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Abstract. We studythesequencelengthsrequiredby neighbor-joining, greedy
parsimony, anda phylogeneticreconstructionmethod(DCMNJ !

MP) basedon
disk-covering andthe maximumparsimony criterion.We useextensive simula-
tions basedon randombirth-deathtrees,with controlleddeviations from ultra-
metricity, to collectdataon thescalingof sequence-lengthrequirementsfor each
of the threemethodsasa function of the numberof taxa,the rateof evolution
on the tree,and the deviation from ultrametricity. Our experimentsshow that
DCMNJ !

MP hasconsistentlylowersequence-lengthrequirementsthantheother
two methodswhentreesof high topologicalaccuracy aredesired,althoughall
methodsrequiremuchlongersequencesasthe deviation from ultrametricityor
theheightof thetreegrows.Ourstudyhassigni�cant implicationsfor large-scale
phylogeneticreconstruction(wheresequence-lengthrequirementsarea crucial
factor),but alsofor future performanceanalysesin phylogenetics(sincedevia-
tionsfrom ultrametricityareproving pivotal).

1 Intr oduction

The inferenceof phylogenetictreesis basicto many researchproblemsin bi-
ology and is assumingmore importanceas the usefulnessof an evolutionary
perspective is becomingmorewidely understood.

Theinferenceof very largephylogenetictrees,suchasmightbeneededfor
anattempton the“Treeof Life,” is abig computationalchallenge.Indeed,such
large-scalephylogeneticanalysisis currentlybeyondour reach:themostpop-
ular andaccurateapproachesarebasedon hardoptimizationproblemssuchas
maximumparsimony andmaximumlikelihood.Evenheuristicsfor theseopti-
mizationproblemssometimestake weeksto �nd local optima;somedatasets
have beenanalyzedfor yearswithoutade�nite globaloptimumbeingfound.

Polynomial-timemethodswouldseemtoofferareasonablealternative,since
they canberun to completionevenon largedatasets.Recentsimulationstudies
haveexaminedtheperformanceof fastmethods(speci�cally, thedistance-based
methodneighbor-joining [21] anda simplegreedyheuristicfor the maximum
parsimony problem)andhave shown that both methodsmight performrather
well (with respectto topologicalaccuracy), evenon very largemodeltrees.



Thesestudieshavefocusedontreesof low diameterthatalsoobey thestrong
molecularclockhypothesis(sothattheexpectednumberof evolutionaryevents
is roughly proportionalto time). Our studyseeksto determinewhetherthese,
andother, polynomial-timemethodsreally do scalewell with increasingnum-
ber of taxaundermoredif�cult conditions—whenthe model treeshave large
diametersanddo notobey themolecularclockhypothesis.

Our paperis organizedas follows. In Section2 we review earlierstudies
andtheissuesthey addressed.In Section3, wede�ne our termsandpresentthe
basicconcepts.In Section4 weoutlineourexperimentaldesignandin Section5
wereporttheresultsof ourexperiments.Weconcludewith someremarksonthe
implicationsof ourwork.

2 Background

The sequence-lengthrequirementof a methodis the sequencelengththat this
methodneedsin orderto reconstructthetruetreetopologywith high probabil-
ity. Earlierstudiesestablishedanalyticalupperboundson thesequence-length
requirementsof variousmethods,including the popularneighbor-joining (NJ)
[21] method.Thesestudiesshowedthatstandardmethods,suchasNJ, recover
thetruetreewith high probability from sequencesof lengthsthatareexponen-
tial in theevolutionarydiameterof the true tree.Baseduponthesestudies,we
de�nedaparameterizationof modeltreesin whichthelongestandshortestedge
lengthsare�x ed[6, 7], sothatthesequence-lengthrequirementof amethodcan
beexpressedasa functionof thenumber, n, of taxa.This parameterizationled
us to de�ne fast-converging methods,methodsthat recover the true treewith
high probabilityfrom sequencesof lengthsboundedby a polynomialin n once
f andg, theminimum andmaximumedgelengths,arebounded.Several fast-
converging methodsweresubsequentlydeveloped[4, 5, 11, 24]. Weandothers
analyzedthe sequence-lengthrequirementsof standardmethods,suchas NJ,
undertheassumptionsthat f andg are�x ed.Thesestudies[1, 7] showed that
NJandmany othermethodscanrecover thetruetreewith highprobabilitywhen
givensequencesof lengthsboundedby afunctionthatgrowsexponentiallyin n.

Wethenperformedstudiesonadifferentparameterizationof themodeltree
space,wherewe �x edtheevolutionarydiameterof thetreeandlet thenumber
of taxa vary [17]. This parameterization,suggestedto us by J. Huelsenbeck,
allowedus to examinethedifferentialperformanceof methodswith respectto
“taxon-sampling”strategies[10]. In thesestudies,weevaluatedtheperformance
of NJ andDCMNJ "

MP on simulateddata,obtainedfrom randombirth-death
treeswith boundeddeviation from ultrametricity. We found that DCMNJ "

MP
consistentlydominatedNJ throughouttheparameterspace;we alsofoundthat



thedifferencein performanceincreasedasthenumberof taxaincreasedor the
evolutionaryrateincreased.

In previous studies[15] we hadstudiedthe sequence-lengthrequirements
for NJ, Weighbor[3], GreedyMP, andDCMNJ"

MP asa functionof thenum-
bersof taxa,with �x edheightanddeviation. We hadfound that DCMNJ "

MP
requiresshortersequencesthantheotherfour methodswhentreesof high topo-
logicalaccuracy aredesired.However, wehaduseddatasetsof modestsizeand
hadnot exploreda very large rangeof evolutionaryratesanddeviationsfrom
ultrametricity. In thispaperweremedytheselimitations.

3 Basics

3.1 Simulation study

Simulationstudiesarethestandardtechniqueusedin phylogeneticperformance
studies[9, 10, 14]. In a simulationstudy, a DNA sequenceat the root of the
modeltreeis evolved down the treeundersomeassumedstochasticmodelof
evolution. This processgeneratesa setof sequencesat the leaves of the tree.
Thesequencesarethengivento phylogeneticreconstructionmethods,with each
methodproducinga tree for the set of sequences.Thesereconstructedtrees
arethencomparedagainstthemodeltreefor topologicalaccuracy. Theprocess
is repeatedmany times in order to obtaina statisticallysigni�cant testof the
performanceof themethodsundertheseconditions.

3.2 Model tr ees

Weusedrandombirth-deathtreesasmodeltreesfor ourexperiments.They were
generatedusingtheprogramr8s[22], wherewespeci�edtheoptionto generate
birth-deathtreesusingabackwardYule(coalescent)processwith waitingtimes
taken from an exponentialdistribution. An edgee in a treegeneratedby this
processhaslengthl e, avaluethatindicatestheexpectednumberof timesaran-
domsitechangeson theedge.Treesproducedby this processareby construc-
tion ultrametric(that is, thepathlengthfrom theroot to eachleaf is identical).
Furthermore,a randomsiteis expectedto changeonceonany root-to-leafpath;
thatis, the(evolutionary)heightof thetreeis 1.

In our experimentswe scalethe edgelengthsof the treesto give differ-
ent heights.To scalethe treeto heighth, we multiply the lengthof eachedge
of T by h. We also modify the edgelengthsas follows in order to deviate
the treeaway from ultrametricity. First we pick a deviation factor, c; then,for
eachedgee # T, we choosea number, x, uniformly at randomfrom the in-
terval $&% lg ' c (*) lg ' c(,+ . We then multiply the branchlength l e by ex. For de-
viation factor c, the expecteddeviation is ' c % 1- c (�- 2lnc, with a varianceof
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1
c (0/1- 4lnc. For instance,for an expecteddeviation of 1 2 36,

thestandarddeviationhastheratherhighvalueof 1 2 01.

3.3 DNA sequenceevolution

We conductedour experimentsunderthe Kimura 2-parameter[13] + Gamma
[25] modelof DNA sequenceevolution,oneof thestandardmodelsfor studying
the performanceof phylogeneticreconstructionmethods.In this modela site
evolvesdown thetreeundertheMarkov assumptionandall sitesubstitutionsare
partitionedinto two classes:transitions, which substitutea purinefor a purine;
andtransversions, which substitutea pyrimidine for a pyrimidine. This model
hasaparameterto indicatethetransition/transversion ratio; in ourexperiments,
we setit to 2 (thestandardsetting).

We assumethat the siteshave different ratesof evolution drawn from a
known distribution. In our experimentswe usethe gammadistribution with
shapeparametera (which we set to 1, the standardsetting),which is the in-
verseof thecoef�cient of variationof thesubstitutionrate.

3.4 Measuresof accuracy

Sincethe treesreturnedby eachof the threemethodsarebinary, we usethe
Robinson-Foulds(RF) distance[20], which is de�ned asfollows. Every edgee
in a leaf-labeledtreeT de�nes a bipartition,pe, of the leaves(inducedby the
deletionof e); thetreeT is uniquelyencodedby thesetC ' T (4365 pe : e # E ' T (�7 ,
whereE ' T ( is thesetof all internaledgesof T. If T is a modeltreeandT 8 is
thetreeobtainedby aphylogeneticreconstructionmethod,thenthesetof False
Positivesis C ' T 8�(4% C ' T ( andthesetof FalseNegativesis C ' T (4% C ' T 8�( . The
RFdistanceis thentheaverageof thenumberof falsepositivesandthenumber
of falsenegatives.We plot the RF ratesin our �gures, which areobtainedby
dividing theRF distanceby n % 3, thenumberof internaledgesin a binarytree
on n leaves.ThustheRF ratevariesbetween0 and1 (or 0% and100%).Rates
below 5% arequite good,while ratesabove 25% areunacceptablylarge. We
focusourattentiononthesequencelengthsneededto getat least75%accuracy.

3.5 Phylogeneticreconstructionmethods

Neighbor-Joining Neighbor-Joining(NJ) [21] is oneof themostpopularpoly-
nomial time distance-basedmethods[23]. The basictechniqueis as follows:
�rst, a matrix of estimateddistancesbetweenevery pair of sequencesis com-
puted.(This stepis standardizedfor eachmodelof evolution,andtakesO ' kn2

(

time,wherek is thesequencelengthandn thenumberof taxa.) TheNJmethod



thenusesa type of agglomerative clusteringto constructa treefrom this ma-
trix of distances.TheNJ methodis provably statisticallyconsistentundermost
modelsof evolution examinedin thephylogeneticsliterature,andin particular
undertheK2Pmodelthatweuse.

GreedyMaximum Parsimony MaximumParsimony is anNP-hardoptimiza-
tion problemfor phylogenetictree reconstruction[8]. Given a set of aligned
sequences(in our case,DNA sequences),the objective is to reconstructa tree
with leaveslabelledby theinputsequencesandinternalnodeslabelledby other
sequencessoasto minimizethetotal “length” of thetree.This lengthis calcu-
latedby summingup the Hammingdistanceson the edges.Although the MP
problemis NP-hard,many effective heuristics(mostbasedon iterative local re-
�nement) areofferedin popularsoftwarepackages.Earlierstudies[19, 2] have
suggestedthataverysimplegreedyheuristicfor MP mightproduceasaccurate
a reconstructedtreeasthe bestpolynomial-timemethods.Our studyteststhis
hypothesisby explicitly looking at this greedyheuristic.The greedyheuristic
beginsby randomlyshuf�ing thesequencesandbuilding anoptimaltreeon the
�rst four sequences.Eachsuccessive sequenceis insertedinto thecurrenttree,
soasto minimizethetotal lengthof theresulting,largertree.Thismethodtakes
O ' kn2

( time,since�nding thebestplaceto insertthenext sequencetakesO ' kn(

time,wherek is thesequencelengthandn is thenumberof taxa.

DCM NJ "

MP The DCMNJ "

MP methodwas developedby us in a seriesof
papers[16]. In our previoussimulationstudies,DCMNJ "

MP outperformed,in
termsof topologicalaccuracy, bothDCM 9NJ (aprovably fast-converging method
of which DCMNJ"

MP is a variant)andNJ. Let di j representthe distancebe-
tweentaxai and j; DCMNJ "

MP operatesin two phases.

– Phase1: For eachchoiceof thresholdq #:5 di j 7 , computea binarytreeTq,
by usingtheDisk-CoveringMethodfrom [11], followed by a heuristicfor
re�ning theresultanttreeinto a binarytree.Let T 3;5 Tq : q #<5 di j 7=7 . (For
detailsof PhaseI, thereaderis referredto [11].)

– Phase2: Selectthe tree from T that optimizesthe maximumparsimony
criterion.

If we considerall
. n
2/

valuesfor the thresholdq in Phase1, thenDCMNJ "

MP
takesO ' n6

( time;however, if we consideronly a �x ednumberp of thresholds,
it only takes O ' pn4

( time. In our experimentswe use p 3 10 (and p 3 5 for
800taxa),sothat therunningtime of DCMNJ "

MP is O ' n4
( . Experiments(not

shown here)indicatethat choosing10 thresholdsdoesnot reducethe perfor-
manceof themethodsigni�cantly (in termsof topologicalaccuracy).



4 Experimental Design

Weexploreabroadportionof theparameterspacein ordertounderstandthefac-
tors thataffect topologicalaccuracy of the threereconstructionmethodsunder
study. In particular, weareinterestedin thetypeof datasetsthatmightbeneeded
in orderto attemptlarge-scalephylogeneticanalysesthatspandistantlyrelated
taxa,aswill be neededfor the “Treeof Life.” Suchdatasetswill have large
heightsand large numbersof taxa.Thereforewe have createdrandommodel
treeswith heightsthatvary from quitesmall(0 2 05) to quitelarge(up to 4), and
with a numberof taxarangingfrom 100to 800.We have alsoexploredtheef-
fect of deviationsfrom themolecularclock,by usingmodeltreesthatobey the
molecularclock (expecteddeviation 1) aswell asmodeltreeswith signi�cant
violationsof themolecularclock(expecteddeviation2 2 87).In orderto keepthe
experimenttractable,we limited our analysisto datasetsin which thesequence
lengthsareboundedby 16,000;this hastheadditionalbene�t of not exceeding
by too muchwhatwe might expectto have availablein a phylogeneticanalysis
in the comingyears.In contrastthe treesin [2] have smallerheights(up to a
maximumof 0 2 5) andsmallerexpecteddeviationswith lessvariance(their ac-
tual deviation is truncatedif it exceedsa presetvalue),providing muchmilder
experimentalconditionsthanours.The treesstudiedin [19] areeven simpler,
beingultrametric(no deviation from molecularclock) with a very smallheight
of 0 2 15.

For the two distance-basedmethods(NJ andDCMNJ"

MP), we computed
evolutionarydistancesappropriatelyfor the K2P+gammamodelwith our set-
tings for a and the transition/transversion ratio. Becausewe explore perfor-
manceondatasetswith highratesof evolution,wehadto handlecasesin which
thestandarddistancecorrectioncannotbeappliedbecauseof saturation.In such
acase,weusedthetechniquedevelopedin [12], called“�x-f actor1:” distances
thatcannotbesetusingthedistance-correctionformulaaresimplyassignedthe
largestcorrecteddistancein thematrix.

Weusedseqgen[18] to generatethesequences,andPAUP* 4.0to construct
GreedyMP treesasdescribed.Thesoftwarefor thebasicDCMNJ waswritten
by D. Huson.We generatedthe rest of the software (a combinationof C++
programsandPerlscripts)explicitly for theseexperiments.For jobmanagement
acrosstheclusterandpublic laboratorymachines,weusedtheCondorsoftware
package.

5 Experimental results

We presenta cross-sectionof our resultsin threemajorcategories.All address
thesequencelengthsrequiredby eachreconstructionmethodto reachprescribed



levels of topologicalaccuracy on at least80% of the reconstructedtreesas
a function of threemajor parameters,namelythe deviation from ultrametric-
ity, the heightof the tree,andthe numberof taxa.We computethe sequence-
lengthrequirementsto achieve a given accuracy asfollows. For eachmethod
andeachcollectionof parametervalues(numberof taxa,height,anddeviation),
we perform40 runsto obtain40 FN ratesat eachsequencelengthof the input
dataset.We thenuselinear interpolationon eachof the 40 curvesof FN rates
vs.sequencelengthto derive thesequence-lengthrequirementat a givenaccu-
racy level. (Somecurves may not reachthe desiredaccuracy level even with
sequencesof length16,000,in which casewe exclude thoseruns.) We then
averagethe computedsequencelengthsto obtainthe averagesequence-length
requirementat thegivensettings.Pointsnot plottedin our curvesindicatethat
lessthan 80% of the treesreturnedby the methoddid not have the required
topologicalaccuracy evenat16000characters.

In all casestherelative requirementsof thethreemethodsfollow thesame
ordering:DCMNJ "

MP requiresthe least,followed by NJ, with greedyMP a
distantthird. However, even the bestof the three,DCMNJ"

MP, demonstrates
a very sharp,exponentialrise in its requirementsas the deviation from ultra-
metricity increases—andtheworstof the three,GreedyMP, cannotbeusedat
all with a deviation larger than 1 or with a height larger than 0 2 5. Similarly
sharprisesarealsoevidentwhenthesequence-lengthrequirementsareplotted
asa functionof theheightof thetrees.(In contrast,increasesin thenumberof
taxacauseonly mild increasesin thesequencelengthrequirements,evensome
decreasesin thecaseof thegreedyMP method.)

5.1 Requirementsasa function of deviation

Figure1 shows plotsof thesequence-lengthrequirementsof thethreemethods
for variouslevelsof accuracy asa functionof thedeviation.Mostnotableis the
very sharpandfast rise in the requirementsof all threemethodsasthe devi-
ation from ultrametricityincreases.The greedyMP approachsuffers so much
from suchincreasesthat we could not obtaineven 80% accuracy at expected
deviations larger than1 2 36. DCMNJ "

MP shows the bestbehavior amongthe
threemethods,even thoughit requiresunrealisticallylong sequences(signif-
icantly longer than16,000characters)at high levels of accuracy for expected
deviationsabove 2.

5.2 Requirementsasa function of height

Figure2 parallelsFigure1 in all respects,but this timethevariableis theheight
of the tree,with theexpecteddeviation beingheld to a mild 1 2 36. Therisesin
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Fig.1.Sequence-lengthrequirementsasafunctionof thedeviationof thetree,for aheightof 0 > 5,
two numbersof taxa,andthreelevelsof accuracy.
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Fig.2. Sequence-lengthrequirementsas a function of the height of the tree, for an expected
deviation of 1 > 36, two numbersof taxa,andthreelevelsof accuracy.
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Fig.3. Sequence-lengthrequirementsas a function of the height of the tree, for an expected
deviation of 2 > 02,100taxa,andtwo levelsof accuracy.

sequence-lengthrequirementsarenot quite assharpasthoseobserved in Fig-
ure1,but remainsevereenoughthataccuracy levelsbeyond85%arenotachiev-
able for expecteddeviations above 2. Onceagain,the bestmethodis clearly
DCMNJ "

MP andgreedyMP is clearly inadequate.Figure3 repeatstheexper-
imentwith a largerexpecteddeviation of 2 2 02. At this deviation value,greedy
MP cannotguarantee80%accuracy evenwith stringsof length16,000,so the
plotsonly show curvesfor NJ andDCMNJ "

MP, the latteragainproving best.
But notethat therise is now sharper, comparableto thatof Figure1. Takento-
gether, thesetwo �gures suggestthat the productof heightanddeviation is a
very strongpredictorof sequence-lengthrequirementsandthat theserequire-
mentsgrow 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 taxadecreasessequence-lengthrequirements—abe-
havior that we attribute to the gradualdisappearanceof long treeedgesunder
thein�uence of bettertaxonsampling.

5.3 Requirementsasa function of the number of taxa

Figure4 showsthesequence-lengthrequirementsasafunctionof thenumberof
taxaoverasigni�cant range(up to 800taxa)at four differentlevelsof accuracy
for ourthreemethods.Thetreeheighthereis quitesmallandthedeviationmod-
est,so that the threemethodsplaceonly modestdemandson sequencelength
for all but thehighestlevel of accuracy. (Notethatparts(a)and(b) of the�gure
usea differentvertical scalefrom that usedin parts(c) and(d).) At high ac-
curacy (90%),NJ shows distinctly worsebehavior thantheothertwo methods,



0 100 200 300 400 500 600 700 800
0

200

400

600

800

1000

1200

1400

1600

1800

2000

Number of taxa

S
eq

ue
nc

e 
Le

ng
th

Greedy MP
NJ
DCM

NJ
+MP

0 100 200 300 400 500 600 700 800
0

200

400

600

800

1000

1200

1400

1600

1800

2000

Number of taxa

S
eq

ue
nc

e 
Le

ng
th

Greedy MP
NJ
DCM

NJ
+MP

(a) 75%accuracy (b) 80%accuracy

0 100 200 300 400 500 600 700 800
0

1000

2000

3000

4000

5000

6000

7000

Number of taxa

S
eq

ue
nc

e 
Le

ng
th

Greedy MP
NJ
DCM

NJ
+MP

0 100 200 300 400 500 600 700 800
0

1000

2000

3000

4000

5000

6000

7000

Number of taxa

S
eq

ue
nc

e 
Le

ng
th

Greedy MP
NJ
DCM

NJ
+MP

(c) 85%accuracy (d) 90%accuracy

Fig.4. Sequence-lengthrequirementsasa functionof thenumberof taxa,for anexpecteddevia-
tion of 1 > 36,a heightof 0 > 05,andfour levelsof accuracy.
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Fig.5. Sequence-lengthrequirementsfor GreedyMP (60 runs)asa function of the numberof
taxa,for anexpecteddeviation of 1 > 36,a heightof 0 > 5, andtwo levelsof accuracy.



with nearly twice the sequence-lengthrequirements.Figure5 focuseson just
thegreedyMP methodfor treeswith largerheight.Onsuchtrees,initial length
requirementsarequitehigh evenat 80%accuracy, but they clearlydecreaseas
thenumberof taxaincreases.This curiousbehavior canbeexplainedby taxon
sampling:aswe increasethe numberof taxafor a �x ed treeheightanddevi-
ation,we decreasethe expected(andthe maximum)edgelengthin the model
tree.Breakingup longedgesin thismanneravoidsoneof theknown pitfalls for
MP: its sensitivity to thesimultaneouspresenceof bothshortandlong edges.

Figure6 givesa differentview on our data.It shows how DCMNJ "

MP and
NJareaffectedby thenumberof taxaaswell asby theheightof themodeltree.
Note that thecurvesarenot stacked in orderof treeheightsbecauseFigures2
and3 show that the sequence-lengthrequirementsdecreasefrom height0 2 05
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Fig.6. Sequence-lengthrequirements(for at least70% of trees)asa functionof thenumberof
taxa,for anexpecteddeviation of 1 > 36, variousheights,andtwo levels of accuracy, for eachof
DCMNJ !

MP andNJ.



to 0 2 25 and then start to increasegradually. The juxtapositionof the graphs
clearlydemonstratethesuperiorityof DCMNJ"

MP over NJ: thecurvesfor the
formerarebothlowerand�atter thanthosefor thelatter—that is, DCMNJ "

MP
canattainthesameaccuracy with signi�cantly shortersequencesthandoesNJ
and the growth rate in the length of the requiredsequencesis negligible for
DCMNJ "

MP whereasit is clearlyvisible for NJ.

6 Conclusionsand Future Work

6.1 Summary

We have exploredthe performanceof threepolynomial-timephylogeneticre-
constructionmethods,of whichtwo (greedymaximumparsimony andneighbor-
joining) arewell known andwidely used.In contrastto earlierstudies,wehave
foundthatneighbor-joining andgreedymaximumparsimony have very differ-
entperformanceon largetreesandthatbothsuffer substantiallyin thepresence
of signi�cant deviations from ultrametricity. The third method,DCMNJ"

MP,
alsosufferswhenthemodeltreedeviatessigni�cantly from ultrametricity, but
it is signi�cantly more robust thaneitherNJ or greedyMP. Indeed,for large
trees(containingmorethan100taxa)with largeevolutionarydiameters(where
asitechangesmorethanonceacrossthetree),evensmalldeviationsfrom ultra-
metricitycanbecatastrophicfor greedyMP anddif�cult for NJ.

Several inferencescanbe drawn from our data.First, it is clearly not the
casethatgreedyMP andNJ areequivalent:while they both respondpoorly to
increasingheightsanddeviationsfrom ultrametricity, greedyMP hasmuchthe
worsereaction.Secondly, neitherof themhasgoodperformanceon largetrees
with high diameters—bothrequiremorecharacters(longersequences)thanare
likely to be easilyobtained.Finally, the newer method,DCMNJ"

MP, clearly
outperformsbothothersanddoessoby a signi�cant margin on largetreeswith
high ratesof evolution.

6.2 Futur ework

A naturalquestionis whethera better, albeit slower, heuristicfor maximum
parsimony might demonstratebetterbehavior. Otherpolynomial-timemethods
couldalsobeexploredin this sameexperimentalsetting,andsomemight out-
performour new methodDCMNJ"

MP. Maximum-likelihood methods,while
typically slower, shouldalsobecomparedto themaximum-parsimony methods;
to date,next to nothingis known abouttheir sequence-lengthrequirements.

Also of interestis the impactof variousaspectsof our experimentalsetup
on the results.For example,a different way of deviating a model tree from



the molecularclock might be more easily toleratedby thesereconstruction
methods—andmightalsobebiologicallymorerealistic.Thechoiceof thespe-
ci�c modelof site evolution (K2P) canalsobe tested,to seewhetherit hasa
signi�cant impacton therelative performanceof these(andother)methods.
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