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Abstract

Whentwo sequencesre alignedwith a single setof alignmentpara-
meters,or whenmutationparameterare estimatecbn the basisof a single
“optimal” sequencalignmentthevariability of boththealignmentandthe
estimateparametersanbe seriouslyunderestimatedlo obtaina morere-
alistic impressionof the actualuncertainty we proposesamplingsequence
alignmentsand mutationparametersimultaneouslfrom their joint poste-
rior distribution giventhetwo original sequencesie illustrateour method
with humanandorangutarsequencefrom the hypervariableregion | and
with gene-pseudogerpairs.

Keywords: sequencalignment,Markov chain Monte Carlo method,Thorne-
Kishino-Felsensteimodel, mutationparameteestimation statisticalalignment,
hypervariableregion, pseudogenesgjiddenMarkov model.
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| ntroduction

Whentwo sequencearealignedusinga scoreoptimizationlike the Needleman-
Wunschalgorithm (Needlemarand Wunsch,1970), the alignmentobtainedde-
pendsonthe parametersised andtheoptimalchoicesof theseparameterdepend
ontheunknavn mutationrates.Similarly, whenmutationratesareestimatedrom
analignment,the uncertaintyin the alignmentaddsuncertaintyto the parameter
estimatesTreatingeitherof theseproblemsin isolationcanthusresultin anun-
derestimat®f thevariability involved.

Oneway to breakthis vicious circle andachieve a moreaccurateassessment
of thetrue uncertaintyis to samplesimultaneoushalignmentsandmutationrates
fromanassumegbint posteriodistribution. For thisweneedamodelof sequence
evolution, like thatof Thorne,Kishino & Felsensteir{1991),which providesus
with sucha joint posteriordistribution. In fact, the Markov chain Monte Carlo
(MCMC) method(cf. Gamermari997)which we will employfor thejoint sam-
pling of alignmentsandmutationparametersloesnot useary specificproperties
of the Thorne-Kishino-FelsensteifT KF) model. The only essentiapoints are
thatthelikelihoodsof alignmentsaswell asthoseof sequencgairscanbecom-
putedefficiently, andthatthe samplingof thealignmentsanbedonein atractable
way. Bothis guaranteedf the (unobsered)randomalignmentgogethemwith the
(obsenred) sequencesarry a Hidden Markov Structurewhenreadfrom left to
right—andindeedthis is the casefor the TKF model.

We think of a stochasticevolution dynamicsdependingon parametersike
substitutionjnsertionanddeletionrateswhich we collectinto a parametewector
. This evolution dynamicstakesaninitial sequencénto afinal oneby deleting
someof the nucleotidesinsertingothersandchangingsomeof the nucleotidesy
pointmutations.In thiswayit producesanalignmenta, say

ACGT_C -
CC_TAC

Thealignmenthowever, cannotbe obsered. Whatis obseredarethe sequences
sy = ACGTC ands, = CCTAC. Also, the modelparameterg arein generalun-
known; we aregoingto assumea Bayesianframevork wherewe put someprior
probability 7 on the parameters.For given ¢, we denotethe probability of an
alignmenta by py(a).

For givensequences,, s, we would like to answerquestionsasfollows:

1. Whatis the posteriordistribution of themodelparameters?



2. Which partsof analignmentarerelatively certainandwhich onesaremore
guestionable?

3. Whatdo typical alignmentdook like?
4. How dothetypical alignmentdepencon §?

We proposeto attackthesequestionghrougha joint samplingof the align-
mentsa andthe model parameter® with weightsproportionalto ps(a)r(d6),
wherea runsthroughthe alignmentscompatiblewith s, s,. Using the idea of
Gibbs sampling,we achieve this by an MCMC methodin which alternatelythe
alignmentis sampledyiventhemodelparametersandvice versa.

A well known and most corvenientway of displaying alignmentsis their
graphicalrepresentatioras a path througha rectangulargrid. In this way, the
alignment(*) is representedly the pathhighlightedin Figurel.

The TKF model for sequence evolution

We usea modelof sequencevolution thatwasfirst describedandappliedto se-
guencealignmentproblemsin Thorneet al. (1991). We refer to it asthe TKF
model. This sectiongivesa shortinformal overview of the TKF modelin thecon-
text of sequencalignment.Themodelcontainghreeparametersthesubstitution
rate s, the insertionrate A, andthe deletionrate . Eachsite is independently
deletedwith rate, andhit by a substitutiorwith rates. Insertionsoccurbetween
ary two sitesor at the endsof the sequenceat rate A\. Whena substitutionor an
insertionoccurs thenew bases dravn randomlyfrom {A, G, C, T} accordingo a
probability distribution (my, 7, 7c, 71).

Givenasequencef lengthr, therearen siteswhich arecandidatesor dele-
tionandr + 1 positionswhereanucleotidecanbeinserted.Thereforethelength
of thesequencgrowswith netrate\(n+1)— pun. In orderto avoid adrift towards
longerandlongersequences is assumedhat; > X, which thenensureshe ex-
istenceof a stationarydistribution of the sequencevolution process.Thelength
of arandomsequencat equilibriumis geometricallydistributedwith expectation
M’_% andthebasesreindependentlylistributedaccordingo (my, g, m¢, 71). This
time stationaryprocesss reversible: the probability of startingwith anancestral
sequence; andarriving after atime ¢ at an offspring sequence, is unaltered
whens; ands, areinterchanged.



In general,certain nucleotidesof the ancestralsequencewill be consered
in the offspring sequencepthernucleotideswill appearonly in the ancestrabr
only in the offspring sequence Assumefor instancethatthe ancestrasequence
is ACGTC; it may happerthata is substitutedoy a C, the G is deletedandana is
insertedbetweenthe T andthe €. Then,with the ancestrabequencen top, this
resultsin thealignment

ACGT_C -
CC_TAC

Othersequencdistoriesleadto ambiguitiesin the alignmentwhich mustbe re-
solved by corvention. For instance startingwith ACG, supposet is deletedand
thenT is insertedbetweenA andG. Therearetwo possibilitiesfor the resulting
alignment:

= or alignment2: ACG
A TG AT G
Thorneetal. (1991) makethe corventionthatinsertionshappeno theright of a
nucleotideratherthanbetweennucleotides.Thusin the example,T mustbethe
offspringnucleotideof A andalignment2 is theappropriateone. This would also
bethe caseif T hadbeeninsertedbetweenthe A andthe C beforethe deletionof
theC, whereasalignmentl would correspondo a historyin which T wasinserted
betweerthe ¢ andthe G andthe C wasdeletedafter that. This makesalignment
2 moreprobablethanalignmentl. If thebottomsequencevould bethe ancestral
one,it would be the otherway round: alignmentl would be more probablethan
alignment2. Thusthe alignmentcorventiondestroyshe time reversibility. But
this affectsonly the orderof gapsin thetwo sequenceandnotthe site homology
whichis theprimaryobjectie of alignmentproblems.Thereforejf two sequences
aregiven which have descendedrom somecommonancestarwe may assume
thatthesecondsequencéasevolvedfrom thefirst.

Now supposehatfor givenparameters, ), andu, asequences dravn from
the equilibrium distribution and evolvesfor a time spant accordingto the TKF-
model. How canwe then computethe probability, that, say the alignment(*)
is the true one? The first obsenation is that we can separatdhe processinto
two independentomponentsithe insertion/deletiorprocessand the processof
substitutionsFirstwe calculatethe probability of the bare alignment

BBBB_B -
BB_BBB,

alignmentl.:



ignoring the basetypes(B just standsfor “Base”). Thenwe computethe condi-
tional probability for the alignment(*) giventhe barealignment(**), which is
easy becausall 3, ®, and ; taketheir basetypesindependentlyf eachother
For the pair § andtime ¢, this is the productof the probability of A, the prob-
ability that at leastone substitutionoccursin a time spant, andthe probability
thatthe new baseis C: m, - (1 — ¢=*') - . For the pair & we have two possi-
bilities: no substitutionor one or more substitutionswith the last one beingC:
me - [e7 4+ (1 — e™*") - m¢]. The probabilitiesfor ¢ (given ®) or ; (given ;) are
e andr 4. In thesequelwe rescalghetime sothatthetime elapsedetweerthe
sequences ¢ = 1.

Thecomputatiorof the probability of thebarealignment(**) is slightly more
difficult, becausehe positionsarenot independentBut asa consequencef the
TKF alignmentcorvention,thebarealignments generatedby aMarkov chainon
thestatesSt art , 2, B, ; andEnd. Thereforewe cancomputethe probability of
abarealignmentby steppingthroughit from left to right anditeratively multiply-
ing theresultwith thetransitionprobabilityfrom the precedingstateto thecurrent
one. For givenstatesr,y € {Start,;.® ,;,End}, we denotethe probability for
the next statebeingy, giventhatthe currentstateis =, by P, ,(z — y). For the
calculationof the transition probabilities(seetable 1) we referto Thorneet al.
(1991).

Likelihood computation

The TKF modelfits into the concepiof apair hidden Markov model (pair-HMM)
asdescribedn Durbin etal. (1998). The usualHMM is a Markov chainwhich
is hiddenfrom an obserer in the sensethat he canonly obsere a sequencef
“emissions”which dependon the currentstates. In the pair-HMM settingthe
obsenrer seesa pair of sequencessteadof a singlesequenceln our casethe
Markov chainis the barealignment(correspondingo the pathin the graphical
representationandthe emissionsarethe DNA sequencesDurbin et al. (1998)
describevariouspairrHMMs thatcanbe usedfor sequencalignment.In general,
thesemodelsare constructedatherheuristicallyand are not exactly compatible
with ary stochastisequencevolution model,asit is the casefor the pai-rHMM
thatarisesirom the TKF model.

Many algorithmsfor HMMs canbeadaptedo pairHMMs. Oneof themis the
forward algorithm for the calculationof the likelihood of possiblevaluesfor the
transitionprobabilitiesof the Markov chain,giventhe emittedsequenceln our



case this likelihood is the probability p; » .(s1, s2) thatthe obsered sequences
s1 ands, areemittedfrom a TKF pairHMM with parameters, A, andu (here
we think of thetime spant for the evolution of onesequencénto the otherto be
scaledo unittime.)

For the computatiorof this likelihood it is necessaryo sumover all possible
alignmentsof thesequences:

Psu(s1,82) = Z pau(w) - ps(s1, 82 | w) (1)
barealignmentw
pa,u(w) is theprobability of the barealignmentw for giveninsertionanddeletion
ratesh andy, andp;(si, s2 | w) is the probabilityof the sequencegjiventhebare
alignmentw andthe substitutiorrates.
Theforwardalgorithmusesadynamicprogrammingapproacho calculatethe
above sum. The mainideais the following (for detailsseeThorneet al. (1991)
andDurbin etal. (1998)): Let the evolution parameters, A, andy anda pair of
sequences; ands, of lengthsr andm befixed. For0 <: <nand0 < j <m
let f(i, 7, ) bethe probability thatthe following threeeventsoccurin a run of a
TKF pairHMM with the givenparameters

e Thefirst: basesf the emittedsequencd coincidewith thefirst : basesof

S1.

e Thefirst j base®f theemittedsequence@ coincidewith thefirst ; basef

S9.

¢ In thebarealignmentgivenby the hiddenstatesequencéhe:-th site of the
first sequencés homologoudo the j-th site of the secondsequence.

f(1, 7, B) is definedsimilarly, exceptthatsite : is nothomologouso site j but is
alignedwith a gapbetweensites; and; + 1 of sequenc&. Note thatbecause
of the Markov propertyof the barealignment,onecaneasilycomputef(z, j, .) if
thevaluesfor f(: — 1,5 — 1,.), f(z — 1,7,.), and f(i,j — 1,.) areknown. For
example,if thereis aC atsite: in thefirst givensequencandag atsite j in the
secondsequencgfor i, 5 > 1), it is easyto seethatthefollowing equationshold:

FG.5.%) = [fG=1,,8)-P(E=?) (2)
+fE—1,5,8)-P(% =7
+f(i—1,7,8)" P(E%B)} e



J.5.8) = [fi-15-13) -P(3 =} (3)
+f(i_17j_17[_;)'P(I_;_>g)
+fi=1,j=1,5)P(5— 8] 7 -(1—e) mg

Thereforether - m - 3 valuesof thefunction f(., ., .) canbecomputecefficiently
by calculatingf(z, j, .) iteratively while increasing and; from: = j; = 0 upto
(1,7) = (n,m). Thedesiredikelihoodis then:

p87/\7#(517 52) = f(n7 m, g) ’ P(g_> End) (4)
+f(na m, ]i) ) P(]i_> End)
+f(n,m, 3) - P(3— End)

Thorneetal. (1991)suggesusingclassicaloptimizationalgorithmsin combina-
tion with the forward algorithmto searchfor thetriple (s, A, ;) thatmaximizes
psau(s1,82) for givens; ands,. Recently Hein etal. (2000)have improvedthe
efficiency of the algorithm. Note that the maximumlikelihood estimatoy which
is obtainedby this proceduredoesnot rely on a singlealignment:it takesevery
possiblealignmentof the givensequencesmto account.

The sampling method

We are now going to describeour methodof joint samplingof alignmentsand
parametersn moredetail. In the framewvork of the TKF model,we have § =
(s, A, ). (Again, wetaket = 1 for simplicity.) As a prior for § we propose
m(df) = e~*ds e=*dX\ e~*dy; this makesthe probability that no substitutionoc-
cursatagivensurviving site uniformly distributedon [0, 1]. Wewrite p(df, «) for
pe(a)m(df). Ourtaskis to sample(d, a) accordingto p(df, al s, s2).

If ¢ is fixedandwe wantto samplean alignmentaccordingto ps(a | s1, s2),
thenwe canapply a classicaHMM backwardsamplingalgorithm(cf. Durbin et
al. (1998),pp. 89-99),usingthefunction f definedabove. With f we caneasily
computethe probability distribution for the lastalignmentstatebeforeEnd given
thesequenceandthemutationparameterskor = € { &, ®, ;} theprobabilitythat
thelaststateis =, isc- f(n, m, z)- P(x — End), wherec isanormalizingconstant
suchthatthethreevaluesfor thetreestatesaddupto 1. Thereforewe caneasily
draw the last stateat randomaccordingto this probability distribution. Assume
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for examplewe drew a ® for thelaststate.In the graphicalrepresentationf the
alignment;this would meanthatthe lastedgeis averticalonefrom (n — 1, m) to
(n,m). Forall stategy € {3, B, 5}, giventhatthelaststateis ®, the probability
that the precedingstateequalsy is ¢’ - f(n — 1,m,y) - P(y — *), where¢’
is a normalizingconstantagain. We draw the precedingstateaccordingto this
distributionandcontinuein the samemanneruntil we endup atthefirst state,. e.
until we have drawn anedgein the alignmentgraphthatstartsat vertex (0, 0).

Ontheotherhand,if analignments given,we canusea Metropolis-Hastings
approact{cf. Gamermar{1997))for samplingheparameteé accordingo p(df| a).
Startingwith someparametewnector, we generatea Markov chainon the pa-
rameterspacein the following manner: If the currentstatein step: is 6, =
(si, M, 4i ), thengeneraténdependentandomnumberss, \, andji, exponentially
distributedwith meanss;, ;, and ;. Considerd = (?s',X,ﬁ) asa proposalfor
the next state(s;;1, Aiy1,pi+1). Thenmakea randomdecision: Acceptit with
probability

min{]’p( | a) sN/iM_eXp(i_STJF__TJFﬂ_uT)} 5)
p(db;| a)-5- -\ S; S i A I

orsetd;,, = 6; if youdonotaccept. As canbecheckedn astraightforwardvay,
the posteriordistributionfor (s, A, i) is a (reversible)equilibriumfor the process
describedabove. By irreducibility, the processonvergesto this equilibriumdis-
tribution and canthus be used(at leastapproximatvely) for samplingmutation
parameterfor givenalignments Of coursejf onesamplegrom onerealizationof
the processtheresultsarenot independentHowever, the dependenciebecome
smallif onechoosedhe intervals betweentwo samplingssufficiently large. Es-
pecially beforethe first samplingoneshouldallow enoughstepsfor the so called
“burn-in”, becauseheinitial statecould have beenabadguessn aregion of low
probability.

Now thatwe have an alignmentsamplingstratgy for given mutationpara-
metersanda mutationparametesamplingstratey for givenalignmentswe can
combinethemusingthe ideaof Gibbssampling(cf. Gamermar(1997))andob-
tain a methodfor samplingmutationparametersindalignmentssimultaneously
We constructa Markov chainonthe spaceof mutationparameterandalignments
asfollows: If (6,a) is the currentstate,thensamplea new alignmenta’ for the

In our programwe usea slightly differentproposalchain,wherethe quotientA/(u — ) is
exponentiallydistributed(with the old valueasexpectation)nsteadof j.



parametetriple #, andafterwardsperforma Metropolis-Hastingsun to obtaina
new parametetriple ' giventhealignmenta’.

Thedisadwantageof this methodis thatwe alwayshave to samplealignments
for new mutationparameters.For doing so, we have to computethe3 - n - m
valuesfor the function f with the new parametergachtime, which is very time
consumingin general. Therefore,insteadof samplingthe whole alignmentin
eachstep,we realignonly a part of it, about30 nucleotides- thenwe have to
computeonly about2700 valuesfor f in eachstep. We usea partof the saved
runtime to increasethe numberof stepsbetweenthe samplingsto compensate
the dependencies the alignmentsthat arise from this stratgly. Note that the
posteriomprobabilitydistributionp(dé, a| s1, s, ) is still areversibleequilibriumfor
the Markov chainon {(6, «)} whichwe obtainby thealgorithmdescribedabore.
Thereforewe canusethis procesdor simultaneousviarkov chain Monte Carlo
(MCMC) samplingof alignmentsand mutationparametergrom their common
posteriordistribution.

As in mostapplicationsof MCMC methodsappropriatealgorithmparameters
asthe numberof stepsin the samplingintervals, the durationof burn-in, andthe
lengthof alignmentresamplingangescanonly be foundwith experiencegained
from carefulanalysisof the samplingresults.

An example: HVR-1 from human and orangutan

As anillustration of our approachwe considerthe alignmentof the humanse-
guencelD 1244 (Andersonet al. (1981)) and the orangutan(Pongo pygmaeus
pygmaeus) sequencéD 389 (Xu etal. (1996))from anupdatedversion
(htt p: // db. eva. npg. de/ Hvr base) of the hvrbase(Handtet al. (1998)).
We only usedthe fragmentthatis known for bothsequences.
Whenspeakingaboutmutationparametersye think of atime scalingwhich
makesthetime distancebetweerthe two sequencesneunit. Thus,our parame-
terss, A andy arethe expectednumbersof substitutionsinsertionsanddeletions
persite.

Alignment reliability

After aninitial run of 1000 steps(“burnin”) we sampled1000 alignmentsand
correspondingnutationparametergyerformingl00stepsbetweereachtwo sam-
plings. In eachsamplingstep,a (randomlychosenpieceof alengthof 30 bp was

10



resampledasexplainedabore. Thenwe countedfor eachpositionof the align-
mentgivenin the databasehow mary of the sampledalignmentdiffer from the
databasealignment.

Figure2 shawvs thatin someregionsthe alignmentgivenin the databasedif-
fers from morethan80% of the sampledalignmentg(for instancethe region R
correspondindo the segmentTCACCCATCAACAACCG in the middle of the top
line of Figure2). In this region, even the mostprobablealignmentof the 1000
alignmentssampledshows a quite similar patternof non-coincidencewith the
othersampledalignmentqcf. Figure3).

In Figure 4 we comparethe graphicalrepresentatiomf the databasealign-
mentwith the sampledalignmentsaroundregion R. We seethatmary different
alignmentsarepossible.

Estimation of mutation parameters

Figure5 shaws thatthe rangeof possiblevaluesfor the mutationparameter$e-
comesmuchlargerif we takeinto accountthatthe true alignmentis actuallyun-
known. Theleft sideof Figure5 shavs 1000valuesfor (s, A\) sampledrom the
posteriordistribution giventhe sequenceandgiven that the data-base alignment
is the true one. Underthis assumptiorthe valuesfor s and ) with the greatest
posteriorprobabilityfoundin the sampleare0.48and0.0085.Thedeletionrate
typically differslittle from theinsertionrate A, sowe concentrat®n (s, ). The
right side of Figure 5 shaws the (s, )-part of 1000 alignment/parametepairs
sampledrom their posteriordistribution with our method. The mostprobableof
thesewasassociatedvith similar valuesfor s (0.45)and ) (0.01)asin the case
wherethe data-basalignmentwasassumedo bethetrue one,but the credibility
rangeis muchlargerattheright side.

It may alsobe of interestto compareFigure 5 with the maximumlikelihood
(ML) estimatorassuggestedby Thorneetal. (1991). Maximizing thelikelihood
functionof (s, A) basedon the givensequencegtaking every alignmentinto ac-
count)via NelderandMead’s simplex method(cf. Pressetal. 1988)we obtained
(éML,XML) = (0.42,0.019). Notethat(éML,XML) lies at the edgeof the left
cloud but well within the right cloud in Figure5. As alsosuggestedn Thorne
etal. (1991)we approximatedhe covariancematrix of the ML estimatorby the
negative inverseof its Hessianandarrivedat sd $,7,) & 0.057, sd( Ayrr,) & 0.01
andcor($y,, Avr) & —0.47. Thesevaluesaresimilar to the standardieviations
andcorrelationin theright cloud of Figure5 (S ssample) = 0.061, SA Asample) =
0.013, COISsample;, Asample) = —0.54).
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A second example: Pseudogene/gene pairs

In orderto comparethe substitutionandinsertionratesobtainedwith our method
with estimate®f substitutionratesandgapfrequenciedasedon usualsequence
alignmentswe appliedit to the pseudogengenepairs analyzedby Gu and Li
(1995).Pseudogeneseento beappropriatdor testingour approachastheir evo-
lution is not constrainedy functionalnecessitySincethey stemfrom functional
sequencethey shouldnot containrepeatf shortsequencenotifs which could
distort the insertion-deletion-procedscally. Their functionalhomologson the
otherhandshouldbe practicallydevoid of insertionsanddeletions.Althoughthe
main focus of Gu andLi (1995)is on the distribution of gap lengths,they also
provide estimatesof the numberof differenceger position. Lacking accesgo
thealignmentson which GuandLi basedheir study we retrievedthe unaligned
sequenceandalignedthe codingregionsof the functionalgeneso the presum-
ably homologouspart of the correspondingpseudogeneFor 20 sequenceairs
thenumbersandlengthsof gapsgivenby GuandLi werenotcompatiblewith the
lengthsof theavailablesequenceshesewerenotanalyzedurther Theremaining
58 of the 78 pseudogeneiseatedaregivenin table2. For eachsequenceair the
samplingproceduravasstartedusing4 /3 timesthe numberof differencegperpo-
sitionfrom GuandLi (1995)asestimatorof thesubstitutionrate.(Thefactor4/3
takesinto accountthat a nucleotidecanbe replacedby a nucleotideof the same
typein the TKF model.) As aninitial simple estimatorof the insertionratewe
usedthe numberof gapsdivided by twice the alignmentlength: m where
L, and L, arethe sequencédengthsandg is the numberof gapsin Gu andLi
(1995).With thesevaluesafirst alignmentwassampled.Then,after 10,000burn-
in runs,every thousandttof 100,000runswassampled.Therangeof resampling
of thealignmentin eachof the stepswas30 nucleotides.

Figure6 compareshe mostprobablesampledsubstitutionrateswith Gu and
Li’ s values. In mostcaseghe estimategiven by Gu andLi lie well within the
central95% of the sampledvalues. This is eventruefor large substitutionrates.
Mostof ourmostprobablesubstitutiorratesarebiggerthanGuandLi’ sestimates.
This may indicatethat the score-optimizatiorof alignmentstendsto makethe
alignedsequencemoresimilar thanthey actuallyare(cf. FleiRneretal. (2000)).

For the sequencegairswhich arelabeledA-F in table2 the 97.5%quantiles
of the sampledsubstitutionratesare by far smallerthanthe estimategyiven by
GuandLi. Thegapfrequenciesaswell asthe sizesof the gapsin therespectie
sampledalignments however, were alwayscloseto the valuesgiven by Gu and
Li (1995)(datanot shavn). Thus,ary reasonablecoringsystem(includingthe
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humaneye) would preferour sampledalignmentdo GuandLi’ salignmentsThis
callsfor anexplanationlike atyping errorin their paperor the useof a different
sequencéor the functionalgene.

Table 3 showvs examplesof sampledalignments.The smallvariability seenin
thefirst two framesis typical. The chaoticbehaior in thelastframeis probably
dueto asinglelong gap. Thisis of coursenot providedfor in theassumptionsf
the TKF model.

Discussion and Outlook

Themethodpresentetheremakest possibleto assesthejoint variability of align-
mentandparameteestimatesUsingthe programonecanalsostudythe interac-
tion of thetwo by clicking on individual parameteestimatesandcomparingthe
correspondingalignment. As showvn in Figure 2 and Table 3, the programalso
revealswhich partsof the sequencearedifficult to align.

Various minor refinementsof the methodare easily implemented. For in-
stancedifferentratesfor transitionsandtrans\ersionscanbe accommodatedis
indeedcould individual ratesfor eachpair of basesthoughthis could lead to
parameteover-fitting problems.

Our models gravestdefectis unfortunatelynot soeasilyremedied.The TKF
modelconsider®nly insertionsanddeletionsof singlenucleotidesThis assump-
tion runs counterto a growing body of practicalexperienceandit canleadto
implausiblealignmentsasthelastexamplein table3 shaws (seealsoSaitouand
Ueda(1994)). The challengeis to find biologically more plausiblemodelsfor
the insertion-deletiorprocesswhich still presere the hiddenMarkov structure
essentiafor computationafeasibility. Thorne,Kishino and Felsensteir{(1992)
suggest generalizatiorof the TKF modelthatallowsinsertionsanddeletionsof
longerfragmentshutthey areforcedto requirethatinsertedragmentsanonly be
deletedasawhole. Anotherapproachwe areinvestigatings the approximation
of biologically reasonablenodelsby hiddenMarkov models.

In mary situationsthe phylogety is notknown but is to beestimatedrom the
multiple alignment.On the otherhand,the multiple alignmentsareusuallybased
onaphylogety. Thuswe arein the samedilemmaasin the caseof two sequences
with therelationbetweeralignmentsandmutationparametersSomesuggestions
have beenmadeto overcomethesedifficultiesin the caseof multiple alignments,
seefor example ThorneandKishino (1992), Vingron and von Haesele(1997)
andthe literaturecited therein. Mitchison (1999) suggestsn algorithm, for si-
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multaneousVICMC samplingof multiple alignmentsandphylogenies However,
it is not clearif theHMM heusesis compatiblewith a plausiblesequencevolu-
tion model.We hopeto find a biologically plausiblemodelof sequencevolution,
which canalsobe usedin this context.
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[ Pseudogene Acc. [[ Pseudogene [ Acc. [[ Pseudogene Acc.

1. Bactinyl V00479 24. Cytochromec 4/ C M22880 49. Caseirkinasell-a v X64692

2. B actiny2 V00481 25. Cytochromec ¢ E M22886 50. Keratin19 ¢ M33101

3. B actiny M55014 26. Cytochromec ¢ F M22889 53.HSC-70¢ Y00481

4.~ actin M55082 27. Cytochromec ¢ H M22891 55. Ferredoximy-A M34787

6.y actiny1 X04224 28. Cytochromec #1 M22892 56. Ferredoxiny:-B M34789

7. Aldolasereductase) M84454 29. a enolasey X15277 57. FerritinH J04755

8. Cyclophilin /133 X52856 30.ARS %3 K01846 58. Tubulin-3 67 M38484 | E
9. Cyclophilin 4167 X52858 31.ARS 1 K01845 60. Tubulin8 +14P K00840 D
10. Cyclophilin /18 X52855 32. AldolaseB v M21191 62. Tubulin8 +21P K00841 B
11. Cyclophilin /192 X52857 33. Na/K-ATPaseg M25159 63. Tubulin3 +»46P J00317 C
12. Cyclophilin %29 X52853 38. D2-typecyclin ¢ M91003 64. Tubulin8 7P K00842 F
13. Cyclophilin /39 X52852 40.LDH-A o X02153 66. TPl ¢)5A K03224

14. Cyclophilin 4,43 X52854 41.LDH-B ¢ M60601 67.TPI19A K03225

15. Cytochromec 1 D00266 42. Lipocortin2 1A M62895 68.TP1¢13C K03223

16. Cytochromec 2 D00267 43. Lipocortin2 /B M62896 70. Prothymosinz D J04800

17. Cytochromec %3 D00268 44, Lipocortin2 #C M62898 71. Prothymosinx ¢F J04801 A
18. Cytochromec 1A M22878 45. Metallothioneinl 1 M13073 72. Prothymosinz 4G J04802

20. Cytochromec ¥/G M22890 46. Metallothioneinll M13074 78. Adenylatekinase3 1 X60674

21. Cytochromec #J M22900 47. PGK ¢ X K03201

22. Cytochromec K M22893 48. PGK A K03019

Table2: The analyzedpseudogenesThe marksrefer to the labelsin Figure6.
Thenumberings thesameasin Table1 of GuandLi (1995).




| Paths | Most probablealignment

CCAGT TGCGGAAGAAGAGGCA_CAGTCCAAAACAATAAGA
CCAGT TGCGGAAGAAGAGGCAACAGT TCCAAACAATAAGA

TCACTGTAGT
TCACTGTAGT

CGCCGATAGGATGCAGAAG __ ATCACCACCCTGGECGCCC
TGCCGACAGGAT GCAGAAGGAGAT CACT GCCCTGGCACCC

AGCACAAT
AGCACAAT

GAGAAAGGCA___ AGATTTTTGI TCCAAAGGGT GCCGCCC
GAGAAAGGCAAGAAGATTTTTATTATGAAGIGT_TC C C

AGTGCCACACCAT GGAAAAGGGAA
AGTGCCACACCGT TGAAAAGGGAG

N CTATATCCAGCAAGACACTAAGG_G T GC_
TTATATCCAGCAAGACACT AAGGGCGACTACCAGAAAGCG

_TG.T__ACC
CTGCTGTACC

Table3: Sometypical sampleof alignmentpathstogethemvith themostprobable
of the sampledalignments.The pathsandalignmentsshavn arecutoutsfrom the
sampledalignmentof LDH ¢, 3 actini 1, cytochromec ¢»G andlipocortin2 ¢/B.
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Figurel: Graphicalrepresentationf the alignment 5%7;5.
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TTCTTTCATGGGGAAGCAGAT TTGGGTACCACCCAAGT ATT GACT CACOCAT CAACAACCOGCTAT GTATTTOGTACATTACT GOCAGCCACCATGAATAT
TTCTTTCATGGGGGAT CAGAT TTGGGTACCACCCCAGTACCGAC___ CCATTTCCAGOGGOCTATGTATTTCGTACATTCCTGCCAGCCAACATGAATAT
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TGTACGGTACCATAAATACT TGACCACCT GTAGTACATAAAAACCC_AATCCACATCAAAACCCCCT CCCCATGCT TACAAGCAAGTACAGCAATCAACC
CACCCAACACAACAAT CGCTTAACCACCTATAACACATACAAAGCCCAATCCACACCCAA _CCTCTACCCCCCGCT TACAAGCAAGTACCCCCCCATGCC

80%

60%

40%
ITI'L.-. ;rn‘l'lﬂ_l L H‘lﬂ_ﬂ 0%
CTCAA CTATCACACATCAACTGCAACT CCAAAGCCACCCCTCACCCACTAGGATACCAACAAACCTACCCACCCTTAACAGTACATAGTACATAAAGCC

CCCCCACCCAAATACAT ACAT CAAT CCCCCCACAT AACCCCT TCCCCCCCCGCAT ACCAACCAACCCAACCAAGCT TTAAAGTACATAGCACATAATACC
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ATTTACCGTACATAGCACATTACAGT CAAAT CCCT TCTCGT CCCCAT GGATGACCCCCCTCAGATAGGGGT CCCTTGACCACCATCC
CCT_ACCGTACATAGCACATTTCTACTAACT CCCTGCT TAACCCCACGGAT GCCCCCCCTCAGT TAGTAATCCCTTACTCACCATCC

Figure2: The databasealignmentof a human(top sequenceandan orangutan
HVR-1 sequencdbottomsequenceandthe percentagesf sampledalignments
thatdiffer from it in eachposition.
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TGTACGGTACCATAAATACT TGACCACCTGTAGTACATA_AAAACCCAAT CCACAT CAAAACCCCCT CCCCATGCT TACAAGCAAGTACAG_CAATCAAC
CACCCAACACAACAATCGCTTAACCACCTATAACACATACAAAGCCCAATCCACA _CCCAACCT CTACCCCCCGCTTACAAGCAAGTACCCCCCCATGCC
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CCTCAACTATCACACAT CAACT GCAACT CCAAAGCCACCCCT CACCCACT AGGATACCAACAAACCT ACCCACCCT TAACAGTACATAGT ACATAAAGCC
CCCCCACCCAAATACATACAT CAAT CCCCCCACAT AACCCCT TCCCCCCCCGCATACCAACCAACCCAACCAAGCT TTAAAGTACATAGCACATAATACC
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ATTTACCGT ACATAGCACAT TACAGT CAAAT CCCT TCTCGT CCCCAT GGATGACCCCCCT CAGAT AGGGGT CCCTTGACCACCATCC
C_CTACCGTACATAGCACATTTCTACTAACTCCCTGCT TAACCCCACGGAT GCCCCCCCT CAGT TAGTAATCCCTTACTCACCATCC

Figure 3: The most probableof the sampledalignmentsof a humanand an
orangutarHVR-1 sequencandthe percentagesf sampledalignmentghatdiffer
fromit in eachposition.



Figure4: Alignment pathsfor theregion R (cf. Figure 2) betweenposition 19
to 69 in the consideredragmentof the humansequencandposition19 to 66 of
theorangutarsequenceThealignmentfrom the database(dashedandthe most
probableof the sampledalignments(dotted). The thicknessof the black paths
displaysthefrequeng of thecorrespondingpairingsin the sampledalignments.
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Figure 5: 1000 samplesof substitutionand insertion parameterdetweenthe
HVR-1 sequencesf humanandorangutaraccordingo their posteriomprobability
giventhe data-basalignment(left) andthe substitutionandinsertionparameters
that were sampledtogetherwith the alignmentsaccordingto the joint posterior
probability of alignmentsandmutationparametergright).
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Figure6: Themostprobableof thesampledsubstitutiorratesfor eachpseudogene
genepair (3) plottedagainsthe valuesestimatedy Gu andLi (357). Thelatter
wasevaluatedas— In (1 — 2p) wherep is the numberof differenceperposition
givenin Gu andLi (1995). The dottedline is the identity, the plottedintervals
indicatethe2.5% andthe 97.5% quantiles.



