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Abstract

Thefirst heuristicfor reconstructinghylogenetidreesfrom geneorderdatawasintroducedby Blanchetteet al..
It soughtto reconstructhe breakpoint phylogeny andwasappliedto a variety of datasetsWe present new heuristic
for estimatingthe breakpointphylogery which, althoughnot polynomial-time,is muchfasterin practicethanBP-
Anal ysi s. We usethis heuristicto conducta phylogeneticanalysisof chloroplastgenomesn the flowering plant
family CampanulaceaeWe also presentand discussthe resultsof experimentatioron this real datasetwith three
methods:our nev method,BPAnal ysi s, andthe neighbofjoining method,usingbreakpointdistancesinversion
distancesandinversionplustranspositiordistances.

1 Intr oduction

Phylogenetidreereconstructions a major aspecbf muchbiological researchThis is a very difficult computational
problembecausenostoptimizationtasksrelatedto treereconstructiorare NP-hardandcanrequireyearsto solve on
real datasetsWith the recentintroductionof whole genomesdor usein phylogenetiaeconstructionthe problemhas
becomeeven morecomplex. In this paper we presenta new approactfor reconstructingreesfrom geneorderdata
andwe comparethis approacho othersusingchloroplastgenomedgrom the flowering plantfamily Campanulaceae.
The genomeof someorganismshave a single chromosomedr containsingle-chromosomerganelles(suchas
mitochondrisor chloroplastswhoseevolutionis largely independensf the evolution of thenucleargenoméor these
organismsMany single-chromosomerganismsandorganelleshave circularchromosomesGivenaparticularstrand
from a singlechromosomewhetherlinear or circular, we caninfer the orderingof the genesalongwith direction-
ality of the genesthusrepresentinggachchromosoméy an ordering(linear or circular) of signedgenes.Note that
picking the complementanstrandproducesa differentordering,in which the genesappeaiin the reversedirection
andreverseorder The evolutionaryprocesghatoperaten the chromosomeanthusbe seenasa transformatiorof

signedorderingsof genes.
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Thefirst heuristicfor reconstructingphylogenetidreesfrom geneorderdatawasintroducedby Blanchetteet al.
in [4]. It soughtto reconstructhe breakpoint phylogeny andwasappliedto a variety of dataset$5, 28].

A differenttechniquéor reconstructingphylogeniegrom geneorderdatawasintroducedby Cosnelin [8]. In [9]
we describeda simpleversionof the method which canalsobe describedasa heuristicfor the breakpointphylogerty,
althoughit is quite differentin its techniquefrom BPAnal ysi s. We call this approachMaximum Parsimony on
Binary Encodings (MPBE). The MPBE methodfirst encodes setof genomessbinarysequenceandthenconstructs
maximum-parsimowntreesfor thesesequences.

In this paperwe reporton anextensive phylogeneti@analysisof a subsebf the original datase{12 of theoriginal
18 genera)usinga simpleversionof the MPBE technique.We alsocomparethe performanceof this methodto two
othermethodsfor phylogery reconstructiorbasedupongeneorderdata: BPAnal ysi s (the heuristicdesignedcand
implementedy Blanchettest al. [4]) andthepolynomial-time distance-basethethodof neighborjoining [25], using
avarietyof distancemeasures.

2 Geneorder phylogenies

2.1 Definitions

We assumen fixed setof genes{g, g2, - .- , g»}. Eachgenomeis thenan orderingof somemulti-subsetof these
genesgachgenegivenwith anorientationthatis eitherpositive (g;) or negative (—g;). The multi-subseformulation
allowsfor deletionsor duplicationsof agene.A lineargenomas thensimply a permutatioron this multi-subsetwhile
acirculargenomecanberepresenteth the sameway undertheimplicit assumptiorthatthe permutatiorclosesback
onitself. For example,thecirculargenomeon genesetg = {g1, g2, - - - , g6 } givenby g1, g2, —gs, 94, g6, g2 hasone
duplicationof the genegs, hasa deletionof the genegs, andhasareversalof thegenegs. Thatsamecirculargenome
could berepresentedby several differentlinear orderings,eachgivenby rotatingthe linear orderingabove. Further
morethe orderinggs, g2, - - - , gn, Whetherlinearor circular, is considerecequivalentto thatobtainedby considering
thecomplementargtrand,.e.,to theordering—g,,, —gn—1,--- , —91-

In tracingthe evolutionaryhistory of a collectionof single-chromosomgenomeswe useinversions transposi-
tionsandtrans\ersionginvertedtranspositions)hecausehesesventsonly rearrangeyeneorders;a morecomplex set
of structuralchangesasbeenconsideredn [8].

Let G' be the genomewith signedorderingg, g2,---,9». An inversion betweenindices: and j, for i < j,
produceghe genomewith linearordering

91,925+ y9i—15 =G5y —Gj—1y-++ y —GisGj+1s--- y9n

If we have j < 7, we canstill applyaninversionto a circular (but not linear) genomeby simply rotatingthe circular
orderinguntil the two indicesare in the properrelationship—recalthat we considerall rotationsof the complete
circularorderingof a circulargenomeasequialent.

A transposition on the (linear or circular) orderingG actson threeindices,, j, k, with ¢ < j andk ¢ [4, 4], and
operatesy picking up theinterval g;, gi+1, . - . , g; andinsertingit immediatelyafter g;. Thusthe genomeG above
(with theadditionalassumptiorof & > j) is replacedoy

915925+ 39i—-15954+15-+- s9k> 3y Jit19+ -+ 3 9559k+15--- s gn

Onceagain,if we have j > ¢, we canstill applythetranspositiorto a circular (but notlinear)genomeby first rotating
it to establisithe desiredndex relationship.

An edit sequence describedhiow onegenomesvolvesinto anotherthrougha sequencef theseavolutionaryevents.
For example,let G be a genomeandlet p;, ps, ... ,pr be a sequencef evolutionary eventsoperatingon G; then
p1,D2,--. ,0k(G) definesagenome’’. Wheneachoperationis assigned cost,thenthe minimum edit distance be-
tweentwo genomess andG’ is definedto be the minimumcostof ary edit sequencéransformingG into G'. When
the costof eachoperationis finite, any two genomesave afinite edit distance.(Similarly, if the probability of each
editoperationis given,we candefinethe edit sequencef maximumprobability.)

The inversion distance betweentwo genomess the minimum numberof inversionsneededto transformone
genomeinto another The inversiondistancebetweentwo genomeds computablein polynomialtime for signed
genomeg16, 19] andis availablein softwareassi gned_di st . Thetransposition distance betweerntwo genomess



the minimum numberof transpositionsieededo transformonegenomeinto the other Computingthe transposition
distanceis of unknovn computationaktomplexity but, for the caseof linear genomesBafnaand Pevzner[1] have

founda 1.5-approximatioralgorithm. Wheninversionsandtranspositiongnd/ortrans\ersionsare allowed, nothing

is known aboutthe computationatomplexity or approximabilityof computingeditdistances.

Heuristicshave beendevelopedto estimatetheseedit distancedor differentcostsper edit operation;theseare
availablein der ange2 [3]. We will referto the edit distancecalculatedby der ange?2 for the weightedsum of
inversionstranspositionsandtrans\ersionsasthelTT distance.

An evolutionary tree (or phylogeny) for asetS of genomess a binary treewith | S| leaves,eachleaf labeledby
a distinct elementof S. A putative evolutionarytreeis “correct” aslong asthis leaf-labeledtopology s identical
to the true evolutionarytree (which we do not know for real datasets). In the context of geneorderdata,a natural
optimizationproblemis the Maximum Parsimory for Rearrange@Genomeswhich we now define:

Maximum parsimony for rearrangedgenomegMPRG): Assumethatwe aregivenatreein which eachnodeis
labelledby agenome We definethe costof thetreeto bethe sumof thecostsof its edgeswherethe costof anedgeis
oneof the edit distancedetweerthe two genomeghatlabelthe endpointsof the edge.Findingthetreeof minimum
costfor a givensetof genomesanda givendefinition of the edit distancds the problemof Maximum Parsimony for
Rearranged Genomes (MPRG); the optimal treesare calledthe maximum-parsimontrees. (The MPRG problemis
relatedto the moreusualmaximum-parsimown problemfor biomolecularsequencesyherethe edit distancebetween
two sequenceis just the numberof positionsin which they differ, or the Hammingdistance.)

MPRG seemsdo be the optimizationcriterion of choice. Indeed,mostapproache$o reconstructingphylogenetic
treesfrom geneorderdatahave explicitly soughtto find the maximum-parsimowntreewith respectto somedefini-
tion of genomicdistanceginversiondistancesr the ITT distance).All theseproblemsare NP-hardhowever, or of
unknowvn computationatompleity. Eventhe fundamentaproblemof computingoptimal labels(genomesJor the
internalnodesds very difficult. Whenonly inversionsareallowed,it is NP-hardevenfor thecasewherethereareonly
threeleaves[7].

2.2 Breakpoint Phylogeny

Recently Blanchetteet al. [5] proposeda new optimizationproblemfor phylogery reconstructioron geneorderdata.
Ratherthan minimizing the numberof evolutionary events(for example,inversions),they soughtto minimize the
numberof breakpointsWe now definethis precisely

Giventwo genomegs andG' on the samesetof genesa breakpointin G is definedasan orderedpair of genes
(94, 95) suchthat g; and g; appearconsecutiely in thatorderin G, but neither(g;, g;) nor (—g;, —g;) appearcon-
secutvely in thatorderin G'. For instanceif G = g1,92, —94, —g3 andG' = g1, g2, g3, 94, thenthereare exactly
two breakpointsn G: (g2, —g4), and(—gs, g1); the pair (—g4, —g3) is not a breakpointin G’ since(gs, g4) appear
consecutiely andin thatorderin G'. The breakpoint distance is the numberof breakpointsn G relative to G’ (or
vice-versasincethe measuras symmetric).

It haslong beenknown thatthe breakpointdistanceds at mosttwice theinversiondistancefor ary two genomes.
For somedatasetshowever, therecanbe a close-to-linearelationshipbetweenthe breakpointdistanceand either
theinversiondistanceor the ITT distance.Whena linear relationshipexists, the treewith the minimum numberof
breakpointss alsothe treewith the minimum numberof evolutionaryevents. Consequentliywhena close-to-linear
relationshipexists,thetreewith the minimumnumberof breakpointsnaybe closeto optimalwith respecto thenum-
ber of evolutionaryevents. Blanchetteet al. [5] obsened sucha close-to-linearelationshipin a groupof metazoan
genomegthe correlationcoeficient betweenthe two measuredor their setwas0.9815)andwent on to develop a
heuristicfor finding the breakpointphylogery.

2.3 BPAnal ysi s

Computingthe breakpointphylogery is NP-hardfor the caseof justthreegenomeg23], a specialcaseknown asthe
Median Problem for Breakpoints (MPB). Blanchetteet al. however, shoved thatthe MPB reducedo the Travelling
SalesmarProblem(TSP)anddesignedspecialheuristicsfor the resultinginstancesf TSP Their heuristicapproach
to solvingthe breakpointphylogery exactly solvesnumerousnstanceof the TSP Specifically their algorithmcon-
siderseachtreetopologyin turn; for eachtree, it fills in internalnodesby computingmediansof triplets of genomes



iteratively (until no changeoccurs)andscoregheresultingtree. The besttreeis returnedat the endof the procedure.
This heuristicis computationallyintensie on severallevels. First, the numberof unrootedbinary treeson n leaves

is(2n —5)-(2n—7)-...-3), sothatthe outerloop is exponentialin the numberof genomesSecondlytheinner

loop itself is computationallyintensive, sincecomputingthe medianof threegenomess NP-hard[23] andsincethe

techniqueusedby Blanchetteet al. involvessolvingmary instance®f TSPin areductionwherethe numberof cities

equalghenumberof genesn theinput. Finally, thenumberof instance®f TSPcanbequitelarge,sincetheprocedure
iteratesuntil no further changeof labelling occurswithin the tree. Thusthe computationatomplexity of the entire

algorithmis exponentialin each numberof genomes&ndthe numberof genes.

Theaccurag of BPAnal ysi s for thebreakpoinphylogery problemdependsipontheaccuray of its component
heuristics While it evaluatesverytree,thelabellinggivento eachtreeis only locally optimal: althoughit solvesTSP
exactly at eachnode,it labelsnodeswith aniteratve methodthat caneasily be trappedat a local optimum. In our
experimentswe have foundthatBPAnal ysi s oftenneededo berun on severaldifferentrandomstartingpointsin
orderto scorea giventreeaccurately Thisis typical of hill-climbing heuristicg21], but will affecttherunningtime
proportionally

2.4 Our New Method: Maximum Parsimony on Binary Encodingsof Genomes(MPBE)

In this sectionwe describea newv approacho reconstructingphylogeniesrom geneorderdata,which we originally

describedn [9]. This new methodis derived from an earlier methoddevelopedby Cosnerin [8]. Like Cosners

techniquepur methodencodeshe genomedataasbinary sequencesandseeksa maximumparsimory treefor these
sequencesUnlike Cosners technigue,our encodingis very simple and employs no biological assumptions.Fur-

thermore our techniquehasa closerrelationshipto the breakpointphylogery problemthanCosners technique.The
otherdifferencebetweenour methodand Cosners is that our methodhasa secondphase in which we selectfrom

themaximumparsimoly treeswe find thetree(s)thathave minimumlength,with respecto someevolutionarymetric
(e.g.theinversiondistancepr the|TT distance)We now describethetwo phaseof the MPBE approach.

2.4.1 Phasel: Solving Maximum Parsimony on Binary Encodingsof Genomes

We now shav how we definethe binary sequencesWe noteall orderedpairs of signedgenes(g;, g;) that appear
consecutrely in at leastoneof the genomesEachsuchpair definesa positionin the sequenceéhe choiceof index
is arbitrary).If (g;,9;) or (—g;,—gi) appearconsecutrely in agenomethenthatgenomehasa 1 in the positionfor
this orderedpair, andotherwiseit hasa 0. These'characters’canalsobe weighted.(In this study we did not weight
ary charactershowever, in the studyreportedin [8], charactemweightingwasused,alongwith othercharactersuch
asgeneseggmentinsertionsanddeletions duplicationsof invertedrepeatsetc. Thus,the methodcanbe extendedto
allow for evolutionaryeventsmorecomplex thangeneorderchanges.)

Now let H (e) bethe Hammingdistancebetweerthe sequencelbelling the endpointsof the edgee—the Ham-
ming distancebetweerntwo sequences the numberof positionsin which they differ. We definethe Binary Sequence
Maximum Parsimony (BSMP) problemasfollows: theinput consistf asetS of binarysequencesachof lengthk;
the outputis a treeT with leaveslabelledby S andinternalnodeslabelledby additionalbinary sequencesf length
k in suchaway asto minimize > H(e) ase rangesover the edgeof thetree. The treeswith the minimum scoreare
calledmaximum-parsimontrees.

Ourfirst phasehenoperatessfollows. First,eachgenomes replacedy a binarysequenceThe BSMP problem
is thensolved exactly or approximatelydependinguponthe datasesize; BSMP is NP-hard[14], but fastheuristics
exist thatarewidely availablein standardpohylogery software packagessuchasPAUP [29]. Although no studyhas
beenpublishedon the accurag of theseheuristicson large datasetsit is generallybelievedthattheseheuristicsusu-
ally work well on dataset®f sizeup to about40 genomes.Moreover, exact solutionson dataset®f up to about20
genomesanbe obtainedthroughbranch-and-bountkchniquesn reasonablamountsof time; consequentlyBSMP
hasbeensolvedexactlyin somecases.

2.4.2 Phasell: Screeningthe Maximum-Parsimony Trees

Oncethe maximum-parsimon treesare obtained the internalnodesare labelledby circular signedgeneordersby
giving the topology of the maximum-parsimon tree as a constraintto BPAnal ysi s, thus producinga labelling
which (hopefully) minimizesthe breakpointdistanceof thetree. Thelabellingalsoallows usto scoreeachtreefor the



inversiondistance(by scoringeachedgeusingsi gned_di st [15]), or for theITT distance(by scoringeachedge
usingder ange2 [3]). Thetreethatminimizesthetotal costis thenreturned.

2.4.3 Running Time of MPBE

The computationatompleity of MPBE, while lessthanthat of BPAnal ysi s, remainshigh. Evaluatinga single
treetopologyin the searchspacetakes polynomialtime— more precisely takes © (nk) time, wheren is the num-
ber of genomesandk is the numberof genesin eachgenome but the searchfor the maximum-parsimon treesis
baseduponhill-climbing throughthe spaceof treetopologies. Thusfinding the maximumparsimoly treesis expo-
nentialin the numberof genomesut only polynomialin the numberof genes.Labelling the internalnodesof each
maximum-parsimowntree by usingconstraintreesfor BPAnal ysi s is expensve, but we generallyonly examinea
small percentagef the spaceof treesandthusreducethe computationatostsignificantlyby comparisorto the ex-
haustve searchstrateyy of BPAnal ysi s. Evaluatingthe costof eachtreewith respecto inversionor ITT distances
is quitefast.

2.5 MPBE asa heuristic for the Breakpoint Phylogeny

We now shav thatMPBE shouldbe seerasaheuristicfor thebreakpoiniphylogery problem.Supposd’ is the break-
point phylogery for thesetG., G, ... , Gy, of genomesEachnodein T is labelledby a circularorderingof signed
genesandthe numberof breakpointsn thetreeis minimized. If eachnodein thetreeis thenreplacedby the binary
encodingusingthetechniquedescribeckarlier the parsimory lengthof thetree(giventhesesequenceat eachnode)
is exactly twice the numberof breakpointsn thetree. Thus,seekinga treewith the minimumnumberof breakpoints
is exactly the sameasseekinga tree (baseduponbinary encodings)vith the minimum parsimoty length, provided
that eachbinarysequenceanberealizedby a circularorderingof signedgenes.

This lastpointis significant,however, asnot all binary sequencearederivablefrom signedcircularorderingson
genomesln otherwords,it is possiblefor the MPBE tree(thatis, thetreewhoseparsimoty lengthis minimal for the
input of binary sequencencodingf the genomesjo have internalnodeswhosebinary sequencencodingsannot
berealizedby circularorderingsof signedgenes.For example,if therearen genesn eachof £ genomestheneach
binary sequencenusthave exactlyn 1'sandn(k — 1) 0's, for the sequencéo correspondo a circularordering;and
eventhen,only somesuchsequencesvill correspondo signedcircular orderings. If the sequences the internal
nodesof an MPBE correspondo signedcircular orderingsthenthe treewill be a breakpointphylogery (therecan
be morethanonetreeminimizing the numberof breakpoints) However, if for eachMPBE tree,the sequencedo not
correspondthenthe MPBE treesandthe breakpointphylogeniesnaybedisjoint.

To understandhis point, it may be usefulto rephrasehe the breakpointphylogery problemasfollows. Suppose
we saythatabinarysequencés a“circular genomesequenceff it is the binaryencodingof a circulargenomeunder
somepre-specifiedepresentatiomethod. Thenthe breakpointphylogery problemis to find the tree of minimum
parsimoly length,wherethe leavesarelabelledby the binary encodingf the circulargenomesandwhereall inter-
nal nodesarelabelledby “circular genomesequences”’SinceMPBE doesnot restrictthe labelsof internalnodesto
circulargenomesequencest searcheshroughalargerspacedor thethelabelsof internalnodes andthusmay select
binary sequencewhich arenot circulargenomesequencesaslabels. Whenthis happensit will fail to find feasible
solutionsto the breakpointphylogery problem.

Thus, MPBE is a heuristicfor the breakpointphylogery, but the internal nodesmust be relabelledby circular
genomesequence@usingBPAnal ysi s or othersuchtechniquesyothatthetruebreakpoindistanceof thetreescan
be computed Thisis why we haveincludedPhasdl in our method.

The otherissuesare straightforvard and have to do with computationakffort. Sinceeachof the problemswe
solve (maximumparsimory on binary sequenceghe medianproblemfor breakpointsandthe ITT) is eitherknown
or conjecturedo be NP-hard the accurag of the heuristicswill determinewhetherwe find globally optimal or only
locally optimalsolutions.

2.6 Distance-Basedviethodsfor Reconstructing Trees

Distance-basethethoddor treereconstructioroperateby first computingall pairwisedistancedetweernthe taxain
the datasetthus computinga representationf the input dataasa distancematrix d. In the context of genomeevo-
lution, this calculationof distancess doneby computingminimum edit distancesbaseduponsomecostfunctionfor



eachof the allowed operationginversions transpositionsetc.). Giventhe distancematrix d, the methodcomputes
anedge-weightedreewhoseleaf-to-leafdistancesloselyfit thedistancematrix. Sincealmostall optimizationprob-
lemsrelatedto treereconstructiorareNP-hard the mostfrequentlyuseddistance-baseshethodsarepolynomial-time
methodssuchasneighbo¥joining [25]; thesedo not explicitly seekto optimizeary criterion, but canhave goodper
formancein empirical studies. In particular neighborjoining hashad excellentperformancen studiesbasedupon
simulatingbiomolecularsequencevolution andis probablythe mostpopulardistance-basenhethod.

Therehasbeenlittle useof distance-basethethodsfor reconstructingphylogeniesrom geneorderdata. How-
ever, in arecentpublication,Blanchetteet al. [5] evaluatedtwo of the mostpopularpolynomial-timedistance-based
methoddor phylogenetiaeconstructionneighborjoining andFitch-Margoliash[13], for the problemof reconstruct-
ing the phylogery of metazoansThey calculateda breakpointdistancematrix for inferring the metazoarphylogery
from mitochondrialgeneorderdata. The treesobtainedby thesemethodswere unacceptabldecausehey violated
assumptionsboutmetazoarevolutionaryhistory. Later, they examineda differentdataseindfoundtheresultto be
acceptablevith respecto evolutionaryassumptionaboutthatdatasef26].

3 The CampanulaceaecpDNA Dataset

We testedVIPBE on the Campanulaceagatasetandcomparedt to BPAnal ysi s andto the populardistance-based
method,neighborjoining. As we will shaw, all the methodsproducedvery similar trees,and differed primarily in
termsof their runningtimes.

ChloroplastDNA is generallyhighly conseredin nucleotidesequencegeneorderandcontentandgenomesize
[22]. Thegenomegontainapproximatelyl20geneswhich areinvolvedin photosynthesidranscription translation,
andreplication. Major changesn geneorder, suchasinversions,geneor intron lossesandlossof onecopy of the
invertedrepeatareusuallyrare. Therefore they areextremelyusefulasphylogenetianarkersbecausehey areeas-
ily polarizedandexhibit very little homoplasywhenproperlycharacterized10]. In groupsin which morethanone
geneorder changehasbeendetectedthe orderof eventsis usuallyreadily determinede.g.,[20, 17]). Chloroplast
DNA geneorder changeshave beenusefulin phylogeneticreconstructiorin mary plant groups(see[10]). These
changesave considerablgotentialto resole phylogenetiaelationshipsandthey provide valuableinsightsinto the
mechanismef cpDNA evolution.

In earlierwork [8], Cosnerobtaineddetailedrestrictionsite andgenemapsfor 18 generaof the Campanulaceae
andtobaccoanduseda complicatedrariantof thefirst phaseof the MPBE analysisdescribedboveto obtainaphylo-
geneticanalysisof thesegeneraHer analysissuggeste@nincrediblediversity of genomerearrangementsncluding
inversionsjnsertionsdeletions geneduplicationsandputative transpositionsTranspositiongn particularhave only
rarelybeenhypothesizedor chloroplastvolution, thereforetheinferenceof theseeventsfor the Campanulaceasas
surprising.Also interestingwerethe extensive contractionsandexpansionf theinvertedrepeatsandthedisruption
of highly conseredoperons.Thevarietyof rearrangemenfar exceedghatreportedn ary groupof landplants,mak-
ing it challengingto determinethe exactnumbersandthe evolutionarysequencef rearrangemendvents. Several of
theseeventsareof particularinterestbecausehey have notbeenencountereelsavhere,or becausehey arecommon
in the Campanulaceae.

The analysistechniqueusedby Cosnerdiffers from our techniquein a few significantways. First, sheinferred
additionalbinary characterdasedupongenelossesgeneduplicationsobtainedby expansion®f theinvertedrepeats,
andlargeinsertionsalso,in someanalyse$ercharactersvereweightedin accordancevith therelationshipdetween
differentevents.Consequentlyheranalysisemplgys greatemiologicalinputthanour analysis.

We analyzedthe samedatasestudiedby Cosner However, in orderto apply the MPBE method,we hadto re-
move two incompletelymappedyeneradrom the datase{theselack certaingenesegments).We alsohadto eliminate
the repeatedegionsin orderto representachgenomeby a signedcircular orderingof 105 genesegments. This
hadthe consequencef makingcertainpairsof generandistinguishablesincethey differedonly in duplicationsand
insertions,andin the invertedrepeat. Consequentlyour datasetsize was reducedfrom the original 19 genera(18
Campanulaceaandtobacco)}o 13.



Trachelium
(1-15)(76-56)(53—-49)(37—-40)(385)(44-41)(45—48)(— 36)(25-16)(90-84)(7783)(91-96) (56—-54) (106—-97)

Campanula
(1-15)(76—49)(39—-37)(40)(35-¥64-41)(45-48)(—36)(25-16)(90-84) (7783 (91-96)(FH—A4)(105-97)

Adenophora
(1-15)(76—49)(39—-37)(29—-35)(4R6-27)(44-41)(45-48)(—36)(25-16)(90-84)(77-83)(91—-6)(55-54)(105-97)

Symphyandra
(1-15)(76-56)(39—-37)(49-53)(4B5-26)(44-41)(45-48)(—36)(25-16)(90-84)(77-83)(91—-6)(55-54)(105-97)

Legousia
(1-15)(76-56)(27—26)(44—41)(48B)(36-35)(5—16)(90-84)(77-83)(91-96) (5-8)(55-53)(106—B) (28-34)(40-37)
(49-52)97)

Asyneuma
(1-15)(76-57)(27—-26)(44—41)(44B)(36-35)(5—16)(89-84)(77—-8)(90-96)(105-98)(28—3)(40-37)(49-52)
(=97)

Triodanus
(1-15)(76-56)(27—-26)(44—41)(44B)(36-35)(5-16)(89-84)(77—-8)(90-96)(55-53) (1(6—B)(28-34)(40-37) (49-52)
(=97)

Wahlenbergia
(1-11)(60-49)(37-40)(35-28)@15)(76-61)(271-26)(44-41)(45—48)(— 36) (54 (25-16) (0-84)(77-83)(91-%F) (—55)
(105-97)

Merciera
(1-10)(49-53)(28—35)(40-37)(E856)(11-15)(76—61)(27-26) (44—41)(45-48) (— 36)(54) (B—16)(90-85)(77—-84) (91-96)
(—55)(105-97)

Codonopsis
(1-8)(36-18)(15-9)(40)(56—60)339 (44—41)(45-53 (16-17)(54-55) (61-76)(96—-77)(105-97)

Cyananthus
(1-8)(29)(36-26)(40)(56—60)(379§25-9)(44-48)(55-49)(61-96)(105-97)

Platycodon
(1)(8)(2-5)(29-36)(56—-50)(28-26)(9) b)) (41-44)(37-40)(16-25)(10-15)(57-59)(6—7)(60—F6) (106—97)

Tobacco
(1-105)

Figurel: 12 generaof Campanulaceaandthe outgroupTobaccoascircularorderingsof signedgenesegments

4 Chloroplast Data Analysis
4.1 The Binary Encoding of the Data

We usedgenemapsto encodeeachof the 13 generaasa circular orderingof signedgenesegments. We represent
eachcircular orderingasa linear ordering,beginning at genesegment1. In orderto consere space(and make the
rearrangementsasierto obsere), we have represente@achorderingcompactlyby noting the maximalintervals of
consecutre genesggmentswith the sameorientation. Thusthe sequencd, 2, —4, —3, 5, 6, 7, 10, 8, 9 would be
representeds(1-2)(4-3)(5-7(10)(8-9). Tobaccdhasthe“unrearrangedbrderingl, 2, ... , 105,whichwerepresent
as(1-105).Figurel givesthecompactepresentationsf the genomedor the 13 genera.

4.2 The phylogeneticanalysisof the data

We analyzedhedatasebf 13 circulargenomesisingBPAnal ysi s, neighborjoining, andMPBE.

We usedthesel3 circularorderingsasinputto BPAnal ysi s. The programspentover 43 hoursof computation
time without completing.The bestbreakpointscorefoundin those43 hourswas96.

We alsocomputecheighborjoining trees(usingPhyl i p [11]) onthreedifferentdistancematrices:theinversion
distancematrix (computedusingsi gned_di st , thelTT distancematrix (computedwith der ange?2 with relative
weightsof 1, 2.1, and 2.1) and the breakpointmatrix (computedusing BPAnal ysi s). We shaov the der ange?2
distancematrix in Table2; the otherdistancematricesareavailableon our web page[30]. Neighborjoining finished
in lessthana secondwith thetreesshavn in Figures3 below.

In the MPBE analysiswe encodedhesecircular orderingswith our binary encodingtechniqueandconductech



parsimoly analysisof the resultingbinary sequencesBecausehe datasetize was small enough,we wereableto
exactly solve maximumparsimory usingthe branch-and-boungrocedureof PAUP* . We obtainedfour maximum
parsimoly treesfrom this dataset.(The sequencesaswell asthe four MP trees,are availableon our web page[30.
They canalsobecalculatedlirectly from the geneorderdata.Notethatthe orderingof the columnsof the datamatrix
doesnot affectthe parsimoty analysis.) We theninferredcircularorderingsof signedgenesegmentsor eachinternal
nodeby giving eachof thefour binarymaximumparsimolry treesasaconstraintreeto BPAnal ysi s. Thisproduces
atreein which eachnode(internalandleaf) is representedby circular signedorderingson genes potentially mini-
mizing the numberof breakpointsn thetree. (An actualminimizationis notguaranteechecaus@®PAnal ysi s uses
hill-climbing on eachfixed-treeandthusmayfind only alocal minimum.)

We then scoredeachtree (using the labelsassignedoy BPAnal ysi s) for the ITT distance(usingweightsof
2.1 for transpositionandtrans\ersionsand1 for inversions)andthe breakpointdistance.Eachof the four treeswe
obtainechadonly 89 breakpointsbut they differedsignificantlyin termsof their ITT distances.

Thefirst treehasatotal of 40 inversionsand12 transpositiongndtrans\ersionsthe seconchas48inversionsand
18transpositionsindtrans\ersionsthethird has40 inversionsand12 transpositionsindtrans\ersionsandthefourth
has67 inversionsand32 transpositionsSeeour web pagefor figureswith edgeweightslabelled[30]. Thus,thefirst
andthird treesaresuperior(underthis analysis)o the secondandfourth.

We then evaluatedthe first andthird treeswith respecto the inversiondistance given the labelling on internal
nodesobtainedby BPAnal ysi s: thefirst treehasa total numberof 68 inversionswhile thethird has67. Both trees
have zero-lengthedgedi.e., the endpointsof someedgeshave the samegeneorderings);whentheseedgesarecon-
tracted thetwo treesareidentical. Thecontractedreeis shavn in Figure2. Interestinglythattreeis alsoa contraction
of eachof thetreesobtainedby the Cosneranalysig8] ontheoriginal 19 generg18 Campanulaceagndtheoutgroup
tobaccowhenrestrictedo thesmallersubset.Thus,thefull charactesetusedby Cosner(whichrepreseninsertions,
deletionsduplications contractions/gpansion®f theinvertedrepeatgetc.) is compatiblewith this analysisput gives
additionalresolution.

4.3 A third phase

Finally, we took the four MPBE treesandthreeneighborjoining trees,and computedhe strict consensusWe gave
thisto tree(whichwaspartiallyunresohed,seeFigure4) asaconstraintreeto BPAnal ysi s. ThismakesBPAnal -
ysi s searchthesetof treesthatrefinethis constraintreefor thetree(s)with smallestoreakpointengths.This search
returnedsix treeswith 89 breakpointsfour of whichwerethe MPBE trees,andtwo new trees.We scoredthosetrees
undermaximumparsimory (usingbinary sequenceencodingsof the leaves) and obsened that thesetreesdiffered
in parsimory lengthfrom our optimal treesby at mostthreesteps. This suggestshat MPBE shouldbe modifiedto
examinenot only the optimal parsimoly treesobtainedn Phasd, but alsothe nearoptimaltrees.

4.4 Comparison of different methodson this dataset

SinceMPBE andBPAnal ysi s bothseekthebreakpoiniphylogery, we will compargehemwith respecto thebreak-
point scoresobtained.We will alsocomparethe treesobtainedby neighborjoining and MPBE topologically to see
how differentthey are.

The besttreeswe found using MPBE had breakpointscoresof 89, but the besttreesfound by BPAnal ysi s
after 43 hourshad 96 breakpoints. This differencein scoreis quite significant. In orderto comparethe methods
on this datasetwe needto quantify the differencesn treereconstructionsye do this using standardechniquesn
phylogeneticsasfollows.

The False Positive and False Negative Rate Let T be a tree leaf-labelledby the setS. Givenanedgee in T,
the deletionof the edgefrom T' producesa bipartition 7, of G into two sets. ThesetC(T) = {n.: e € E(T)}
uniquelydefinesthe tree T'; this characterizationis calledthe character encoding of T'. Givena collectionof trees
T, Ts,. .., Ty, eachleaf-labelledby S, we definethe strict consensus of the treesto be thatuniquetree T, defined
by C(Ts.) = N;C(T;). Thisis themaximallyresolhedtreewhich is acommoncontractionof eachtreeT;. Character
encodingsareusedto comparereesandto evaluatethe performancef a phylogenetiaeconstructiormethod.Let T’
bethe“true” treeandlet T’ bethe estimateof T'. Thenthe false negatives of T' with respecto T arethoseedgese
thatobey 7. € C(T) — C(T"), i.e.,edgesn thetruetreethatthe methodfails to infer. Thefalse positives of T’ with



Trachelium
Campanula
Adenophora

Symphyandra
Wabhlenbergia
Merciera

Legousia

Triodanus

2t or 5i;5b
5i,1t or 7i9bp P Asyneuma
3i;5bp

3i,1t or 5i6bp Codonopsis

3L1tor 7i8p Cyananthus
6i,2t or 10i12bp

Platycodon
3i;5bp

Tobacco

Figure2: Thereconstructeghylogery of 12 generaof CampanulaceandtheoutgrouptobaccdaseduponanMPBE
analysisof 185binary charactersThe numberof inversionsandtranspositionss givenabove eachedgefollowedby
thenumberof inversionsn aninversion-onlyscenariothe numberof breakpointss givenlast.

respecto T arethoseedgese thatobey 7, € C(T') — C(T), i.e., edgesn theinferredtreethatdo not exist in the
truetreeandshouldnot have beeninferred. Note thatevery trivial bipartition (inducedby the edgeincidentto aleaf)
existsin every tree. Consequentlyfalsepositvesandfalsenegativesare calculatedonly with respecto theinternal
edgeof thetreeandexpressedisa percentagef the numberof internaledges.

All of thetreeswe reconstructedwhethery neighborjoining or maximumparsimoly) arefairly similar, differing
pairwisein at mosttwo edges.Table 1 shavs the falsenegative ratefor the 7 trees: 3 neighbo¥joining treesand 4
maximumparsimoly trees. The similarity betweenall the treesreconstructedndicatesa high level of confidencan
thetheaccurag of thecommonfeaturesof the phylogenetiaeconstructionsThisis illustratedby thestrict consensus
treein Figure4 which displaysthe commonfeaturesof the 7 trees.

Thesimilarity of thetreesreconstructedyy MPBE andneighbotjoining on this datasets perhapgo be expected,
accordingto our earlierstudy[9] wherewe exploredthe performanceof the MPBE andneighborjoining methodon
syntheticdatasetsyndera wide rangeof modelconditions.We shovedthatwhentherateof evolution on eachedge
is low relative to the total numberof genesthenthetwo methodsobtainvery goodestimate®f thetruetreetopology
(with error ratesthat are acceptable)but whenthe rate of evolution increasesboth methodsdecreasén accurag.
Althoughwe did not calculateary specificcutoff pointatwhich the rateof evolution is too high for thesemethodso

Table1: Thefalsenegative rate matrix of treesfrom variousreconstructiormethodson the Campanulaceagatain
Figurel. MPBE1throughMPBE4arethefour mostparsimoniougreesby the MPBE method.NJ(BP),NJ(INV), and
NJ(ITT) arethe neighborjoining treesfrom the distancematrix usingMPBE estimationder ange2 with inversion
only, andder ange2 with costratio inversion : transposition = 1 : 2.1.

NJ(BP) NJ(INV) NJ(ITT) MPBEL MPBE2 MPBE3 MPBE4
NJBP)| 0 0 0 1 2 1
NJ(INV)
NJ(ITT)
MPBE1
MPBE2
MPBE3
MPBE4

N RN R OO
N R NR OO
N R NR OO
N R PR O PR R
P NMO R NN
P ON R R R
O R P NMNNDNN
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Wahlenbergia
Merciera
Trachelium
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Campanula
Adenophora
Legousia

Asyneuma

Triodanus

0.45 6.45 Codonopsis

6.55
11.33

Cyananthus
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(a) NJ(BP), the neighbor joining tree on the breakpoint distance matrix.

1.75 Wahlenbergia

2.42
425 \terciera

0.063 rachelium
0.94

Symphyandra
Campanula
Adenophora
Legousia
Asyneuma
Triodanus

222 4.68 Codonopsis

3.32

\ 10.75 Platycodon
225 Tobacco

Cyananthus

(b) NJ(INV), the neighbor joining tree on the distance matrix fromsi gned_di st , inversion only.

1.48 Wahlenbergia
4.52

0.048

Merciera
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Campanula
Adenophora
Legousia
Asyneuma
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220 4.81 Codonopsis

3.48

\ 10.91 Platycodon
238 Tohacco

Cyananthus

(c) NJ(ITT), the neighbor joining tree on the distance matrix fromder ange2, cost ratio inversion : trans— position = 1 : 2.1.

Figure 3: The reconstructeghylogery of 12 generaof Campanulaceaand the outgrouptobaccousing neighbor
joining on variousdistanceestimatiormethods.

10



Wahlenbergia
Merciera
Trachelium
Symphyandra
Campanula
Adenophora
Legousia
Asyneuma
Triodanus

Codonopsis
Cyananthus
Platycodon
Tobacco
Figure4: Thestrictconsensutreeof thefour MPBE treesandthreeneighborjoining treesfrom the 12 generadataset

of Campanulaceaandthe outgrouptobacco.Thetreehas8 internaledgesput of at most10 possibleinternaledges
for a 13-taxonphylogety.

be accuratewe obsenedthataccurag in thesemethodswashigh whenthe breakpointdistancesandITT distances
arecloseto linearly correlated.We comparedhe breakpointdistancesandthe evolutionarydistancedor our dataset
(usingrelative costsof 1, 2.1,and?2.1); seeFigure5, andcalculatedthe correlationcoeficient, which is .98. These
distancesrevery closeto linearly related thuspredictingthatthe 13 generadataseshouldbe accuratelyanalyzedoy
bothneighborjoining andMPBE.

4.5 Running time

We timed eachmethodon thechloroplasidatasetThe neighborjoining treeswerecomputedn lessthana secondor
eachdatasetIndeed neighborjoining is a polynomialtime method(O(n?)).

MPBE wasalsoreasonablyfast(thoughnot asfastasneighborjoining). Finding the four maximum-parsimon
treeswith PAUP took 0.15 secondson a MacintoshG4. Labelling the internalnodes(by a call to BPAnal ysi s
giving eachbinary tree as a constraint)took 0.38 secondgor eachtree. Computingthe length of eachtree, given
thesequencekbellingthe nodesjnvolvescallsto si gned_di st (for inversiondistancesandder ange?2 (for ITT
distances).Thesetook 45.65secondgper edge0.01 secondper edge,respectiely. In all, MPBE took lessthana
minuteto complete.

Table2: Thedistancanatrix computedwith der ange2 anda 2.1 weightratio.

Tra Cam Ade Sym Leg Asy Tri Wah Mer Cod Cya Pla Tob
Tra | 0.0 1.0 40 1.0 83104 83 4.1 8.1 15.214.119.2 10.0
Cam| 1.0 0.0 30 20 93114 93 51 9.2 151152202112
Ade| 40 3.0 00 51121143121 81 11.216.215.220.213.1
Sym| 1.0 20 51 0.0 9.2114 93 51 9.1 142133202111
Leg | 83 93121 9.2 00 84 4.1 12.214318.116.1 23.2 14.2
Asy |10.4 114 143 114 84 0.0 4.2 124 16.2 18.2 16.2 21.1 12.2
Tri 83 93121 93 41 42 0.0 122 14.418.215.221.2 122
Wah| 4.1 51 81 51122124122 0.0 6.0 18.116.223.114.2
Mer| 81 9.2 112 9.1 14316.2144 6.0 0.0 17.216.3 24.116.1
Cod|15.2 15.1 16.2 14.2 18.1 18.2 18.2 18.1 17.2 0.0 8.3 18.2 10.2
Cya|14.1 15.2 15.2 13.3 16.1 16.2 15.2 16.2 16.3 8.3 0.0 16.3 10.2
Pla |19.2 20.2 20.2 20.2 23.2 21.1 21.2 23.1 24.1 18.2 16.3 0.0 13.3
Tob [10.0 11.2 13.1 11.1 14.2 12.2 12.2 14.2 16.1 10.2 10.2 13.3 0.0
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Figure5: Comparisorof distancecalculationsonthe Campanulacea@hloroplastatasetvith acorrelationcoeficient
of rho = 0.9819.

The runningtime of BPAnal ysi s is harderto evaluate,becauseét did not completeits searchduring the four
daysof our experiment.However, we wereableto approximatehe amountof time it would take to complete,on the
basisof how long BPAnal ysi s tookto evaluatea singletree.Our calculationsuggesthatBPAnal ysi s evaluated
approximatelyl 20treesaminute;atthisrate,sincethenumberof treeson 13leavesis 13,749,310,578BPAnal ysi s
would take well over 200yearsto completeits searchof treespaceor our problem.

MPBE is lesscomputationallyintensize than BPAnal ysi s, becausét is exponentialonly in the numberof
genomeswhile BPAnal ysi s is exponentialalsoin the numberof genesegments.To seethis, considerthe costof
labellingthe internalnodesof a treeundermaximumparsimory, andthencomparethatto the costof computingthe
labellingthat minimizesthe numberof breakpoints.Thefirst problem(maximumparsimoly on afixedtree)is poly-
nomialtime, usinga very simple dynamicprogrammingalgorithm[12]; the secondproblem(breakpointphylogery
on a fixedtree)is NP-hard[23]. Furthermorethe heuristicusedby BPAnal ysi s to label the internalnodesof a
fixedtreeusesmary callsto heuristicsfor the NP-hardTravelling SalesmarProblem.This may explainthe difference
in runningtime, atleastin part,on our dataset.

However, we notethatBlanchetteet al. did completetheir analysisof themetazoamatasetywhichhasll genomes
onasetof 37genesThisis amucheasielproblem,astherearefarfewertreesto examine(only 2,027,025ndasscor
ing eachtreeinvolvessolving a smallernumberof TSPinstance®n a muchsmallernumberof cities (37 ratherthan
105). Overall,it is clearthatdatasetsf sizessuchasoursarecurrentlytoolargeto befully analyzedy BPAnal ysi s.

Table3: Thedistancamatrix computedwith si gned_di st , inversiononly.

Tra Cam Ade Sym Leg Asy Tri Wah Mer Cod Cya Pla Tob
Tra 0 1 4 1 8 10 8 5 8 15 14 19 10
Camf 1 0 3 2 9 11 9 6 9 15 15 20 11
Ade| 4 3 0 5 12 1412 8 11 16 15 20 13
Sym| 1 2 5 0 9 11 9 6 9 14 13 20 11
Leg 8 9 12 9 0 9 5 12 14 18 16 23 14
Asy| 10 11 14 11 9 O 5 12 16 18 16 21 12
Tri 8 9 122 9 5 5 0 12 14 18 15 21 12
Wah| 5 6 8 6 12 12 12 6 18 16 23 14
Mer | 8 9 11 9 14 16 14 6 0 17 16 24 16
Cod| 15 15 16 14 18 18 18 18 17 0 8 18 10
Cyal14 15 15 13 16 16 15 16 16 8 0 16 10
Pla |19 20 20 20 23 2121 23 24 18 16 0O 13
Tob | 10 11 13 11 14 12 12 14 16 10 10 13 O
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Computationalssuesarisein otheraspect®f geneorderdataanalysisaswell. Evencalculatingthe distancema-
trix betweenevery pair of signedcirculargenomesn alarge datasetis computationallychallenging:der ange2 is
fast,but inexact(becausédt heuristicallycomputeghe distancebetweertwo genomesy usinginversions transposi-
tions, andinvertedtranspositiongtrans\ersionslusinga greedystrateyy, it only allows anoperationif thatoperation
decreasethe breakpointdistancebetweerthe two genomes).Consequentlyit canmissminimal edit sequencesas
we obsenedin ourtests.Hannenhallis softwaresi gned_di st for pairwisedistancesunsin slow polynomial-time
(©(k5) to computedistancesbetweena pair of genomeon k genes);in orderto computeall pairwisedistancesit
requires®(n?k%) time. For our datasetk = 105 andn = 13.

5 Conclusions

Therearethreebasicobsenationswe canmake asaresultof this study First,thebreakpoinphylogery seemgo bean
excellentapproactfor reconstructingphylogenetidreesfrom geneorderdata,at leastwhenthe ratesof evolution are
sufficiently low. SecondBPAnal ysi s is too slow to analyzesomedatasetsandin particularwasunableto analyze
our chloroplastdatasetn areasonablamountof time. Third, our nev MPBE methodshavs promiseasa heuristicto

solve the breakpointphylogery problem,anddoessosignificantlyfastethanBPAnal ysi s.

Ourfuturework will explorefastermethoddor solvingthe breakpointphylogery problem.SinceMPBE depends
uponBPAnal ysi s in orderto labelinternalnodeswith circulargenomesanduponder ange?2 to scorethesetrees
for ITT distancespnedirectionour work will take is to speedup andimprove the accuray of both BPAnal ysi s
andder ange2. More effective implementationof the basicconceptin BPAnal ysi s, suchas hill-climbing or
branch-and-bounthroughthe treespace andabandoningstrict optimality in solvingthe TSPinstancesn favor of a
fastandreliableheuristic(suchheuristicsaboundn the TSPliterature),could make the methodrun fastenoughto be
applicableto datasetgsomparableo ours.

As a final note, we point out thatin our studiesneighborjoining hasperformedaswell as MPBE in terms of
topologicalaccurag, andis polynomialtime. Therefore,animportantquestionremainsasto whetherthesemore
computationallyintensive approachearemerited.However, oneadvantageof bothMPBE andBPAnal ysi s is that
thesemethodsell us moreaboutthe spaceof optimal andnearoptimal treesthanneighborjoining does,andhence
alsoidentify alternatve hypotheses.Still, until we canidentify regionsof the parametespacein which MPBE or
BPAnal ysi s outperformneighborjoining in topologicalaccurag, thereis alsoan argumentto be madein favor
of the fastneighborjoining method. Indeed,we conjecturethat suchregionsdo exist (asother studiesbasedupon
biomolecularsequencevolution show [24, 18]), andour researchwill alsoseekto determinewhetherthisis truefor
geneorderdataaswell.

6 Recommendations

Giventhe rapid increasen the availability of completegenomesequenceshe currentlimitation in reconstructing
phylogeniegrom geneorderdatafor datasetgontainingmary genomesnd/ormoregeneds of majorconcern.Until
improved methodsare developed,we recommendhat phylogeneticanalyseof geneorderdataseekto obtainthe
breakpointphylogeniesput that thesebreakpointphylogeniesbe scoredunderITT distances.In orderto find these
breakpointphylogeniesywe recommendhat MPBE be used. An alternatve approachsuggestedby our studiesis to
computethe strict consensusf the treesobtainedby variousmethodgfor example,MPBE treesandneighborjoin-
ing), andthengive thisto BPAnal ysi s asaconstraintree. Althoughthis techniquedid not producebettertreeson
our datasetit maysoon otherdatasetsandis worth exploring.
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