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Abstract. We studythe convergencerateof neighborjoining andseveral new
phylogeneticreconstructionmethodson familiesof treesof boundeddiameter.
Our studypresentstheoreticallyobtainedconvergencerates,aswell asan em-
pirical studybaseduponsimulationof evolution down randombirth deathtrees
and“biological” modeltrees.Wefind thatthenew phylogeneticmethodsoffer an
advantageover theNJmethod,exceptfor low ratesof evolution,wherethey have
comparableperformance.Theimprovementin performanceof thenew methods
over NJ increasewith thenumberof taxaandtherateof evolution.

1 Intr oduction

Phylogenetictrees(that is, evolutionarytrees)form an importantpartof much
biologicalresearch.Therearemany algorithmsfor inferringphylogenetictrees.
Themajorityof thesemethodsaredesignedtobeusedonbiomolecular(i.e.DNA,
RNA, oramino-acid)sequences.Methodsfor inferringphylogeniesfrombiomolec-
ular sequencedataarestudied(boththeoreticallyandempirically)with respect
to thetopologicalaccuracy of theinferredtrees.Suchstudiesevaluatetheeffects
of variousmodelconditions(suchasthesequencelength,theratesof evolution
on thetree,andthetree“shape”)on theperformanceof variousmethods.

Thesequencelengthrequirementof amethodis thesequencelengthneeded
by themethodin orderto obtain(with high probability) the truetreetopology.
Earlier studiesestablishedanalyticalupperboundson the sequencelengthre-
quirementsof variousmethods(including the popularNeighborJoining[14])
method.Thesestudiesshowedthatstandardmethods,suchasneighborjoining,
recover thetruetree(with high probability) from sequencesof lengthsthatare
exponentialin theevolutionarydiameterof thetruetree.Baseduponthesestud-
ies,in [6,7] we defineda parameterizationof modeltreesin which thelongest



andshortestedgelengthsarefixed,sothatthesequencelengthrequirementof a
methodcanbeexpressedasa functionof thenumbern of taxa.Thisparameter-
ization leadto thedefinitionof “f astconverging” methods,which aremethods
that recover the true treefrom sequencesof lengthsboundedby a polynomial
in n once f , the minimum edgelength,andg, the maximumedgelength,are
bounded.Severalfastconverging methodsweredeveloped[5,4,9,16]. We and
othersanalyzedthesequencelengthrequirementof standardmethods,suchas
neighborjoining (NJ),undertheassumptionsthat f andg arefixed.Thesestud-
ies [7,1] showed thatNJ andmany othermethodscanbe proven to be “expo-
nentially converging”, that is they recover the true treewith high probability
from sequencesof lengthsboundedby a functionthatgrows exponentiallyin n,
but sofarnoneof thesestandardmethodsareknown to be“f astconverging”.

In this paperwe considera differentparameterizationof modeltreespace,
wherewe fix theevolutionarydiameterof the tree,andlet thenumberof taxa
vary. Thisparameterization,suggestedby JohnHuelsenbeck[personalcommu-
nication], allows us to examinethe differential performanceof methodswith
respectto “taxonsampling”strategies[8]. In thiscase,theshortestedgescanbe
arbitrarily short,forcing themethodto requireunboundedlylong sequencesin
orderto recover theseshortestedges.Hence,thesequencelengthrequirements
of all methodscannotbebounded.However, for anaturalclassof modeltrees,it
canbeassumedthat f ' Θ ( 1) n * (for example,randombirth deathtreesfall into
this class),andin this casewe canshow thatevenvery simplepolynomialtime
methodsconverge to the true treefrom sequenceswhoselengthsarebounded
by apolynomialin n.

Furthermore,thedegreesof thepolynomialsboundingtheconvergencerates
of NJandthe“f astconverging” methodsareidentical– they differ only with re-
spectto theleadingconstants.Therefore,with respectto this parameterization,
thereis no significanttheoreticaladvantagebetweenstandardmethodsandthe
“f ast converging” methods.We then evaluatetwo methods,neighborjoining
andDCM-NJ+MP (a methodintroducedin [11]) with respectto their perfor-
manceon simulateddata,obtainedon randombirth deathtreeswith bounded
deviation from ultrametricity. We find thatDCM-NJ+MPobtainsanadvantage
overneighborjoining throughoutmostof theparameterspacewe examine,and
is never worse.That advantageincreasesas the deviation from ultrametricity
increases,or asthenumberof taxaincreases.

The restof thepaperis organizedasfollows. In Section2, we presentthe
basicdefinitions,modelsof evolution,methods,andterms,uponwhich therest
of thepaperis based.In Section3, we presentthe theorybehindconvergence
ratesboundsfor bothneighborjoining and“f astconverging” methods.We de-
rive boundson theconvergenceratesof variousmethodsfor treesin which the



evolutionarydiameter(but not theshortestedgelengths)is fixed.We thende-
rive boundson theconvergenceratesof thesemethodsfor randomtreesdrawn
from thedistribution on birth-deathtreesdescribedabove. In Section4, we de-
scribeour experimentalstudycomparingthe performanceof neighborjoining
andDCM-NJ+MP. In Section5, we concludewith a discussionandopenprob-
lems.

2 Basics

In this section,we presentthebasicdefinitions,modelsof evolution, methods,
andterms,uponwhich therestof thepaperis based.

2.1 Model Trees

Thefirst stepof everysimulationstudyfor phylogeneticreconstructionmethods
is to generatemodeltrees. Sequencesare thenevolved down thesetrees,and
thesesequencesareused,by themethodsin question,to estimatethemodeltree.
Theaccuracy of themethodis determinedby how well themethodreproduces
themodeltree.Model treesareoften taken from someunderlyingdistribution
onall rootedtreeswith n leaves.Somepossibledistributionsincludetheuniform
(all treesonn leavesaregivenequalweight)andtheYuledistribution (treesare
weightedby thelikelinessof aspeciationeventoccurringonexternaledges).

In this paper, we userandombirth-deathtreeswith n leavesasour under-
lying distribution. To generatethesetrees,we view speciationand extinction
eventsoccurringover a continuousinterval. During a shorttime interval, δt, a
speciescansplit into two with probabilityb ( t * δt, anda speciescanbecomeex-
tinct with probabilityd ( t * δt. Thevaluesof b ( t * andd ( t * dependon how much
time haspassedin themodel.To generatea treewith n taxa,we begin thispro-
cesswith asinglenodeandcontinueuntil wehaveatreewith n taxa(with some
non-zeroprobabilitysomeprocesseswill not producea treeof thedesiredsize
sinceall nodescould go ”extinct” beforen speciesaregenerated.If this hap-
pens,repeattheprocess,until a treeof thedesiredsizeis generated.)Underthis
distribution, treeshave a naturallengthassignedto eachedge–that is thetime
t betweenthespeciationevent thatbeganthatedgeandtheevent(which could
beeitherspeciationor extinction) thatendedthatedge.

Birth-deathtreesareinherentlyultrametric,that is, the branchlengthsare
proportionalto time. In someof our experimentswemodifiedeachedgelength
soastodeviatefromthisassumptionthatsitesevolveunderthestrongmolecular
clock. To do this we multiplied eachedgeby a randomnumberwithin a range+
1) c , c- , wherewe set c to be somesmall constant.We call this constantthe
“scalingfactor.”



2.2 Modelsof Evolution

Underthe Kimura 2-Parameter(K2P) model,eachsite evolvesdown the tree
underthe Markov assumption,but thereare two different typesof nucleotide
substitutions:transitionsandtransversions.Theprobabilityof agivennucleotide
substitutiondependsontheedgeanduponthetypeof substitution.A K2Ptreeis
definedby thetriplet ( T ,�. λ ( e*�/#, ts) tv * , wherets) tv is thetransition/transversion
ratio. (In ourexperiments,we fix this ratio to 2, oneof thestandardsettings).

This model describeshow a single site (that is, a position within the se-
quenceat theroot)evolvesdown thetree,andit is assumedthatthesitesevolve
identicallyandindependently. However, we canalsoassumethat thesiteshave
differentratesof evolution,andthattheseratesaredrawn from aknown distribu-
tion. Onepopularassumptionis thattheratesaredrawn from agammadistribu-
tion with shapeparameterα, which is theinverseof thecoefficient of variation
of thesubstitutionrate.We useα ' 1 for our experimentsunderK2P+Gamma.
With theseassumptions,we canspecify a K2P+Gammatree just by the pair
( T ,�. λ ( e*�/0* .

2.3 Statistical PerformanceIssues

Under the assumptionof a K2P+Gammaevolutionary process,if the transi-
tion/transversion ratio and shapeparameterare known, it is possibleto de-
fine pairwisedistancesbetweentaxaso that distance-basedmethods(suchas
neighborjoining) arestatisticallyconsistent[10]. (A phylogeneticreconstruc-
tion methodM is statisticallyconsistentunderamodelof evolution if for every
treein thatmodeltheprobabilitythatthemethodreconstructsthetreetendsto 1
asthesequencelengthincreases.)Realdataareof limited length.Therefore,the
lengthk of thesequencesaffectstheperformanceof themethodM significantly.
Theconvergencerateof a methodM is therateat which it convergesto 100%
accuracy asa functionof thesequencelength.

2.4 PhylogeneticReconstructionMethods

We briefly discussthetwo phylogeneticmethodswe usein our empiricalstud-
ies:neighborjoiningandDCM-NJ+MP. Bothmethodshavepolynomialrunning
time.

Neighbor Joining: Neighborjoining [14] is oneof themostpopulardistance
basedmethods.Neighbortakesadistancematrixasinputandoutputa tree.For
everytwo taxa,it determinesascore,basedonthedistancematrix.At eachstep,
thealgorithmjoins the pair with the minimumscore,makinga subtreewhose



root replacesthe two chosentaxain thematrix. Thedistancesarerecalculated
to this new node,andthe “joining” is repeateduntil only threenodesremain.
Thesearejoinedto form anunrootedbinarytree.

DCM-NJ+MP: DCM-NJ+MPis a variantof methodsproven to be fastcon-
verging that has performedvery well in previous studies(see[11]). DCM-
NJ+MPoutperforms,in termsof topologicalaccuracy, themethodsDCM 1 -NJ
(of which it is avariant)andneighborjoining in thesesimulationstudies.

Themethodworksasfollows: let di j bethedistancebetweentaxai and j.

– Phase1: For eachq 23. di j / , computea binary treeTq, by usingtheDisk-
CoveringMethodfrom [7], followedby aheuristicfor refiningtheresultant
treeinto abinarytree.Let 45'6. Tq : q 27. di j /0/ . (Readersinterestedin more
detailsof how PhaseI is handledshouldsee[7].)

– Phase2: Selectthetreefrom 4 whichoptimizestheparsimony criterion.

DCM-NJ+MPis notstatisticallyconsistent,evenunderthesimplestmodels,
sincethe maximumparsimony criterion canselectthewrong treewith proba-
bility going to 1 asthe sequencelengthincreases.However, in our earlierex-
perimentalstudies,we found that DCM-NJ+MP hadvery goodperformance,
returningmoreaccuratetreesthanaverysimilar method(differing only in how
Phase2 is implemented)which is statisticallyconsistentand“f astconverging”.
For this reason,we have selectedDCM-NJ+MP to compareagainstneighbor
joining in oursimulationstudies.

2.5 Measuresof accuracy

Therearemany waysof measuringerrorbetweentrees.Sinceour inferredtrees
arenot alwaysbinary, we usetheFalseNegative (FN) Rateto scoretrees.We
now definethis. Eachedgein a tree inducesa bipartition on the setof leaves
of the tree.The FN error rate is the proportionof bipartitionsin the true (i.e.
model)treethataremissingin theinferredtree.Sincethemodeltreeis binary,
whentheFN errorrateis 0, theinferredtreeis equalto themodeltree.

3 Theoretical Resultson ConvergenceRates

Thelargestandsmallestedge-lengthsclearlyaffect thesequencelengthneeded
by any method.In [16], we examinedthe convergencerateissueby fixing ar-
bitrarily the largestandsmallest“edge-lengths”(the lengthof anedgee is de-
fined to be λ ( e* , the expectednumberof timesa randomsite will changeits
nucleotideon e). Oncetheseboundsarefixed, we canconsiderthe sequence



lengtha methodneedsin orderto recover the treetopologyexactly with high
probability. Thissequencelength“requirement”clearlygrows with thenumber
of leavesin thetree.

In [1], the sequencelength requirementfor the neighborjoining method
undertheCavender-Farrismodelwasboundedfrom above,andextendedto the
GeneralMarkov modelin [6]. Westatetheresulthere:

Theorem 1. Let ( T , M * beamodeltreein theGMmodel.Letλ ( e*8':9 log ; det ( Me *�; ,
andsetλi j ' ∑e< Pi j

λ ( e* . Assumethat f is fixedwith 0 = f > λ ( e* for all edges
e 2 T. Letε ? 0 begiven.Then,thereareconstantsC andC@ (thatdonotdepend
upon f ) such that, for

k ' C
f 2 logneCACB maxλi j D

thenwith probabilityat least1 9 δ, NJ ( S*E' T, whereSis a setof sequencesof
lengthk generatedon T. Thesamesequencelengthrequirementappliesto the
Q1 methodof [2].

3.1 Fixed-parameteranalysesof the convergencerate

Analysiswhenboth f and g are fixed In [16,9] we analyzedtheconvergence
rateof NJ whenboth f andg arefixed(recallthat f is thesmallestedgelength,
and g is the largestedgelength). In this setting,by Theorem1 and because
maxλi j ' O ( gn* , we seethat NJ recovers the true tree with probability 1 9
ε from sequencesthat grow exponentially in n. An averagecaseanalysisof
treetopologiesundervariousdistributionsshowsthatmaxλi j ' Θ ( g F n * for the
uniform distribution and Θ ( glogn * for the Yule-Hardingdistribution. Hence,
NJ hasan averagecaseconvergenceratewhich is polynomial in n underthe
Yule-Hardingdistribution,but notundertheuniform distribution.

By definition, “f ast-converging” methodsare requiredto converge to the
true treefrom polynomiallengthsequences,when f andg arefixed.Thecon-
vergenceratesof fast-converging methodshave a somewhatdifferentform. We
show theanalysisfor theDCM 1 -NJmethod(see[16]):

Theorem 2. Let ( T , M * beamodeltreein theGMmodel.Letλ ( e*8':9 log ; det ( Me *�; ,
andsetλi j ' ∑e< Pi j

λ ( e* . Assumethat f is fixedwith 0 = f > λ ( e* for all edges
e 2 T. Letε ? 0 begiven.Then,thereareconstantsC andC@ (thatdonotdepend
upon f ) such that, for

k ' C
f 2 logneCA B width B T DGD

thenwith probability at least1 9 δ, DCM 1 -NJ(S)' T, where S is a setof se-
quencesof lengthk generated on T, and width ( T * is a topologically defined
functionwhich is boundedfromabovebymaxλi j andis alsoO ( glogn * .



Consequently, fast-converging methodsrecover the true treefrom polyno-
mial lengthsequenceswhenboth f andg arefixed.

Analysiswhenmaxλi j is fixed. Supposenow thatwe fix maxλi j but not f . In
thiscase,neitherNJnorthe“f ast-converging” methodswill recover thetruetree
from sequencesthat grow polynomially in n, becauseas f H 0, the sequence
lengthrequirementincreaseswithoutbound.However, for “random”birth-death
trees,theexpectedminimumedgelengthis Θ ( 1) n * . Hence,supposethatin ad-
dition to fixing maxλi j we alsorequirethat f ' Θ ( 1) n * . In this case,anappli-
cationof Theorem1 andTheorem2 shows that NJ andthe “f ast-converging”
methodsall recover the true treewith high probability from O ( n2 logn * length
sequences.Thetheoreticallyobtainedconvergenceratesdiffer only in thelead-
ing constant,which in NJ’s casedependsexponentiallyon maxλi j , while in
thecaseof DCM 1 -NJ’s this ratedependsexponentiallyon width ( T * . Thus,the
performanceadvantageof a fast-converging method– from a theoreticalper-
spective – dependsupon the differencebetweenthesetwo values.We know
that width ( T *I> maxλi j for all trees.Furthermore,the two valuesare equal
essentiallyonly whenthe strongmolecularclock assumptionholds.Note also
that whenthe treehaslow evolutionarydiameter(i.e. whenmaxλi j is small),
thenthepredictedperformanceof thesemethodssuggeststhat they will beap-
proximatelyidentical.Only for largeevolutionarydiametersshouldweobtaina
performanceadvantageby usingthefast-converging methodsinsteadof NJ.

In thenext sectionwe testedtheempiricalperformanceof thesemethods.

4 Our PerformanceStudies

4.1 Experimental Platform

Machines: Theexperimentswererun on theSCOUTcluster, which contains
approximately280differentprocessorsrunningtheDebianLinux operatingsys-
tem. We alsohadnighttimeuseof approximately150 PentiumIII processors
locatedin publicundergraduatelaboratories.

Software: We usedSanderson’s J8K0L packagefor generatingbirth-deathtrees
[13]. WeusedtheprogramM�N#OQP#R#N#S [12] to randomlygenerateaDNA sequence
for the root andevolve it throughthe treeunderK2P+Gammamodelof evo-
lution. We calculatedevolutionary distancesappropriatelyfor the model (see
[10]).

The softwarefor DCM-NJ waswritten by Daniel Huson.To calculatethe
maximumparsimony scoresof thetreeswe usedPAUP* 4.0 [15] For job man-
agementacrosstheclusterandpublic laboratorymachines,weusedtheCondor



softwarepackage[3]. We generatedtherestof this software(a combinationof
C++ programsandPerlscripts)explicitly for theseexperiments.

4.2 BoundedDiameter Trees

Weperformedexperimentson boundeddiametertrees,andobserve how theer-
ror ratesincreaseasthenumberof taxaincreases.Wefix thediameters(maxλi j )
at0.01,0.1and0.5,andthescalingfactorat 4. For eachdiameterwe generated
30 birth deathtrees(usingr8s) of 10, 25, 50, 100,200,400 and800 taxa.We
thengeneratedDNA sequencesof sequencelength500 usingseqgen,andob-
servedhow NJandDCM-NJ+MPperform.

4.3 Varying Diameter Familiesof Trees

We also observed the performanceof methodsas the diameter(maxλi j ) in-
creases.For eachmethod,NJ andDCM-NJ+MP, we look at theirerrorratesfor
varyingnumberof taxa,asthediameterincreases.

Wefixedthenumberof taxa,thescalingfactorto 4andgenerated30random
birth deathtrees(usingr8s)for diametersof 0.005,0.01,0.05,0.1,0.5,1.0,1.5
and2. For eachtreewe thengeneratedsequencesof length500 usingseqgen
andobservedhow NJandDCM-NJ+MPperform.

We thenrepeatedthe above processfor a differentnumberof taxa.In to-
tal we looked at 10, 25, 50, 100, 200, 400 and800 taxa.We have two sepa-
rategraphs,onefor NJ’s performanceandtheotherfor DCM-NJ+MP’sperfor-
mance.

4.4 Resultsand Discussion

In Figure1 we show how NJ andDCM-NJ+MPareaffectedby increasingthe
rateof evolution (i.e. theheight).Thex-axis is themaximumexpectednumber
of changesof a randomsiteacrossthetree,andthey-axis is the falsenegative
(FN) rate.Weprovide acurve for eachnumberof taxaweexplored,from 10up
to 800.The sequencelengthis fixed in this experimentto 500.Note thatboth
NJandDCM-NJ+MPhavehigherrorsfor thelowestratesof evolution,andthat
at theselow ratesof evolution theerrorratesincreaseasn increases.This is be-
causefor theselow ratesof evolution, increasingthenumberof taxamakesthe
smallestedgelength(i.e. f ) decrease,andthus increasesthe sequencelength
neededto have enoughchangeson theshortedgesfor themto berecoverable.
As therateof evolutionincreases,theerrorratesinitially decreasefor bothmeth-
ods,but eventuallytheerrorratesbegin to increaseagain.This increasein error



occurswheretheexponentialportionof theconvergencerate(i.e.wherethese-
quencelengthdependsexponentiallyonmaxλi j ) becomessignificant.Notethat
wherethishappensis essentiallythesamefor bothmethods– andthatthey per-
form equallywell until thatpoint. However, after this point, NJ’s performance
is worse,comparedto DCM-NJ+MP; furthermore,the error rateincreasesfor
NJ at eachof the“large” diameters,asn increases,while DCM-NJ+MP’serror
ratetendsto not reflectthenumberof taxanearlyasmuch.

In Figure2 we presenta differentway of looking at thedata.In this figure,
the x-axis is the numberof taxa,andthe y-axis is the FN rate,andthereis a
curve for eachof thetwo methods.Weshow thushow increasingn (thenumber
of taxa)while fixing the diameterof the treeaffects the accuracy of the trees
reconstructed.Notethatat low ratesof evolution(theleft-mostfigure),theerror
ratesfor bothmethodsincreasewith thenumberof taxa.At moderateratesof
evolution (middlefigure),errorratesincreasefor bothmethods,but moresofor
NJ thanfor DCM-NJ+MP. Finally, at thehigherrateof evolution (right figure),
this trendcontinues,but thegapis even larger – in fact,DCM-NJ+MP’s error
increaselooksalmostflat.

Theseexperimentssuggeststronglythatexceptfor low diametersituations,
theDCM-NJ+MPmethod(andprobablytheother“f astconverging” methods)
will outperformthe NJ method,especiallyfor large numbersof taxaandhigh
evolutionaryrates.

5 Conclusionand Future Work

Our study provides convincing evidencethat the NJ methodis not likely to
scalewith increasingnumbersof taxa, becausethe error ratesgrows signif-
icantly with the numberof taxa and with the evolutionary rate.By contrast,
theDCM-NJ+MPmethodshows a muchmoremoderateincreasein errorfor a
fixedsequencelength,asn increases(exceptfor low ratesof evolution, where
themethodsperformequally).
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Fig.1. NJ (left graph)and DCM-NJ+MP (right graph)error rateson birth deathtreesas the
diameter(x-axis)grows.Sequencelengthfixedat500andscalingfactorat 4
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Fig.2.NJandDCM-NJ+MPErrorratesonbirth deathtreesasthenumberof taxa(x-axis)grows.
Sequencelengthfixedat 500,diameterat 0.01(left graph),0.1 (middlegraph),0.5 (right graph)
andscalingfactorat 4.
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