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Abstract. We studythe corvergencerate of neighborjoining and several new

phylogeneticreconstructiormethodson families of treesof boundeddiameter
Our study presentgheoreticallyobtainedcorvergencerates,aswell asan em-
pirical studybaseduponsimulationof evolution down randombirth deathtrees
and“biological” modeltrees We find thatthenew phylogenetianethodoffer an

adwantageover theNJ method exceptfor low ratesof evolution,wherethey have

comparableerformanceTheimprovementin performancef the new methods
over NJincreaseawith the numberof taxaandtherateof evolution.

1 Intr oduction

Phylogenetidrees(thatis, evolutionarytrees)form animportantpart of much
biologicalresearchTherearemary algorithmsfor inferring phylogenetidrees.
Themajority of thesamethodsaredesignedo beusedonbiomoleculaii.e. DNA,
RNA, oramino-acidsequencedethodsor inferring phylogeniegrom biomolec-
ular sequencelataare studied(boththeoreticallyandempirically) with respect
tothetopologicalaccurag of theinferredtrees.Suchstudiesvaluatetheeffects
of variousmodelconditions(suchasthe sequencéength,theratesof evolution
onthetree,andthetree“shape”)onthe performancef variousmethods.
Thesequencéengthrequiremenbf amethodis the sequencéengthneeded
by the methodin orderto obtain(with high probability) the true treetopology
Earlier studiesestablishedgnalyticalupperboundson the sequencéengthre-
quirementsof variousmethods(including the popularNeighborJoining [14])
method.Thesestudiesshavedthatstandardnethodssuchasneighborjoining,
recover thetrue tree (with high probability) from sequencesf lengthsthatare
exponentialin theevolutionarydiameterf thetruetree.Baseduponthesestud-
ies,in [6, 7] we defineda parameterizatioof modeltreesin which the longest



andshortesedgelengthsarefixed,sothatthesequencéengthrequirementf a

methodcanbe expressedasa functionof thenumbem of taxa.This parameter
izationleadto the definition of “fastcorverging” methodswhich aremethods
thatrecover the true treefrom sequencesf lengthsboundedby a polynomial
in n once f, the minimum edgelength,and g, the maximumedgelength,are
boundedSeveralfastcorverging methodsveredeveloped[5, 4,9, 16]. We and
othersanalyzeahe sequencdengthrequiremenbf standardnethodssuchas
neighboroining (NJ), undertheassumptionshat f andg arefixed. Thesestud-
ies[7,1] shaved that NJ andmary othermethodscanbe provento be “expo-

nentially corverging”, thatis they recover the true tree with high probability
from sequencesf lengthsboundedy afunctionthatgrows exponentiallyin n,

but sofar noneof thesestandardnethodsareknown to be “f astcorverging”.

In this paperwe considera differentparameterizationf modeltreespace,
wherewe fix the evolutionary diameterof the tree,andlet the numberof taxa
vary. This parameterizatiorsuggestethy JohnHuelsenbeckpersonakcommu-
nication], allows us to examinethe differential performanceof methodswith
respecto “taxon sampling”stratgies[8]. In this casetheshortesedgesanbe
arbitrarily short,forcing the methodto requireunboundedijfong sequencem
orderto recover theseshortesedgesHence the sequencéengthrequirements
of all methodsannotbeboundedHowever, for anaturalclassof modeltreesit
canbeassumedhat f = ©(1/n) (for example randombirth deathtreesfall into
this class),andin this casewe canshaw thatevenvery simplepolynomialtime
methodscorveme to the true tree from sequencegvhoselengthsare bounded
by apolynomialin n.

Furthermorethedegreesof thepolynomialshoundingthecorvergencerates
of NJandthe“fastcorverging” methodsareidentical—they differ only with re-
spectto theleadingconstantsTherefore with respecto this parameterization,
thereis no significanttheoreticaladwantagebetweenstandardnethodsandthe
“fast corverging” methods.We then evaluatetwo methods,neighborjoining
and DCM-NJ+MP (a methodintroducedin [11]) with respectto their perfor
manceon simulateddata,obtainedon randombirth deathtreeswith bounded
deviation from ultrametricity We find that DCM-NJ+MP obtainsan adwvantage
over neighborjoining throughoutmostof the parametespacewe examine,and
is never worse. That adwvantageincreasesasthe deviation from ultrametricity
increasespr asthe numberof taxaincreases.

Therestof the paperis organizedasfollows. In Section2, we presenthe
basicdefinitions,modelsof evolution, methodsandterms,uponwhich therest
of the paperis basedlIn Section3, we presenthe theorybehindconergence
ratesboundsfor both neighborjoining and“fastcorverging” methodsWe de-
rive boundson the cornvergenceratesof variousmethodsfor treesin which the



evolutionarydiameter(but not the shortestedgelengths)is fixed. We thende-
rive boundson the corvergenceratesof thesemethodsfor randomtreesdravn
from thedistribution on birth-deathtreesdescribedabove. In Section4, we de-
scribeour experimentalstudy comparingthe performanceof neighborjoining
andDCM-NJ+MPR In Section5, we concludewith a discussiorandopenprob-
lems.

2 Basics

In this section,we presenthe basicdefinitions,modelsof evolution, methods,
andterms,uponwhichtherestof the paperis based.

2.1 Model Trees

Thefirst stepof every simulationstudyfor phylogenetigeconstructionmethods
is to generatemodeltrees Sequencesrethenevolved down thesetrees,and
thesesequenceareused py themethodsn questionto estimatehemodeltree.
Theaccurag of the methodis determineddy how well the methodreproduces
the modeltree.Model treesare often taken from someunderlyingdistribution
onall rootedtreeswith nleaves.Somepossibledistributionsincludetheuniform
(all treeson n leavesaregivenequalweight)andthe Yule distribution (treesare
weightedby thelik elinessof a speciatioreventoccurringon externaledges).

In this paper we userandombirth-deathtreeswith n leavesasour under
lying distribution. To generatehesetrees,we view speciationand extinction
eventsoccurringover a continuousintenal. During a shorttime interval, ot, a
speciegansplitinto two with probabilityb(t)dt, anda speciesanbecomesx-
tinct with probabilityd(t)dt. The valuesof b(t) andd(t) dependon how much
time haspassedn the model.To generateatreewith n taxa,we begin this pro-
cesswith asinglenodeandcontinueuntil we have atreewith n taxa(with some
non-zeroprobability someprocesseswvill not produceatreeof the desiredsize
sinceall nodescould go "extinct” beforen speciesare generatedlf this hap-
pensrepeathe processuntil atreeof thedesiredsizeis generated.Ynderthis
distribution, treeshave a naturallengthassignedo eachedge-thatis thetime
t betweenthe speciatioreventthatbeganthatedgeandthe event (which could
be eitherspeciatioror extinction) thatendedthatedge.

Birth-deathtreesare inherentlyultrametric,that is, the branchlengthsare
proportionalto time. In someof our experimentsve modifiedeachedgelength
soasto deviatefrom thisassumptiorthatsitesevolve underthestrongmolecular
clock. To do this we multiplied eachedgeby a randomnumberwithin arange
[1/c,c], wherewe setc to be somesmall constant.We call this constantthe
“scalingfactor”



2.2 Modelsof Evolution

Underthe Kimura 2-Parameter(K2P) model, eachsite evolves down the tree
underthe Markov assumptionput therearetwo differenttypesof nucleotide
substitutionstransitionsandtrans\ersions Theprobabilityof agivennucleotide
substitutiordepend®ntheedgeanduponthetypeof substitution A K2P treeis
definedby thetriplet (T, {A(e)},ts/tv), wherets/tv is thetransition/transergon
ratio. (In our experimentsyve fix thisratioto 2, oneof the standardettings).
This model describeshow a single site (that is, a position within the se-
guenceattheroot) evolvesdown thetree,andit is assumedhatthe sitesevolve
identicallyandindependentlyHowever, we canalsoassumehatthe siteshave
differentratesof evolution, andthattheseratesaredravn from aknown distribu-
tion. Onepopularassumptions thattheratesaredravn from agammadistribu-
tion with shapegparameten, whichis the inverseof the coeficient of variation
of the substitutionrate.We usea = 1 for our experimentaunderK2P+Gamma.
With theseassumptionswe can specify a K2P+Gammatree just by the pair

(T,{A(&)}).

2.3 Statistical Performancelssues

Under the assumptionof a K2P+Gammaevolutionary processijf the transi-
tion/transersion ratio and shapeparameterare known, it is possibleto de-

fine pairwisedistancedhetweentaxa so that distance-basethethods(suchas
neighborjoining) are statisticallyconsisten{10]. (A phylogenetiaeconstruc-
tion methodM is statisticallyconsistenundera modelof evolutionif for every

treein thatmodelthe probabilitythatthe methodreconstructshetreetendsto 1

asthesequencéengthincreases.Realdataareof limited length.Thereforethe

lengthk of thesequenceaffectsthe performancef themethodM significantly

The corvemgencerate of a methodM is therateat which it convergesto 100%
accurag asafunctionof thesequencéength.

2.4 PhylogeneticReconstructionMethods

We briefly discusghe two phylogenetianethodswe usein our empiricalstud-
ies:neighbotjoining andDCM-NJ+MP Bothmethodshave polynomialrunning
time.

Neighbor Joining: Neighborjoining [14] is oneof the mostpopulardistance
basedmethodsNeighbortakesa distancematrix asinputandoutputatree.For

everytwo taxa,it determines score basednthedistancematrix. At eachstep,
the algorithmjoins the pair with the minimum score,makinga subtreewhose



root replaceghetwo chosertaxain the matrix. The distancesrerecalculated
to this new node,andthe “joining” is repeateduntil only threenodesremain.
Thesearejoinedto form anunrootedbinarytree.

DCM-NJ+MP: DCM-NJ+MPis a variantof methodsprovento be fastcon-
verging that has performedvery well in previous studies(see[11]). DCM-
NJ+MP outperformsjn termsof topologicalaccurag, the methodsDCM*-NJ
(of whichit is avariant)andneighborjoining in thesesimulationstudies.
Themethodworksasfollows: let dij bethedistancebetweertaxai andj.

— Phasel: For eachq € {d;; }, computea binarytree Tq, by usingthe Disk-
CoveringMethodfrom [7], followed by a heuristicfor refiningtheresultant
treeinto abinarytree.Let 7 = {Tq: q € {d;; } }. (Readersnterestedn more
detailsof how Phasd is handledshouldseg[7].)

— Phase2: Selectthetreefrom <7 which optimizesthe parsimony criterion.

DCM-NJ+MPis notstatisticallyconsistentevenunderthesimplesimodels,
sincethe maximumparsimoly criterion canselectthe wrong treewith proba-
bility goingto 1 asthe sequencéengthincreasesHowever, in our earlierex-
perimentalstudies,we found that DCM-NJ+MP had very good performance,
returningmoreaccuratdreesthanavery similar method(differing only in how
Phase is implementedhich is statisticallyconsistenand“f astcorverging”.
For this reasonwe have selecteddCM-NJ+MP to compareagainstneighbor
joining in our simulationstudies.

2.5 Measuresof accuracy

Therearemary waysof measuringerrorbetweertrees.Sinceour inferredtrees
arenot alwaysbinary we usethe FalseNegative (FN) Rateto scoretrees.We

now definethis. Eachedgein a treeinducesa bipartition on the setof leaves
of the tree.The FN error rateis the proportionof bipartitionsin the true (i.e.

model)treethataremissingin theinferredtree.Sincethe modeltreeis binary,

whentheFN errorrateis 0, theinferredtreeis equalto the modeltree.

3 Theoretical Resultson ConvergenceRates

Thelargestandsmallestedge-lengthslearly affect the sequencéengthneeded
by ary method.In [16], we examinedthe corvergencerateissueby fixing ar
bitrarily the largestandsmallest‘edge-lengths’{the lengthof anedgee is de-
fined to be A(e), the expectednumberof timesa randomsite will changeits
nucleotideon €). Oncetheseboundsare fixed, we canconsiderthe sequence



lengtha methodneedsin orderto recover the treetopology exactly with high
probability This sequencéength“requirement’clearly grows with the number
of leavesin thetree.

In [1], the sequencdength requirementfor the neighborjoining method
underthe CavendesFarris modelwasboundedrom above, andextendedo the
GeneraMarkov modelin [6]. We statetheresulthere:

Theorem 1. Let(T,M) beamodeltreein theGM model.LetA(e) = —log|det(Mg)|,
andsethij = Y ecp; A(€). Assumehat f is fixedwith 0 < f < A(e) for all edges
ec T.Lete > 0begiven.Thenther are constant<C andC’ (thatdonotdepend
upon f) sud that, for

k= & logne® (MaAi;)

f2

thenwith probability at leastl— 6, NJ(S) = T, wheee Sis a setof sequencesf
lengthk geneatedon T. The samesequencéengthrequirementappliesto the
Q* methodof [2].

3.1 Fixed-parameteranalysesof the corvergencerate

Analysiswhenboth f and g are fixed In [16,9] we analyzedthe corvergence
rateof NJwhenboth f andg arefixed(recallthat f is the smallestedgelength,
and g is the largestedgelength). In this setting,by Theoreml1 and because
maxAij = O(gn), we seethat NJ recovers the true tree with probability 1 —
€ from sequenceshat grov exponentiallyin n. An averagecaseanalysisof
treetopologiesundervariousdistributionsshavs thatmaxi;; = ©(gy/n) for the
uniform distribution and ©(glogn) for the Yule-Hardingdistribution. Hence,
NJ hasan averagecasecorvergencerate which is polynomialin n underthe
Yule-Hardingdistribution, but not underthe uniform distribution.

By definition, “fast-comerging” methodsare requiredto corverge to the
true treefrom polynomiallengthsequencesyhen f andg arefixed. The con-
vergenceratesof fast-coneming methodshave a somavhatdifferentform. We
shawv the analysisfor the DCM*-NJ method(se€[16]):

Theorem 2. Let(T,M) beamodeltreein theGM model.LetA(e) = —log|det(Mg)|,
andsethij = Y ecp; A(€). Assumehat f is fixedwith 0 < f < A(e) for all edges
e T.Lete > 0begiven.Thenther are constant< andC’ (thatdonotdepend
upon f) sud that, for

K % logne® (Width(T))
thenwith probability at least1 — , DCM*-NJ(S}= T, whee Sis a setof se-
quencef lengthk geneatedon T, and width(T) is a topolagically defined
functionwhich is boundedromabove by maxA;; andis alsoO(glogn).



Consequentlyfast-corerging methodsrecorver the true tree from polyno-
mial lengthsequencewhenboth f andg arefixed.

Analysiswhenmax; is fixed. Supposenow thatwe fix maxA;; but not f. In
thiscaseneitherNJnorthe“fast-conerging’” methodswill recoverthetruetree
from sequencethat grov polynomially in n, becauseas f — 0, the sequence
lengthrequiremenincreasesvithoutbound .However, for “random”birth-death
treesthe expectedminimumedgelengthis ©(1/n). Hence supposehatin ad-
dition to fixing maxA;; we alsorequirethat f = ©(1/n). In this case anappli-
cationof Theoreml and Theorem2 shaws that NJ andthe “f ast-conemging’
methodsall recover the true treewith high probability from O(n?logn) length
sequenceslhetheoreticallyobtainedconvergenceratesdiffer only in thelead-
ing constantwhich in NJ's casedependsexponentiallyon maxj;j, while in
the caseof DCM*-NJ’s this ratedependsxponentiallyon width(T). Thus,the
performanceadvantageof a fast-conemging method— from a theoreticalper
spectve — dependsupon the differencebetweenthesetwo values.We know
that width(T) < maxA;; for all trees.Furthermore the two valuesare equal
essentiallyonly whenthe strongmolecularclock assumptiorholds.Note also
that whenthe tree haslow evolutionary diameter(i.e. whenmaxa;; is small),
thenthe predictedperformancef thesemethodssuggestshatthey will beap-
proximatelyidentical.Only for large evolutionarydiametershouldwe obtaina
performancedwantageby usingthefast-corerging methodsnsteadof NJ.

In thenext sectionwe testedthe empiricalperformancef thesemethods.

4 Our PerformanceStudies

4.1 Experimental Platform

Machines: Theexperimentswvererun onthe SCOUT cluster which contains
approximateh280differentprocessorsunningtheDebianLinux operatingsys-
tem. We also had nighttime useof approximatelyl50 Pentiumlll processors
locatedin public undegraduatdaboratories.

Software: We usedSandersos’'r8s packagdor generatingoirth-deathtrees
[13]. We usedtheprogramseqg-Gen [12] to randomlygenerateéa DNA sequence
for the root and evolve it throughthe tree underK2P+Gammamodel of evo-
lution. We calculatedevolutionary distancesappropriatelyfor the model (see
[10]).

The software for DCM-NJ waswritten by Daniel Huson.To calculatethe
maximumparsimoly scoreof thetreeswe usedPAUP* 4.0[15] For job man-
agemenacrosgheclusterandpublic laboratorymachinesye usedthe Condor



softwarepackagg3]. We generatedherestof this software (a combinationof
C++ programsandPerlscripts)explicitly for theseexperiments.

4.2 BoundedDiameter Trees

We performedexperimentson boundeddiametertrees,andobsere how theer-
ror ratesincreasaasthenumberof taxaincreasesWefix thediametergmaxa;)
at0.01,0.1and0.5,andthe scalingfactorat 4. For eachdiametemwe generated
30 birth deathtrees(usingr8s) of 10, 25, 50, 100, 200,400 and 800 taxa.We
thengeneratedNA sequencesf sequencéength500 using seqgenandob-
senedhow NJandDCM-NJ+MP perform.

4.3 Varying Diameter Families of Trees

We also obsered the performanceof methodsas the diameter(maxa;j) in-
creasesk-or eachmethod NJandDCM-NJ+MP we look attheir errorratesfor
varyingnumberof taxa,asthe diametelincreases.

Wefixedthenumberof taxa,thescalingfactorto 4 andgenerate@0random
birth deathtrees(usingr8s)for diametersf 0.005,0.01,0.05,0.1,0.5,1.0,1.5
and 2. For eachtree we thengenerategsequencesf length500 usingseqgen
andobsered how NJandDCM-NJ+MP perform.

We thenrepeatedhe above procesdor a differentnumberof taxa.In to-
tal we looked at 10, 25, 50, 100, 200, 400 and 800 taxa. We have two sepa-
rategraphsonefor NJ's performancendthe otherfor DCM-NJ+MP’s perfor
mance.

4.4 Resultsand Discussion

In Figure 1 we shav how NJ andDCM-NJ+MP are affectedby increasinghe
rateof evolution (i.e. the height). The x-axisis the maximumexpectednumber
of change®f arandomsite acrosshetree,andthe y-axisis the falsenegative
(FN) rate.We provide a curve for eachnumberof taxawe explored,from 10 up
to 800. The sequencédengthis fixedin this experimentto 500. Note that both
NJandDCM-NJ+MPhave high errorsfor thelowestratesof evolution,andthat
attheselow ratesof evolution theerrorratesincreaseasn increasesThisis be-
causefor theselow ratesof evolution, increasinghe numberof taxamakesthe
smallestedgelength (i.e. f) decreaseandthusincreaseshe sequencéength
neededo have enoughchangen the shortedgesfor themto berecoverable.
Astherateof evolutionincreasegsheerrorratesnitially decreaséor bothmeth-
ods,but eventuallytheerrorratesbegin to increaseagain.Thisincreasen error



occurswherethe exponentialportion of the corvergencerate(i.e. wherethe se-
quencdengthdependexponentiallyon maxA;j) becomesignificant.Notethat
wherethis happenss essentiallythe samefor bothmethods- andthatthey per
form equallywell until thatpoint. However, afterthis point, NJ's performance
is worse,comparedo DCM-NJ+MP; furthermore the error rateincreasedgor
NJ at eachof the“large” diametersasn increaseswhile DCM-NJ+MP’s error
ratetendsto not reflectthe numberof taxanearlyasmuch.

In Figure2 we presenta differentway of looking at the data.In this figure,
the x-axis is the numberof taxa,andthe y-axisis the FN rate,andthereis a
cune for eachof thetwo methodsWe shav thushow increasingn (the number
of taxa)while fixing the diameterof the tree affectsthe accurag of the trees
reconstructedNotethatatlow ratesof evolution (theleft-mostfigure),theerror
ratesfor both methodsincreasewith the numberof taxa. At moderateratesof
evolution (middlefigure),errorratesincreasdor bothmethodsput moresofor
NJthanfor DCM-NJ+MR Finally, atthe higherrateof evolution (right figure),
this trend continues but the gapis evenlarger— in fact, DCM-NJ+MP’s error
increasdooksalmostflat.

Theseexperimentssuggesstronglythatexceptfor low diametersituations,
the DCM-NJ+MP method(andprobablythe other“f astcorverging” methods)
will outperformthe NJ method,especiallyfor large numbersof taxaandhigh
evolutionaryrates.

5 Conclusionand Futur e Work

Our study provides corvincing evidencethat the NJ methodis not likely to
scalewith increasingnumbersof taxa, becausehe error ratesgrows signif-
icantly with the numberof taxa and with the evolutionary rate. By contrast,
the DCM-NJ+MP methodshavs a muchmoremoderaténcreasen errorfor a
fixed sequencéength,asn increasegexceptfor low ratesof evolution, where
themethodsperformequally).
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