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1 Intr oduction

Molecularphylogenieshaveawide rangeof practicalapplicationsin theanalysisof

DNA sequencesandarenow anessentialtool in areasrangingfrom population

geneticsto genomicsto virology. Moderncomputershave fosteredthedevelopment

of sophisticatedmethodologies,andsubsequentlya largenumberof programshave

becomeavailable.In thischapterwegiveanintroductoryoverview of themost

importantmethodsof inferringphylogenetictreesfrom nucleotideor aminoacid

sequencedata,emphasizingconceptratherthanmathematicaldetail(Box 1). We

discusssimpleguidelinesfor choosingamethodappropriatefor adataset.Advanced

issuesin molecularphylogeneticsarebriefly introduced,alongwith suggestionsfor

furtherreading.Theversatilityof molecularphylogeneticsis alsohighlightedandwe

presenta rangeof practicalproblemswhereevolutionarytreeshave formedakey

componentof theanalysis.Finally, weprovideanoverview of phylogeneticsoftware

andcorrespondingInternetresources(Box 2).

2 Infer enceof PhylogeneticTrees

A naturalmeansto illustratetheevolutionaryrelationshipsamongasampleof DNA

sequencesis in theform of a tree(Figure1). Thebranchingorderof thetree(its

topology)indicateshow thesequencesarerelatedto eachother, i.e.which sequences

shareamostrecentcommonancestor. If included,branchlengthsof a treerepresent

geneticdistance.Evolutionarytreescanbedepictedasunrooted(Figure1aandc) or

rooted(Figure1b).

Wheneversequencedataareanalyzedit is importantto accountfor thestatistical

dependenciesbetweenthesequencesindicatedby thephylogenetictree.However,

trueevolutionaryrelationshipsamongthesequencesarerarelyknown. Instead,the
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phylogenetictreeis inferredfrom thedata.Unfortunately, reconstructingaccurate

evolutionarytreesfrom geneticdatais intrinsicallydifficult, dueto threemainfactors:

First, to infer a treefrom DNA sequencesa reliablemultiplealignmentmustbe

constructed.However, analignmentin itself infersaparticularevolutionaryhistory

by attemptingto determinewhich sitesalongthesequencesarehomologous.

Moreover, if thealignmentis unreliabletheaccuracy of any treeinferredfrom it will

becompromised.

Second,thenumberof possibletreesrelatingasetof DNA sequencesincreasesvery

rapidlyasthenumberof sequencesincreases.Table1 show thenumberof possible

rootedandunrootedtreetopologiesfor 3 to 50sequences.Evenfor moderate

numbersof sequencesthenumberof possibletreesis extremelylarge,renderingit

impossibleto scrutinizeall possiblearrangementsin reasonablecomputertime.

Third, evolutionaryrelationshipscanbeverycomplex, andsimilarity between

sequencesis generallynotagoodindicatorof phylogeneticrelatedness.For example,

in Figure1atheshortestgeneticdistanceis betweensequencesA andC, while A and

B areapparentlymoredistantlyrelated.However, whenthetreeis rootedwith a

known outgroup(sequenceD in Figure1b) it becomesclearthatsequencesA andB

(andnotA andC) sharea morerecentcommonancestor. Thesamecanbeobserved

in theunrootedtreein Figure1cwhereagainthegeneticdistancebetweenA andC is

smallestbut A is neverthelessgroupedwith B. Therefore,exceptunderspecial

circumstances,simpleclustermethodsthatrely purelyon geneticsimilarity arenot

suitablefor recoveringevolutionaryrelationships.

For theabovereasons,nogeneralmulti-purposealgorithmto infer evolutionarytrees

is known thatis suitablefor all kindsof data.Instead,awholesuiteof complementary

phylogeneticmethodsarecommonlyused,eachwith their particularstrengths(and

weaknesses).Generallythemorerigorousaparticularmethodthemore

computationalresourcesit requires.
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2.1 Important Methods

Exhaustivestudieshavebeenperformedonsimulateddatato investigatetheaccuracy

andotherpropertiesof treereconstructionmethods(1, 2, 3, 4). In thefollowing we

briefly introducethethreemajorclassesof phylogeneticinferencemethodsthatare

frequentlyused.

2.1.1 Maximum-Parsimony

Parsimony methodswereamongthefirst methodsfor reconstructingphylogenetic

trees,andarestill widely used.Thephilosophybehindthis approachis “Occam’s

razor” appliedto thedistributionof substitutionsalongthebranchesof a tree.

Maximum-parsimonyaimsat finding thetreethatexplainstheobservedpatternof

nucleotides(or aminoacids)with thesmallestnumberof mutationspossible(5). This

is doneby placingsubstitutionson possibletreetopologiessoasto minimizethetotal

numberof substitutionsrequiredto explain thenucleotide(or aminoacid)ateach

branchtip. Themostparsimoniousreconstruction,i.e. theonerequiringthefewest

substitutions,is chosenfor eachsite.Thetotal numberof evolutionarychangeson a

treeis thesumof thenumberof changesfor eachsite,andthetreetopologythathas

thefewestchangesis chosenasthemostparsimonioustree.Thevarioustypesof

parsimony methods(6) differ only in theparticulardetailsof how theabovestepsare

pursued.

Themaximum-parsimony approachgenerallyworksquitewell. However, it alsohas

anumberof pitfalls thatmayat timesrenderit impractical.First, thenumberof

most-parsimonioustreescanbequitelargesothattherecanexist largenumbersof

equallyvalid solutions.Second,asanexhaustive treesearch,i.e. theevaluationof all

possibletrees,is not feasibleexceptfor smalldatasets,generallynoguaranteecanbe

giventhattheoptimaltreehasbeenfound.Third, themost-parsimonioustreeis not
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necessarilyagoodexplanationfor thedata,particularlywhensequencesareshort(7).

Fourth,maximum-parsimony doesnotmakeefficientuseof all theavailabledata

becauseconstantandothernon-parsimony-informativesitesareignored(6). Fifth,

parsimony is particularlyproneto the“long branchesattract”problem,i.e. it tendsto

grouplongbranchestogetherevenif thisdoesnot reflectthetrueevolutionary

history(8).

2.1.2 DistanceMethods

Distance-basedmethodswork onpairwisegeneticdistanceswhich havebeen

computedfrom a sequencealignment,usingasuitablenucleotideor aminoacid

substitutionmodel, ratherthananalyzingthesitesin thealignmentdirectly.

Neighbor-joining (9, 10) is oneof themostpopulardistancemethods,primarily due

to its speedat findingasingle“best” treewith largedatasets.Thisclustering

approachstartsfrom astar-like treeandresolvesthetreeby iteratively joining groups

of sequencestogether, andin eachstepminimizing thetotal sumof branchlengths.

Neighbor-joining hasbeenshown to beefficientat recoveringthecorrecttree

topology(3, 4).

In contrast,UPGMA(11) simplyclustersgroupsof sequencesthatexhibit the

smallestdistancebetweeneachother. As phylogeneticrelationshipsarenot

necessarilylinkedto sequencesimilarity, this approachoftenfails to reconstructthe

truetreeexceptwhenthesequenceshaveevolvedin aclock-likemanner, i.e. requires

thattherateof evolutionhasbeenconstant(3).

The least-squaresmethod(12,13) optimizesbranchlengthsona treeby minimizing

theerrorof thetree-inducedpairwisedistanceswhencomparedto thedistances

computedfrom thealignment.An optimaltreeis thenfoundby evaluatingall

possible(or all feasible)candidatetrees.Theleast-squaresapproachhasasolid
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statisticalfoundationandsois oftenconsideredthebestdistancemethod(14).

Minimum-evolution(15), in awaysimilar to theleast-squaresmethod,alsousesa tree

searchto find thebesttree.Theselectioncriterionin thisapproachis thetotal sumof

branchlengths.Thus,it canbeconsideredassomewhatsimilar to

maximum-parsimony but appliedto distancedata.Notethataneighbor-joining treeis

anapproximationof theminimum-evolutiontree.

2.1.3 Maximum-Lik elihood

Maximum-likelihood(16) is theapproachthatis generallyconsideredto make the

mostefficientuseof thedataandto provide themostaccurateestimatesof a

phylogenetictree.It is, however, alsothemostcomputationallydemandingtechnique

for reconstructingphylogenetictrees.

Thebasicideaof thelikelihoodapproachis to computetheprobabilityof the

observeddataassumingit hasevolvedunderaparticularevolutionarytreeandagiven

probabilisticmodelof nucleotide(or aminoacid)substitution.The

maximum-likelihood(ML) treeis thenthetreewith thehighestprobabilityof

explainingthedata.Technically, thelikelihoodof a treeis computedusingso-called

directedgraphicalmodelfor thesequencedata(16,17).

Inferringevolutionarytreesusingthemaximum-likelihoodprincipleis difficult for

threemainreasons.First, thelikelihooditself is complicatedto compute,essentially

dueto theproblemof inferring theunknown ancestralcharacterstatesin a tree.

Second,evenfor asingletreetopology, estimationof branchlengthsis averydifficult

optimizationproblem.Finally, computinglikelihoodsfor all possibletreetopologies

is animpossibletaskevenfor medium-sizedsetsof sequencessothatinsteada

heuristictreesearchmustbeused.Thusit is no surprisethatmaximum-likelihood

treeinferencehasonly becomepopularsincethewidespreadavailability of faster
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computers.

As astatisticalapproachthemaximum-likelihoodmethodenjoysanumberof

advantages,suchasa generallylowervariancethanotherestimators.Moreover, the

likelihoodframework providesa rigorousbasisfor statisticaltestingof competing

hypothesis(18). In addition,it canbeshown thatmaximum-likelihoodencompasses

themaximum-parsimony method,thelatterbeinganapproximationto

maximum-likelihood(19).Themaximum-likelihoodapproachcanalsobeusedto

computegeneticdistancesbetweensequences,e.g.asprerequisitefor a

distance-basedapproachto treereconstruction.

2.2 CommonFeatures

To obtainabetterunderstandingof therelationshipsbetweenthediscussedmethodsit

is helpful to look at alternativeclassificationsof phylogeny inferenceprocedures.In

Table2 wepresentanumberof criteriathathighlight somesharedfeaturesof the

variousmethods.

An importantcharacteristicis how theunderlyingdata,i.e. thesequencealignment,is

used.Therearetwo mainclasses:methodsbasedon characterstatedatawheresites

in analignmentareindividually analyzed,andmethodsbasedon distancedatawhere

apairwisedistancematrix relatingall possiblepairwisesequencecomparisonsto

eachotheris usedto summarizetheinformationin thealignment.Methodsthatwork

directlyon sequencedata(e.g.maximum-likelihood)canbeexpectedto bemore

accuratethanthoseusingdistancedata(e.g.least-squares).However, pairwise

distancesoftenprovidea remarkablycompactcondensationof themajorfeaturesof

thedata.

A secondcriterionwhichcanbeusedto distinguishmethodsis theway theoptimal

treeis obtained.Somemethodssimplyclustersequencestogetheraccordingto aset
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of givenrules(e.g.neighbor-joining) whereastree-searchmethodsusespecific

optimality criteriato chooseamongall possibletreetopologies.Thelattermethods

thatinvolve treeevaluation(specificallymaximum-parsimony, maximum-likelihood,

least-squaresandminimum-evolution)canbeimplementedwith anumberof search

strategiessuchasexhaustivesearchor branch-and-bound,whichguaranteean

optimalsolutionbut alsohavepotentiallyvery large(!) run-times.Alternatively,

heuristicsearchesbasedon rearrangementof subtrees(6) or reassemblingof quartet

trees(20,21) canbeemployedbut thesedo notguaranteetheoptimaltreewill be

found.Stochastictreesearchesbased,e.g.,ongeneticalgorithms(22)or Markov

chainMonteCarlotechniques(23)havealsobeenimplemented.

Anotherdistinctivefeatureof phylogenetictreereconstructionmethodis useof the

modelof substitution.Thepurposeof asubstitutionmodelis to estimatetheactual

amountof evolutionarychange.This is problematicbecausethereis notasimple

relationshipbetweentheobservedandactualchanges,andthesamesitein asequence

mighthaveundergonerepeatedsubstitutionswhile only thelastsubstitutioncanbe

observed.Thus,any substitutionmodelmust“correct” for theseunobservedchanges.

In nucleotidesubstitutionmodelsfactorssuchastransitionsbeingmorefrequentthan

transversionsandunequalbasecompositionarealsoincorporatedinto themodel.For

detaileddiscussionof theavailablemodelsseeref. (6). Notethatin

maximum-parsimony themodelof substitutionis implicit in themethod.Thisdoes

not imply thatmaximumparsimony is model-free.Rather, methodslike

maximum-parsimony mayoftenbeinadequatefor sequencedatabecauseof its simple

implicit substitutionmodel,whereasin maximum-likelihoodanddistancemethodsa

complex, andhopefullyrealistic,modelcanbeemployed.Maximum-parsimony

procedureshavebeenimplementedthatattemptto givedifferentweightsto different

typesof substitutions,for exampleto transitionsandtransversions(6).
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2.3 Selectionof SuitableMethod

Whenconfrontedwith thelargevarietyof methodsavailablefor analyzingasequence

datasetit canoftenbedifficult to choosea suitablemethod.However, thefollowing

simpleguidelinesmaybeuseful:

1. If thereareonly a few sequences( ����� ) in thedatasetthen

maximum-likelihood,usinganexhaustivetreesearch,shouldbethemethodof

choice.For amedium-sizeddataset(10-100sequences)maximum-likelihood

is still applicable,but heuristictreesearcheshave to beemployed.

Maximum-parsimony or least-squaresarealsogoodalternativesfor this sizeof

dataset.For very largenumbersof sequences( � ����� ) distance-basedmethods

likeneighbor-joining aretheonly computationallyfeasibleapproachesthatcan

beused.It is importantto keepin mind thatthenumberof sitesin the

alignmentwill alsoimpacttheruntimeof aprogram.

2. If at all possiblemorethanonetreereconstructionmethodshouldbeemployed

to checkwhetherthesamebranchingpatternis consistentlyrecovered.

3. Notethatif sequencesareverysimilar or highly divergentthephylogenetic

signalwill beweaksoit is generallyunlikely thatthecorrespondingtreecanbe

fully resolved.

4. Whenselectingamodelof substitutionin maximum-likelihood,or with

distancemethods,it is agoodideato startwith asimplesubstitutionmodel,and

to repeattheanalysiswith amorecomplex modelandto carefullyobserve

changesin treetopologyandbranchlengths.
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2.4 Other Methods

Thesearchfor new phylogeneticmethodologiesandimprovedmodelsof sequence

evolution is averyactiveareaof researchandawide rangeof phylogeneticmethods

havebeenproposed,many of which arevariantsof themethodsmentionedbefore.

For example,severalmodificationsof neighbor-joining havebeensuggested

(24,25, 26).Researchinto methodologieshasalsofocusedon themoretheoretical

aspectsof phylogeneticreconstruction,suchasphylogeneticinvariants

(27,28, 29,30),phylogeneticspectra(31,32), andphylogeneticgeometry(33)and

on theemploymentof advancedtechniqueslikeneuralnetworks(34)or genetic

algorithms(22).Mucheffort hasalsogoneinto developingsophisticatedstatistical

modelsof substitutionprocesses(35,36, 37).Anotherresearchdirectionis thestudy

of algorithmssuitablefor very largedatasets(38,39).

2.5 PhylogeneticUncertainty

Sofar wehavegivena brief overview of how aphylogenetictreecanbeestimated

from moleculardata.In theinvestigationof realdatathis steprarelyis theendof the

analysis,ratheroftenit is only thebeginning.

Oneof themostimportantquestionsis theproblemof assessingtheaccuracy of the

obtainedtree.Themostcommonlyusedmethodis thebootstrapapproachwhichhas

beendevelopedto evaluatethestabilityof internalbranchesin trees(40,41).

Bootstrappingrepeatedlysamplessiteswith replacementfrom theoriginal alignment

until anew alignmentof thesamelengthastheoriginal is obtained.Thesame

phylogeny methodusedto constructthetreefrom theoriginalalignmentis then

appliedon thesampledalignment.Thisprocedureis repeatedasetnumberof times

(commonly1000)andif aparticulargroupingof sequencesis foundin 75%or more

of replicatesthoseclustersareconsideredwell-supported(42). Othermethodsexist
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thatassessthephylogeneticsignalof adatasetprior to theinferenceof a tree(43).

A single“best” treeis only apoint estimateof thetrueevolutionaryrelationships.

Thus,theaim to betteraccountfor phylogeneticuncertaintyhasled to ageneraltrend

towardsmultiple-treeanalysis.For example,likelihoodratio testsarefrequentlyused

to comparecompetingphylogenetichypothesesin theform of alternative tree

topologies(44).For many datasetsit is, however, moresuitableto introducethe

notionof confidencesetsof trees,whereanensembleof treesis preferredovera

singletree.ThelikelihoodmethodandtherelatedBayesianframework (23) are

particularlyamenableto this kind of analysis.This is anactiveareaof researchand

varioustestshavebeendevelopedto determineconfidencesetsof trees(45,46).

Closelyrelatedto this topicareevolutionarynetworkswhich areusedto represent

non-tree-likeevolution, i.e. thoserelationshipsin a treewhichcannotberepresented

by a tree.A largevarietyof differenttypesof networksexists.As for evolutionary

trees,thereareparsimony (47, 48),distance-based(49)andlikelihoodmethods

(17,50) for inferring evolutionarynetworks.Splitgraphs(51)merelyrepresent

incompatibilitiesin distancedatawhile mediannetworks(48)andancestral

recombinationgraphs(52,53, 54) canbeinterpretedascollectionsof trees.A median

network containsall themost-parsimonioustreesfor adataset,andanancestral

recombinationgraphwith � recombinationeventscombines�	� � site-specific

clock-likeevolutionaryhistories.

2.6 Further Reading

Generaltext-bookintroductionsto molecularevolutionandphylogeneticsare

providedby refs.(55,56,57).An introductoryguidewith detailon theuseof some

specificphylogeny softwareis givenin ref. (58).Precisealgorithmicdetailsof tree

reconstructionmethodsarereviewedin ref. (6) whereasref. (59) givesageneral
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overview of probabilisticsequenceanalysis.Advancedtheoreticaltopicsin

phylogeny arediscussedin ref. (60).

3 Applications

Phylogenetictreesplayanimportantrole in a largevarietyof problems,from all

fieldsof biologyandrelateddisciplines(61).Therichnessof applicationsillustrates

thecentralpositionthatmolecularphylogeny hasassumedin modernbiology. In the

following we list someinterestingcasestudies.For furtherdetailswe referto the

original papers.

3.1 SequenceClassification

Treesprovidenaturalhierarchicalclassificationsof theinvestigatedsequences.

Consequently, this hasbeenoneof thefirst applicationsof phylogenetictrees.

1. In taxonomy, speciesphylogeniesarenow commonlyinferredusing

reconstructedgenetrees.This is particularlyinterestingwhenthereareno

morphologicaldata,or whenmolecularandmorphologicaldatacontradict.For

example,therelationshipbetweenthemajortaxonomickingdomshasbeen

establishedentirelyfrom molecularsequences(62). In theinferenceof gene

treesit is importantto distinguishbetweentheactualspeciestreeandthe

embeddedgenetrees(63,64).

2. In virology, phylogenetictreeshavebeenusedto definesignificant

phylogeneticclustersof viruses.Thesecanbeusedto testwhetherpatientsare

linkedepidemiologicallyandto studyinfectedpopulations(65).
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3. Thepredictionof genefunctioncanbesubstantiallyrefinedby takingthe

phylogeny of theinvestigatedgeneinto account(66).Thisapproachis called

phylogenomics(67).

3.2 Analysis of Population History

Phylogenetictreesalsocontaininformationaboutthedemographichistoryof the

populationfrom which thesequencesweresampled.This is relevantfor problemsin

anthropology, epidemiologyandvirology.

1. Populationsizechangesover time influencetheshapeandthebranchlengthsof

trees.Coalescenttheory(68,69) providesaprobabilisticmodelfor this process

andthusallows theextractionof informationconcerningpopulationhistory

from aninferredtree(70,71).

2. Treesalsoallow thedeterminationof thegeographicorigin of apopulation.For

example,thecommonancestorof humanmitochondrialDNA (mitochondrial

Eve)hasbeenshown to beof African origin (72).

3. In addition,phylogenetictreesprovide informationaboutthetime-frameof

evolutionaryevents,e.g.abouttheageof themitochondrialEve(72)or thetime

of thehuman-apesplit (73).

3.3 Processesin Molecular and GenomeEvolution

Evolutionaryprocessesin genesandgenomesleavephylogeneticsignalsin the

sequencedata.Consequently, molecularphylogeniesareimportanttools,for instance,

for:

1. estimatingmodelparametersandsubstitutionrates(37),
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2. detectingrecombinationin theevolutionaryhistoryof sequences(74,47, 75),

3. inferringduplicationeventsin genomes(76, 77),

4. inferringgenerearrangementsin andbetweengenomes(78),

5. detectingadaptiveevolution,e.g.changeof functionandselection

(79,80,81),and

6. comparinghostandparasitephylogenies,i.e. for inferringco-phylogenies(55).

3.4 ComparativeStudies

Comparativeanalysisaimsatestablishingcorrelationsbetweentraitsacrosstaxa,e.g.

betweenbrainandbodysize(82). It is importantto discriminatedependencies

betweentheinvestigatedtraitsthatareintroducedmerelyby evolution from those

representingtruecorrelation.Consequently, phylogeneticcomparativemethodshave

beendevelopedthatexplicitely take theunderlyingevolutionarytreeinto account

(82,83). Phylogeneticuncertaintycanalsobeincorporatedin suchananalysis(84).

3.5 Other Bioinformatics Applications

Therearemany otherapplicationsof evolutionarytreesin bioinformaticsand

sequencesanalysis.For example:

1. Phylogenetictreesareimportantfor thereconstructionof ancestralsequences

(5, 85, 86).

2. To computesequencealignmentssomealgorithmsrely on theinferenceof

evolutionarytrees(59,87).
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3. Databasesearchesfor homologoussequencerelationshipscanbemademore

efficient if thephylogeny of thesequencesin thedatabaseis usedasguidetree

(88).
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Box 1: Stepsfor Inferring a PhylogeneticTree

Thischapterdealswith methods(maintext) andprograms(Box 2) to infer

phylogenetictreesfrom DNA sequences.Thefollowing arethebasicstepsfor

preparingthedatafor phylogeneticanalysisandfor obtaininga publication-ready

output:

1. RetrievehomologousDNA or proteinsequences,e.g.from apublicdatabase

likeNCBI’s GenBank(http://www.ncbi.nlm.nih.gov/) or theEMBL

NucleotideSequenceDatabase(http://www.ebi.ac.uk/embl/).

2. Align sequences,eitherby handusingasequenceeditorlikeSEAL

(http://evolve.zoo.ox.ac.uk) or usingasequencealignmentprogram,e.g.

CLUSTAL X (http://www-igbmc.u-strasbg.fr/BioInfo/ClustalX/).

3. Reconstructthetreeandassessits accuracy (this chapter)

4. Makeanillustrationof thetreeusing,e.g.,TreeEdit

(http://evolve.zoo.ox.ac.uk). Othertreedrawing programsarelistedon

thewebpage

http://evolution.genetics.washington.edu/phylip/software.html.
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Box 2: Inter net Resources

A largenumberof softwarepackagesareavailableto infer evolutionarytreesfrom

sequencedata.Thevarietyof thissoftwarederivesdirectly from therichnessof the

availablemethods,with many researchersproviding implementationsof their own

andotherpeople’smethods.An exhaustive list of phylogeneticcomputerprogramsis

maintainedby JosephFelsensteinat hiswebpage

http://evolution.genetics.washington.edu/phylip/software.html.

Programsdealingwith recombinationin theancestryof sequencesarelistedat

D.L.R.’swebpagehttp://grinch.zoo.ox.ac.uk/RAP links.html.

Currentlythemostwidely usedprogramfor inferring phylogenetictreesfrom

nucleotidedata(usingparsimony, likelihoodanddistancemethods)is PAUP* by

David Swofford (89) (http://www.lms.si.edu/PAUP). PHYLIP (90) is an

alternativecollectionof programsfor theanalysisof nucleotideandaminoaciddata

createdby JosephFelsenstein

(http://evolution.genetics.washington.edu/phylip). Phylo win by Nicolas

GaltierandManoloGouyagainimplementsa varietyof differentmethods

(http://pbil.univ-lyon1.fr). Maximum-likelihoodanalysisfor nucleotideand

aminoaciddatais providedby MOLPHY (91)by JunAdachiandMasamiHasegawa

(ftp://sunmh.ism.ac.jp/pub/molphy) andalsoby TREE-PUZZLE(20)by Heiko

A. Schmidt,K.S.,Martin VingronandArndt vonHaeselerat

(http://www.tree-puzzle.de). Parsimony andminimum-evolutionmethodsare

implementedin MEGA (57)by SudhirKumarandMasatoshiNei

(http://www.megasoftware.net).

A largeselectionof evolutionarymodelsincludingcodon-basedmodelsis

implementedin PAML (92)by ZihengYang

(http://abacus.gene.ucl.ac.uk/software/paml.html). A varietyof useful
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phylogeneticspecialisttoolscreatedby Andrew Rambautareavailablefrom theweb

pagehttp://evolve.zoo.ox.ac.uk. For Bayesiantreeinferencetherearetwo

packages,BAMBE (23) by Bret Larget

(http://www.mathcs.duq.edu/larget/bambe.html) andMrBayesby John

Huelsenbeck(http://brahms.biology.rochester.edu/software.html). An

object-orientedJava library for molecularevolutionandphylogeneticsis maintained

by Alexei DrummondandK.S. (http://www.pal-project.org).

Web-basedserversfor phylogeneticinferencesarealsoavailable.A largeselectionof

programsis offered,e.g.,by theserverof theInstitutPasteur, Paris

(http://bioweb.pasteur.fr/seqanal/phylogeny/intro-uk.html).
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Table1. Number of possibletr eetopologies.

sequences unrootedtrees 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
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Table2. Featuresof tr eereconstructionmethods.

Data TreeSearch SubstitutionModel

Method Character Distance Exhaustive- Clustering Explicit Implicit

Maximum-parsimony . . .
Neigbor-joining . . .�/
UPGMA . . . /
Least-squares . . .�/
Minimum-evolution . . .�/
Maximum-likelihood . . .
- in practiceasuitableheuristicshortcutwill oftenhave to beused.

/ if modelis usedto computepairwisedistances.
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Figure1: Unrooted(a,c) androoted(b) phylogenetictreesfor sequencesA, B, C,

andD. Branchlengthsrepresentgeneticdistance(e.g.nucleotidesubstitutions).
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