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1 Intr oduction

Molecularphylogenieshave awide rangeof practicalapplicationsn the analysisof
DNA sequenceandarenow anessentiatool in areagangingfrom population
geneticto genomicdo virology. Moderncomputerdave fosteredthe development
of sophisticateanethodologiesandsubsequently large numberof programshave
becomeavailable.In this chaptemwe give anintroductoryoverview of the most
importantmethodsof inferring phylogenetidreesfrom nucleotideor aminoacid
sequencelata,emphasizingonceptatherthanmathematicatletail (Box 1). We
discusssimpleguidelinesfor choosinga methodappropriatdor a dataset.Advanced
issuesn molecularphylogeneticarebriefly introduced alongwith suggestiongor
furtherreading.Theversatility of molecularphylogeneticss alsohighlightedandwe
presentrangeof practicalproblemswhereevolutionarytreeshave formedakey
componenbf theanalysisFinally, we provide anoverview of phylogeneticsoftware

andcorrespondingnternetresource¢Box 2).

2 Inferenceof PhylogeneticTrees

A naturalmeando illustratethe evolutionaryrelationshipsamonga sampleof DNA
sequences in theform of atree(Figurel). Thebranchingorderof thetree(its
topology)indicateshow the sequencearerelatedto eachother i.e. which sequences
sharea mostrecentcommonancestarlf included,branchlengthsof atreerepresent
geneticdistance Evolutionarytreescanbe depictedasunrooted(Figurelaandc) or

rooted(Figurelb).

Wheneer sequencelataareanalyzedt is importantto accountor the statistical
dependencieBetweerthe sequencesdicatedby the phylogenetidree.However,

true evolutionaryrelationshipsamongthe sequencearerarelyknown. Insteadthe



phylogenetidreeis inferredfrom the data.Unfortunately reconstructingccurate

evolutionarytreesfrom geneticdatais intrinsically difficult, dueto threemainfactors:

First, to infer atreefrom DNA sequenceareliablemultiple alignmentmustbe
constructedHowever, analignmentin itself infersa particularevolutionaryhistory
by attemptingio determinewhich sitesalongthe sequencearehomologous.
Moreover, if thealignments unreliabletheaccurag of ary treeinferredfrom it will

becompromised.

Secondthe numberof possibletreesrelatinga setof DNA sequencesicreasesery
rapidly asthe numberof sequencesicreasesTablel shov the numberof possible
rootedandunrootedreetopologiesfor 3 to 50 sequence$venfor moderate
numbersf sequencethe numberof possibletreesis extremelylarge, renderingt

impossibleto scrutinizeall possiblearrangements reasonableomputertime.

Third, evolutionaryrelationshipsanbevery comple, andsimilarity between
sequences generallynotagoodindicatorof phylogenetiaelatednesd-or example,
in Figurelathe shortesgeneticdistancds betweersequenceé andC, while A and
B areapparentlynoredistantlyrelated However, whenthetreeis rootedwith a
known outgroup(sequenc® in Figurelb)it becomeglearthatsequences andB
(andnot A andC) sharea morerecentcommonancestarThe samecanbeobsened
in theunrootedreein Figurelcwhereagainthe geneticdistancebetweem andC is
smallestout A is neverthelesgroupedwith B. Therefore gxceptunderspecial
circumstancessimpleclustermethodgshatrely purelyon geneticsimilarity arenot

suitablefor recoveringevolutionaryrelationships.

For theabove reasonsno generamulti-purposealgorithmto infer evolutionarytrees
is known thatis suitablefor all kindsof data.Instead a whole suiteof complementary
phylogenetianethodsarecommonlyused,eachwith their particularstrengthgand
weaknessesisenerallythe morerigorousa particularmethodthe more

computationafesources requires.



2.1 Important Methods

Exhaustve studieshave beenperformedon simulateddatato investigatehe accurag
andotherpropertieof treereconstructioomethodq1, 2, 3, 4). In thefollowing we
briefly introducethethreemajorclasse®f phylogenetianferencemethodghatare

frequentlyused.

2.1.1 Maximum-Parsimony

Parsimory methodsvereamongthefirst methoddor reconstructingphylogenetic
trees,andarestill widely used.The philosophybehindthis approachs “Occam’s
razor” appliedto thedistribution of substitutionsalongthe branche®f atree.
Maximum-pasimonyaimsat finding the treethatexplainsthe obsered patternof
nucleotidegor aminoacids)with the smallesnumberof mutationspossible(5). This
is doneby placingsubstitutionn possibletreetopologiessoasto minimize thetotal
numberof substitutiongequiredto explain the nucleotide(or aminoacid) ateach
branchtip. Themostparsimoniouseconstructioni.e. theonerequiringthe fewest
substitutionsis choserfor eachsite. Thetotal numberof evolutionarychangeon a
treeis thesumof the numberof changedor eachsite,andthetreetopologythathas
thefewestchangess choserasthe mostparsimonioudree.Thevarioustypesof
parsimoly methodg6) differ only in the particulardetailsof how theabove stepsare

pursued.

The maximum-parsimoyapproactgenerallyworks quite well. However, it alsohas
anumberof pitfalls thatmayattimesrenderit impractical.First,the numberof
most-parsimoniouseescanbe quite large sothattherecanexist large numbersof
equallyvalid solutions.Secondasanexhaustve treesearchj.e. the evaluationof all
possibletrees,is notfeasibleexceptfor smalldatasets,generallyno guaranteeanbe

giventhatthe optimaltreehasbeenfound. Third, the most-parsimoniouseeis not



necessarilya goodexplanationfor the data,particularlywhensequenceareshort(7).
Fourth,maximum-parsimoydoesnot make efficient useof all theavailabledata
becauseonstantandothernon-parsimog-informative sitesareignored(6). Fifth,
parsimoly is particularlyproneto the“long branchesttract”problem,i.e. it tendsto
grouplong branchegdogetherevenif this doesnotreflectthetrue evolutionary

history (8).

2.1.2 DistanceMethods

Distance-basethethodsvork on pairwisegeneticdistancesvhich have been
computedrom a sequencalignment,usinga suitablenucleotideor aminoacid

substitutionmode] ratherthananalyzingthe sitesin the alignmentdirectly.

Neighborjoining (9, 10) is oneof the mostpopulardistancemethodsprimarily due
to its speedatfinding asingle“best” treewith large datasets.This clustering
approactlstartsfrom a starlik e treeandresolhesthetreeby iteratively joining groups
of sequencegetherandin eachstepminimizing thetotal sumof branchlengths.
Neighborjoining hasbeenshown to be efficientatrecoveringthe correcttree

topology(3, 4).

In contrast UPGMA (11) simply clustersgroupsof sequencethatexhibit the
smallestistancebetweereachother As phylogenetiaelationshipsarenot
necessarilyinkedto sequencsimilarity, this approachoftenfails to reconstructhe
truetreeexceptwhenthe sequencebave evolvedin aclock-like manneri.e. requires

thattherateof evolution hasbeenconstani3).

Theleast-squaesmethod(12, 13) optimizesbranchlengthson atreeby minimizing
theerrorof thetree-inducegairwisedistancesvhencomparedo the distances
computedrom thealignment.An optimaltreeis thenfound by evaluatingall

possible(or all feasible)candidatdrees.Theleast-squareapproacthasa solid



statisticalfoundationandsois often consideredhe bestdistancemethod(14).

Minimum-e&/olution(15), in away similar to theleast-squaresiethod alsousesatree
searcho find thebesttree. The selectioncriterionin this approachs thetotal sumof
branchlengths.Thus,it canbe consideredassomeavhatsimilar to
maximum-parsimoy but appliedto distancedata.Notethata neighbofjoining treeis

anapproximatiorof the minimum-evolutiontree.

2.1.3 Maximum-Lik elihood

Maximum-likelihood(16) is theapproachhatis generallyconsideredo make the
mostefficient useof the dataandto provide the mostaccurateestimate®f a
phylogenetidree.lt is, however, alsothe mostcomputationallydemandingechnique

for reconstructingphylogenetidrees.

Thebasicideaof thelik elihoodapproachs to computethe probability of the
obseneddataassumingt hasevolvedundera particularevolutionarytreeandagiven
probabilisticmodelof nucleotide(or aminoacid) substitution.The
maximum-likelihood(ML) treeis thenthetreewith the highestprobability of
explainingthe data.Technically thelik elihoodof atreeis computedusingso-called

directedgraphicalmodelfor the sequencelata(16, 17).

Inferring evolutionarytreesusingthe maximum-likelihoodprincipleis difficult for
threemainreasonsFirst, thelik elihooditself is complicatedo compute gssentially
dueto the problemof inferring the unknavn ancestratharactestatesn atree.
Secondgvenfor asingletreetopology estimationof branchlengthsis avery difficult
optimizationproblem.Finally, computinglik elihoodsfor all possibletreetopologies
is animpossibletaskevenfor medium-sizedetsof sequencesothatinsteada
heuristictreesearchmustbe used.Thusit is no surprisethatmaximum-likelihood

treeinferencehasonly becomepopularsincethewidespreadwailability of faster



computers.

As astatisticalapproachhe maximum-likelihoodmethodenjoys a numberof
adwantagessuchasa generallylower variancethanotherestimatorsMoreover, the
likelihoodframework providesarigorousbasisfor statisticaltestingof competing
hypothesig18). In addition,it canbe shovn thatmaximum-likelihoodencompasses
the maximum-parsimoymethod thelatter beinganapproximatiorto
maximume-likelihood(19). The maximume-likelihoodapproaclcanalsobe usedto
computegeneticdistancedbetweersequences.g.asprerequisitdor a

distance-basedpproacto treereconstruction.

2.2 Common Features

To obtaina betterunderstandingf therelationshipdetweerthe discussednethodst
is helpfulto look at alternatve classification®f phylogety inferenceproceduresin
Table2 we presenta numberof criteriathathighlight somesharedeaturesof the

variousmethods.

An importantcharacteristiés how theunderlyingdata,i.e. the sequencalignment,s
used.Therearetwo mainclassesmethodshasedn charactestatedatawheresites
in analignmentareindividually analyzedandmethodsasedn distancedatawhere
a pairwisedistancematrix relatingall possiblepairwisesequenceomparisonso
eachotheris usedto summarizeheinformationin thealignment.Methodsthatwork
directly on sequencelata(e.g.maximume-likelihood)canbe expectedto bemore
accuratehanthoseusingdistancedata(e.g.least-squaresHowever, pairwise
distance®ftenprovide aremarkablycompacicondensationf the majorfeaturesof

thedata.

A seconccriterionwhich canbe usedto distinguishmethodds theway the optimal

treeis obtained Somemethodssimply clustersequencetgetheraccordingo a set
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of givenrules(e.g.neighbofjoining) whereadree-searcimethodsusespecific
optimality criteriato chooseamongall possibletreetopologies.Thelattermethods
thatinvolve treeevaluation(specificallymaximum-parsimoy, maximum-likelihood,
least-squareandminimum-evolution) canbeimplementedvith a numberof search
stratgiessuchasexhaustve searchor branch-and-boundyhich guarantean
optimalsolutionbut alsohave potentiallyverylarge(!) run-times Alternatively,
heuristicsearchebasedn rearrangementf subtreeg6) or reassemblingf quartet
trees(20, 21) canbeemployedbut thesedo not guarantee¢he optimaltreewill be
found.Stochastidreesearchebasedge.g.,on geneticalgorithms(22) or Markov

chainMonte Carlotechniqueg23) have alsobeenimplemented.

Anotherdistinctive featureof phylogenetidreereconstructioomethodis useof the
modelof substitution.The purposeof a substitutionmodelis to estimatetheactual
amountof evolutionarychangeThisis problematidoecause¢hereis notasimple
relationshipbetweerthe obsenedandactualchangesandthe samesitein asequence
might have undegonerepeatedubstitutionsvhile only thelastsubstitutioncanbe
obsened.Thus,ary substitutionmodelmust“correct” for theseunobseredchanges.
In nucleotidesubstitutionrmodelsfactorssuchastransitionsbeingmorefrequentthan
trans\ersionsandunequabasecompositionarealsoincorporatednto the model.For
detaileddiscussiorof the availablemodelsseeref. (6). Notethatin
maximum-parsimoythe modelof substitutionis implicit in the method.This does
notimply thatmaximumparsimoly is model-free Rather methoddike
maximum-parsimoymay oftenbeinadequatéor sequencelatabecausef its simple
implicit substitutionrmodel,whereasn maximume-likelihoodanddistancemethodsa
comple, andhopefullyrealistic, nodelcanbe employed. Maximum-parsimowg
procedurethiave beenimplementedhatattemptto give differentweightsto different

typesof substitutionsfor exampleto transitionsandtrans\ersiong6).



2.3 Selectionof Suitable Method

Whenconfrontedwith the large variety of methodsavailablefor analyzinga sequence
datasetit canoftenbedifficult to choosea suitablemethod.However, thefollowing

simpleguidelinesmay beuseful:

1. If thereareonly afew sequenceé< 10) in the datasetthen
maximum-likelihood,usinganexhaustve treesearchshouldbe the methodof
choice.For amedium-sizedlataset(10-100sequencesnaximum-likelihood
is still applicable put heuristictreesearchefiave to beemployed.
Maximum-parsimow or least-squarearealsogoodalternatvesfor this sizeof
dataset.For very large numbersof sequenceg> 100) distance-baseshethods
like neighborjoining arethe only computationallyfeasibleapproachethatcan
beused.t is importantto keepin mind thatthe numberof sitesin the

alignmentwill alsoimpacttheruntimeof a program.

2. If atall possiblemorethanonetreereconstructioomethodshouldbe employed

to checkwhetherthe samebranchingpatternis consistentlyrecovered.

3. Notethatif sequencearevery similar or highly divergentthe phylogenetic
signalwill beweaksoit is generallyunlikely thatthe correspondingreecanbe

fully resoled.

4. Whenselectinga modelof substitutionin maximume-likelihood,or with
distancamethodsit is agoodideato startwith a simplesubstitutionrmodel,and
to repeatthe analysiswith amorecomplex modelandto carefullyobsenre

changesn treetopologyandbranchlengths.



2.4 Other Methods

ThesearcHor new phylogenetianethodologiesindimproved modelsof sequence
evolutionis avery actve areaof researclandawide rangeof phylogenetianethods
have beenproposedmary of which arevariantsof the methodsmentionedbefore.
For example,severalmodificationsof neighbofjoining have beensuggested

(24, 25, 26). Researclinto methodologie®iasalsofocusedon the moretheoretical
aspectof phylogenetiaeconstructionsuchasphylogenetianvariants

(27,28, 29, 30), phylogenetispectra31, 32), andphylogenetiggeometry(33) and
ontheemploymentof advancedechniquedik e neuralnetworks (34) or genetic
algorithms(22). Much effort hasalsogoneinto developingsophisticatedtatistical
modelsof substitutionprocesse$35, 36, 37). Anotherresearcldirectionis the study

of algorithmssuitablefor very large datasets(38, 39).

2.5 PhylogeneticUncertainty

Sofarwe have givena brief overview of how a phylogenetidreecanbe estimated
from moleculardata.ln theinvestigationof realdatathis steprarelyis theendof the

analysisyatheroftenit is only the beginning.

Oneof the mostimportantquestionss the problemof assessinthe accurag of the
obtainedree.The mostcommonlyusedmethodis the bootstrapapproactwhich has
beendevelopedto evaluatethe stability of internalbranchesn trees(40,41).
Bootstrappingepeatedlysamplessiteswith replacementrom the original alignment
until anew alignmentof the samelengthastheoriginalis obtained.The same
phylogery methodusedto constructhetreefrom the original alignmentis then
appliedonthesampledalignment.This proceduras repeatedh setnumberof times
(commonly1000)andif a particulargroupingof sequences foundin 75%or more

of replicateghoseclustersareconsideredvell-supported42). Othermethodsexist
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thatassesshe phylogeneticsignalof adatasetprior to theinferenceof atree(43).

A single“best” treeis only a point estimateof the true evolutionaryrelationships.
Thus,theaimto betteraccountor phylogenetiauncertaintyhasled to agenerakrend
towardsmultiple-treeanalysisFor example lik elihoodratio testsarefrequentlyused
to comparecompetingphylogenetidypothesem theform of alternatve tree
topologieq44). For mary datasetsit is, however, moresuitableto introducethe
notion of confidencesetsof trees,whereanensemblef treesis preferredovera
singletree.ThelikelihoodmethodandtherelatedBayesiarframenork (23) are
particularlyamenabléo this kind of analysisThisis anactive areaof researcltand

varioustestshave beendevelopedto determineconfidencesetsof trees(45, 46).

Closelyrelatedto this topic areevolutionarynetworkswhich areusedto represent
non-tree-lile evolution, i.e. thoserelationshipsn atreewhich cannotberepresented
by atree.A largevariety of differenttypesof networksexists. As for evolutionary
treesthereareparsimoly (47, 48), distance-base@9) andlik elihoodmethods
(17,50) for inferring evolutionarynetworks. Splitgraphg51) merelyrepresent
incompatibilitiesin distancedatawhile mediannetworks (48) andancestral
recombinatiorgraphg(52, 53, 54) canbeinterpretedascollectionsof trees A median
network containsall the most-parsimoniouseesfor a dataset,andanancestral
recombinatiorgraphwith » recombinatioreventscombines- + 1 site-specific

clock-like evolutionaryhistories.

2.6 Further Reading

Generakext-bookintroductionsto molecularevolution andphylogeneticgare
providedby refs.(55,56,57). An introductoryguidewith detailon theuseof some
specificphylogery softwareis givenin ref. (58). Precisealgorithmicdetailsof tree

reconstructioomethodsarereviewedin ref. (6) whereagef. (59) givesageneral

11



overview of probabilisticsequencanalysis Advancedheoreticatopicsin

phylogety arediscussedn ref. (60).

3 Applications

Phylogenetidreesplay animportantrole in alarge variety of problemsfrom all
fields of biology andrelateddisciplines(61). Therichnessof applicationsllustrates
the centralpositionthatmolecularphylogery hasassumedn modernbiology. In the
following we list someinterestingcasestudies For furtherdetailswe referto the

original papers.

3.1 SequenceClassification

Treesprovide naturalhierarchicaklassification®f the investigatedsequences.

Consequentlythis hasbeenoneof thefirst applicationsof phylogenetidrees.

1. In taxonomy speciephylogeniesarenow commonlyinferredusing
reconstructegenetrees.Thisis particularlyinterestingwvhenthereareno
morphologicaldata,or whenmolecularandmorphologicaldatacontradict.For
example therelationshipbetweerthe majortaxonomickingdomshasbeen
establisheantirelyfrom molecularsequence&s?2). In theinferenceof gene
treesit is importantto distinguishbetweerthe actualspeciesreeandthe

embeddedienetrees(63, 64).

2. In virology, phylogenetidreeshave beenusedto definesignificant
phylogeneticlustersof viruses.Thesecanbe usedto testwhetherpatientsare

linkedepidemiologicallyandto studyinfectedpopulationg65).
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3. Thepredictionof genefunctioncanbe substantiallyefinedby takingthe
phylogety of theinvestigatedyeneinto account(66). This approachs called

phylogenomicg67).

3.2 Analysis of Population History

Phylogenetidreesalsocontaininformationaboutthe demographidistory of the
populationfrom which the sequenceweresampledThisis relevantfor problemsn

anthropologyepidemiologyandvirology.

1. Populatiorsizechange®vertime influencethe shapeandthe branchlengthsof
trees.Coalescentheory(68, 69) providesa probabilisticmodelfor this process
andthusallows the extractionof informationconcerningpopulationhistory

from aninferredtree(70,71).

2. Treesalsoallow the determinatiorof thegeographiorigin of a population.For
example,thecommonancestoof humanmitochondriaDNA (mitochondrial

Eve) hasbeenshawn to be of African origin (72).

3. In addition,phylogenetidreesprovide informationaboutthe time-frameof
evolutionaryevents,e.g.aboutthe ageof the mitochondrialEve (72) or thetime

of thehuman-apesplit (73).

3.3 Processes Molecular and GenomeEvolution

Evolutionaryprocesses genesandgenomedeave phylogeneticsignalsin the
sequencelata.Consequentlymolecularphylogeniesareimportanttools, for instance,

for:

1. estimatingmnodelparameterandsubstitutionrates(37),

13



2. detectingrecombinationn the evolutionaryhistoryof sequenceér4,47, 75),
3. inferring duplicationeventsin genomeg76, 77),
4. inferring generearrangements andbetweergenomeg78),

5. detectingadaptve evolution, e.g.changeof functionandselection
(79,80,81),and

6. comparinghostandparasitephylogeniesi.e. for inferring co-phylogenieg55).

3.4 Comparative Studies

Comparatre analysisaimsat establishingcorrelationsdbetweertraitsacrosdaxa,e.g.
betweerbrainandbodysize(82). It is importantto discriminatedependencies
betweertheinvestigatedraitsthatareintroducedmerelyby evolution from those
representingrue correlation.Consequentlyphylogeneticcomparatre methodshave
beendevelopedthatexplicitely take the underlyingevolutionarytreeinto account

(82,83). Phylogenetiauncertaintycanalsobeincorporatedn suchananalysig(84).

3.5 Other Bioinformatics Applications

Therearemary otherapplicationsof evolutionarytreesin bioinformaticsand

sequenceanalysisFor example:

1. Phylogenetidreesareimportantfor the reconstructiorof ancestrafequences
(5, 85, 86).

2. To computesequencealignmentssomealgorithmsrely ontheinferenceof

evolutionarytrees(59, 87).
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3. Databassearche$or homologoussequenceelationshipsanbe mademore
efficientif the phylogery of thesequences the databasés usedasguidetree
(88).
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Box 1: Stepsfor Inferring a PhylogeneticTree

This chapterdealswith methodgmaintext) andprogramgBox 2) to infer
phylogenetidreesfrom DNA sequenceslhefollowing arethe basicstepsfor
preparingthedatafor phylogenetianalysisandfor obtaininga publication-ready

output:

1. Retrieve homologoudDNA or proteinsequences.g.from a public database
like NCBI's GenBank(ht t p: / / www. ncbi . nl m ni h. gov/ ) or theEMBL

NucleotideSequenc®atabaséht t p: / / ww. ebi . ac. uk/ embl /).

2. Align sequenceitherby handusinga sequenceditorlike SEAL
(http://evol ve. zoo. ox. ac. uk) or usingasequencalignmentprogram.e.g.

CLUSTAL X (http://ww«igbnt. u-strasbg. fr/Biol nfo/ C ustal X/).
3. Reconstructhetreeandassess#s accurag (this chapter)

4. Make anillustrationof thetreeusing,e.g., TreeEdit
(http://evol ve. zoo. ox. ac. uk). Othertreedraving programsarelistedon
thewebpage

http://evol ution. genetics.washi ngt on. edu/ phyl i p/software. htn .
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Box 2: Inter net Resources

A large numberof softwarepackagesreavailableto infer evolutionarytreesfrom
sequencelata.Thevarietyof this softwarederivesdirectly from therichnessf the
availablemethodswith mary researcherproviding implementation®f their own
andotherpeoples methodsAn exhaustve list of phylogeneticcomputemprogramss
maintainedoy JoseplFelsensteirat hiswebpage

http://evol uti on. genetics. washi ngton. edu/ phyli p/software. htm .
Programslealingwith recombinationin theancestryof sequencearelistedat

D.L.R!swebpagenttp://grinch. zoo. ox. ac. uk/ RAP i nks. ht ni .

Currentlythemostwidely usedprogramfor inferring phylogenetidreesfrom
nucleotidedata(usingparsimoty, likelihoodanddistancemethods)s PAUP* by
David Swofford (89) (ht t p: / / www. | ns. si . edu/ PAUP). PHYLIP (90)is an
alternatve collectionof programdor the analysisof nucleotideandaminoaciddata
createdoy Joseplfelsenstein

(http://evol ution. genetics.washi ngt on. edu/ phyl i p). Phylowin by Nicolas
GaltierandManolo Gouyagainimplementsa variety of differentmethods
(http://pbil.univ-1yonl.fr). Maximum-likelihoodanalysisfor nucleotideand
aminoaciddatais providedby MOLPHY (91) by JunAdachiandMasamiHas@ava
(ftp://sunmh.ism ac.jp/ pub/ nol phy) andalsoby TREE-PUZZLE(20) by Heiko
A. Schmidt,K.S., Martin VingronandArndt von Haeseleat

(http://ww. t ree- puzzl e. de). Parsimory andminimum-e/olution methodsare
implementedn MEGA (57) by SudhirKumarandMasatoshiNei

(nttp://ww. megasof t war e. net ).

A large selectionof evolutionarymodelsincludingcodon-basedhodelsis
implementedn PAML (92) by ZihengYang

(http: // abacus. gene. ucl . ac. uk/ sof t war e/ pani . ht ml ). A varietyof useful
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phylogeneticspecialistoolscreatedoy Andrew Rambautreavailablefrom theweb
pageht t p: / / evol ve. zoo. ox. ac. uk. For Bayesiartreeinferencetherearetwo
packagesBAMBE (23) by Bret Larget

(ht t p: // www. mat hcs. dug. edu/ | ar get / bambe. ht m ) andMrBayesby John
Huelsenbecknt t p: / / br ahms. bi ol ogy. rochest er. edu/ sof tware. ht m ). An
object-orientedlavalibrary for molecularevolution andphylogeneticss maintained

by Alexei DrummondandK.S. (ht t p: / / ww. pal - pr oj ect . or g).

Web-basedenersfor phylogenetidnferencesarealsoavailable.A large selectionof
programss offered,e.g.,by thesener of the Institut Pasteuy Paris

(ntt p:// bi oweb. past eur. fr/ seqganal / phyl ogeny/intro-uk. ht n).
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Table 1. Number of possibletr eetopologies.

sequences unrootedrees rootedtrees
3 1 15

4 15 105

5 105 945

6 945 10395

7 10395 135135

8 135135 2027025

9 2027025 34359425

10 34359425 654729075

15 2.13458 x 10  6.19028 x 10*°
20 8.20079 x 10 3.19831 x 1023
50 2.75292 x 107 2.72539 x 1078
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Table 2. Featuresof tr eereconstruction methods.

Data TreeSearch SubstitutionModel
Method Character Distance Exhaustve” Clustering Explicit Implicit
Maximum-parsimowy v v V
Neigbokjoining V v v
UPGMA v v V'
Least-squares v v v
Minimum-evolution v v v
Maximum-likelihood Vv Vv V

¢ in practicea suitableheuristicshortcutwill oftenhaveto beused.

b if modelis usedto computepairwisedistances.
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Figure 1: Unrooted(a, c) androoted(b) phylogenetidreesfor sequences, B, C,

andD. Branchlengthsrepresengeneticdistance(e.g.nucleotidesubstitutions).
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