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Abstract. In thelastfew years,t hasbecomeroutineto usegene-ordedatato
reconstrucphylogeniesbothin termsof edgedistancegparsimoniousequences
of operationsthat transformone end point of the edgeinto the other) and in
termsof genomestinternalnodeson small,duplication-freegenomesCurrent
gene-ordemethodsbhreakdown, though,whenthe genomesontainmorethan
a few hundredgenesposses$igh copy numbersof duplicatedgenespr create
edgelengthsin the tree of over one hundredoperationsWe have constructed
a seriesof heuristicsthatallow us to overcometheseobstaclesandreconstruct
edgedlistancesindgenomestinternalnodedor groupsof larger, morecomple
genomesWe presentesultsfrom the analysisof a groupof thirteenmodern -
proteobacteriaaswell asfrom simulateddatasets.

1 Intr oduction

Although phylogery, the evolutionaryrelationshipsetweerrelatedspecieor taxa, is
a fundamentabuilding block in muchof biology, it hasbeensurprisinglydif cult to
automatethe processof inferring theseevolutionary relationshipsfrom moderndata
(usually molecularsequencealata). Theserelationshipsnclude both the evolutionary
distancesvithin a groupof speciesaandthe geneticform of their commonancestors.

In thelastdecadeanew form of moleculardatahasbecomeavailable:gene-content
andgene-ordedata;thesenew datahave proved usefulin sheddingdight on thesere-
lationships[1—-4]. The orderandthe orientationin which genedie on a chromosome
changegrery slowly, in evolutionaryterms,andthustogetherprovide a rich sourceof
informationfor reconstructingphylogeniesUntil recently however, algorithmsusing
suchdatarequiredthatall genome$aveidenticalgenecontentwith noduplicationsre-
strictingapplicationgo very simplegenomegsuchasorganellesprforcingresearchers
to reducetheir databy equalizingthe genecontent(deletingall genesot presentn ev-
ery genomeandall “copies” of eachgene,e.g.,usingthe exemplarstratey [5]). The
formerwasfrustratingto biologistswantingto study more complex organismswhile
thelatterresultedn datalossandconsequenibssof accurag in reconstructior6].

Ourgrouprecentlydevelopeda methodto computehedistancebetweertwo nearly
arbitrarygenomeg7, ?] andanotherto reconstrucphylogeniedasedon gene-content
and gene-ordein the presencef mildly unequalgenecontent[6]. In this paper we
bringtogethetthesemethodsn aframework thatenablesisto reconstructhegenomes
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Fig. 1. The 13 gamma-proteobacterandtheir referencephylogety [8].

of thecommonancestorsf the13modernbacteriashovnin Fig. 1 (from [8]). Gamma-
proteobacteriare an ancientgroupof bacteria,at least500 million yearsold [9]; the
groupincludesendosymbioticcommensalandpathogenicspecieswith mary species
playinganimportantmedicalor economiaole. Theevolutionaryhistoryof thegroupis
quitecomple, includinghigh levelsof horizontalgenetransfei{10-12]and,in thecase
of B. aphidicolaandW. brevipalpis massie levels of geneloss.Thesefactorsmake a
phylogenetianalysisof this groupbothinterestingandchallenging.

Therestof this paperis organizedasfollows. Section2 presentghe problem.Sec-
tion 3 summarizegprior work on phylogeneticreconstructiorfrom gene-contenand
gene-ordedata.Section4 present®ur frameawork for tacklingthe problemof ancestral
genomereconstructiorgivena referencephylogely; it is itself dividedinto threesub-
sectionspneon eachof our threemaintools: median- nding, contentdetermination,
andgeneclustering.Section5 discussesur approacho the testingof our framework:
giventhatwe have only onedatasetaindthatancestrajenomedor thatdatasetreen-
tirely unknawn, our testingwas of necessitypbasedon simulations.Section6 presents
theresultsof thistesting.

2 The Problem

We phrasehereconstructiorproblemin termsof a parsimoty criterion:

Giventhegeneordersof agroupof genomesndgivenarootedtreewith these
genomest the leaves, nd geneordersfor the internalnodesof the treethat
minimizethesumof all edgelengthsin thetree.

Thelengthof anedgeis de ned in termsof the numberof evolutionaryevents(permis-
sibleoperationsheededo transformhegenomeatoneendof theedgeinto thegenome
atthe otherend.The permissibleoperationsn our caseareinversionsjnsertions(and
duplications)anddeletions;all operationsaregiventhe samecostin computingedge
lengths.Restrictingrearrangement® inversionsfollows from ndings thatthe inver-

sion phylogely is robust even whenotherrearrangementsuchastranspositionsare



usedin creatingthe data[13]. Our assignmenof unit coststo all operationsimply re-
ects insufcient biologicalknowledgeabouttherelative frequeny of theseoperations.

In our setting,oneinsertionmay addan arbitrarynumberof genesto a singlelo-
cationandonedeletionmayremove a contiguousrun of genesrom a singlelocation,
a conventionconsistentwith biological reality. Geneduplicationsare treatedas spe-
cializedinsertionsthat only insertrepeatsFinally, on eachedgea genecaneitherbe
insertedor deleted but not both; the sameholdsfor multiple copiesof the samegene.
Allowing deletionandinsertionof the samegeneson the sameedgewould leadto bio-
logically ridiculousresultssuchasdeletingthe entiresourcegenomeandtheninserting
theentiretargetgenomen justtwo operations.

Finding internal labelsthat minimize edgedistancesover the tree hasbeenad-
dresseddy our group—thisis the main optimizationperformedby our software suite
GRAPHA [14]. However, even the most recentversionof GRAPRA [6] is limited to
relatively smallgenomegtypically of organellarsize,with fewerthan200genes)with
modestlyunequalcontentand just a few duplications.In stark contrastthe bacterial
genomesn our datasetcontain 3,430 differentgenesand rangein size from 540 to
2,987geneswith sevencontainingover 2,300genesmoreover, thesegenomegontain
a large numberof duplications rangingfrom 3% to 30% of the genomeThus,in our
model,mostpairwisegenomicdistancesrevery large: a simple pairwisecomparison
alongthetreeof Fig. 1 indicateshatsomeedgesof thetreemustrepresenat least300
events.Suchlengthsareatleastanorderof magnituddargerthanGRAPFA canhandle.
Thelarge genomesize,vastly unequalgenecontentarge numberof duplicationsand
large edgelengthsall combineto make this datasebrdersof magnitudemoredif cult
to analyzethanpreviously analyzedgenomesets.

3 Prior Work

A thoroughrecentreview of the currentwork in phylogenetiaeconstructiorbasedon
genecontentandgeneorderappearsn [15]; we review only therelevantpointshere.
The GRAPR softwarepackagd16] computednternallabelsin two phasesFirst,
it initializesinternallabelsof thetreeby somemethod.Thenit iteratively re neslabels
until corvergence:eachnewly labeled(or relabeled)nodeis pushedon a queueand,
while the queueis not empty the nodeat the headof the queueis removed, a new
labelcomputedor it (by computingthe medianof its threeneighbors)and,if thenew
labelreduceghetotal distanceo thethreeneighborstheexisting labelis replacedvith
the improved label and the threeneighborsare placedon the queue. Thus GRAPRA
relies on the computationof the medianof threegenomesthat is, a fourth genome
which minimizesthe sumof the numberof operationsieededo corvertit into eachof
thethreegivengenomesGRAPRA nds optimalinversionmedianswith analgorithm
that runsin worst-casexponentialtime, but nishes quickly whenthe edgelengths
aresmall (10 to 40 operationgeredge)[6, 17]. GRAPA treatsgroupsof geneghat
occurin the sameorder and orientationin all genomesas a single geneticunit; this
condensatiostepreducesomputationatostsanddoesnot affectthe nal result[18].
Our groupdevelopeda methodto nd the distancebetweertwo genomeswith ar-
bitrary genecontent[7, ?]; this methodrelieson a duplication-enamingheuristicthat



matchesmultiple copiesof genesbetweengenomesandrenameseachpair and each
unmatchecaopy to a new, unusedyenenumber Thusarbitrarygenomesarecorverted
into duplication-freegenomesWe provedthat, giventwo genomewwith unequalgene
contentandno duplicationsary optimalsortingsequenceanberearrangedo contain
rst all insertionsthenall inversionsand nally all deletions—aype of normalform

for edit sequence§’]. (Deletionshereare genesuniqueto the sourcegenomewhile

insertionsaregenedoundonly in thetargetgenome.)Usingthegenomegproducedy

the duplication-renamingnethod,an optimal inversionsequencean be calculatedn

time quadratian the sizeof the consensugenomeg19, 20]. The numberof deletions
is calculatedby countingthe numberof Hannenhalli-Peznercyclesthatcontaindele-
tions,asdescribedn [21]. Finally, the numberof insertionss estimatedy calculating
all possiblepositionsin thesourcegenomeo whichtheinversionsequenceouldmove

insertionsthenchoosinghe nal positionfor eachinsertionthatminimizesthenumber
of groupsof insertedgenes.

In somegenomesespeciallybacterialones,geneswith similar function are often
locatedtogetheron onestrandof a chromosomethesefunctionalunitsarecalledoper
ons In bacteria,at least,while the orderof genesn anoperonmay changethe gene
contentof the operonis muchlesslikely to do so[22]. In gene-ordedata,an operon
appearsasa clusterof genenumberswith the samesign, with content,but not orde,
preseredacrosggenomesHeberand Stoye developeda lineartime cluster nding al-
gorithmto identify theseoperon-like clusterswithin equal-contengenome$23].

McLysaghtet al. [4] reconstructedncestralgenomedor a group of poxviruses;
shedeterminedyenecontentby assuminghatthe phylogenetidreecontaineda single
point of origin for eachgenefamily in the moderngenomesEachpoint of origin was
assignedo thatinternalnodewhich minimizedthe numberof losseventsnecessaryo
achieve the genecontentof theleaf genomes.

4 Designingan Algorithmic Framework

To addresghe problemof reconstructingancestraenomest the level of compleity

of gamma-proteobacteriaje usecondensatiomf geneclustersin orderto reducethe
sizeof the genomesgescribea proceduresimilar to that of McLysaghtet al. to deter

mine the genecontentof every internalnode,and presenta new heuristicto compute
themedianof threevery differentgenomes.

4.1 Medians

We usethequeue-basettee-labelingheuristicdescribedn Section3. Sinceleavescon-
tainthe only labelsknown to be correct,we updatethe nodesin orderof their distance
from the leaves,asshownn in Fig. 2. The heartof the top-level heuristicis the median
computationExactmedian- ndingalgorithmsarelimited to smallgenomessmalledge
lengthsin thetree,andfew changesn content—andoneof thesepropertiesholdsin
our problem.We thereforepursuea simpleheuristicinspiredby geometry The median
of atrianglein the planecanbefoundby drawing aline from onevertex to the middle
of theoppositesggment thenmoving two thirds of theway alongthisline. By analogy



Fig. 2. Internalnodesorderedby their distancerom theleaves.Nodeswith lower indiceswill be
labeled rst; nolabelis generatedor theroot.

we generatea sortingsequencdérom onegenometo another(an edgeof thetriangle),
thenchoosea genomehalfway alongthis sortingsequencandgeneratea new sorting
sequencérom it to thethird genomestoppingone-thirdalongthe way.

We extend the methodof Marron et al. [7] to enumerateall possiblepositions,
orientationsandorderingsof genesaftereachoperation Deletedgenesattheendpoint
of aninversionaremovedto theotherendpointf doingsoavoids“trapping” thedeleted
genesbetweentwo consensugienesthat are adjacentin the target genome.Inserted
genesaremovedso asto remainadjacento oneof the two consensugenesbetween
which they lie in the target genome We canthus generatehe genomegroducedby
“running” a portion of the sortingsequencethenusetheseintermediategenomedor
themedianheuristicjust describedall in polynomialtime.

This handlingof insertedgenedeadsto anoverestimateof the editdistancewhich
Marron et al. shoved at most doublesthe numberof operationg[7]. Their original
methodcalculatesall possiblepositionsin the sourcegenometo which the inversion
sequenceould move insertionsand chooseghe nal position (for eachinsertion)to
minimizethenumberof groupsof insertedyenesijt mayundeestimateheeditdistance
becausghe groupingof insertedgeneamay requireaninversionto join insertedgenes
andsimultaneouslsplit deletedgeneswhich is not possible We comparedpairwise
distancegproducedoy our methodandby theirsto getanupperboundon the overesti-
mation:averageandmaximumdifferencedetweerthe overestimateandunderestimate
werell.3%and24.1%,respectiely.

4.2 GeneContent

We predetermin¢hegenecontentof everyinternalnodebeforecomputingany median:
oncethe genecontentof aninternalnodeis assignedit remainsunchangedSincethe
treeis rooted,we know the directionof time o w on eachtree edge;we alsoassume
thatdeletionsarefar morelik ely thaninsertions,The numberof copiesof eachgeneg
is decidedndependentlyf all othergenesatinternalnodei, it is setto the maximum
numberof copiesof g foundin ary of theleavesin i'ssubtreséf: (i) thereareleavesboth
insideandoutsidei's subtreghatcontaing; or (ii) thereareleavescontainingg in each
half of i's subtreeOtherwisethe numberof copiesof geneg in nodei is setto zero.
This valuecanbe calculatedn O(N G) time, whereN is the numberof nodesin

thetreeandG is thenumberof distinctgenesn all theleaves,asfollows. For eachnode
in thetree,we determinghe maximumnumberof copiesof eachgenefrom amongthe



Fig. 3. Thenumberof copiesof agenein internalnodes.

leavesof thatnodes subtreeusingasingledepth- rsttraversal We usea secondepth-
rst traversalto setthe actualnumberof copiesof eachgeneat eachinternalnode.If
eitherof theroot's childrenhasa subtreenaximumof zero,thenwe settheroot'sactual
numberto zeroaswell. For eachinternalnodeotherthantheroot, if its parents actual
numberof copiesis zeroandatleastoneof its two children's subtreemaximumis zero,
thenwe setthe numberof copiesfor the geneto zero;otherwisewe setthe numberof
copiesto thenodes subtreemaximumfor thegene.

Internalnodeswill thuspossesst leastasmary copiesof a geneasthe majority
consensu®f their neighbors'genecontents An internalnodewill alwayspossesa
copy of a geneif two or more of its neighborsdo. (We considerthe two children of
theroot to be neighbors.) Moreover, if a nodeis the nearescommonancestorof all
genomegpossessinghe gene,it may have morecopiesof the genethanits parentand
oneof its children,asin the caseof theblacknodein Fig. 3. Thegenecontentof inter-
mediategenomesalongsortingsequencess aunionof thegenecontentsf thestarting
genomesbecausehe sortingsequencef operationghatwe usealwaysinvolves rst
insertionstheninversionsand nally deletions.Thereforewhencalculatingmedians
from sortingsequencesye facethreecasesn which the numberof copiesof a gene
differ betweertheintermediatggenomethemediangenomeandthemedians parent—
seeFig. 4. In Fig. 4a,the intermediategenomehasthe samenumberof copiesasthe
median,but fewer thanthe parent,aswith the black nodes right child in Fig. 3. Each
copy in the parentthatis not matchedby the duplication-renaminglgorithmwill be
excludedfrom the mediangenome The caseof Fig. 4b only ariseswhenthe median
genomeis the nearestcommonancestorof all genomesontainingthe genein ques-
tion, aswith the black nodein Fig. 3. Genomesalongthe intermediatesequencéave
the samenumberof copiesasthe median,while the parentof the mediancontainsno

Fig. 4. Casesherethemedianandits neighbordhave differenthumberf copiesof agene Solid
Iinesaretreeedgesdashedanddottedlinesarefractions(% and%, resp.)of sortingsequences.



copy atall. Finally, thecaseof Fig. 4c canonly arisewhentheright child of themedian
is the nearestommonancestoof all genomesontainingthe gene,aswith the parent
of theblacknodein Fig. 3.

Biologically, this procesof nding which duplicategto includein the mediancor
respondgo matchingorthologousduplicatesof eachgenebetweengenomesand to
discardingunmatchecparalogousiuplicates.Sincethe original nucleotidesequences
are abstractedway beforethe analysisbegins, this orthologmatchingis decideden-
tirely on the basisof which other genesare locatednext to the differenthomologs.
Fortunately orthologsand paralogsthat can be distinguishedby a nucleotide-based
analysisareassignedlifferentgenenumbersbeforeour analysishegins. Therefore pur
methodrepresentareasonablevay to integratebothnucleotideandgene-ordedatain
differentiatingorthologousandparalogouomologsof genes.

4.3 Cluster Condensation

To extractinformationfrom largerandmorecomplex biological datasetswe needfast
algorithmswith fastimplementationsfasterprocessingalsoenablesa morethorough
analysisandthusproducegesultsof higherquality. The key factorhereis the size of
the genomes—theinumberis a muchsmallerissue We thusdevelopeda techniqueo
identify andcondens@eneclustersn orderto reducethe sizeof thegenomesOur ap-
proachgeneralizeshatusedin genomesvith equalcontenf23]; in contrast GRAPRA
only condenseglenticalsubsequenced genesbecausé aimsto preseretheidentity
of editsequence®urmethodallowsthecondensationf clustersbasednly oncontent
(notorder, atleastaslongasgenestayonthesamestrand)andalsohandleghedif cult
caseghatariseout of unequalgenecontent(suchasaninsertionwithin a cluster).

Toidentify clusterswe rst usetheduplication-renamingechniqueof Marronetal.
to createduplication-freegenomesAfter renamingwe remove ary genesnot present
in all of the genomesunderexamination.This stepcreatesa group of genomeswith
equalgenecontent.We thenusethe cluster nding algorithmof Heberand Stoye [23]
to nd equialentclustersof geneswithin the equal-contengenomesOnceclusters
areidenti ed, eachoneis condenseabut of the original genomesand replacedwith
a singlemarler (asif it werea singlegene).In a setof genomeswith unequalgene
content,therecanbe genesinside a clusterthat are not presentin the corresponding
equal-contengenomesWe dealwith thesegenesin oneof two ways.If every occur
renceof that geneis locatedinside the clusterin eachof the genomeghat possesses
the gene thenthe geneis condense@longwith therestof the cluster Otherwise the
extra geneis movedto oneside of the clusterandthe clustercondensedWhena me-
diangenomas computeda medianfor eachclusteris alsocomputedandeachclusters
marker in the mediangenomeis replacedwith the clusters median.At this point, if
ary extragenesnovedto the sideof the clusterarestill besideit, they aremovedback
insidethe clusterto a positionsimilarto their original one.

4.4 Putting It All Together

Ancestralgenomereconstructionsre performedusing thesethreemain components.
Initialization of the internal nodesof the tree is donefrom the leaves up by taking



eitherthe midpointor oneof the two endpointgalongthe inversionportion of an edit
sequencedf aninternalnode’s two childrenanddiscardingarny genesot allowed by
the mediangenecontent.This methodaccountdor all threeof the casesn Fig. 4 and
producedabelswith the desiredyenecontentNew mediansarecomputedocally node
by nodein a postordertraversalof the tree, so asto propagatenformationfrom the
leavestowardsthe root. Whenerer a medianis found that reducesthe local scoreat
a node,it immediatelyreplacesthe previous label at that node;that nodeand all its
neighborarethenmarkedfor furtherupdate.

5 Testing

We usedourlabelreconstructioonethodonthebacteriadatasetswell asonsimulated
datasetsWith simulateddatasetsye know the true labelsfor the internal nodesas
well asthe exactevolutionaryeventsalongeachedge sothatwe cantesttheaccuray

of the reconstructionThe goal of our experimentswasto generatedatasetsoughly
comparabldo our biological dataseso that our experimentalresultswould enableus
to predictarangeof accurag for theresultson thebiologicaldataset.

Thesimulateddatawerecreatedisingthetreeof Fig. 1; edgelengthswereassigned
to thetreebasedon our bestestimateof the edgelengthsfor the bacterialgenomesTo
keepthedataconsistentedgelengthswereinterpretedasthe numberof operationgper
generatherthanasan absolutenumber allowing usto usethe samerelative valuefor
genomef differentsizes.The treewaslabeledby rst constructinga root genome.
Thenumberof genegy andthetotal sizen of therootgenomeweresetasvariableuser
parametersOneof eachgenefrom 1 to g wasaddedto the root genome afterwhich
n g additionalgenesnverechoseruniformly atrandomin therange[1; g] andadded
to the root genome The root genomewasthenrandomlypermutedandeachgeneas-
signedarandomsign. The othernodeswerethenlabeledfrom theroot by evolving the
genomesiown thetreeaccordingto the prescribechumberof operationsThe allowed
operationsvereinsertionsdeletions andinversions Althoughthetotal numberof op-
erationswas x ed,the proportionof eachof thethreetypesof operationsvasleft asa
variableparameteby settingtheratio of inversiongo insertionsto deletionsThis mix
of operationsvasusedover all edgesof thetree.

Thecharacteristicef eachtypeof operationwveredeterminedeparatelyThelength
of eachinversionwas chosenuniformly at randombetweenl andhalf the size of the
genome,with a start point chosenuniformly at randomfrom the beginning of the
genometo the size of the genomeminusthe lengthof the inversion.The averagein-
sertionlengthwassetvia a userparameteasa portion of the size of the root genome
andwasusedunchangedaver the entiretree,while the actuallengthof eachinsertion
wasdrawn from a Poissordistribution with this expectatiorandits locationwaschosen
uniformly atrandomfrom the beginningto the endof the genomeln moving from the
rootto theleaves,it wasassumedhata particulargenecouldonly beinsertedalongone
edgeof thetree—multipleinsertionsof the samegene gvenalongseparatgathswere
not allowed. The averagedeletionlengthwaschoserasa userspeci ed portion of the
genomefrom which geneswerebeingdeleted thusvarying from edgeto edgeaswell
asalongeachedgewith eachsuccessie deletion,while theactualsizeof eachdeletion



wasdravn from a Poissondistribution with this expectationandwith a startlocation
choseruniformly atrandomfrom thebeginningof thegenomeo thesizeof thegenome
minusthelengthof thedeletion.With the constanexpectednsertionlength,genomes
grow linearly in the absencef deletionswhile, with a proportionalexpecteddeletion
length,genomeshrinkexponentiallyin theabsencef insertionsWhenbothinsertions
anddeletionsareused genomedgartherfrom theroottendtowardsa stablesize.Along
eachedge theprescribechumberof insertionsareperformedrst, theninversionsand
nally deletions.Onceall nodeshave beenbeenassignedyenomesthe resultingleaf
genomesare fed into our reconstructiorprocedureThe resultsof the reconstruction,
in termsof genecontentandgeneorderat eachinternalnode,are comparedwith the
“true” tree,i.e., thatgeneratedn thesimulation.

We constructedreesusing ve differentmodels:an‘“inversion-only”’model,a“no-
deletions”’modelwith a 6:1 inversion-to-insertiomatio, a “no-insertions”’modelwith
a 6:1 inversion-to-deletiomatio, a “low-insertion/deletion’'modelwith a 40:4:1ratio
of inversionsto deletionsto insertions,and a “high-insertion/deletion’"modelwith a
30:10:3ratio of inversionsto deletionsto insertions.The averageinsertionlengthwas
setto 2% of therootgenomeandtheaveragedeletionlengthto 3% of thelocalgenome.

In orderto testthe efcacy of clustercondensationye testedthe techniqueon
triples amongthe bacterialgenomeghat lie closeto eachotheron thetreein Fig. 1.
Tripleswerechoserby selectingnternalnodesthen for eachof thethreeedgedeading
outfrom theinternalnode,by choosinga nearbyleaf reachabléy following theedge.
For eachsetof threegenomeswe measuredhe sumof the lengthsof all clustersthat
werefound.

6 Results

Our discussionand summariesf resultsrefer to Fig. 5. Reconstructiorof ancestral
genomesor thebacterialgenomesgakesaround24 hoursonatypicaldesktopcomputer
The midpoint-initializationproved quite strong:the only genomedo be updatedn the
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Table 1. Error Percentagen TreeScores

|Avg errofMin erroifMax error

Inversiononly 63.2% | 57.3% | 67.4%
No deletions 62.6% | 54.8% | 70.7%
Noinsertions 452% | 37.6% | 54.3%

Low insertion/deletion 56.4% | 46.7% | 64.8%
High insertion/deletion 34.9% | 25.1% | 46.4%

subsequerbcalimprovementproceduraverethetwo childrenof theroot(nodesl and
6 in Fig. 5), the only neighboringgenomesn which oneneighborwasnot usedto cre-
atethe other Whenwe usedendpoint-initializationthreeinternalnodeswereupdated
(nodes3, 4, and6 in Fig. 5) andthe scoreof the entiretreewasloweredby 2.8%. This
nding mayindicatethattheinitializationis very good,but it mayalsore ect thelarge
numberof local optimain thesearctspace—aimilar nding wasreportedor thesim-
pler GRAPR [18]. It shouldbe notedthat,whencalculatingmedianspnly four differ-
entmidpointsin the child-to-child sortingsequencareused;from eachof thesemid-
points,only threemidpointsin the sortingsequencdrom the intermediategenometo
theparentaretested Thuswe only performavery shallav searcrandcouldeasilymiss
a bettersolution. Interestingly though,whenwe did a slightly more thoroughsearch
with tenmidpointsfrom child to child andfour midpointsfrom intermediateo parent,
using endpoint-initialization the tree scorewas slightly worsethanin the shallaver
analysisalthoughthesearchywhichtookabout3.5timeslonger, updatedhesamehree
internalnodes Of coursethislargersearchremainsvery shallov; goingbeyondit will
requirea muchmoreef cient implementatiorof the duplication-renamindpeuristicof
Marronetal. [7]—in our currentversion,it usesup over 90% of the computingtime.

We simulated100 labelingsof the tree with a root genomesize of 200 genesfor
eachof the ve previously describedscenariosEndpoint-initializatiorwasusedin all
scenariosTheleaf genomegproducedn our simulationsrangedin sizefrom 70 genes
to 400 genesWe comparedhe predictedgenecontentof the internalnodeswith the
actualgenecontent.As expected(dueto our restrictionon generation)the predicted
genecontentalwaysmatchedegxceptwhena genecopy thatwaspresentat aninternal
nodewaslostin all leaves.Failureto detectthis kind of missinggeneis unavoidablein
an analysissincethe deletionfrom all leavesmeanghat no historicalrecordis left to
attestthe presencef thatgenein ancestrajenomesWhenwe comparedhe number
of operationsover all edgesin reconstructedreesversusthe original simulatedtree,
the scorefor the treewasfairly inaccurateconsistentlyoverestimatinghe true score,
asillustratedin Tablel. Therathertight distribution for thetreeindicateshatthe error
is not arandomprocesshut a resultof someaspecbf our reconstructioomethod,one
thatmaylenditself to reversemapping.

We comparededgelengthsin the reconstructedreeswith thosein the true trees
by calculatingtheratio of the lengthsfor eachedge(Fig. 6). A perfectreconstruction
would give aratio of 1.0;asthe gure shavs, mostratiosarehigher, with edgesurther
from leaveshaving largerratios(andalsolargervariances)About half of the 23 edges
arewithin afactorof two andanotherquarterarewithin a factorof four.
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Fig. 6. Averageratio of reconstructedb true edgelengthsfor eachedge humberedasin Fig. 5.

We calculatedhenumberof operationsxeededo corvertthereconstructegenome
labelsatinternalnodesinto the correspondindabelsfrom the truetree.We normalized
thesevalueshby dividing themby the sizeof thetrue treegenomethusa perfectrecon-
structionwould give edit distance®f zero.Hereagain,internalnodescloserto leaves
arecloserto thetrue ancestrageneorders.

Finally, wetestedtlustercondensationntriplesof closely-relatedbacteriagenomes.
The numberof geneghatfell into clustersandthusthe numberof geneghatcouldbe
condensedway, is alower boundon the clusteringpotentialin theactualtree.Conden-
sationwould remove the samenumberof genesfrom eachgenome so the maximum
possiblecondensatioris determinedy the smallestof the threegenomesconsidered.
In the caseswe examined,it was possibleto condenseaway on average21% (rang-
ing from 13%to 31%) of the size of the smallestgenome Computationallyhowever,
the clustercondensations heavily dependenbn the duplication-renamindneuristic,
the slowestof the variousalgorithmiccomponentsthus,the bene ts of working with
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Fig. 7. Averagenormalizededit distancefrom reconstructedo true labelsfor eachinternalnode
of thetree,numberedasin Fig. 5.
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smallergenomeswill not be apparentntil thetime requiredto condensehe genomes
canbesubstantiallyreduced.

7 Conclusions

We have successfullyproduceda framewvork underwhich we areableto computean-
cestralgeneordersfor modernbacteriaThenumberof operation®verthetreeis some-
whatinaccurateén absoluteterms,but ratheraccuratdn relative terms—theerroris a
systematibiastowardsoverestimationAccurag is, unsurprisinglygreaterfor internal
nodesandedge<loserto theleaves(themoderndata).We alsohave shavn that,under
certainsimplifying assumptionsye areableto recover consistentljthe genecontentof
theancestraenome®f simulatedgenomesThe sizeandcompleity of thegenomes
meanthatonly avery shallav searctof the spaceof possibleancestrajjenomess pos-
sible:ourresultsareundoubtediheavily impactedoy thatproblem but we have pushed
thesizeboundaryfor phylogenetia@nalysiswith geneordersby anorderof magnitude.
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