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Abstract

Many phylogeneticreconstructionmethodsattemptto solve hardoptimizationproblems,
such as Maximum Parsimony (MP) and Maximum Likelihood (ML); consequently, these
methodsarelimited severelyby thenumberof taxathat they canhandlein a reasonabletime
frame.A divide-and-conquerstrategy, basedupondividing a datasetinto overlappingsubsets,
constructingtreeson thesesubsets,andthenmerging theminto a treeon the full dataset,is
onepromisingapproachto overcomingthe inherentcomputationaldif�culties in large-scale
phylogeneticreconstruction.Sucha methodcombinesa carefuldatadecompositionwith the
generalapproachof supertreemethods,which assemblea singlelarge treefrom a collection
of overlappingsubtrees.In this paper, we comparea standardsupertreemethod,matrix par-
simony (MRP), to a supertreemethod(strict consensusmerger, or SCM) designedto work in
tandemwith our datasetdecompositionmethod(a disk-covering method,or DCM), on both
randomdecompositionsandDCM-produceddecompositions.Weexaminetheperformanceof
thesemethodswith respectto maximumparsimony scores,topologicalaccuracy, andrunning
time. We �nd that our DCM+SCM methodoutperformsthe otherswith respectto all these
criteria.

Contact: usman@cs.utexas.edu
Web page:http://www.cs.utexas.edu/users/usman/supertree
Keywords: diskcoveringmethods,maximumparsimony, matrixparsimony, supertree

1 Intr oduction

Many phylogeneticreconstructionmethodsattempttosolvedif�cult optimizationproblemssuchas
MaximumParsimony (MP) andMaximumLikelihood(ML) (Felsenstein,1981;Hillis etal., 1996;
Foulds& Graham,1982;Steel,1994),with theresultthata biologically acceptablephylogenetic
analysiscantakeyearsto completeononly afew hundredtaxa(see(Chaseetal., 1993;Riceetal.,
1997)for a well known example). The computationalrequirementsof large-scalephylogenetics
havemotivatedsystematiststo developalternativetechniquesfor reconstructingevolutionarytrees,
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suchasso-called“supertreemethods.” Supertreemethodscombinesmaller, overlappingsubtrees
into a larger tree; they canthususeexisting, publishedreconstructionson which thecommunity
agreesaswell ascombinethe outcomesof reconstructionon decompositionsof a large dataset.
The most popularsupertreemethodis Matrix RepresentationParsimony (MRP) (Baum,1992;
Ragan,1992),which hasbeenusedin a numberof phylogeneticstudies;Bininda-Emondsand
colleaguesexaminedthe topologicalaccuracy of reconstructionsmadewith several variantsof
MRP in simulations(Bininda-Emonds,2002;Bininda-Emonds& Sanderson,2001),while Page
comparedit to a differentmethod(basedon mincuts)(Page,2002). Beyond thesethreestudies,
little hasbeendoneto investigatetherelativeperformanceof supertreemethodsin anexperimental
setting.

In this study, we usetwo differentsupertreemethods,MRP anda method,Strict Consensus
Merger (SCM) devisedspeci�cally to complementthe DCM-2 (Disk-Covering Method)dataset
decompositiontechnique(Husonetal., 1999b).As acontrolmethod,weusearandomdecomposi-
tion intooverlappingsubsets.Wethusobtainthreedifferentmethods:DCM2+SCM,DCM2+MRP,
andRandom+MRP(wecannotcombineRandomwith SCM,sincethelatterreliesonspeci�c fea-
turesof theDCM2 decomposition).Wecomparethesemethodsonbothrealandsimulateddatasets
that rangefrom 100 to morethan1 ' 500 taxa. Our studyshows thatDCM2+SCMoutperformed
the othertwo methodsin termsof runningtime, topologicalaccuracy, andmaximumparsimony
scores.

Therestof thepaperis organizedasfollows.Wedescribeoursupertreealgorithmsin Section2.
We explain our experimentaldesign,datasets,andmodeltrees,in Section3. Finally, we discuss
our resultsin Section4.

2 Divide-and-ConquerPhylogeneticMethods

Eachof thedivide-and-conquermethodswe studyusefour stepsto constructa supertreefrom a
givendataset:

( Step1: Decomposethedatasetinto smaller, overlappingsubsets.
( Step2: Constructphylogenetictreeson the subsetsusingthe desired“base” phylogenetic

reconstructionmethod.
( Step3: Merge the subtreesinto a single(not necessarilyfully resolved) treeon the entire

dataset.
( Step4: Re�ne theresultanttreeto producea binarytree.

Steps2 and4 arethesamein all of our algorithms:we usea fastheuristicsearchfor maximum
parsimony (MP) asthe“basemethod”to constructthesubtrees,andthesameheuristicsearchfor
MP to re�ne themergedsupertreeinto a binary (i.e., bifurcating)tree. Thus,our methodsdiffer
only in termsof how they performSteps1 and3.

2.1 Data Decomposition

DCM2 decomposition The Disk-Covering Method (DCM) (Huson et al., 1999a,b;Warnow
et al., 2001;Nakhlehet al., 2001) is a family of meta-methodsfor phylogeneticreconstruction,
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Figure 1: The threestepsin PhaseI of DCM2: (a) computea clique separatorX for S (relative to the
triangulationof G ) d * q + ), producingsubproblemsA1 ,

X * A2 ,

X *.-.-.-/* Ar ,

X; (b) computea treeti for each
subproblemAi ,

X usingthechosenbasemethod;and(c) mergethecomputedsubtreesto obtainsupertree
Tq.

operatingin conjunctionwith a “basemethod”suchasmaximumparsimony or neighbor-joining.
In (Husonet al., 1999b)we describeda DCM, calledDCM2, for speedingup searchesfor Maxi-
mumParsimony trees;we usethatsameDCM here.Theinput to DCM2 is a setS 021 s1 '�3�3�3
' sn 4

of n alignedbiomolecularsequences,amatrixd containinganestimateof their interleafdistances,
anda particularq 561 di j 4

. DCM2 thencomputesa thresholdgraphG 7 d ' q8 , asfollows: thever-
ticesof G 7 d ' q8 arethetaxa,s1 ' s2 '�3�3�39' sn, andtheedgesof G 7 d ' q8 arethosepairs 7 si ' sj 8 obeying
di : j ;

q. A greedyheuristicis usedto triangulatethis graphso asto minimize theweightof the
heaviestedgeadded;let G< denotethe triangulationof G 7 d ' q8 . We thencomputea cliquesepa-
rator X of G< , which minimizesthemaximumsizeof any setde�ned asX = Ai , whereAi is one
of thecomponentsof G<?> X (Figure1). Oncewe have this separator, we computetreeson each
subproblem(thesetsX = Ai), thenmergethetreesinto a singletreewith SCM. DCM2 requiresa
particularthresholdvalue,q, which in�uencesthesizeof thesubproblemsexamined(larger val-
uestendto give larger subproblemsfor DCM2). We looked at two thresholds:d0, the smallest
thresholdfor which thethresholdgraphis connected,andd4, which is the5th thresholdof evenly
spacedvaluesbetweend0 andd9 0 max1 di j 4

. In thispaperwepresenttheresultsfor DCM2 atd0,
howeverourwebpagecontainsadditionaldataatd4.

Random decomposition Our RANDOM methoddecomposesthedatasetinto randomoverlap-
ping subsets,usingthreeparameters:the numberx of subproblems,thedesiredminimumsizey
of eachsubproblem,andthedesiredminimumsizez of thesetwiseintersectionof all subsets.Let
n = @ S@ bethenumberof taxato bedistributedamongthesubsets.Thex subsetsarepopulatedas
follows. First, z taxaare randomlyselected,andeachof thesez taxaareplacedin eachof the
subsets.For eachsubset,we thenrandomlyselectan additional 7 y > z8 taxafrom the remaining

7 n > z8 taxa. Finally, if any taxahave not beenplacedin any particularsubset,we thenaddthese
taxarandomlyto subsets.

2.2 Merging Subtrees

Matrix representationparsimony TheMRP approachencodesa setT of treesasbinarychar-
acterswith missingvalues(i.e., “partial binarycharacters”)asfollows. Let Sdenotethefull setof
taxa,andlet T beoneof the treesin thesetT ; thusT hasleaf setS0 A

S. Let e be anarbitrary
edgein T. The deletionof the edgee from T inducesa bipartitionpe on S0 into A andB. Now
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Figure2: Merging two treestogether, by �rst transformingthem(throughedgecontractions)so that they
inducethesamesubtreeson their sharedleaves.

de�ne a characterce on all of S by extendingpe with ce 7 s8B0 1 for s 5 A, ce 7 s8C0 2 for s 5 B,
andce 7 s8D0 ? for s E5 S0. ThesetC 7 T 8F021 ce @�G T 5 T ' e 5 E 7 T 8
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is thusa setof partialbinary
charactersthat encodesall topologicalconstraintsof the treesin T . Furthermore,if a supertree
existswhich exactly satis�esall theconstraintsin thesetT , thenit will have optimalparsimony
scorewith respectto C 7 T 8 . Hence,thesupertreewill be themaximumparsimony solutionfor S
on thissetof characters.

Strict consensusmerger The Strict ConsensusMerger (SCM) methodtakes two treest and
t H on possiblydifferent leaf sets,identi�es the set of leaves X that they share,and modi�es t
andt H througha minimal setof edgecontractions,so that they inducethe samesubtreeon X—
called the “backbone.” Oncethey are modi�ed in this way, the two treescan be merged: see
Figure2. A collectionof morethantwo treesis mergedsequentially, in arbitraryorder(theorder
is irrelevant).TheSCMof two treesmaynotbeunique:it maybethecasethatsomepieceof each
treeattachesontothesameedgeof thebackbone—acollision. Whena collision occurs,we allow
any attachmentsto takeplacesothattheresultanttreeagreeswith theinput trees(aftertheoriginal
edgecontraction).

2.3 PhylogeneticBaseMethod and OTR

For the basemethod,we usea fastheuristicsearchimplementedin I�JLKMIONQPSR�T for MP in which
we useonerandomsequenceadditionorder, anddo TBR branch-swappingsaving the besttree
founduntil we reacha localoptima.TheOptimalTreeRe�nement(OTR) problemis NP-hard,so
we againusea fastheuristicsearchimplementedin I�JLKMIONQPSR�T . We passtheunresolvedsupertree
asa constrainttreeto PAUP* andreceive a (usually)binary treere�ning theconstrainttree,one
that tendsto optimizethe parsimony score. We usedthe following PAUP*4.0 (Swofford, 1996)
command:

U�V�WQX
YMZ�[�\"W"Y%X]U9^`_baMV�W�V�c�d�eQf�ehgji]k�U�V�WQX
YMZ�[�\"W"Y�lMYQZ"m�m�n%o

X�m"YpU�Z�\�Y�m9Z�\�V�W"i�cM[�Z�X"\�aMV�W�epaM[�q�YQZ"m�mQX�i%^r\"W�U�Z"m�[9X�m�i�W�V%o

d�X�m�[�Z�U�dsX
Y9[�Z�Y�i�X
Y�m�c�tM\�X�mu[�v�vQX�m�w"iQZ�[�W�v�V�a2X�tQ[�c�i�Y�xMZ6d9V�f�v"i%^yW�Z"m�czX
i%^

U�V�WQX�YQZ�[�\"W�Y�X
iQU9^rm�WQ{�V�Z�U"m"i�e9mQXQo
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3 Experiments

3.1 Overview

Wehadtwo conjecturesto test:(i) thatcarefuldecompositionof thedatasetis crucialto thesuccess
of supertreemethodsandthat theDCM methodsoffer sucha carefuldecomposition;and(ii) that
thestrict consensusmergerdevelopedaspartof DCM is superiorto MRPasasupertreeassembly
tool. We testedtheseconjectureson realandsimulateddatasets.

3.2 Biological and SimulatedDatasets

Biological datasets We obtained10 biologicaldatasetsfrom varioussources,listedbelow with
thenumberof sequences,their lengths,andthemaximump-distance(normalizedHammingdis-
tance)betweenany two sequencesin theset.

1. A setof 218alignedsmallsubunit (SSU)ribosomalRNA sequences(4182characters)for a
phylogeneticallyrepresentative setof prokaryotes(Maidaket al., 2001)(maxp-distance=
0.415).

2. A set 328 ITS sequences(946 characters)from the �o wering plant Asteracaeaeobtained
from the Gutell Lab at the Institutefor CellularandMolecularBiology, The Universityof
TexasatAustin (maxp-distance= 0.524).

3. A set of 369 aligned16SrRNA sequences(2726characters)for four differentclassesof
Bacteria: Aqui�cae, Thermotogae,Deinococcus-Thermus,andNitrospira (Maidak et al.,
2001)(maxp-distance= 0.314).

4. A setof 388 aligned16SrRNA sequences(2497characters)for threedifferentclassesof
Bacteria: Planctomycetes,Chlamydiae,and Verrucomicrobia(Maidak et al., 2001) (max
p-distance= 0.456).

5. A setof 475 alignedsmall subunit EukaryoticrRNA sequences(3277characters)(Wuyts
etal., 2002)(maxp-distance= 0.575).

6. A setof 556 aligned16SrRNA sequences(2402characters)for the Spirochaetesclassof
Bacteria(Maidaketal., 2001)(maxp-distance= 0.31).

7. A set of 567 “three gene: rbcL, atpB, and 18s” alignedsequences(2497 characters)of
mostly angiospermsand and a carefully selectedgroup of gymnospermsavailable from

|M|M|

R~}M•Q€9•z‚zƒ�„…‚%}%ƒ†R�}M‡�ˆŠ‰�„…‹9Œ�Œ…•�Ž%Œ�•�Œ�•z‚9•L‘FR.’M„9ˆ (maxp-distance= 0.317).

8. A setof 590 alignedsmall subunit EukaryoticrRNA sequences(1962characters)(Wuyts
etal., 2002)(maxp-distance= 0.382).

9. A setof 695aligned16SrRNA sequences(2550characters)for theCyanobacteriaclassof
Bacteria(Maidaketal., 2001)(maxp-distance= 0.219).

10. A setof 778alignedsmallsubunit MitochondrialrRNA sequences(1836characters)(Wuyts
etal., 2002)(maxp-distance= 0.656).
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DCM-basedmethodsrequirea distancematrix to computethethresholdgraph—althoughthe
distancematrix doesnot play any role beyond that step. We usedthe Kimura 2-parameterplus
Gamma(K2P+g) distance-correctionformula (Kimura, 1980;Yang,1993)to computea distance
matrixoneachbiologicaldatasetandwe(arbitrarily)settheparametersk 0 2 anda 0 1. Because
the only effect is on the thresholdgraph,we do not needthe model to �t the dataparticularly
well—andyet it is possiblethata better�t would leadto betterreconstructions.In thatsense,our
resultsfor theDCM-basedreconstructionsaresuboptimal.

Biologically-basedmodel tr ees: We selectedmodel treesthat werebaseduponphylogenetic
reconstructionsof largebiologicaldatasets,sothatwe couldexploretopologicalaccuracy aswell
asmaximumparsimony scoresandrunningtime. Wesimulatedevolution down thesemodeltrees
underthe K2P+g model(a 0 1 ' k 0 2), andusedcorrecteddistancesin eachof our divide-and-
conquermethods.

( Archaea107tree: Our �rst biologicalmodeltreewasobtainedfrom (Maidaket al., 2001),
whichwasconstructedusingWeighborfrom RNA sequences(avg. branchlength= 0.143)

( rbcL 500tree:Thesecondbiologicalmodeltreewasconstructedusingaparsimony analysis
of acollectionof 500rbcL gene(DNA) sequencesby (Riceetal., 1997)(avg. branchlength
= 0.278).

( Mitochondria1503 tree: Lastly, we useda 1503 taxa tree obtainedfrom (Maidak et al.,
2001)(avg. branchlength= 0.227).

Randombirth deathtr ees Wegenerated400taxamodeltreesunderthebirth-deathdistribution
so that we could explore topologicalaccuracy in addition to maximumparsimony scores. We
scaledthe height of eachmodel tree to � ve different heights(low to high): 0.1, 0.25, 0.5, 1,
and2, andmultiplied the lengthsof the tree edgesby a randomvariableto deviate themfrom
ultrametricity. We generatedDNA sequencesof length2000on thesetreesusingtheKimura-2-
ParameterplusGammamodelof sequenceevolution (a 0 1 ' k 0 2).

3.3 Implementation and Platforms

Our DCM implementationsarea combinationof C++ (which usesLEDA 4.3) andPerl scripts;
they wereoriginally written by Daniel Husonandfurther expandedby us. RANDOM is alsoa
combinationof C++ andPerl scriptsandwaswritten by us. To run the MP heuristicsusedin
FASTMP, MRP andOTR, we usedI�JLKMIONQPSR�T . Our experimentswererunon modestPentium500
MHz machinesunderDebianLinux.

4 Results

We now examinetherelative performanceof DCM-basedmethodsto RANDOM-basedmethods.
In our experiments,thesupertreemethodusedby RANDOM wasalwaysMRP, soin this experi-
mentwe limit ourattentionto thosemethodsusingMRPfor supertreereconstruction.We include
DCM2 “ MPR7 d0 8 to representa DCM2 analysisusingMRP, andto enableus to investigatethe
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improvementobtainedby usingSCM insteadof MRP in assemblinga supertree.We alsode�ned
theparametersfor RANDOM soasto producethesamenumberof datasets,of approximatelythe
correctsizesandoverlapas in DCM2 7 d0 8 on all the datawe examined(SCM andMRP do not
affect thedatasetdecomposition).

We rana mediumheuristicsearchfor MRP usingTBR search,with tenrandomsequencead-
dition orders,andsaving the100besttrees,on theDCM-producedsubtrees,measuredtherunning
times,andusedthosetimesaslimits on the time spentby thesameheuristicsearchfor MRP on
thesubtreesobtainedon therandomsubsetsproducedby RANDOM; however, for thesimulated
dataon randombirth deathtreeswe did notsetsucha time limit.

Due to spacelimitations we cannotshow all our experimentalresults;seeour web pagefor
the full set of �gures and tables. All of our studies,both on real and simulateddata,showed
that DCM2+SCM outperformedthe othermethods(DCM2+MRP or RANDOM+MRP) at both
thresholds,with respectto topologicalaccuracy (on simulateddata),maximumparsimony scores,
or runningtime. Thisobservationheldonall thedatasetsweexamined,whetherrealor simulated.
Thesimulationstudyalsoshowedthattopologicalaccuracy wasalsobetterfor DCM2+SCMthan
for RANDOM+MRPandDCM2+MRP, ateitherthresholdexamined.
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Figure3: MP scoresandrunningtimecomparisonsfor DCM-basedmethodsandRANDOM (averagedover
20 runs),normalizedwith respectto theDCM2+SCM(d0) MP scoresoneachof thetenbiologicaldatasets.

Figures3, 4, and5 aresuggestive of somerelative performanceimprovementsof thevarious
DCM2 methodsoverRANDOM+MRP, at leastfor datasetdecompositionsthataresimilar to those
obtainedby DCM2 at thresholdd0. First,at this threshold,whenweconsiderMP scores,DCM2 “

SCM outperformsDCM2 “ MRPandRANDOM “ MRPhastheworstperformance.Thissuggests
that DCM2 style decompositionsmay be betterthanRANDOM decompositions,andthat when
applicable,SCM maybebetterthanMRP(SCMcannotbeusedonarbitrarilyde�nedsubproblems,
sinceit worksfrom a triangulatedgraph.)Furthermore,therunningtime of DCM2 “ SCM is less
thanthatof theothermethods(seeFigure3).

NotethatMRPis timeconsuming,whencomparedto theSCMphase.Thetimegained,on the
orderof hoursonmany of thesedatasets,couldalsobeusedto conductamorethoroughparsimony
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over 20 runs).Datageneratedfrom threebiologicaltreesareshown.
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Figure5: Comparisonof MP scoresandFP/FNratesof DCM-basedmethodsandRANDOM (averaged
over10runs).Datageneratedfrom randombirth deathtreeswith 400taxa,sequencelength2000,deviation
4, andvariousheightsareshown.

searchin thesubtreesor in theOTR phaseof DCM2+SCM—wedid not run suchanequal-time
comparison,but it is to beexpectedthat it would widenthegapin parsimony scoresbetweenthe
OTR treereturnedfrom DCM2+SCMandtheothertwo.
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5 Summary and Conclusions

We setout to understandthepotentialfor supertreemethodswith respectto improving thespeed
of maximumparsimony searches,andto learn,in particular, if methodssuchasourDisk-Covering
Methods,or “DCMs” (whichhaveaparticulardecompositionstrategy, andthencombinesubtrees
in a particularway) wereableto outperforma randomdecompositioninto subproblemsfollowed
by theMRPmethodfor combiningsubtrees.As weconjectured,weobservedthattherewereclear
advantagesto beobtainedfrom theuseof our DCMs. In all our datasets,bothrealandsynthetic,
DCM2+SCMoutperformedRANDOM+MRPandDCM2+MRP, with respectto maximumparsi-
mony scoresandrunningtime; topologicalaccuracy wasalsoimprovedby usingDCM2+SCM,as
oursimulationstudiesshowed.

Our experimentsarepreliminary in that we have examinedonly a small part of the parame-
ter spaceof phylogenetictrees;however, thesestudiesshow thepotentialfor divide-and-conquer
methodsto beimprovedby theuseof novel datasetdecompositionstrategies,andsimplesubtree
mergertechniques.

Several questionspresentthemselves for further research. First, how well do divide-and-
conquerstrategiescompareto global searchesfor maximumparsimony (in which the searchis
appliedto thefull dataset)?Secondly, the improvementobtainedin going from thesmallestpos-
siblethreshold(d0) to a largerthreshold(d4) (seewebpage)suggeststhatalternatedecomposition
techniquesmaystill befound,sothatbetterdivide-and-conquerstrategiesmaystill befound.And
sincedatasetdecompositionsaffect thequalityof supertreemethods,how shouldbiologistsde�ne
subproblems?Clearly, randomsubsetsarenothow biologistswill de�ne theirsubsets,andsostud-
ies,suchasthisone,will needto beredonewith biologicallydrivende�nitions of subproblems.

Finally, we concludeby observingthatwe studiedtheperformanceof supertreemethodswith
respectto maximumparsimony scores,andthis studyshouldberedonewith respectto othercri-
teria,suchasmaximumlikelihood,so thatwe canobserve moregeneraltrendsabouttheperfor-
manceof supertreemethods.
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