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Abstract

Mary large-scalephylogeneticreconstructiormethodsattemptto solve hard
optimizationproblems(suchas Maximum Parsimory (MP) and Maximum Lik e-
lihood (ML)), but they are severely limited by the numberof taxathatthey can
handlein a reasonabléime frame. A standarcheuristicapproacho this problem
is the divide-and-conquestratgly: decomposehe datasetinto smallersubsets,
solve the subsetdi.e., useMP or ML on eachsubseto obtaintrees),thencom-
bine the solutionsto the subsetdnto a solutionto the original dataset. This last
step,combininggiventreesinto a singletree,is knowvn assupertreeconstruction
in computationalphylogenetics. The traditional applicationof supertreemeth-
odsis to combineexisting, publishedphylogeniednto a singlephylogely. Here,
we studysupertreeonstructionin the contet of divide-and-conquemethodsor
large-scaldreereconstruction.

We study several divide-and-conqueapproachesndexperimentallydemon-
stratetheir advantageover Matrix RepresentatioRarsimory (MRP), atraditional
supertreg¢echniqueandover global heuristicssuchasthe parsimory ratchet.On
thetenlargebiologicaldatasetsinderinvestigation pur studyshavs thatthetech-
niquesusedfor dividing the datasetinto subproblemsaswell asthoseusedfor
meiging theminto a singlesolutionstronglyin uence the quality of the supertree
constructionIn mostcasespur meging technique—thétrict ConsensuMerger
(SCM)—outperformsvIRP with respecto MP scoresandrunningtime. Divide-
and-conquetechniquesrealsoa highly competitive alternatve to global heuris-
tics suchasthe parsimory ratchet,especiallyon the morechallengingdatasets.

1 Intr oduction

Supertreenethodscombinesmaller overlappingsubtreesnto alargertree. Their tra-
ditional applicationhasbeento combineexisting, publishedphylogenieson which
the communityagreesjnto a treeleaf-labeledby the entire setof species.The most
popularsupertreemethodis Matrix Representatiofarsimory (MRP) (Baum,1992;
Ragan,1992),which hasbeenusedin anumberof phylogeneticstudiegPurvis,1995;
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Bininda-Emondtal., 1999;Bininda-Emondsind Sandersorn2001;Liu etal., 2001;
Jonestal., 2002).Bininda-EmondsndcolleaguegBininda-EmondsandSanderson,
2001;Bininda-Emonds2003a)have evaluatedhebehaior of severalvariantsof MRP
on smallsimulateddatasetsvith respecto topologicalaccurag.

We study the applicationof supertreemethodsin a differentcontet: as part of
divide-and-conquemethodsthat canbe usedto solve dif cult optimizationproblems
suchasMaximumParsimory (MP) andMaximumLik elihood(ML) (Felsensteinl981;
Fouldsand Graham,1982; Steel,1994; Hillis et al., 1996). Thesetwo problemsare
sufciently hardthata biologically acceptablehylogeneticanalysiscantake a very
long time (months,perhaps)o derive. The conjecturewe studyin this paperis that
divide-and-conquestratgyies canspeedup searchedor optimal treesunderMP and
ML.

A divide-and-conquemethodfor phylogery reconstructioroperatesasfollows.

Stepl: Decomposéhe datasetnto smaller overlappingsubsets.

Step2: Constructphylogenetictreeson the subsetausing the desired“base”
phylogenetiaeconstructionrmethod.

Step3: Mergethe subtreesnto a single (not necessarilfully resohed)treeon
theentiredataset.

Step4: Re ne theresultingtreeto produceabinarytree.

Severaldivide-and-conquenethod$have beendevelopedandstudiedjncludingquartet-
basedmethods,of which QuartetPuzzling(Strimmerandvon Haeseler1996)is the
mostpopular andthefamily of Disk-CoveringMethodg(DCMs) (Husonetal.,1999a,b;
Nakhlehet al., 2001; Warnawv et al., 2001; Tangand Moret, 2003). In eachof these
methodsa supertreanethod(Step3) is usedto combinesubtreesnto a treeon the
entiredataset.Supertreeanethodsarethusan integral aspeciof a divide-and-conquer
strata@yy, but the otherthreeaspectof sucha stratayy alsoaffect accurag andspeed.
Our studyaddressethefollowing questions:

Shouldthe subtreesusedin reconstructiorbe carefully selectedn termsof the
subsetghey represenpr canthe subsetde arbitraryaslong as someoverlap
existsamongthem?

Givena x edcollectionof overlappingsubtreeswhatis the bestmethodto as-
sembletheminto a singlesupertree?

How dodivide-and-conquanethodgarewhencomparedo “global” approaches,
suchasthe heuristicMP searchein PAUP* (Swofford, 2002)?

Toinvestigatehe rst two questionsywe comparemethodghatdiffer explicitly in how
they decomposehe datasetand how they meige subtreesnto a supertree.We con-
sidertwo variantsin the DCM family (hamedDCM1 andDCM2), plus (asa control)
randomdecompositionghesedecompositionarecoupledwith MRP and/orthe Strict
Consensudlerger(the supertreenethoddevelopedfor the DCM family) to memgethe
resultingsubtreesnto a singlesupertree;nally, all combinationf methodsarefol-
lowedby are nementphaseTo ascertairwhetherdivide-and-conquespproachesan



outperform“global” approacheso solving MP or ML, we comparethe performance
of our DCM stratgyieswith the parsimoty ratchet(Nixon, 1999),oneof the bestper
forming MP heuristicsfor largedatasets.

1.1 Overview of Experimental Results

We comparehesemethodson tenbiologicaldatasetshatrangefrom 328to 854 taxa,
focusingon the questionof how techniqueausedfor datasetdecompositiorand su-
pertreereconstructiorimpactthe running time and the MP scoreof the result. We
nd thatthe DCM2+SCM methodoutperformshe othermethodson all our datasets.
The speci ¢ decompositiotechniquehasa signi cant impacton the MP scoreof the
resultingtreeaswell ason runningtime, with DCM2 clearly outperformingrandom
decompositions.Furthermore we obtainimproved MP scoresin all decomposition
stratggies (DCM and random)whenthe subproblemsre large—anobsenation that
impactstaxon-samplingstratgies. The supertreemethodusedto combinesubtrees
into a singletreeon thefull datasets alsovery important. WhenMRP andSCM are
followed by the sameresolutiontechniquein Step4, SCM generallyproducesetter
MP scoresthanMRP. The only exceptionwasfor DCM1-baseddecompositionshut
thesedecompositionarerelatively poorandnot competitive (asour resultsshaw).

Ourstudydemonstratethatthebene t of adivide-and-conqueechniquedepends
onthepropertieof thedatasetWhenthedatasetanbedecomposedell by DCM2—
into signi cantly smallersubproblemsvith goodoverlap,DCM2 providesa clearad-
vantagg(in runningtime or MP scoresasdesired).Theadwantagds mostpronounced
for challengingdatasetsgatasetsor which heuristicMP searchesake along time to
nd a rst goodsolution. We comparedDCM2-basedapproachewith the parsimory
ratchet—thebestMP global heuristicin our experiments—oriwo biological datasets:
the well-studied500 rbcL. DNA datasef(Rice et al., 1997) and a set of 816 Bacte-
rial rRNA sequenceg§Wuytset al., 2002). The rbcL datasedecomposepoorly and
is not especiallychallengingfor MP heuristics;our study shavs that DCM2 provide
no improvementover the parsimory ratchetfor this problem. In contrast,the rRNA
datasets quite challengingfor MP heuristicsbut decomposesvell; our study shavs
thatDCM2 clearlyimproveson the parsimoty ratchetfor this problem.(Interestingly
DCM2-Ratchetusingthe parsimoly ratchetasa basemethodin a DCM2 decomposi-
tion, is almostasgoodasa globalratcheton therbcL datasetin spiteof thevery poor
decomposition.)

1.2 Comparisonwith Previous Work

Bininda-Emondsindcolleague$¢Bininda-EmondsndSandersor2001;Bininda-Emonds,
2003a)studiedsupertreegeconstructiorfrom an experimentalpoint of view, focusing

on the MRP methodand using small simulateddatasets.While we also study MRP,

our focusis asmuchon decompositiorasit is on supertregeconstructiorandsowe
studyseveral othermethodsmoreaver, our testingusesbiological datasetsatherthan
simulatedones therebyforcing usto useMP scoresasour measuref accurag (since
thetruetreesfor thesedatasetarenotknown); nally , we focusonlargedatasetglim-

ited in this studyto datasetdelov 1,000taxadueto the dearthof larger published



datasets)sincetheseare the datasetwherea divide-and-conquemethodologywill
have the largestimpact.

Someof the earliestdivide-and-conquemethodsare quartet-basethethodssuch
asQuartetPuzzling(Strimmerandvon Haeseler1996),ShortQuartetmethodqErdos
etal., 1997),and QuartetCleaning(Berry et al., 1999). Quartetmethodsare at one
extremeof divide-and-conquemethods,sincethey decomposéhe datasetsnto the
smallestpossiblesubsetsfor which nontrivial treesexist—subsetof just four taxa
each. Quartet-basedhethodscannotpro tably useeitherMRP or SCM (the two su-
pertreereconstructioriechniqueave studyhere):MRP is too expensve giventhetiny
treesand SCM will usuallyreturna totally unresohedtreebecaus¢oo mary quartets
will bein conict. In an earlierstudy (St. Johnet al., 2001), we comparedvarious
quartet-basedhethodsandthe fastand simple neighborjoining method(NJ) (Saitou
andNei, 1987)on simulateddata. QuartetPuzzling,which memgesquartettreesusing
a greedyheuristic,clearly dominatedthe otherquartet-basedhethods put wasmuch
slower and clearly lessaccuratethan NJ. Theseresultssuggesthat decompositions
into tiny subsetss notpro table. Otherpublisheddivide-and-conquemethodsnclude
Compartmentalizatio@ishler, 1994),which is not fully describedandso cannotbe
implementedanda stratgy usedto analyzea biological datase{(Olsenet al., 1994),
whereagainthe decompositiorand meming stepsare not well enoughdescribedo
enableoneto implementandtestthe strateyy.

2 Divide-and-ConquerReconstructionMethods

Recallthata divide-and-conquemethodusesfour basicstepsto constructa supertree
from agivendatasetS.

Stepl: Decomposéhe datasetnto smaller overlappingsubsets.

Step2: Constructphylogenetictreeson the subsetausing the desired“base”
phylogenetiaeconstructionomethod.

Step3: Mergethe subtreesnto a single (not necessarilfully resohed)treeon
theentiredataset.

Step4: Re ne theresultingtreeto produceabinarytree.

Steps2 and 4 are the samein all of our algorithms(exceptfor our study of global

heuristicsversusdivide-and-conquemethodsin Section5). We usea slow heuristic
searclfor MP asthe“basemethod”to constructhesubtreesbut afastheuristicsearch
for MP to re ne thememgedsupertreénto a binarytree. Thus,our methoddiffer only

in how they implementStepsl and 3. Sections2.1 and2.3 describethe techniques
usedfor datadecompositiorand subtreememing. A summaryof all of the supertree
methodausedin our studyis givenin Section2.5.



2.1 Data Decomposition
2.1.1 DCM-baseddecomposition

Disk-CoveringMethods(DCMs) (Husonetal., 1999a,bNakhlehetal.,2001;Warnowv
et al., 2001) are meta-method$or phylogeneticreconstructionthey operatein con-
junctionwith a “basemethod”suchasan MP heuristicor NJ. DCMs decomposé¢he
inputsetinto smalleroverlappingsetson which subtreesrecomputedisingthe spec-
i ed basemethod. They have a dual goal: improvedaccurag andbetterspeed.Be-
causehesubsethave smallerdiametemaximumpairwisedistancehantheoriginal
datasetthey arelesslikely to causeaccurag problems;andbecausehe possiblyex-
pensvebasemethodnly haveto solve smallsubsetstheoverallalgorithmrunsfaster
Onegoalcanbestressedttheexpenseof theother;thusthereareseveral DCMs, each
of whichwasdesignedor usewith aparticularbasemethod.

The rst DCM, DCM1 (Husonetal., 1999a) wasdesignedor methodsuchasNJ,
whosetopologicalaccurag is negatively affectedby large pairwisedistancesDCM1
thusattemptsto minimize the evolutionarydiameterof eachsubproblemit produces
mary subproblemsgachwith small diametey but doesnot control the overlap be-
tweenthe subproblems.Earlier studieswe conductedand con rmed here)shoved
thatDCML1 doesnotwork particularlywell with heuristicMP asabasemethod.There-
fore,we developedDCM2 (Husonetal., 1999b) which producesa smallnumber(two
or threeis typical in experimentspresentechere)of subproblemsall of which share
onesubseDf taxaandareotherwisedisjoint. ThusDCM?2 tightly controlsthe overlap
pattern,but doesnot directly attemptto control the diameterof eachsubsetthereby
producinglargerdisksthanDCM1.

Theinputto bothDCM1 andDCM2isasetS g s, of ntaxa(typically,
alignedbiomolecularsequencesgnn  nmatrix,D  dj; , containinganestimateof
the pairwisedistancedetweerthetaxa,andathreshold—aparticularq  dj; . Both
methodsstartby computinga thresholdgraph, G d g , de ned asfollows:

Theverticesof G d q arethetaxa,s1 Sh.
Theedgeof G d q arethosepairs s s; obeyingdi; q.

Thegraphis thenminimally triangulated i.e.,edgesareaddedo thegraphuntil every
cycle of lengthat leastfour hasa chord(anedgeconnectingwo non-consecutie ver-
ticeson the cycle) (Buneman1974; Golumbic,1980),while attemptingto minimize
theweightof the largestedgeadded.Obtainingan optimal triangulationof a graphis
in generalNP-hard(Bodlaenderet al., 1992), but thresholdgraphsare usually trian-
gulatedor closeto it (Husonet al., 1999a)—andur experienceshows that even the
simplegreedyheuristicproducedriangulationghatdo not have very long edges.We
triangulatehethresholdyraphbecausdriangulatedyraphshave mary computationally
usefulpropertiesnotably:

they have alinear numberof maximalcliques(cliquesthatcannotbe increased
by addinga vertex) andthesecliquescanbe computedn polynomialtime; and

their minimal vertex separatorgminimal connectedsubgraphavhoseremoval
breaksthe graphsinto disconnectegieces)aremaximalcliques.
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Figurel: Thethreestepsof Phasd in DCM2: (a) computeclique separatoX for set
Sin thresholdgraphG d q , producingsubproblems; X, A, X,..., A X; (b)
computetreet; for eachsubproblem?; X; and(c) memgecomputedsubtreeso obtain
treeT for setS.

(In contrastthesetwo problemsareNP-hardfor generalgraphs.) Thus,the next step
in DCMs is to computethe maximalcliques.At this point, DCM1 is doneandsimply

returnsthesecliquesasthe subproblemsn the decompositionthesecliqueshave low

diameterby construction.DCM2 scansthroughthe cliquesto nd oneclique X that
minimizesmax X A, wherethe A; arethe piecesinto which the graphis broken
uponremoval of X; it thenreturnsthesubsetsX A; asthe subproblem#n thedecom-
position. Note that thesesubproblemsave a uniguecommonintersection but that
their diametercanbe muchlarger(becausef theadditionof the separatoiX) thanthat
of asubproblengeneratedyy DCM1. Figurel shavs asymbolicrepresentationf the
DCM2 decompositionWe have provedthat, aslong asthe subtreesare correctlyin-

ferredandthesubproblemarelargeenoughthe Strict Consensublerger(SCM)tech-
nique appliedto the subtreeswill producethe true tree (Husonet al., 1999a). These
theoremshave rami cations for both DCM1- and DCM2-basedstrataies, but espe-
cially for DCM1 combinedwith distance-basethethodsfor thesecombinationst is

possibleto prove nicetheoremsboutthe sequencéengthrequirementsf theresulting
methodgHusonetal., 1999a;Warnaw etal.,2001).

However, our goalin this studyis practicalratherthantheoretical:we wantto de-
velopfasterandmoreaccuratalgorithmsthatperformwell in practice We experiment
with differentdecompositiongn orderto determinewhich onesproducethe bestem-
pirical results,so thatimproved MP scoresare obtainedfaster We pick a minimum
triangulationto avoid groupingtaxathatareevolutionarily distant(which would result
in long edgesn thetriangulatedgraph).In developingthethresholdgraph,we needto
chooseathresholdg. The smallestusefulvaluefor q is do, the smallestpossiblevalue
for whichthethresholdgraphG d g is connectedthelargestpossiblevalueis simply
max dij . (Notethat,if we appliedthe algorithmto this largestvalue,we would not
obtainany decompositiorinto smallersubproblemssincethe thresholdgraphwould
alreadybeaclique.) In our experimentsve look attenequallyspaced/aluesbetween
dpanddip max dijj andrunall testswith valuesdy andds.



2.1.2 Randomdecomposition

As acontrolfor DCM2, we alsoconsideredhe effectsof decomposing dataseinto
randomoverlappingsubsetsisingthreeparametersthenumberx of subproblemsthe
desiredminimum sizey of eachsubproblemandthe desiredminimum sizez of the
pairwiseintersectionof subsetsLet n be the numberof taxato be distributedamong
thesubsetsThe x subsetarepopulatedasfollows. First, z taxaarerandomlyselected
andall of themareplacedinto eachof the subsetsFor eachsubsetwe thenrandomly
selectan additionaly ztaxafrom the remainingavailabletaxa(markingthe chosen
y ztaxaasunavailable).Finally, if any taxahave notyetbeenplacedin any particular
subsetwe addthesetaxarandomlyto subsets.The resultingdecompositiormimics
the structureof DCM2 in thatit producessubsetvith a sharedsubsetput otherwise
pairwisedisjoint.

2.2 BaseMethods: Heuristic Seaichesfor MP

Heuristicsearchefor MP treesform abasicpartof ourdivide-and-conqueareconstruc-
tionsin threeplaces:usinga basemethodon subproblemso constructsubtreesysing
MRP to memge subtreesnto a supertreeandre ning the resultingtreeinto a binary
tree. The heuristicMP search(HS) of PAUP*4.0b10(Swofford, 2002) was usedfor
theseanalysesincethedatasetsretoo large (in the hundredsfor exactoptimization.
Experimentsvereperformedon simulateddatain orderto determinghequality of the
HS neededn eachstage.

FastHS: A fastheuristicsearclin whichwe save only onetree,startingfrom one
initial randomsequencadditionordering.We usethe PAUP*4.0b10commands:
set criterion=parsimony maxtrees=1 increase=no;

hsearch start=stepwise addseg=random swap=thr hold=1 nreps=1;

MediumHS: Mediumheuristicsearctwith tenrandomsequencadditionorder
ingsand100savedtrees.We usethe PAUP*4.0b10commands:

set criterion=parsimony maxtrees=100 increase=no;

hsearch start=stepwise addseg=random swap=thr hold=1 nreps=10;

contree all/  strict=yes;

Slow HS: A slow heuristicsearchwith 100randomsequencadditionorderings
and1,000savedtrees.We usethe PAUP*4.0b10commands:

set criterion=parsimony maxtrees=100 increase=no;
hsearch start=stepwise addseg=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 alsousedthe parsimory ratchet(Nixon, 1999)in a PAUP*4.0b10implementation
written by Bininda-EmondgBininda-Emonds2003b). The ratchetis a simple and
effective heuristicfor generabptimizing searchandworksiteratively asfollows:



1. RunFastHS for MP.

2. Randomlyselect25% of the sites,settheir weightsto 2 andrun FastHS on the
perturbeddata,startingwith thetreefrom the previoussearch.

3. Resetthe site weightsto their original valuesandrun FastHS startingwith the
treefrom the previoussearch.

4. Repeastepswo andthreeasdesired.

2.3 Merging Subtrees
2.3.1 Matrix representationparsimony (MRP)

The MRP approachencodesisetT of treesasbinary charactersvith missingvalues
(i.e., “partial binary characters”andthenappliessomeheuristicfor maximumparsi-
mory on the resultingsetof sequencedUnderstandindijow MRP worksthusrequires
understandinghe encodingandtheinterpretatiorof partialbinary characters.

Let Sdenotethefull setof taxaandlet T be oneof thetreesin thesetT —thusT
hasleafsetS S Letebeanarbitraryedgein T. Deletinge from T partitionsthe
leavesof T into two setsA andB. Now de ne a characterc, onall of Shy setting

0 ifs A
Ce S 1 ifs B
? otherwise

ThesetC T Ce:. T T e ET istheMRPencodingofthesetT of trees.

Givena setof sequencede ned by partial binary characteranda candidateree
T onthesetof sequencesall ?sarereplacedby 0 or 1 in sucha way asto minimize
the parsimory scoreof thetree. If every subtreein the MRP analysisis accuratqi.e.,
topologicallyidenticalto thetruetreeinducedon its setof leases),thenthetruetreeis
oneof themaximumparsimoly trees.Hence anexactsolutionto maximumparsimotry
will returnthe true tree as one of the solutions. (This obsenation follows from the
factthatthetruetreeis a “perfectphylogery” (Bodlaendeet al., 1992)for the MRP-
encodedsetof sequences.)

For MRP, we usedSlow HS. Sincethe searchcanidentify morethanonetree of
lowestscore we returnthe strict consensusf the besttreesfound—themostresohed
treethatis acommoncontractionof thesebesttrees.

2.3.2 Strict-consensuamerger (SCM)

The Strict Consensuderger (SCM) combinesa setof treesinto a singletree. The
merging is donepairwiseuntil only onetreeis left. The speci c orderin which the
treesare merged matterswhenthe subtreesare de ned by a DCM1 decomposition,
but is irrelevantwhenthe subtreesare de ned by a DCM2 decompositionhence for
DCMz2 it sufces to describehow SCM operaten two trees. (For speci ¢s on how
SCMoperatesn aDCM1 analysissee(Husonetal., 1999a).)



Figure2: TreeT restrictedto leafset AB D E

1

Collision: 6, 7, and subtree Gordon's Strict Consensu
(8,9) connect to the same  Supertree
edge

1 2 2
—_—
\ 2 5 2 5
3 5 3 5 1 1
4 6 4 6 2 9
1 2 8
1 2 37 6 3 8
. 7 7T4 7T4
37
37 8 94
8 9 4

Figure3: Handlingcollisionsin the SCM andGordons Strict ConsensuSupertreeThe bipar
titon 1,2,3,4,5,6,7, 8,9 is presenin the supertreaunderSCM, but notin Gordons Strict
ConsensuSupertree.

LetL T denotethe setof leavesof T, C T denotethe setof bipartitionsof T,
andTx, with X L T , denotethe tree obtainedby restrictingthe leaf setof T to X
andsuppressingodesof degree2 (seeFigure?2). SCM takestwo treesT; andT, and
returnsatreeT;, ontheleafsetL Ty L T, accordingo thefollowing procedure:

SetX LTy L Tp.Xisthebadkboneandmustsatisfy X 3.
Computethestrictconsensusly, of Ty andT,, eachrestrictedto theleafsetX.

Add the remainingtaxafrom Ty and T, into Tx to form T, so asto presere as
muchstructureaspossible.Somepieceof eachtree T; and T, may attachonto
the sameedgeof Tx (causingacollision).

Figure 3 illustratesthe SCM algorithmon incompatibletreeswith a collision, i.e., an
edgein thebackbondo which bothtreescontribute piecesthebackbonas highlighted
with thick edges.The Strict ConsensuMergerhandle<ollisionsin thefollowing way.
If anedgee of the backbonéhasa collision, thenwe subdvide the edge,producinga
new nodeve, to which all contritutionswill beattachedin eachsubtreeT contributing
to this edge we identify all piecesof T thatshouldattachto thatedgeandattachthem
directly to ve.

The Strict Consensuserger of two treesis very similar to Gordons Strict Con-
sensusSupertreg SCS)(Gordon,1986). Whenthe treesare compatible(thereis no
collision), the two methodsproducethe sameoutput. However, whenthereis a colli-
sion,the SCStreecanbea strict contractionof the SCM tree,becausét may contract
additionaledgedocatedwithin piecesinvolvedin thecollision.



2.4 Optimal TreeRe nement (OTR)

Merging subtreesnto supertreesisingMRP or SCM canresultin unresolhedtrees;all

stepaupto andincludingthe memging stepareperhapdestseenasattemptdo identify
the best-supportegdges. Resolvingthe remainingpolytomies(by addingedges)so
asto minimize the parsimoty scoreof the resultingtreeis the NP-hardOptimal Tree
Re nemen{OTR)problem(Bonetetal.,1998).To “solve” it, we pasunresoledtrees
asconstrainttreesto PAUP*4.0b10and usea fastMP heuristicsearchfor a resohed
tree,usingthefollowing command:

constraints cl (monophyly) = <the unresolved tree which is used as constraint>;
set criterion=parsimony maxtrees=1 increase=no;

hsearch start=stepwise addseg=random swap=thr hold=1 nreps=1

constraints=c1 enforce=yes;

2.5 SupertreeMethods Studied

By varying the techniqueausedto obtainthe datasetdecompositiorinto subsetsand
thoseusedto meige subtreesnto supertreesye obtain mary different divide-and-
conquermethods. For eachsuchmethod,we also have a choiceof parametersWe
studyDCM1 andDCM2, eachwith a supertreeconstructionphaseof MRP or SCM,
plustherandomdecompositiorfollowed by MRP. (SCM canbe usedto constructsu-
pertreeson an arbitrary setof subtreesput the orderin which the treesare meged
canhave a big impacton the resultingsupertreepecausef this, further researchs
neededeforewe canunderstanchon SCM performswith randomdecompositions.)
For DCM1, we useonly thresholddy, whereagor DCM2 we usebothdy andd,. Thus
themethodswe testare:

DCM1 SCM dg
DCM2 SCM do
DCM2 SCM dg
DCM1 MRP dg
DCM2 MRP dg
DCM2 MRP d4

RANDOM MRP

3 Experimental Methodology

We rantwo setsof experiments.The rst setof experimentsvasdesignedo testtwo
conjectures:(i) that carefuldecompositiorof the datasets crucial to the succesof
supertreenethodsandthatthe DCM methodsoffer sucha carefuldecompositionand
(i) thatthe Strict Consensudlerger (SCM) developedaspartof DCM is superiorto
MRP asasupertreassemblyool. Thesecondsetof experimentsvasdesignedo test
our conjecturghatdivide-and-conquemethodsarea competitize alternatize to global
heuristics.
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We uselargebiologicaldatasetso testtheseconjecturesBiological datasetsuffer
from several disadantagesvhenusedin testingalgorithms: (i) we cannotproduce
“tailored” biological datasetglesignedto test speci ¢ aspectsof the reconstruction
algorithms;(ii) we cannotjudgethe outcomeson the basisof accurag (becausave
do not know the “true” tree) and so mustinsteadrely on substitutecriteria, suchas
maximumparsimoly scoresor maximumlik elihood scores;and (iii) we cannotuse
themto predictbehaior on otherdatasetgbecausave do not know how to relatethe
speci ¢ characteristicof one biological datasetto thoseof another). On the other
hand biologicaldataset®ffer datawith all thebiasesandpeculiaritieghataresohard
to producein simulations.Thusthe mainuseof “real-world” datais in spot-checking
(Moret, 2002)—con rming that predictionsmadeon the basisof simulationresults
hold for biologicaldataor pinpointing problemswith modelswhenthe datasetyield
incompatibleresults. In this study we choosebiological datasetdor two reasons:
(i) we needthem for spot-checkingour conjectureswhich we derived from large-
scalesimulationstudieghatwe have alreadyconductedSt. Johnetal.,2001;Nakhleh
etal., 2002; Moret et al., 2002); and (i) no comparablexperimentalstudy hasbeen
conducted—ristingreportsarelimited to smallbiologicaldatasetsr to justonelarger
dataset.

Sinceour conjecturesnayhold in signi cant partsof the parametespace put not
everywhere we study the effect of variousparametesettings. We parameterizéhe
decompositionn termsof subsetizesandmeancoverage(wherethe meancoverage
is the meannumberof subsetsn which ataxonappears)Of course gachtaxonmust
appeatin atleastone subsetbut reconstructiorrequiresmeancoveragegreaterthan
1 (otherwisewewouldobtainaforestandnotatree).We matchthesizeandcoverage
characteristic®f randomdecompositionso our DCM decompositiongndstudythe
variationin parsimory scoresasa functionof subsesizesor coverage.

3.1 The Datasets

We obtainedenbiologicaldatasetgall biomoleculaisequencedyom varioussources.

Below we give a brief descriptionof eachdatasetnoting the numberof sequences,
their lengths,andthe maximump-distancgnormalizedHammingdistance)etween

ary two sequencem theset.

1. A setof 3281TS RNA sequence§946 sites)from the o wering plant Astea-
caeaeobtainedfrom the Gutell Lab at the Institute for Cellular and Molecular
Biology, The Universityof Texasat Austin; maxp-distance 0 524.

2. A setof 439 alignedrDNA sequencesf Eukaryoteg2,461 sites) (Goloboff,
1999);maxp-distance 0 649.

3. A setof 476 alignedMetazoarDNA sequenceél,008sites)(Golobof, 1999);
maxp-distance 0 445.

4. A setof 500alignedrbcL DNA sequence$759 sites)(Rice et al., 1997); max
p-distance 0 334.

5. A setof 556aligned16SrRNA sequencef,402sites)for the Spirochaeteslass
of Bacteria(Maidaketal., 2001);maxp-distance 0 31.
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6. A setof 567 “three-gene’(rbcL, atpB,and18s)alignedDNA sequence§,592
sites)(Soltisetal., 2000);maxp-distance 0 15.

7. A setof 590alignedsmallsutunit ArchaeaRNA sequencefl,962sites)(Wuyts
etal., 2002);maxp-distance 0 382.

8. A setof 695aligned16SrRNA sequence§?,550sites)for the Cyanobacteria
classof Bacteria(Maidaketal., 2001);maxp-distance 0 219.

9. A setof 816aligned16SrRNA sequenceél,?253sites)for the Bi dobacteriales
(132), Acholeplasmatacea@34), and Flexibacteraceaeg@imily) (450) families
of Bacteria(Wuytsetal., 2002);maxp-distance 0 46.

10. A setof 854 alignedrbcL DNA sequence$937 sites)(Golobof, 1999); max
p-distance 0 39.

Recallthatthe DCM-basedapproachesequirea distancematrix to computethe
thresholdgraphasthe rst stepof its computation—andlsothatthe distancematrix
doesnot play ary role in the phylogeneticreconstructiorbeyond this rst step. We
usethe Kimura 2-paramete(plus Gamma)(Kimura, 1980; Yang,1993)distancecor
rectionformulato computea distancematrix for eachdatasetusingparameteralues
of k 2anda 1 (the“default” values). We do not needthe modelto t the data
particularlywell, sinceit affectsonly thechoiceof edgedn thethresholdgraph;never-
thelessit is possiblethata betterdistancecorrection(suchascould be obtainedusing
MODELTEST (PosadandCrandall,1998))wouldyield betterresults.In otherwords,
our resultswith the DCM-basedapproacheshouldbe regardedas pessimistic—thg
establishalowerbound,but aresubjectto furtherimprovement.

3.2 Implementation and Platforms

Our DCM implementationsare a combinationof C++ (which usesLEDA 4.3) and
Perl scripts; they were originally written by Daniel Husonand further expandedby
us. Therandomdecompositions alsoa combinationof C++ andPerlscriptsandwas
written by us. To run the MP heuristicsusedfor solving the subproblemsfor MRP,
andfor OTR (optimal treere nement), we useconstrainedsearchasimplementedn
PAUP*4.0b10(Swofford, 2002).

Our experimentswere run on two setsof processorsunning DebianLinux: the
phylofarm clusterof 9 dual 500MHz Pentiumlll processorsand 16 dual 733MHz
Pentiumlll processorsvhich are part of the 132-processoBCOUT cluster For our
runningtime analysis,we provide the runningtime (in seconds)pf eachof the four
major stepsseparatelyasfollows:

Decompositionfor the DCM-basednethodghis includesthe runningtime for
computingandtriangulatingthe thresholdgraphand nding the subproblems.
For therandommethodst is thetime to form the subproblems.

Basemethod:Thisis thetotal runningtime for Slow HS on all thesubproblems.

Merge: This is the runningtime to memge the subtreednto a supertreeusing
MRP or SCM.
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Optimal Tree Re nement(OTR): This is the costof running FastHS with the
(unresohed)treeobtainedn thepreviousstepasa constraintreein PAUP*,

We only shaw selecteddatain the following sectionsicompletedatafrom our experi-
mentsis availableonourwebsiteatwww.cs.utexas.edu/users/phylo/supertree _chapter/

4 Resultson Decompositions

4.1 Comparing Different DCMs

We begin by examiningthesix differentbCM-basedpproachede nedin Sectior2.5.
Figures4 and5 shaw relative MP scoresandrunningtimeson the ten datasets.The
bestmethod(in termsof MP scores)s consistentyDCM2+SCMateitherdp or dg; the
othermethodsarenot nearlyascompetitve. (MP scoreghatarelower evenby these
smallpercentageareoftenconsidereaigni cant in phylogenetianalysis.)
Furthermore SCM is betterthan MRP at combiningsubtreesn nearlyall cases.

(Theonly exceptionis DCM1 decompositiondyut thesedecompositionsrerelatively
poor and clearly not competitive.) Moreover, running times shov that MRP is far
more expensve than SCM—a matterof hoursvs. seconds. Therefore,we focuson
DCM2+SCM,sinceit is clearly the bestdivide-and-conquestratgy we tested. Our
rst taskis to determinea suitablethreshold.Figurest and7 (usingthedataof Figures
4 and5) shav that DCM2+SCM(@4) outperformsDCM2+SCM(dp) on most of the
ten datasets.This improvementin MP scoresas we increasethe thresholdvalueis
consistentvith previousstudiegHusonetal., 1999b)andourrecentsimulationstudies
(not shawvn). Note that, aswe increasethe threshold the maximumsubproblensize
increaseshut the numberof subproblemslecreasediencethetotal runningtime may
decrease.For DCM2+SCM, whetherfor thresholddg or d4, by far the most costly
aspectof the reconstructions the time spentin the MP heuristics—inreconstructing
treesonthe subsetsand,to alessemextent,in the OTR phasejn contrastthe DCM and
SCM phasesarevery fast. (Thesedataare not shovn here,but areavailablefrom our
website.)

4.2 Comparing Random Decompositions

With randomdecompositionswe must usethe MRP supertreemethod,since SCM
is speci cally designedor DCMs. Our goal hereis to understandhe effect of the
(random)decompositionin particular the sizeof subsetandtheamountof coverage,
onthequality of reconstructions.

We wantthe coverage(the averagenumberof subsetsn which ataxonappearsjo
runfrom2 to5 andthesizeof thesubproblemso rangefrom 10%to 90% of the
datasetsowe we choosethe numberof subproblemso be
coveragdotal size

subproblensize
So asnot to biasthe subsetdecompositiorary further, we setthe parameteiz (the
minimumoverlapsize)to 0 andlet thepairwiseoverlapbeinducedthroughthenumber
of subproblemsindsubproblensizesaschoserabore.

numberof subproblems oor
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We solvethesubproblemsisingFastHS for MP (seeSection2) andrun MRP using
Medium HS for MP (de ned by atime limit of 600 seconds).We examine5 values
of averagesubproblensizes:10%, 30%, 50%, 70% and90% of the datasetFor each
averagesubproblensize,we examinecoverageof2 ,3 ,4 and5 . Thedetailed
resultsoneachof the10datasetsreavailableon ourwebsite.Unsurprisinglywe und
thatMRP appliedto randomdecompositiordoesmuchbetterwith larger subsetsand
somavhat betterwith increasedcoverage,aswasalsoobsenedin (Bininda-Emonds
and Sanderson2001). Furthermoreasthe subproblensizesbecomelarger, the MP
scorenf MRP onrandomdecompositionslowly approactihoseof DCM2+SCM(o).

4.3 DCM vs.Random Decompositions

We now explore the relative performanceof DCM2 decompositiongnd randomde-
compositionsWe runDCM2+SCM(dp) only asabenchmarkbutfocusonDCM2+MRP (o),
sincewe canensurethat MRP is appliedto closelycomparablelecompositions(We
cansetthethreeparameterfor randomdecompositiorsoasto producehesamenum-
berof subsetasDCM2, with closelymatchedveragesubsesizesandcoverage.)We
useSlow HS for MP on the subproblemaswell asfor MRP andagainreportthe av-
erageover 5 runsfor the randomdecomposition.Figures8 and 9 plot the ratios of
MP scores(andrunningtimes) of DCM2+MRP and of 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.) The resultsclearly indicatethat DCM2+SCM doesbetter in termsof both
MP scoresandrunningtimes,thaneitherDCM2+MRP or MRP on randomdecompo-
sitions,with this lastdoing worst of all. ThusDCM2 decompositiongre betterthan
randomdecompositionandSCM doesa betterjob atassemblingupertreefrom such
decompositionshanMRP (scoresandresolutionare both better). Moreover, MRP is
very slow: on somedatasetsthe time differenceis on the orderof hoursof compu-
tation, hoursthat could be usedto conducta morethoroughparsimoly searchon the
subtreesr in the OTR phaseof DCM2+SCM. (We have not run suchan equal-time
comparisonput we expectthatthe gapin parsimoly scoreseturnecby DCM2+SCM
andthe othermethodsvould bewidened.)

5 Resultson Global Heuristics

Our resultssuggesthata DCM2+SCM analysisis both fasterand more accurate(in
termsof MP scores)thanthe other divide-and-conquemethodsstudied. How then
doesDCM2+SCM compareto a direct (global) heuristicapproach?We expectthat
the DCM approachwill prove betteron thosedatasetshatyield gooddecompositions
(into a smallnumberof substantiallysmallerdatasetsvith goodoverlap),but needto
ascertairhow the DCM approactperformswhendecompositionsrepoor.

We selectedwo datasetsthe 500 rbcL datasetaindthe 816-taxonrRNA dataset.
Thesetwo datasetsare selectedso asto explore how DCM2 beharesunderextreme
conditions. The rst datasefs a poor candidatdor improvementwith DCM2: it de-
composepoorly andis not challenging(simpleheuristicsearchesgjuickly nd asolu-
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tion within a coupleof stepsof thebestscoreknown). The seconddatasetin contrast,
shouldenableDCM2 to yield animprovement:it decomposewell andis quite chal-
lenging.

We rst explore various global heuristicsto identify the methodthat performs
beston the the 500 rbcL dataset;this experimentshaws that the parsimoty ratchet
signi cantly improves upon other local searchheuristicsin PAUP*.  We then use
the parsimoly ratchetboth as a basemethodfor DCM2+SCM (yielding a method
we call DCM2-Ratchetthat alsoincludesa nal OTR phase)andasa global opti-
mization heuristic,comparingthe performanceof thesemethodson eachof our two
datasets Finally, we explore the performanceof a two-phaseechniquein which we
useDCM2+SCMto producea startingtreefor a subsequergearch(usingtheratchet)
andwe comparethe performanceof this two-phasdechniqueto the ratchet. For this
lastexperimentwe comparemethodsby examiningthe progresof eachmethodover
the period of time neededby the global parsimoly ratchetto nd the bestscorefor
eachof thetwo datasets.

5.1 Local ImprovementHeuristics on the 500rbcL Dataset

We usethe 500rbcL dataseto explorethe performancef variouslocal improvement
heuristicsasimplementedn asimplementedn PAUP*4.0b10.Theseincludethe par
simory ratchetandheuristicsof the form fast-kmax-m Thefast-kmax-mheuristicis
implementedisingthefollowing commands:

set criterion=parsimony maxtrees=k  increase=no;

hsearch start=stepwise addseg=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., ratchet200andvary k andm, thuspro-
ducingthefollowing setof heuristico compare:
fast100-max100
fast500-max100
fast1000-max100
fast100-max1000
fast500-max1000
fast1000-max1000
ratchet200
Theseheuristicsare studiedon the 500 rbcL datasetrestrictedto just the parsimoty-
informative sites. The bestscorefound to dateon this dataseis 16,218. We address
two questions:how quickly doeseachheuristic nd the bestknown scoreand how
quickly doesit approacthit?
We run eachheuristic10 timesandcollectthe averageMP scoreat eachtime step.

Figure10 shavs the MP scoreof the besttreefound by eachheuristicasa function of
time—upto a time beyond which noneof the heuristics nds bettertrees. Note that

18



16228 :

<] fast100-max100
> fast500-max100
| - fastl000-max100 ||
16226y A fastL00-max1000
4 O fast500-max1000
© ﬂ@ ¢ fast1000-max1000
g 16224+ @VVWVVV O ratchet200 i
o] &
8 4 @»<><><><><> 0%
“qo: 16222+ & J
= VYAV .
3 DAAAAANNANAN
RPEBBLREO00000
o O
2 16200 > 83000000000000000000]
o)
16218 9O .
16216 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
o 2 4 6 8 10 12 14 16 18

Time (hours)

Figure 10: Comparisorof heuristicson the rbcL dataset.Eachheuristicwasrun 10
times;plottedis the averageMP scoreat eachtime step.

the curve for ratchet20dies strictly belowv the curvesfor the othermethods:thus, at

eachtime point, ratchet200nds shortertreesthanary of the other methods. Also,

ratchet200nds treeswith the lowestknown lengthwithin two hours,while the other
methodscannotnd suchshorttrees.Thus,theratchetis muchmoreeffective thanthe
fast-kmax-mtechniquesn nding treeswith low MP scores.Otherexperimentgnot

shavn here)con rm thattheratchetis betteron our large datasetshanthefast-kmax-

m heuristics.We thereforeusethe ratchetasthe basemethodfor DCM2 andcompare
it againstheglobalratchet.

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

We useDCM2-Ratchetwith two differentlevels of OTR. We usethe smallestpossi-
ble threshold(dp) andobtaindecompositionthatminimize the maximumsubproblem
size. Unfortunately even the smallestthresholdyields a hugeseparatoof size411,

so that the two subsetdn the decompositiorhave sizes455 and 456—quitea poor

decomposition.(A larger thresholdcannothelp, sinceit would produceeven larger

subproblems.)We comparethesetwo variantsof DCM2-Ratchetagainst200 itera-

tions of the globalratchet. Eachmethodis run 10 timesandthe averageMP scoreat

eachtime stepis collected. Figure 11 shows thatthe DCM2-boostedvariantsof the

ratchetareableto nd treesalmostasgoodasthosefound by the global ratchet,but

notasfast.
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Figure11: Comparisorof DCM2-Ratcheto ratchet200n Dataset#4 (averagecdover
10runs).Theaveragesubproblensizeis 91%.

5.3 Global Ratchetvs. DCM2-Ratchet on the 816rRN A Dataset

Onthe 816 rRNA datasetthe DCM2 decompositiorat thresholddg produces2 sub-
problemsof sizes369and450—agoodresult. Unfortunatelytheseparators tiny (just
3 nodes),which makesit dif cult for SCM to meme treeswith sufcient accurag.
Thereforewe pick alargerseparatofwith 36 nodes)n orderto getmoreoverlap.For
this separatqrwe getthreesubproblem®f sizes132,270,and486.

Sincethis is a larger datasethanthe 500 rbcL, we use500 iterationsof ratchet
(ratchet500¥or the global analysis. The subproblemsare againcomputedusing 25
iterationsof theratchetandthreedifferentiterationcountsareusedfor the OTR phase:
ratchet5,ratchet10,andratchet25. Eachmethodis run 5 times and the averageMP
scoreat eachtime stepis collected. The global ratchetversion nishes in about48
hours. Figure 12 shaws that, within the rst two hours,DCM2 nds bettertreesthan
theglobalratchet.

5.4 Using DCM2-Ratchetfor Initialization

BecauseDCM2-Ratchets fastandreturnsgoodsolutions,it could prove usefulin a
two-phaseoptimization procedure by providing stronginitial solutionsfrom which
to starta global search. To study this approachwe run the global ratchetwith the
DCM2-Ratchettreesas startingtrees;as might be expected,the global ratchet nds
bettertreeswhenstartedwith theseinitial solutionsthanwhen startedfrom scratch.
Figuresl13(a)and13(b) shawv the curve of (average)scoresasa function of time for
the global ratchetalone (startedfrom scratch)and the global ratchetappliedto the
initial solutionsreturnedoy DCM2-RatchetFor dataset9 (the816 RNA dataset)for
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Figure12: Comparisorof DCM2-Ratcheto ratchet50Qbestheuristic)on Dataset#9
(averagedover 5 runs). The averagesubproblensizeis 36% (maximumis 60%) and
theseparatosizeis 4% of the problemsize.

instance DCM2;4tchet250T Rratchet2s NAs treeswith an MP scoreof 30,115within
approximately26 hours,whereaghe besttreesfound by the globalratchet(at theend
of 48 hours)have anMP scoreof 30,117.

6 Summary and Conclusions

We setout to explore the potential of divide-and-conquemethodsto improve the
speecandaccuray of maximumparsimory searchesn particular we wantedto learn
whichdecompositiorstratggiesandwhich supertre@assemblyechniquesvork well in
suchapproachesOur studycon rms that divide-and-conquemethodscan speedup
searchesor optimal MP trees but (unsurprisingly)only whenthe decompositionare
good.

The speci cs of the divide-and-conquestratgly make a large difference.We had
alreadyshawn that quartet-basednethods(an extremeform of divide-and-conquer)
arenot competitve. We now nd thatrandomdecompositionsire clearly inferior to
carefullycraftedones(e.g.,decompositionsbtainedoy DCM2) andthatthestrictcon-
sensusnemer (SCM) techniqueor memging subtreess bothmoreaccurateandmuch
fasterthan the most commonly usedsupertreemethod, matrix representatiomparsi-
mory (MRP). Both approacheshaowever, usually requirean optimal tree-re nement
(OTR) phasen whichthesupertreés re ned into abinarytree,a phaseo which more
attentionshouldbe givenin futurework.

The signi cance of this studyis both enhancedndlimited by our useof biolog-
ical datasetswe ensurerelevance,but canonly conductfairly simpletests—alarge
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simulationstudy is requiredto con rm our ndings aswell asdiscernmore subtle
effects. Otherresearchyuestionssuggestedby this studyinclude: (i) how bestto de-
composedatasetsor which DCM2 doesnot producea gooddecompositionii) how
long shouldbasemethoddeallowedto runonsubproblems®iii) whatis thein uence
of the OTR phaseontheentireprocessand(iv) how canwe bestcombinedivide-and-
conquerandglobalapproachegin the style of theapproactdiscussedn Section5.4)?

All of thework in this studyconcernsnaximumparsimory, but divide-and-conquer
methodsjncludingthe DCMs, areequallyapplicableto maximumlik elihood—thusa
studyof DCM-ML approachesemaingo be conducted.

Finally, MP andML aresurrogateoptimizationcriteriafor the real goal, which is
topologicalaccurag (unmeasurablén absenceof knowledgeof the “truth”), hence
conclusionsaboutthe accurag of reconstructiomrmust await a simulation study in
which the“true” treesareknown. We conjecturethat, while large decreases parsi-
mory scoregor large increasesn likelihoodscores)o translatento increasedopo-
logical accurag, small changesn thesescoresaroundnearoptimal valueshave a
nearlyrandomeffectontopologicalaccurag—in which casethereis nopointin spend-
ing additionaldaysof computatiorto improve a scoreby 0.01%andevery reasono
deviseearlyterminationtests.

We concludewith a caveat: in reconstructing very largetree,suchasthe Treeof
Life with millions of taxa,we maynothavetheluxury of choosingourdecompositions—
thedata-gatheringrocessnay have madethatchoicefor us, atleastat the highertax-
onomiclevels. For instance signi cant datamay be missingfor mary taxa,sothatit
is not feasibleto analyzeall sequenceall at once. In sucha case the datasetlecom-
positionwill begivento usandthuswill notbe adjustablgexceptfor the breakingof
largeclusters) We thusalsoneeda large-scalevaluationof supertreanethodsn their
traditionaluse.
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