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RECONSTRICTING PHYLOGENIESFROM GENE-CONTENT
AND GENE-ORDERDATA

BernardM.E. Moret, Jijun Tangand TandyWarnov

Abstract

Gene-ordedatahave beenusedsuccessfullyto reconstrucorganellarphyloge-
nies; they offer low error rates,the potentialto reachfartherbackin time than
throughDNA sequencefbecaus@genome-leel eventsarerarerthanDNA point

mutations),andimmunity from the so-calledgene-treevs. species-treg@roblem
(causedby the fact that the evolutionary history of speci ¢ genesis notisomor

phicto thatof theorganismasawhole). They have alsoprovided deepmathemat-
ical andalgorithmicresultsdealingwith permutationsand shortestsequencesf

operationn thesepermutationsRecendevelopmentsncludegeneralizationso

handleinsertions duplications,anddeletions scalingto large numbersof organ-
isms,and, to a lesserextent, to larger genomesandthe rst Bayesianapproach
to the reconstructiorproblem.We suney the state-of-the-artn using suchdata
for phylogeneticreconstructionfocusingon recentwork by our groupthat has
enabledusto handlearbitraryinsertions duplications,anddeletionsof genesas
well asinversionsof genesubsequence®ve concludewith alist of researclyues-
tions (mathematicalalgorithmic,andbiological)thatwill needto beaddresseth

orderto realizethefull potentialof this type of data.

12.1 Intr oduction: Phylogeniesand PhylogeneticData
12.1.1 Phylogenies

A phylogety is areconstructiorof theevolutionaryhistoryof acollectionof organisms.
It usuallytakestheform of atree,wheremodernorganismsareplacedattheleavesand
edgesdenoteevolutionaryrelationshipsin that setting,“species”’correspondo edge-
disjoint paths Figure12.1shownsthreephylogenetidrees,in differentdisplayformats.

Phylogeniediave beenandstill areinferredfrom all kindsof data:from geographic
andecological,throughbehaioral, morphological.and metabolic,to the currentdata
of choice,namelymoleculardata[74]. Moleculardatahave the signi cant advantageof
beingexactandreproducibleat leastwithin experimentalerror, not to mentionfairly
easyto obtain.Eachnucleotiden aDNA or RNA sequencéor eachcodon)is, by itself,
awell de ned character, whereasnorphologicaldata(a o wer, adinosautbone,etc.),
for instancemust rst be encodednto characterswith all the attendingproblemsof
interpretationdiscretizationgtc.
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FiG. 12.1. Variousphylogenetidrees,in differentformats

The predominantmoleculardatahave beenandcontinueto be sequencelata:DNA
or RNA nucleotideor codonsequencefor afew genesA promisingnew kind of data
is gene-ordedata,wherethe sequencef geneson eachchromosomés speci ed.

Sequenc®ata In sequencelata,charactersireindividual positionsin the stringand
socanassumeneof afew states# statedor nucleotidesor 20 statedor amino-acids.
Suchdataevolve throughpoint mutationsi.e., changesn the stateof a characterplus
insertions(includingduplicationg anddeletionsFigurel12.2shavs asimpleevolution-
ary history, from the ancestrabequencet the root to modernsequenceat the leaves,
with evolutionaryeventsoccurringon eachedge.Note thatthis history is incomplete,
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AAGACTT

AAGGCCT TGGACTT

AGGGCAT TAGCCCT AGCACTT

AGGCAT TAGCCCA TAGACTT TGAACTT AGCACAA AGCGCTT

FiG. 12.2. Evolving sequencedown agiventreetopology

asit doesnot detailthe eventsthathave taken placealongeachedgeof thetree.Thus,
while onemight reasonablyconcludethat,in orderto reachthe leftmostleaf, labeled
AGGCAT, from its parent,labeled AGGGCAT, one shouldinfer the deletionof one
nucleotide(one of the threeG's in the parent),a more complex scenariomay in fact
have unfolded.If onewereto comparethe leftmostleaf with the rightmostone, la-

beledAGCGCTT, onecouldaccounftfor thedifferencewith two changesstartingwith

AGGCA, inserta C betweerthetwo G's to obtainAGCGCAT, thenmutatethe penul-
timate A into a T. Yet the treeitself indicatesthat the changeoccurredin a far more
complex mannerithe pathbetweerthesetwo leavesin the treegoesthroughthe series
of sequences

AGGCAT$ AGGGCAT$ AAGGCCTs AAGACTTS TGGACTT$S AGCACTT$ AGCGCTT

andeacharrow in this seriesndicatesat leastoneevolutionaryevent.

Preparingsequencealatafor phylogeneticanalysisinvolves the following steps:
(i) nding homol@ousgenes(i.e., genesthat have evolved from a commonancestral
gene—andnostlikely ful Il thesamefunctionin eachorganism)acrossall organisms;
(ii) retrieving andthenaligning the sequencefor thesegenegtypical genesyield se-
guencef several hundredbasepairs) acrossthe entire setof organismsjn orderto
identify gaps(correspondingo insertionsor deletions)andmatchesor mutations;and

nally (iii) decidingwhetherto useall availabledataatoncefor acombinedanalysisor
to useeachgeneseparatelyandthenreconciletheresultingtrees.

Sequenceélataareby farthemostcommonform of moleculardatausedin phyloge-
neticanalysesThe mainreasons simply availability: large amountsof dataareeasily
availablefrom databasesuchas GenBank,alongwith searchtools (suchasBLAST)
and annotationsmoreover, the volume of suchdatagrows at an exponentialpace—
indeed,t is outpacinghegrowth in computerspeedMoore'slaw). A secondeasors
thewidespreadawvailability of analysidoolsfor suchdata:packagesuchasPAUP*[73],
MacClad€37], Mesquite[40], Phylip[18], MEGA [32], MrBayes[28], andTNT [21],
all availableeitherfreely or for amodestfee,arein widespreadiseandhave provided
biologistswith satishctoryresultson mary datasetskinally, the succes®f thesepack-
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agesis duein goodpartto the factthatsequencevolution haslong beenstudied both
in termsof thebiochemistryof nucleotidesandof thebiologicalmechanismsf change,
sothatacceptednodelsof sequencevolution provide a reasonabléramenvork within
whichto de ne computationabptimizationproblems.

Sequenceéatado suffer from anumberof problemsA fairly minor problemis sim-
ple experimentakrrors:in the procesof sequencingsomebasepairsaremisidenti ed
(miscalled) currentlywith a probabilityontheorderof 10 2. A moreserioudimitation
is the relatively fastpaceof mutationin mary regionsof the genome;combinedwith
thefactthateachpositioncanassumeneof only afew values this fastpaceresultsin
silentchanges—changeshataresubsequentlyeversedn the courseof evolution, leav-
ing notracein modernorganisms(Usingamino-acidsequencesyith 20 possiblestates
per characteronly modestlyalleviatesthis problem.) In consequencesequencalata
mustbe selectedo t the problemat hand:very stableregionsto reconstructery old
events,highly variableregionsto reconstructery recenthistory, etc. This specialized
naturemay causedif culties whenattemptingto reconstruct phylogery thatincludes
bothrecentandancientevents sincesuchanattemptwould requiremixing variableand
conseredregionsin theanalysistriggeringthe next andmostimportantproblem.The
evolution of ary givengene(or region of the sequenceheednot beidenticalto that of
the organism—thids the genetreevs. speciedreeproblem[39,57]. Thusa combined
analysis basedon the useof all availablegenesfisks runninginto internalcontradic-
tions andthe loss of resolution,whereasone basedon individual geneswill typically
yield differenttreesfor the differentgenestreesthatmustthenbereconciledhrougha
procesknown aslineage sorting Sequencelataalsosuffer from computationaprob-
lems: mostprominently the problemof multiple sequencalignmentis currentlyonly
poorly solved—indeedmostsystematistsvill align sequencaataby hand,or at least
edit by handthe alignmentsproposedby the software. Lessimportantly at leastin a
relative sensecurrentphylogenetiaeconstructionmethodausedwith sequencelatado
notscalewell, whetherin termsof accurag or runningtime.

Gene-Contenand Gene-Oder Data The dataherearelists of genesin the orderin
which they are placedalongone or more chromosomesNucleotidedataare not part
of this picture:instead,eachgenealonga chromosomaes identi ed by somename,a
namesharedwith its homologson otherchromosomesor, for thatmatter onthe same
chromosomein caseof geneduplications).The entiregeneorderformsa singlechar
acter but onethat canassumea hugenumberof states—achromosomewvith n genes
presentsa charactemwith 2" n! states(the rst termis for the strandednesef each
geneand the secondfor the possiblepermutationsn the ordering).A typical single
circularchromosoméor the chloroplastorganelleof a Guillardia specieqtakenfrom
the NCBI database)s showvn in Fig. 12.3. A geneorder evolvesthroughinversions
sometimesalso called reversals(well documentedn chloroplastorganelleq31,58]),
andperhapslsotranspositiongindinvertedtranspositiongstronglysuspecteth mito-
chondrig[7,8]); thesethreeoperationareillustratedin Fig. 12.4.(Other morecomplex
rearrangementsiaywell be possible particularlyin the context of DNA repairof radi-
ationdamage.)Theseoperationsio not affect the genecontentof the chromosome.



INTRODUCTION: PHYLOGENIESAND PHYLOGENETICDATA 5

tRMA-Aspartic

ilvE
) yePSﬁ tRHA-Hi=
b vcfﬁg I tPNH—TPpéﬁUEL
Y psal | psl
e N W
4 PSDH) A—Tup PSS A
it “.‘I | ’cFNHdn'I'gr pek %mgbnye‘oz?
] - p / rﬁsiﬂi‘s
| elp Guthtpais
FRC &l

Il "ﬁl gr\r‘p /
- j

Sak Y

iU tRHA-Cys
psby tRHA-Leu
L VAR sRHA-Te
a_E?-I_I?GtRNH—LeLﬂ psal| | BE3 tRiA-Arg

3 Ipef 18 ueraT
=
akpil sbl | GothCpesT
w33 psbl
Legend:
B - CDS +strand Bl - RHA +strand
- CID% -strand - RMA —-strand
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39

Fic. 12.5. Evolving geneordersdown a giventreetopology;eachedgeis labelledby
theinversionghattook placealongit

In the caseof multiple chromosomespther operationscomeinto play. One such
operationis translocation which movesa pieceof onechromosomento another—in
effect, it is atranspositiorbetweenchromosomesOtheroperationghatareapplicable
to multiple chromosomevolutionincludefusion which memgestwo chromosomesito
one,and ssion, which divides a single chromosomento two. In multichromosomal
organismscolocationof geneson the samechromosomer syntenyis animportant
evolutionaryattribute andhasbeenusedin phylogenetiaeconstructiorf54,67,68]. Fi-
nally, two additionalevolutionary eventsaffect both the genecontentand, indirectly,
the geneorder:insertions(including duplicationg anddeletionsof singlegenesor se-
guence®f genes.

In orderto conducta phylogenetianalysidbasedn gene-ordedata,we mustiden-
tify homologougienegincludingduplications)vithin andacrosghechromosomesAs
thesystemunderstudyis muchmorecomplex thansequenceata,we mayalsohaveto
re ne themodelto t speci ¢ collectionsof organismsfor instancebacteriaoftenhave
conseredclustes of genespr opelons—geneghatstaytogetheithroughoutevolution,
but notin any speci c order—, while mostchloroplastorganellesexhibit a character
istic partition of their chromosomaento four regions,two of which are mirror images
of eachother(the“invertedrepeat”structure) Figure12.5shavs atypical evolutionary
scenarichbasedn inversionsalone;comparewith Fig. 12.2.

Theuseof gene-ordeandgene-contentlatain phylogenetiaeconstructioris rela-
tively recentandthe subjectof muchcurrentresearchSuchdatapresenseveraladwvan-
tages:(i) becausehe entiregenomes studiedat once thereis no genetreevs. species
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Table 12.1 Existingwhole-ggnomedataca. 2003 (approximatevalues)

Type | Attributes | Numbers
Animal mitochondria| 1 chromosome40 genes 250
Plantchloroplast 1 chromosomel40genes 100
Bacteria 1-2chromosome§00—4,00@enes 50
Eukaryotes 3-30chromosomes?,000-30,00@ene 10

tree problem; (ii) thereis no needfor alignment;and (iii) generearrangementand
duplicationsare muchrarer eventsthan nucleotidemutations(they are“rare genomic
events”in the senseof RokasandHolland [61]) andthusenableusto traceevolution
fartherbackthansequencelata.

Ontheotherhand thereremainsigni cant challengesForemosiamongthemis the
lack of data:mappinga full genomewhile easiethansequencinghefull genomere-
mainsmuchmore demandinghan sequencing few genes.Table12.1givesarough
ideaof the stateof affairsaround2003.Thebacteriaarenot well sampledfor obvious
reasonsmostof the bacteriasequencedb datearehumanpathogensThe eukaryotes
arethe modelspecieshosenn genomeprojects:human,mousefruit y , worm, mus-
tard plant, yeast,etc.; althoughtheir numberis quickly growing (with several more
mammaliargenomesearingcompletion) coverageat this level of detailwill probably
never exceeda smallfractionof thetotal numberof describedrganisms.

This lack of datain turn givesrise to anothermproblem:thereis no good modelof
evolution for the gene-ordedata—forinstancewe still do nothave rm evidencefor
transpositiongnuchlessary notionof relative prevalenceof thevariousrearrangement,
duplication,andlossevents.This lack of agoodmodelcombineswith athird problem,
the extreme(at leastin comparisorwith sequencealata)mathematicatomplexity of
geneordersto createmajorcomputationathallenges.

Sequences.Gene-OderData Tablel2.2summarizeshecharacteristicef sequence
dataandgene-ordedata.At presentthereis every reasorto expectthatwhole-genome
datawill remainlimited to a small subsetof the organismsfor which we will have
somesequencelata:sequencingnegeneis fastandinexpensve, whereasequencing
a completeeukaryoticgenomeis a major enterpriseYet gene-ordedataremainworth
studying:not only will the advantagesliscussedarlierenableusto provide valuable

Table 12.2 Main attributesof sequencand gene-oderdata

| Sequence | Gene-Order

evolution | fast slow
datatype | afew geneg wholegenome
dataquantity| abundant | sparse
# char stateg tiny huge
models| good primitive
computation easy hard
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cross-checkindor sequence-deredphylogeniegor evenprovide aframeavork around
whichto build asequence-deredphylogety), but therapid paceof changen genomic
technologymayyet enableusto sequencentiregenomesapidly andatlow cost.

12.1.2 PhylageneticReconstruction

Methodsfor phylogenetiaeconstructiorfrom sequencelatacanberoughly classi ed

as(i) distance-basethethodssuchasneighbofjoining; (ii) parsimony-basecdethods,
suchasimplementedn PAUP*, Phylip, MEGA, TNT, etc.;and (iii) likelihood-based
methodsjncluding Bayesiammethods suchasimplementedn PAUP*, Phylip, fastD-

NAmI [56], MrBayes,GAML [35], etc.In addition,metamethodsanbe usedto scale
up ary of thesethreebasemethodsmetamethoddecomposé¢he datain variousways

andrely on oneor morebasemethodgo reconstructreesfor the subsetshey produce.
Metamethodéncludequartet-basednethodgsee,e.g.,[70]) and disk-coreringmeth-

0ds[29,30,55,62,76]—aboutwhich we will have moreto say We will usethe same
categyorieswhendiscussingnethoddor reconstructiofirom gene-ordedata,sowe give

abrief characterizatiof eachcategory.

Phylogeneticdistances As our discussiorof the phylogery presentedn Fig. 12.2in-
dicatesthe distancebetweerntwo taxa(asrepresentethy sequencer gene-ordedata)
canbede ned in severalways.First, we have the true evolutionarydistance thatis,
the actualnumberof evolutionaryevents(mutations,deletions etc.) that separatene
datum (geneor genome)from the other This is the distancemeasurewe would re-
ally wantto have, but of courseit cannotbe inferred—asour earlierdiscussiormade
clear we cannotinfer sucha distanceaven whenwe know the correctphylogery and
have correctlyinferredancestratiata(atinternalnodesof thetree).Whatwe cande ne
preciselyandcompute(in mostcases)s theeditdistancetheminimumnumberof per
mitted evolutionary eventsthat cantransformonedatuminto the other Sincethe edit
distancewill invariablyunderestimatéhetrue evolutionarydistancewe canattemptto
correct the edit distanceaccordingto an assumednodelof evolution in orderto pro-
ducethe expectedrue evolutionarydistance or atleastanapproximatiorthereof—see
Chapte6 in this volumefor a discussiorof distancecorrection.

Distance-basethethods Distance-basethethodsuseedit distance®or expectedtrue
evolutionarydistancesandtypically proceedby grouping(assiblings)taxa(or groups
of taxa)whosenormalizedpairwisedistancds smallest.They usuallyrunin low poly-
nomial time, a signi cant advantageover all other methods Most suchmethodsonly
reconstructhetreetopology—the do notestimatghecharactestatesatinternalnodes
within thetree.Theprototypein this categoryis theNeighborJoining (NJ) method 63],
laterre ned to produceBioNJ [20] andWeighbor[10]. Wheneachentryin thedistance
matrix equalshetrueevolutionarydistance(i.e., thedistancealongthe uniquepathbe-
tweenthesetwo taxain thetruetree),NJis guaranteedo producethetruetree;more-
over, NJ is statisticallyconsistent—thais, it produceghe true treewith probability 1
asthe sequencéengthgoesto in nity [3], underthosemodelsfor which statistically
consistentistancesstimatorsxist. (SeealsoChapterl in this volumefor a discussion
of statisticalconsisteng.)
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Parsimony-basethethods Thesemethodsaim to minimize the total numberof char-
acter changes (which canbe weightedto re ect statisticalevidence).Charactersare
assumdo evolve independently—seachcharactemakesanindependentontribution
to the total. In orderto evaluatethat contrikbution, parsimory methodsall reconstruct
ancestrabequenceatinternalnodes.In contrastto NJ andlikelihoodmethods parsi-
mory methodsare not always statisticallyconsistentHowever, it canbe arguedthat
treesreconstructednderparsimoly arenotsubstantialljessaccurate¢hantreesrecon-
structedusing statisticallyconsistenimethods given the restrictionon the amountof
dataandthelack of t betweenmodelsandreal data.Finding the mostparsimonious
treeis known to be NP-hard,but scoringa single x edtreeis easilyaccomplishedn
lineartime; at presentprovably optimal solutionsarelimited to dataset®f 20—-30taxa,
while goodapproximatesolutionscanbe obtainedfor dataset®f severalhundredtaxa;
the latestresultsfrom our group[62] indicatethat we canachiere the samequality of
reconstructioron tensof thousand®f taxawithin reasonabléime.

Likelihood-basedanethods Likelihood-basednethodsassumesomespeci ¢ modelof
evolution andattemptto nd thetree,andits associateanodel parameterswhich to-
gethermaximizethe probability of the obsened data.Thusa likelihood methodmust
bothestimatenodelparametesonagiven x edtreeandalsosearchthroughtreespace
to nd thebesttree.Chapter2 in this volumediscussetk elihoodmethods.

Likelihood-basednethodsare usually (but, perhapssurprisingly not always) sta-
tistically consistentalthough,of course that consisteng is meaningles$ the chosen
modeldoesnot matchthe biologicalreality. Lik elihoodmethodsarethe slowestof the
threecategoriesandalso proneto numericalproblems becausehe lik elihood of typ-
ical treeis extremely small—with just 20 taxa, the averagelik elihoodin the order of
1021, goingdown to 10°7° with 50 taxa.ldentifying the treeof maximumlik elihoodis
presumablyNP-hard,althoughno proof hasyet beendevised;indeed,even computing
thelikelihooda x edtreeundera x edmodelcannotcurrentlybe donein polynomial
time (seege.g.[71]). Thusoptimalsolutionsarelimited to treeswith fewerthanl10taxa,
while goodapproximationsirepossiblefor perhapslOOtaxa.

Bayesianmethodsdesere a specialmentionamonglik elihood-base@pproaches;
they computetheposteriomprobabilitythatthe obseneddatawould have beenproduced
by varioustrees(in contrasto atrue maximumlikelihoodmethodwhich computeghe
probability thata x ed tree would producevariouskinds of dataat its leaves). Their
implementatiorwith Markov chainMonte-Carlo(MCMC) algorithmsoftenrun signif-
icantly fasterthanpure ML methodsmoreorer, the movesthroughstatespacecanbe
designedo enhancecorvergenceratesand speedup the execution.Chapter3 in this
volumediscusseB8ayesiarapproaches.

12.2 Computing with Gene-Order Data

As indicatedearlier gene-ordedatapresensigni cant mathematicathallengesioten-
counteredvhendealingwith sequencelata.Many evolutionaryeventsmay affect the
geneorderandgenecontentof agenomeandeachof theseaventscreatests own chal-
lenges,not leastof which is the computationof a pairwisegenomicdistance Armed
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G1=(1 2 314 567 8)

G2=(1 2-5-4-3 6 7 8)
FiG. 12.6. Breakpoints

with algorithmsfor computingdistanceswe canproceedto phylogeneticreconstruc-
tion, startingwith scoringa singletreein termsof its total evolutionarydistance.

12.2.1 Genomiaddistances

We beagin with distancesetweengenomeswith equalgenecontent:in this case,the
only operationsallowedarerearrangements.

Breakpointdistance A breakpointis an adjaceng presentin one genome,but not
in the other Figure 12.6 shaws two breakpointdetweentwo genomes—not¢hatthe
genesubsequencg4 5is identicalto -5 -4 -3, sincethe latteris just the formerreadon
the complementanstrand.The breakpointdistanceis thenthe numberof breakpoints
presentthis measurés easilycomputedn lineartime, but it doesnotdirectlyre ect re-
arrangemengvents—onlytheir nal outcomeln particular it typically underestimates
thetrue evolutionarydistancesvenmorethananeditdistancedoes.

Inversiondistance Giventwo signedgeneordersof equalcontent the inversiondis-
tanceis simply the edit distancewheninversionis the only operationallowed. Even
thoughwe have to consideronly onetype of rearrangementhis distances very dif -
cultto compute For unsignedbermutationsin fact,the problemis NP-hard For signed
permutationsit canbecomputedn lineartime [4], usingthe deeptheoreticakesultsof
HannenhallandPevzner[23].

Thealgorithmis basednthebreakpoinigraph Referto Fig. 12.7for anillustration.
We assumavithoutlossof generalitythatonepermutations theidentity. We represent
gene bytwovertices2i 1and2i, connectedby anedgeihink of thatedgeasoriented
from2i 1to2i whengene appearsvith positivesign,but orientedn thereversedirec-
tion whengenei appearsvith negative sign.Now we connectheseedgeswith two fur-
thersetsof edgespnefor eachgenome—oneepresenttheidentity (i.e., it simplycon-
nectsvertex j to vertex j+ 1, for all j) andis shovn with dashedarcsin Fig. 12.7,and
the otherrepresentshe othergenomeandis shovn with solid edgesn the gure. The
crucial conceptis that of alternatingcyclesin this graph,i.e., cyclesof evenlengthin
which every oddedgeis a dashededgeandevery evenoneis a solid edge Overlapping

FiG. 12.7. Thebreakpoinigraphfor the signedpermutation®f Fig. 12.6
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cyclesin certaincon gurationscreatestructuresknown as hurdlesanda very unique
con guration of suchhurdlesis known asa fortress Hannenhalliand Pevznerproved
thattheinversiondistancebetweertwo signedpermutation®f n geness givenby

n - #cycles+ #hurdlest (fortress)

In ChapterlOin thisvolume,Bergeronetal. offer analternatdformulationof thisresult,
within aframework basedn certainnestedntervals.

Genenlizedgene-oder distance The restrictionthat no genebe duplicatedandthat
all genomesgontainexactly the samesetof genesds clearlyunrealistic.evenin thecase
of organellargenomesHowever, accountingor additionalevolutionaryeventssuchas
duplicationsjnsertions anddeletionsis proving very dif cult. Oneextensionhasbeen
presensincethebeginning:in thesecondf theirtwo seminalpaperq24], Hannenhalli
andPevznershovedthattheir framework (cycles,hurdles etc.) could accountfor both
insertionsand multichromosomaévents,namelytranslocationsfusions,and ssions.
BourqueandPerzner[9] designeda heuristicapproacho phylogenetiaeconstruction
for multichromosomabrganismaunderinversionstranslocationsand ssions andfu-
sions,baseduponthe work of Tesler[78]; they usedthe GRAPPAcore algorithm for
inversionand con rmed the ndings of Moret et al. [48] that inversion-basedecon-
structionof ancestrabenome®utperformsreakpoint-baseteconstructiorof same.

More recently EI-Mabrouk[17] shovedhow to computea minimum edit sequence
in polynomialtime whenbothinversionsanddeletionsareallowed;Liu andMoret [36]
thenshaved that the distanceitself canbe computedin linear time. Becauseedit se-
guencegresymmetrictheseresultsalsoapplyto combination®f inversionsandnondu-
plicating insertionsIn the samepaper El-Mabroukshovedthathermethodcould pro-
vide a boundedapproximationto the edit distancein the presencef both deletions
and(nonduplicating)nsertions Sanloff [64] hadearlierproposeda heuristicapproach
to the problemof duplications suggestinghata single copy—the exemplar—be kept,
namelythatcopy whoseuseminimizedthe numberof otheroperationsUnfortunately
nding the exemplar evenfor a single gene,is an NP-hardproblem[11]. Marron et
al. [41] gavethe rst boundedapproximatioralgorithmfor computinganeditsequence
(or distance)n thepresencef inversionsduplicationsjnsertionsanddeletionsasim-
ilar approactwasusedby Tangetal. [77] in the context of phylogenetiaeconstruction.
Most recently Swensonret al. [72] gave an extensionof the algorithm of Marron et
al., onethatcloselyapproximateshetrue evolutionarydistancebetweentwo arbitrary
genomesinderary combinationf inversionsjnsertionsduplications anddeletions;
they alsoshovedthatthis distancemeasurds sufciently accurateto enableaccurate
phylogenetiaeconstructiorby simply usingneighborjoining on thedistancematrix.

Work ontranspositiordistancefiasbeenlimited to equal-contengjenomesvith no
duplicationsand,eventhen,only to approximationsall with guaranteedatio 1:5. The
rst approximationis dueto Bafnaand Pevzner[5], usingmuchthe sameframenork
de ned for the studyof inversionsthe approactwasrecentlysimpli ed, thenextended
to includeinvertedtranspositiondy Hartman[25, 26]. Work on transpositiordistance
is clearlylaggingbehindwork on inversiondistanceandremainsto be integratedwith
it andextendedto genomeswith unequakontent.
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In adifferentvein, BergeronandStoye [6] de ned a distancesstimatebasedon the
numberandlengthsof consered geneclustersihis distances well suitedto prokary-
otic genomegwheregeneclustersand operonsare common),but it still requiresthat
duplicategenesberemoved.

Estimatingtrue pairwise evolutionarydistances We give a brief overview of the re-
sultsof Swensoretal. [72]. In earlierwork [41], the samegrouphadshowvn thatary
shorteskedit sequenceould alwaysbe rewritten to thatall insertionsandduplications
take place rst, followed by all inversionsfollowed by all deletions.In orderto esti-
matepairwiseevolutionarydistancesetweenarbitrarygenomesit remainsto handle
duplicationsthisis donegeneby geneby computinga mappingfrom the genomewith
thesmallemumberof copiesof thatgeneto thatwith thelargernumberof copiesusing
simpleheuristics Deletionsandinversionsarecomputedjuite accuratelyusingexten-
sionsto thework of EI-Mabrouk[17], while insertiongwhich now includeary “excess”
duplicatesnotmatchedn the rst phasegrecomputedy retracingthesequencef in-
versionsanddeletions.Theresultis a systematioverestimatef the edit distance put
a very accurateestimateof the true evolutionary distance Figure 12.8 presentssome
resultsfrom simulationsin which evolutionary eventswere selectedhrougha mix of
70% inversions,16% deletions,7% insertions,and 7% duplications,with inversions
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having a meanlengthof 20 anda standarddeviation of 10, anddeletions,insertions,
andduplicationshaving a meanlength of 10 with a standarddeviation of 5. The top
two examplescomefrom datasetof 16 taxawith 800 geneswith expectedpairwise
distanceof 20 through160 events(left) and 40 through320 events(right); the bot-
tom examplecomesfrom a datasebf 57 taxawith 1,200genesandexpectedpairwise
distancedrom 20 to 280 events.The distancecomputationwhich hasa randomized
componen(to breaktiesin theassignmenbf duplicategenes)wasrun 10 timeswith
differentseedsThe gure indicatesclearlythatthedistanceestimatds highly accurate
up to saturationwhich occursonly at very large distanceqaround250 eventsfor a
genomeof 800genes).

12.2.2 Evolutionarymodelsanddistancecorrections

In orderto usegene-ordeandgene-contentlata,we needa reasonablenodelof evolu-
tion for the geneorderof achromosome—ankerewe lack sufcient datafor the con-
structionof strongmodels.To date,biologistshave strongevidencefor the occurrence
of inversionsin chloroplasts—antiave atleasttwo possiblemodelsfor the creationof
inversiongonethroughDNA breakagandmisrepairtheotherthroughloopstraversed
in thewrong orderduringreplication).SinceDNA breakages relatvely commonand
particularly pronouncedas a resultof radiationdamage ptherrearrangementdueto
misrepairappeaat leastpossible Sanloff [65] hasgivenstatisticalevidencefor a dis-
tinction betweenshortand long inversions:shortinversionstendto presere clusters
(andthuscould be commonin prokaryotes)whereadong inversionstendto presere
runsof genegandthuscouldbemorecommonin eukaryotes)in a subsequergtudyof
prokaryoticdata[34], an ad hoc computationalnvestigationgave additionalevidence
thatshortinversionsplay a signi cant role in prokaryoticorganismsHowever, evenif
we limit oursehesto (shortandlong) inversionsthe respectie probabilitiesof these
two eventsremainunknawn.

While we do not yet have a strongmodelof genomeevolution throughrearrange-
ments,we do know thatedit distancesnustunderestimatérue evolutionarydistances,
especiallyasthe distancegyrow large. As is discussedn detailin Chapterl3 in this
volume, it is possibleto devise effective schemego corvert the edit distanceinto an
estimate however rough, of the the true evolutionary distance Figure 12.9illustrates
themostsuccessfubf theseattemptsworking from a scenaricmf uniformly distributed
inversionsMoret et al. [49] collecteddataon the inversiondistancevs. the numberof
inversionsactuallyusedin generatinghe permutationgthemiddleplot), thenproduced
aformulato correctthe underestimateyith theresult,the EDE distanceshown in the
third plot. (The rst plot shavs that the breakpointdistanceis even more subjectto
underestimatiothantheinversiondistance.)Theuseof EDE distancesn lieu of inver-
sion distancedeadsto more accuratephylogenetiaeconstructionsvith both distance
methodsandparsimory method449,50,79,80].

12.2.3 Reconstructingincestal genomes

Reconstructingincestrabenomess anintegral partof both parsimoty- andBayesian-
basedreconstructiormethodsandmay alsohave independeninterest.In a parsimory
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contet, we wantto reconstruct signedgeneorderat eachinternalnodein thetreeso
asto minimize the sumof genomicdistancesver all edgesof thetree.Unfortunately
this optimizationproblemis NP-hardeven for just threeleaves andfor the simplest
of settings—equajienecontent,no duplication,andbreakpointdistancg59] or inver-
siondistancg12]. Computingsucha geneorderfor threeleavesis the medianproblem
for signhedgenomesgiventhreegenomesproducea nev genomethatwill minimize
the sumof the distancedrom it to the otherthree.In the caseof breakpointdistances,
Sanloff andBlanchettd66] shovedhow to corvertthis problemto the TravellingSales-
personProblem Figure 12.10illustratesthe processEachgenegivesrise to a pair of
citiesconnectedy anedgethatmustbeincludedin ary solution;thedistancebetween
ary two cities not forming suchpairsis simply the numberof genomesn which the
correspondingpair of geness not consecutie (andthusvariesfrom 0 to 3, alimited
rangethatwasputto goodusein thefastGRAPRA implementatiorf53]).

No equialently simpleformulationin termsof a standardoptimizationproblemis
known for moregeneragenomiadistancesYeteventhesimpleinversiondistancegives
riseto signi cantly betterresultsthanthebreakpointdistancein termsof computational
demandsandtopologicalaccuray [48,49,51,76] aswell asof the accurag of recon-
structedancestragjenomeg9, 48]. For inversiondistancesexactalgorithmshave been

m COSt = - Max

+1 -2 +4 +3 cost=0
+1+2-3-4 _
+2.3-4-1 cost=1
cost=2 /

an optimal solution
corresponding to genome
+1+2-3-4

edges not shown have cost =3

Adjacency A B becomes an edge from A to -B
The cost of an edge A -B is the number of genomes that do NOT have the adjacency A B

Fic. 12.10. Reducinghebreakpointmedianto a TSPinstance
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FiG. 12.11. Determiningthegenecontentof the median

proposed13,69] thatwork well for smalldistancegof fewerthanl5inversions)Tang
andMoret[75] shavedthatthe medianproblemunderinversionsdeletionsandinser
tionsor duplicationscould be solved exactly for smallnumbersof deletionsanddupli-
cationsusingafew simpleassumptionghey recentlyextendedhatwork for somevhat
largerchanges$n genecontent77]. Theirapproachrst determineshe genecontentof
the median,then computesan orderingthroughthosegenesvia an optimizationpro-
cedure.The basicassumptiongrethat (i) no changeis reversedand (ii) changesare
independenand of low probability. Thesetwo assumptionsgommonin phylogenetic
work (see,e.g.,[38,42]), imply that simultaneousdenticalchangen two edgesare
vanishinglyunlikely comparedo the reversechangeon the third edge—sincehe si-
multaneoushangesave a probability on the orderof €2, for asmalle, comparedo a
probability of e for a changeon a singleedge asillustratedin Fig. 12.11.Theresults
obtainedby TangandMoret on a small, but dif cult datasebf just seven chloroplast
genomesrom red and greenalgaeand land plantsare shavn in Fig. 12.12.Part (a)
shaws the referencephylogery obtainedthroughcombinedlik elihood and maximum
parsimoty analyse®f thecodonsequencesf severalcpDNA genesijt shouldbenoted
that the placementof Mesostigmais unclearfrom the data.Part (b) shawvs the phy-
logery obtainedby TangandMoret, which is completelyconsistentvith thereference
phylogery. Part (c) shavsthe phylogery obtainedby usingthe simpleneighbo¥joining
methodon the distancematrix computedrom the sevengenomeswwith equalizedgene
content:the methodproduceda falsepositive. Finally, part (d) shavs the treebuilt by
usingbreakpointistance®n equalizedgenecontentsnot thatthetreeis nearlya star
with justoneresolededge.

In the presencef verylargedifferencesn genecontentandof mary duplicatesthe
problemis muchharder For onething, giventhreegenomeswith thesecharacteristics,
the numberof possibleoptimummedianss very large—indicatingthata biologically
soundreconstructionvill requireexternalconstraintgo selecfrom thesemary choices.
Knowing thedirectionof time o w (asis thecaseafterthetreehasbeenrooted)simpli-

es theproblemsomavhat—ateastit makesthequestiorof genecontentmuchsimpler
toresole[16], butit is fairto saythat,atpresentywe simplylackthetoolsto reconstruct
ancestratlatafor complex nucleargenomes.

In a completelydifferentvein, EI-Mabroul (see Chapterll in this volume) has
shavn how to reconstructancestralgenomesn the presenceof a single duplication
event,one,hawever, thatduplicatedthe entiregenomegustonce.
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Nicotiana Nicotiana
Marchantia Marchantia
Chaetosphaeridium Chaetosphaeridium
Nephroselmis Nephroselmis
Chlamydomonas Chlamydomonas
Chlorella Chlorella
Mesostigma Mesostigma
(a) refeencephylageny (b) asderivedby TangandMoret

Nicotiana Nicotiana
Marchantia Marchantia
Chaetosphaeridium Chaetosphaeridium
Nephroselmis Nephroselmis
Chlamydomonas Chlamydomonas
Chlorella Chlorella
Mesostigma Mesostigma

(c) neighborjoining (d) breakpointphylageny

Fic. 12.12. Phylogenie®ntheseventaxoncpDNA datasef77]

12.3 Reconstructionfrom Gene-Order Data

Phylogenetiaeconstructiormethodsfrom gene-ordedatafall within the samegen-
eral catgyoriesas methodsfor sequencelata,to wit: (i) distance-basethethods (i)
parsimoly-basedmethodsand (iii) likelihood-basednethodsall with the possibility
of usinga metamethoan top of the basemethod.In Chapterl3in this volume,Wang
andWarnaw give adetaileddiscussiorof distance-baseghethodsLik elihoodmethods
arerepresentedb dateby a singleeffort, from Largetetal. [33], in which a Bayesian
approactshoved evidenceof succes®n a coupleof fairly easydatasetsthe sameap-
proach,however, failed to corverge on a harderdatasetanalyzedby Tangetal. [77].
We thusfocushereon approachebasedon parsimoly, which have seermoredevelop-
ment. Theseapproachesall into two subcatgories:encodingmethodswhich reduce
the gene-ordeproblemsto sequenceroblems,and direct methods,which run opti-
mizationalgorithmsdirectly onthegene-ordedata.

12.3.1 Encodinggene-oderdatainto sequences

As we shall seein Section12.3.2,direct optimizationapproache$iave runningtimes
that areexponentialin both the numberof genomesandthe numberof genesso that
analyseof even small datasetgcontainingonly ten or twenty genomes)nay remain
computationallyintractable. Thereforean approachthat, while remainingexponential
in the numberof genomestakestime polynomialin the numberof genesmay be of
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signi cant interest.Sincesequence-basadethodshave suchcharacteristicsa simple
ideais to reducethe gene-ordedatato sequencelatathroughsometype of encoding.
Our groupdeveloppedwo suchmethods.

The rst method MaximumParsimonyon Binary EncodingdMPBE)[14,15], pro-
ducesonecharactefor eachgeneadjaceng presenin the data—thats, if gened and
j occurastheadjacentpairij (or -j-i) in oneof thegenomesthenwe setup a binary
charactetto indicatethe presenceor absenceof this adjacenyg (codedl for presence
ando for absence)The positionof a charactemwithin the sequencés arbitrary aslong
asit is the samefor all genomesBy de nition, thereare at most2n? charactersso
that the sequenceare of lengthspolynomialin the numberof genesThus,analyses
using maximumparsimoty will run in time polynomialin the numberof genesbut
may requiretime exponentialin the numberof genomesHowever, while a parsimoly
analysisrelieson independencamongcharactersthe characterproducedoy MPBE
are emphaticallydependentmoreover, translatingthe evolutionary model of geneor-
dersinto a matchingmodelof sequencevolution for the encodingss quite dif cult.
This methodsuffersfrom severalproblems{(i) theancestrabequenceproduceddy the
reconstructiormethodmay notbevalid encodings(ii) noneof theancestrabequences
candescribeadjacenciesotalreadypresentn theinputdata,thuslimiting thepossible
rearrangementsind(iii) genomesnusthave equalgenecontentwith noduplication.

The secondmethodis the MPME method[79], wherethe second'M” standsfor
Multistate In this method we have exactly onecharactefor eachsignedgene(thus2n
charactersn all) andthe stateof a characteiis the signedgenethat follows it in the
geneordering(in the directionindicatedby the sign),sothateachcharactecanassume
oneof 2n possiblestates Again, the positionof eachcharactemwithin the sequencés
arbitraryaslongasit is consistenaicrossall genomesalthoughit is mostcorvenientto
think of theith characteiwith i  n) asassociatedvith genei, with then+ ith char
acterassociatedvith gene i. For instancethe circular geneorder(1;-4;-3;-2) gives
riseto the encoding(-4; 3; 4;-1; 2; 1;-2;-3). Our resultsindicatethatthe MPME method
dominateshe MPBE method(amongotherthings,the MPME methodis ableto create
ancestrabncodingghatrepresentdjacenciesot presenin theinput data).However,
it still suffersfrom someof the sameproblems,asit alsorequiresequalgenecontent
with no duplicationandit too cancreateinvalid encodingsin additionit introducesa
new problemof its own: thelarge numberof charactestatesquickly exceedshe com-
putationalimits of popularMP software.In any casebothMPBE andMPME methods
areeasilysurpassedy directoptimizationapproaches.

12.3.2 Directoptimization

Blanchetteand Sanloff [66] proposedo reconstructhe breakpointphylogeny; i.e., the
treeandancestrabeneordersthat togethemminimize the total numberof breakpoints
alongall edgesof thetree.Sincethis problemincludesthe breakpointmedianasa spe-
cial casejt is NP-hardevenfor a x edtree.Thusthey proposeda heuristic,basedon
iterative improvementfor scoringa x edtreeandsimply decidedto examineall pos-
sibletrees;theresultingprocedureBPAnalysis , is summarizedn Fig. 12.13.Sanloff
andBlanchetteusedthis methodto analyzea smallmitochondrialdatasetThis method
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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 expensve at every level: rst, its innermostloop repeatedlysolvesthe breakpoint
medianproblem,an NP-hardproblem;second the labelling procedureruns until no
improvements possiblethususinga potentiallylargenumberof iterations;and nally ,
thelabellingprocedurés usedon every possibletreetopology, of which thereis anex-
ponentiahumberThenumberof unrootedunorderedreesonn labelledleavesis (2n
5)!1, wherethedoublefactorialdenoteshefactthatonly every otherfactoris used—that
is,wehase(2n 5)!!=(2n 5) (2n 7) (2n 9) ::: 5 3.Forjustl3genomeswe
obtain13.5bhillion trees;for 20 genomesthereareso mary treesthatmerelycounting
to thatvaluewould take thousand®f yearson thefastessupercomputer
Realizingthis problem(we estimatedhat running BPAnalysis on an easysetof
13 chloroplastgenomesvould take several centuries)we reimplementedhe strateyy
of Blanchetteand Sanloff, but madeextensive use of algorithmic engineeringtech-
nigues[46] to speedt up—mostnotablyin the useof lower boundsto avoid scoring
mostof the trees—andaddedthe useof inversiondistancesn orderto produceinver
sion phylogenies The varioustechniquesve usedarelistedin Table12.3.In the case
of the 13-taxondatasetfor instance pur boundingandorderingstratgieseliminateall
but 10,0000f the 13.5billion trees.The treelower boundis basedon the trianglein-
equalitythat mustbe obeyed by any metric: in arny orderingof the leavesof thetree,
half of the sumof the pairwisedistancedetweenconsecutie leavesmustbe a lower
boundon the total length of the tree edgesin the optimal tree. We take advantageof
the unorderecdhatureof the treesto computethe largestpossiblelower boundthrough
swapsof thetwo childrenwheneersuchaswapleadsto alargervalue.Thelayeringap-
proachprecomputefower boundgor all treesandstoreshetreesin bucketsaccording
to increasingvaluesof thelower bound;it thengoesthroughthetreesbucketby bucket,
startingwith thosewith thesmallestowerbound takingadvantageof (i) thehighcorre-

Table 12.3 Speedupfor variousalgorithmengineeringecniques

techniqueused speedumbtained
improving treelower bound 500x
reducingmemoryusage 10x
bettermediansolver 10x
hand-tuningcode 5x
“layering” approach 5x
improving medianlower bound 2X
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lation betweerlower boundand nal scoreand(ii) thelow costof boundingcompared
to the high costof scoring.Reducingmemoryusageis accomplishedy predeclaring
all necessargpaceandre-usingmuchof it onthe y; andhand-tuningcodeincludes
hand-unrollingoops,precomputingcommonexpressionsgchoosingoranchorder, and,
in generalcarefullyoptimizingary innerloop thatpro les too high.

Theresultingcode GRAPPAGenomeRearrangememtnalysisunderParsimory and
otherPhylogeneti@dlgorithms)[53], with our bestboundingandorderingschemes;an
analyzehesamel 3-taxondatasein 20 minutesonalaptop[49]—aspeedujy afactor
of abouttwo million. Moreover, this speedupcan easily be increasedy the useof a
large clustercomputeysinceGRAPPAS fully parallelandgetsa nearlyperfectspeedup;
in particular runningthe codeon a 512-processomachineyielded a one-billion-fold
speedup.

However, a speedugby ary constanffactor evenafactoraslarge asa billion, can
only adda constanto the sizeof datasetshatcanbe analyzedwith this method:every
addedtaxonmultiplies the total numberof trees,andthusthe runningtime, by twice
the numberof taxa.For instance whereasGRAPPAcan solve a 13-taxondatasein 20
minutes,it would needover two million yearsto solve a 20-taxondataset! In effect,
thedirectoptimizationmethodis, for now, limited to dataset®f aboutl5taxa;to putit
differently:in orderto scaledirectoptimizationto largerdatasetsye needto decompose
thoselargerdataseténto chunksof at most14 taxaeach.

12.3.3 Directoptimizationwith a metamethodDCM-GRAPPA

TangandMoret[76] succeedeth scalingup GRAPPArom its limit of aroundl5taxato
over 1,000taxawith nolossof accurag andat a minimal costin runningtime (on the
orderof 1-2days).They did soby adaptinga metamethodthe Disk-CoveringMethod
(DCM), to the problemathand,producingDCM-GRAPPA

Disk-covering methods(DCMs) are a family of divide-and-conquemethodsde-
visedby Warnav andher colleaguesAll DCMs arebasecdn theideaof decomposing
the setof taxainto overlapping‘tight” subsetsusinga basereconstructiormethodon
the subsetgo obtaintrees,then combiningthe treesthus obtainedto producea tree
for the entiredatasetTherearethreeDCM variantsto date,differing in their method
of decompositiorandtheir measuref tightnesgor subsetsThe rst DCM published,
DCM-1 [29], is basedon a distancematrix. It createsa graphin which eachvertex is a
taxonandtwo taxaareconnectedy anedgeif their pairwisedistancefalls belov some
predeterminedhresholdthis graphis thentriangulatecandits maximumcliqguescom-
puted(theformeris doneheuristically the secondexactly, bothin polynomialtime) to
yield the desiredsubsetsThusthis methodproducesoverlappingsubsetsn which no
pair of taxais fartherapartthanthe threshold ThesecondCM method,DCM-2 [30],
alsocreatesa thresholdgraph,but thencomputesa graphseparatofor it andproduces
subsetseachof which is the union of the separatoandone of the isolatedsubgraphs.
Finally, thethird DCM method DCM-3 [62], usesaguidetreeto determinghedecom-
positionandis bestusedin aniterative setting,with thetreeproducedat eachiteration
servingas guide tree for the next iteration. When usedwith sequencalata,all three
DCM variantsusetreere nementmethodsto reducethe numberof polytomiesin the
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treesreturnedfor eachsubsetandfor the entiredatasetWhenusedfor maximumpar
simory analysison sequencewith the TNT packageasits basemethod therecursve
and iterative versionof DCM3 can easily analyzebiological datasetof over 10,000
taxa,producingtreeswith parsimoly scoreswithin 0:01%of optimalin lessthana day
of computatior{62].

TangandMoret[76] usedDCM-1to produceDCM-GRAPPABecausgene-ordedata
producesvery few polytomies,they did not needary treere nementphase However,
becausedhe size of the subsetsannotbe constrainedeforehandthey neededo use
the DCM recursvely in orderto keepdecomposingubsetauntil no subsetheld more
than 14 taxa; a recursve decompositioris a naturalenoughidea, but posesdif cult
guestionssuchasthe relationshipbetweenthe size thresholdusedat onelevel of the
recursionandthat usedat the level below. On simulateddata(thereare no biological
gene-ordedatasetsf suchsizes)they foundthatDCM-GRAPPAcaledgracefullyto well
over1,000taxa(in two daysof computation)andretainedhehigh accurag of thebase
method GRAPPA-with fewerthan3% of theedgesdn error.

12.3.4 Handlingunequalgenecontentin reconstruction

The methodusedby Tangand Moret [75] for computingthe medianof threeknown
genomesn the presencef unequalgenecontentis not directly applicableto phylo-
geneticreconstructionn the style of GRAPPAbecauseghe latter cannotrely on known
geneordersfor thethreeneighbors—certainipotinitially, wheninternalnodesmustbe
assignedjeneordersin someroughmanneyandnotduringthe processwheneveryin-
ternalgeneorderis subjectto replacemeniby a new median.To overcomethis problem,
Tangetal. [77] begin by computingthe genecontentof eachinternalnodeandthen
only proceedo assignanditerateover geneorders.Genecontentsareassignedtarting
from theleaves(with knawn genecontents)usingtheprincipleillustratedin Fig. 12.11:
if two sibling leavesbothcontaingeneX, thensodoestheir parentwhile, if neitherleaf
containscontainsX, then neitherdoestheir parent. When one leaf containsgeneX
andthe otherdoesnot, geneX is notedasambiguoudor the parent;suchambiguities
areresohedthroughpropagatiorof constraintanditerative improvementmuchin the
style of the basicoptimizationheuristicof GRAPPAThis approachto the handlingof
unequabeneordersandduplicationscanbeincorporatedvithin DCM-GRAPPAyielding
amethodfor theanalysisof large datasetsvith arbitrarygenecontent.

12.4 Experimentation in Phylogeny

Beforewe concludeour surwey, we shouldsaya few wordsaboutexperimentatiorwith
phylogenetiaeconstructioralgorithms While computerscientistshave long evaluated
algorithmsin termsof their asymptoticrunningtime andperformanceguaranteest is
only in the last 10 yearsthat moreformal approacheso the experimentalassessment
of algorithmshave emeged, underthe collective nameof experimentalalgorithmics
Experimentalalgorithmics(see,e.g.,[19,45,47] andthe Journal of ExperimentalAl-
gorithmicsatwww.jea.acm.org ) is anemeging disciplinethatdealswith how to test
algorithmsempirically to obtainreliablecharacterizationsf their performanceswell
asdeeperour understandingf their propertiesin orderto re ne them.Becauset is
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basedon experimentaldata, experimentalalgorithmicscan seekinspirationfrom the
physicalscienceshut it mustadaptto the speci ¢ goal—notto understandne phe-
nomenonput to generalizendings to anin nite rangeof possibleinstances.

In phylogenetiaeconstructionan assessmemhusttake into accountthe accuray
of thereconstructior(in termsof the chosernoptimizationcriterion but also,andmore
importantly in termsof the biological signi canceof theresults)aswell asthe scaling
up of resourceconsumption(time andspace)lIn turn, conductingsuchan assessment
requiresheuseof a carefullydesignedsetof benchmarldataset$§52].

12.4.1 Howto test?

First, how do we choosetestsets? Biological datasetdestperformancevhereit mat-
ters,butthey canbeusedonly for ranking,aretoofew to permitquantitatve evaluations,
andareoftenhardto obtain.Moreover, the analysisof ary large biological datasetill
be hardto evaluate:one cannotjust walk up to one's colleaguein systematicvith a
10,000-taxonreein handandaskherwhetherthe treeis biologically plausible! Thus
biological datasetare goodfor anecdotaleportsandfor “reality checks. In thelat-
ter capacity of course they areindispensableno simulationcan be accurateenough
to replacereal data. Simulateddatasetsenableabsoluteevaluationsof solutionqual-
ity (becausdhe model,andthusthe “true” answer is known) and can be generated
in arbitrarily large numbersto ensurestatisticalsigni cance. Thus a combinationof
large-scalesimulationsandreasonablenumbersof biological datasetss the only way
to obtainvalid characterizationsf algorithmsfor phylogeneticeconstructionThesim-
ulationsmustbe basedon the bestpossiblemodelsof the applicationat hand—inour
casewe needaccuratamodelsof speciationandextinction, of geneduplication,gain,
andloss,andof genomeearrangements.

12.4.2 Phylageneticconsideations
A typical simulationstudyrunsasfollows:

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

2. assigna “length” (i.e., numberof evolutionary events)to eachedgeof the tree

accordingto achosermodelof divergence;

. placea genomeof suitablesizeandcompositionattheroot;

4. evolve the genomesiown thetree,i.e., transformthe parentgenomealongeach
edgeto its childrenaccordingto the numberof evolutionaryeventson thatedge
andto the chosemmodelof genomeavolution;

5. collect the genomeghus generatedat the leaves and usethem asinput to the
reconstructioralgorithmundertest;and

6. comparehetopology(and,if desiredtheinternalgenomespf thereconstructed
treewith thatof themodeltree.

This sequencef operationss run mary timesfor the sameparametervalues(number
of taxa,sizeof genomesparametersf the modelof genomeavolution, distribution of

w
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edgelengths.etc.)to ensurestatisticalsigni cance.Naturally, a rangeof parameterss
alsoexplored. Thusthe computationatequirementsare signi cant—keepingin mind
thatevena singlereconstructiorcanprove quite expensvein termsof runningtime.

In themary yearsof experimentalwork we have conductedye have foundanum-
berof usefulguidelines summarizedelow.

Treeshapeplaysa surprisinglylarge role. Thuswe needa reasonablenodel of

speciation(andextinction), onethatcertainlygoesbeyondthe simplisticmodels
of uniform distributionsor birth-deathprocesse<Of coursetheshapeof thetrue
treesis unknown and,in ary case,dependson the selectionof genomegtight

cladeswill showv very differentshapesrom that of the entire Tree of Life, for

instance)sothatgoodsimulationswill needto usea selectionof parameters.

The evolutionarymodelsfor divergenceandgenomeeavolution areimportant.in
particular mostreconstructiormethodsexhibit poor accuray whenthe diame-
ter of the datase(theratio of the largestto the smallestpairwisedistancein the
dataset)s large. Methodsaimedat minimizing inversiondistancesnay not per
form aswell on datasetsvherethe predominantventsaretranspositionsLarge
numbersof duplicationsor very large genelossesalsoconfusemostreconstruc-
tion methods.Thusthe challengeis to devise an evolutionary model with few
parametershatis easilymanipulatedanalyticallyand computationallyand pro-
ducegrealisticdata.

Testinga large rangeof parametersindusingmary runsfor eachsettingto es-
timatevarianceareessentiapartsof ary testingstratey. In the hugeparameter
spaceinducedby eventhe simplestof models,it is all too easyto fall within an
uncharacteristicegion anddraw entirely wrong conclusionsaboutthe behavior
of the algorithm.Of course the size of the parametespacemalesit dif cult to
samplewell.

Thattreeshapeplayssucharole wasanunexpected nding. Most studiesto datehave
usedeithera uniform model(popularin computerscience)r a birth-deathmodel(so-
calledYule trees,popularin biology). Severalauthorg[1, 2,22,27,44] notedthat pub-
lishedphylogeniesxhibit ashapedistributionthatdeviatesfrom eithermodel:in terms
of balance(relative size or heightof the two childrenof a node),publishedtreestend
to bemorebalancedhanuniformly distributedtrees but lessbalancedhanbirth-death
trees.We subsequentlyound that simple strat@ies suchas neighbofjoining do very
well on datasetgeneratedrom birth-deathtreesand, with all other parametersield
unchangedgquite poorly on datasetgyeneratedrom uniformly distributed trees.Al-

dous[1, 2] proposeda modelwith a single balanceparameterthe b-splitting model,
that, accordingto the value of the parameteb, cangenerateperfectlybalancedrees,
birth-deathtrees,uniformly distributedtrees,down to “caterpillar” (or “ladder”) trees
(in which eachinternalnodehasa leaf asone of its children)andrecommended par

ticular parametesettingto matchthe balancefactorsof publishedphylogeniesUnfor-

tunately that modellacksa biological foundation—itis a purely combinatoriaimodel;
moreover, the single parametecannotlocalizetreestructure—itactson the entiretree
atonce Heard[27] hadearlierpublishedamodelwith astrongbiologicalfoundationjn
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whichthespeciatiorrateis inheritedandalsosubjectto variation;again,dependingn

the settingof the speciatiorparameterginheritanceandvariability), mostdistributions
of treebalancecanbe producedHeards model,becausé is foundedonthebirth-death
processhastheaddedadvantageof producingedgelengths(in termsof elapsedimes),
from which the numberof evolutionaryeventscanbeinferredin termsof variousevo-

lutionary models.We have usedboth Aldous' andHeards modelsin our simulations,
with the mostcorvincing resultscomingfrom Heards model.

Many problemsof biologicalverisimilitudeappeaiat every stage but perhapsnost
importantlyin the procesf generatinggenomerearrangementsddost studiesto date,
includingours,have useda simpleprocessn which inversiongand,if included,trans-
positionsand inverted transpositionsare generateduniformly at random.However,
most chromosomedave internal structurethat might prevent the occurrenceof cer
tain events(for instancejnversionmight not be possibleacrossa centromerepr favor
the occurrenceof others(for instance theremight be “hotspots”in the chromosome
thatarefrequentlyinvolved asthe endpointof inversionsor transpositions—forecent
evidenceof such,see[60]). Thelengthof inversionsandtranspositiongs animportant
guestiorthathasrecentlybeenconsideredn modelsof genomicevolution[65], in phy-
logeneticg34], andin comparatie genomics—thdatterof particularimportancen the
evolution of cancerougells,wheremary shortrearrangemeni@recommon.

Finally, a thorry issuein all optimizationproblemsis the issueof robustnessNP-
hardoptimizationproblemssuchasMP and(presumablyML, oftenexhibit verybrittle
characteristicslittle is known aboutthe spaceof treesin the neighborhooaf the true
treein phylogeneticreconstructioror aboutthe effect on this spaceof the choiceof
parameteré themodels.

12.5 Conclusionand OpenProblems

Gene-conterdndgene-ordedataarebeingproducedatincreasingatesfor mary sim-
ple organismsfrom organellesto bacteria,andin a few modeleukaryotesin phylo-
geneticwork, suchdatahave beenfound to carry a very strongand robust phyloge-
netic signal—reconstructiongsingsuchdata,both in simulationsandwith biological
datasetsprovide information consistentwith the bestanalysesun on sequencelata,
robustin the faceof smallchangesandlesssensitie to mixesof smallandlarge evo-
lutionarydistanceshanarny sequence-basedhalysis Moreover, thesetechniquescale
well to largedatasetgatleastto 1,000taxa,but mostlikely mary more).Thatthesedata
dosowell in spiteof theprimitive toolsavailableto date(simplisticmodels Jimited op-
timization frameworks, enormouscomputationademandspodeswell andjusti es a
call for moreresearchparticularlyon thefollowing topics.

TreemodelsHeards model[27] is promisingandperhapsvensufcient, butthe

effect of its variousparametersn the accurag andcompleity of phylogenetic
reconstructiomeeddo bebetterunderstood.

Evolutionarymodelsfor genomesAs mentionedabore, therearemary questions
andvery few answergo date.For thetime being,onecanrun simulationsunder
mary differentmodelsandverify that certainsolutionswork betterthanothers;

asnew dataemege, hawever, onecanexpectimprovementsn themodels.
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Extension®f thetheorypioneeredy HannenhallandPeszner, beyondthework
of EI-Mabrouk,Marronetal., andHartmanto handletranspositionglone trans-
positionsand inversions,length-dependentearrangementqosition-dependent
rearrangementgsndduplications.

Good combinatorialformulationsof the medianproblemfor inversionsandfor
moregenerakasesand,by extension of the problemof assigningancestrabene
ordersto a x edtreein orderto minimizethetotal numberof evolutionaryevents
(asweightedby the modelof evolution). In particular handlingof large multi-
chromosomabenomeshy integrating advancessuchas MGRand DCM-GRAPPA
would enablethe useof gene-ordedatain the reconstructiorof eukaryoticphy-
logenies.

Tighterboundson treescoresunderthe optimizationmodel,soasto scaleup the
optimizationto thelargestpossibledatasets.

Integrationof theabove within aDCM-lik e framawork, in orderto scalethecom-
putationsto (nearly)arbitrarily largedatasets.
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