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Abstract. We studythe sequencdengthsrequiredby neighbofjoining, greedy
parsimory, and a phylogeneticreconstructiormethod(DCMyj MP) basedon
disk-covering andthe maximumparsimony criterion. We useextensie simula-
tions basedon randombirth-deathtrees,with controlleddeviations from ultra-
metricity, to collectdataon the scalingof sequence-lengttequirementsor each
of the threemethodsasa function of the numberof taxa, the rate of evolution
on the tree, and the deviation from ultrametricity Our experimentsshov that
DCMyy MP hasconsistentljfower sequence-lengttequirementshantheother
two methodswhentreesof high topologicalaccurag are desired,althoughall
methodsrequiremuchlonger sequenceasthe deviation from ultrametricity or
theheightof thetreegrows. Our studyhassigni cant implicationsfor large-scale
phylogeneticreconstructionwhere sequence-lengthequirementsare a crucial
factor), but alsofor future performanceanalysesn phylogeneticqsincedevia-
tionsfrom ultrametricityareproving pivotal).

1 Intr oduction

The inferenceof phylogenetidreesis basicto mary researctproblemsin bi-
ology andis assumingmore importanceas the usefulnesf an evolutionary
perspectie is becomingmorewidely understood.

Theinferenceof very large phylogenetidrees suchasmight be neededor
anattemptonthe“Treeof Life,” is abig computationathallengelndeed such
large-scalephylogeneticanalysisis currentlybeyond our reach:the mostpop-
ular andaccurateapproachearebasedon hardoptimizationproblemssuchas
maximumparsimory and maximumlikelihood.Even heuristicsfor theseopti-
mization problemssometimegake weeksto nd local optima;somedatasets
have beenanalyzedor yearswithoutade nite globaloptimumbeingfound.

Polynomial-timemethodsvould seento offer areasonablalternatve, since
they canberunto completionevenon large datasetsRecentsimulationstudies
have examinedthe performancef fastmethodgspeci cally, thedistance-based
methodneighbo#joining [21] anda simple greedyheuristicfor the maximum
parsimory problem)andhave shavn that both methodsmight performrather
well (with respecto topologicalaccurag), evenonvery large modeltrees.



Thesestudieshavefocusedntreesof low diametethatalsoobey thestrong
molecularclock hypothesigsothatthe expectechumberof evolutionaryevents
is roughly proportionalto time). Our study seeksto determinewhetherthese,
andother polynomial-timemethodgeally do scalewell with increasinghum-
ber of taxaundermoredif cult conditions—wherthe modeltreeshave large
diametersanddo not obey the molecularclock hypothesis.

Our paperis organizedasfollows. In Section2 we review earlier studies
andtheissueghey addressedn Section3, we de ne ourtermsandpresenthe
basicconceptsin Sectiond we outlineour experimentabdesignandin Sectionb
wereporttheresultsof our experimentsWe concludewith someremarksonthe
implicationsof ourwork.

2 Background

The sequence-lengtrequittmentof a methodis the sequencdengththat this
methodneedsn orderto reconstructhetruetreetopologywith high probabil-
ity. Earlier studiesestablishedinalyticalupperboundson the sequence-length
requirement®f variousmethodsjncluding the popularneighborjoining (NJ)
[21] method.Thesestudiesshaved that standardnethodssuchasNJ, recover
thetruetreewith high probability from sequencesf lengthsthatareexponen-
tial in the evolutionarydiameterof the true tree.Baseduponthesestudieswe
de ned aparameterizationof modeltreesin whichthelongestandshortestdge
lengthsare x ed[6, 7], sothatthesequence-lengttequiremenof amethodcan
be expressedisa function of the numbey n, of taxa.This parameterizatiofed
us to de ne fast-coneming methodsmethodsthat recover the true tree with
high probabilityfrom sequencesf lengthsboundedy a polynomialin n once
f andg, the minimum and maximumedgelengths,are bounded Several fast-
corverging methodsveresubsequentlgeveloped[4, 5, 11, 24]. We andothers
analyzedthe sequence-lengthequirementf standardmethods,suchasNJ,
undertheassumptionshat f andg are x ed. Thesestudies[1, 7] shaved that
NJandmary othermethodsanrecover thetruetreewith high probabilitywhen
givensequencesf lengthsbhoundedy afunctionthatgrows exponentiallyin n.
Wethenperformedstudieson adifferentparameterizationf themodeltree
spacewherewe x edtheevolutionarydiameterof thetreeandlet the number
of taxavary [17]. This parameterizationsuggestedo us by J. Huelsenbeck,
allowed us to examinethe differentialperformancenf methodswith respecto
“taxon-sampling’stratgies[10]. In thesestudieswe evaluatedheperformance
of NJandDCMy; MP on simulateddata,obtainedfrom randombirth-death
treeswith boundeddeviation from ultrametricity We found thatDCMy; MP
consistentlydominated\J throughoutthe parametespacewe alsofound that



the differencein performancéncreasedsthe numberof taxaincreasedr the
evolutionaryrateincreased.

In previous studies[15] we had studiedthe sequence-lengtrequirements
for NJ, Weighbor[3], GreedyMP, andDCMy; MP asa function of the num-
bersof taxa,with x edheightanddeviation. We hadfoundthatDCMy3; MP
requiresshortersequencethantheotherfour methodsvhentreesof hightopo-
logical accurag aredesired However, we haduseddataset®f modestizeand
had not exploreda very large rangeof evolutionaryratesanddeviationsfrom
ultrametricity In this paperwe remedythesdimitations.

3 Basics

3.1 Simulation study

Simulationstudiesarethe standardechniqueusedn phylogenetigerformance
studies[9, 10, 14]. In a simulationstudy a DNA sequencet the root of the
modeltreeis evolved dowvn the tree undersomeassumedtochastianodel of
evolution. This procesggenerates setof sequenceat the leaves of the tree.
Thesequencearethengivento phylogenetiageconstructiommethodswith each
methodproducinga tree for the set of sequencesThesereconstructedrees
arethencomparecdhgainsthe modeltreefor topologicalaccurag. Theprocess
is repeatedmary timesin orderto obtaina statisticallysigni cant testof the
performancef the methodsundertheseconditions.

3.2 Model trees

We usedrandombirth-deathtreesasmodeltreesfor ourexperimentsThey were
generatedisingtheprogramr8s[22], wherewe speci edtheoptionto generate
birth-deathtreesusinga backward Yule (coalescentprocesavith waiting times
taken from an exponentialdistribution. An edgee in a tree generatedy this
procesdaslengthl ¢, avaluethatindicatesheexpectechumberof timesaran-
dom site change®n the edge.Treesproducedoy this processareby construc-
tion ultrametric(thatis, the pathlengthfrom theroot to eachleaf is identical).
Furthermorearandomsiteis expectedo changeonceon ary root-to-leafpath;
thatis, the (evolutionary)heightof thetreeis 1.

In our experimentswe scalethe edgelengthsof the treesto give differ-
entheights.To scalethe treeto heighth, we multiply the lengthof eachedge
of T by h. We also modify the edgelengthsas follows in orderto deviate
the treeaway from ultrametricity First we pick a deviation factor c; then,for
eachedgee T, we choosea numbery X, uniformly at randomfrom the in-
tenal Ig c Ig ¢ . We then multiply the branchlengthl ¢ by €. For de-
viation factor c, the expecteddeviationis ¢ 1 ¢ 2Inc, with a varianceof



c? C—12 2c¢ i dinc. Forinstancefor an expecteddeviation of 1 36,

the standarddeviation hastheratherhigh valueof 1 01.

3.3 DNA sequenceevolution

We conductedour experimentsunderthe Kimura 2-parametef13] + Gamma
[25] modelof DNA sequencevolution, oneof thestandardnodelsfor studying
the performanceof phylogeneticreconstructiormethods.n this modela site
evolvesdown thetreeundertheMarkov assumptiorandall sitesubstitutionsare
partitionedinto two classestransitions which substitutea purinefor a purine;
andtransvesions which substitutea pyrimidine for a pyrimidine. This model
hasa parameteto indicatethetransition/transerson ratio; in our experiments,
we setit to 2 (the standardsetting).

We assumethat the siteshave different ratesof evolution dravn from a
known distribution. In our experimentswe use the gammadistribution with
shapeparametema (which we setto 1, the standardsetting),which is the in-
verseof thecoefcient of variationof the substitutiorrate.

3.4 Measuresof accuracy

Sincethe treesreturnedby eachof the three methodsare binary we usethe
Robinson-Bulds (RF) distanceg20], which is de ned asfollows. Every edgee
in aleaf-labeledree T de nes a bipartition, pe, of the leaves (inducedby the
deletionof €); thetreeT is uniquelyencodedythesetC T pPpe:e ET ,
whereE T isthesetof all internaledgesof T. If T is amodeltreeandT is
thetreeobtainedby a phylogenetiadeconstructioomethod thenthe setof False
PositivesisC T  C T andthesetof FalseNgativesisCT C T .The
RF distancds thenthe averageof the numberof falsepositvesandthe number
of falsenegatives. We plot the RF ratesin our gures, which are obtainedby
dividing theRF distanceby n 3, the numberof internaledgesn abinarytree
onn leaves.Thusthe RF ratevariesbetweerD and1 (or 0% and100%).Rates
belonv 5% are quite good, while ratesabove 25% are unacceptablyarge. We
focusourattentionon the sequencéengthsneededo getatleast75%accurag.

3.5 Phylogeneticreconstructionmethods

Neighbor-Joining NeighborJoining(NJ)[21] is oneof themostpopularpoly-
nomial time distance-basethethods[23]. The basictechniqueis asfollows:
rst, a matrix of estimateddistancesdetweenevery pair of sequencess com-
puted.(This stepis standardizedor eachmodelof evolution, andtakesO kn?
time, wherek is the sequencéengthandn thenumberof taxa.) TheNJmethod



thenusesa type of agglomeratie clusteringto constructa tree from this ma-
trix of distancesThe NJ methodis provably statisticallyconsistenindermost
modelsof evolution examinedin the phylogeneticditerature,andin particular
underthe K2P modelthatwe use.

GreedyMaximum Parsimony Maximum Parsimoly is anNP-hardoptimiza-
tion problemfor phylogenetictree reconstructior[8]. Given a setof aligned
sequenceéin our case, DNA sequences}he objectie is to reconstruct tree
with leaveslabelledby theinput sequenceandinternalnodedabelledby other
sequencesoasto minimizethetotal “length” of thetree.This lengthis calcu-
lated by summingup the Hammingdistanceson the edges Although the MP
problemis NP-hard,mary effective heuristic§mostbasecon iterative local re-
nement) areofferedin popularsoftware packageskarlierstudieq19, 2] have
suggestethatavery simplegreedyheuristicfor MP might produceasaccurate
areconstructedree asthe bestpolynomial-timemethods Our studyteststhis
hypothesisy explicitly looking at this greedyheuristic. The greedyheuristic
beginsby randomlyshufing thesequenceandbuilding anoptimaltreeonthe
rst four sequence€achsuccessie sequencés insertedinto the currenttree,
soasto minimizethetotal lengthof theresulting,largertree. This methodtakes
O kn? time,since nding thebestplaceto insertthenext sequenceakesO kn
time,wherek is the sequencéengthandn is the numberof taxa.

DCMpy; MP The DCMy; MP methodwas developedby us in a seriesof
paperq16]. In our previous simulationstudiesDCMy; MP outperformedin
termsof topologicalaccurag, bothDCM,; (a provably fast-comneming method
of which DCMy; MP is avariant)andNJ. Let dj; representhe distancebe-
tweentaxai and j; DCMyy MP operatesn two phases.

— Phasel: For eachchoiceof thresholdg  djj , computea binarytreeTy,
by usingthe Disk-Covering Methodfrom [11], followed by a heuristicfor
re ning theresultantireeinto a binarytree.Let T Tq:q dj .(For
detailsof Phasd, thereadelris referredto [11].)

— Phase2: Selectthe treefrom T that optimizesthe maximumparsimory
criterion.

If we considerall 2 valuesfor thethresholdq in Phasel, thenDCMy; MP

takesO n® time; however, if we considemnly a x ednumberp of thresholds,
it only takes O pr* time. In our experimentswe usep 10 (andp 5 for

800taxa),sothatthe runningtime of DCMyj; MPis O n* . Experimentgnot
shavn here)indicatethat choosing10 thresholdsdoesnot reducethe perfor

manceof the methodsigni cantly (in termsof topologicalaccurag).



4 Experimental Design

We exploreabroadportionof theparametespacen orderto understanthefac-
torsthataffect topologicalaccurag of the threereconstructiormethodsunder
study In particular we areinterestedn thetypeof datasetshatmightbeneeded
in orderto attemptlarge-scalephylogenetianalyseshat spandistantlyrelated
taxa,aswill be neededor the “Treeof Life.” Suchdatasetwill have large
heightsandlarge numbersof taxa. Thereforewe have createdrandommodel
treeswith heightsthatvary from quite small (0 05) to quitelarge (upto 4), and
with a numberof taxarangingfrom 100to 800. We have alsoexploredthe ef-
fect of deviationsfrom the molecularclock, by usingmodeltreesthatobey the
molecularclock (expecteddeviation 1) aswell asmodeltreeswith signi cant
violationsof themolecularclock (expecteddeviation 2 87).In orderto keepthe
experimenttractable we limited our analysisto dataset$n whichthe sequence
lengthsareboundedby 16,000;this hasthe additionalbene t of not exceeding
by too muchwhatwe might expectto have availablein a phylogenetianalysis
in the comingyears.In contrastthe treesin [2] have smallerheights(up to a
maximumof 0 5) andsmallerexpecteddeviationswith lessvariance(their ac-
tual deviation is truncatedf it exceedsa presetvalue),providing muchmilder
experimentalconditionsthanours. The treesstudiedin [19] areeven simpler
beingultrametric(no deviation from molecularclock) with avery smallheight
of 0 15.

For the two distance-basethethods(NJ andDCMy; MP), we computed
evolutionary distancesappropriatelyfor the K2P+gammamodelwith our set-
tings for a and the transition/transersion ratio. Becausewe explore perfor
manceon datasetsvith high ratesof evolution, we hadto handlecasesn which
thestandardlistancecorrectioncannotbeappliedbecausef saturationln such
acasewe usedthetechniquedevelopedin [12], called” x-f actorl:” distances
thatcannotbe setusingthedistance-correctioformulaaresimply assignedhe
largestcorrecteddistancen the matrix.

We usedseqgeri18] to generatehesequencesandPAUP* 4.0to construct
GreedyMP treesasdescribedThe softwarefor the basicDCMy; waswritten
by D. Huson.We generatedhe rest of the software (a combinationof C++
programsandPerlscripts)explicitly for thesesxperimentsForjob management
acrosgheclusterandpubliclaboratorymachineswe usedthe Condorsoftware
package.

5 Experimental results

We presenia cross-sectiomf our resultsin threemajor categyories.All address
thesequencéengthsrequiredoy eachreconstructiomethodio reachprescribed



levels of topologicalaccurag on at least80% of the reconstructedreesas
a function of threemajor parametersnamelythe deviation from ultrametric-
ity, the heightof the tree,andthe numberof taxa.We computethe sequence-
lengthrequirementgo achieve a given accurag asfollows. For eachmethod
andeachcollectionof parametevalues(numberof taxa,height,anddeviation),
we perform40 runsto obtain40 FN ratesat eachsequencéengthof the input
datasetWe thenuselinear interpolationon eachof the 40 curvesof FN rates
vs. sequencéengthto derive the sequence-lengtfequirementt a givenaccu-
ragy level. (Somecurves may not reachthe desiredaccurag level even with
sequencesf length 16,000,in which casewe excludethoseruns.) We then
averagethe computedsequencéengthsto obtainthe averagesequence-length
requirementt the given settings Pointsnot plottedin our curvesindicatethat
lessthan 80% of the treesreturnedby the methoddid not have the required
topologicalaccurag evenat 16000characters.

In all casegherelative requirement®f the threemethodgollow the same
ordering:DCMyy MP requiresthe least,followed by NJ, with greedyMP a
distantthird. However, eventhe bestof the three,DCMy3; MP, demonstrates
a very sharp,exponentialrise in its requirementsasthe deviation from ultra-
metricity increases—anthe worst of the three,GreedyMP, cannotbe usedat
all with a deviation larger than 1 or with a heightlarger than 0 5. Similarly
sharprisesarealsoevidentwhenthe sequence-lengtrequirementsreplotted
asafunction of the heightof thetrees.(In contrastjncreasesn the numberof
taxacauseonly mild increasedn the sequencéengthrequirementsevensome
decreasem the caseof thegreedyMP method.)

5.1 Requirementsasa function of deviation

Figurel shaws plots of the sequence-lengtrequirementsf thethreemethods
for variouslevelsof accurag asafunctionof thedeviation. Most notableis the
very sharpandfastrise in the requirement®f all threemethodsasthe devi-
ation from ultrametricityincreasesThe greedyMP approachsuffers so much
from suchincreaseghat we could not obtain even 80% accurag at expected
deviationslarger than1 36. DCMy3 MP shaws the bestbehaior amongthe
threemethods,even thoughit requiresunrealisticallylong sequencessignif-
icantly longerthan 16,000charactersat high levels of accurag for expected
deviationsabove 2.

5.2 Requirementsasa function of height

Figure2 parallelsFigurel in all respectshut thistime the variableis the height
of the tree,with the expecteddeviation beingheldto a mild 1 36. Therisesin
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sequence-lengtlequirementsre not quite as sharpasthoseobsered in Fig-

urel, butremainsesereenougithataccuray levelsbeyond85%arenotachie/-

able for expecteddeviations abore 2. Onceagain,the bestmethodis clearly
DCMy; MP andgreedyMP is clearlyinadequateFigure3 repeatshe exper

imentwith alarger expecteddeviation of 2 02. At this deviation value,greedy
MP cannotguarante€30% accurag evenwith stringsof length 16,000,sothe
plots only shav curvesfor NJandDCMy; MP, the latteragainproving best.
But notethattheriseis now sharpercomparabldo thatof Figurel. Takento-

gethey thesetwo gures suggesthatthe productof heightanddeviation is a
very strongpredictorof sequence-lengthequirementsandthat theserequire-
mentsgrov exponentiallyas a function of that product. The numberof taxa
doesnot play a signi cant role, although,for the larger height, we note that
increasingthe numberof taxadecreasesequence-lengttequirements—ée-
havior thatwe attribute to the gradualdisappearancef long tree edgesunder
thein uence of bettertaxonsampling.

5.3 Requirementsasa function of the number of taxa

Figure4 shavsthesequence-lengtlequirementssafunctionof thenumberof
taxaoverasigni cant range(up to 800taxa)atfour differentlevels of accurag
for ourthreemethodsThetreeheighthereis quitesmallandthedeviationmod-
est,sothatthe threemethodsplaceonly modestdemandsn sequencdength
for all but the highestlevel of accurag. (Notethatparts(a) and(b) of the gure
usea differentvertical scalefrom that usedin parts(c) and(d).) At high ac-
curay (90%), NJ shaws distinctly worsebehaior thanthe othertwo methods,
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with nearlytwice the sequence-lengtlequirementsFigure 5 focuseson just
the greedyMP methodfor treeswith larger height.On suchtrees,initial length
requirementarequite high evenat 80%accuray, but they clearlydeceaseas
the numberof taxaincreasesThis curiousbehaior canbe explainedby taxon
sampling:aswe increasethe numberof taxafor a x edtree heightand devi-

ation, we decreasehe expected(andthe maximum)edgelengthin the model
tree.Breakingup long edgesn this manneravoids oneof theknown pitfalls for

MP: its sensitvity to the simultaneoupresencef bothshortandlong edges.

Figure6 givesadifferentview on our data.lt shovs how DCMy; MP and
NJ areaffectedby thenumberof taxaaswell asby the heightof themodeltree.
Note thatthe curvesarenot stacled in orderof treeheightsbecausd-igures2
and 3 shawv that the sequence-lengtlequirementsilecreasdrom height 0 05
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to 0 25 andthen startto increasegradually The juxtapositionof the graphs
clearlydemonstratéhe superiorityof DCMy; MP over NJ: the curvesfor the
formerarebothlower and atter thanthosefor thelatter—thatis, DCMy; MP

canattainthe sameaccurag with signi cantly shortersequencethandoesNJ

andthe growth ratein the length of the requiredsequencess ngjligible for

DCMy; MP whereast is clearlyvisible for NJ.

6 Conclusionsand Future Work

6.1 Summary

We have exploredthe performanceof threepolynomial-timephylogeneticre-
constructiormethodsof whichtwo (greedymaximumparsimony andneighbor
joining) arewell known andwidely used.In contrasto earlierstudieswe have
found thatneighbotjoining andgreedymaximumparsimon have very differ-
entperformancen large treesandthatboth suffer substantiallyin the presence
of signi cant deviationsfrom ultrametricity The third method,DCMy; MP,
alsosuffers whenthe modeltreedeviatessigni cantly from ultrametricity but
it is signi cantly more robust than either NJ or greedyMP. Indeed,for large
trees(containingmorethan100taxa)with large evolutionarydiametergwhere
asitechangesnorethanonceacrosghetree),evensmalldeviationsfrom ultra-
metricity canbe catastrophidor greedyMP anddif cult for NJ.

Several inferencescan be drawvn from our data.First, it is clearly not the
casethatgreedyMP andNJ are equivalent: while they bothrespondpoorly to
increasingheightsanddeviationsfrom ultrametricity greedyMP hasmuchthe
worsereaction.Secondlyneitherof themhasgoodperformancen large trees
with high diameters—bothequiremorecharacterglongersequenceghanare
likely to be easily obtained.Finally, the never method,DCMy; MP, clearly
outperformsboth othersanddoessoby a signi cant magin on large treeswith
high ratesof evolution.

6.2 Futurework

A naturalquestionis whethera better albeit slowver, heuristicfor maximum
parsimoly might demonstratdetterbehaior. Otherpolynomial-timemethods
couldalsobe exploredin this sameexperimentalsetting,andsomemight out-
performour nev methodDCMy; MP. Maximum-likelihood methods while
typically slower, shouldalsobecomparedo themaximum-parsimonmethods;
to date,next to nothingis known abouttheir sequence-lengtiequirements.
Also of interestis the impactof variousaspectof our experimentalsetup
on the results.For example, a differentway of deviating a model tree from



the molecularclock might be more easily toleratedby thesereconstruction
methods—andhnight alsobe biologically morerealistic. The choiceof the spe-

ci ¢ modelof site evolution (K2P) canalsobe testedto seewhetherit hasa

signi cant impacton therelative performancef these(andother)methods.
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