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Abstract

Many phylogenetiaeconstructiormethodsattemptto solve hardoptimizationproblems,
such as Maximum Parsimory (MP) and Maximum Likelihood (ML); consequentlythese
methodsarelimited seserely by the numberof taxathatthey canhandlein areasonabléime
frame.A divide-and-conquestratgy, basedupondividing a datasetnto overlappingsubsets,
constructingtreeson thesesubsetsandthen meging theminto a treeon the full datasetjs
onepromisingapproacho overcomingthe inherentcomputationatif culties in large-scale
phylogenetiaeconstruction Sucha methodcombinesa carefuldatadecompositiorwith the
generalapproactof supertreemethodswhich assemblea singlelarge treefrom a collection
of overlappingsubtrees.n this papey we comparea standardsupertreemethod,matrix par
simory (MRP), to a supertreanethod(strict consensuseger, or SCM) designedo work in
tandemwith our datasetdecompositiormethod(a disk-covering method,or DCM), on both
randomdecompositionandDCM-producedlecompositionsWe examinethe performancef
thesemethodswith respecto maximumparsimon scorestopologicalaccurag, andrunning
time. We nd thatour DCM+SCM methodoutperformsthe otherswith respectto all these
criteria.
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1 Intr oduction

Many phylogenetigeconstructiomethodsattempto solvedif cult optimizationproblemssuchas
MaximumParsimoty (MP) andMaximumLik elihood(ML) (Felsenstein1981;Hillis etal., 1996;
Foulds& Graham,1982;Steel,1994),with the resultthata biologically acceptablghylogenetic
analysiscantake yearsto completeononly afew hundredaxa(see(Chaseetal., 1993;Riceetal.,
1997)for a well known example). The computationafrequirement®f large-scalephylogenetics
have motivatedsystematistso developalternatvetechniquegor reconstructingvolutionarytrees,
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suchasso-called‘supertreemethods. Supertreanethodscombinesmaller overlappingsubtrees
into a larger tree; they canthususeexisting, publishedreconstruction®n which the community
agreesaswell ascombinethe outcomesof reconstructioron decomposition®f a large dataset.
The most popularsupertreemethodis Matrix Representatioffarsimory (MRP) (Baum, 1992;

Ragan,1992), which hasbeenusedin a numberof phylogeneticstudies;Bininda-Emondsand

colleaguesxaminedthe topologicalaccurag of reconstructionsnadewith sereral variantsof

MRP in simulations(Bininda-Emonds2002; Bininda-Emonds& Sanderson2001), while Page
comparedt to a differentmethod(basedon mincuts)(Page,2002). Beyond thesethreestudies,
little hasbeendoneto investigataherelative performancef supertreenethodsn anexperimental
setting.

In this study we usetwo differentsupertreemethods MRP anda method,Strict Consensus
Merger (SCM) devised speci cally to complementhe DCM-2 (Disk-Covering Method) dataset
decompositiotechniqugHusonetal., 1999b).As acontrolmethod we usearandomdecomposi-
tioninto overlappingsubsetsWethusobtainthreedifferentmethodsDCM2+SCM,DCM2+MRR,
andRandom+MRRwe cannotcombineRandomwith SCM, sincethelatterrelieson speci c fea-
turesof theDCM2 decomposition)We comparghesemethodnbothrealandsimulateddatasets
thatrangefrom 100to morethan1 500taxa. Our study shavs that DCM2+SCM outperformed
the othertwo methodsin termsof runningtime, topologicalaccurag, and maximumparsimory
scores.

Therestof thepaperis organizedasfollows. We describeour supertrealgorithmsin Section2.
We explain our experimentaldesign,datasetsand modeltrees,in Section3. Finally, we discuss
our resultsin Section4.

2 Divide-and-ConquerPhylogeneticMethods

Eachof the divide-and-conquemethodswe studyusefour stepsto constructa supertredrom a
givendataset:

Stepl: Decomposé¢he datasetnto smaller overlappingsubsets.

Step2: Constructphylogenetidreeson the subsetaisingthe desired*base” phylogenetic
reconstructioomethod.

Step3: Merge the subtreesnto a single (not necessarilffully resohed) tree on the entire
dataset.

Step4: Re ne theresultantreeto produceabinarytree.

Steps2 and4 arethe samein all of our algorithms:we usea fastheuristicsearchfor maximum
parsimoly (MP) asthe“basemethod”to constructhe subtreesandthe sameheuristicsearchfor
MP to re ne the meigedsupertreanto a binary (i.e., bifurcating)tree. Thus,our methodsdiffer
only in termsof how they performStepsl and3.

2.1 Data Decomposition

DCM2 decomposition The Disk-Covering Method (DCM) (Husonet al., 1999a,b;Warnov
etal., 2001;Nakhlehet al., 2001)is a family of meta-method$or phylogenetiaeconstruction,
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Figure 1. Thethreestepsin Phasel of DCM2: (a) computea clique separatoiX for S (relative to the
triangulationof G d q ), producingsubproblem#\; X A, X Ar  X; (b) computeatreet; for each
subproblemd; X usingthe choserbasemethod;and(c) melgethe computedsubtreedo obtainsupertree
Tq.

operatingn conjunctionwith a “basemethod”suchasmaximumparsimoly or neighbofjoining.
In (Husonetal., 1999b)we describeca DCM, calledDCM2, for speedingup searche$or Maxi-
mum Parsimoty trees;we usethatsameDCM here. Theinputto DCM2isasetS s Sh
of nalignedbiomolecularsequences matrixd containinganestimateof theirinterleafdistances,
andaparticularg  djj . DCM2 thencomputesa thresholdgraphG d q , asfollows: the ver
ticesof G d q arethetaxa,s; s Sh, andtheedgesof G d q arethosepairs s sj obeying
dij; g. A greedyheuristicis usedto triangulatethis graphso asto minimize the weight of the
heariestedgeadded;let G denotethe triangulationof G d g . We thencomputea clique sepa-
rator X of G , which minimizesthe maximumsizeof ary setde ned asX A;, whereA; is one
of thecomponent®f G X (Figurel). Oncewe have this separatqrwe computetreeson each
subprobleni{thesetsX A), thenmeigethetreesinto asingletreewith SCM. DCM2 requiresa
particularthresholdvalue,q, which in uencesthe size of the subproblem&xamined(larger val-
uestendto give larger subproblemgor DCM2). We looked at two thresholds:dg, the smallest
thresholdfor which thethresholdgraphis connectedandd,, which is the 5th thresholdof evenly
spaced/aluesbetweerdg anddg max d;j . In this paperwe presentheresultsfor DCM2 at dy,
however our web pagecontainsadditionaldataat d,.

Random decomposition Our RANDOM methoddecomposethe dataseinto randomoverlap-
ping subsetsusingthreeparametersthe numberx of subproblemsthe desiredminimum sizey
of eachsubproblemandthe desiredminimumsizez of the setwiseintersectiorof all subsetsLet
n =S bethenumberof taxato be distributedamongthe subsets.The x subsetsare populatedas
follows. First, z taxaarerandomlyselectedand eachof thesez taxaare placedin eachof the
subsets.For eachsubsetwe thenrandomlyselectan additional y z taxafrom theremaining

n z taxa.Finally, if any taxahave notbeenplacedin any particularsubsetwe thenaddthese
taxarandomlyto subsets.

2.2 Merging Subtrees

Matrix representationparsimony TheMRP approactencodessetT of treesasbinarychar
acterswith missingvalues(i.e., “partial binary characters”psfollows. Let Sdenotethefull setof
taxa,andlet T be oneof thetreesin thesetT ; thusT hasleafsetS S Lete beanarbitrary
edgein T. The deletionof the edgee from T inducesa bipartition pe on & into A andB. Now
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Figure2: Merging two treestogetherby rst transformingthem (throughedgecontractionsko that they
inducethe samesubtree®ntheir sharedeaves.

de ne a characterce on all of Sby extendingpe withce s 1fors A, ces 2fors B,

andce s ?fors . ThesetC T cec T T e ET isthusasetof partialbinary
characterghat encodesall topologicalconstraintof the treesin T. Furthermorejf a supertree
exists which exactly satis esall the constraintsn the setT , thenit will have optimal parsimory

scorewith respecto C T . Hence the supertreawill be the maximumparsimolry solutionfor S

onthis setof characters.

Strict consensugmerger The Strict ConsensudMerger (SCM) methodtakes two treest and
t on possiblydifferentleaf sets,identi es the set of leaves X that they share,and modi es t
andt througha minimal setof edgecontractionsso thatthey inducethe samesubtreeon X—
calledthe “backbon€. Oncethey are modi ed in this way, the two treescanbe melged: see
Figure2. A collectionof morethantwo treesis melgedsequentiallyin arbitraryorder(the order
isirrelevant). The SCM of two treesmaynotbeunique:it maybethe casethatsomepieceof each
treeattache®ntothe sameedgeof the backbone—aollision. Whena collision occurs,we allow
ary attachmento take placesothattheresultantreeagreesith theinputtrees(aftertheoriginal
edgecontraction).

2.3 PhylogeneticBaseMethod and OTR

For the basemethod,we usea fastheuristicsearchimplementedn for MP in which

we useonerandomsequenceadditionordetr anddo TBR branch-svappingsaving the besttree

founduntil we reachalocal optima. The Optimal TreeRe nement(OTR) problemis NP-hard,so

we againusea fastheuristicsearchmplementedn . We passthe unresoledsupertree
asa constrainttreeto PAUP* andreceve a (usually) binary treere ning the constraintiree,one

that tendsto optimize the parsimoly score. We usedthe following PAUP*4.0 (Swofford, 1996)

command:



3 Experiments

3.1

Overview

We hadtwo conjectureso test: (i) thatcarefuldecompositiorof thedatasets crucialto thesuccess
of supertreanethodsandthatthe DCM methodsoffer sucha carefuldecompositionand(ii) that
thestrict consensumemgerdevelopedaspartof DCM is superiorto MRP asa supertreeassembly
tool. We testedtheseconjectureon realandsimulateddatasets.

3.2

Biological and Simulated Datasets

Biological datasets We obtainedl0 biological dataset$rom varioussourcesl|isted belov with
the numberof sequencegheir lengths,andthe maximump-distancgnormalizedHammingdis-
tance)betweenrary two sequence the set.

1.

10.

A setof 218alignedsmallsutunit (SSU)ribosomalRNA sequencegt1l82charactersjor a
phylogeneticallyrepresentatie setof prokaryotegMaidak et al., 2001) (max p-distance=
0.415).

. A set328 ITS sequence$946 charactersfrom the o wering plant Asteracaeaebtained

from the Gutell Lab at the Institute for Cellularand MolecularBiology, The University of
Texasat Austin (maxp-distance= 0.524).

. A setof 369 aligned16SrRNA sequence$2726 charactersfor four differentclassesof

Bacteria: Aqui cae, ThermotogaeDeinococcus-Thermusnd Nitrospira (Maidak et al.,
2001)(maxp-distance= 0.314).

. A setof 388 aligned16SrRNA sequence$2497 charactersjor threedifferentclasseof

Bacteria: PlanctomycetesChlamydiae,and VerrucomicrobiaMaidak et al., 2001) (max
p-distance= 0.456).

. A setof 475 alignedsmall sukunit EukaryoticrRNA sequence§3277 characters)Wuyts

etal., 2002)(maxp-distance= 0.575).

. A setof 556 aligned16SrRNA sequence§2402 charactersjor the Spirochaeteslassof

Bacteria(Maidaketal., 2001)(maxp-distance= 0.31).

. A setof 567 “three gene: rbcL, atpB, and 18s” aligned sequence$2497 characterspf

mostly angiospermsand and a carefully selectedgroup of gymnospermsavailable from
(maxp-distance= 0.317).

. A setof 590 alignedsmall sukunit EukaryoticrRNA sequence$l1962 charactersjWuyts

etal., 2002)(maxp-distance= 0.382).

. A setof 695aligned16SrRNA sequencef550charactersjor the Cyanobacterialassof

Bacteria(Maidaketal., 2001)(maxp-distance= 0.219).

A setof 778alignedsmallsubunit MitochondrialrRNA sequencegl836charactersjWuyts
etal., 2002)(maxp-distance= 0.656).



DCM-basedmethodsequirea distancematrix to computethe thresholdgraph—althouglthe
distancematrix doesnot play ary role beyond that step. We usedthe Kimura 2-parameteplus
Gamma(K2P+g) distance-correctioformula (Kimura, 1980;Yang,1993)to computea distance
matrix on eachbiologicaldataseandwe (arbitrarily) settheparameter&k 2anda 1. Because
the only effect is on the thresholdgraph,we do not needthe modelto t the dataparticularly
well—andyetit is possiblethata better t would leadto betterreconstructionsin thatsensepur
resultsfor the DCM-basedeconstructionaresuboptimal.

Biologically-basedmodel trees: We selectedmodel treesthat were basedupon phylogenetic
reconstructionsf large biological datasetssothatwe could exploretopologicalaccurag aswell
asmaximumparsimoly scoresandrunningtime. We simulatedevolution down thesemodeltrees
underthe K2P+gmodel(a 1k 2), andusedcorrecteddistancesn eachof our divide-and-
conguemethods.

ArchaealQ7tree: Our rst biologicalmodeltreewasobtainedfrom (Maidaketal., 2001),
whichwasconstructedisingWeighborfrom RNA sequencegvg. branchlength=0.143)

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

Mitochondrial503tree: Lastly, we useda 1503 taxatree obtainedfrom (Maidak et al.,
2001)(avg. branchlength=0.227).

Randombirth deathtrees We generatedO0taxamodeltreesunderthebirth-deathdistribution
so that we could explore topologicalaccurag in additionto maximumparsimoly scores. We
scaledthe height of eachmodeltreeto ve differentheights(low to high): 0.1, 0.25,0.5, 1,
and 2, and multiplied the lengthsof the tree edgesby a randomvariableto deviate them from
ultrametricity We generateddNA sequencesf length2000on thesetreesusingthe Kimura-2-
Parameteplus Gammamodelof sequencevolution(a 1k 2).

3.3 Implementation and Platforms

Our DCM implementationsare a combinationof C++ (which usesLEDA 4.3) and Perl scripts;
they were originally written by Daniel Husonand further expandedoy us. RANDOM is alsoa
combinationof C++ and Perl scriptsand was written by us. To run the MP heuristicsusedin
FASTMP, MRP andOTR, we used . Our experimentsvererun on modestPentium500
MHz machinesunderDebianLinux.

4 Results

We now examinetherelative performanceof DCM-basednethodso RANDOM-basedmethods.
In our experimentsthe supertreenethodusedoy RANDOM wasalwaysMRP, soin this experi-
mentwe limit our attentionto thosemethodsusingMRP for supertreeeconstructionWe include
DCM2 MPRdy to represena DCM2 analysisusingMRP, andto enableusto investigatethe
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improvementobtainedby usingSCM insteadof MRP in assembling supertree We alsode ned
the parameteréor RANDOM soasto producethe samenumberof datasetsof approximatelythe
correctsizesandoverlapasin DCM2 dp on all the datawe examined(SCM and MRP do not
affectthedatasetlecomposition).

We rana mediumheuristicsearchfor MRP using TBR searchwith tenrandomsequenced-
dition orders,andsaving the 100besttrees,onthe DCM-producedsubtreesmeasuredherunning
times,andusedthosetimesaslimits on the time spentby the sameheuristicsearchfor MRP on
the subtreebtainedon the randomsubsetproducedoy RANDOM; however, for the simulated
dataon randombirth deathtreeswe did not setsuchatime limit.

Due to spacelimitations we cannotshow all our experimentalresults;seeour web pagefor
the full setof gures andtables. All of our studies,both on real and simulateddata, shoved
that DCM2+SCM outperformedhe other methods(DCM2+MRP or RANDOM+MRP) at both
thresholdsyith respecto topologicalaccurag (on simulateddata),maximumparsimoly scores,
or runningtime. This obsenationheldon all the datasetsve examined whethermreal or simulated.
The simulationstudyalsoshavedthattopologicalaccurag wasalsobetterfor DCM2+SCMthan
for RANDOM+MRP andDCM2+MRR at eitherthresholdexamined.
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Figure3: MP scoresaandrunningtime comparisongor DCM-basednethodsandRANDOM (averagedver
20runs),normalizedwith respecto the DCM2+SCM(@g) MP scoreson eachof thetenbiologicaldatasets.

Figures3, 4, and5 aresuggestre of somerelative performanceamprovementsof the various
DCM2 methodsover RANDOM+MRP, atleastfor datasetiecompositionthataresimilarto those
obtainedoy DCM2 atthresholddg. First, atthisthresholdwhenwe considetMP scoresDCM?2
M outperformdDCM2 MRPandRANDOM MRPhastheworstperformanceThis suggests
that DCM2 style decompositionsnay be betterthanRANDOM decompositionsandthat when
applicable SCM maybebettethanMRP (SCM cannotbeusedonarbitrarilyde ned subproblems,
sinceit worksfrom atriangulatedyraph.) Furthermoretherunningtime of DCM2 SCM is less
thanthatof the othermethodqseeFigure3).

NotethatMRP is time consumingwhencomparedo the SCM phase Thetime gained,onthe
orderof hoursonmary of thesedatasets;ouldalsobeusedto conductamorethoroughparsimory
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Figure4: Comparisonof MP scoresand FP/FNratesof DCM-basedmethodsand RANDOM (averaged
over 20runs).Datageneratedrom threebiologicaltreesareshavn.
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Figure5: Comparisorof MP scoresand FP/FNratesof DCM-basedmethodsand RANDOM (averaged
over 10runs).Datageneratedrom randombirth deathtreeswith 400taxa,sequencéength2000,deviation
4, andvariousheightsareshawvn.

searchin the subtreesr in the OTR phaseof DCM2+SCM—wedid not run suchan equal-time
comparisonput it is to be expectedthatit would widenthe gapin parsimoly scoresbetweerthe
OTR treereturnedrom DCM2+SCMandthe othertwo.



5 Summary and Conclusions

We setout to understandhe potentialfor supertreemethodswith respecto improving the speed
of maximumparsimoty searchesandto learn,in particular if methodsuchasour Disk-Covering
Methods,or “DCMs” (which have a particulardecompositiorstratgy, andthencombinesubtrees
in a particularway) wereableto outperforma randomdecompositionnto subproblemgollowed
by the MRP methodfor combiningsubtreesAs we conjecturedye obsenedthattherewereclear
adwantagego be obtainedfrom the useof our DCMs. In all our datasetsbothrealandsynthetic,
DCM2+SCMoutperformedRANDOM+MRP andDCM2+MRR with respecto maximumparsi-
mory scoresandrunningtime; topologicalaccurag wasalsoimprovedby usingDCM2+SCM,as
our simulationstudiesshaved.

Our experimentsare preliminaryin that we have examinedonly a small part of the parame-
ter spaceof phylogenetidrees;however, thesestudiesshow the potentialfor divide-and-conquer
methodgo beimprovedby the useof novel datasetlecompositiorstratgies,andsimplesubtree
meigertechniques.

Several questionspresentthemseles for further research. First, how well do divide-and-
conquerstratgies compareto global searchedor maximumparsimory (in which the searchis
appliedto the full dataset)?Secondlytheimprovementobtainedin going from the smallestpos-
siblethreshold(dp) to alargerthresholdds) (seewebpage)suggestshatalternatadecomposition
techniquesnaystill befound,sothatbetterdivide-and-conquestratgiesmaystill befound. And
sincedatasetlecompositionaffect the quality of supertreenethodshow shouldbiologistsde ne
subproblems®learly randomsubsetsrenothow biologistswill de ne theirsubsetsandsostud-
ies,suchasthis one,will needto beredonewith biologically drivende nitions of subproblems.

Finally, we concludeby observingthatwe studiedthe performancef supertreenethodswith
respecto maximumparsimoly scoresandthis studyshouldbe redonewith respecto othercri-
teria, suchasmaximumlik elihood,so thatwe canobsene moregeneralrendsaboutthe perfor
manceof supertreanethods.
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