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RECONSTRUCTING PHYLOGENIESFROM GENE-CONTENT
AND GENE-ORDERDATA

BernardM.E. Moret,JijunTangandTandyWarnow

Abstract
Gene-orderdatahave beenusedsuccessfullyto reconstructorganellarphyloge-
nies; they offer low error rates,the potentialto reachfartherback in time than
throughDNA sequences(becausegenome-level eventsarerarerthanDNA point
mutations),and immunity from the so-calledgene-treevs. species-treeproblem
(causedby the fact that the evolutionaryhistory of speci�c genesis not isomor-
phic to thatof theorganismasawhole).They have alsoprovideddeepmathemat-
ical andalgorithmicresultsdealingwith permutationsandshortestsequencesof
operationson thesepermutations.Recentdevelopmentsincludegeneralizationsto
handleinsertions,duplications,anddeletions,scalingto largenumbersof organ-
isms,and,to a lesserextent, to larger genomes;andthe �rst Bayesianapproach
to the reconstructionproblem.We survey the state-of-the-artin usingsuchdata
for phylogeneticreconstruction,focusingon recentwork by our group that has
enabledus to handlearbitraryinsertions,duplications,anddeletionsof genes,as
well asinversionsof genesubsequences.Weconcludewith a list of researchques-
tions(mathematical,algorithmic,andbiological)thatwill needto beaddressedin
orderto realizethefull potentialof this typeof data.

12.1 Intr oduction: Phylogeniesand PhylogeneticData

12.1.1 Phylogenies

A phylogeny is areconstructionof theevolutionaryhistoryof acollectionof organisms.
It usuallytakestheform of a tree,wheremodernorganismsareplacedat theleavesand
edgesdenoteevolutionaryrelationships.In thatsetting,“species”correspondto edge-
disjointpaths.Figure12.1showsthreephylogenetictrees,in differentdisplayformats.

Phylogenieshavebeenandstill areinferredfrom all kindsof data:from geographic
andecological,throughbehavioral, morphological,andmetabolic,to the currentdata
of choice,namelymoleculardata[74]. Moleculardatahavethesigni�cant advantageof
beingexact andreproducible,at leastwithin experimentalerror, not to mentionfairly
easyto obtain.Eachnucleotidein aDNA or RNA sequence(or eachcodon)is,by itself,
a well de�ned character, whereasmorphologicaldata(a �o wer, a dinosaurbone,etc.),
for instance,must�rst be encodedinto characters,with all the attendingproblemsof
interpretation,discretization,etc.
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FIG. 12.1. Variousphylogenetictrees,in differentformats

Thepredominantmoleculardatahavebeenandcontinueto besequencedata:DNA
or RNA nucleotideor codonsequencesfor a few genes.A promisingnew kind of data
is gene-orderdata,wherethesequenceof genesoneachchromosomeis speci�ed.

SequenceData In sequencedata,charactersareindividual positionsin thestringand
socanassumeoneof a few states:4 statesfor nucleotidesor 20statesfor amino-acids.
Suchdataevolve throughpoint mutations, i.e., changesin thestateof a character, plus
insertions(includingduplications) anddeletions. Figure12.2showsasimpleevolution-
ary history, from theancestralsequenceat the root to modernsequencesat the leaves,
with evolutionaryeventsoccurringon eachedge.Note that this history is incomplete,
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AGGCAT TAGCCCA TAGACTT AGCGCTTAGCACAATGAACTT

AGCACTTTAGCCCT

TGGACTT

AAGACTT

AAGGCCT

AGGGCAT

FIG. 12.2. Evolving sequencesdown agiventreetopology

asit doesnot detail theeventsthathave takenplacealongeachedgeof thetree.Thus,
while onemight reasonablyconcludethat, in orderto reachthe leftmost leaf, labeled
AGGCAT, from its parent,labeledAGGGCAT, one shouldinfer the deletionof one
nucleotide(oneof the threeG's in the parent),a morecomplex scenariomay in fact
have unfolded.If one were to comparethe leftmost leaf with the rightmostone, la-
beledAGCGCTT, onecouldaccountfor thedifferencewith two changes:startingwith
AGGCAT, insertaC betweenthetwo G's to obtainAGCGCAT, thenmutatethepenul-
timateA into a T. Yet the tree itself indicatesthat the changeoccurredin a far more
complex manner:thepathbetweenthesetwo leavesin thetreegoesthroughtheseries
of sequences

AGGCAT$ AGGGCAT$ AAGGCCT$ AAGACTT$ TGGACTT$ AGCACTT$ AGCGCTT

andeacharrow in this seriesindicatesat leastoneevolutionaryevent.
Preparingsequencedata for phylogeneticanalysisinvolves the following steps:

(i) �nding homologousgenes(i.e., genesthat have evolved from a commonancestral
gene—andmostlikely ful�ll thesamefunctionin eachorganism)acrossall organisms;
(ii) retrieving andthenaligning thesequencesfor thesegenes(typical genesyield se-
quencesof several hundredbasepairs)acrossthe entiresetof organisms,in order to
identify gaps(correspondingto insertionsor deletions)andmatchesor mutations;and
�nally (iii) decidingwhetherto useall availabledataatoncefor acombinedanalysisor
to useeachgeneseparatelyandthenreconciletheresultingtrees.

Sequencedataareby far themostcommonform of moleculardatausedin phyloge-
neticanalyses.Themainreasonis simply availability: largeamountsof dataareeasily
availablefrom databasessuchasGenBank,alongwith searchtools (suchasBLAST)
andannotations;moreover, the volumeof suchdatagrows at an exponentialpace—
indeed,it is outpacingthegrowth in computerspeed(Moore's law). A secondreasonis
thewidespreadavailability of analysistoolsfor suchdata:packagessuchasPAUP* [73],
MacClade[37], Mesquite[40], Phylip [18], MEGA [32], MrBayes[28], andTNT [21],
all availableeitherfreely or for a modestfee,arein widespreaduseandhave provided
biologistswith satisfactoryresultsonmany datasets.Finally, thesuccessof thesepack-
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agesis duein goodpartto thefactthatsequenceevolution haslong beenstudied,both
in termsof thebiochemistryof nucleotidesandof thebiologicalmechanismsof change,
sothatacceptedmodelsof sequenceevolution provide a reasonableframework within
which to de�ne computationaloptimizationproblems.

Sequencedatadosuffer from anumberof problems.A fairly minorproblemis sim-
pleexperimentalerrors:in theprocessof sequencing,somebasepairsaremisidenti�ed
(miscalled),currentlywith aprobabilityontheorderof 10� 2. A moreseriouslimitation
is the relatively fastpaceof mutationin many regionsof thegenome;combinedwith
thefactthateachpositioncanassumeoneof only a few values,this fastpaceresultsin
silentchanges—changesthataresubsequentlyreversedin thecourseof evolution,leav-
ing notracein modernorganisms.(Usingamino-acidsequences,with 20possiblestates
per character, only modestlyalleviatesthis problem.) In consequence,sequencedata
mustbeselectedto �t theproblemat hand:very stableregionsto reconstructvery old
events,highly variableregionsto reconstructvery recenthistory, etc.This specialized
naturemaycausedif�culties whenattemptingto reconstructa phylogeny that includes
bothrecentandancientevents,sincesuchanattemptwouldrequiremixing variableand
conservedregionsin theanalysis,triggeringthenext andmostimportantproblem.The
evolution of any givengene(or region of thesequence)neednot beidenticalto thatof
theorganism—thisis thegenetreevs.speciestreeproblem[39,57]. Thusa combined
analysis,basedon theuseof all availablegenes,risks runninginto internalcontradic-
tions andthe lossof resolution,whereasonebasedon individual geneswill typically
yield differenttreesfor thedifferentgenes,treesthatmustthenbereconciledthrougha
processknown aslineage sorting. Sequencedataalsosuffer from computationalprob-
lems:mostprominently, theproblemof multiple sequencealignmentis currentlyonly
poorly solved—indeed,mostsystematistswill align sequencedataby hand,or at least
edit by handthe alignmentsproposedby the software.Lessimportantly, at leastin a
relativesense,currentphylogeneticreconstructionmethodsusedwith sequencedatado
not scalewell, whetherin termsof accuracy or runningtime.

Gene-ContentandGene-Order Data The dataherearelists of genesin theorderin
which they areplacedalongoneor morechromosomes.Nucleotidedataarenot part
of this picture: instead,eachgenealonga chromosomeis identi�ed by somename,a
namesharedwith its homologsonotherchromosomes(or, for thatmatter, on thesame
chromosome,in caseof geneduplications).Theentiregeneorderformsa singlechar-
acter, but onethat canassumea hugenumberof states—achromosomewith n genes
presentsa characterwith 2n � n! states(the �rst term is for the strandednessof each
geneand the secondfor the possiblepermutationsin the ordering).A typical single
circularchromosomefor thechloroplastorganelleof a Guillardia species(taken from
the NCBI database)is shown in Fig. 12.3.A geneorderevolvesthroughinversions,
sometimesalsocalledreversals(well documentedin chloroplastorganelles[31,58]),
andperhapsalsotranspositionsandinvertedtranspositions(stronglysuspectedin mito-
chondria[7,8]); thesethreeoperationsareillustratedin Fig.12.4.(Other, morecomplex
rearrangementsmaywell bepossible,particularlyin thecontext of DNA repairof radi-
ationdamage.)Theseoperationsdonotaffect thegenecontentof thechromosome.
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FIG. 12.3. Thechloroplastchromosomeof Guillardia(from NCBI)
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In the caseof multiple chromosomes,otheroperationscomeinto play. Onesuch
operationis translocation, which movesa pieceof onechromosomeinto another—in
effect, it is a transpositionbetweenchromosomes.Otheroperationsthatareapplicable
to multiplechromosomeevolutionincludefusion, whichmergestwo chromosomesinto
one,and �ssion, which dividesa singlechromosomeinto two. In multichromosomal
organisms,colocationof geneson the samechromosome,or synteny, is an important
evolutionaryattributeandhasbeenusedin phylogeneticreconstruction[54,67,68].Fi-
nally, two additionalevolutionaryeventsaffect both the genecontentand,indirectly,
thegeneorder:insertions(includingduplications) anddeletionsof singlegenesor se-
quencesof genes.

In orderto conductaphylogeneticanalysisbasedongene-orderdata,wemustiden-
tify homologousgenes(includingduplications)within andacrossthechromosomes.As
thesystemunderstudyis muchmorecomplex thansequencedata,wemayalsohaveto
re�ne themodelto �t speci�c collectionsof organisms;for instance,bacteriaoftenhave
conservedclustersof genes,or operons—genesthatstaytogetherthroughoutevolution,
but not in any speci�c order—, while mostchloroplastorganellesexhibit a character-
istic partitionof their chromosomeinto four regions,two of which aremirror images
of eachother(the“invertedrepeat”structure).Figure12.5showsa typicalevolutionary
scenariobasedon inversionsalone;comparewith Fig. 12.2.

Theuseof gene-orderandgene-contentdatain phylogeneticreconstructionis rela-
tively recentandthesubjectof muchcurrentresearch.Suchdatapresentseveraladvan-
tages:(i) becausetheentiregenomeis studiedat once,thereis no genetreevs.species
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Table 12.1 Existingwhole-genomedataca.2003(approximatevalues)

Type Attributes Numbers

Animal mitochondria 1 chromosome,40genes 250
Plantchloroplast 1 chromosome,140genes 100
Bacteria 1–2chromosomes,500–4,000genes 50
Eukaryotes 3–30chromosomes,2,000–30,000genes 10

tree problem;(ii) thereis no needfor alignment;and (iii) generearrangementsand
duplicationsaremuchrarereventsthannucleotidemutations(they are“rare genomic
events” in thesenseof RokasandHolland [61]) andthusenableus to traceevolution
fartherbackthansequencedata.

Ontheotherhand,thereremainsigni�cant challenges.Foremostamongthemis the
lack of data:mappinga full genome,while easierthansequencingthefull genome,re-
mainsmuchmoredemandingthansequencinga few genes.Table12.1givesa rough
ideaof thestateof affairsaround2003.Thebacteriaarenot well sampled:for obvious
reasons,mostof thebacteriasequencedto datearehumanpathogens.Theeukaryotes
arethemodelspecieschosenin genomeprojects:human,mouse,fruit �y , worm,mus-
tard plant, yeast,etc.; althoughtheir numberis quickly growing (with several more
mammaliangenomesnearingcompletion),coverageat this level of detailwill probably
neverexceedasmallfractionof thetotalnumberof describedorganisms.

This lack of datain turn givesrise to anotherproblem:thereis no goodmodelof
evolution for thegene-orderdata—forinstance,we still do not have �rm evidencefor
transpositions,muchlessany notionof relativeprevalenceof thevariousrearrangement,
duplication,andlossevents.This lack of a goodmodelcombineswith a third problem,
the extreme(at leastin comparisonwith sequencedata)mathematicalcomplexity of
geneorders,to createmajorcomputationalchallenges.

Sequencevs.Gene-OrderData Table12.2summarizesthecharacteristicsof sequence
dataandgene-orderdata.At present,thereis everyreasonto expectthatwhole-genome
datawill remainlimited to a small subsetof the organismsfor which we will have
somesequencedata:sequencingonegeneis fastandinexpensive,whereassequencing
a completeeukaryoticgenomeis a majorenterprise.Yet gene-orderdataremainworth
studying:not only will theadvantagesdiscussedearlierenableus to provide valuable

Table 12.2 Main attributesof sequenceandgene-orderdata

Sequence Gene-Order

evolution fast slow
datatype a few genes wholegenome

dataquantity abundant sparse
# char. states tiny huge

models good primitive
computation easy hard
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cross-checkingfor sequence-derivedphylogenies(or evenprovidea framework around
which to build asequence-derivedphylogeny), but therapidpaceof changein genomic
technologymayyetenableusto sequenceentiregenomesrapidlyandat low cost.

12.1.2 PhylogeneticReconstruction

Methodsfor phylogeneticreconstructionfrom sequencedatacanberoughlyclassi�ed
as(i) distance-basedmethods,suchasneighbor-joining; (ii) parsimony-basedmethods,
suchasimplementedin PAUP*, Phylip, MEGA, TNT, etc.;and(iii) likelihood-based
methods,includingBayesianmethods,suchasimplementedin PAUP*, Phylip, fastD-
NAml [56], MrBayes,GAML [35], etc.In addition,metamethodscanbeusedto scale
up any of thesethreebasemethods:metamethodsdecomposethedatain variousways
andrely ononeor morebasemethodsto reconstructtreesfor thesubsetsthey produce.
Metamethodsincludequartet-basedmethods(see,e.g.,[70]) and disk-coveringmeth-
ods[29,30,55,62,76]—aboutwhich we will have moreto say. We will usethesame
categorieswhendiscussingmethodsfor reconstructionfrom gene-orderdata,sowegive
abrief characterizationof eachcategory.

Phylogeneticdistances As our discussionof thephylogeny presentedin Fig. 12.2in-
dicates,thedistancebetweentwo taxa(asrepresentedby sequenceor gene-orderdata)
canbe de�ned in several ways.First, we have the true evolutionarydistance, that is,
theactualnumberof evolutionaryevents(mutations,deletions,etc.) that separateone
datum(geneor genome)from the other. This is the distancemeasurewe would re-
ally want to have, but of courseit cannotbe inferred—asour earlierdiscussionmade
clear, we cannotinfer sucha distanceevenwhenwe know thecorrectphylogeny and
havecorrectlyinferredancestraldata(at internalnodesof thetree).Whatwecande�ne
preciselyandcompute(in mostcases)is theeditdistance, theminimumnumberof per-
mitted evolutionaryeventsthat cantransformonedatuminto the other. Sincetheedit
distancewill invariablyunderestimatethetrueevolutionarydistance,wecanattemptto
correct the edit distanceaccordingto an assumedmodelof evolution in orderto pro-
ducetheexpectedtrueevolutionarydistance, or at leastanapproximationthereof—see
Chapter6 in this volumefor a discussionof distancecorrection.

Distance-basedmethods Distance-basedmethodsuseedit distancesor expectedtrue
evolutionarydistancesandtypically proceedby grouping(assiblings)taxa(or groups
of taxa)whosenormalizedpairwisedistanceis smallest.They usuallyrun in low poly-
nomial time, a signi�cant advantageover all othermethods.Most suchmethodsonly
reconstructthetreetopology—they donotestimatethecharacterstatesatinternalnodes
within thetree.Theprototypein thiscategoryis theNeighbor-Joining(NJ)method[63],
laterre�ned to produceBioNJ [20] andWeighbor[10]. Wheneachentryin thedistance
matrixequalsthetrueevolutionarydistance(i.e., thedistancealongtheuniquepathbe-
tweenthesetwo taxain thetruetree),NJ is guaranteedto producethetruetree;more-
over, NJ is statisticallyconsistent—thatis, it producesthe true treewith probability1
asthe sequencelengthgoesto in�nity [3], underthosemodelsfor which statistically
consistentdistanceestimatorsexist. (SeealsoChapter1 in this volumefor a discussion
of statisticalconsistency.)
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Parsimony-basedmethods Thesemethodsaim to minimizethetotal numberof char-
acter changes(which can be weightedto re�ect statisticalevidence).Charactersare
assumeto evolveindependently—soeachcharactermakesanindependentcontribution
to the total. In order to evaluatethat contribution, parsimony methodsall reconstruct
ancestralsequencesat internalnodes.In contrastto NJ andlikelihoodmethods,parsi-
mony methodsarenot alwaysstatisticallyconsistent.However, it canbe arguedthat
treesreconstructedunderparsimony arenotsubstantiallylessaccuratethantreesrecon-
structedusingstatisticallyconsistentmethods,given the restrictionon the amountof
dataandthe lack of �t betweenmodelsandrealdata.Finding themostparsimonious
treeis known to be NP-hard,but scoringa single�x ed treeis easilyaccomplishedin
lineartime;atpresent,provablyoptimalsolutionsarelimited to datasetsof 20–30taxa,
while goodapproximatesolutionscanbeobtainedfor datasetsof severalhundredtaxa;
the latestresultsfrom our group[62] indicatethatwe canachieve thesamequality of
reconstructionon tensof thousandsof taxawithin reasonabletime.

Likelihood-basedmethods Likelihood-basedmethodsassumesomespeci�c modelof
evolution andattemptto �nd the tree,andits associatedmodelparameters,which to-
gethermaximizetheprobabilityof the observeddata.Thusa likelihoodmethodmust
bothestimatemodelparametersonagiven�x edtreeandalsosearchthroughtreespace
to �nd thebesttree.Chapter2 in this volumediscusseslikelihoodmethods.

Likelihood-basedmethodsareusually (but, perhapssurprisingly, not always)sta-
tistically consistent,although,of course,thatconsistency is meaninglessif thechosen
modeldoesnot matchthebiologicalreality. Likelihoodmethodsaretheslowestof the
threecategoriesandalsoproneto numericalproblems,becausethe likelihoodof typ-
ical treeis extremelysmall—with just 20 taxa,the averagelikelihoodin the orderof
10-21, goingdown to 10-75 with 50 taxa.Identifying thetreeof maximumlikelihoodis
presumablyNP-hard,althoughno proof hasyet beendevised;indeed,evencomputing
thelikelihooda �x edtreeundera �x edmodelcannotcurrentlybedonein polynomial
time(see,e.g.[71]). Thusoptimalsolutionsarelimited to treeswith fewer than10taxa,
while goodapproximationsarepossiblefor perhaps100taxa.

Bayesianmethodsdeserve a specialmentionamonglikelihood-basedapproaches;
they computetheposteriorprobabilitythattheobserveddatawouldhavebeenproduced
by varioustrees(in contrastto a truemaximumlikelihoodmethod,whichcomputesthe
probability that a �x ed treewould producevariouskinds of dataat its leaves).Their
implementationwith Markov chainMonte-Carlo(MCMC) algorithmsoftenrunsignif-
icantly fasterthanpureML methods;moreover, themovesthroughstatespacecanbe
designedto enhanceconvergenceratesandspeedup the execution.Chapter3 in this
volumediscussesBayesianapproaches.

12.2 Computing with Gene-OrderData

As indicatedearlier, gene-orderdatapresentsigni�cant mathematicalchallengesnoten-
counteredwhendealingwith sequencedata.Many evolutionaryeventsmayaffect the
geneorderandgenecontentof agenome;andeachof theseeventscreatesits own chal-
lenges,not leastof which is the computationof a pairwisegenomicdistance.Armed
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G2=(1  2 -5 -4 -3  6  7  8)

G1=(1  2  3  4  5  6  7  8)

FIG. 12.6. Breakpoints

with algorithmsfor computingdistances,we canproceedto phylogeneticreconstruc-
tion, startingwith scoringasingletreein termsof its total evolutionarydistance.

12.2.1 Genomicdistances

We begin with distancesbetweengenomeswith equalgenecontent:in this case,the
only operationsallowedarerearrangements.

Breakpointdistance A breakpointis an adjacency presentin one genome,but not
in the other. Figure12.6shows two breakpointsbetweentwo genomes—notethat the
genesubsequence3 4 5 is identicalto -5 -4 -3, sincethelatteris just theformerreadon
thecomplementarystrand.The breakpointdistanceis thenthenumberof breakpoints
present;thismeasureis easilycomputedin lineartime,but it doesnotdirectlyre�ect re-
arrangementevents—onlytheir �nal outcome.In particular, it typically underestimates
thetrueevolutionarydistanceevenmorethananeditdistancedoes.

Inversiondistance Giventwo signedgeneordersof equalcontent,the inversiondis-
tanceis simply the edit distancewhen inversionis the only operationallowed. Even
thoughwe have to consideronly onetypeof rearrangement,this distanceis very dif�-
cult to compute.For unsignedpermutations,in fact,theproblemis NP-hard.For signed
permutations,it canbecomputedin lineartime[4], usingthedeeptheoreticalresultsof
HannenhalliandPevzner[23].

Thealgorithmis basedonthebreakpointgraph. RefertoFig.12.7for anillustration.
We assumewithout lossof generalitythatonepermutationis theidentity. We represent
genei by two vertices,2i � 1 and2i, connectedby anedge;think of thatedgeasoriented
from 2i � 1 to 2i whengenei appearswith positivesign,but orientedin thereversedirec-
tion whengenei appearswith negativesign.Now weconnecttheseedgeswith two fur-
thersetsof edges,onefor eachgenome—onerepresentstheidentity (i.e.,it simplycon-
nectsvertex j to vertex j + 1, for all j) andis shown with dashedarcsin Fig. 12.7,and
theotherrepresentstheothergenomeandis shown with solid edgesin the�gure. The
crucial conceptis thatof alternatingcyclesin this graph,i.e., cyclesof even lengthin
whicheveryoddedgeis adashededgeandeveryevenoneis a solidedge.Overlapping
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cyclesin certaincon�gurationscreatestructuresknown ashurdlesanda very unique
con�guration of suchhurdlesis known asa fortress. HannenhalliandPevznerproved
thattheinversiondistancebetweentwo signedpermutationsof n genesis givenby

n - #cycles+ #hurdles+ (fortress)

In Chapter10in thisvolume,Bergeronetal. offeranalternateformulationof thisresult,
within a framework basedoncertainnestedintervals.

Generalizedgene-order distance The restrictionthat no genebe duplicatedandthat
all genomescontainexactly thesamesetof genesis clearlyunrealistic,evenin thecase
of organellargenomes.However, accountingfor additionalevolutionaryeventssuchas
duplications,insertions,anddeletionsis proving verydif�cult. Oneextensionhasbeen
presentsincethebeginning:in thesecondof their two seminalpapers[24], Hannenhalli
andPevznershowedthattheir framework (cycles,hurdles,etc.)couldaccountfor both
insertionsandmultichromosomalevents,namelytranslocations,fusions,and�ssions.
BourqueandPevzner[9] designeda heuristicapproachto phylogeneticreconstruction
for multichromosomalorganismsunderinversions,translocations,and�ssions andfu-
sions,basedupon the work of Tesler[78]; they usedthe GRAPPAcore algorithmfor
inversionandcon�rmed the �ndings of Moret et al. [48] that inversion-basedrecon-
structionof ancestralgenomesoutperformsbreakpoint-basedreconstructionof same.

More recently, El-Mabrouk[17] showedhow to computeaminimumedit sequence
in polynomialtimewhenbothinversionsanddeletionsareallowed;Liu andMoret [36]
thenshowed that the distanceitself canbe computedin linear time. Becauseedit se-
quencesaresymmetric,theseresultsalsoapplytocombinationsof inversionsandnondu-
plicating insertions.In thesamepaper, El-Mabroukshowedthathermethodcouldpro-
vide a boundedapproximationto the edit distancein the presenceof both deletions
and(nonduplicating)insertions.Sankoff [64] hadearlierproposeda heuristicapproach
to theproblemof duplications,suggestingthata singlecopy—theexemplar—bekept,
namelythatcopy whoseuseminimizedthenumberof otheroperations.Unfortunately,
�nding the exemplar, even for a singlegene,is an NP-hardproblem[11]. Marron et
al. [41] gavethe�rst boundedapproximationalgorithmfor computinganeditsequence
(or distance)in thepresenceof inversions,duplications,insertions,anddeletions;asim-
ilar approachwasusedby Tangetal. [77] in thecontext of phylogeneticreconstruction.
Most recently, Swensonet al. [72] gave an extensionof the algorithm of Marron et
al., onethatcloselyapproximatesthetrueevolutionarydistancebetweentwo arbitrary
genomesunderany combinationsof inversions,insertions,duplications,anddeletions;
they alsoshowedthat this distancemeasureis suf�ciently accurateto enableaccurate
phylogeneticreconstructionby simplyusingneighbor-joining on thedistancematrix.

Work on transpositiondistanceshasbeenlimited to equal-contentgenomeswith no
duplicationsand,eventhen,only to approximations,all with guaranteedratio 1:5. The
�rst approximationis dueto BafnaandPevzner[5], usingmuchthesameframework
de�ned for thestudyof inversions;theapproachwasrecentlysimpli�ed, thenextended
to includeinvertedtranspositionsby Hartman[25,26]. Work on transpositiondistance
is clearly laggingbehindwork on inversiondistanceandremainsto be integratedwith
it andextendedto genomeswith unequalcontent.
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In a differentvein,BergeronandStoye [6] de�ned a distanceestimatebasedon the
numberandlengthsof conservedgeneclusters;this distanceis well suitedto prokary-
otic genomes(wheregeneclustersandoperonsarecommon),but it still requiresthat
duplicategenesberemoved.

Estimatingtrue pairwiseevolutionarydistances We give a brief overview of the re-
sultsof Swensonet al. [72]. In earlierwork [41], thesamegrouphadshown thatany
shortestedit sequencecouldalwaysberewritten to thatall insertionsandduplications
take place�rst, followed by all inversions,followed by all deletions.In orderto esti-
matepairwiseevolutionarydistancesbetweenarbitrarygenomes,it remainsto handle
duplications;this is donegeneby geneby computinga mappingfrom thegenomewith
thesmallernumberof copiesof thatgeneto thatwith thelargernumberof copies,using
simpleheuristics.Deletionsandinversionsarecomputedquiteaccurately, usingexten-
sionsto theworkof El-Mabrouk[17], while insertions(whichnow includeany “excess”
duplicatesnotmatchedin the�rst phase)arecomputedby retracingthesequenceof in-
versionsanddeletions.Theresultis a systematicoverestimateof theedit distance,but
a very accurateestimateof the true evolutionarydistance.Figure12.8presentssome
resultsfrom simulationsin which evolutionaryeventswereselectedthrougha mix of
70% inversions,16% deletions,7% insertions,and 7% duplications,with inversions
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datasets;anexactestimatefollows theindicatedline y = x.
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having a meanlengthof 20 anda standarddeviation of 10, anddeletions,insertions,
andduplicationshaving a meanlengthof 10 with a standarddeviation of 5. The top
two examplescomefrom datasetsof 16 taxawith 800 genes,with expectedpairwise
distancesof 20 through160 events(left) and40 through320 events(right); the bot-
tom examplecomesfrom a datasetof 57 taxawith 1,200genesandexpectedpairwise
distancesfrom 20 to 280 events.The distancecomputation,which hasa randomized
component(to breakties in theassignmentof duplicategenes),wasrun 10 timeswith
differentseeds.The�gure indicatesclearlythatthedistanceestimateis highly accurate
up to saturation,which occursonly at very large distances(around250 eventsfor a
genomeof 800genes).

12.2.2 Evolutionarymodelsanddistancecorrections

In orderto usegene-orderandgene-contentdata,weneedareasonablemodelof evolu-
tion for thegeneorderof a chromosome—andherewe lack suf�cient datafor thecon-
structionof strongmodels.To date,biologistshave strongevidencefor theoccurrence
of inversionsin chloroplasts—andhaveat leasttwo possiblemodelsfor thecreationof
inversions(onethroughDNA breakageandmisrepair, theotherthroughloopstraversed
in thewrongorderduringreplication).SinceDNA breakageis relatively commonand
particularlypronouncedasa resultof radiationdamage,other rearrangementsdueto
misrepairappearat leastpossible.Sankoff [65] hasgivenstatisticalevidencefor a dis-
tinction betweenshortand long inversions:short inversionstend to preserve clusters
(andthuscouldbe commonin prokaryotes),whereaslong inversionstendto preserve
runsof genes(andthuscouldbemorecommonin eukaryotes);in asubsequentstudyof
prokaryoticdata[34], anad hoccomputationalinvestigationgave additionalevidence
thatshortinversionsplay a signi�cant role in prokaryoticorganisms.However, evenif
we limit ourselvesto (shortandlong) inversions,the respective probabilitiesof these
two eventsremainunknown.

While we do not yet have a strongmodelof genomeevolution throughrearrange-
ments,we do know thatedit distancesmustunderestimatetrueevolutionarydistances,
especiallyasthe distancesgrow large.As is discussedin detail in Chapter13 in this
volume,it is possibleto devise effective schemesto convert the edit distanceinto an
estimate,however rough,of the the true evolutionarydistance.Figure12.9 illustrates
themostsuccessfulof theseattempts:workingfrom ascenarioof uniformly distributed
inversions,Moret et al. [49] collecteddataon the inversiondistancevs. thenumberof
inversionsactuallyusedin generatingthepermutations(themiddleplot), thenproduced
a formulato correcttheunderestimate,with theresult,theEDE distance,shown in the
third plot. (The �rst plot shows that the breakpointdistanceis even more subjectto
underestimationthantheinversiondistance.)Theuseof EDEdistancesin lieu of inver-
sion distancesleadsto moreaccuratephylogeneticreconstructionswith both distance
methodsandparsimony methods[49,50,79,80].

12.2.3 Reconstructingancestral genomes

Reconstructingancestralgenomesis anintegralpartof bothparsimony- andBayesian-
basedreconstructionmethodsandmayalsohave independentinterest.In a parsimony
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FIG. 12.9. Edit distancesvs. trueevolutionarydistancesandtheEDE correction

context, we wantto reconstructa signedgeneorderat eachinternalnodein thetreeso
asto minimize thesumof genomicdistancesover all edgesof thetree.Unfortunately,
this optimizationproblemis NP-hardeven for just threeleaves and for the simplest
of settings—equalgenecontent,no duplication,andbreakpointdistance[59] or inver-
siondistance[12]. Computingsucha geneorderfor threeleavesis themedianproblem
for signedgenomes:given threegenomes,producea new genomethat will minimize
thesumof thedistancesfrom it to theotherthree.In thecaseof breakpointdistances,
Sankoff andBlanchette[66] showedhow toconvertthisproblemto theTravellingSales-
personProblem; Figure12.10illustratestheprocess.Eachgenegivesrise to a pair of
citiesconnectedby anedgethatmustbeincludedin any solution;thedistancebetween
any two cities not forming suchpairs is simply the numberof genomesin which the
correspondingpair of genesis not consecutive (andthusvariesfrom 0 to 3, a limited
rangethatwasput to goodusein thefastGRAPPA implementation[53]).

No equivalentlysimpleformulationin termsof a standardoptimizationproblemis
knownfor moregeneralgenomicdistances.Yeteventhesimpleinversiondistancegives
riseto signi�cantly betterresultsthanthebreakpointdistance,in termsof computational
demandsandtopologicalaccuracy [48,49,51,76] aswell asof theaccuracy of recon-
structedancestralgenomes[9,48]. For inversiondistances,exactalgorithmshave been
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proposed[13,69] thatwork well for smalldistances(of fewer than15 inversions).Tang
andMoret [75] showedthatthemedianproblemunderinversions,deletions,andinser-
tionsor duplicationscouldbesolvedexactly for smallnumbersof deletionsanddupli-
cations,usingafew simpleassumptions;they recentlyextendedthatwork for somewhat
largerchangesin genecontent[77]. Theirapproach�rst determinesthegenecontentof
the median,thencomputesan orderingthroughthosegenesvia an optimizationpro-
cedure.The basicassumptionsarethat (i) no changeis reversedand(ii) changesare
independentandof low probability. Thesetwo assumptions,commonin phylogenetic
work (see,e.g.,[38,42]), imply that simultaneousidenticalchangeson two edgesare
vanishinglyunlikely comparedto the reversechangeon the third edge—sincethe si-
multaneouschangeshave a probabilityon theorderof e2, for a smalle, comparedto a
probabilityof e for a changeon a singleedge,asillustratedin Fig. 12.11.Theresults
obtainedby TangandMoret on a small,but dif�cult datasetof just seven chloroplast
genomesfrom red andgreenalgaeand land plantsareshown in Fig. 12.12.Part (a)
shows the referencephylogeny obtainedthroughcombinedlikelihoodandmaximum
parsimony analysesof thecodonsequencesof severalcpDNA genes;it shouldbenoted
that the placementof Mesostigmais unclearfrom the data.Part (b) shows the phy-
logeny obtainedby TangandMoret,which is completelyconsistentwith thereference
phylogeny. Part (c) showsthephylogeny obtainedby usingthesimpleneighbor-joining
methodon thedistancematrix computedfrom thesevengenomeswith equalizedgene
content:themethodproduceda falsepositive. Finally, part (d) shows the treebuilt by
usingbreakpointdistanceson equalizedgenecontents:not thatthetreeis nearlya star,
with just oneresolvededge.

In thepresenceof very largedifferencesin genecontentandof many duplicates,the
problemis muchharder. For onething,giventhreegenomeswith thesecharacteristics,
thenumberof possibleoptimummediansis very large—indicatingthata biologically
soundreconstructionwill requireexternalconstraintsto selectfrom thesemany choices.
Knowing thedirectionof time�o w (asis thecaseafterthetreehasbeenrooted)simpli-
�es theproblemsomewhat—atleastit makesthequestionof genecontentmuchsimpler
to resolve[16], but it is fair to saythat,atpresent,wesimplylackthetoolsto reconstruct
ancestraldatafor complex nucleargenomes.

In a completelydifferent vein, El-Mabroul (seeChapter11 in this volume) has
shown how to reconstructancestralgenomesin the presenceof a single duplication
event,one,however, thatduplicatedtheentiregenomejust once.
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(a) referencephylogeny (b) asderivedbyTangandMoret

(c) neighbor-joining (d) breakpointphylogeny

FIG. 12.12. Phylogenieson theseventaxoncpDNA dataset[77]

12.3 Reconstructionfr om Gene-OrderData

Phylogeneticreconstructionmethodsfrom gene-orderdatafall within the samegen-
eral categoriesasmethodsfor sequencedata,to wit: (i) distance-basedmethods,(ii)
parsimony-basedmethods,and(iii) likelihood-basedmethods,all with the possibility
of usinga metamethodon top of thebasemethod.In Chapter13 in this volume,Wang
andWarnow giveadetaileddiscussionof distance-basedmethods.Likelihoodmethods
arerepresentedto dateby a singleeffort, from Largetet al. [33], in which a Bayesian
approachshowedevidenceof successon a coupleof fairly easydatasets;thesameap-
proach,however, failed to convergeon a harderdatasetanalyzedby Tanget al. [77].
We thusfocushereonapproachesbasedonparsimony, whichhaveseenmoredevelop-
ment.Theseapproachesfall into two subcategories:encodingmethods,which reduce
the gene-orderproblemsto sequenceproblems,and direct methods,which run opti-
mizationalgorithmsdirectlyon thegene-orderdata.

12.3.1 Encodinggene-orderdatainto sequences

As we shall seein Section12.3.2,direct optimizationapproacheshave runningtimes
that areexponentialin both the numberof genomesandthenumberof genes,so that
analysesof even small datasets(containingonly ten or twenty genomes)may remain
computationallyintractable.Thereforean approachthat,while remainingexponential
in the numberof genomes,takestime polynomial in the numberof genes,may be of
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signi�cant interest.Sincesequence-basedmethodshave suchcharacteristics,a simple
ideais to reducethegene-orderdatato sequencedatathroughsometypeof encoding.
Ourgroupdeveloppedtwo suchmethods.

The�rst method,MaximumParsimonyonBinaryEncodings(MPBE)[14,15], pro-
ducesonecharacterfor eachgeneadjacency presentin thedata—thatis, if genesi and
j occurastheadjacentpair i j (or - j-i) in oneof thegenomes,thenwe setup a binary
characterto indicatethe presenceor absenceof this adjacency (coded1 for presence
and0 for absence).Thepositionof a characterwithin thesequenceis arbitrary, aslong
as it is the samefor all genomes.By de�nition, thereareat most2n2 characters,so
that the sequencesareof lengthspolynomial in the numberof genes.Thus,analyses
usingmaximumparsimony will run in time polynomial in the numberof genes,but
mayrequiretime exponentialin thenumberof genomes.However, while a parsimony
analysisrelieson independenceamongcharacters,the charactersproducedby MPBE
areemphaticallydependent;moreover, translatingthe evolutionarymodelof geneor-
dersinto a matchingmodelof sequenceevolution for the encodingsis quite dif�cult.
Thismethodsuffersfrom severalproblems:(i) theancestralsequencesproducedby the
reconstructionmethodmaynotbevalid encodings;(ii) noneof theancestralsequences
candescribeadjacenciesnotalreadypresentin theinputdata,thuslimiting thepossible
rearrangements;and(iii) genomesmusthaveequalgenecontentwith noduplication.

The secondmethodis the MPME method[79], wherethe second“M” standsfor
Multistate. In thismethod,wehaveexactlyonecharacterfor eachsignedgene(thus2n
charactersin all) andthe stateof a characteris the signedgenethat follows it in the
geneordering(in thedirectionindicatedby thesign),sothateachcharactercanassume
oneof 2n possiblestates.Again, thepositionof eachcharacterwithin thesequenceis
arbitraryaslongasit is consistentacrossall genomes,althoughit is mostconvenientto
think of the ith character(with i � n) asassociatedwith genei, with then+ ith char-
acterassociatedwith gene� i. For instance,the circular geneorder(1;-4;-3;-2) gives
riseto theencoding(-4;3;4;-1;2;1;-2;-3). Our resultsindicatethattheMPME method
dominatestheMPBE method(amongotherthings,theMPME methodis ableto create
ancestralencodingsthat representadjacenciesnot presentin the input data).However,
it still suffers from someof thesameproblems,asit alsorequiresequalgenecontent
with no duplicationandit too cancreateinvalid encodings.In additionit introducesa
new problemof its own: thelargenumberof characterstatesquickly exceedsthecom-
putationallimits of popularMP software.In any case,bothMPBEandMPME methods
areeasilysurpassedby directoptimizationapproaches.

12.3.2 Directoptimization

BlanchetteandSankoff [66] proposedto reconstructthebreakpointphylogeny, i.e., the
treeandancestralgeneordersthat togetherminimize the total numberof breakpoints
alongall edgesof thetree.Sincethis problemincludesthebreakpointmedianasa spe-
cial case,it is NP-hardevenfor a �x ed tree.Thusthey proposeda heuristic,basedon
iterative improvement,for scoringa �x edtreeandsimply decidedto examineall pos-
sibletrees;theresultingprocedure,BPAnalysis , is summarizedin Fig. 12.13.Sankoff
andBlanchetteusedthismethodto analyzeasmallmitochondrialdataset.Thismethod
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For each possible tree do

Initially label all internal nodes with gene orders
Repeat

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

Solve the median problem on A, B, and 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

FIG. 12.13. BPAnalysis

is expensive at every level: �rst, its innermostloop repeatedlysolves the breakpoint
medianproblem,an NP-hardproblem;second,the labelling procedurerunsuntil no
improvementis possible,thususingapotentiallylargenumberof iterations;and�nally ,
thelabellingprocedureis usedoneverypossibletreetopology, of which thereis anex-
ponentialnumber. Thenumberof unrooted,unorderedtreesonn labelledleavesis (2n�
5)!!, wherethedoublefactorialdenotesthefactthatonlyeveryotherfactorisused—that
is, wehave(2n� 5)!! = (2n� 5) � (2n� 7) � (2n� 9) � : : :� 5� 3. For just13genomes,we
obtain13.5billion trees;for 20 genomes,therearesomany treesthatmerelycounting
to thatvaluewould take thousandsof yearson thefastestsupercomputer.

Realizingthis problem(we estimatedthat runningBPAnalysis on an easysetof
13 chloroplastgenomeswould take several centuries),we reimplementedthestrategy
of Blanchetteand Sankoff, but madeextensive useof algorithmic engineeringtech-
niques[46] to speedit up—mostnotablyin the useof lower boundsto avoid scoring
mostof the trees—andaddedtheuseof inversiondistancesin orderto produceinver-
sionphylogenies. Thevarioustechniqueswe usedarelisted in Table12.3.In thecase
of the13-taxondataset,for instance,our boundingandorderingstrategieseliminateall
but 10,000of the 13.5billion trees.The treelower boundis basedon the trianglein-
equalitythat mustbe obeyedby any metric: in any orderingof the leavesof the tree,
half of thesumof thepairwisedistancesbetweenconsecutive leavesmustbe a lower
boundon the total lengthof the treeedgesin the optimal tree.We take advantageof
theunorderednatureof the treesto computethe largestpossiblelower boundthrough
swapsof thetwo childrenwheneversuchaswapleadsto alargervalue.Thelayeringap-
proachprecomputeslowerboundsfor all treesandstoresthetreesin bucketsaccording
to increasingvaluesof thelowerbound;it thengoesthroughthetreesbucketby bucket,
startingwith thosewith thesmallestlowerbound,takingadvantageof (i) thehighcorre-

Table 12.3 Speedupsfor variousalgorithmengineeringtechniques

techniqueused speedupobtained
improving treelowerbound 500x
reducingmemoryusage 10x
bettermediansolver 10x
hand-tuningcode 5x
“layering” approach 5x
improving medianlowerbound 2x
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lationbetweenlowerboundand�nal scoreand(ii) thelow costof boundingcompared
to thehigh costof scoring.Reducingmemoryusageis accomplishedby predeclaring
all necessaryspaceandre-usingmuchof it on the �y; andhand-tuningcodeincludes
hand-unrollingloops,precomputingcommonexpressions,choosingbranchorder, and,
in general,carefullyoptimizingany innerloop thatpro�les toohigh.

Theresultingcode,GRAPPA(GenomeRearrangementAnalysisunderParsimony and
otherPhylogeneticAlgorithms)[53], with ourbestboundingandorderingschemes,can
analyzethesame13-taxondatasetin 20minutesonalaptop[49]—aspeedupby afactor
of abouttwo million. Moreover, this speedupcaneasilybe increasedby the useof a
largeclustercomputer, sinceGRAPPAis fully parallelandgetsanearlyperfectspeedup;
in particular, runningthe codeon a 512-processormachineyieldeda one-billion-fold
speedup.

However, a speedupby any constantfactor, evena factoraslargeasa billion, can
only adda constantto thesizeof datasetsthatcanbeanalyzedwith this method:every
addedtaxonmultiplies the total numberof trees,andthusthe runningtime, by twice
the numberof taxa.For instance,whereasGRAPPAcansolve a 13-taxondatasetin 20
minutes,it would needover two million yearsto solve a 20-taxondataset! In effect,
thedirectoptimizationmethodis, for now, limited to datasetsof about15 taxa;to put it
differently:in ordertoscaledirectoptimizationto largerdatasets,weneedtodecompose
thoselargerdatasetsinto chunksof at most14 taxaeach.

12.3.3 Directoptimizationwith a metamethod:DCM-GRAPPA

TangandMoret [76] succeededin scalingupGRAPPAfrom its limit of around15taxato
over 1,000taxawith no lossof accuracy andat a minimal costin runningtime (on the
orderof 1–2days).They did soby adaptinga metamethod,theDisk-CoveringMethod
(DCM), to theproblemathand,producingDCM-GRAPPA.

Disk-covering methods(DCMs) are a family of divide-and-conquermethodsde-
visedby Warnow andhercolleagues.All DCMs arebasedon theideaof decomposing
thesetof taxainto overlapping“tight” subsets,usinga basereconstructionmethodon
the subsetsto obtain trees,then combiningthe treesthus obtainedto producea tree
for the entiredataset.TherearethreeDCM variantsto date,differing in their method
of decompositionandtheir measureof tightnessfor subsets.The�rst DCM published,
DCM-1 [29], is basedon a distancematrix. It createsa graphin which eachvertex is a
taxonandtwo taxaareconnectedby anedgeif theirpairwisedistancefallsbelow some
predeterminedthreshold;this graphis thentriangulatedandits maximumcliquescom-
puted(theformeris doneheuristically, thesecondexactly, bothin polynomialtime) to
yield thedesiredsubsets.Thusthis methodproducesoverlappingsubsetsin which no
pair of taxais fartherapartthanthethreshold.ThesecondDCM method,DCM-2 [30],
alsocreatesa thresholdgraph,but thencomputesa graphseparatorfor it andproduces
subsets,eachof which is theunionof theseparatorandoneof the isolatedsubgraphs.
Finally, thethird DCM method,DCM-3 [62], usesaguidetreeto determinethedecom-
positionandis bestusedin aniterative setting,with thetreeproducedat eachiteration
servingasguide tree for the next iteration.Whenusedwith sequencedata,all three
DCM variantsusetreere�nementmethodsto reducethenumberof polytomiesin the
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treesreturnedfor eachsubsetandfor theentiredataset.Whenusedfor maximumpar-
simony analysison sequenceswith theTNT packageasits basemethod,therecursive
and iterative versionof DCM3 caneasily analyzebiological datasetsof over 10,000
taxa,producingtreeswith parsimony scoreswithin 0:01%of optimalin lessthana day
of computation[62].

TangandMoret[76] usedDCM-1 to produceDCM-GRAPPA. Becausegene-orderdata
producesvery few polytomies,they did not needany treere�nementphase.However,
becausethe sizeof the subsetscannotbe constrainedbeforehand,they neededto use
theDCM recursively in orderto keepdecomposingsubsetsuntil no subsetheldmore
than14 taxa; a recursive decompositionis a naturalenoughidea,but posesdif�cult
questions,suchasthe relationshipbetweenthe sizethresholdusedat onelevel of the
recursionandthat usedat the level below. On simulateddata(thereareno biological
gene-orderdatasetsof suchsizes),they foundthatDCM-GRAPPAscaledgracefullyto well
over1,000taxa(in two daysof computation)andretainedthehighaccuracy of thebase
method,GRAPPA—with fewer than3% of theedgesin error.

12.3.4 Handlingunequalgenecontentin reconstruction

The methodusedby TangandMoret [75] for computingthe medianof threeknown
genomesin the presenceof unequalgenecontentis not directly applicableto phylo-
geneticreconstructionin thestyleof GRAPPA, becausethe lattercannotrely on known
geneordersfor thethreeneighbors—certainlynot initially, wheninternalnodesmustbe
assignedgeneordersin someroughmanner, andnotduringtheprocess,whenevery in-
ternalgeneorderis subjectto replacementby anew median.To overcomethisproblem,
Tanget al. [77] begin by computingthe genecontentof eachinternalnodeandthen
only proceedto assignanditerateovergeneorders.Genecontentsareassignedstarting
from theleaves(with knowngenecontents),usingtheprincipleillustratedin Fig.12.11:
if two sibling leavesbothcontaingeneX, thensodoestheirparent,while, if neitherleaf
containscontainsX, then neitherdoestheir parent.When one leaf containsgeneX
andtheotherdoesnot, geneX is notedasambiguousfor theparent;suchambiguities
areresolvedthroughpropagationof constraintsanditerative improvement,muchin the
style of the basicoptimizationheuristicof GRAPPA. This approachto the handlingof
unequalgeneordersandduplicationscanbeincorporatedwithin DCM-GRAPPA, yielding
amethodfor theanalysisof largedatasetswith arbitrarygenecontent.

12.4 Experimentation in Phylogeny

Beforeweconcludeoursurvey, weshouldsaya few wordsaboutexperimentationwith
phylogeneticreconstructionalgorithms.While computerscientistshave long evaluated
algorithmsin termsof their asymptoticrunningtime andperformanceguarantees,it is
only in the last 10 yearsthat moreformal approachesto the experimentalassessment
of algorithmshave emerged,underthe collective nameof experimentalalgorithmics.
Experimentalalgorithmics(see,e.g.,[19,45,47] andthe Journal of ExperimentalAl-
gorithmicsat www.jea.acm.org ) is anemerging disciplinethatdealswith how to test
algorithmsempiricallyto obtainreliablecharacterizationsof their performanceaswell
asdeepenour understandingof their propertiesin order to re�ne them.Becauseit is
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basedon experimentaldata,experimentalalgorithmicscanseekinspirationfrom the
physicalsciences,but it mustadaptto the speci�c goal—notto understandonephe-
nomenon,but to generalize�ndings to anin�nite rangeof possibleinstances.

In phylogeneticreconstruction,anassessmentmusttake into accounttheaccuracy
of the reconstruction(in termsof thechosenoptimizationcriterionbut also,andmore
importantly, in termsof thebiologicalsigni�canceof theresults)aswell asthescaling
up of resourceconsumption(time andspace).In turn, conductingsuchan assessment
requirestheuseof acarefullydesignedsetof benchmarkdatasets[52].

12.4.1 How to test?

First, how do we choosetestsets?Biological datasetstestperformancewhereit mat-
ters,but they canbeusedonly for ranking,aretoofew topermitquantitativeevaluations,
andareoftenhardto obtain.Moreover, theanalysisof any largebiologicaldatasetwill
be hardto evaluate:onecannotjust walk up to one's colleaguein systematicswith a
10,000-taxontreein handandaskherwhetherthetreeis biologically plausible! Thus
biologicaldatasetsaregoodfor anecdotalreportsandfor “reality checks.” In the lat-
ter capacity, of course,they areindispensable:no simulationcanbe accurateenough
to replacereal data.Simulateddatasetsenableabsoluteevaluationsof solutionqual-
ity (becausethe model,and thus the “true” answer, is known) andcan be generated
in arbitrarily large numbersto ensurestatisticalsigni�cance.Thus a combinationof
large-scalesimulationsandreasonablenumbersof biological datasetsis theonly way
to obtainvalid characterizationsof algorithmsfor phylogeneticreconstruction.Thesim-
ulationsmustbebasedon thebestpossiblemodelsof theapplicationat hand—inour
case,we needaccuratemodelsof speciationandextinction, of geneduplication,gain,
andloss,andof genomerearrangements.

12.4.2 Phylogeneticconsiderations

A typicalsimulationstudyrunsasfollows:

1. generatea rootedbinary tree (accordingto a chosenmodel of speciationand
extinction) with the appropriatenumberof leaves—thisis known asthe model
tree;

2. assigna “length” (i.e., numberof evolutionaryevents)to eachedgeof the tree
accordingto achosenmodelof divergence;

3. placea genomeof suitablesizeandcompositionat theroot;
4. evolve thegenomesdown thetree,i.e., transformtheparentgenomealongeach

edgeto its childrenaccordingto thenumberof evolutionaryeventson thatedge
andto thechosenmodelof genomeevolution;

5. collect the genomesthus generatedat the leavesand usethem as input to the
reconstructionalgorithmundertest;and

6. comparethetopology(and,if desired,theinternalgenomes)of thereconstructed
treewith thatof themodeltree.

This sequenceof operationsis run many timesfor thesameparametervalues(number
of taxa,sizeof genomes,parametersof themodelof genomeevolution,distribution of
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edgelengths,etc.)to ensurestatisticalsigni�cance.Naturally, a rangeof parametersis
alsoexplored.Thusthe computationalrequirementsaresigni�cant—keepingin mind
thatevena singlereconstructioncanprovequiteexpensivein termsof runningtime.

In themany yearsof experimentalwork we haveconducted,we have founda num-
berof usefulguidelines,summarizedbelow.

� Treeshapeplaysa surprisinglylarge role. Thuswe needa reasonablemodelof
speciation(andextinction),onethatcertainlygoesbeyondthesimplisticmodels
of uniformdistributionsor birth-deathprocesses.Of course,theshapeof thetrue
treesis unknown and, in any case,dependson the selectionof genomes(tight
cladeswill show very differentshapesfrom that of the entireTreeof Life, for
instance),sothatgoodsimulationswill needto usea selectionof parameters.

� Theevolutionarymodelsfor divergenceandgenomeevolution areimportant.In
particular, mostreconstructionmethodsexhibit poor accuracy whenthe diame-
ter of thedataset(theratio of the largestto thesmallestpairwisedistancein the
dataset)is large.Methodsaimedat minimizing inversiondistancesmaynot per-
form aswell on datasetswherethepredominanteventsaretranspositions.Large
numbersof duplicationsor very largegenelossesalsoconfusemostreconstruc-
tion methods.Thus the challengeis to devise an evolutionarymodel with few
parametersthat is easilymanipulatedanalyticallyandcomputationallyandpro-
ducesrealisticdata.

� Testinga largerangeof parametersandusingmany runsfor eachsettingto es-
timatevarianceareessentialpartsof any testingstrategy. In thehugeparameter
spaceinducedby eventhesimplestof models,it is all too easyto fall within an
uncharacteristicregion anddraw entirelywrongconclusionsaboutthebehavior
of thealgorithm.Of course,thesizeof theparameterspacemakesit dif�cult to
samplewell.

Thattreeshapeplayssucha role wasanunexpected�nding. Most studiesto datehave
usedeithera uniform model(popularin computerscience)or a birth-deathmodel(so-
calledYule trees,popularin biology). Severalauthors[1,2,22,27,44] notedthatpub-
lishedphylogeniesexhibit ashapedistributionthatdeviatesfrom eithermodel:in terms
of balance(relative sizeor heightof the two childrenof a node),publishedtreestend
to bemorebalancedthanuniformly distributedtrees,but lessbalancedthanbirth-death
trees.We subsequentlyfound that simplestrategiessuchasneighbor-joining do very
well on datasetsgeneratedfrom birth-deathtreesand,with all otherparametersheld
unchanged,quite poorly on datasetsgeneratedfrom uniformly distributed trees.Al-
dous[1, 2] proposeda modelwith a singlebalanceparameter, the b-splitting model,
that,accordingto the valueof the parameterb, cangenerateperfectlybalancedtrees,
birth-deathtrees,uniformly distributedtrees,down to “caterpillar” (or “ladder”) trees
(in which eachinternalnodehasa leaf asoneof its children)andrecommendeda par-
ticular parametersettingto matchthebalancefactorsof publishedphylogenies.Unfor-
tunately, thatmodellacksa biologicalfoundation—itis a purelycombinatorialmodel;
moreover, thesingleparametercannotlocalizetreestructure—itactson theentiretree
atonce.Heard[27] hadearlierpublishedamodelwith astrongbiologicalfoundation,in
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which thespeciationrateis inheritedandalsosubjectto variation;again,dependingon
thesettingof thespeciationparameters(inheritanceandvariability), mostdistributions
of treebalancecanbeproduced.Heard'smodel,becauseit is foundedonthebirth-death
process,hastheaddedadvantageof producingedgelengths(in termsof elapsedtimes),
from which thenumberof evolutionaryeventscanbeinferredin termsof variousevo-
lutionarymodels.We have usedbothAldous' andHeard's modelsin our simulations,
with themostconvincingresultscomingfrom Heard'smodel.

Many problemsof biologicalverisimilitudeappearateverystage,but perhapsmost
importantlyin theprocessof generatinggenomerearrangements.Most studiesto date,
includingours,have useda simpleprocessin which inversions(and,if included,trans-
positionsand invertedtranspositions)are generateduniformly at random.However,
most chromosomeshave internal structurethat might prevent the occurrenceof cer-
tain events(for instance,inversionmight not bepossibleacrossa centromere)or favor
the occurrenceof others(for instance,theremight be “hotspots” in the chromosome
thatarefrequentlyinvolvedastheendpointof inversionsor transpositions—forrecent
evidenceof such,see[60]). Thelengthof inversionsandtranspositionsis animportant
questionthathasrecentlybeenconsideredin modelsof genomicevolution[65], in phy-
logenetics[34], andin comparativegenomics—thelatterof particularimportancein the
evolutionof cancerouscells,wheremany shortrearrangementsarecommon.

Finally, a thorny issuein all optimizationproblemsis the issueof robustness.NP-
hardoptimizationproblems,suchasMPand(presumably)ML, oftenexhibit verybrittle
characteristics;little is known aboutthespaceof treesin theneighborhoodof the true
tree in phylogeneticreconstructionor aboutthe effect on this spaceof the choiceof
parametersin themodels.

12.5 Conclusionand Open Problems

Gene-contentandgene-orderdataarebeingproducedat increasingratesfor many sim-
ple organisms,from organellesto bacteria,andin a few modeleukaryotes.In phylo-
geneticwork, suchdatahave beenfound to carry a very strongand robust phyloge-
netic signal—reconstructionsusingsuchdata,both in simulationsandwith biological
datasets,provide informationconsistentwith the bestanalysesrun on sequencedata,
robust in thefaceof smallchanges,andlesssensitive to mixesof smallandlargeevo-
lutionarydistancesthanany sequence-basedanalysis.Moreover, thesetechniquesscale
well to largedatasets(at leastto 1,000taxa,but mostlikely many more).Thatthesedata
dosowell in spiteof theprimitivetoolsavailableto date(simplisticmodels,limited op-
timization frameworks,enormouscomputationaldemands)bodeswell and justi�es a
call for moreresearch,particularlyon thefollowing topics.

� Treemodels.Heard'smodel[27] is promisingandperhapsevensuf�cient, but the
effect of its variousparameterson theaccuracy andcomplexity of phylogenetic
reconstructionneedsto bebetterunderstood.

� Evolutionarymodelsfor genomes.As mentionedabove,therearemany questions
andvery few answersto date.For thetime being,onecanrun simulationsunder
many differentmodelsandverify that certainsolutionswork betterthanothers;
asnew dataemerge,however, onecanexpectimprovementsin themodels.
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� Extensionsof thetheorypioneeredby HannenhalliandPevzner, beyondthework
of El-Mabrouk,Marronetal., andHartman,to handletranspositionsalone,trans-
positionsand inversions,length-dependentrearrangements,position-dependent
rearrangements,andduplications.

� Goodcombinatorialformulationsof the medianproblemfor inversionsandfor
moregeneralcasesand,by extension,of theproblemof assigningancestralgene
ordersto a �x edtreein orderto minimizethetotalnumberof evolutionaryevents
(asweightedby the modelof evolution). In particular, handlingof large multi-
chromosomalgenomes,by integratingadvancessuchasMGRandDCM-GRAPPA,
would enabletheuseof gene-orderdatain thereconstructionof eukaryoticphy-
logenies.

� Tighterboundson treescoresundertheoptimizationmodel,soasto scaleup the
optimizationto thelargestpossibledatasets.

� Integrationof theabovewithin aDCM-likeframework, in orderto scalethecom-
putationsto (nearly)arbitrarily largedatasets.
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