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Luay Nakhleh BernardM.E. Moret UsmanRoshan
Dept.of ComputerSciences Dept.of ComputerScience Dept.of ComputerSciences
University of Texas University of New Mexico University of Texas
Austin, TX 78712 Albuqueque NM 87131 Austin, TX 78712

KatherineSt. John JerrySun TandyWarnov
LehmanCollege and Dept.of ComputerSciences Dept.of ComputerSciences
TheGraduateCenter University of Texas University of Texas

City University of New York Austin, TX 78712 Austin, TX 78712

New York, NY 10468

Whole-genom@hylogeneticstudiesrequirevarioussourcef phylogenetisignalsto producean
accuratepictureof the evolutionaryhistory of a groupof genomes.n particulay sequence-based
reconstructiorwill play animportantrole, especiallyin resolvingmorerecentevents. But using
sequenceat the level of whole genomesneansworking with very large amountsof data—lage
numbersof sequences—awsell aslarge phylogeneticdistancesso that reconstructiormethods
mustbe both fastand robust aswell asaccurate.We study the accurag, corvergencerate,and
speedof several fastreconstructiormethods:neighbofjoining, Weighbor(a weightedversionof
neighbotjoining), greedyparsimony, andanew phylogenetigeconstructiomethocbasedndisk-
covering and parsimory search(DCM-NJ+MP). Our study usesextensve simulationsbasedon
randombirth-deathtrees,with controlleddeviations from ultrametricity We nd that Weighbor
thanksto its sophisticatethandlingof probabilities outperformsthermethoddor shortsequences,
while our nev methodis the bestchoicefor sequencéengthsabore 100. For very large sequence
lengths,all four methodshave similar accuray, sothatthe speedof neighbotjoining andgreedy
parsimory makesthemthetwo methodf choice.

1 Intr oduction

Most phylogenetiaeconstructiormethodsare designedo be usedon biomolecular
(i.e.,DNA, RNA, or amino-acid)sequencesVith the adwentof genemapsfor mary
organismsandcompletesequencefor smallergenomeswhole-genomepproaches
to phylogery reconstructiorarenow beinginvestigatedIn orderto produceaccurate
reconstruction$or largecollectionsof taxa,we will mostlikely needto combineboth
approaches—eadtmsdravbacksnot sharedby the other Becausavhole genomes
will yield large numbersof sequenceshe sequence-baseaaigorithmswill needto
beveryfastif they areto runwithin reasonabléime bounds.They will alsohaveto
accommodatdatasetshatincludevery distantpairsof taxa. Many of the sequence-
basedreconstructiormethodsusedby biologists (maximumlik elihood, parsimory
search,or quartetpuzzling) are very slov and unlikely to scaleup to the size of
datageneratedn whole-genomestudies. Fastermethodsexist (suchas the popu-
lar neighborjoining method) but mostsuffer from accurag problemsgspeciallyfor
datasetshatincludedistantpairs.



In this paper we examinein detail the performanceof four fastreconstruction
methodsone of which we recentlyproposed DCM-NJ+MP), andthreeothersthat
have beenusedfor atleasta few yearsby biologists(neighbo¥joining, Weighbor and
greedyparsimoly). We ran extensive simulationstudiesusing randombirth-death
trees(with deviationsfrom ultrametricity),usingaboutthreemonthsof computation
onnearly300processorto conductathoroughexplorationof arich parametespace.
We usedfour principal parametersmodel of evolution (Jukes-Cantorand Kimura
2-Parameter+Gammajree diameter(which indirectly capturesrate of evolution),
sequencdength, and numberof taxa. We nd that Weighbor (for small sequence
lengths)and our DCM-NJ+MP method(for longer sequencesare the methodsof
choice althougheachis considerablyslower thanthe othertwo methodsn our study
Ourdataalsoenablesisto reportonthe sequence-lengttequirement®f the various
methods—arnmportantconsiderationsincebiologicalsequenceareof x edlength.

2 Background

Methodsfor inferring phylogeniesare studied(both theoreticallyand empirically)
with respecto the topologicalaccurag of the inferredtrees. Suchstudiesevaluate
the effects of variousmodel conditions(such as the sequencdength, the ratesof
evolution onthetree,andthetree“shape”)onthe performancef the methods.

The sequence-lengtrequirementof a methodis the sequencéengthneedecdby
the methodin orderto reconstructhe true treetopologywith high probability. Ear
lier studiesestablisheanalyticalupperboundson the sequencéengthrequirements
of variousmethodg(including the popularneighborjoining* method).Thesestudies
shaved that standardmethods suchas neighborjoining, recover the true tree (with
high probability) from sequencesf lengthsthat are exponentialin the evolutionary
diameterof thetruetree. Baseduponthesestudieswe de ned a parameterizatioof
modeltreesin whichthelongestandshortesedgelengthsare x ed®?3, sothatthese-
guencdengthrequiremenbf a methodcanbe expresseasa function of the number
of taxa,n. This parameterizatiofed usto de ne fast-cowerging methodsmethods
thatrecover thetrue tree(with high probability) from sequencesf lengthsbounded
by a polynomialin n oncef andg, the minimum and maximumedgelengths,are
bounded. Several fast-cowerging methodswere developed* 7. We and others
analyzedthe sequencdength requirementof standardmethods,suchas neighbor
joining (NJ), underthe assumptionshatf andg are x ed. Thesestudie$*3 shoved
that neighborjoining and mary other methodscan recover the true tree with high
probabilitywhengivensequencesf lengthsboundedoy a functionthatgrows expo-
nentiallyin n.

We recentlyinitiated studieson a different parameterizatiorf the modeltree
spacewherewe x theevolutionarydiameterof the treeandlet the numberof taxa
vary®. Thisparameterizatiorsuggestetb usby J. Huelsenbeckallows usto examine



the differential performanceof methodswith respecto “taxon sampling” stratgies
10 In this case the shortesiedgescanbe arbitrarily short,forcing the methodto re-
quireunboundedlyong sequences orderto recovertheseshortesedgesHence the
sequence-lengtfequirement®f methodscannotbe bounded However, for anatural
classof modeltrees,which includesrandombirth-deathtrees,we canassumd =
(1 =n). In this caseevensimplepolynomial-timemethodscorvergeto thetruetree
from sequencewhoselengthsareboundedoy a polynomialin n. Furthermorethe
degreesof the polynomialsboundingthe corvergenceratesof neighborjoining and
the fast-cowerging methodsareidentical—the differ only with respecto the lead-
ing constantsThereforewith respecto this parameterizatiorthereis no signi cant
theoreticakdvantagebetweerstandardnethodsandthe fast-cowerging methods.

In a previous study® we evaluatedNJ and DCM-NJ+MP with respectto their
performanceon simulateddata,obtainedon randombirth-deathtreeswith bounded
deviationfrom ultrametricity We foundthatDCM-NJ+MPdominated\Jthroughout
the parametespacewe examinedandthat the differenceincreasedsthe deviation
from ultrametricityor the numberof taxaincreased.

In anunpublishedstudy Brunoetal.! compared\Veighborwith NJ andBioNJ
12 asafunctionof thelengthof the longestedgein thetruetree,usingrandombirth-
deathtreesof 50 taxa, deviatedfrom the molecularclock by multiplying eachedge
length by a randomnumberdrawn from an exponentialdistribution, and usingthe
Jukes-Cantol(JC) modelof evolution. They found that Weighboroutperformedhe
other methodsfor mediumto large valuesof the longestedge,but was inferior to
themfor smallvalues—anding we cancon rm only for largernumberof taxa. At
last year's PSB, Bininda-Edmondst al. 13 presentech study of GreedyParsimory
(which usesa singlerandomsequencef additionandno branchswapping)in which
they usedvery large randombirth-deathtrees(up to 10,000taxa),deviatedfrom the
molecularclock, andwith sequencesvolved underthe Kimura 2-paramete(K2P)
model. Unsurprisingly they foundthat scalingandaccurag areat odds: the lower
theaccurag level, thebetterthe sequencéengthscaling.

3 Basics
3.1 ModelTrees

The rst stepof every simulationstudyfor phylogeneticdeconstructioomethodss to
generatenodeltrees Sequencearethenevolveddownthesdreestheleafsequences
arefed to the reconstructiormethodsunderstudy andthe reconstructedreescom-
paredto the original modeltree.

In this paper we userandombirth-deathtreeswith n leavesasour underlying
distribution. Thesetreeshave a naturallengthassignedo eachedge—namelythe
time t betweerthe speciationeventthatbeganthatedgeandthe event (which could
be eitherspeciationor extinction) that endedthat edge—andhusareinherentlyul-



trametric. In all of our experimentswe modi ed eachedgelengthto deviate from
thisrestriction,by multiplying eachedgeby arandomnumbemwithin arange[1=c;c],
wherewe setc, thedeviation factor, to be 4.

3.2 Modelsof Evolution

We usetwo modelsof sequencevolution: the Jukes-Cantor(JC) model** andthe
the Kimura 2-Parameter+GammgK2P+Gamma)nodel'®. In both models,a site
evolvesdown the treeunderthe Markov assumptionin the JCmodel,all nucleotide
substitutiong(that are not the identity) are equallylikely, so only one parameteiis

neededwhereasn theK2P modelsubstitutionsarepartitionednto two classegagain
otherthanidentity): transitions which substitutea purine (adenineor guanine)for a
purineor a pyrimidine (cytosineor thymidine)for a pyrimidine; andtransvesions

which substitutea purinefor a pyrimidine or vice versa. The K2P modelhasa pa-
rametemwhich indicatesthe transition/transersionratio. We setthis ratio to 2 in our

experiments.Undereithermodel,eachedgeof thetreeis assigned value (e), the
expectednumberof timesarandomsite on this edgewill changéts nucleotide.

It is often assumedhat the sites evolve identically and independently(i.i.d.)
down the tree. However, we can also assumethat the siteshave differentratesof
evolution, drawvn from a known distribution. Onepopularassumptions thattherates
aredrawn from a gammadistribution with shapeparameter , whichis theinverseof
thecoefcient of variationof thesubstitutiorrate.We use = 1 for our experiments
underkK2P+Gamma.

3.3 PhylageneticReconstructiomMethods

Neighbor Joining. NeighborJoining (NJ)?! is one of the most popular distance-
basedmethods. NJ takes a distancematrix asinput and outputsa tree. For every

two taxa,it determines score basedon the distancematrix. At eachstep,thealgo-

rithm joins the pair with the minimum score,makinga subtreewhoseroot replaces
the two chosentaxain the matrix. The distancesarerecalculatedo this nev node,
andthe“joining” is repeatedintil only threenodesremain.Thesearejoinedto form

anunrootecdbinarytree.

Weighted Neighbor Joining. Weighbor*®, like NJ, joins two taxain eachiteration;
the pairsof taxaarechoserbasedon a criterionthatembodiesa likelihoodfunction
on the distanceswhich are modeledas correlatedGaussiarrandomvariableswith
different meansand variances,computedundera probabilistic model of sequence
evolution. Then,the*“joining” is repeatediuntil only threenodesremain. Theseare
joinedto form anunrootedbinarytree.

DCM-NJ+MP. TheDCM-NJ+MPmethodis avariantof a provablyfast-corerming
methodthathasperformedvery well in previousstudies”. In thesesimulationstud-
ies, DCM-NJ+MP outperformedin termsof topologicalaccurag, boththe provably
fastconverging DCM -NJ (of which it is avariant)andNJ. We brie y describethis



methodnow. Letd; bethedistancebetweertaxai andj.

Phasel: For eachq 2 fd; g, computea binary tree Ty, by usingthe Disk-
CoveringMethod®, followedby a heuristicfor re ning theresultantreeinto a
binarytree.LetT = fTq:q2 fdj go.

Phase2: Selectthetreefrom T which optimizesthe parsimoly criterion.

If we considerall g thresholdsn Phasel, DCM-NJ+MP takes O(n®) time, but,
if we consideronly a x ed numberp of thresholds,t takes O(pn#) time. In our
experiments we considerednly 10 thresholds so that the runningtime of DCM-
NJ+MPis O(n%).

Greedy Maximum Parsimony. The maximum parsimoly methodthat we usein
our study(andthatwasusedby Bininda-Edmondgtal.'?) is not, strictly speakinga
parsimoly searchfor the sale of speedijt usesno branchswappingatall andsimply
addstaxato thetreeoneat a time following onerandomorderingof the taxa.

3.4 Measuesof Accuracy

Sinceall the inferredtreesare binary we usethe Robinson-Bulds (RF) distance®

whichis de ned asfollows. Every edgee in a leaf-labeledree T de nes a biparti-
tion ¢ ontheleaves(inducedby thedeletionof €), andhencethetreeT is uniquely
encodedby thesetC(T) = f o : e2 E(T)g, whereE(T) is the setof all internal
edgesof T. If T is amodeltreeandT %is thetreeobtainedby a phylogenetiaecon-
structionmethod thenthe setof FalsePositivesis C(T9 C(T) andthesetof False
Negativesis C(T) C(T9. TheRF distanceis thenthe averageof the numberof
falsepositvesandthe falsenegatives. We plot the RF ratesin our gures, which are
obtainedby normalizingthe RF distanceby the numberof internaledgesn a fully

resoledtreefor the instance.Thus,the RF ratevariesbetweern0 and1 (or 0% and
100%). Rateshelow 5% arequite good,but ratesabove 20%areunacceptablyarge.

4 Our Experiments

In orderto obtainstatisticallyrobustresults we followedthe adviceof *%2° andused
anumberof runs eachcomposeaf anumberof trials (atrial is asinglecomparison),
computeca meanoutcomefor eachrun, andstudiedthe meanandstandardieviation
of theseruns. We used20 runsin our experiments. The standarddeviation of the
meanoutcomesn our studiesvaried,dependingon the numberof taxa: the standard
deviationof themeanon 10-taxortreess 0.2 (whichis 20%,sincethepossiblevalues
of theoutcomegangefrom 0 to 1), on 25-taxontreesis 0.1 (which is 10%),whereas
on 200and400-taxontreesthe standardieviation rangedrrom 0.01to 0.04(whichis
betweenl% and4%). We graphthe averageof the meanoutcomedor the runs, but
omit the standarddeviation from the gures.

We ran our studieson randombirth-deathtreesgeneratedisingthe r8s?! soft-
ware package.Thesetreeshave diameter2 (height1); in orderto obtaintreeswith



otherdiametersyve multiplied the edgelengthsby factorsof 0.05,0.1,0.25and0.5,
producingtreeswith diameterof 0.1,0.2,0.5and1.0,respectiely. To deviatethese
treesfrom ultrametricity we setc, the deviation factor, to 4 (seeSection3). There-
sultingtreeshave diameterat most4 timestheoriginal diametersandhave expected
diametersof 0.2,0.4,1.0and2.0. We generatedsuchrandommodeltreeswith 10,
25,50,100,200,and400leaves,20treesfor eachcombinatiorof diameterandnum-
ber of taxa.\e thenevolved sequenceen thesetreesusingtwo modelsof evolution,
JCandK2P+Gammagwe chose = 1 for the shapeparameteiand setthe transi-
tion/trans\ersionratio to 2). We useda x factof? of 1 for distancecorrection. The
sequencéengthsthatwe studiedare50, 100,250,500,1000and2000.

We usedthe programSeg-Gen 22 to generatea DNA sequencéor therootand
evolve it throughthe tree underthe JC and the K2P+Gammamodelsof evolution.
The softwarefor DCM-NJ waswritten by Daniel Huson. We usedPAUP* 4.0%* for
the greedyMP method,andthe Weighborl.2 softwarepackagé®.

The experimentswererun over a periodof threemonthson about300 different
processorsall PentiumsunningLinux, includingthe 128-processa8COUT cluster
atUT-Austin.

To generate¢hegraphghatdepictthescalingof accurag, welinearlyinterpolated
the sequencéengthsrequiredto achieve certainaccurag levelsfor x ednumbersof
taxa,andthen,usingthe interpolation,computedthe sequencéength,asa function
of thenumberof taxa,thatarerequiredto achieze x edspeci c accurag levels(ones
thatareof interest).

5 Resultsand Discussion

5.1 Speed

Becausewe arestudyingmethodsthatwill scaleto large datasetglarge numbersof
taxaandlong sequences)ipeeds of primeimportance.Table 1 showvs the running
time of our variousmethodson differentinstances.Note the very high speedand
nearlyperfectlinearscalingof GreedyParsimoty. NJis known to scalewith thecube
of the numberof taxa;in our experimentsjt scalesslightly betterthanthat. DCM-

Tablel: Therunningtimesof NJ,DCM-NJ+MPR WeighborandGreedyMP (in secondsjor 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+MPscalesexactly asNJ, but runsapproximatel\200timesmoreslowly. Finally,
Weighborscalessomavhatmorepoorly—the gures in thetableindicatescalingthat
is supercubic. These gures make it clearthat mostreasonablalatasetqup to a
few thousandaxa)canbe processedy ary of thesemethods—especiallwith the
helpof clustercomputing but alsothatverylargedataset$10,000taxaor more)will
provetoo costlyfor WeighborandperhapsalsoDCM-NJ+MP(atleastin their current
implementations).

5.2 Sequence-LengtRequiements

We cansortour experimentaldatain termsof accurag and,for all dataset®nwhich
an accurag thresholdis met, count, for each x ed numberof taxa, the numberof
datasetswith a given sequencéength, therebyenablingus to plot the averagese-
guencelengthneededo guaranteea given maximalerror rate. We shav suchplots
for two accurag valuesin Figurel: 70%and85%. Largervaluesof accurag cannot
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Figurel: Sequencéengthrequirementsinderthe K2P+Gammanodelasa functionof thenumberof taxa

be plottedreliably, sincethey arerarelyreachedunderour challengingexperimental
conditions. The striking featurein theseplotsis the differencebetweerthe two NJ-

basedmethodgNJ andWeighbor)andthe methodausingparsimoly (DCM-NJ+MP

and GreedyParsimoty): asthe numberof taxaincreasesthe formerrequirelonger
andlongersequencegrowing linearly or worse while thelatterexhibit only modest
growth. The divide-and-conquestratgy of DCM-NJ+MP paysoff by letting its NJ

componentwvork only on signi cantly smallersubsetsof taxa—efectively shifting

the graphto the left—and completingthe work with a method(parsimoly) thatis

evidently muchlessdemandingn termsof sequencdengths. Note that the curves
aresteepefor thehigheraccurag requirementastheaccurag keepsncreasingwe

expectto seesupralinearindeedpossiblyexponential scaling.



5.3 Accuracy

We studiedaccurag (in termsof the RF rate)asa functionof the numberof taxa,the
sequencéength,andthe diameterof the modeltree,varyingoneof theseparameters
at atime. Becauseaccuray variesdrasticallyasa function of the sequencéength
andthe numberof taxa,the plotsgivenin this sectionhave differentverticalscales.
For x edsequencéengthsand x eddiameterswe nd, unsurprisinglythatthe
error rateof all methodsncreasessthe numberof taxaincreasesalthoughthe in-
creaseis very slow (seeFigures2 and 3, but note the logarithmic scalingon the
x-axis). WeighborindeedoutperformsaNJ, but DCM-NJ+MP outperformsthe other
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Figure2: Accuray asafunctionof thenumberof taxaundertheK2P+Gammanodelfor expecteddiameter
(0.4) andtwo sequencéengths

threemethods,especiallyfor larger trees—unlesshe sequencesre very short, in
which caseWeighbordominates.

If we vary sequencéengthfor a x ednumberof taxaand x edtreediameteywe

nd thatthe errorratedecreasesxponentiallywith the sequencdength (Figure4).
Fromthis perspectie aswell, DCM-NJ+MP dominateghe othermethodsmoreob-
viously so for largertrees. Interestingly NJ is the worst methodacrossalmostthe
entireparametespace.

Finally, if we vary the diameter(which variesthe rate of evolution) for a x ed
numberof taxaand a x ed sequencdength, we nd an initial increasein accu-
ragy (dueto thedisappearancef zero-lengthedges)followedby a de nite decrease
(Figureb). The decreasén accurag is steepemith increasingdiameterthanwhat
we obsened with increasingnumberof taxa—andcontinually steepens (At larger
diameters—noshavn, aswe approachsaturation the error rate approachesinity.)
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Figure3: Accuray asafunctionof thenumberof taxaundertheK2P+Gammanodelfor expecteddiameter
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Figure 4: Accuray as a function of the sequencdength underthe K2P+Gammamodel for expected
diameter(2.0) andtwo numberf taxa

Thedominanceof DCM-NJ+MPis onceagainevident. ComparingNJandWeighbor
we canseethatNJis actuallymaiginally betterthanWeighborat low diametersput
Weighborclearlydominatest at higherdiameters—théwo slopesarequitedistinct.
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5.4 Theln uence of the Model of Sequenc&volution

We reportedall resultsso far underthe K2P+Gammamodelonly, dueto spacdim-

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 (usingthe JC
distance-correctioformulas)than underthe K2P+Gammamodel of evolution (us-
ing the K2P+Gammalistance-correctioformulas). This might be expectedfor the
Weighbormethod whichis optimizedfor the JCmodel,but is notaseasilyexplained
for the othermethods.Figure 6 shaws the errorrate of NJ on treesof diameter0.4
underthe two modelsof evolution. NJ clearly doesbetterunderthe JC modelthan
underthe K2P+Gammamodel; other methodsresultin similar curves. Correlating
thedecreasén performancevith speci ¢ featuresn themodelis a challengeput the
resultsclearlyindicatethatexperimentatiorwith variousmodelsof evolution (beyond
thesimpleJC model)is animportantrequirementn ary study

6 Conclusion

In earlierstudieswe presentedhe DCM-NJ+MP methodandshavedthatit outper
formedthe NJ methodfor randomtreesdravn from the uniform distribution on tree
topologiesandbranchlengthsaswell asfor treesdravn from amorebiologically re-
alistic distribution, in which the treesarebirth-deathtreeswith a moderatedeviation
from ultrametricity Herewe have extendedour resultto include the Weighborand
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GreedyParsimory methods.Our resultscon rm thatthe accurag of the NJ method
may suffer signi cantly on largedatasetsThey alsoindicatethat GreedyParsimoly,
while very fast,hasmediocreto poor accurag, while Weighborand DCM-NJ+MP
consistentlyreturngoodtrees,with Weighbordoing betteron shortersequenceand
DCM-NJ+MP doing betteron longer sequencesAmong interestingquestionghat
ariseare: (i) is therea way to conducta partial parsimory searchthat scalesno
worsethanquadratically(andmight outperformDCM-NJ+MP)?(ii) would a DCM-
Weighbor+MPprove aworthwhiletradeof? (iii) canwe make quantitatve statements
abouttheaccurag achievableby any method(not just oneof thoseunderstudy)asa
functionof someof the modelparameters?
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