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Abstract

When two sequencesarealignedwith a singleset of alignmentpara-
meters,or whenmutationparametersareestimatedon thebasisof a single
“optimal” sequencealignment,thevariability of boththealignmentandthe
estimatedparameterscanbeseriouslyunderestimated.To obtaina morere-
alistic impressionof theactualuncertainty, we proposesamplingsequence
alignmentsandmutationparameterssimultaneouslyfrom their joint poste-
rior distributiongiventhetwo original sequences.We illustrateour method
with humanandorangutansequencesfrom the hypervariableregion I and
with gene-pseudogenepairs.

Keywords: sequencealignment,Markov chainMonte Carlo method,Thorne-
Kishino-Felsensteinmodel,mutationparameterestimation,statisticalalignment,
hypervariableregion,pseudogenes,HiddenMarkov model.
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Introduction

Whentwo sequencesarealignedusinga scoreoptimizationlike theNeedleman-
Wunschalgorithm(NeedlemanandWunsch,1970), the alignmentobtainedde-
pendsontheparametersused,andtheoptimalchoicesof theseparametersdepend
ontheunknown mutationrates.Similarly, whenmutationratesareestimatedfrom
analignment,theuncertaintyin thealignmentaddsuncertaintyto theparameter
estimates.Treatingeitherof theseproblemsin isolationcanthusresultin anun-
derestimateof thevariability involved.

Oneway to breakthis viciouscircle andachieve a moreaccurateassessment
of thetrueuncertaintyis to samplesimultaneouslyalignmentsandmutationrates
fromanassumedjoint posteriordistribution. For thisweneedamodelof sequence
evolution, like thatof Thorne,Kishino & Felsenstein(1991),which providesus
with sucha joint posteriordistribution. In fact, the Markov chainMonte Carlo
(MCMC) method(cf. Gamerman1997)which we will employfor thejoint sam-
pling of alignmentsandmutationparametersdoesnotuseany specificproperties
of the Thorne-Kishino-Felsenstein(TKF) model. The only essentialpoints are
thatthelikelihoodsof alignmentsaswell asthoseof sequencepairscanbecom-
putedefficiently, andthatthesamplingof thealignmentscanbedonein atractable
way. Both is guaranteedif the(unobserved)randomalignmentstogetherwith the
(observed) sequencescarry a Hidden Markov Structurewhen readfrom left to
right – andindeedthis is thecasefor theTKF model.

We think of a stochasticevolution dynamicsdependingon parameterslike
substitution,insertionanddeletionrateswhich wecollect into aparametervector�
. This evolution dynamicstakesan initial sequenceinto a final oneby deleting

someof thenucleotides,insertingothersandchangingsomeof thenucleotidesby
point mutations.In this wayit producesanalignment� , say

ACGT_C
CC_TAC

(*)

Thealignment,however, cannotbeobserved.Whatis observedarethesequences���
	�������� and ����	������� . Also, the modelparameters
�

arein generalun-
known; we aregoingto assumea Bayesianframework wherewe put someprior
probability � on the parameters.For given

�
, we denotethe probability of an

alignment� by ��������� .
For givensequences����� ��� we would like to answerquestionsasfollows:

1. Whatis theposteriordistributionof themodelparameters?
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2. Whichpartsof analignmentarerelatively certainandwhich onesaremore
questionable?

3. Whatdo typicalalignmentslook like?

4. How do thetypical alignmentsdependon
�
?

We proposeto attackthesequestionsthrougha joint samplingof the align-
ments � and the model parameters

�
with weightsproportionalto � � �����!�"�$# � � ,

where � runs throughthe alignmentscompatiblewith ����� ��� . Using the ideaof
Gibbssampling,we achieve this by an MCMC methodin which alternatelythe
alignmentis sampledgiventhemodelparameters,andviceversa.

A well known and most convenientway of displaying alignmentsis their
graphicalrepresentationas a path througha rectangulargrid. In this way, the
alignment(*) is representedby thepathhighlightedin Figure1.

The TKF model for sequence evolution

We usea modelof sequenceevolution thatwasfirst describedandappliedto se-
quencealignmentproblemsin Thorneet al. (1991). We refer to it as the TKF
model.Thissectiongivesashortinformaloverview of theTKF modelin thecon-
text of sequencealignment.Themodelcontainsthreeparameters:thesubstitution
rate � , the insertionrate % , andthe deletionrate & . Eachsite is independently
deletedwith rate & , andhit by asubstitutionwith rate � . Insertionsoccurbetween
any two sitesor at theendsof thesequenceat rate % . Whena substitutionor an
insertionoccurs,thenew baseis drawn randomlyfrom ' �(� �)�*+�,��- accordingto a
probabilitydistribution �$��. � ��/ � ��0 � �21�� .

Givena sequenceof length 3 , thereare 3 siteswhich arecandidatesfor dele-
tion and 35476 positionswhereanucleotidecanbeinserted.Therefore,thelength
of thesequencegrowswith netrate %8�$394:6;�;<=&>3 . In orderto avoid adrift towards
longerandlongersequencesit is assumedthat &@?A% , which thenensurestheex-
istenceof a stationarydistribution of thesequenceevolution process.Thelength
of a randomsequenceatequilibriumis geometricallydistributedwith expectationBC�D B andthebasesareindependentlydistributedaccordingto �$� . � � / � � 0 � � 1 � . This
time stationaryprocessis reversible: theprobabilityof startingwith anancestral
sequence��� andarriving after a time E at an offspring sequence��� is unaltered
when ��� and �;� areinterchanged.
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In general,certainnucleotidesof the ancestralsequencewill be conserved
in the offspringsequence;othernucleotideswill appearonly in the ancestralor
only in theoffspringsequence.Assumefor instancethat theancestralsequence
is ��F�G�� ; it mayhappenthat � is substitutedby a  , the � is deletedandan � is
insertedbetweenthe � andthe  . Then,with theancestralsequenceon top, this
resultsin thealignment

ACGT_C
CC_TAC

(*)

Othersequencehistoriesleadto ambiguitiesin thealignmentwhich mustbe re-
solved by convention. For instance,startingwith ���� , suppose is deletedand
then � is insertedbetween� and � . Therearetwo possibilitiesfor the resulting
alignment:

alignment1:
AC_G
A_TG

or alignment2:
A_CG
AT_G

Thorneet al. (1991)maketheconventionthat insertionshappento theright of a
nucleotideratherthanbetweennucleotides.Thusin the example, � mustbe the
offspringnucleotideof � andalignment2 is theappropriateone.Thiswouldalso
bethecaseif � hadbeeninsertedbetweenthe � andthe  beforethedeletionof
the  , whereasalignment1 wouldcorrespondto ahistoryin which � wasinserted
betweenthe  andthe � andthe  wasdeletedafter that. This makesalignment
2 moreprobablethanalignment1. If thebottomsequencewouldbetheancestral
one,it would betheotherway round: alignment1 would bemoreprobablethan
alignment2. Thusthealignmentconventiondestroysthe time reversibility. But
thisaffectsonly theorderof gapsin thetwo sequencesandnot thesitehomology,
whichis theprimaryobjectiveof alignmentproblems.Therefore,if twosequences
aregiven which have descendedfrom somecommonancestor, we may assume
thatthesecondsequencehasevolvedfrom thefirst.

Now supposethatfor givenparameters� , % , and & , a sequenceis drawn from
theequilibrium distribution andevolvesfor a time spanE accordingto theTKF-
model. How canwe then computethe probability, that, say, the alignment(*)
is the true one? The first observation is that we can separatethe processinto
two independentcomponents:the insertion/deletionprocessandthe processof
substitutions.Firstwe calculatetheprobabilityof thebare alignment

BBBB_B
BB_BBB,

(**)
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ignoring thebasetypes( H just standsfor “Base”). Thenwe computethe condi-
tional probability for the alignment(*) given the barealignment(**), which is
easy, becauseall II , I , and I taketheir basetypesindependentlyof eachother.
For the pair .0 andtime E , this is the productof the probability of � , the prob-
ability that at leastonesubstitutionoccursin a time span E , andthe probability
that the new baseis  : � .KJ �L6=<AM D�NPO � J � 0 . For the pair 00 we have two possi-
bilities: no substitutionor oneor moresubstitutionswith the last onebeing  :� 0QJ�R M D�NSO 4T�,6K<UM D�NPO � J � 0*V . Theprobabilitiesfor / (given I ) or . (given I ) are�+W and �2X . In thesequelwerescalethetimesothatthetimeelapsedbetweenthe
sequencesis E 	 6 .

Thecomputationof theprobabilityof thebarealignment(**) is slightly more
difficult, becausethepositionsarenot independent.But asa consequenceof the
TKF alignmentconvention,thebarealignmentis generatedby aMarkov chainon
thestatesStart, II , I , I andEnd. Therefore,wecancomputetheprobabilityof
abarealignmentby steppingthroughit from left to right anditeratively multiply-
ing theresultwith thetransitionprobabilityfrom theprecedingstateto thecurrent
one. For givenstatesY �*Z\[ '^]G_)`^a�_ � II � I � I �*bGc�dF- , we denotethe probability for
thenext statebeing Z , giventhat thecurrentstateis Y , by e Bgf C ��Yih Z � . For the
calculationof the transitionprobabilities(seetable1) we refer to Thorneet al.
(1991).

Likelihood computation

TheTKF modelfits into theconceptof apair hidden Markov model (pair-HMM)
asdescribedin Durbin et al. (1998). The usualHMM is a Markov chainwhich
is hiddenfrom an observer in the sensethat he canonly observe a sequenceof
“emissions”which dependon the currentstates. In the pair-HMM settingthe
observer seesa pair of sequencesinsteadof a singlesequence.In our case,the
Markov chain is the barealignment(correspondingto the path in the graphical
representation)andthe emissionsarethe DNA sequences.Durbin et al. (1998)
describevariouspair-HMMs thatcanbeusedfor sequencealignment.In general,
thesemodelsareconstructedratherheuristicallyandarenot exactly compatible
with any stochasticsequenceevolution model,asit is thecasefor thepair-HMM
thatarisesfrom theTKF model.

Many algorithmsfor HMMs canbeadaptedto pair-HMMs. Oneof themis the
forward algorithm for thecalculationof the likelihood of possiblevaluesfor the
transitionprobabilitiesof the Markov chain,given the emittedsequence.In our
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case,this likelihood is the probability � N f Bgf C � � � � � � � that the observed sequences� � and � � areemittedfrom a TKF pair-HMM with parameters� , % , and & (here
we think of thetime spanE for theevolution of onesequenceinto theotherto be
scaledto unit time.)

For thecomputationof this likelihood it is necessaryto sumover all possible
alignmentsof thesequences:� N f B�f C � �����*�;� � 	 j

barealignment k � Bgf C ��lK� J � N � ���*�*�;�nm lK� (1)

� Bgf C ��lK� is theprobabilityof thebarealignmentl for giveninsertionanddeletion
rates% and & , and� N � ��� �*�;�nm lK� is theprobabilityof thesequences,giventhebare
alignmentl andthesubstitutionrate � .

Theforwardalgorithmusesadynamicprogrammingapproachto calculatethe
above sum. The main ideais the following (for detailsseeThorneet al. (1991)
andDurbin et al. (1998)): Let theevolution parameters� , % , and & anda pair of
sequences� � and � � of lengths3 and o befixed. For p�qsrtqu3 and p:qUvwquo
let xy��r � v � II � betheprobability that thefollowing threeeventsoccurin a run of a
TKF pair-HMM with thegivenparameters:z Thefirst r basesof theemittedsequence1 coincidewith thefirst r basesof��� .z Thefirst v basesof theemittedsequence2 coincidewith thefirst v basesof�;� .z In thebarealignmentgivenby thehiddenstatesequencethe r -th siteof the

first sequenceis homologousto the v -th siteof thesecondsequence.x{��r � v � I � is definedsimilarly, exceptthatsite r is not homologousto site v but is
alignedwith a gapbetweensites v and v�4u6 of sequence2. Note that because
of theMarkov propertyof thebarealignment,onecaneasilycomputexy��r � v ��| � if
thevaluesfor x{��r"<}6 � v:<}6 ��| � , x{��r"<}6 � v ��| � , and x{��r � v:<}6 �~| � areknown. For
example,if thereis a  at site r in thefirst givensequenceanda � at site v in the
secondsequence(for r � v�?}6 ), it is easyto seethatthefollowing equationshold:xy��r � v � I � 	 � xy�$r�<�6 � v � II � J e�� II h I � (2)4�xy�$r�<�6 � v � I � J e�� I h I �4�xy�$r�<�6 � v � I � J e�� I h I �(� J �+�
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xy��r � v � II � 	 � xy�$r�<�6 � v
<�6 � II � J e=� II h II � (3)4Kx{��r�<�6 � v=<�6 � I � J e�� I h II �4Kx{��r�<�6 � v=<�6 � I � J e�� I h II � �QJ � ��J �L6�<UM D�NSO � J �+W
Thereforethe 3 J o J;� valuesof thefunction xy� |���|��~| � canbecomputedefficiently
by calculatingxy�$r � v ��| � iteratively while increasingr and v from r 	 v 	 p up to�$r � v�� 	 �$3 � ow� . Thedesiredlikelihood is then:� N f B�f C � � � �*� � � 	 xy��3 � o � II � J e=� II h b�c�d � (4)4Kx{��3 � o � I � J e=� I h bGc�d �4Kx{��3 � o � I � J e=� I h bGc�d �
Thorneet al. (1991)suggestusingclassicaloptimizationalgorithmsin combina-
tion with the forward algorithmto searchfor the triple � �G� % � &{� that maximizes� N f B�f C � �����*�;� � for given ��� and �;� . Recently, Hein et al. (2000)have improvedthe
efficiency of the algorithm. Note that themaximumlikelihood estimator, which
is obtainedby this procedure,doesnot rely on a singlealignment:it takesevery
possiblealignmentof thegivensequencesinto account.

The sampling method

We are now going to describeour methodof joint samplingof alignmentsand
parametersin moredetail. In the framework of the TKF model,we have

� 	� ��� % � &y� . (Again, we take E 	 6 for simplicity.) As a prior for
�

we propose�"�$# � � 	 M D�N # � M D B #F%wM D�C #�& ; this makestheprobability thatno substitutionoc-
cursatagivensurviving siteuniformly distributedon R p � 6 V . Wewrite �8��# � � �2� for���������!�"��# � � . Our taskis to sample� � � ��� accordingto �8��# � � � mg����� ��� � .

If
�

is fixedandwe want to sampleanalignmentaccordingto ������� mG�����*�;� � ,
thenwe canapplya classicalHMM backwardsamplingalgorithm(cf. Durbin et
al. (1998),pp. 89-99),usingthefunction x definedabove. With x we caneasily
computetheprobabilitydistribution for thelastalignmentstatebeforeEnd given
thesequencesandthemutationparameters.For Y [ ' II � I � I - theprobabilitythat
thelaststateis Y , is � J xy�$3 � o � Y(� J e���Y:h b�c�d � , where� is anormalizingconstant
suchthatthethreevaluesfor thetreestatesaddup to 1. Thereforewe caneasily
draw the last stateat randomaccordingto this probability distribution. Assume
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for examplewe drew a I for the laststate.In thegraphicalrepresentationof the
alignment,this wouldmeanthatthelastedgeis averticalonefrom �$3�<�6 � ow� to�$3 � ow� . For all statesZw[ '�II � I � I - , giventhat thelaststateis I , theprobability
that the precedingstateequals Z is �*� J xy��3�<�6 � o � Z � J e=� Z h I � , where ���
is a normalizingconstantagain. We draw the precedingstateaccordingto this
distributionandcontinuein thesamemanneruntil weendupat thefirst state,i. e.
until wehave drawn anedgein thealignmentgraphthatstartsatvertex �$p � pG� .

On theotherhand,if analignmentis given,wecanuseaMetropolis-Hastings
approach(cf. Gamerman(1997))for samplingtheparameter

�
accordingto �8��# � m �2� .

Startingwith someparametervector
���

we generatea Markov chainon the pa-
rameterspacein the following manner: If the current statein step r is

��� 	� � � � % � � & � � , thengenerateindependentrandomnumbers�� , � % , and �& , exponentially
distributedwith means� � , % � , and & � . Consider �� 	 ������ �% � �&{� asa proposalfor
the next state � � ��� ��� % ��� ��� & ��� � � . Thenmakea randomdecision: Accept it with
probability�:����� 6 � �(�$# �� m ��� J � � J & � J % ��8��# ��� m ��� J �� J �& J �% J������¡  ��� � < � ��� 4 �%% � < % ��% 4 �&& � < & ��&�¢�£ (5)

or set
� �¤� � 	 � �

if youdonotaccept1. As canbecheckedin astraightforwardway,
theposteriordistribution for � �G� % � &{� is a (reversible)equilibriumfor theprocess
describedabove. By irreducibility, theprocessconvergesto this equilibriumdis-
tribution andcanthusbe used(at leastapproximatively) for samplingmutation
parametersfor givenalignments.Of course,if onesamplesfromonerealizationof
theprocess,theresultsarenot independent.However, thedependenciesbecome
small if onechoosesthe intervalsbetweentwo samplingssufficiently large. Es-
peciallybeforethefirst samplingoneshouldallow enoughstepsfor thesocalled
“burn-in”, becausetheinitial statecouldhavebeenabadguessin a regionof low
probability.

Now that we have an alignmentsamplingstrategy for given mutationpara-
metersanda mutationparametersamplingstrategy for givenalignments,we can
combinethemusingthe ideaof Gibbssampling(cf. Gamerman(1997))andob-
tain a methodfor samplingmutationparametersandalignmentssimultaneously.
WeconstructaMarkov chainonthespaceof mutationparametersandalignments
asfollows: If � � � �2� is the currentstate,thensamplea new alignment � � for the

1In our programwe usea slightly differentproposalchain,wherethequotient ¥^¦�§�¨ª©«¥�¬ is
exponentiallydistributed(with theold valueasexpectation)insteadof ¨ .
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parametertriple
�
, andafterwardsperforma Metropolis-Hastingsrun to obtaina

new parametertriple
� � giventhealignment� � .

Thedisadvantageof this methodis thatwe alwayshave to samplealignments
for new mutationparameters.For doing so, we have to computethe �:J 3 J o
valuesfor the function x with thenew parameterseachtime, which is very time
consumingin general. Therefore,insteadof samplingthe whole alignmentin
eachstep,we realignonly a part of it, about30 nucleotides– thenwe have to
computeonly about �®;p^p valuesfor x in eachstep. We usea part of the saved
runtime to increasethe numberof stepsbetweenthe samplingsto compensate
the dependenciesin the alignmentsthat arisefrom this strategy. Note that the
posteriorprobabilitydistribution �(��# � � � m*�����*�;� � is still areversibleequilibriumfor
theMarkov chainon '�� � � ��� - whichwe obtainby thealgorithmdescribedabove.
Thereforewe canusethis processfor simultaneousMarkov chainMonte Carlo
(MCMC) samplingof alignmentsandmutationparametersfrom their common
posteriordistribution.

As in mostapplicationsof MCMC methods,appropriatealgorithmparameters
asthenumberof stepsin thesamplingintervals,thedurationof burn-in, andthe
lengthof alignmentresamplingrangescanonly befoundwith experiencegained
from carefulanalysisof thesamplingresults.

An example: HVR-1 from human and orangutan

As an illustration of our approach,we considerthe alignmentof the humanse-
quenceID 1244 (Andersonet al. (1981)) and the orangutan(Pongo pygmaeus
pygmaeus) sequenceID 389(Xu et al. (1996))from anupdatedversion
(http://db.eva.mpg.de/Hvrbase) of thehvrbase(Handtet al. (1998)).
We only usedthefragmentthatis known for bothsequences.

Whenspeakingaboutmutationparameters,we think of a time scalingwhich
makesthetime distancebetweenthetwo sequencesoneunit. Thus,our parame-
ters � , % and & aretheexpectednumbersof substitutions,insertionsanddeletions
persite.

Alignment reliability

After an initial run of 1000steps(“burn in”) we sampled1000alignmentsand
correspondingmutationparameters,performing100stepsbetweeneachtwo sam-
plings. In eachsamplingstep,a (randomlychosen)pieceof a lengthof 30bpwas
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resampled,asexplainedabove. Thenwe countedfor eachpositionof thealign-
mentgivenin thedatabasehow many of thesampledalignmentsdiffer from the
databasealignment.

Figure2 shows that in someregionsthealignmentgivenin thedatabasedif-
fers from morethan80% of thesampledalignments(for instance,the region ¯
correspondingto the segmentTCACCCATCAACAACCG in themiddle of the top
line of Figure2). In this region, even the mostprobablealignmentof the 1000
alignmentssampledshows a quite similar patternof non-coincidencewith the
othersampledalignments(cf. Figure3).

In Figure4 we comparethe graphicalrepresentationof the databasealign-
mentwith thesampledalignmentsaroundregion ¯ . We seethatmany different
alignmentsarepossible.

Estimation of mutation parameters

Figure5 shows that therangeof possiblevaluesfor themutationparametersbe-
comesmuchlarger if we takeinto accountthatthetruealignmentis actuallyun-
known. The left sideof Figure5 shows 1000valuesfor � ��� %)� sampledfrom the
posteriordistributiongiventhesequencesandgiven that the data-base alignment
is the true one. Underthis assumptionthe valuesfor � and % with the greatest
posteriorprobabilityfoundin thesampleare0.48and0.0085.Thedeletionrate &
typically differs little from the insertionrate % , sowe concentrateon � �G� %+� . The
right side of Figure 5 shows the � �G� %+� -part of 1000 alignment/parameterpairs
sampledfrom their posteriordistribution with our method.Themostprobableof
thesewasassociatedwith similar valuesfor � (0.45)and % (0.01)asin thecase
wherethedata-basealignmentwasassumedto bethetrueone,but thecredibility
rangeis muchlargerat theright side.

It mayalsobeof interestto compareFigure5 with themaximumlikelihood
(ML) estimatorassuggestedby Thorneet al. (1991). Maximizing thelikelihood
functionof � �G� %+� basedon thegivensequences(takingevery alignmentinto ac-
count)via NelderandMead’s simplex method(cf. Presset al. 1988)we obtained�;°�g±ª²+� °% ±ª² � 	 �$p |´³  � p | p�6�µG� . Note that ��°��±ª²(� °% ±ª² � lies at the edgeof the left
cloud but well within the right cloud in Figure5. As alsosuggestedin Thorne
et al. (1991)we approximatedthecovariancematrix of theML estimatorby the
negative inverseof its Hessianandarrivedat sd��°��±ª² ��¶·p | p^¸�® , sd� °% ±ª² ��¶·p | p�6
andcor��°��±ª²+� °% ±¹² �t¶º<Kp |»³ ® . Thesevaluesaresimilar to thestandarddeviations
andcorrelationin theright cloudof Figure5 (sd� ��¼�½!¾�¿*ÀÂÁ � 	 p | p^ÃF6 , sd�!% ¼�½!¾�¿*ÀÂÁ � 	p | pF6 � , cor� �g¼�½!¾�¿*ÀÂÁ,� % ¼�½�¾�¿*ÀÂÁ � 	 <Kp | ¸ ³ ).
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A second example: Pseudogene/gene pairs

In orderto comparethesubstitutionandinsertionratesobtainedwith our method
with estimatesof substitutionratesandgapfrequenciesbasedon usualsequence
alignmentswe appliedit to the pseudogenegenepairs analyzedby Gu and Li
(1995).Pseudogenesseemto beappropriatefor testingourapproachastheirevo-
lution is not constrainedby functionalnecessity. Sincethey stemfrom functional
sequencesthey shouldnot containrepeatsof shortsequencemotifs which could
distort the insertion-deletion-processlocally. Their functionalhomologson the
otherhandshouldbepracticallydevoid of insertionsanddeletions.Althoughthe
main focusof Gu andLi (1995) is on the distribution of gap lengths,they also
provide estimatesof the numberof differencesper position. Lacking accessto
thealignmentson which Gu andLi basedtheir study, we retrievedtheunaligned
sequencesandalignedthecodingregionsof thefunctionalgenesto thepresum-
ably homologouspart of the correspondingpseudogene.For 20 sequencepairs
thenumbersandlengthsof gapsgivenby GuandLi werenotcompatiblewith the
lengthsof theavailablesequences;thesewerenotanalyzedfurther. Theremaining
58 of the78 pseudogenestreatedaregivenin table2. For eachsequencepair the
samplingprocedurewasstartedusing ³�Ä � timesthenumberof differencesperpo-
sition from GuandLi (1995)asestimatorof thesubstitutionrate.(Thefactor ³FÄ �
takesinto accountthata nucleotidecanbereplacedby a nucleotideof thesame
type in the TKF model.) As an initial simpleestimatorof the insertionratewe
usedthenumberof gapsdividedby twice thealignmentlength: Å²�Æ � ²�Ç � Å , whereÈ{É

and
È{Ê

are the sequencelengthsand Ë is the numberof gapsin Gu andLi
(1995).With thesevaluesafirst alignmentwassampled.Then,after10,000burn-
in runs,every thousandthof 100,000runswassampled.Therangeof resampling
of thealignmentin eachof thestepswas30nucleotides.

Figure6 comparesthemostprobablesampledsubstitutionrateswith Gu and
Li’ s values. In mostcasesthe estimatesgiven by Gu andLi lie well within the
central95%of thesampledvalues.This is even true for largesubstitutionrates.
Mostof ourmostprobablesubstitutionratesarebiggerthanGuandLi’ sestimates.
This may indicatethat the score-optimizationof alignmentstendsto makethe
alignedsequencesmoresimilar thanthey actuallyare(cf. Fleißneretal. (2000)).

For thesequencepairswhich arelabeledA-F in table2 the97.5%quantiles
of the sampledsubstitutionratesareby far smallerthan the estimatesgiven by
Gu andLi. Thegapfrequenciesaswell asthesizesof thegapsin therespective
sampledalignments,however, werealwayscloseto the valuesgivenby Gu and
Li (1995)(datanot shown). Thus,any reasonablescoringsystem(including the
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humaneye)wouldpreferoursampledalignmentsto GuandLi’ salignments.This
calls for anexplanationlike a typing error in their paperor theuseof a different
sequencefor thefunctionalgene.

Table3 shows examplesof sampledalignments.Thesmallvariability seenin
thefirst two framesis typical. Thechaoticbehavior in the last frameis probably
dueto a singlelong gap.This is of coursenot providedfor in theassumptionsof
theTKF model.

Discussion and Outlook

Themethodpresentedheremakesit possibletoassessthejoint variabilityof align-
mentandparameterestimates.Usingtheprogramonecanalsostudytheinterac-
tion of thetwo by clicking on individual parameterestimatesandcomparingthe
correspondingalignment. As shown in Figure2 andTable3, the programalso
revealswhich partsof thesequencesaredifficult to align.

Variousminor refinementsof the methodare easily implemented. For in-
stance,differentratesfor transitionsandtransversionscanbeaccommodated,as
indeedcould individual ratesfor eachpair of bases,thoughthis could lead to
parameterover-fitting problems.

Our model’s gravestdefectis unfortunatelynot soeasilyremedied.TheTKF
modelconsidersonly insertionsanddeletionsof singlenucleotides.Thisassump-
tion runs counterto a growing body of practicalexperienceand it can lead to
implausiblealignments,asthelastexamplein table3 shows (seealsoSaitouand
Ueda(1994)). The challengeis to find biologically moreplausiblemodelsfor
the insertion-deletionprocesswhich still preserve the hiddenMarkov structure
essentialfor computationalfeasibility. Thorne,Kishino andFelsenstein(1992)
suggesta generalizationof theTKF modelthatallows insertionsanddeletionsof
longerfragments,but they areforcedto requirethatinsertedfragmentscanonly be
deletedasa whole. Anotherapproach,we areinvestigatingis theapproximation
of biologically reasonablemodelsby hiddenMarkov models.

In many situations,thephylogeny is notknown but is to beestimatedfrom the
multiple alignment.On theotherhand,themultiple alignmentsareusuallybased
onaphylogeny. Thuswearein thesamedilemmaasin thecaseof two sequences
with therelationbetweenalignmentsandmutationparameters.Somesuggestions
have beenmadeto overcomethesedifficultiesin thecaseof multiple alignments,
seefor exampleThorneandKishino (1992),Vingron andvon Haeseler(1997)
andthe literaturecited therein. Mitchison (1999)suggestsan algorithm,for si-

13



multaneousMCMC samplingof multiple alignmentsandphylogenies.However,
it is not clearif theHMM heusesis compatiblewith a plausiblesequenceevolu-
tion model.Wehopeto find abiologicallyplausiblemodelof sequenceevolution,
whichcanalsobeusedin thiscontext.

Acknowledgments

WethankBrooksFerebee,SonjaMeyer, SteffenGrossmann,Jeff Thorne,Naruya
Saitou,andHirohisaKishino for stimulatingdiscussionsanda refereefor very
helpfulsuggestions.Weacknowledgethefinancialsupportof theDeutscheForschungs-
gemeinschaftandtheMax-Planck-Gesellschaft.Partof thiswork wasdonewhile
Dirk Metzlerwasworkingat theMPI für evolutionäreAnthropologie.
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Table1: The transitionprobabilities e Bgf C ��Y\h Z � in the TKF modelwith ÏsÙ 	� D Ñ�Ú!Ó;ÕC�D B Ñ Ú!Ó;Õ



Pseudogene Acc. Pseudogene Acc. Pseudogene Acc.

1. Û actin Ü 1 V00479 24. Cytochromec Ü C M22880 49. CaseinkinaseII- Ý)Ü X64692
2. Û actin Ü 2 V00481 25. Cytochromec Ü E M22886 50. Keratin19 Ü M33101
3. Û actin Ü M55014 26. Cytochromec Ü F M22889 53. HSC-70Ü Y00481
4. Þ actin Ü M55082 27. Cytochromec Ü H M22891 55. FerredoxinÜ -A M34787
6. Þ actin Ü 1 X04224 28. Cytochromec Ü I M22892 56. FerredoxinÜ -B M34789
7. AldolasereductaseÜ M84454 29. Ý enolaseÜ X15277 57. Ferritin H Ü J04755
8. Cyclophilin Ü 133 X52856 30. ARS Ü 3 K01846 58. Tubulin-ÛFÜ 67 M38484 E
9. Cyclophilin Ü 167 X52858 31. ARS Ü 1 K01845 60. Tubulin-ÛFÜ 14P K00840 D
10. Cyclophilin Ü 18 X52855 32. AldolaseB Ü M21191 62. Tubulin-ÛFÜ 21P K00841 B
11. Cyclophilin Ü 192 X52857 33. Na/K-ATPase-ÛGÜ M25159 63. Tubulin-ÛFÜ 46P J00317 C
12. Cyclophilin Ü 29 X52853 38. D2-typecyclin Ü M91003 64. Tubulin-ÛFÜ 7P K00842 F
13. Cyclophilin Ü 39 X52852 40. LDH-A Ü X02153 66. TPI Ü 5A K03224
14. Cyclophilin Ü 43 X52854 41. LDH-B Ü M60601 67. TPI Ü 19A K03225
15. Cytochromec Ü 1 D00266 42. Lipocortin2 Ü A M62895 68. TPI Ü 13C K03223
16. Cytochromec Ü 2 D00267 43. Lipocortin2 Ü B M62896 70. Prothymosin-Ý+Ü D J04800
17. Cytochromec Ü 3 D00268 44. Lipocortin2 Ü C M62898 71. Prothymosin-Ý+Ü F J04801 A
18. Cytochromec Ü A M22878 45. MetallothioneinI Ü M13073 72. Prothymosin-Ý+Ü G J04802
20. Cytochromec Ü G M22890 46. MetallothioneinII Ü M13074 78. Adenylatekinase3 Ü X60674
21. Cytochromec Ü J M22900 47. PGK Ü X K03201
22. Cytochromec Ü K M22893 48. PGK Ü A K03019

Table2: The analyzedpseudogenes.The marksrefer to the labelsin Figure6.
Thenumberingis thesameasin Table1 of Gu andLi (1995).



Paths Most probablealignment

CCAGTTGCGGAAGAAGAGGCA_CAGTCCAAAACAATAAGA
CCAGTTGCGGAAGAAGAGGCAACAGTTCCAAACAATAAGA

TCACTGTAGT
TCACTGTAGT

CGCCGATAGGATGCAGAAG___ATCACCACCCTGGCGCCC
TGCCGACAGGATGCAGAAGGAGATCACTGCCCTGGCACCC

AGCACAAT
AGCACAAT

GAGAAAGGCA___AGATTTTTGTTCCAAAGGGTGCCGCCC
GAGAAAGGCAAGAAGATTTTTATTATGAAGTGT_TC_C_C

AGTGCCACACCATGGAAAAGGGAA
AGTGCCACACCGTTGAAAAGGGAG

CTATATCCAGCAAGACACTAAGG__G__T________GC_
TTATATCCAGCAAGACACTAAGGGCGACTACCAGAAAGCG

_TG_T__ACC
CTGCTGTACC

Table3: Sometypicalsamplesof alignmentpathstogetherwith themostprobable
of thesampledalignments.Thepathsandalignmentsshown arecutoutsfrom the
sampledalignmentsof LDH ß , Ï actin ß 1,cytochromec ß G andlipocortin2 ß B.
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Figure2: The databasealignmentof a human(top sequence)andan orangutan
HVR-1 sequence(bottomsequence)andthepercentagesof sampledalignments
thatdiffer from it in eachposition.
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Figure 3: The most probableof the sampledalignmentsof a humanand an
orangutanHVR-1 sequenceandthepercentagesof sampledalignmentsthatdiffer
from it in eachposition.



Figure4: Alignment pathsfor the region ¯ (cf. Figure2) betweenposition19
to 69 in theconsideredfragmentof thehumansequenceandposition19 to 66 of
theorangutansequence:Thealignmentfrom thedatabase(dashed)andthemost
probableof the sampledalignments(dotted). The thicknessof the black paths
displaysthefrequency of thecorrespondingpairingsin thesampledalignments.
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Figure 5: 1000 samplesof substitutionand insertion parametersbetweenthe
HVR-1 sequencesof humanandorangutanaccordingto theirposteriorprobability
giventhedata-basealignment(left) andthesubstitutionandinsertionparameters
that weresampledtogetherwith the alignmentsaccordingto the joint posterior
probabilityof alignmentsandmutationparameters(right).
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