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ABSTRACT

Phylogenies(thatis, tree-of-liferelationships)derivedfrom geneorderdatamayprovecrucialin answeringsomefundamental
openquestionsin biomolecularevolution. Real-world interestis strongin determiningtheserelationships. For example,
pharmaceuticalcompaniesmayusephylogeny reconstructionin drugdiscoveryfor �nding plantswith similargeneproduction.
Healthorganizationsstudythe evolution andspreadof virusessuchasHIV to gain understandingof future outbreaks.And
governmentsareinterestedin aidingtheproductionof foodstuffs likerice,wheat,andcorn,by understandingthegeneticcode.
Yet very few techniquesareavailablefor suchphylogeneticreconstructions.Appropriatetools for analyzingsuchdatamay
helpresolvesomedif�cult phylogeneticreconstructionproblems;indeed,this new sourceof datahasbeenembracedby many
biologistsin their phylogeneticwork.

With therapidaccumulationof wholegenomesequencesfor awidediversityof taxa,phylogeneticreconstructionbasedon
changesin geneorderandgenecontentis showing promise,particularlyfor resolvingdeep(i.e., old) branches.However, re-
constructionfrom gene-orderdatais evenmorecomputationallyintensive thanreconstructionfrom sequencedata,particularly
in groupswith largenumbersof genesandhighly rearrangedgenomes.We havedevelopedasoftwaresuite,GRAPPA, thatex-
tendsthebreakpointanalysis(BPAnalysis)methodof Sankoff andBlanchettewhile runningmuchfaster:in arecentanalysisof
acollectionof chloroplastdatafor speciesof Campanulaceaeona512-processorLinux superclusterwith Myrinet,weachieved
a one-million-fold speedupover BPAnalysis. GRAPPA currentlycanuseeitherbreakpointor inversiondistance(computed
exactly) for its computationandrunsonsingle-processormachinesaswell asparallelandhigh-performancecomputers.

Keywords: high-performancecomputing,computationalgenomics,phylogeny reconstruction,breakpointanalysis,generear-
rangement,drugdiscovery

1. INTRODUCTION

Curiosityabouttheoriginsof speciesandtheirevolutionaryhistoryhasmotivatedmany biologistsandnaturalhistorianstostudy
phylogenetics.Phylogeneticsattemptsto reconstruct,from dataabouta collectionof modernspecies,a plausibleevolutionary
history for thegroup,a history that is mostoften representedby a bifurcating(binary) tree,calleda phylogeny. Today, such
phylogeniesarereconstructedfrom molecularandgeneticdatawith thehelpof computersandareproving to beessentialtools
in thepharmaceuticalindustry.

In thispaper, webrie�y introducephylogenies,survey someof themainreconstructionmethodsandthedatathey use,then
list someof themostprominentindustrialusesof phylogeny reconstruction,mostof which necessitatedsigni�cant computing
efforts. We thenpresentsomeof our own work in reconstructingphylogeniesfrom gene-orderdata,work that resultedin the
widely usedsoftwaresuiteGRAPPA, discussingthehigh-performanceaspectsof our designandour implementation.

Theorganizationof this paperis asfollows. Section2 introducesphylogenies,while Section3 surveys existing commer-
cial applicationsof phylogeny reconstruction,andSection4 brie�y reviews theprincipal computationalmethodsusedin the
reconstructionof phylogenies.Section5 givesan overview of algorithmengineering,an emerging disciplinethat addresses
methodologiesby whichmodernalgorithmdesignscanbetransformedinto ef�cient androbustcode.Section6 illustratesthis

Correspondence:D. A. Bader:e-mail: dbader@eece.unm.edu , telephone:+1.505.277.6724,URL: http://hpc.eece.unm.edu/
B.M.E. Moret: e-mail: moret@cs.unm.edu , telephone:+1.505.277.5699,URL: http://www.cs.unm.edu/ � moret
L. Vawter: e-mail: lisa vawter@sbphrd.com , telephone:+1.610.270.6357



Tobacco

Platycodon

Cyananthus

Codonopsis

Triodanus

Asyneuma

Legousia

Adenophora

Campanula

Symphyandra

Trachelium

Merciera

Wahlenbergia
2.42

0.18

2.82
0.77

3.22

3.39

1.61
1.28

2.59

4.68

3.32
2.22

10.75

2.25

0.78

4.34

1.75

4.25

1.61

0.83

0.063

0.94
0.23

EHV2HVS

KHSV

EHV1

HSV2

HSV1

VZV

HCMV

EBV

HHV7

HHV6

PRV

Figure1. Two phylogenies:someplantsof theCampanulaceaefamily (left) andsomeHerpesvirusesaffectinghumans(right)

approachaswasappliedby membersof ourgroupto anexistingstrategy for phylogeny reconstructionfrom gene-orderdata—
startingwith themethodof breakpointanalysisof Sankoff andBlanchette1 andproducingthesoftwaresuitecalledGRAPPA
(see,e.g.,2), whichrunsat leastthreeordersof magnitudefasterandparallelizesextremelywell.3 Section7 concludeswith our
personaltakeonthecurrentimpactof high-performancecomputingappliedto discreteoptimizationproblemsin computational
biology

2. PHYLOGENIES

A phylogeny is a reconstructionof theevolutionaryhistoryof a collectionof organisms;it usuallytakestheform of anevolu-
tionarytree,in whichmodernorganismsareplacedat theleavesandancestralorganismsoccupy internalnodes,with theedges
of thetreedenotingevolutionaryrelationships.Figure1 shows two proposedphylogenies,onefor severalspeciesof theCam-
panulaceae(bluebell�o wer) family andtheotherfor Herpesvirusesthatareknown to affect humans.In theleft-hand�gure,
estimatesof evolutionarydistanceareusedto label eachedge;in the right-hand�gure, the lengthof eachedgeis scaledto
representthatdistance.Neitherphylogeny showsthepossiblecharacteristicsof ancestralspeciesat theinternalnodes,although
somephylogeny reconstructions(aswe shallsee)infer suchcharacteristics.

Reconstructingphylogeniesis amajorcomponentof modernresearchprogramsin many areasof biologyandmedicine(as
well aslinguistics). Scientistsareof courseinterestedin phylogeniesfor theusualreasonsof scienti�c curiosity. An under-
standingof evolutionarymechanismsandrelationshipsis at theheartof modernpharmaceuticalresearchfor drugdiscovery, is
helpingresearchersdevelopdefensesagainstrapidly mutatingvirusessuchasHIV, is at thebasisof thedesignof genetically
enhancedorganisms,etc. In developingsuchanunderstanding,thereconstructionof phylogeniesis a crucial tool, asit allows
oneto testnew modelsof evolution.

3. COMMERCIAL ASPECTSOF PHYLOGENY RECONSTRUCTION

Simpleidenti�cation of organismsvia phylogeny has,to date,yieldedmorepatent�lings thanany otheruseof phylogeny in
industry. Justasa public healthentomologistmight keepa referencecollectionof mosquitoesor ticks to aid in identi�cation,
so do many industry bioinformaticianskeepcollectionsof genesequences.When a microorganismof unknown origin is
discovered,the �nal identi�cation is generallydonevia sequencing.If thegenesequencefrom theorganismof interestdoes
not matcha sequencealreadyin thecollection,inferenceof closerelativesto thatorganismis donevia phylogeny. Sequence
motifs uniqueto thatorganismor to a speci�c phylogeneticgroupareoftenthenpatentedasa meansof identi�cation for that
organismor group.Examplesincludesequencemotifsusedfor identi�cation of closerelativesof Mycobacteriumtuberculosis
in sputumcultureandfor differentiatingamongtuberculosisstrains(GenProbe1991,1992).4,5

A moreunusualapplicationof phylogeneticanalysisto apracticalproblemis its usein studyingthedynamicsof microbial
communities. Engelenet al. (1998)6 sequencedgenesto identify and quantify microbesin soil beforeand after pesticide
exposure.Becausemany microbesin many suchpopulationstudiesarenovel, theirgenesequencesarestudiedphylogenetically
in orderto understandthecompositionof thecommunitythroughouttheexperiment.

Phylogeneticanalysishasbeenusedin vaccinedevelopment.Whenavaccineis developed,it is oftenspeci�c to aparticular
variantof acell wall or proteincoatcomponent.Halbur etal. (1994)7 usedphylogeneticanalysisto infer thatporcinereproduc-
tiveandrespiratorysyndromevirus isolatesfrom theUSandEuropewerefrom separatepopulations,andthusengineeredtheir
vaccineto conferimmunityagainstbothpopulations.In thecontinuingeffort to developHIV vaccines,thepopulationdynamics



of HIV arestudiedby examiningDNA markerswhich originatefrom disparatepopulations;initial populationboundariesare
thenestablishedwith phylogeneticanalysis(GenProbe,1993).8

Thephylogeneticdistributionof biochemicalpathways(Overbeeketal., 2000)9 is studiedin thedevelopmentof antibacte-
rialsandherbicides.Glyphosate(betterknown asRoundup,RodeoandPondmaster)wasthe�rst herbicidespeci�cally targeted
atapathway, theshikimatepathway, becausethatpathwayis notpresentin mammals(GrossbardandAtkins,1985).10 Because
plantsandsomemicrobesrely on this pathway, they arekilled by glyphosate.Antimicrobialstargetingtheshikimatepathway
arealsobeingdeveloped(Robertset al., 1998).11 In thepharmaceuticalindustry, thephylogeneticdistributionof apathway is
oftenstudiedbeforeadrugis developedin orderto understandtheeffectiverangeof anantimicrobialtargetedat thatpathway12

(Brown andWarren,1998).Themevalonatepathwaywasidenti�ed by Wilding etal. (2000)13 asatargetfor drugdevelopment
for grampositive cocci-speci�c antimicrobials. Thesebacteriacontaingenesfrom the eukaryoticmevalonatepathway that
werecapturedby theancestorsto this groupof bacteriamillions of yearsago. Themicrobialgeneshave divergedto suchan
extentthatthispathwaycanbetargetedseparatelyin thesemicrobesfrom ourown mevalonatepathway.

Finally, phylogeneticanalysisis usedin the pharmaceuticalindustry for predictingthe natural ligandsfor cell surface
receptorswhich arepotentialdrugtargets.Justasthespeciationprocessproduceshierarchicallineagesfrom a singlespecies,
socanaprocessof duplicationanddivergenceproducehierarchicallyrelatedgenefamiliesfrom asingleancestralgene.Several
large genefamiliescontaindrug receptors.In fact,a singlefamily, the G proteincoupledreceptors(GPCRs)containsmore
than40% of the targetsof mostpharmaceuticalcompanies.NeuromedinU, a potentneuropeptidethat causescontractionof
smoothmuscle,was(correctly)predictedphylogeneticallyto bea possibleligandfor FM3 anorphanGPCR(Szekereset al.,
2000).14 Chamberset al. (2000)15 usedphylogeniesto infer a classof modi�ed nucleotidesasligandsfor a small groupof
GPCRs.UDP-glucose,andrelatedmolecules,involvedin carbohydratebiosynthesis,wereshown to beligandsfor KIAA0001.
Zhu et al. (2001)16 predictedandcon�rmed not only theligandbut alsothepharmacologyof a novel GPCRfor histaminevia
phylogeny.

Thusphylogeny reconstructionis asigni�cant taskwithin theresearchdepartmentsof pharmaceuticalcompanies.

4. COMPUTATION AL PHYLOGENETICS

Phylogenieshave beenreconstructed“by hand” for over a centuryby taxonomists,usingmorphologicalcharactersandbasic
principlesof geneticinheritance.With theadventof moleculardata,however, it hasbecomenecessaryto developalgorithmsto
reconstructphylogeniesfrom thevery largeamountof datamadeavailablethroughDNA sequencing,amino-acidandprotein
characterization,geneexpressiondata,andwhole-genomedescriptions.

Until recently, mostof the researchfocusedon thedevelopmentof methodsfor phylogeny reconstructionfrom DNA se-
quences(which canberegardedasstringson a 4-characteralphabet),usinga modelof evolution basedmostlyon nucleotide
substitution.Becauseamino-acids,thebuilding blocksof life, arecodedby substringsof four nucleotidesknown ascodons,
the samemethodswerenaturallyextendedto sequencesof codons(which canbe regardedasstringson an alphabetof 22
characters—inspite of the 64 possiblecodes,only 22 amino-acidsare encoded,with many codesrepresentingthe same
amino-acid). Proteins,which arebuilt from amino-acids,arethe naturalnext level, but areproving dif�cult to characterize
in evolutionaryterms.Recently, anothertypeof datahasbeenmadeavailablethroughthecharacterizationof entiregenomes:
genecontentandgeneorderdata. For someorganisms,suchashuman,mouse,fruit �y , andseveral plantsandlower-order
organisms,aswell asfor a largecollectionof organelles(mitochondria,theanimalcells' “energy factories”,andchloroplasts,
theplantcells' “photosynthesisfactories”),wehavea fairly completedescriptionof theentiregenome,geneby gene.Because
plausiblemechanismsof evolution includegenerearrangement,duplication,andloss,andbecauseevolution at this level (the
“genomelevel”) is muchslower thanevolution drivenby mutationsin thenucleotidebasepairs(the“genelevel”) andsomay
enableus to recover deepevolutionaryrelationships,therehasbeenconsiderableinterestin thephylogeny communityin the
developmentof algorithmsfor reconstructingphylogeniesbasedon geneorderor genecontent.Appropriatetools for analyz-
ing suchdatamayhelpresolve somedif�cult phylogeneticreconstructionproblems,particularlythosedealingwith so-called
“deep” evolutionaryquestions—i.e.,ancienteventsin evolutionaryhistory—becausesuchchangesin thegenomeareconsid-
erablyrarerthanalterationsin theDNA sequences.This new sourceof datahasthereforebeenembracedby many biologists
in their phylogeneticwork,17–19 in spiteof the fact that its analysisis considerablymoredif�cult thanthe analysisof DNA
sequencedata. Thereis no doubtthat,asour understandingof evolution improves,yet newer (andprobablymorecomplex)
typesof datawill becollectedandwell needto beanalyzedin phylogeny reconstruction.

To date,almosteverymodelof evolutionproposedfor modellingphylogeniesgivesriseto NP-hardoptimizationproblems.
Threemain lines of work have evolved: more or lessad hoc heuristics(a naturalconsequenceof the NP-hardnessof the
problems)that run quickly, but offer no quality guaranteesandmaynot evenhave a well de�ned optimizationcriterion,such



asthepopularneighbor-joining heuristic20; optimizationproblemsbasedona parsimonycriterion,which seeksthephylogeny
with the leasttotal amountof changeneededto explain moderndata(a modernversionof Occam's razor);andoptimization
problemsbasedon a maximumlikelihoodcriterion, which seeksthe phylogeny that is the most likely (undersomesuitable
statisticalmodel) to have given rise to the moderndata. Ad hoc heuristicsarefastandoften rival the optimizationmethods
in termsof accuracy; parsimony-basedmethodsmay take exponentialtime, but, at leastfor DNA data,canoften be run to
completionon datasetsof moderatesize; while methodsbasedon maximum-likelihoodarevery slow (the point estimation
problemaloneappearsintractable)andsorestrictedto very small instances,but appearcapableof outperformingtheothersin
termsof thequality of solutions.In thecaseof gene-orderdata,however, only parsimony criteriahave beenproposedso far:
we donot yethavedetailedenoughmodels(or waysto estimatetheir parameters)for usinga maximum-likelihoodapproach.

5. HIGH-PERFORMANCE APPROACHES IN DISCRETE ALGORITHMS

The term “algorithm engineering”was�rst usedwith speci�city in 1997,with the organizationof the �rst Workshopon Al-
gorithmEngineering(WAE 97). Sincethen,this workshophastakenplaceevery summerin Europeanda parallelonestarted
in theUS in 1999,theWorkshopon AlgorithmEngineeringandExperiments(ALENEX99), which hastakenplaceevery win-
ter, colocatedwith the ACM/SIAMSymposiumon DiscreteAlgorithms(SODA). Algorithm engineeringrefersto the process
requiredto transformapencil-and-paperalgorithminto a robust,ef�cient, well tested,andeasilyusableimplementation.Thus
it encompassesa numberof topics,from modellingcachebehavior to the principlesof goodsoftwareengineering;its main
focus,however, is experimentation.In thatsense,it maybeviewedasarecentoutgrowth of ExperimentalAlgorithmics, which
is speci�cally devotedto the developmentof methods,tools,andpracticesfor assessingandre�ning algorithmsthroughex-
perimentation.The online ACM Journal of ExperimentalAlgorithmics(JEA), at URL www.jea.acm.org , is devotedto this
area.

High-performancealgorithmengineeringfocusesononeof themany facetsof algorithmengineering.Thehigh-performance
aspectdoesnot immediatelyimply parallelism;in fact,in any highly paralleltask,mostof theimpactof high-performanceal-
gorithm engineeringtendsto comefrom re�ning the serialpart of the code. For instance,in the examplewe will usein the
next section,themillion-fold speed-upwasachievedthrougha combinationof a 512-foldspeedupdueto parallelism(onethat
will scaleto any numberof processors)anda 2,000-foldspeedupin the serialexecutionof the code. (For moredetailson
high-performancealgorithmengineeringasit appliesto computationalbiology, see.21 )

All of thetoolsandtechniquesdevelopedoverthelast� veyearsfor algorithmengineeringareapplicabletohigh-performance
algorithmengineering.However, many of thesetools needfurther re�nement. For example,cache-awareprogrammingis a
key to performance(particularlywith high-performancemachines,whichhavedeepmemoryhierarchies),yet it is not yetwell
understood,in partthroughlackof suitabletools(few processorchipshavebuilt-in hardwareto gatherstatisticsonthebehavior
of caching,while simulatorsleavemuchto bedesired)andin partbecauseof complex machine-dependentissues(recentefforts
at cache-independentalgorithmdesign22,23 mayoffer somenew solutions).As anotherexample,pro�ling a runningprogram
offersseriouschallengesin a serialenvironment(any pro�ling tool affectsthebehavior of what is beingobserved),but these
challengespalein comparisonwith thosearisingin a parallelor distributedenvironment(for instance,measuringcommunica-
tion bottlenecksmayrequirehardwareassistancefrom thenetwork switchesor at leastreprogrammingthem,which is sureto
affect their behavior).

6. AN ILLUSTRA TION: A HIGH-PERFORMANCE SOFTWARE SUITE FOR RECONSTRUCTING
PHYLOGENIES FROM GENE-ORDER DATA

6.1. Gene-OrderData

Reconstructionfrom gene-orderdatais a relatively new endeavor, asit is only recentlythata signi�cant numberof genomes
have beenfully mappedat the genelevel. Most suchdatacomefrom mitochondrialandchloroplastgenomes.Chloroplasts
andmitochondriaaresingle-chromosomeorganellesthatlivewithin plantandanimalcellsandproducetheenergy requiredby
thecell. They have relatively smallgenomes(typically 37 genesfor mitochondriaandaround120genesfor chloroplast)and
tendto have thesamecollectionof genesin mostorganismsin which they appear. Thus,for instance,humans,mice,andfruit
�ies have mitochondriawith exactly thesame37 genes,but the threemitochondriadiffer in geneorder(onesmalldifference
betweenhumansandmice,a muchmorecomplex rearrangementbetweenhumansandfruit �ies). Note thatgenesaremost
often directional: that is, they canonly be transcribedfrom onespeci�c endto the other; but they may not appearwith the
samepolarity alongthechromosome,so biologistsrepresenttheir polarity with a sign andthuscanrepresenta chromosome
asanorderingof signedintegers,with eachintegerassociatedwith a speci�c gene.Theevolutionaryprocessthatoperateson
thechromosomewithoutchangingits genecontentandnumberincludesinversions,transpositions,andinvertedtranspositions,



eachof which correspondsto a breakagein the DNA (in two or threeplaces)that is repairedwith a placementerror—for
instance,if thestrandbreaksin two places,thefragmentbetweenthebreakscanbereattachedwith theendsswitched,creating
aninversion.

6.2. Approachesto PhylogenyReconstructionfrom GeneOrders

A naturaloptimizationproblemfor phylogeny reconstructionfrom this type of datais to reconstructthe mostparsimonious
tree,theevolutionarytreewith theminimumnumberof permittedevolutionaryevents(from amonginversions,transpositions,
andinvertedtranspositions).For any choiceof permittedevents,sucha problemis computationallyvery intensive (known or
conjecturedto be NP-hard);worse,to date,no goodalgorithms(ef�cient or not) exist for solving suchproblems. Another
approachis �rst to estimateleaf-to-leafdistances(baseduponsomemetric)betweenall genomes,andthento usea standard
distance-basedheuristicsuchasneighbor-joining20 to constructthetree.Suchapproachesarequitefastandmayprovevaluable
in reconstructingtheunderlyingtree,but cannotrecovertheancestralgeneorders.A third approachis to encodethegene-order
dataassequencesof charactersandusestandardparsimony methodsto reconstructa treefrom thesesequences.24,25

Blanchetteet al.26 developeda direct approach,which they called breakpointphylogeny, for the specialcasein which
the genomesall have the samesetof genesandeachgeneappearsonce. This specialcaseis of interestto biologists,who
hypothesizethat inversions(which canaffect geneorder, but not genecontent)are the main evolutionarymechanismfor a
rangeof genomesor chromosomes(chloroplast,mitochondria,humanX chromosome,etc.) Simulationstudieswe conducted
suggestedthat this approachworkswell for certaindatasets(i.e., it obtainstreesthatarecloseto themodeltree),but that the
implementationdevelopedby Sankoff andBlanchette,the BPAnalysis software,1 is too slow to be usedon anything other
thansmalldatasetswith a few genes.24,25

6.3. Breakpoint Analysis

Wheneachgenomehasthesamesetof genesandeachgeneappearsexactly once,a genomecanbedescribedby anordering
(circularor linear)of thesegenes,eachgenegivenwith anorientationthat is eitherpositive (gi) or negative (� gi). Giventwo
genomesG andG0on thesamesetof genes,a breakpointin G is de�ned asanorderedpair of genes,(gi ;g j ), suchthatgi and
g j appearconsecutively in that orderin G, but neither(gi ;g j ) nor (� g j ; � gi) appearsconsecutively in thatorderin G0. The
breakpointdistancebetweentwo genomesis thenumberof breakpointsbetweenthatpairof genomes.Thebreakpointscoreof
a treein whicheachnodeis labelledby a signedorderingof genesis thenthesumof thebreakpointdistancesalongtheedges
of thetree.

Given threegenomes,we de�ne their medianto be a fourth genomethat minimizesthe sumof the breakpointdistances
betweenit andtheotherthree. TheMedianProblemfor Breakpoints(MPB) is to constructsucha medianandis NP-hard.27

Sankoff andBlanchettedevelopeda reductionfrom MPB to theTravelling SalesmanProblem(TSP),perhapsthemoststudied
of all optimizationproblems.28 Their reductionproducesanundirectedinstanceof theTSPfrom thedirectedinstanceof MPB
by the standardtechniqueof representingeachgeneby a pair of cities connectedby an edgethat mustbe includedin any
solution.

BPAnalysis (seeFigure2) is themethoddevelopedby BlanchetteandSankoff to solve thebreakpointphylogeny. Within

For all tree topologies do

Initially label all internal nodes with gene orders

Repeat

For each internal node v, with neighbors A, B, and C, do

Solve the MPB on A;B;C to yield label m
If relabelling v with m improves the score of T, then do it

until no internal node can be relabelled

Return the best tree found

Figure2. BPAnalysis

a framework that enumeratesall trees,it usesan iterative heuristicto label the internalnodeswith signedgeneorders.This
procedureis computationallyvery intensive. The outer loop enumeratesall (2n � 5)!! leaf-labelledtreeson n leaves, an



exponentiallylarge value.� The inner loop runs an unknown numberof iterations(until convergence),with eachiteration
solving an instanceof the TSP (with a numberof cities equal to twice the numberof genes)at eachinternal node. The
computationalcomplexity of the entirealgorithmis thusexponentialin each of the numberof genomesandthe numberof
genes,with signi�cant coef�cients. The procedureneverthelessremainsa heuristic: even thoughall treesareexaminedand
eachMPB problemsolvedexactly, thetree-labelingphasedoesnotensureoptimalityunlessthetreehasonly threeleaves.

6.4. Re-EngineeringBPAnalysis for Speed

Pro�ling Algorithmic engineeringsuggestsare�nementcyclein whichthebehavior of thecurrentimplementationis studied
in order to identify problemareaswhich can include excessive resourceconsumptionor poor results. We usedextensive
pro�ling andtestingthroughoutourdevelopmentcycle,whichallowedusto identify andeliminateanumberof suchproblems.
For instance,converting the MPB into a TSPinstancedominatesthe runningtime whenever the TSPinstancesarenot too
hardto solve. Thuswe lavishedmuchattentionon that routine,down to the level of hand-unrollingloopsto avoid modulo
computationsandallowing reuseof intermediateexpressions;we cut the runningtime of that routinedown by a factorof at
leastsix—andtherebynearlytripledthespeedof theoverallcode.Welavishedequalattentionondistancecomputationsandon
thecomputationof thelowerbound,with similar results.Constantpro�ling is thekey to suchanapproach,becausetheidentity
of theprincipal “culprits” in time consumptionchangesaftereachimprovement,so thatattentionmustshift to differentparts
of thecodeduringtheprocess—includingrevisiting alreadyimprovedcodefor further improvements.Thesestepsprovideda
speed-upby oneorderof magnitudeon theCampanulaceaedataset.

Cache Awareness Theoriginal BPAnalysis is written in C++ andusesa space-intensive full distancematrix,aswell as
many otherdatastructures.It hasa signi�cant memoryfootprint (over 60MB whenrunningon theCampanulaceaedataset)
andpoor locality (a working setsizeof about12MB). Our implementationhasa tiny memoryfootprint (1.8MB on theCam-
panulaceaedataset)andgoodlocality (all of our storageis in arrayspreallocatedin themainroutineandretainedandreused
throughoutthe computation),which enablesit to run almostcompletelyin cache(the working setsize is lessthan600KB).
Cachelocality canbeimprovedby returningto aFORTRAN-styleof programming,in whichstorageis static,in whichrecords
(structures/classes)areavoidedin favor of separatearrays,in which simpleiterative loopsthat traversean arraylinearly are
preferredover pointerdereferencing,in which codeis replicatedto processeacharrayseparately, etc. While we cannotmea-
sureexactlyhow muchwegainfrom thisapproach,studiesof cache-awarealgorithms29–34indicatethatthegainis likely to be
substantial—factorsof anywherefrom 2 to 40havebeenreported.New memoryhierarchiesshow differencesin speedbetween
cacheandmainmemorythatexceedtwo ordersof magnitude.

Low-Level Algorithmic Changes Unlesstheoriginal implementationis poor(whichwasnotthecasewith BPAnalysis ),
pro�ling andcache-awareprogrammingwill rarely provide morethan two ordersof magnitudein speed-up.Furthergains
canoftenbeobtainedby low-level improvementin thealgorithmicdetails. In our phylogeneticsoftware,we madetwo such
improvements.The basicalgorithmscoresevery singletree,which is clearly very wasteful;we useda simplelower bound,
computablein linear time, to enableus to eliminatea treewithout scoringit. On theCampanulaceaedataset,this bounding
eliminatesover 95%of thetreeswithout scoringthem,resultingin a � ve-fold speed-up.TheTSPsolver we wrote is at heart
thesamebasicinclude/excludesearchasin BPAnalysis , but we took advantageof thenatureof the instancescreatedby the
reductionto make thesolver muchmoreef�cient, resultingin a speed-upby a factorof 5–10.Theseimprovementsall spring
from a carefulexaminationof exactly what information is readily availableor easilycomputableat eachstageand from a
deliberateeffort to makeuseof all suchinformation.

6.5. A High-PerformanceImplementation

Our resultingimplementation,GRAPPA,† incorporatesall of the re�nementsmentionedabove, plus othersspeci�cally made
to enablethecodeto run ef�ciently in parallel(see2 for details). Becausethebasicalgorithmenumeratesandindependently
scoresevery tree,it presentsobviousparallelism:we canhave eachprocessorhandlea subsetof the trees.In orderto do so
ef�ciently , weneedto imposealinearorderingonthesetof all possibletreesanddeviseageneratorthatcanstartatanarbitrary
point alongthis ordering.Becausethenumberof treesis so large,anarbitrarytreeindex would requireunbounded-precision
integers,considerablyslowing down treegeneration.Our solutionwasto designa treegeneratorthatstartswith treeindex k
andgeneratestreeswith indicesf k+ cn j n 2 N g, wherek andc areregular integers,all without usingunbounded-precision

� Thedoublefactorialis a factorialwith a stepof 2, sowe have (2n� 5)!! = (2n� 5) � (2n� 7) � : : : � 3
†GenomeRearrangementAnalysisthroughParsimony andotherPhylogeneticAlgorithms



arithmetic.Sucha generatorallowsusto sampletreespace(averyusefulfeaturein research)and,moreimportantly, allowsus
to useaclusterof c processors,whereprocessori, 0 � i � c� 1, generatesandscorestreeswith indicesf i + cnj n 2 N g.

TheUniversityof New Mexico's AlbuquerqueHigh PerformanceComputingCenteroperatestheAlliance 512-processor
supercluster, calledLosLobos(shown in Figure3). This platform is a clusterof 256 IBM Net�nity 4500Rnodes,eachwith

Figure3. Universityof New Mexico'sLosLobosSuperCluster

dual 733 MHz Intel PentiumIII processorsand1 GB RAM, interconnectedby Myrinet 2000switches. LosLobosruns the
Linux operatingsystem,andour experimentsusetheGNU C compilerversionegcs-2.91.66optimizedfor PentiumPro(-O3
-mpentiumpro ), andMPICH v. 1.1.13librariesfor messagepassingover theMyrinet with Myricom GM v. 1.3.0drivers.

WeranGRAPPA onLosLobosandobtaineda512-foldspeed-up(linearspeedupwith respectto thenumberof processors):
acompletebreakpointanalysis(with inversiondistances)for the13genomesin theCampanulaceaedatasetranin lessthan1.5
hours. Whencombinedwith the2000-foldspeedupobtainedthroughalgorithmengineering,our run on theCampanulaceae
datasetdemonstrateda million-fold speed-upover theoriginal implementation.3

In addition,wemadesurethatgainsheldacrossawidevarietyof platformsandcompilers:wetestedourcodeunderLinux,
FreeBSD,Solaris,andWindows,usingcompilersfrom GNU, thePortlandgroup,Intel (betarelease),Microsoft,andSun,and
runningthe resultingcodeon Pentium-andSparc-basedmachines.While thegcc compilerproducedmarginally fastercode
thantheothers,theperformancewemeasuredwascompletelyconsistentfrom oneplatformto theother.

7. IMPACT IN COMPUTATION AL BIOLOGY

Computationalbiology presentsnumerouscomplex optimizationproblems,suchasmultiple sequencealignment,phylogeny
reconstruction,characterizationof geneexpression,structureprediction,etc. In addition,thevery largedatabasesusedin com-
putationalbiology give riseto seriousalgorithmicengineeringproblemswhendesigningqueryalgorithmson thesedatabases.
While several programsin usein the area(suchasBLAST, seewww.ncbi.nlm.nih.gov /BL AST/ ) have alreadybeenengi-
neeredfor performance,mostsucheffortshavebeenmoreor lessadhoc. Theemergenceof adisciplineof algorithmengineer-
ing35 is bringingusacollectionof toolsandpracticesthatcanbeappliedto almostany existingalgorithmor softwarepackage
to speedup its execution,oftenby verysigni�cant factors.Whenthesetoolsandpracticesarejoinedto high-performanceim-
plementationsdesignedfor modernparallelplatforms,enormousgains(ourexampleshowssix ordersof magnitude)mayresult.
While we illustratedtheapproachandits potentialresultswith a speci�c programin phylogeny reconstructionbasedon gene
orderdata,we arenow in theprocessof applyingthesameto a collectionof fundamentalmethods(suchasbranch-and-bound
parsimony or maximum-likelihoodestimation)aswell asnew algorithms.

Of course,even large speed-upshave only limited bene�ts in theoreticaltermswhen appliedto NP-hardoptimization
problems: even our million-fold speed-upwith GRAPPA only enablesus to move from about10 taxa to 14 taxa. Yet the
very processof algorithmengineeringoften uncoverssalientcharacteristicsof the algorithmthat wereoverlooked in a less
carefulanalysisandmay thusenableus to develop muchbetteralgorithms. In our case,while we were implementingthe



rathercomplex algorithmof BermanandHannenhallifor computingtheinversiondistancebetweentwo signedpermutations,
an algorithm that had not beenimplementedbefore,we cameto realizethat the algorithm could be simpli�ed as well as
accelerated,deriving in the processthe �rst true linear-time algorithmfor computingthesedistances.36 We would not have
beentemptedto implementthisalgorithmin thecontext of theoriginalprogram,whichwasalreadymuchtooslow whenusing
thesimplerbreakpointdistance.Thusfasterexperimentaltools,evenwhenthey proveincapableof scalingto “industrial-sized”
problems,neverthelessprovidecrucialopportunitiesfor exploringandunderstandingtheproblemandits solutions.

Thuswe seetwo potentialmajor impactsin computationalbiology. First, themuchfasterimplementations,whenmature
enough,canalterthepracticeof researchin biologyandmedicine.For instancepharmaceuticalcompaniesspendlargebudgets
oncomputingequipmentandresearchpersonnelto reconstructphylogeniesasa vital tool in drugdiscovery, yet maystill have
to wait a yearor morefor the resultsof certaincomputations;reducingthe runningtime of suchanalysesfrom a coupleof
yearsdown to a daywould make a signi�cant differencein thecostandpaceof drugdiscovery anddevelopment.Secondly,
biologistsin researchlaboratoriesaroundtheworld usesoftwarefor dataanalysis,muchof it rife with undocumentedheuristics
for speedingup the codeat the expenseof optimality, yet still slow for their purposes.Software that producessolutions
with known qualities(suchasapproximationguarantees)andrunsseveral ordersof magnitudefaster, even whenit remains
impracticalfor real-world problems,would neverthelessenabletheseresearchersto testsimplerscenarios,comparemodels,
developintuition onsmall instances,andperhapsevenform seriousconjecturesaboutbiologicalmechanisms.
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