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Whole-genomephylogeneticstudiesrequirevarioussourcesof phylogeneticsignalsto producean
accuratepictureof theevolutionaryhistoryof a groupof genomes.In particular, sequence-based
reconstructionwill play an importantrole, especiallyin resolvingmorerecentevents. But using
sequencesat the level of whole genomesmeansworking with very large amountsof data—large
numbersof sequences—aswell as large phylogeneticdistances,so that reconstructionmethods
mustbe both fastandrobust aswell asaccurate.We study the accuracy, convergencerate,and
speedof several fastreconstructionmethods:neighbor-joining, Weighbor(a weightedversionof
neighbor-joining), greedyparsimony, andanew phylogeneticreconstructionmethodbasedondisk-
covering andparsimony search(DCM-NJ+MP).Our studyusesextensive simulationsbasedon
randombirth-deathtrees,with controlleddeviationsfrom ultrametricity. We �nd that Weighbor,
thanksto its sophisticatedhandlingof probabilities,outperformsothermethodsfor shortsequences,
while our new methodis thebestchoicefor sequencelengthsabove 100. For very largesequence
lengths,all four methodshave similar accuracy, so that thespeedof neighbor-joining andgreedy
parsimony makesthemthetwo methodsof choice.

1 Intr oduction
Most phylogeneticreconstructionmethodsaredesignedto beusedon biomolecular
(i.e.,DNA, RNA, or amino-acid)sequences.With theadventof genemapsfor many
organismsandcompletesequencesfor smallergenomes,whole-genomeapproaches
to phylogeny reconstructionarenow beinginvestigated.In orderto produceaccurate
reconstructionsfor largecollectionsof taxa,wewill mostlikely needto combineboth
approaches—eachhasdrawbacksnot sharedby the other. Becausewhole genomes
will yield large numbersof sequences,the sequence-basedalgorithmswill needto
bevery fastif they areto run within reasonabletime bounds.They will alsohave to
accommodatedatasetsthat includeverydistantpairsof taxa.Many of thesequence-
basedreconstructionmethodsusedby biologists(maximumlikelihood, parsimony
search,or quartetpuzzling) are very slow and unlikely to scaleup to the size of
datageneratedin whole-genomestudies. Fastermethodsexist (suchas the popu-
lar neighbor-joining method),but mostsuffer from accuracy problems,especiallyfor
datasetsthatincludedistantpairs.



In this paper, we examinein detail the performanceof four fastreconstruction
methods,oneof which we recentlyproposed(DCM-NJ+MP),andthreeothersthat
havebeenusedfor at leasta few yearsby biologists(neighbor-joining,Weighbor, and
greedyparsimony). We ran extensive simulationstudiesusing randombirth-death
trees(with deviationsfrom ultrametricity),usingaboutthreemonthsof computation
onnearly300processorsto conducta thoroughexplorationof arich parameterspace.
We usedfour principal parameters:model of evolution (Jukes-CantorandKimura
2-Parameter+Gamma),tree diameter(which indirectly capturesrate of evolution),
sequencelength,and numberof taxa. We �nd that Weighbor(for small sequence
lengths)and our DCM-NJ+MP method(for longer sequences)are the methodsof
choice,althougheachis considerablyslower thantheothertwo methodsin ourstudy.
Ourdataalsoenablesusto reporton thesequence-lengthrequirementsof thevarious
methods—animportantconsideration,sincebiologicalsequencesareof �x edlength.

2 Background

Methodsfor inferring phylogeniesare studied(both theoreticallyand empirically)
with respectto the topologicalaccuracy of the inferredtrees.Suchstudiesevaluate
the effects of variousmodel conditions(suchas the sequencelength, the ratesof
evolutionon thetree,andthetree“shape”)on theperformanceof themethods.

Thesequence-lengthrequirementof a methodis thesequencelengthneededby
themethodin orderto reconstructthe true treetopologywith high probability. Ear-
lier studiesestablishedanalyticalupperboundson thesequencelengthrequirements
of variousmethods(includingthepopularneighbor-joining1 method).Thesestudies
showedthat standardmethods,suchasneighbor-joining, recover the true tree(with
high probability) from sequencesof lengthsthatareexponentialin theevolutionary
diameterof thetruetree.Baseduponthesestudies,we de�ned a parameterizationof
modeltreesin which thelongestandshortestedgelengthsare�x ed2;3, sothatthese-
quencelengthrequirementof a methodcanbeexpressedasa functionof thenumber
of taxa,n. This parameterizationled usto de�ne fast-converging methods,methods
that recover thetrue tree(with high probability) from sequencesof lengthsbounded
by a polynomial in n oncef andg, the minimum andmaximumedgelengths,are
bounded. Several fast-converging methodswere developed4;5;6;7. We and others
analyzedthe sequencelength requirementof standardmethods,suchas neighbor-
joining (NJ),undertheassumptionsthat f andg are�x ed. Thesestudies8;3 showed
that neighbor-joining and many other methodscan recover the true tree with high
probabilitywhengivensequencesof lengthsboundedby a functionthatgrowsexpo-
nentiallyin n.

We recentlyinitiated studieson a differentparameterizationof the model tree
space,wherewe �x theevolutionarydiameterof the treeandlet thenumberof taxa
vary9. Thisparameterization,suggestedto usbyJ.Huelsenbeck,allowsusto examine



thedifferentialperformanceof methodswith respectto “taxon sampling”strategies
10. In this case,theshortestedgescanbearbitrarily short,forcing themethodto re-
quireunboundedlylongsequencesin orderto recovertheseshortestedges.Hence,the
sequence-lengthrequirementsof methodscannotbebounded.However, for anatural
classof modeltrees,which includesrandombirth-deathtrees,we canassumef =
�(1 =n). In this caseevensimplepolynomial-timemethodsconvergeto thetruetree
from sequenceswhoselengthsareboundedby a polynomialin n. Furthermore,the
degreesof thepolynomialsboundingtheconvergenceratesof neighbor-joining and
the fast-convergingmethodsareidentical—they differ only with respectto the lead-
ing constants.Therefore,with respectto this parameterization,thereis nosigni�cant
theoreticaladvantagebetweenstandardmethodsandthefast-convergingmethods.

In a previous study9 we evaluatedNJ andDCM-NJ+MP with respectto their
performanceon simulateddata,obtainedon randombirth-deathtreeswith bounded
deviationfrom ultrametricity. WefoundthatDCM-NJ+MPdominatedNJthroughout
the parameterspacewe examinedandthat thedifferenceincreasedasthedeviation
from ultrametricityor thenumberof taxaincreased.

In anunpublishedstudy, Brunoet al.11 comparedWeighborwith NJ andBioNJ
12 asa functionof thelengthof thelongestedgein thetruetree,usingrandombirth-
deathtreesof 50 taxa,deviatedfrom the molecularclock by multiplying eachedge
lengthby a randomnumberdrawn from an exponentialdistribution, andusing the
Jukes-Cantor(JC) modelof evolution. They found thatWeighboroutperformedthe
other methodsfor mediumto large valuesof the longestedge,but was inferior to
themfor smallvalues—a�nding we cancon�rm only for largernumbersof taxa.At
last year's PSB,Bininda-Edmondset al.13 presenteda studyof GreedyParsimony
(whichusesa singlerandomsequenceof additionandnobranchswapping)in which
they usedvery largerandombirth-deathtrees(up to 10,000taxa),deviatedfrom the
molecularclock, andwith sequencesevolved underthe Kimura 2-parameter(K2P)
model. Unsurprisingly, they found that scalingandaccuracy areat odds: the lower
theaccuracy level, thebetterthesequencelengthscaling.

3 Basics

3.1 ModelTrees

The�rst stepof everysimulationstudyfor phylogeneticreconstructionmethodsis to
generatemodeltrees. Sequencesarethenevolveddownthesetrees,theleafsequences
arefed to the reconstructionmethodsunderstudy, andthe reconstructedtreescom-
paredto theoriginalmodeltree.

In this paper, we userandombirth-deathtreeswith n leavesasour underlying
distribution. Thesetreeshave a naturallengthassignedto eachedge—namely, the
time t betweenthespeciationevent thatbeganthatedgeandtheevent (which could
be eitherspeciationor extinction) that endedthatedge—andthusareinherentlyul-



trametric. In all of our experimentswe modi�ed eachedgelength to deviate from
this restriction,by multiplying eachedgeby arandomnumberwithin arange[1=c;c],
wherewesetc, thedeviation factor, to be4.

3.2 Modelsof Evolution
We usetwo modelsof sequenceevolution: the Jukes-Cantor(JC) model14 andthe
the Kimura 2-Parameter+Gamma(K2P+Gamma)model15. In both models,a site
evolvesdown thetreeundertheMarkov assumption;in theJCmodel,all nucleotide
substitutions(that arenot the identity) areequally likely, so only oneparameteris
needed,whereasin theK2Pmodelsubstitutionsarepartitionedinto two classes(again
otherthanidentity): transitions, which substitutea purine(adenineor guanine)for a
purineor a pyrimidine (cytosineor thymidine)for a pyrimidine; andtransversions,
which substitutea purinefor a pyrimidine or vice versa.The K2P modelhasa pa-
rameterwhich indicatesthetransition/transversionratio. We setthis ratio to 2 in our
experiments.Undereithermodel,eachedgeof thetreeis assigneda value� (e), the
expectednumberof timesarandomsiteon this edgewill changeits nucleotide.

It is often assumedthat the sitesevolve identically and independently(i.i.d.)
down the tree. However, we canalso assumethat the siteshave different ratesof
evolution,drawn from aknown distribution. Onepopularassumptionis thattherates
aredrawn from agammadistributionwith shapeparameter� , which is theinverseof
thecoef�cient of variationof thesubstitutionrate.We use� = 1 for ourexperiments
underK2P+Gamma.

3.3 PhylogeneticReconstructionMethods
Neighbor Joining. Neighbor-Joining (NJ) 1 is one of the most populardistance-
basedmethods. NJ takesa distancematrix as input andoutputsa tree. For every
two taxa,it determinesa score,basedon thedistancematrix. At eachstep,thealgo-
rithm joins thepair with theminimum score,makinga subtreewhoseroot replaces
the two chosentaxain the matrix. The distancesarerecalculatedto this new node,
andthe“joining” is repeateduntil only threenodesremain.Thesearejoinedto form
anunrootedbinarytree.

WeightedNeighbor Joining. Weighbor16, like NJ, joins two taxain eachiteration;
thepairsof taxaarechosenbasedon a criterionthatembodiesa likelihoodfunction
on the distances,which aremodeledascorrelatedGaussianrandomvariableswith
different meansand variances,computedundera probabilisticmodel of sequence
evolution. Then,the “joining” is repeateduntil only threenodesremain. Theseare
joinedto form anunrootedbinarytree.

DCM-NJ+MP. TheDCM-NJ+MPmethodis avariantof aprovablyfast-converging
methodthathasperformedverywell in previousstudies17. In thesesimulationstud-
ies,DCM-NJ+MPoutperformed,in termsof topologicalaccuracy, boththeprovably
fastconverging DCM� -NJ (of which it is a variant)andNJ. We brie�y describethis



methodnow. Let dij bethedistancebetweentaxai andj .

� Phase1: For eachq 2 f dij g, computea binary treeTq, by using the Disk-
CoveringMethod3, followedby a heuristicfor re�ning theresultanttreeinto a
binarytree.Let T = f Tq : q 2 f dij gg.

� Phase2: Selectthetreefrom T whichoptimizestheparsimony criterion.

If we considerall
� n

2

�
thresholdsin Phase1, DCM-NJ+MP takesO(n6) time, but,

if we consideronly a �x ed numberp of thresholds,it takes O(pn4) time. In our
experiments,we consideredonly 10 thresholds,so that the runningtime of DCM-
NJ+MPis O(n4).

GreedyMaximum Parsimony. The maximumparsimony methodthat we usein
ourstudy(andthatwasusedby Bininda-Edmondsetal.13) is not,strictly speaking,a
parsimony search:for thesakeof speed,it usesnobranchswappingatall andsimply
addstaxato thetreeoneat a time following onerandomorderingof thetaxa.

3.4 Measuresof Accuracy
Sinceall the inferredtreesarebinary we usethe Robinson-Foulds(RF) distance18

which is de�ned asfollows. Every edgee in a leaf-labeledtreeT de�nes a biparti-
tion � e on theleaves(inducedby thedeletionof e), andhencethetreeT is uniquely
encodedby thesetC(T) = f � e : e 2 E(T)g, whereE(T) is thesetof all internal
edgesof T . If T is a modeltreeandT 0 is thetreeobtainedby a phylogeneticrecon-
structionmethod,thenthesetof FalsePositivesis C(T 0) � C(T) andthesetof False
Negativesis C(T) � C(T 0). The RF distanceis thenthe averageof the numberof
falsepositivesandthefalsenegatives.We plot theRF ratesin our �gures, which are
obtainedby normalizingtheRF distanceby thenumberof internaledgesin a fully
resolvedtreefor the instance.Thus,theRF ratevariesbetween0 and1 (or 0% and
100%).Ratesbelow 5%arequitegood,but ratesabove20%areunacceptablylarge.

4 Our Experiments
In orderto obtainstatisticallyrobustresults,we followedtheadviceof 19;20 andused
anumberof runs, eachcomposedof anumberof trials (atrial is asinglecomparison),
computedameanoutcomefor eachrun,andstudiedthemeanandstandarddeviation
of theseruns. We used20 runs in our experiments.The standarddeviation of the
meanoutcomesin our studiesvaried,dependingon thenumberof taxa: thestandard
deviationof themeanon10-taxontreesis 0.2(whichis 20%,sincethepossiblevalues
of theoutcomesrangefrom 0 to 1), on25-taxontreesis 0.1(which is 10%),whereas
on200and400-taxontreesthestandarddeviationrangedfrom 0.01to 0.04(which is
between1% and4%). We graphtheaverageof themeanoutcomesfor theruns,but
omit thestandarddeviation from the�gures.

We ran our studieson randombirth-deathtreesgeneratedusingthe r8s21 soft-
warepackage.Thesetreeshave diameter2 (height1); in orderto obtaintreeswith



otherdiameters,we multiplied theedgelengthsby factorsof 0.05,0.1,0.25and0.5,
producingtreeswith diametersof 0.1,0.2,0.5and1.0,respectively. To deviatethese
treesfrom ultrametricity, we setc, thedeviation factor, to 4 (seeSection3). There-
sultingtreeshavediametersatmost4 timestheoriginaldiameters,andhaveexpected
diametersof 0.2, 0.4, 1.0 and2.0. We generatedsuchrandommodeltreeswith 10,
25,50,100,200,and400leaves,20treesfor eachcombinationof diameterandnum-
berof taxa.We thenevolvedsequenceson thesetreesusingtwo modelsof evolution,
JC andK2P+Gamma(we chose� = 1 for the shapeparameterandset the transi-
tion/transversionratio to 2). We useda �x factor22 of 1 for distancecorrection.The
sequencelengthsthatwestudiedare50,100,250,500,1000and2000.

We usedtheprogramSeq-Gen 23 to generatea DNA sequencefor theroot and
evolve it throughthe treeunderthe JC andthe K2P+Gammamodelsof evolution.
Thesoftwarefor DCM-NJ waswritten by DanielHuson.We usedPAUP* 4.024 for
thegreedyMP method,andtheWeighbor1.2softwarepackage16.

Theexperimentswererun over a periodof threemonthson about300different
processors,all PentiumsrunningLinux, includingthe128-processorSCOUTcluster
at UT-Austin.

Togeneratethegraphsthatdepictthescalingof accuracy, welinearlyinterpolated
thesequencelengthsrequiredto achievecertainaccuracy levelsfor �x ednumbersof
taxa,andthen,usingthe interpolation,computedthesequencelength,asa function
of thenumberof taxa,thatarerequiredto achieve�x edspeci�c accuracy levels(ones
thatareof interest).

5 Resultsand Discussion

5.1 Speed

Becausewe arestudyingmethodsthatwill scaleto largedatasets(largenumbersof
taxaandlong sequences),speedis of prime importance.Table1 shows the running
time of our variousmethodson different instances.Note the very high speedand
nearlyperfectlinearscalingof GreedyParsimony. NJ is known to scalewith thecube
of thenumberof taxa; in our experiments,it scalesslightly betterthanthat. DCM-

Table1: Therunningtimesof NJ,DCM-NJ+MP, Weighbor, andGreedyMP (in seconds)for �x edsequence
length(500)anddiameter(0.4)

Taxa NJ DCM-NJ+MP Weighbor GreedyMP
10 0.01 1.82 0.03 0.01
25 0.02 9.12 0.37 0.02
50 0.06 21.3 3.56 0.05
100 0.37 64.25 44.93 0.10
200 2.6 470.31 352.48 0.25
400 20.13 5432.46 4077.81 0.73



NJ+MPscalesexactlyasNJ,but runsapproximately200timesmoreslowly. Finally,
Weighborscalessomewhatmorepoorly—the�gures in thetableindicatescalingthat
is supercubic. These�gures make it clear that most reasonabledatasets(up to a
few thousandtaxa)canbe processedby any of thesemethods—especiallywith the
helpof clustercomputing,but alsothatvery largedatasets(10,000taxaor more)will
provetoocostlyfor WeighborandperhapsalsoDCM-NJ+MP(at leastin theircurrent
implementations).

5.2 Sequence-LengthRequirements
We cansortourexperimentaldatain termsof accuracy and,for all datasetsonwhich
an accuracy thresholdis met, count, for each�x ed numberof taxa, the numberof
datasetswith a given sequencelength, therebyenablingus to plot the averagese-
quencelengthneededto guaranteea givenmaximalerror rate. We show suchplots
for two accuracy valuesin Figure1: 70%and85%.Largervaluesof accuracy cannot
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Figure1: SequencelengthrequirementsundertheK2P+Gammamodelasa functionof thenumberof taxa

beplottedreliably, sincethey arerarelyreachedunderour challengingexperimental
conditions.Thestriking featurein theseplots is thedifferencebetweenthe two NJ-
basedmethods(NJ andWeighbor)andthemethodsusingparsimony (DCM-NJ+MP
andGreedyParsimony): asthenumberof taxaincreases,the former requirelonger
andlongersequences,growing linearlyor worse,while thelatterexhibit only modest
growth. Thedivide-and-conquerstrategy of DCM-NJ+MPpaysoff by letting its NJ
componentwork only on signi�cantly smallersubsetsof taxa—effectively shifting
the graphto the left—andcompletingthe work with a method(parsimony) that is
evidently much lessdemandingin termsof sequencelengths. Note that the curves
aresteeperfor thehigheraccuracy requirement:astheaccuracy keepsincreasing,we
expectto seesupralinear, indeedpossiblyexponential,scaling.



5.3 Accuracy
We studiedaccuracy (in termsof theRFrate)asa functionof thenumberof taxa,the
sequencelength,andthediameterof themodeltree,varyingoneof theseparameters
at a time. Becauseaccuracy variesdrasticallyasa function of the sequencelength
andthenumberof taxa,theplotsgivenin thissectionhavedifferentverticalscales.

For �x edsequencelengthsand�x eddiameters,we �nd, unsurprisingly, that the
error rateof all methodsincreasesasthenumberof taxaincreases,althoughthe in-
creaseis very slow (seeFigures2 and 3, but note the logarithmic scalingon the
x-axis). WeighborindeedoutperformsNJ, but DCM-NJ+MPoutperformstheother
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Figure2: Accuracy asafunctionof thenumberof taxaundertheK2P+Gammamodelfor expecteddiameter
(0.4)andtwo sequencelengths

threemethods,especiallyfor larger trees—unlessthe sequencesare very short, in
whichcaseWeighbordominates.

If wevarysequencelengthfor a �x ednumberof taxaand�x edtreediameter, we
�nd that the error ratedecreasesexponentiallywith the sequencelength(Figure4).
Fromthis perspectiveaswell, DCM-NJ+MPdominatestheothermethods,moreob-
viously so for larger trees. Interestingly, NJ is the worst methodacrossalmostthe
entireparameterspace.

Finally, if we vary the diameter(which variesthe rateof evolution) for a �x ed
numberof taxa and a �x ed sequencelength, we �nd an initial increasein accu-
racy (dueto thedisappearanceof zero-lengthedges),followedby a de�nite decrease
(Figure5). The decreasein accuracy is steeperwith increasingdiameterthanwhat
we observed with increasingnumberof taxa—andcontinuallysteepens.(At larger
diameters—notshown, aswe approachsaturation,the error rateapproachesunity.)
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Figure 4: Accuracy as a function of the sequencelength under the K2P+Gammamodel for expected
diameter(2.0)andtwo numbersof taxa

Thedominanceof DCM-NJ+MPis onceagainevident.ComparingNJandWeighbor,
we canseethatNJ is actuallymarginally betterthanWeighborat low diameters,but
Weighborclearlydominatesit athigherdiameters—thetwo slopesarequitedistinct.
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Figure5: Accuracy asa functionof thediameterundertheK2P+Gammamodelfor �x edsequencelength
(500)andtwo numbersof taxa

5.4 TheIn�uenceof theModelof SequenceEvolution
We reportedall resultsso far undertheK2P+Gammamodelonly, dueto spacelim-
itations. However, we explored performanceunder the JC (Jukes-Cantor)model
aswell. The relative performanceof the methodswe studiedwas the sameunder
the JC model as underthe K2P+Gammamodel. However, throughoutthe experi-
ments,the error rate of the methodswas lower underthe JC model (using the JC
distance-correctionformulas)thanunderthe K2P+Gammamodelof evolution (us-
ing theK2P+Gammadistance-correctionformulas). This might beexpectedfor the
Weighbormethod,which is optimizedfor theJCmodel,but is notaseasilyexplained
for theothermethods.Figure6 shows the error rateof NJ on treesof diameter0.4
underthe two modelsof evolution. NJ clearly doesbetterundertheJC modelthan
underthe K2P+Gammamodel; othermethodsresult in similar curves. Correlating
thedecreasein performancewith speci�c featuresin themodelis achallenge,but the
resultsclearlyindicatethatexperimentationwith variousmodelsof evolution(beyond
thesimpleJCmodel)is animportantrequirementin any study.

6 Conclusion

In earlierstudieswe presentedtheDCM-NJ+MPmethodandshowedthat it outper-
formedtheNJ methodfor randomtreesdrawn from theuniform distribution on tree
topologiesandbranchlengthsaswell asfor treesdrawn from amorebiologically re-
alistic distribution, in which thetreesarebirth-deathtreeswith a moderatedeviation
from ultrametricity. Herewe have extendedour result to includethe Weighborand
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Figure6: Accuracy of NJ asa functionof thenumberof taxaunderJCandK2P+Gamma

GreedyParsimony methods.Our resultscon�rm thattheaccuracy of theNJ method
maysuffer signi�cantly on largedatasets.They alsoindicatethatGreedyParsimony,
while very fast,hasmediocreto poor accuracy, while WeighborandDCM-NJ+MP
consistentlyreturngoodtrees,with Weighbordoingbetteron shortersequencesand
DCM-NJ+MP doing betteron longersequences.Among interestingquestionsthat
ariseare: (i) is therea way to conducta partial parsimony searchthat scalesno
worsethanquadratically(andmight outperformDCM-NJ+MP)?(ii) would a DCM-
Weighbor+MPproveaworthwhiletradeoff? (iii) canwemakequantitativestatements
abouttheaccuracy achievableby any method(not just oneof thoseunderstudy)asa
functionof someof themodelparameters?
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