnotreally matterwhich oneyou use;it is quite commonto usethelogarithm
base2. Onecanof courseuseothernull modelsinstead.Oftenonewould usethe
over-all nucleotidefrequenciesn the organismstudiedinsteadof just0.25.
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Figure 4.2: The probabilitiesof the modelin Fig. 4.1 have beenturnedinto
log-oddsby takingthe logarithmof eachnucleotideprobability and subtracting
log(0.25). Thetransitionprobabilitieshave beencorvertedto simplelogs.

Whena sequencdits the motif very well the log-oddsis high. Whenit fits
thenull modelbetter thelog-oddsscoreis negative. Althoughtheraw probability
of the secondsequencdthe one with threeinserts)is almostaslow asthat of
the exceptionalsequencenoticethatthe log-oddsscoreis muchhigherthanfor
the exceptionalsequenceand the discriminationis very good. Unfortunately
onecannotalwaysassumehatanything with a positive log-oddsscoreis ‘a hit,
because¢herearerandomhitsif oneis searchinglargedatabaseSeeSectior4.5
for references.

Insteadof working with probabilitiesone might corvert everything to log-
odds. If eachnucleotideprobability is divided by the probability accordingto
the null model (0.25in this case)and the logarithmis applied, we would get
the numbersshawvn in Fig. 4.2. The transitionprobabilitiesare alsoturnedinto
logarithms.Now thelog-oddsscorecanbe calculateddirectly by addingup these
numbersnsteadof multiplying the probabilities.For instancethe calculationof
thelog-oddsof theconsensusequencées

log-0dd$ACACATC) = 1.16+0+1.164+0+1.16—0.51+
0.47-0.51+1.39+0116+0+1.16
= 6.64

(Thefinite precisioncauseghelittle differencebetweerthis numberandthe one
in Table4.1.)

If thealignmenthadno gapsor insertionsve would getrid of theinsertstate,
andthenall the probabilitiesassociateavith the arrows (the transitionprobabili-
ties)would be 1 andmightaswell beignoredcompletely Thenthe HMM works
exactly asaweightmatrix of log-oddsscoreswhich is commonlyused.
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Figure4.3: Thestructureof the profile HMM.

4.3 Profile HMMs

A profile HMM is a certaintype of HMM with a structurethatin a naturalway
allows positiondependengappenalties A profile HMM canbe obtainedfrom a
multiple alignmentandcanbe usedfor searchingrdatabaséor othermemberof
thefamily in thealignmentvery muchlike standardgrofiles[3]. The structureof
themodelis shavn in Fig.4.3. Thebottomline of statesarecalledthemainstates,
becaus¢hey modelthe columnsof thealignment.In thesestateshe probability
distributionis justthefrequeng of theaminoacidsor nucleotidessin theabove
modelof the DNA motif. The secondrow of diamondshapedstatesare called
insertstatesandareusedto modelhighly variableregionsin thealignment.They
functionexactly like thetop statein Fig. 4.1, althoughonemightchooseto usea
fixeddistribution of residuese.g. theoverall distribution of aminoacids,instead
of calculatingthe distribution asin the exampleabore. The top line of circular
statesare calleddeletestates. Theseare a differenttype of state,calleda silent
or null state.They do not matchary residuesandthey aretheremerelyto make
it possibleto jump over oneor morecolumnsin thealignment,i.e., to modelthe
situationwhenjust afew of thesequencebave a‘~’ in themultiple alignmentat
aposition.Let usturnto anexample.

Supposegou have amultiple alignmentastheoneshavnin Fig. 4.4. A region
of this alignmenthasbeenchosento be an ‘insertion; becausen alignmentof
this region is highly uncertain. The restof the alignment(shadedn the figure)
arethe columnsthatwill correspondo mainstatesn the model. For eachnon-
insertcolumnwe makea main stateandsetthe probabilitiesequalto the amino
acid frequencies. To estimatethe transition probabilitieswe counthow mary
sequencesisethe varioustransitions,just like the transitionprobabilitieswere
calculatedn the first example. The modelis shavn in Fig. 4.5. Therearetwo
transitiondrom amainstateto adeletestateshovn with dashedinesin thefigure,
that from begin to the first deletestateand from main state12 to deletestate
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Figure4.4: An alignmentof 30 shortamino acid sequenceshoppedout of a
alignmentof the SH3domain.Theshadedireasarethemostconseredandwere
choserto berepresentetly themainstatesn theHMM. Theunshade@reawith

lower-casdetterswaschoserto berepresentetly aninsertstate.
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tion lineswith no arrov headaretransitionsfrom left to right. Transitionswith
probability zeroare not shavn, andthosewith very small probability areshavn
asdashedines. Transitionsfrom aninsertstateto itself is not shavn; insteacthe

Figure4.5: A profile HMM madefrom the alignmentshavn in Fig. 4.4. Transi-

probabilitytimes100is shovn in thediamond.Thenumbersn thecirculardelete

statesarejust positionnumbers. (This figure and Fig. 4.6 were generatedy a

programin the SAM packageof programs.)



Figure4.6: Model obtainedn the sameway asFig. 4.5, but usinga pseudocount
of one.

13. Both of thesecorrespondo dashesn the alignment.In both casesonly one
sequencéasgaps sotheprobabilityof thesedeletetransitiondgs 1/30. Thefourth
sequenceontinuedeletionto theend,sothe probabilityof goingfrom deletel3
to 14is 1 andfrom deletel4 to theendis alsol.

4.3.1 Pseudocounts

It is dangerougo estimatea probability distribution from just a few obsened
aminoacids.If for instanceyou have justtwo sequencewith leucineat a certain
position,the probabilityfor leucinewould be 1 andthe probabilitywould be zero
for all otheraminoacidsat this position,althoughit is well known thatoneoften
seedor examplevaline substitutedor leucine. In sucha casethe probability of
awhole sequencenay easilybecomezeroif a singleleucineis substitutedoy a
valine,or equialently, the log-oddsis minusinfinity.

Thereforat is importantto have someway of avoiding this sortof over-fitting,
wherestrongconclusionsare drawvn from very little evidence. The mostcom-
monmethods to usepseudocountsyhich meanghatonepretendso have more
countsof aminoacidsthanthosefrom thedata. The simplestis to add1 to all the
counts. With the leucineexampleit would meanthatthe probability of leucine
would be estimatedas 3/23 andfor the 19 otheraminoacidsit would become
1/23. In Fig. 4.6 a modelis shavn, which wasobtainedfrom the alignmentin
Fig. 4.6 usinga pseudocountf 1.

Adding oneto all the countscanbe interpretedasassuminga priori thatall
theaminoacidsareequallylikely. However, thereare significantdifferencesn
the occurrencef the 20 aminoacidsin known proteinsequencesrlhereforethe
next stepis to usepseudocountproportionalto the obsered frequencieof the
aminoacidsinstead.Thisis theminimumlevel of pseudocount® beusedin ary
realapplicationof HMMs.

Becausea columnin the alignmentmay containinformationaboutthe pre-
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ferredtype of aminoacids, it is alsopossibleto usemore sophisticategpseudo-
countstratgies. If a columnconsistspredominantlyof leucine(asabove), one
would expectsubstitutiongo otherhydrophobicaminoacidsto be moreprobable
thansubstitutiongo hydrophilicaminoacids. Onecane.g. derive pseudocounts
for agivencolumnfrom substitutiormatrices.SeeSectiord.5for references.

4.3.2 Searching adatabase

Above we sav how to calculatethe probability of a sequencen the alignment
by multiplying all the probabilities(or addingthe log-oddsscores)n the model
alongthe pathfollowedby thatparticularsequenceHowever, this pathis usually
not known for othersequencewhich arenot part of the original alignment,and
the next problemis how to scoresucha sequence Obviously, if we canfind a
paththroughthe modelwherethe new sequencéts well in somesensethenwe
canscorethe sequencasbefore. We needto ‘align’ the sequenceo the model.
It resemblesrery muchthe pairwisealignmentproblem,wheretwo sequences
arealignedso that they are mostsimilar, andindeedthe sametype of dynamic
programmingalgorithmcanbeused.

For a particularsequencean alignmentto the model(or a path)is anassign-
mentof stateso eachresiduein the sequenceTherearemary suchalignments
for a givensequencefor instanceanalignmentmightbe asfollows. Let uslabel
theaminoacidsin a proteinasAj, Ao, As, etc. Similarly we canlabelthe HMM
statesasM1, M2, M3, etc.for matchstates), 1o, I3 for insertstatesandso on.
Thenanalignmentcouldhave A1 matchstateM1, A2 andA3z matchly, A4 match
M2, As matchMg (afterpassinghroughthreedeletestates)andsoon. For each
suchpathwe cancalculatethe probability of the sequencer thelog-oddsscore,
andthuswe canfind the bestalignment,.e., the onewith the largestprobability.
Althoughthereareanenormousiumberof possiblealignmentst canbedoneeffi-
ciently by the abore mentioneddynamicprogrammingalgorithm,whichis called
theViterbi algorithm.Thealgorithmalsogivesthe probabilityof the sequencéor
thatalignmentandthusascoreis obtained.

Thelog-oddsscorefoundin this mannercanbe usedto searchdatabasefor
memberf the samefamily. A typical distribution of scoresrom sucha search
is shavn in Fig. 4.7. As is alsothe casewith othertypesof searcheshereis no
clearcut separatiorof true andfalsepositves,andoneneeddo investigatesome
of thesequencearoundalog-oddsof zero,andpossiblyincludesomeof themin
thealignmentandtry searchingagain.

An alternatve way of scoringsequences to sumthe probabilitiesof all pos-
sible alignmentsof the sequenceo the model. This probability can be found
by a similar algorithmcalledthe forward algorithm. This type of scoringis not
very commonin biological sequence&eomparisonjput it is more naturalfrom a
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Figure4.7: Thedistribution of log-oddsscoresfrom a searchof Swissprotwith

a profile HMM of the SH3 domain. The dark areaof the histogramrepresents
the sequencesvith an annotatedSH3 domain,and the light thosethat are not
annotatedshaving one. Thisis for illustrative purpose®nly, andthe sequences
with log-oddsaroundzerowerenotinvestigatedurther.

probabilisticpoint of view. However, it usuallygivesvery similar results.

4.3.3 Model estimation

As presentedofar, onemayview theprofile HMMs asageneralizatiomf weight
matricesto incorporateinsertionsanddeletionsin a naturalway. Thereis how-
ever oneinterestingfeatureof HMMs, which hasnot beenaddresseget. It is
possibleto estimatethe model,i.e. determineall the probability parametersf it,
from unalignedsequencesFurthermorea multiple alignmentof the sequences
is producedn the process.Like mary othermultiple alignmentmethodsthis is
donein aniteratve manner Onestartsoutwith amodelwith moreor lessrandom
probabilities,or if areasonablalignmentof someof thesequenceareavailable,
a modelis constructedrom this alignment. Then,whenall the sequenceare
alignedto the model,we canusethealignmentto improve the probabilitiesin the
model. Thesenew probabilitiesmay thenleadto a slightly differentalignment.
If they do, we thenrepeatthe processandimprove the probabilitiesagain. The
procesds repeateduntil the alignmentdoesnot change. The alignmentof the
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sequence® thefinal modelyieldsa multiple alignment!

Although this estimationprocesssoundseasy thereare mary problemsto
considerto actually makeit work well. One problemis choosingthe appropri-
atemodellength,which determineshe numberof insertsin thefinal alignment.
Anothersevereproblemis thattheiterative procedurecancorvergeto suboptimal
solutions.It is notguaranteedhatit findsthe optimalmultiple alignment,.e. the
mostprobableone. Methodsfor dealingwith theseissuesare describedn the
literaturepointedto in Sectiord.5.

4.4 HMMs for genefinding

Oneability of HMMs, whichis notreally utilized in profile HMMs, is the ability
to modelgrammar Many problemsn biologicalsequenc@nalysishave agram-
maticalstructure andeukaryoticgenestructure which I will useasanexample,
is oneof them.If you considerxonsandintronsasthe‘words’ in alanguagethe
sentenceareof the form exon-intron-eon-intron...intron-gon. The ‘sentences’
cannever endwith anintron, atleastif the genesarecompleteandanexon can
never follow an exon without anintron in between. Obviously this grammaris
greatlysimplified, because¢hereare several other constraintson genestructure,
suchasthe constraintthat the exons have to fit togetherto give a valid coding
region aftersplicing.In Fig. 4.8thestructureof a geneis shavn with someof the
known signalsmarked.

Formallanguageheoryappliedto biologicalproblemss notanew invention.
In particularDavid Searlg[7] haspromotedthis ideaandusedit for genefinding
[8], but mary othergenefindersuseit implicitly. Formally the HMM canonly
representhe simplestof grammarswhichis calledaregulargrammai7, 1], but
thatturnsout to be goodenoughfor the genefinding problem,and mary other
problems. Oneof the problemsthat hasa more complicatedgrammarthanthe
HMM canhandleis the RNA folding problem,whichis onestepup theladderof
grammarspecauséasepairing introducescorrelationsbetweenbasedar from
eachotherin the RNA sequence.

| will herebriefly outlinemy own approacho genefinding with theweighton
theprinciplesratherthanonthedetails.

1Anotherslightly differentmethodfor modelestimationsumsover all alignmentsinsteadof
usingthe mostprobablealignmentof a sequencéo the model. This methodusesthe forward
algorithminsteadof Viterbi, andit is calledthe Baum-V¢Ichalgorithmor theforward—backward
algorithm.
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Figure4.8: Thestructureof a genewith someof theimportantsignalsshown.

4.4.1 Signalsensors

Onemay applyan HMM similar to the onesalreadydescribedirectly to mary
of the signalsin a genestructure. In Fig. 4.9 an alignmentis shovn of some
sequencesroundacceptorsitesfrom humanDNA. It has19 columnsand an
HMM with 19 states(no insertor deletestates)can be madedirectly from it.
Sincethealignments gap-lessthe HMM is equivalentto a weightmatrix.
Thereis oneproblem:in DNA therearefairly strongdinuclotidepreferences.
A modellike the one describedreatsthe nucleotidesas independentso dinu-
cleotidepreferencesannot be captured.This is easilyfixed by having 16 prob-
ability parametersn eachstateinsteadof 4. In columntwo we first countall
occurrence®f the four nucleotideggiven that thereis an A in the first column
andnormalizethesefour counts,sothey becomeprobabilities. This is the condi-
tional probability thata certainnucleotideappearsn positiontwo, giventhatthe
previousonewasA. Thesameis donefor all theinstance®f C in columnl and
similarly for G andT. This givesatotal of 16 probabilitiesto be usedin statetwo
of the HMM. Similarly for all the otherstates.To calculatethe probability of a
sequencesayACTGTC. . ., wejust multiply the conditionalprobabilities

P(ACTGTC...) = p1(A) x p2(CJA) x p3(T|C) x pa(G|T) x ps(T|G) x pe(C|T) ...
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CTCCCTGTGTCCACAGGCT
TATTGTITTTCTITACAGGGC
GTTCCTTITGTTTICTAGCAC
TGCCTCTCTTTTCAAGGGT
TCCTATATGTTGACAGGGT
TTCTGTITCCGATGCAGGGC
TTGGGTITTCTTTGCAGAAC
CACTTTGCTCCCACAGCGT
CCCATGTGACCTGCAGGTA
TATTTATTTAACATAGGGC
ATGTGCATCCCCCCAGGAG
TTTTCCTTTTCTACAGAAT
TCGTGTGTCTCCCCAGCCC
TTCCATGTCCTGACAGGTG
ACGACATTTTCCACAGGAG
GTGCCTCTCCCTCCAGATT

Figure4.9: Examplesof humanacceptossites(the splicesite5’ to theexon). Ex-

ceptin rarecasestheintron endswith AG, which hasbeenhighlighted.Included
in thesesequencearel6basesipstreanof thesplicesiteand3 baseslownstream
into theexon.

Here p; is the probability of the four nucleotidesn statel, py(x|y) is the condi-
tional probabilityin state? of nucleotidex giventhatthe previousnucleotidewas
y, andsoforth.

A statewith conditionalprobabilitiesis calleda first order state,becauset
captureghefirst ordercorrelationdetweemeighboringhucleotideslt is easyto
expandto higherorder A secondorderstatehasprobabilitiesconditionedon the
two previous nucleotidesn the sequence,e., probabilitiesof the form p(xy, z).
We will returnto suchhigherorderstatesoelow.

SmallHMMs like this areconstructedn exactly the sameway for othersig-
nals:donorsplicesites theregionsaroundhestartcodonsandtheregionsaround
thestopcodons.

4.4.2 Codingregions

The codonstructureis the mostimportantfeatureof codingregions. Basesin

triplets canbe modeledwith threestatesasshowvn in Fig. 4.10. Thefigure also
shavs how this model of coding regions can be usedin a simple modelof an
unsplicedgenethatstartswith astartcodon(ATG), thenconsistof somenumber
of codonsandendswith astopcodon.

Sincea codonis threebasedong, the laststateof the codonmodelmustbe at
leastof ordertwo to correctlycapturethe codonstatistics.The 64 probabilitiesin
suchastateareestimatedy countingthenumberof eachcodonin asetof known
codingregions. Thesenumbersarethennormalizedproperly For examplethe
probabilitiesderivedfrom the countsof CAA, CAC, CAG, andCAT are

P(A|CA) = C(CAA)/[c(CAA)+c(CAC) + C(CAG) + ¢(CAT)]
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Figure4.10: Top: A modelof codingregions, wherestateone, two andthree
matchthefirst, secondandthird codonpositionsrespectrely. A codingregion of

ary lengthcanmatchthis model,becausef thetransitionfrom statethreebackto

stateone. Bottom: a simplemodelfor unsplicedgeneswith the first threestates
matchinga startcodon,the next threeof the form shawn to the left, andthe last
threestatesnatchinga stopcodon(only oneof thethreepossiblestopcodonsare
shawvn).

P(CICA) = ¢(CAC)/[c(CAA)+C(CAC) + ¢(CAG) + C(CAT)]
P(GICA) = C(CAG)/[c(CAA)+C(CAC) + ¢(CAG) + C(CAT)]
P(TICA) = C(CAT)/[c(CAA)+ c(CAC)+ c(CAG) + ¢(CAT)]

wherec(xy2 is the countof codonxyz

Oneof the characteristic®f codingregionsis the lack of stopcodons.That
is automaticallytakencareof, becausep(A|TA), p(G|TA) and p(A|TG), corre-
spondingo thethreestopcodonsTAA, TAG andTGA, will automaticallypecome
zero.

For modelingcodonstatisticsit is naturalto usean ordinary (zerothorder)
stateasthe first stateof the codonmodelanda first order statefor the second.
However, thereareactuallyalsodependencieBetweemeighboringcodons,and
thereforeone may want even higherorder states.In my own genefinder, | use
threefourth orderstateswhichis inspiredby GeneMarK9], in which suchmod-
elswerefirst introduced. Technicallyspeaking sucha modelis calledaninho-
mogeneoudlarkov chain,which canbeviewedasa sub-clas®f HMMs.

4.4.3 Combining the models

To beableto discover geneswe needto combinethe modelsin away thatsatis-
fiesthe grammarof genes.| restrictmyselfto codingregions,i.e. the5’ and3’
untranslateaegionsof the genesare not modeledandalsopromotersaredisre-
garded.
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Figure4.11: A hiddenMarkov modelfor unsplicedgenes.In this drawing an‘x’
meansa statefor non-codingDNA, anda ‘c’ a statefor codingDNA. Only one
of thethreepossiblestopcodonsareshavn in themodelof theregion aroundthe
stopcodon.

Intron models

Donor model ﬂ Acceptor model

Interior
cccP|GT xxXxXXXX] intron PP lxxxxxxxxxxxxxx AGPlccc

(y
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Interior
|ccc cc|->|GT XXXXXX|-> intron PP lxxxxxxxxxxxxxx AGc_ccc

Coding model
To stop model T

From start model
Figure4.12: To allow for splicing in threedifferentframesthreeintron models

areneededTo gettheframecorrect'spacerstates’areaddedbeforeandafterthe
intronmodels.
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First, let us seehow to doit for unsplicedgenes.If we ignoregenegshatare
very closelyspacedr overlaps,amodelcouldlook like Fig. 4.11. It consistf a
statefor intergenicregions(of orderatleastl), a modelfor the region aroundthe
startcodon,the modelfor the codingregion, anda modelfor the region around
thestopcodon.Themodelfor thestartcodonregionis madegustlike theacceptor
modeldescribecearlier It modelseight basesupstreanof the startcodon? the
ATG startcodonitself, andthe first codonafter the start. Similarly for the stop
codonregion. The whole modelis onebig HMM, althoughit wasput together
from smallindependendMMs.

Having sucha model,how canwe predictgenesn a sequencef anorymous
DNA? Thatis quite simple: usethe Viterbi algorithmto find the mostprobable
paththroughthemodel. Whenthis pathgoesthroughthe ATG statesastartcodon
is predictedwhenit goesthroughthe codonstatesa codonis predicted,andso
on.

This model might not alwayspredictcorrectgenes but at leastit will only
predictsensiblegeneshatobey the grammaticatules. A genewill alwaysstart
with a startcodonandendwith a stopcodon,the lengthwill alwaysbedivisible
by 3, andit will never containstop codonsin the readingframe, which arethe
minimumrequirements$or unsplicedgenecandidates.

Making a modelthat conformsto the rulesof splicingis a bit moredifficult
thanit might seemat first. Thatis becauseplicingcanhappenn threedifferent
readingframesandthereadingframein oneexon hasto fit theonein thenext. It
turnsout thatby usingthreedifferentmodelsof introns,onefor eachframe,this
is possible.In Fig. 4.12it is shavn how thesemodelsare addedto the modelof
codingregions.

Thetopline in themodelis for intronsappearingetweertwo codons.It has
threestates(labeledccc) beforethe intron startsto matchthe last codonof the
exon. Thefirst two statesof the intron modelmatchGT, which is the consensus
sequenceat donorsites(it is occasionallyanothersequencebut suchcasesare
ignoredhere). The next six statesmatcheshe six basesmmediatelyafter GT.
The stategust describednodelthe donorsite, andthe probabilitiesarefoundas
it wasdescribeckarlierfor acceptosites.Thenfollows asinglestateto modelthe
interiorof theintron. | actuallyusethesameprobabilityparameters this stateas
in the statemodelingintergenicregions. Now follows the acceptomodel,which
includesthreestateso matchthefirst codonof thenext exon.

The next line in the modelis for introns appearingafter the first basein a
codon. The differencefrom thefirst is that thereis one more statefor a coding

2A similarmodelcouldbe usedfor prokaryoticgenesIn thatcase however, oneshouldmodel
the Shine-Dalgarnsequencewhich is often morethan 8 basesupstreanfrom the start. Also,
onewould probablyneedto allow for otherstartcodonsthan ATG thatare usedin the organism
studied(in someeukaryote®therstartcodonscanalsobe used).
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basebeforethe intron andtwo morestatesaftertheintron. This ensureshatthe
framesfit in two neighboringexons. Similarly in thethird line from thetop there
aretwo extra coding statesbeforethe intron andone after, so thatit canmatch
intronsappearingfterthesecondasen acodon.

Thereareobviously mary possiblevariationsof themodel.Onecanaddmore
statego thesignalsensorsincludemodelsof promoterelementsanduntranslated
regionsof thegene andsoforth.

4.5 Further reading

A generalintroductioncan be found in [2], and oneaimedmore at biological
readersn [1]. Thefirst applicationdor sequencanalysids probablyfor model-
ing compositionabifferencedetweernvariousDNA types[10] andfor studying
the compositionalstructureof genomeq11]. Theinitial work on usinghidden
Markov models(HMMSs) as ‘probabilistic profiles’ of proteinfamilies waspre-
sentedat a conferencan the springof 1992andin a technicalreportfrom the
sameyear andit waspublishedin [12, 13]. Theideawasquickly takenup by
others[14, 15]. Independentlysomevery similar ideaswere also developedin
[16, 17]. Also thegeneralizegbrofiles[18] arevery similar.

Estimationandmultiple alignmentis describedn [13] in detail,andin [19]
someof the practicalmethodsare further discussed. Alternatve methodsfor
modelestimatiorarepresenteth [14, 20]. Methodsfor scoringsequencesagainst
aprofile HMM weregivenin [13], but theseissueshave morerecentlybeenad-
dressedn [21]. Thebasicpseudocounnethods alsoexplainedin [13], andmore
adwancedmethodsarediscussedh [22, 23, 24,25, 26).

A review of profile HMMs canbefoundin [27], andin [1] profile HMMs are
discussedn greatdetail. Also [28] will undoubtedlycontaingood materialon
profile HMMs.

Someof therecentapplicationf profile HMMs to proteinsare: detectionof
fibronectintype lll domainsin yeast[29], a databas@f proteindomainfamilies
[30], proteintopologyrecognitionfrom secondarystructure[31], andmodeling
of aproteinsplicingdomain[32].

Therearetwo programpackagesvailablefreeof chageto theacademicom-
munity. One,developedby SeanEddy; is calledhmmer(pronouncedhammer’),
andcanbeobtainedrom hisweb-site(http://genome.wustl.edu/eddy/hmm.html).
Theotherone,calledSAM (http://www.cse.ucsc.edu/research/compbio/sam.html),
wasdevelopedby myself andthe groupat UC SantaCruz, andit is now being
maintainedandfurtherdevelopedunderthe commandf RichardHughsy.

The genefinder sketchedabove is calledHMMgene. Therearemary details
omitted,suchasspecialmethodgor estimationandpredictiondescribedn [33].
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It is still underdevelopmentandit is possibleto follow the developmentandtest
the currentversionatthe website http://www.cbs.dtu.dk/servicessTHMMgene/.

Methodsfor automatedyenefindinggo backalongtime, see[34] for areview.
ThefirstHMM basedjenefinderis probablyEcoRarsedevelopedfor E. coli [35].
VEIL [36] is arecentHMM basedgenefinder for for humangenes. The main
differencefrom HMMgeneis thatit doesnot usehigh orderstateqneitherdoes
EcoRarse) which makesgoodmodelingof codingregionsharder

Two recentmethodsuse so-calledgeneralizedHMMs. Genie[37, 38, 39]
combinesmeuralnetworksinto anHMM-like model,whereasGENSCANJ40] is
moresimilar to HMMgene,but usesa differentmodeltype for splicesite. Also,
the generalizedHMM canexplicitly useexon lengthdistributions,which is not
possiblein astandarddHMM. Web pointersto genefinding canbe foundat
http://www.cbs.dtu.dk/krogh/genefinding.html.

Otherapplicationsof HMMs relatedto genefinding are: detectionof short
protein coding regions and analysisof translationinitiation sitesin Cyanobac-
terium[41, 42], characterizatiorof prokaryoticand eukaryoticpromoterg43],
andrecognitionof branchpoints[44].

Apartfrom theareagnentionedhere HMMs have beenusedfor predictionof
proteinsecondarystructure[45], modelingan oscillatorypatternin nucleosomes
[46], modelingsite dependencef evolutionaryrates[47], andfor includingevo-
lutionaryinformationin proteinsecondarytructureprediction[48].
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