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Abstract. In the last few years,it hasbecomeroutineto usegene-orderdatato
reconstructphylogenies,bothin termsof edgedistances(parsimonioussequences
of operationsthat transformone end point of the edgeinto the other) and in
termsof genomesat internalnodes,on small,duplication-freegenomes.Current
gene-ordermethodsbreakdown, though,whenthe genomescontainmorethan
a few hundredgenes,possesshigh copy numbersof duplicatedgenes,or create
edgelengthsin the tree of over one hundredoperations.We have constructed
a seriesof heuristicsthat allow us to overcometheseobstaclesandreconstruct
edgesdistancesandgenomesat internalnodesfor groupsof larger, morecomplex
genomes.We presentresultsfrom theanalysisof a groupof thirteenmodern
 -
proteobacteria,aswell asfrom simulateddatasets.

1 Intr oduction

Althoughphylogeny, theevolutionaryrelationshipsbetweenrelatedspeciesor taxa,is
a fundamentalbuilding block in muchof biology, it hasbeensurprisinglydif�cult to
automatethe processof inferring theseevolutionary relationshipsfrom moderndata
(usuallymolecularsequencedata).Theserelationshipsincludeboth the evolutionary
distanceswithin a groupof speciesandthegeneticform of their commonancestors.

In thelastdecade,anew form of moleculardatahasbecomeavailable:gene-content
andgene-orderdata;thesenew datahave provedusefulin sheddinglight on thesere-
lationships[1–4]. The orderandthe orientationin which geneslie on a chromosome
changesvery slowly, in evolutionaryterms,andthustogetherprovide a rich sourceof
informationfor reconstructingphylogenies.Until recently, however, algorithmsusing
suchdatarequiredthatall genomeshaveidenticalgenecontentwith noduplications,re-
strictingapplicationsto verysimplegenomes(suchasorganelles)or forcingresearchers
to reducetheirdataby equalizingthegenecontent(deletingall genesnotpresentin ev-
ery genomeandall “copies” of eachgene,e.g.,usingtheexemplarstrategy [5]). The
former wasfrustratingto biologistswantingto studymorecomplex organisms,while
thelatterresultedin datalossandconsequentlossof accuracy in reconstruction[6].

Ourgrouprecentlydevelopedamethodto computethedistancebetweentwo nearly
arbitrarygenomes[7,?] andanotherto reconstructphylogeniesbasedon gene-content
andgene-orderin the presenceof mildly unequalgenecontent[6]. In this paper, we
bringtogetherthesemethodsin aframework thatenablesusto reconstructthegenomes
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Fig.1. The13gamma-proteobacteriaandtheir referencephylogeny [8].

of thecommonancestorsof the13modernbacteriashown in Fig.1 (from [8]). Gamma-
proteobacteriaarean ancientgroupof bacteria,at least500million yearsold [9]; the
groupincludesendosymbiotic,commensal,andpathogenicspecies,with many species
playinganimportantmedicalor economicrole.Theevolutionaryhistoryof thegroupis
quitecomplex, includinghighlevelsof horizontalgenetransfer[10–12]and,in thecase
of B. aphidicolaandW. brevipalpis, massive levelsof geneloss.Thesefactorsmake a
phylogeneticanalysisof this groupbothinterestingandchallenging.

Therestof this paperis organizedasfollows.Section2 presentstheproblem.Sec-
tion 3 summarizesprior work on phylogeneticreconstructionfrom gene-contentand
gene-orderdata.Section4 presentsour framework for tacklingtheproblemof ancestral
genomereconstructiongivena referencephylogeny; it is itself dividedinto threesub-
sections,oneon eachof our threemain tools: median-�nding,contentdetermination,
andgeneclustering.Section5 discussesour approachto thetestingof our framework:
giventhatwe have only onedatasetandthatancestralgenomesfor thatdatasetareen-
tirely unknown, our testingwasof necessitybasedon simulations.Section6 presents
theresultsof this testing.

2 The Problem

We phrasethereconstructionproblemin termsof aparsimony criterion:

Giventhegeneordersof agroupof genomesandgivenarootedtreewith these
genomesat the leaves,�nd geneordersfor the internalnodesof the treethat
minimizethesumof all edgelengthsin thetree.

Thelengthof anedgeis de�ned in termsof thenumberof evolutionaryevents(permis-
sibleoperations)neededto transformthegenomeatoneendof theedgeinto thegenome
at theotherend.Thepermissibleoperationsin our caseareinversions,insertions(and
duplications),anddeletions;all operationsaregiventhesamecostin computingedge
lengths.Restrictingrearrangementsto inversionsfollows from �ndings that the inver-
sion phylogeny is robust even whenotherrearrangements,suchastranspositions,are
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usedin creatingthedata[13]. Our assignmentof unit coststo all operationssimply re-
�ects insuf�cient biologicalknowledgeabouttherelativefrequency of theseoperations.

In our setting,oneinsertionmay addan arbitrarynumberof genesto a singlelo-
cationandonedeletionmayremove a contiguousrun of genesfrom a singlelocation,
a conventionconsistentwith biological reality. Geneduplicationsare treatedasspe-
cializedinsertionsthat only insertrepeats.Finally, on eachedgea genecaneitherbe
insertedor deleted,but not both; thesameholdsfor multiple copiesof thesamegene.
Allowing deletionandinsertionof thesamegeneson thesameedgewould leadto bio-
logically ridiculousresultssuchasdeletingtheentiresourcegenomeandtheninserting
theentiretargetgenomein just two operations.

Finding internal labels that minimize edgedistancesover the tree hasbeenad-
dressedby our group—thisis the main optimizationperformedby our softwaresuite
GRAPPA [14]. However, even the most recentversionof GRAPPA [6] is limited to
relatively smallgenomes(typically of organellarsize,with fewer than200genes),with
modestlyunequalcontentand just a few duplications.In starkcontrast,the bacterial
genomesin our datasetcontain3,430differentgenesand rangein size from 540 to
2,987genes,with sevencontainingover2,300genes;moreover, thesegenomescontain
a largenumberof duplications,rangingfrom 3% to 30%of thegenome.Thus,in our
model,mostpairwisegenomicdistancesarevery large:a simplepairwisecomparison
alongthetreeof Fig. 1 indicatesthatsomeedgesof thetreemustrepresentat least300
events.Suchlengthsareatleastanorderof magnitudelargerthanGRAPPA canhandle.
Thelargegenomesize,vastlyunequalgenecontent,largenumberof duplications,and
largeedgelengthsall combineto make this datasetordersof magnitudemoredif�cult
to analyzethanpreviouslyanalyzedgenomesets.

3 Prior Work

A thoroughrecentreview of thecurrentwork in phylogeneticreconstructionbasedon
genecontentandgeneorderappearsin [15]; wereview only therelevantpointshere.

TheGRAPPA softwarepackage[16] computesinternallabelsin two phases.First,
it initializesinternallabelsof thetreeby somemethod.Thenit iteratively re�nes labels
until convergence:eachnewly labeled(or relabeled)nodeis pushedon a queueand,
while the queueis not empty, the nodeat the headof the queueis removed, a new
labelcomputedfor it (by computingthemedianof its threeneighbors),and,if thenew
labelreducesthetotaldistanceto thethreeneighbors,theexistinglabelis replacedwith
the improved label and the threeneighborsareplacedon the queue.ThusGRAPPA
relies on the computationof the medianof threegenomes,that is, a fourth genome
whichminimizesthesumof thenumberof operationsneededto convert it into eachof
thethreegivengenomes.GRAPPA �nds optimal inversionmedianswith analgorithm
that runs in worst-caseexponentialtime, but �nishes quickly when the edgelengths
aresmall (10 to 40 operationsper edge)[6, 17]. GRAPPA treatsgroupsof genesthat
occur in the sameorderandorientationin all genomesasa singlegeneticunit; this
condensationstepreducescomputationalcostsanddoesnotaffect the�nal result[18].

Our groupdevelopeda methodto �nd thedistancebetweentwo genomeswith ar-
bitrary genecontent[7, ?]; this methodrelieson a duplication-renamingheuristicthat
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matchesmultiple copiesof genesbetweengenomesandrenameseachpair andeach
unmatchedcopy to a new, unusedgenenumber. Thusarbitrarygenomesareconverted
into duplication-freegenomes.We provedthat,giventwo genomeswith unequalgene
contentandnoduplications,any optimalsortingsequencecanberearrangedto contain
�rst all insertions,thenall inversions,and�nally all deletions—atypeof normal form
for edit sequences[7]. (Deletionsherearegenesuniqueto the sourcegenome,while
insertionsaregenesfoundonly in thetargetgenome.)Usingthegenomesproducedby
the duplication-renamingmethod,an optimal inversionsequencecanbe calculatedin
time quadraticin thesizeof theconsensusgenomes[19,20]. Thenumberof deletions
is calculatedby countingthenumberof Hannenhalli-Pevznercyclesthatcontaindele-
tions,asdescribedin [21]. Finally, thenumberof insertionsis estimatedby calculating
all possiblepositionsin thesourcegenometo whichtheinversionsequencecouldmove
insertions,thenchoosingthe�nal positionfor eachinsertionthatminimizesthenumber
of groupsof insertedgenes.

In somegenomes,especiallybacterialones,geneswith similar function areoften
locatedtogetherononestrandof achromosome;thesefunctionalunitsarecalledoper-
ons. In bacteria,at least,while theorderof genesin an operonmay change,thegene
contentof theoperonis muchlesslikely to do so [22]. In gene-orderdata,anoperon
appearsasa clusterof genenumberswith thesamesign,with content,but not order,
preservedacrossgenomes.HeberandStoye developeda linear-time cluster-�nding al-
gorithmto identify theseoperon-likeclusterswithin equal-contentgenomes[23].

McLysaghtet al. [4] reconstructedancestralgenomesfor a groupof poxviruses;
shedeterminedgenecontentby assumingthatthephylogenetictreecontaineda single
point of origin for eachgenefamily in themoderngenomes.Eachpoint of origin was
assignedto that internalnodewhich minimizedthenumberof losseventsnecessaryto
achievethegenecontentof theleafgenomes.

4 Designingan Algorithmic Framework

To addresstheproblemof reconstructingancestralgenomesat the level of complexity
of gamma-proteobacteria,we usecondensationof geneclustersin orderto reducethe
sizeof thegenomes,describea proceduresimilar to thatof McLysaghtet al. to deter-
mine thegenecontentof every internalnode,andpresenta new heuristicto compute
themedianof threeverydifferentgenomes.

4.1 Medians

Weusethequeue-basedtree-labelingheuristicdescribedin Section3.Sinceleavescon-
tain theonly labelsknown to becorrect,we updatethenodesin orderof their distance
from the leaves,asshown in Fig. 2. Theheartof the top-level heuristicis themedian
computation.Exactmedian-�ndingalgorithmsarelimited tosmallgenomes,smalledge
lengthsin thetree,andfew changesin content—andnoneof thesepropertiesholdsin
ourproblem.We thereforepursueasimpleheuristicinspiredby geometry. Themedian
of a trianglein theplanecanbefoundby drawing a line from onevertex to themiddle
of theoppositesegment,thenmoving two thirdsof thewayalongthis line.By analogy,
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Fig.2. Internalnodesorderedby theirdistancefrom theleaves.Nodeswith lower indiceswill be
labeled�rst; no labelis generatedfor theroot.

we generatea sortingsequencefrom onegenometo another(anedgeof the triangle),
thenchoosea genomehalfway alongthis sortingsequenceandgeneratea new sorting
sequencefrom it to thethird genome,stoppingone-thirdalongtheway.

We extend the methodof Marron et al. [7] to enumerateall possiblepositions,
orientations,andorderingsof genesaftereachoperation.Deletedgenesat theendpoint
of aninversionaremovedto theotherendpointif doingsoavoids“trapping” thedeleted
genesbetweentwo consensusgenesthat are adjacentin the target genome.Inserted
genesaremovedsoasto remainadjacentto oneof the two consensusgenesbetween
which they lie in the target genome.We canthusgeneratethe genomesproducedby
“running” a portion of the sortingsequence,thenusetheseintermediategenomesfor
themedianheuristicjust described,all in polynomialtime.

Thishandlingof insertedgenesleadsto anoverestimateof theeditdistance,which
Marron et al. showed at most doublesthe numberof operations[7]. Their original
methodcalculatesall possiblepositionsin the sourcegenometo which the inversion
sequencecould move insertionsandchoosesthe �nal position(for eachinsertion)to
minimizethenumberof groupsof insertedgenes;it mayunderestimatetheeditdistance
becausethegroupingof insertedgenesmayrequireaninversionto join insertedgenes
andsimultaneouslysplit deletedgenes,which is not possible.We comparedpairwise
distancesproducedby our methodandby theirsto getanupperboundon theoveresti-
mation:averageandmaximumdifferencesbetweentheoverestimateandunderestimate
were11.3%and24.1%,respectively.

4.2 GeneContent

Wepredeterminethegenecontentof everyinternalnodebeforecomputingany median:
oncethegenecontentof aninternalnodeis assigned,it remainsunchanged.Sincethe
treeis rooted,we know the directionof time �o w on eachtreeedge;we alsoassume
thatdeletionsarefar morelikely thaninsertions,Thenumberof copiesof eachgeneg
is decidedindependentlyof all othergenes;at internalnodei , it is setto themaximum
numberof copiesof g foundin any of theleavesin i 'ssubtreeif: (i) thereareleavesboth
insideandoutsidei 'ssubtreethatcontaing; or (ii) thereareleavescontainingg in each
half of i 's subtree.Otherwisethenumberof copiesof geneg in nodei is setto zero.

This valuecanbe calculatedin O(N G) time, whereN is thenumberof nodesin
thetreeandG is thenumberof distinctgenesin all theleaves,asfollows.For eachnode
in thetree,wedeterminethemaximumnumberof copiesof eachgenefrom amongthe
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Fig.3. Thenumberof copiesof a genein internalnodes.

leavesof thatnode'ssubtree,usingasingledepth-�rst traversal.Weuseaseconddepth-
�rst traversalto settheactualnumberof copiesof eachgeneat eachinternalnode.If
eitherof theroot'schildrenhasasubtreemaximumof zero,thenwesettheroot'sactual
numberto zeroaswell. For eachinternalnodeotherthantheroot, if its parent'sactual
numberof copiesis zeroandat leastoneof its two children'ssubtreemaximumis zero,
thenwe setthenumberof copiesfor thegeneto zero;otherwisewe setthenumberof
copiesto thenode'ssubtreemaximumfor thegene.

Internalnodeswill thuspossessat leastasmany copiesof a geneasthe majority
consensusof their neighbors'genecontents.An internalnodewill alwayspossessa
copy of a geneif two or moreof its neighborsdo. (We considerthe two childrenof
the root to be neighbors.) Moreover, if a nodeis the nearestcommonancestorof all
genomespossessingthegene,it mayhave morecopiesof thegenethanits parentand
oneof its children,asin thecaseof theblacknodein Fig. 3. Thegenecontentof inter-
mediategenomesalongsortingsequencesis aunionof thegenecontentsof thestarting
genomes,becausethesortingsequenceof operationsthatwe usealwaysinvolves�rst
insertions,theninversions,and�nally deletions.Therefore,whencalculatingmedians
from sortingsequences,we facethreecasesin which thenumberof copiesof a gene
differbetweentheintermediategenome,themediangenome,andthemedian'sparent—
seeFig. 4. In Fig. 4a, the intermediategenomehasthesamenumberof copiesasthe
median,but fewer thantheparent,aswith theblacknode's right child in Fig. 3. Each
copy in the parentthat is not matchedby the duplication-renamingalgorithmwill be
excludedfrom the mediangenome.The caseof Fig. 4b only ariseswhenthe median
genomeis the nearestcommonancestorof all genomescontainingthe genein ques-
tion, aswith theblacknodein Fig. 3. Genomesalongthe intermediatesequencehave
thesamenumberof copiesasthemedian,while theparentof themediancontainsno
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copy atall. Finally, thecaseof Fig.4ccanonly arisewhentheright child of themedian
is thenearestcommonancestorof all genomescontainingthegene,aswith theparent
of theblacknodein Fig. 3.

Biologically, this processof �nding which duplicatesto includein themediancor-
respondsto matchingorthologousduplicatesof eachgenebetweengenomesand to
discardingunmatchedparalogousduplicates.Sincethe original nucleotidesequences
areabstractedaway beforethe analysisbegins, this orthologmatchingis decideden-
tirely on the basisof which other genesare locatednext to the different homologs.
Fortunately, orthologsand paralogsthat can be distinguishedby a nucleotide-based
analysisareassigneddifferentgenenumbersbeforeouranalysisbegins.Therefore,our
methodrepresentsa reasonableway to integratebothnucleotideandgene-orderdatain
differentiatingorthologousandparalogoushomologsof genes.

4.3 Cluster Condensation

To extractinformationfrom largerandmorecomplex biologicaldatasets,we needfast
algorithmswith fastimplementations;fasterprocessingalsoenablesa morethorough
analysisandthusproducesresultsof higherquality. Thekey factorhereis thesizeof
thegenomes—theirnumberis a muchsmallerissue.We thusdevelopeda techniqueto
identify andcondensegeneclustersin orderto reducethesizeof thegenomes.Ourap-
proachgeneralizesthatusedin genomeswith equalcontent[23]; in contrast,GRAPPA
only condensesidenticalsubsequencesof genes,becauseit aimsto preservetheidentity
of editsequences.Ourmethodallowsthecondensationof clustersbasedonlyoncontent
(notorder, at leastaslongasgenesstayonthesamestrand)andalsohandlesthedif�cult
casesthatariseoutof unequalgenecontent(suchasaninsertionwithin acluster).

To identify clusters,we�rst usetheduplication-renamingtechniqueof Marronetal.
to createduplication-freegenomes.After renaming,we remove any genesnot present
in all of the genomesunderexamination.This stepcreatesa groupof genomeswith
equalgenecontent.We thenusethecluster-�nding algorithmof HeberandStoye [23]
to �nd equivalentclustersof geneswithin the equal-contentgenomes.Onceclusters
are identi�ed, eachone is condensedout of the original genomesand replacedwith
a singlemarker (as if it werea singlegene).In a setof genomeswith unequalgene
content,therecanbe genesinsidea clusterthat arenot presentin the corresponding
equal-contentgenomes.We dealwith thesegenesin oneof two ways.If every occur-
renceof that geneis locatedinsidethe clusterin eachof the genomesthat possesses
thegene,thenthegeneis condensedalongwith therestof thecluster. Otherwise,the
extra geneis movedto onesideof theclusterandtheclustercondensed.Whena me-
diangenomeis computed,amedianfor eachclusteris alsocomputedandeachcluster's
marker in the mediangenomeis replacedwith the cluster's median.At this point, if
any extragenesmovedto thesideof theclusterarestill besideit, they aremovedback
insidetheclusterto apositionsimilar to their originalone.

4.4 Putting It All Together

Ancestralgenomereconstructionsareperformedusingthesethreemain components.
Initialization of the internal nodesof the tree is donefrom the leaves up by taking
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eitherthemidpointor oneof thetwo endpoints(alongthe inversionportionof anedit
sequence)of an internalnode's two childrenanddiscardingany genesnot allowedby
themediangenecontent.This methodaccountsfor all threeof thecasesin Fig. 4 and
produceslabelswith thedesiredgenecontent.New mediansarecomputedlocally node
by nodein a postordertraversalof the tree,so as to propagateinformation from the
leaves towardsthe root. Whenever a medianis found that reducesthe local scoreat
a node,it immediatelyreplacesthe previous label at that node;that nodeandall its
neighborsarethenmarkedfor furtherupdate.

5 Testing

Weusedourlabelreconstructionmethodonthebacterialdatasetaswell asonsimulated
datasets.With simulateddatasets,we know the true labelsfor the internal nodesas
well astheexactevolutionaryeventsalongeachedge,sothatwe cantesttheaccuracy
of the reconstruction.The goal of our experimentswas to generatedatasetsroughly
comparableto our biologicaldatasetso thatour experimentalresultswould enableus
to predicta rangeof accuracy for theresultson thebiologicaldataset.

Thesimulateddatawerecreatedusingthetreeof Fig.1; edgelengthswereassigned
to thetreebasedon our bestestimateof theedgelengthsfor thebacterialgenomes.To
keepthedataconsistent,edgelengthswereinterpretedasthenumberof operationsper
generatherthanasanabsolutenumber, allowing us to usethesamerelative valuefor
genomesof differentsizes.The treewaslabeledby �rst constructinga root genome.
Thenumberof genesg andthetotalsizen of therootgenomeweresetasvariableuser
parameters.Oneof eachgenefrom 1 to g wasaddedto the root genome,afterwhich
n � g additionalgeneswerechosenuniformly at randomin therange[1; g] andadded
to theroot genome.Theroot genomewasthenrandomlypermutedandeachgeneas-
signeda randomsign.Theothernodeswerethenlabeledfrom therootby evolving the
genomesdown thetreeaccordingto theprescribednumberof operations.Theallowed
operationswereinsertions,deletions,andinversions.Althoughthetotal numberof op-
erationswas�x ed,theproportionof eachof thethreetypesof operationswasleft asa
variableparameterby settingtheratioof inversionsto insertionsto deletions.This mix
of operationswasusedoverall edgesof thetree.

Thecharacteristicsof eachtypeof operationweredeterminedseparately. Thelength
of eachinversionwaschosenuniformly at randombetween1 andhalf thesizeof the
genome,with a start point chosenuniformly at randomfrom the beginning of the
genometo the sizeof the genomeminusthe lengthof the inversion.The averagein-
sertionlengthwassetvia a userparameterasa portionof thesizeof theroot genome
andwasusedunchangedover theentiretree,while theactuallengthof eachinsertion
wasdrawn from aPoissondistributionwith thisexpectationandits locationwaschosen
uniformly at randomfrom thebeginningto theendof thegenome.In moving from the
rootto theleaves,it wasassumedthataparticulargenecouldonly beinsertedalongone
edgeof thetree—multipleinsertionsof thesamegene,evenalongseparatepaths,were
not allowed.Theaveragedeletionlengthwaschosenasa user-speci�edportionof the
genomefrom which geneswerebeingdeleted,thusvaryingfrom edgeto edgeaswell
asalongeachedgewith eachsuccessivedeletion,while theactualsizeof eachdeletion
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wasdrawn from a Poissondistribution with this expectationandwith a start location
chosenuniformly atrandomfrom thebeginningof thegenometo thesizeof thegenome
minusthelengthof thedeletion.With theconstantexpectedinsertionlength,genomes
grow linearly in theabsenceof deletions,while, with a proportionalexpecteddeletion
length,genomesshrinkexponentiallyin theabsenceof insertions.Whenbothinsertions
anddeletionsareused,genomesfartherfrom theroot tendtowardsastablesize.Along
eachedge,theprescribednumberof insertionsareperformed�rst, theninversions,and
�nally deletions.Onceall nodeshave beenbeenassignedgenomes,the resultingleaf
genomesarefed into our reconstructionprocedure.The resultsof the reconstruction,
in termsof genecontentandgeneorderat eachinternalnode,arecomparedwith the
“true” tree,i.e., thatgeneratedin thesimulation.

Weconstructedtreesusing� vedifferentmodels:an“inversion-only”model,a “no-
deletions”modelwith a 6:1 inversion-to-insertionratio, a “no-insertions”modelwith
a 6:1 inversion-to-deletionratio, a “low-insertion/deletion”modelwith a 40:4:1ratio
of inversionsto deletionsto insertions,anda “high-insertion/deletion”modelwith a
30:10:3ratio of inversionsto deletionsto insertions.Theaverageinsertionlengthwas
setto 2%of therootgenomeandtheaveragedeletionlengthto 3%of thelocalgenome.

In order to test the ef�cacy of clustercondensation,we testedthe techniqueon
triples amongthe bacterialgenomesthat lie closeto eachotheron the treein Fig. 1.
Tripleswerechosenby selectinginternalnodes,then,for eachof thethreeedgesleading
out from theinternalnode,by choosinga nearbyleaf reachableby following theedge.
For eachsetof threegenomes,we measuredthesumof the lengthsof all clustersthat
werefound.

6 Results

Our discussionandsummariesof resultsrefer to Fig. 5. Reconstructionof ancestral
genomesfor thebacterialgenomestakesaround24hoursonatypicaldesktopcomputer.
Themidpoint-initializationprovedquitestrong:theonly genomesto beupdatedin the
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Table 1. ErrorPercentagein TreeScores

Avg errorMin error Max error
Inversiononly 63.2% 57.3% 67.4%
No deletions 62.6% 54.8% 70.7%
No insertions 45.2% 37.6% 54.3%
Low insertion/deletion 56.4% 46.7% 64.8%
High insertion/deletion 34.9% 25.1% 46.4%

subsequentlocal improvementprocedurewerethetwo childrenof theroot(nodes1 and
6 in Fig. 5), theonly neighboringgenomesin which oneneighborwasnot usedto cre-
atetheother. Whenwe usedendpoint-initialization,threeinternalnodeswereupdated
(nodes3, 4, and6 in Fig. 5) andthescoreof theentiretreewasloweredby 2.8%.This
�nding mayindicatethattheinitialization is verygood,but it mayalsore�ect thelarge
numbersof localoptimain thesearchspace—asimilar �nding wasreportedfor thesim-
plerGRAPPA [18]. It shouldbenotedthat,whencalculatingmedians,only four differ-
entmidpointsin thechild-to-childsortingsequenceareused;from eachof thesemid-
points,only threemidpointsin thesortingsequencefrom the intermediategenometo
theparentaretested.Thusweonly performaveryshallow searchandcouldeasilymiss
a bettersolution.Interestingly, though,whenwe did a slightly morethoroughsearch
with tenmidpointsfrom child to child andfour midpointsfrom intermediateto parent,
using endpoint-initialization,the tree scorewas slightly worsethan in the shallower
analysis,althoughthesearch,whichtookabout3.5timeslonger, updatedthesamethree
internalnodes.Of course,this largersearchremainsveryshallow; goingbeyondit will
requirea muchmoreef�cient implementationof theduplication-renamingheuristicof
Marronetal. [7]—in ourcurrentversion,it usesupover90%of thecomputingtime.

We simulated100 labelingsof the treewith a root genomesizeof 200 genesfor
eachof the � ve previously describedscenarios.Endpoint-initializationwasusedin all
scenarios.Theleaf genomesproducedin our simulationsrangedin sizefrom 70 genes
to 400 genes.We comparedthepredictedgenecontentof the internalnodeswith the
actualgenecontent.As expected(dueto our restrictionon generation),the predicted
genecontentalwaysmatched,exceptwhena genecopy thatwaspresentat aninternal
nodewaslost in all leaves.Failureto detectthis kind of missinggeneis unavoidablein
ananalysissincethedeletionfrom all leavesmeansthatno historicalrecordis left to
attestthepresenceof thatgenein ancestralgenomes.Whenwe comparedthenumber
of operationsover all edgesin reconstructedtreesversusthe original simulatedtree,
thescorefor the treewasfairly inaccurate,consistentlyoverestimatingthe truescore,
asillustratedin Table1. Therathertight distribution for thetreeindicatesthattheerror
is not a randomprocess,but a resultof someaspectof our reconstructionmethod,one
thatmaylenditself to reversemapping.

We comparededgelengthsin the reconstructedtreeswith thosein the true trees
by calculatingthe ratio of the lengthsfor eachedge(Fig. 6). A perfectreconstruction
wouldgivea ratioof 1.0;asthe�gure shows,mostratiosarehigher, with edgesfurther
from leaveshaving largerratios(andalsolargervariances).About half of the23 edges
arewithin a factorof two andanotherquarterarewithin a factorof four.
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Fig.6. Averageratioof reconstructedto trueedgelengthsfor eachedge,numberedasin Fig. 5.

Wecalculatedthenumberof operationsneededto convertthereconstructedgenome
labelsat internalnodesinto thecorrespondinglabelsfrom thetruetree.Wenormalized
thesevaluesby dividing themby thesizeof thetruetreegenome,thusa perfectrecon-
structionwould give edit distancesof zero.Hereagain,internalnodescloserto leaves
arecloserto thetrueancestralgeneorders.

Finally, wetestedclustercondensationontriplesof closely-relatedbacterialgenomes.
Thenumberof genesthatfell into clusters,andthusthenumberof genesthatcouldbe
condensedaway, is a lowerboundontheclusteringpotentialin theactualtree.Conden-
sationwould remove the samenumberof genesfrom eachgenome,so themaximum
possiblecondensationis determinedby thesmallestof the threegenomesconsidered.
In the caseswe examined,it waspossibleto condenseaway on average21% (rang-
ing from 13%to 31%)of thesizeof thesmallestgenome.Computationally, however,
the clustercondensationis heavily dependenton the duplication-renamingheuristic,
theslowestof thevariousalgorithmiccomponents;thus,thebene�ts of working with
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smallergenomeswill not beapparentuntil thetime requiredto condensethegenomes
canbesubstantiallyreduced.

7 Conclusions

We have successfullyproduceda framework underwhich we areableto computean-
cestralgeneordersfor modernbacteria.Thenumberof operationsoverthetreeis some-
what inaccuratein absoluteterms,but ratheraccuratein relative terms—theerror is a
systematicbiastowardsoverestimation.Accuracy is,unsurprisingly,greaterfor internal
nodesandedgescloserto theleaves(themoderndata).Wealsohaveshown that,under
certainsimplifying assumptions,weareableto recoverconsistentlythegenecontentof
theancestralgenomesof simulatedgenomes.Thesizeandcomplexity of thegenomes
meanthatonly averyshallow searchof thespaceof possibleancestralgenomesis pos-
sible:ourresultsareundoubtedlyheavily impactedby thatproblem,but wehavepushed
thesizeboundaryfor phylogeneticanalysiswith geneordersby anorderof magnitude.
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