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Abstract

Many large-scalephylogeneticreconstructionmethodsattemptto solve hard
optimizationproblems(suchasMaximumParsimony (MP) andMaximumLike-
lihood (ML)), but they areseverely limited by the numberof taxathat they can
handlein a reasonabletime frame. A standardheuristicapproachto this problem
is the divide-and-conquerstrategy: decomposethe datasetinto smallersubsets,
solve the subsets(i.e., useMP or ML on eachsubsetto obtaintrees),thencom-
bine the solutionsto the subsetsinto a solutionto the original dataset.This last
step,combininggiven treesinto a singletree,is known assupertreeconstruction
in computationalphylogenetics. The traditional applicationof supertreemeth-
odsis to combineexisting, publishedphylogeniesinto a singlephylogeny. Here,
we studysupertreeconstructionin thecontext of divide-and-conquermethodsfor
large-scaletreereconstruction.

We studyseveral divide-and-conquerapproachesandexperimentallydemon-
stratetheir advantageover Matrix RepresentationParsimony (MRP),a traditional
supertreetechnique,andover globalheuristicssuchastheparsimony ratchet.On
thetenlargebiologicaldatasetsunderinvestigation,ourstudyshows thatthetech-
niquesusedfor dividing the datasetinto subproblemsaswell as thoseusedfor
merging theminto a singlesolutionstronglyin�uence thequality of thesupertree
construction.In mostcases,ourmerging technique—theStrict ConsensusMerger
(SCM)—outperformsMRP with respectto MP scoresandrunningtime. Divide-
and-conquertechniquesarealsoa highly competitive alternative to globalheuris-
tics suchastheparsimony ratchet,especiallyon themorechallengingdatasets.

1 Intr oduction

Supertreemethodscombinesmaller, overlappingsubtreesinto a largertree.Their tra-
ditional applicationhasbeento combineexisting, publishedphylogenies,on which
thecommunityagrees,into a treeleaf-labeledby the entiresetof species.The most
popularsupertreemethodis Matrix RepresentationParsimony (MRP) (Baum,1992;
Ragan,1992),whichhasbeenusedin anumberof phylogeneticstudies(Purvis,1995;
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Bininda-Emondset al., 1999;Bininda-EmondsandSanderson,2001;Liu et al., 2001;
Joneset al., 2002).Bininda-Emondsandcolleagues(Bininda-EmondsandSanderson,
2001;Bininda-Emonds,2003a)haveevaluatedthebehavior of severalvariantsof MRP
onsmallsimulateddatasetswith respectto topologicalaccuracy.

We study the applicationof supertreemethodsin a differentcontext: as part of
divide-and-conquermethodsthatcanbeusedto solve dif�cult optimizationproblems
suchasMaximumParsimony (MP)andMaximumLikelihood(ML) (Felsenstein,1981;
FouldsandGraham,1982;Steel,1994;Hillis et al., 1996). Thesetwo problemsare
suf�ciently hardthat a biologically acceptablephylogeneticanalysiscantake a very
long time (months,perhaps)to derive. The conjecturewe studyin this paperis that
divide-and-conquerstrategiescanspeedup searchesfor optimal treesunderMP and
ML.

A divide-and-conquermethodfor phylogeny reconstructionoperatesasfollows.

� Step1: Decomposethedatasetinto smaller, overlappingsubsets.
� Step2: Constructphylogenetictreeson the subsetsusing the desired“base”

phylogeneticreconstructionmethod.
� Step3: Mergethesubtreesinto a single(not necessarilyfully resolved) treeon

theentiredataset.
� Step4: Re�ne theresultingtreeto produceabinarytree.

Severaldivide-and-conquermethodshavebeendevelopedandstudied,includingquartet-
basedmethods,of which QuartetPuzzling(Strimmerandvon Haeseler, 1996)is the
mostpopular, andthefamilyof Disk-CoveringMethods(DCMs)(Husonetal.,1999a,b;
Nakhlehet al., 2001;Warnow et al., 2001;TangandMoret, 2003). In eachof these
methods,a supertreemethod(Step3) is usedto combinesubtreesinto a treeon the
entiredataset.Supertreemethodsarethusan integral aspectof a divide-and-conquer
strategy, but theotherthreeaspectsof sucha strategy alsoaffect accuracy andspeed.
Ourstudyaddressesthefollowing questions:

� Shouldthesubtreesusedin reconstructionbecarefullyselectedin termsof the
subsetsthey representor canthe subsetsbe arbitraryas long assomeoverlap
existsamongthem?

� Givena �x edcollectionof overlappingsubtrees,what is thebestmethodto as-
sembletheminto a singlesupertree?

� How dodivide-and-conquermethodsfarewhencomparedto “global” approaches,
suchastheheuristicMP searchesin PAUP* (Swofford, 2002)?

To investigatethe�rst two questions,wecomparemethodsthatdiffer explicitly in how
they decomposethe datasetandhow they merge subtreesinto a supertree.We con-
sidertwo variantsin theDCM family (namedDCM1 andDCM2), plus(asa control)
randomdecompositions;thesedecompositionsarecoupledwith MRPand/ortheStrict
ConsensusMerger(thesupertreemethoddevelopedfor theDCM family) to mergethe
resultingsubtreesinto a singlesupertree;�nally , all combinationsof methodsarefol-
lowedby are�nementphase.To ascertainwhetherdivide-and-conquerapproachescan
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outperform“global” approachesto solvingMP or ML, we comparetheperformance
of our DCM strategieswith theparsimony ratchet(Nixon, 1999),oneof thebestper-
formingMP heuristicsfor largedatasets.

1.1 Overview of Experimental Results

We comparethesemethodson tenbiologicaldatasetsthatrangefrom 328to 854taxa,
focusingon the questionof how techniquesusedfor datasetdecompositionandsu-
pertreereconstructionimpact the running time and the MP scoreof the result. We
�nd that theDCM2+SCMmethodoutperformstheothermethodson all our datasets.
Thespeci�c decompositiontechniquehasa signi�cant impacton theMP scoreof the
resultingtreeaswell ason runningtime, with DCM2 clearly outperformingrandom
decompositions.Furthermore,we obtain improved MP scoresin all decomposition
strategies(DCM andrandom)whenthe subproblemsare largeÐanobservation that
impactstaxon-samplingstrategies. The supertreemethodusedto combinesubtrees
into a singletreeon thefull datasetis alsovery important.WhenMRP andSCM are
followedby thesameresolutiontechniquein Step4, SCM generallyproducesbetter
MP scoresthanMRP. The only exceptionwasfor DCM1-baseddecompositions,but
thesedecompositionsarerelatively poorandnot competitive(asour resultsshow).

Ourstudydemonstratesthatthebene�t of adivide-and-conquertechniquedepends
onthepropertiesof thedataset.Whenthedatasetcanbedecomposedwell by DCM2Ð
into signi�cantly smallersubproblemswith goodoverlap,DCM2 providesa clearad-
vantage(in runningtimeor MP scores,asdesired).Theadvantageis mostpronounced
for challengingdatasets,datasetsfor which heuristicMP searchestake a long time to
�nd a �rst goodsolution.We comparedDCM2-basedapproacheswith theparsimony
ratchetÐthebestMP globalheuristicin our experimentsÐontwo biologicaldatasets:
the well-studied500 rbcL DNA dataset(Rice et al., 1997) and a set of 816 Bacte-
rial rRNA sequences(Wuyts et al., 2002). The rbcL datasetdecomposespoorly and
is not especiallychallengingfor MP heuristics;our studyshows that DCM2 provide
no improvementover the parsimony ratchetfor this problem. In contrast,the rRNA
datasetis quite challengingfor MP heuristicsbut decomposeswell; our studyshows
thatDCM2 clearlyimproveson theparsimony ratchetfor this problem.(Interestingly,
DCM2-Ratchet,usingtheparsimony ratchetasa basemethodin a DCM2 decomposi-
tion, is almostasgoodasa globalratcheton therbcL dataset,in spiteof theverypoor
decomposition.)

1.2 Comparisonwith PreviousWork

Bininda-Emondsandcolleagues(Bininda-EmondsandSanderson,2001;Bininda-Emonds,
2003a)studiedsupertreereconstructionfrom anexperimentalpoint of view, focusing
on the MRP methodandusingsmall simulateddatasets.While we alsostudyMRP,
our focusis asmuchon decompositionasit is on supertreereconstructionandsowe
studyseveralothermethods;moreover, our testingusesbiologicaldatasetsratherthan
simulatedones,therebyforcingusto useMP scoresasourmeasureof accuracy (since
thetruetreesfor thesedatasetsarenotknown); �nally , wefocusonlargedatasets(lim-
ited in this study to datasetsbelow 1,000taxadueto the dearthof larger published
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datasets),sincetheseare the datasetswherea divide-and-conquermethodologywill
havethelargestimpact.

Someof theearliestdivide-and-conquermethodsarequartet-basedmethods,such
asQuartetPuzzling(StrimmerandvonHaeseler, 1996),ShortQuartetmethods(Erd�os
et al., 1997),andQuartetCleaning(Berry et al., 1999). Quartetmethodsareat one
extremeof divide-and-conquermethods,sincethey decomposethe datasetsinto the
smallestpossiblesubsetsfor which nontrivial treesexistÐsubsetsof just four taxa
each.Quartet-basedmethodscannotpro�tably useeitherMRP or SCM (the two su-
pertreereconstructiontechniqueswestudyhere):MRP is too expensivegiventhetiny
treesandSCM will usuallyreturna totally unresolvedtreebecausetoo many quartets
will be in con�ict. In an earlier study(St. Johnet al., 2001),we comparedvarious
quartet-basedmethodsandthe fastandsimpleneighbor-joining method(NJ) (Saitou
andNei, 1987)on simulateddata.QuartetPuzzling,which mergesquartettreesusing
a greedyheuristic,clearlydominatedtheotherquartet-basedmethods,but wasmuch
slower andclearly lessaccuratethanNJ. Theseresultssuggestthat decompositions
into tiny subsetsis notpro�table. Otherpublisheddivide-and-conquermethodsinclude
Compartmentalization(Mishler, 1994),which is not fully describedandsocannotbe
implemented,anda strategy usedto analyzea biologicaldataset(Olsenet al., 1994),
whereagainthe decompositionandmerging stepsarenot well enoughdescribedto
enableoneto implementandtestthestrategy.

2 Divide-and-ConquerReconstructionMethods

Recallthata divide-and-conquermethodusesfour basicstepsto constructa supertree
from a givendataset,S:

� Step1: Decomposethedatasetinto smaller, overlappingsubsets.
� Step2: Constructphylogenetictreeson the subsetsusing the desired“base”

phylogeneticreconstructionmethod.
� Step3: Mergethesubtreesinto a single(not necessarilyfully resolved) treeon

theentiredataset.
� Step4: Re�ne theresultingtreeto produceabinarytree.

Steps2 and4 are the samein all of our algorithms(except for our study of global
heuristicsversusdivide-and-conquermethodsin Section5). We usea slow heuristic
searchfor MP asthe“basemethod”to constructthesubtrees,but afastheuristicsearch
for MP to re�ne themergedsupertreeinto abinarytree.Thus,ourmethodsdiffer only
in how they implementSteps1 and3. Sections2.1 and2.3 describethe techniques
usedfor datadecompositionandsubtreemerging. A summaryof all of thesupertree
methodsusedin our studyis givenin Section2.5.
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2.1 Data Decomposition

2.1.1 DCM-baseddecomposition

Disk-CoveringMethods(DCMs)(Husonetal.,1999a,b;Nakhlehetal.,2001;Warnow
et al., 2001)aremeta-methodsfor phylogeneticreconstruction:they operatein con-
junctionwith a “basemethod”suchasanMP heuristicor NJ. DCMs decomposethe
inputsetinto smalleroverlappingsetsonwhichsubtreesarecomputedusingthespec-
i�ed basemethod. They have a dual goal: improvedaccuracy andbetterspeed.Be-
causethesubsetshavesmallerdiameter(maximumpairwisedistance)thantheoriginal
dataset,they arelesslikely to causeaccuracy problems;andbecausethepossiblyex-
pensivebasemethodsonlyhavetosolvesmallsubsets,theoverallalgorithmrunsfaster.
Onegoalcanbestressedat theexpenseof theother;thusthereareseveralDCMs,each
of whichwasdesignedfor usewith aparticularbasemethod.

The�rst DCM, DCM1 (Husonetal.,1999a),wasdesignedfor methodssuchasNJ,
whosetopologicalaccuracy is negatively affectedby largepairwisedistances.DCM1
thusattemptsto minimize theevolutionarydiameterof eachsubproblem:it produces
many subproblems,eachwith small diameter, but doesnot control the overlap be-
tweenthe subproblems.Earlier studieswe conducted(andcon�rmed here)showed
thatDCM1 doesnotwork particularlywell with heuristicMP asabasemethod.There-
fore,wedevelopedDCM2 (Husonetal.,1999b),whichproducesasmallnumber(two
or threeis typical in experimentspresentedhere)of subproblems,all of which share
onesubsetof taxaandareotherwisedisjoint. ThusDCM2 tightly controlstheoverlap
pattern,but doesnot directly attemptto control the diameterof eachsubset,thereby
producinglargerdisksthanDCM1.

The input to bothDCM1 andDCM2 is a setS �

�

s1 ���������

sn �

of n taxa(typically,
alignedbiomolecularsequences),ann � n matrix,D �
	 di j �

, containinganestimateof
thepairwisedistancesbetweenthetaxa,anda thresholdÐaparticularq �

�

d i j �

. Both
methodsstartby computinga thresholdgraph, G 	 d

�

q
�

, de�ned asfollows:

� Theverticesof G 	 d
�

q
�

arethetaxa,s1 �

s2 ���������

sn.
� Theedgesof G 	 d

�

q
�

arethosepairs 	 si �

sj �

obeying di j 


q.

Thegraphis thenminimally triangulated, i.e.,edgesareaddedto thegraphuntil every
cycleof lengthat leastfour hasa chord(anedgeconnectingtwo non-consecutivever-
ticeson thecycle) (Buneman,1974;Golumbic,1980),while attemptingto minimize
theweightof the largestedgeadded.Obtaininganoptimal triangulationof a graphis
in generalNP-hard(Bodlaenderet al., 1992),but thresholdgraphsareusuallytrian-
gulatedor closeto it (Husonet al., 1999a)Ðandour experienceshows that even the
simplegreedyheuristicproducestriangulationsthatdo not have very long edges.We
triangulatethethresholdgraphbecausetriangulatedgraphshavemany computationally
usefulproperties,notably:

� they have a linearnumberof maximalcliques(cliquesthatcannotbe increased
by addingavertex) andthesecliquescanbecomputedin polynomialtime; and

� their minimal vertex separators(minimal connectedsubgraphswhoseremoval
breaksthegraphsinto disconnectedpieces)aremaximalcliques.
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Figure1: Thethreestepsof PhaseI in DCM2: (a) computecliqueseparatorX for set
S in thresholdgraphG 	 d

�

q
�

, producingsubproblemsA1 �

X, A2 �

X,.. . , Ar �

X; (b)
computetreeti for eachsubproblemAi �

X; and(c) mergecomputedsubtreesto obtain
treeTq for setS.

(In contrast,thesetwo problemsareNP-hardfor generalgraphs.)Thus,thenext step
in DCMs is to computethemaximalcliques.At this point,DCM1 is doneandsimply
returnsthesecliquesasthesubproblemsin thedecomposition;thesecliqueshave low
diameterby construction.DCM2 scansthroughthe cliquesto �nd oneclique X that
minimizesmaxi

�

X
�

Ai
�

, wherethe Ai arethe piecesinto which the graphis broken
uponremoval of X; it thenreturnsthesubsetsX

�

Ai asthesubproblemsin thedecom-
position. Note that thesesubproblemshave a uniquecommonintersection,but that
theirdiametercanbemuchlarger(becauseof theadditionof theseparatorX) thanthat
of asubproblemgeneratedby DCM1. Figure1 showsasymbolicrepresentationof the
DCM2 decomposition.We have provedthat,aslong asthesubtreesarecorrectlyin-
ferredandthesubproblemsarelargeenough,theStrictConsensusMerger(SCM)tech-
niqueappliedto the subtreeswill producethe true tree(Husonet al., 1999a). These
theoremshave rami�cations for both DCM1- andDCM2-basedstrategies,but espe-
cially for DCM1 combinedwith distance-basedmethods;for thesecombinationsit is
possibleto provenicetheoremsaboutthesequencelengthrequirementsof theresulting
methods(Husonet al., 1999a;Warnow etal., 2001).

However, our goal in this studyis practicalratherthantheoretical:we want to de-
velopfasterandmoreaccuratealgorithmsthatperformwell in practice.Weexperiment
with differentdecompositionsin orderto determinewhich onesproducethebestem-
pirical results,so that improvedMP scoresareobtainedfaster. We pick a minimum
triangulationto avoid groupingtaxathatareevolutionarilydistant(whichwould result
in longedgesin thetriangulatedgraph).In developingthethresholdgraph,weneedto
choosea thresholdq. Thesmallestusefulvaluefor q is d0, thesmallestpossiblevalue
for whichthethresholdgraphG 	 d

�

q
�

is connected;thelargestpossiblevalueis simply
max

�

di j
�

. (Note that, if we appliedthealgorithmto this largestvalue,we would not
obtainany decompositioninto smallersubproblems,sincethe thresholdgraphwould
alreadybea clique.) In ourexperimentswe look at tenequallyspacedvaluesbetween
d0 andd10 � max

�

di j �

andrunall testswith valuesd0 andd4.
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2.1.2 Randomdecomposition

As a control for DCM2, we alsoconsideredtheeffectsof decomposinga datasetinto
randomoverlappingsubsets,usingthreeparameters:thenumberx of subproblems,the
desiredminimum sizey of eachsubproblem,andthe desiredminimum sizez of the
pairwiseintersectionof subsets.Let n be thenumberof taxato bedistributedamong
thesubsets.Thex subsetsarepopulatedasfollows. First,z taxaarerandomlyselected
andall of themareplacedinto eachof thesubsets.For eachsubset,we thenrandomly
selectan additionaly � z taxafrom theremainingavailabletaxa(markingthechosen
y � ztaxaasunavailable).Finally, if any taxahavenotyetbeenplacedin any particular
subset,we addthesetaxarandomlyto subsets.The resultingdecompositionmimics
thestructureof DCM2 in that it producessubsetswith a sharedsubset,but otherwise
pairwisedisjoint.

2.2 BaseMethods: Heuristic Searchesfor MP

Heuristicsearchesfor MP treesform abasicpartof ourdivide-and-conquerreconstruc-
tionsin threeplaces:usinga basemethodonsubproblemsto constructsubtrees,using
MRP to merge subtreesinto a supertree,andre�ning the resultingtreeinto a binary
tree. The heuristicMP search(HS) of PAUP*4.0b10(Swofford, 2002)wasusedfor
theseanalysessincethedatasetsaretoo large(in thehundreds)for exactoptimization.
Experimentswereperformedonsimulateddatain orderto determinethequalityof the
HS neededin eachstage.

� FastHS:A fastheuristicsearchin whichwesaveonly onetree,startingfrom one
initial randomsequenceadditionordering.WeusethePAUP*4.0b10commands:
set criterion=parsimony maxtrees=1 increase=no;
hsearch start=stepwise addseq=random swap=tbr hold=1 nreps=1;

� MediumHS:Mediumheuristicsearchwith tenrandomsequenceadditionorder-
ingsand100savedtrees.We usethePAUP*4.0b10commands:
set criterion=parsimony maxtrees=100 increase=no;
hsearch start=stepwise addseq=random swap=tbr hold=1 nreps=10;
contree all/ strict=yes;

� Slow HS:A slow heuristicsearchwith 100randomsequenceadditionorderings
and1,000savedtrees.We usethePAUP*4.0b10commands:
set criterion=parsimony maxtrees=100 increase=no;
hsearch start=stepwise addseq=random nreps=100 nchuck=1 chuckscore=1
swap=tbr;
set maxtrees=1000 increase=no;
filter best=yes;
hsearch start=current swap=tbr hold=1 nchuck=1000 timelimit=3600;
contree all/ strict=yes;

We alsousedtheparsimony ratchet(Nixon, 1999)in a PAUP*4.0b10implementation
written by Bininda-Emonds(Bininda-Emonds,2003b). The ratchetis a simple and
effectiveheuristicfor generaloptimizingsearchandworksiteratively asfollows:
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1. RunFastHS for MP.

2. Randomlyselect25%of thesites,settheir weightsto 2 andrun FastHS on the
perturbeddata,startingwith thetreefrom theprevioussearch.

3. Resetthesiteweightsto their original valuesandrun FastHS startingwith the
treefrom theprevioussearch.

4. Repeatstepstwo andthreeasdesired.

2.3 Merging Subtrees

2.3.1 Matrix representationparsimony (MRP)

TheMRP approachencodesa setT of treesasbinarycharacterswith missingvalues
(i.e., “partial binarycharacters”)andthenappliessomeheuristicfor maximumparsi-
mony on theresultingsetof sequences.Understandinghow MRP worksthusrequires
understandingtheencodingandtheinterpretationof partialbinarycharacters.

Let Sdenotethefull setof taxaandlet T beoneof thetreesin thesetTÐthusT
hasleaf setS0

� S. Let e bean arbitraryedgein T. Deletinge from T partitionsthe
leavesof T into two setsA andB. Now de�ne a characterce onall of Sby setting

ce 	 s
�

�

��

�

��

0 if s � A

1 if s � B

? otherwise

ThesetC 	 T
�

�

�

ce: � T � T
�

e � E 	 T
���

is theMRPencodingof thesetT of trees.
Givena setof sequencesde�ned by partialbinarycharactersanda candidatetree

T on thesetof sequences,all ?sarereplacedby 0 or 1 in sucha way asto minimize
theparsimony scoreof thetree. If every subtreein theMRP analysisis accurate(i.e.,
topologicallyidenticalto thetruetreeinducedon its setof leaves),thenthetruetreeis
oneof themaximumparsimony trees.Hence,anexactsolutionto maximumparsimony
will return the true treeasoneof the solutions. (This observation follows from the
fact that thetrue treeis a “perfectphylogeny” (Bodlaenderet al., 1992)for theMRP-
encodedsetof sequences.)

For MRP, we usedSlow HS. Sincethe searchcanidentify morethanonetreeof
lowestscore,wereturnthestrict consensusof thebesttreesfoundÐthemostresolved
treethatis a commoncontractionof thesebesttrees.

2.3.2 Strict-consensusmerger (SCM)

The Strict ConsensusMerger (SCM) combinesa setof treesinto a single tree. The
merging is donepairwiseuntil only onetreeis left. The speci�c order in which the
treesaremergedmatterswhenthe subtreesarede�ned by a DCM1 decomposition,
but is irrelevantwhenthesubtreesarede�ned by a DCM2 decomposition;hence,for
DCM2 it suf�ces to describehow SCM operateson two trees. (For speci�cs on how
SCMoperatesin aDCM1 analysis,see(Husonetal., 1999a).)
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tition ��� 1,2,3,4,5,6,7� , � 8,9��� is presentin thesupertreeunderSCM,but not in Gordon's Strict
ConsensusSupertree.

Let L 	 T
�

denotethe setof leavesof T, C 	 T
�

denotethe setof bipartitionsof T,
andTX , with X � L 	 T

�

, denotethe treeobtainedby restrictingthe leaf setof T to X
andsuppressingnodesof degree2 (seeFigure2). SCM takestwo treesT1 andT2 and
returnsa treeT12 on theleafsetL 	 T1 �

�

L 	 T2 �

accordingto thefollowing procedure:

� SetX � L 	 T1
���

L 	 T2
�

. X is thebackboneandmustsatisfy
�

X
���

3.
� Computethestrict consensus,TX, of T1 andT2, eachrestrictedto theleafsetX.
� Add the remainingtaxafrom T1 andT2 into TX to form T, so asto preserve as

muchstructureaspossible.Somepieceof eachtreeT1 andT2 mayattachonto
thesameedgeof TX (causinga collision).

Figure3 illustratestheSCM algorithmon incompatibletreeswith a collision, i.e., an
edgein thebackboneto whichbothtreescontributepieces;thebackboneis highlighted
with thick edges.TheStrictConsensusMergerhandlescollisionsin thefollowing way.
If anedgee of thebackbonehasa collision, thenwe subdivide theedge,producinga
new nodeve, to whichall contributionswill beattached;in eachsubtreeT contributing
to this edge,we identify all piecesof T thatshouldattachto thatedgeandattachthem
directly to ve.

The Strict ConsensusMergerof two treesis very similar to Gordon's Strict Con-
sensusSupertree(SCS)(Gordon,1986). Whenthe treesarecompatible(thereis no
collision), thetwo methodsproducethesameoutput. However, whenthereis a colli-
sion,theSCStreecanbea strict contractionof theSCM tree,becauseit maycontract
additionaledgeslocatedwithin piecesinvolvedin thecollision.
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2.4 Optimal TreeRe�nement (OTR)

Mergingsubtreesinto supertreesusingMRPor SCMcanresultin unresolvedtrees;all
stepsup to andincludingthemergingstepareperhapsbestseenasattemptsto identify
the best-supportededges.Resolvingthe remainingpolytomies(by addingedges)so
asto minimize theparsimony scoreof the resultingtreeis theNP-hardOptimalTree
Re�nement(OTR)problem(Bonetetal.,1998).To “solve” it, wepassunresolvedtrees
asconstrainttreesto PAUP*4.0b10andusea fastMP heuristicsearchfor a resolved
tree,usingthefollowing command:
constraints c1 (monophyly) = <the unresolved tree which is used as constraint>;
set criterion=parsimony maxtrees=1 increase=no;
hsearch start=stepwise addseq=random swap=tbr hold=1 nreps=1
constraints=c1 enforce=yes;

2.5 SupertreeMethodsStudied

By varying the techniquesusedto obtainthe datasetdecompositioninto subsetsand
thoseusedto merge subtreesinto supertrees,we obtain many different divide-and-
conquermethods.For eachsuchmethod,we alsohave a choiceof parameters.We
studyDCM1 andDCM2, eachwith a supertreeconstructionphaseof MRP or SCM,
plustherandomdecompositionfollowedby MRP. (SCM canbeusedto constructsu-
pertreeson an arbitrarysetof subtrees,but the order in which the treesaremerged
canhave a big impacton the resultingsupertree;becauseof this, further researchis
neededbeforewe canunderstandhow SCM performswith randomdecompositions.)
For DCM1, weuseonly thresholdd0, whereasfor DCM2 weusebothd0 andd4. Thus
themethodswe testare:

� DCM1 � SCM 	 d0 �

� DCM2 � SCM 	 d0 �

� DCM2 � SCM 	 d4 �

� DCM1 � MRP	 d0 �

� DCM2 � MRP	 d0 �

� DCM2 � MRP	 d4 �

� RANDOM � MRP

3 Experimental Methodology

We rantwo setsof experiments.The�rst setof experimentswasdesignedto testtwo
conjectures:(i) that carefuldecompositionof the datasetis crucial to the successof
supertreemethodsandthattheDCM methodsoffer sucha carefuldecomposition;and
(ii) that theStrict ConsensusMerger (SCM) developedaspartof DCM is superiorto
MRPasasupertreeassemblytool. Thesecondsetof experimentswasdesignedto test
ourconjecturethatdivide-and-conquermethodsarea competitivealternative to global
heuristics.
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Weuselargebiologicaldatasetsto testtheseconjectures.Biologicaldatasetssuffer
from several disadvantageswhenusedin testingalgorithms: (i) we cannotproduce
“tailored” biological datasetsdesignedto test speci�c aspectsof the reconstruction
algorithms;(ii) we cannotjudgethe outcomeson the basisof accuracy (becausewe
do not know the “true” tree)andso must insteadrely on substitutecriteria, suchas
maximumparsimony scoresor maximumlikelihoodscores;and(iii) we cannotuse
themto predictbehavior on otherdatasets(becausewe do not know how to relatethe
speci�c characteristicsof one biological datasetto thoseof another). On the other
hand,biologicaldatasetsoffer datawith all thebiasesandpeculiaritiesthataresohard
to producein simulations.Thusthemainuseof “real-world” datais in spot-checking
(Moret, 2002)Ðcon�rming that predictionsmadeon the basisof simulationresults
hold for biologicaldataor pinpointingproblemswith modelswhenthedatasetsyield
incompatibleresults. In this study, we choosebiological datasetsfor two reasons:
(i) we needthem for spot-checkingour conjectures,which we derived from large-
scalesimulationstudiesthatwehavealreadyconducted(St.Johnetal.,2001;Nakhleh
et al., 2002;Moret et al., 2002);and(ii) no comparableexperimentalstudyhasbeen
conductedÐexistingreportsarelimited to smallbiologicaldatasetsor to justonelarger
dataset.

Sinceour conjecturesmayhold in signi�cant partsof theparameterspace,but not
everywhere,we study the effect of variousparametersettings. We parameterizethe
decompositionin termsof subsetsizesandmeancoverage(wherethemeancoverage
is themeannumberof subsetsin which a taxonappears).Of course,eachtaxonmust
appearin at leastonesubset,but reconstructionrequiresmeancoveragegreaterthan
1 � (otherwisewewouldobtainaforestandnotatree).Wematchthesizeandcoverage
characteristicsof randomdecompositionsto our DCM decompositionsandstudythe
variationin parsimony scoresasa functionof subsetsizesor coverage.

3.1 The Datasets

Weobtainedtenbiologicaldatasets(all biomolecularsequences)from varioussources.
Below we give a brief descriptionof eachdataset,noting the numberof sequences,
their lengths,andthe maximump-distance(normalizedHammingdistance)between
any two sequencesin theset.

1. A setof 328 ITS RNA sequences(946 sites)from the �o wering plant Astera-
caeaeobtainedfrom the Gutell Lab at the Institutefor Cellular andMolecular
Biology, TheUniversityof TexasatAustin; maxp-distance� 0

�

524.

2. A set of 439 alignedrDNA sequencesof Eukaryotes(2,461sites)(Goloboff,
1999);maxp-distance� 0

�

649.

3. A setof 476alignedMetazoanDNA sequences(1,008sites)(Goloboff, 1999);
maxp-distance� 0

�

445.

4. A setof 500alignedrbcL DNA sequences(759 sites)(Rice et al., 1997);max
p-distance� 0

�

334.

5. A setof 556aligned16SrRNA sequences(2,402sites)for theSpirochaetesclass
of Bacteria(Maidaketal., 2001);maxp-distance� 0

�

31.
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6. A setof 567“three-gene”(rbcL, atpB,and18s)alignedDNA sequences(4,592
sites)(Soltiset al., 2000);maxp-distance� 0

�

15.

7. A setof 590alignedsmallsubunitArchaearRNA sequences(1,962sites)(Wuyts
et al., 2002);maxp-distance� 0

�

382.

8. A setof 695 aligned16SrRNA sequences(2,550sites)for the Cyanobacteria
classof Bacteria(Maidaketal., 2001);maxp-distance� 0

�

219.

9. A setof 816aligned16SrRNA sequences(1,253sites)for theBi�dobacteriales
(132), Acholeplasmataceae(234), andFlexibacteraceae(family) (450) families
of Bacteria(Wuytsetal., 2002);maxp-distance� 0

�

46.

10. A setof 854 alignedrbcL DNA sequences(937 sites)(Goloboff, 1999); max
p-distance� 0

�

39.

Recall that the DCM-basedapproachesrequirea distancematrix to computethe
thresholdgraphasthe �rst stepof its computationÐandalsothat thedistancematrix
doesnot play any role in the phylogeneticreconstructionbeyond this �rst step. We
usetheKimura 2-parameter(plusGamma)(Kimura,1980;Yang,1993)distancecor-
rectionformulato computea distancematrix for eachdataset,usingparametervalues
of k � 2 anda � 1 (the “default” values). We do not needthe modelto �t the data
particularlywell, sinceit affectsonly thechoiceof edgesin thethresholdgraph;never-
theless,it is possiblethata betterdistancecorrection(suchascouldbeobtainedusing
MODELTEST(PosadaandCrandall,1998))wouldyield betterresults.In otherwords,
our resultswith theDCM-basedapproachesshouldbe regardedaspessimisticÐthey
establisha lowerbound,but aresubjectto furtherimprovement.

3.2 Implementation and Platforms

Our DCM implementationsare a combinationof C++ (which usesLEDA 4.3) and
Perl scripts; they wereoriginally written by Daniel Husonandfurther expandedby
us. Therandomdecompositionis alsoa combinationof C++ andPerlscriptsandwas
written by us. To run the MP heuristicsusedfor solving the subproblems,for MRP,
andfor OTR (optimal treere�nement),we useconstrainedsearchasimplementedin
PAUP*4.0b10(Swofford, 2002).

Our experimentswererun on two setsof processorsrunningDebianLinux: the
phylofarm clusterof 9 dual 500MHz PentiumIII processors,and 16 dual 733MHz
PentiumIII processorswhich arepart of the 132-processorSCOUTcluster. For our
runningtime analysis,we provide the runningtime (in seconds)of eachof the four
majorstepsseparately, asfollows:

� Decomposition:For theDCM-basedmethodsthis includestherunningtime for
computingandtriangulatingthe thresholdgraphand�nding the subproblems.
For therandommethodsit is thetime to form thesubproblems.

� Basemethod:This is thetotal runningtime for Slow HSonall thesubproblems.
� Merge: This is the running time to merge the subtreesinto a supertreeusing

MRPor SCM.
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� Optimal TreeRe�nement(OTR): This is the costof runningFastHS with the
(unresolved)treeobtainedin thepreviousstepasaconstrainttreein PAUP*.

We only show selecteddatain thefollowing sections;completedatafrom our experi-
mentsisavailableonourwebsiteatwww.cs.utexas.edu/users/phylo/supertree chapter/ .

4 Resultson Decompositions

4.1 Comparing Different DCMs

Webeginby examiningthesixdifferentDCM-basedapproachesde�nedin Section2.5.
Figures4 and5 show relative MP scoresandrunningtimeson the ten datasets.The
bestmethod(in termsof MP scores)is consistentlyDCM2+SCMateitherd0 or d4; the
othermethodsarenot nearlyascompetitive. (MP scoresthatarelower evenby these
smallpercentagesareoftenconsideredsigni�cant in phylogeneticanalysis.)

Furthermore,SCM is betterthanMRP at combiningsubtreesin nearlyall cases.
(Theonly exceptionis DCM1 decompositions,but thesedecompositionsarerelatively
poor and clearly not competitive.) Moreover, running times show that MRP is far
moreexpensive thanSCMÐamatterof hoursvs. seconds.Therefore,we focuson
DCM2+SCM,sinceit is clearly the bestdivide-and-conquerstrategy we tested.Our
�rst taskis to determineasuitablethreshold.Figures6 and7 (usingthedataof Figures
4 and 5) show that DCM2+SCM(d4) outperformsDCM2+SCM(d0) on most of the
ten datasets.This improvementin MP scoresaswe increasethe thresholdvalue is
consistentwith previousstudies(Husonetal.,1999b)andourrecentsimulationstudies
(not shown). Note that, aswe increasethe threshold,the maximumsubproblemsize
increases,but thenumberof subproblemsdecreases;hencethetotal runningtime may
decrease.For DCM2+SCM,whetherfor thresholdd0 or d4, by far the most costly
aspectof the reconstructionis the time spentin theMP heuristicsÐinreconstructing
treesonthesubsetsand,to a lesserextent,in theOTR phase;in contrast,theDCM and
SCM phasesarevery fast. (Thesedataarenot shown here,but areavailablefrom our
website.)

4.2 Comparing RandomDecompositions

With randomdecompositions,we must usethe MRP supertreemethod,sinceSCM
is speci�cally designedfor DCMs. Our goal hereis to understandthe effect of the
(random)decomposition,in particular, thesizeof subsetsandtheamountof coverage,
on thequalityof reconstructions.

We wantthecoverage(theaveragenumberof subsetsin whicha taxonappears)to
run from 2 � to 5 � andthesizeof thesubproblemsto rangefrom 10%to 90%of the
dataset,sowe wechoosethenumberof subproblemsto be

numberof subproblems� �oor
�

coverage� total size
subproblemsize �

So asnot to bias the subsetdecompositionany further, we set the parameterz (the
minimumoverlapsize)to 0 andlet thepairwiseoverlapbeinducedthroughthenumber
of subproblemsandsubproblemsizesaschosenabove.
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Figure4: Comparisonof theMP scoresof DCM-basedapproacheson tenbiological
datasets,normalizedwith respectto theMP scoreof DCM2+SCM(d0).
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Figure6: Theratioof theMP scoresof DCM2+SCM(d0) to thoseof DCM2+SCM(d4)
on tenbiologicaldatasets.
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Figure 7: The ratio of the running times of DCM2+SCM(d0) to those of
DCM2+SCM(d4) on tenbiologicaldatasets.
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WesolvethesubproblemsusingFastHSfor MP (seeSection2) andrunMRPusing
Medium HS for MP (de�ned by a time limit of 600 seconds).We examine5 values
of averagesubproblemsizes:10%,30%,50%,70%and90%of thedataset.For each
averagesubproblemsize,we examinecoveragesof 2 � , 3 � , 4 � and5 � . Thedetailed
resultsoneachof the10datasetsareavailableonourwebsite.Unsurprisingly, we�und
thatMRP appliedto randomdecompositiondoesmuchbetterwith largersubsetsand
somewhat betterwith increasedcoverage,aswasalsoobserved in (Bininda-Emonds
andSanderson,2001). Furthermore,asthe subproblemsizesbecomelarger, the MP
scoresof MRPonrandomdecompositionsslowly approachthoseof DCM2+SCM(d0).

4.3 DCM vs.RandomDecompositions

We now explore the relative performanceof DCM2 decompositionsandrandomde-
compositions.WerunDCM2+SCM(d0) onlyasabenchmark,but focusonDCM2+MRP(d0),
sincewe canensurethatMRP is appliedto closelycomparabledecompositions.(We
cansetthethreeparametersfor randomdecompositionsoasto producethesamenum-
berof subsetsasDCM2, with closelymatchedaveragesubsetsizesandcoverage.)We
useSlow HS for MP on thesubproblemsaswell asfor MRP andagainreporttheav-
erageover 5 runs for the randomdecomposition.Figures8 and9 plot the ratiosof
MP scores(andrunningtimes)of DCM2+MRPandof MRP on randomdecomposi-
tions to the MP scores(andrunningtimes)of DCM2+SCM.(In additionMP scores
for the treesobtainedby eachmethod,alongwith otherdetails,canbe found on our
website.) Theresultsclearly indicatethatDCM2+SCMdoesbetter, in termsof both
MP scoresandrunningtimes,thaneitherDCM2+MRPor MRP on randomdecompo-
sitions,with this lastdoing worstof all. ThusDCM2 decompositionsarebetterthan
randomdecompositionsandSCMdoesabetterjob atassemblingsupertreesfrom such
decompositionsthanMRP (scoresandresolutionarebothbetter).Moreover, MRP is
very slow: on somedatasets,the time differenceis on the orderof hoursof compu-
tation,hoursthatcouldbeusedto conducta morethoroughparsimony searchon the
subtreesor in the OTR phaseof DCM2+SCM.(We have not run suchan equal-time
comparison,but we expectthat thegapin parsimony scoresreturnedby DCM2+SCM
andtheothermethodswould bewidened.)

5 Resultson Global Heuristics

Our resultssuggestthata DCM2+SCManalysisis both fasterandmoreaccurate(in
termsof MP scores)than the other divide-and-conquermethodsstudied. How then
doesDCM2+SCM compareto a direct (global) heuristicapproach?We expect that
theDCM approachwill provebetteron thosedatasetsthatyield gooddecompositions
(into a smallnumberof substantiallysmallerdatasetswith goodoverlap),but needto
ascertainhow theDCM approachperformswhendecompositionsarepoor.

We selectedtwo datasets:the 500 rbcL datasetandthe 816-taxonrRNA dataset.
Thesetwo datasetsareselectedso asto explore how DCM2 behavesunderextreme
conditions.The �rst datasetis a poor candidatefor improvementwith DCM2: it de-
composespoorly andis not challenging(simpleheuristicsearchesquickly �nd a solu-
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Figure8: Comparisonof MP scoresof DCM-basedmethodsandRANDOM (averaged
over5 runs)normalizedwith respectto theDCM2+SCM(d0) MP scoresoneachof the
tenbiologicaldatasets.
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Figure9: Comparisonof runningtimesof DCM-basedmethodsandRANDOM (aver-
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tion within a coupleof stepsof thebestscoreknown). Theseconddataset,in contrast,
shouldenableDCM2 to yield an improvement:it decomposeswell andis quitechal-
lenging.

We �rst explore variousglobal heuristicsto identify the methodthat performs
beston the the 500 rbcL dataset;this experimentshows that the parsimony ratchet
signi�cantly improves upon other local searchheuristicsin PAUP*. We then use
the parsimony ratchetboth as a basemethodfor DCM2+SCM (yielding a method
we call DCM2-Ratchet,that also includesa �nal OTR phase)andasa global opti-
mizationheuristic,comparingthe performanceof thesemethodson eachof our two
datasets.Finally, we explore the performanceof a two-phasetechniquein which we
useDCM2+SCMto producea startingtreefor a subsequentsearch(usingtheratchet)
andwe comparetheperformanceof this two-phasetechniqueto the ratchet.For this
lastexperiment,we comparemethodsby examiningtheprogressof eachmethodover
the periodof time neededby the global parsimony ratchetto �nd the bestscorefor
eachof thetwo datasets.

5.1 Local Impr ovementHeuristics on the 500rbcL Dataset

We usethe500rbcL datasetto exploretheperformanceof variouslocal improvement
heuristics,asimplementedin asimplementedin PAUP*4.0b10.Theseincludethepar-
simony ratchetandheuristicsof theform fast-kmax-m. Thefast-kmax-mheuristicis
implementedusingthefollowing commands:
set criterion=parsimony maxtrees=k increase=no;
hsearch start=stepwise addseq=random nreps=k swap=tbr nchuck=1 chuckscore=1;
set maxtrees=m increase=no;
hsearch start=current swap=tbr nchuck=m chuckscore=no;

We use200 iterationsof the ratchet(i.e., ratchet200)andvary k andm, thuspro-
ducingthefollowing setof heuristicsto compare:

� fast100-max100
� fast500-max100
� fast1000-max100
� fast100-max1000
� fast500-max1000
� fast1000-max1000
� ratchet200

Theseheuristicsarestudiedon the500rbcL dataset,restrictedto just theparsimony-
informative sites. Thebestscorefound to dateon this datasetis 16,218.We address
two questions:how quickly doeseachheuristic�nd the bestknown scoreandhow
quickly doesit approachit?

We runeachheuristic10 timesandcollecttheaverageMP scoreat eachtimestep.
Figure10 shows theMP scoreof thebesttreefoundby eachheuristicasa functionof
timeÐupto a time beyond which noneof the heuristics�nds bettertrees. Note that
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Figure10: Comparisonof heuristicson the rbcL dataset.Eachheuristicwasrun 10
times;plottedis theaverageMP scoreat eachtime step.

thecurve for ratchet200lies strictly below thecurvesfor theothermethods:thus,at
eachtime point, ratchet200�nds shortertreesthanany of the othermethods.Also,
ratchet200�nds treeswith the lowestknown lengthwithin two hours,while theother
methodscannot�nd suchshorttrees.Thus,theratchetis muchmoreeffectivethanthe
fast-kmax-mtechniquesin �nding treeswith low MP scores.Otherexperiments(not
shown here)con�rm thattheratchetis betteronour largedatasetsthanthefast-kmax-
m heuristics.We thereforeusetheratchetasthebasemethodfor DCM2 andcompare
it againsttheglobalratchet.

5.2 Global Ratchetvs.DCM2-Ratchet on the 500rbcL Dataset

We useDCM2-Ratchetwith two differentlevelsof OTR. We usethe smallestpossi-
ble threshold(d0) andobtaindecompositionsthatminimizethemaximumsubproblem
size. Unfortunately, even the smallestthresholdyields a hugeseparatorof size411,
so that the two subsetsin the decompositionhave sizes455 and456Ðquitea poor
decomposition.(A larger thresholdcannothelp, sinceit would produceeven larger
subproblems.)We comparethesetwo variantsof DCM2-Ratchetagainst200 itera-
tionsof theglobal ratchet.Eachmethodis run 10 timesandtheaverageMP scoreat
eachtime stepis collected. Figure11 shows that the DCM2-boostedvariantsof the
ratchetareableto �nd treesalmostasgoodasthosefoundby theglobal ratchet,but
notasfast.
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Figure11: Comparisonof DCM2-Ratchetto ratchet200on Dataset#4 (averagedover
10 runs).Theaveragesubproblemsizeis 91%.

5.3 Global Ratchetvs.DCM2-Ratchet on the 816rRNA Dataset

On the816 rRNA dataset,theDCM2 decompositionat thresholdd0 produces2 sub-
problemsof sizes369and450Ðagoodresult.Unfortunately, theseparatoris tiny (just
3 nodes),which makes it dif�cult for SCM to merge treeswith suf�cient accuracy.
Therefore,wepick a largerseparator(with 36nodes)in orderto getmoreoverlap.For
thisseparator, wegetthreesubproblemsof sizes132,270,and486.

Sincethis is a larger datasetthan the 500 rbcL, we use500 iterationsof ratchet
(ratchet500)for the global analysis. The subproblemsareagaincomputedusing25
iterationsof theratchetandthreedifferentiterationcountsareusedfor theOTR phase:
ratchet5,ratchet10,andratchet25.Eachmethodis run 5 timesandthe averageMP
scoreat eachtime stepis collected. The global ratchetversion�nishes in about48
hours.Figure12 shows that,within the �rst two hours,DCM2 �nds bettertreesthan
theglobalratchet.

5.4 UsingDCM2-Ratchet for Initialization

BecauseDCM2-Ratchetis fastandreturnsgoodsolutions,it couldprove useful in a
two-phaseoptimizationprocedure,by providing stronginitial solutionsfrom which
to start a global search. To study this approach,we run the global ratchetwith the
DCM2-Ratchettreesasstartingtrees;asmight be expected,the global ratchet�nds
bettertreeswhenstartedwith theseinitial solutionsthanwhenstartedfrom scratch.
Figures13(a)and13(b) show the curve of (average)scoresasa function of time for
the global ratchetalone(startedfrom scratch)and the global ratchetappliedto the
initial solutionsreturnedby DCM2-Ratchet.For dataset#9(the816RNA dataset),for
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Figure12: Comparisonof DCM2-Ratchetto ratchet500(bestheuristic)on Dataset#9
(averagedover 5 runs). Theaveragesubproblemsizeis 36%(maximumis 60%)and
theseparatorsizeis 4%of theproblemsize.

instance,DCM2ratchet25-OTRratchet25�nds treeswith an MP scoreof 30,115within
approximately26 hours,whereasthebesttreesfoundby theglobalratchet(at theend
of 48hours)haveanMP scoreof 30,117.

6 Summary and Conclusions

We set out to explore the potentialof divide-and-conquermethodsto improve the
speedandaccuracy of maximumparsimony searches;in particular, wewantedto learn
whichdecompositionstrategiesandwhichsupertreeassemblytechniqueswork well in
suchapproaches.Our studycon�rms that divide-and-conquermethodscanspeedup
searchesfor optimalMP trees,but (unsurprisingly)only whenthedecompositionsare
good.

Thespeci�cs of thedivide-and-conquerstrategy make a largedifference.We had
alreadyshown that quartet-basedmethods(an extremeform of divide-and-conquer)
arenot competitive. We now �nd that randomdecompositionsareclearly inferior to
carefullycraftedones(e.g.,decompositionsobtainedby DCM2) andthatthestrictcon-
sensusmerger(SCM) techniquefor merging subtreesis bothmoreaccurateandmuch
fasterthan the most commonlyusedsupertreemethod,matrix representationparsi-
mony (MRP). Both approaches,however, usually requirean optimal tree-re�nement
(OTR) phasein whichthesupertreeis re�ned into abinarytree,aphaseto whichmore
attentionshouldbegivenin futurework.

The signi�canceof this studyis bothenhancedandlimited by our useof biolog-
ical datasets:we ensurerelevance,but canonly conductfairly simpletestsÐalarge
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Figure 13: Comparisonof the global ratchetstartedfrom scratchagainstthe same
startedfrom theDCM2-Ratchetsolutions.
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simulationstudy is requiredto con�rm our �ndings as well as discernmore subtle
effects. Otherresearchquestionssuggestedby this studyinclude: (i) how bestto de-
composedatasetsfor which DCM2 doesnot producea gooddecomposition?(ii) how
longshouldbasemethodsbeallowedto runonsubproblems?(iii) whatis thein�uence
of theOTR phaseontheentireprocess?and(iv) how canwebestcombinedivide-and-
conquerandglobalapproaches(in thestyleof theapproachdiscussedin Section5.4)?

All of thework in thisstudyconcernsmaximumparsimony, but divide-and-conquer
methods,includingtheDCMs,areequallyapplicableto maximumlikelihoodÐthusa
studyof DCM-ML approachesremainsto beconducted.

Finally, MP andML aresurrogateoptimizationcriteria for therealgoal,which is
topologicalaccuracy (unmeasurablein absenceof knowledgeof the “truth”), hence
conclusionsabout the accuracy of reconstructionmust await a simulationstudy, in
which the“true” treesareknown. We conjecturethat,while largedecreasesin parsi-
mony scores(or large increasesin likelihoodscores)do translateinto increasedtopo-
logical accuracy, small changesin thesescoresaroundnear-optimal valueshave a
nearlyrandomeffectontopologicalaccuracyÐin whichcasethereis nopointin spend-
ing additionaldaysof computationto improve a scoreby 0.01%andevery reasonto
deviseearlyterminationtests.

We concludewith a caveat: in reconstructinga very largetree,suchastheTreeof
Life with millionsof taxa,wemaynothavetheluxuryof choosingourdecompositionsÐ
thedata-gatheringprocessmayhavemadethatchoicefor us,at leastat thehighertax-
onomiclevels. For instance,signi�cant datamaybemissingfor many taxa,so that it
is not feasibleto analyzeall sequencesall at once.In sucha case,thedatasetdecom-
positionwill begivento usandthuswill not beadjustable(exceptfor thebreakingof
largeclusters).Wethusalsoneeda large-scaleevaluationof supertreemethodsin their
traditionaluse.
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