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Abstract

Thefirst heuristicfor reconstructingphylogenetictreesfrom geneorderdatawasintroducedby Blanchetteet al..
It soughtto reconstructthebreakpoint phylogeny andwasappliedto a varietyof datasets.Wepresentanew heuristic
for estimatingthebreakpointphylogeny which, althoughnot polynomial-time,is muchfasterin practicethanBP-
Analysis. We usethis heuristicto conducta phylogeneticanalysisof chloroplastgenomesin thefloweringplant
family Campanulaceae.We alsopresentanddiscussthe resultsof experimentationon this real datasetwith three
methods:our new method,BPAnalysis, andtheneighbor-joining method,usingbreakpointdistances,inversion
distances,andinversionplustranspositiondistances.

1 Intr oduction

Phylogenetictreereconstructionis a majoraspectof muchbiological research.This is a very difficult computational
problembecausemostoptimizationtasksrelatedto treereconstructionareNP-hardandcanrequireyearsto solve on
realdatasets.With therecentintroductionof wholegenomesfor usein phylogeneticreconstruction,theproblemhas
becomeevenmorecomplex. In this paper, we presenta new approachfor reconstructingtreesfrom geneorderdata
andwecomparethis approachto othersusingchloroplastgenomesfrom thefloweringplantfamily Campanulaceae.

The genomesof someorganismshave a singlechromosomeor containsingle-chromosomeorganelles(suchas
mitochondriaor chloroplasts)whoseevolution is largely independentof theevolutionof thenucleargenomefor these
organisms.Many single-chromosomeorganismsandorganelleshavecircularchromosomes.Givenaparticularstrand
from a singlechromosome,whetherlinearor circular, we caninfer the orderingof the genes,alongwith direction-
ality of thegenes,thusrepresentingeachchromosomeby anordering(linearor circular)of signedgenes.Note that
picking the complementarystrandproducesa differentordering,in which the genesappearin the reversedirection
andreverseorder. Theevolutionaryprocessthatoperateson thechromosomecanthusbeseenasa transformationof
signedorderingsof genes.
�
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Thefirst heuristicfor reconstructingphylogenetictreesfrom geneorderdatawasintroducedby Blanchetteet al.
in [4]. It soughtto reconstructthebreakpoint phylogeny andwasappliedto a varietyof datasets[5, 28].

A differenttechniquefor reconstructingphylogeniesfrom geneorderdatawasintroducedby Cosnerin [8]. In [9]
wedescribeda simpleversionof themethod,whichcanalsobedescribedasaheuristicfor thebreakpointphylogeny,
althoughit is quite different in its techniquefrom BPAnalysis. We call this approachMaximum Parsimony on
Binary Encodings (MPBE). TheMPBEmethodfirst encodesasetof genomesasbinarysequencesandthenconstructs
maximum-parsimony treesfor thesesequences.

In this paper, wereporton anextensivephylogeneticanalysisof asubsetof theoriginaldataset(12of theoriginal
18 genera)usinga simpleversionof theMPBE technique.We alsocomparetheperformanceof this methodto two
othermethodsfor phylogeny reconstructionbasedupongeneorderdata:BPAnalysis (theheuristicdesignedand
implementedby Blanchetteet al. [4]) andthepolynomial-time,distance-basedmethodof neighbor-joining [25], using
a varietyof distancemeasures.

2 Geneorder phylogenies

2.1 Definitions

We assumea fixed setof genes�
	���
�	���
�������
�	���� . Eachgenomeis thenan orderingof somemulti-subsetof these
genes,eachgenegivenwith anorientationthatis eitherpositive ( 	�� ) or negative( ��	�� ). Themulti-subsetformulation
allowsfor deletionsor duplicationsof agene.A lineargenomeis thensimplyapermutationonthismulti-subset,while
a circulargenomecanberepresentedin thesameway undertheimplicit assumptionthatthepermutationclosesback
on itself. For example,thecirculargenomeon geneset ��� �
	 � 
�	 � 
������!
�	�"�� givenby 	 � 
#	 � 
���	�$�
�	�%�
�	�"�
#	 � hasone
duplicationof thegene	 � , hasadeletionof thegene	�& , andhasareversalof thegene	�$ . Thatsamecirculargenome
couldberepresentedby severaldifferentlinearorderings,eachgivenby rotatingthe linearorderingabove. Further-
moretheordering 	 � 
#	 � 
������!
#	 � , whetherlinearor circular, is consideredequivalentto thatobtainedby considering
thecomplementarystrand,i.e., to theordering ��	 � 

��	 �('�� 
�������
���	 � .

In tracingthe evolutionaryhistory of a collectionof single-chromosomegenomes,we useinversions,transposi-
tionsandtransversions(invertedtranspositions),becausetheseeventsonly rearrangegeneorders;amorecomplex set
of structuralchangeshasbeenconsideredin [8].

Let ) be the genomewith signedordering 	���
�	���
�������
�	�� . An inversion betweenindices * and + , for *-,.+ ,
producesthegenomewith linearordering

	 � 
�	 � 
������!
�	 �/'�� 
���	�01
���	�0 '!� 
�������

��	 � 
�	�0#2 � 
������!
#	 �
If we have +3,4* , we canstill applyaninversionto a circular (but not linear)genomeby simply rotatingthecircular
orderinguntil the two indicesare in the properrelationship—recallthat we considerall rotationsof the complete
circularorderingof a circulargenomeasequivalent.

A transposition on the(linearor circular)ordering ) actson threeindices, *5
6+�
87 , with *9,:+ and 7<;=<> *5
6+�? , and
operatesby picking up the interval 	��@
�	�� 2 �

������A
�	 0 andinsertingit immediatelyafter 	CB . Thusthegenome) above
(with theadditionalassumptionof 7EDF+ ) is replacedby

	 � 
�	 � 
�������
�	 �/'�� 
�	�0#2 � 
�������
�	 B 
�	 � 
#	 � 2 � 
������!
#	�01
�	 B 2 � 
������!
#	 �

Onceagain,if we have +GDH* , wecanstill applythetranspositionto acircular(but not linear)genomeby first rotating
it to establishthedesiredindex relationship.

An edit sequence describeshow onegenomeevolvesinto anotherthroughasequenceof theseevolutionaryevents.
For example,let ) be a genomeandlet I � 
JI � 
������!
JI B be a sequenceof evolutionaryeventsoperatingon ) ; then
I � 
JI � 
�������
KI BML )ON definesa genome)QP . Wheneachoperationis assigneda cost,thentheminimum edit distance be-
tweentwo genomes) and )QP is definedto betheminimumcostof any edit sequencetransforming) into )QP . When
thecostof eachoperationis finite, any two genomeshave a finite edit distance.(Similarly, if theprobabilityof each
edit operationis given,we candefinetheedit sequenceof maximumprobability.)

The inversion distance betweentwo genomesis the minimum numberof inversionsneededto transformone
genomeinto another. The inversiondistancebetweentwo genomesis computablein polynomial time for signed
genomes[16, 19] andis availablein softwareassigned dist. The transposition distance betweentwo genomesis
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theminimumnumberof transpositionsneededto transformonegenomeinto theother. Computingthetransposition
distanceis of unknown computationalcomplexity but, for the caseof linear genomes,BafnaandPevzner [1] have
founda 1.5-approximationalgorithm. Wheninversionsandtranspositionsand/ortransversionsareallowed,nothing
is known aboutthecomputationalcomplexity or approximabilityof computingedit distances.

Heuristicshave beendevelopedto estimatetheseedit distancesfor differentcostsper edit operation;theseare
available in derange2 [3]. We will refer to the edit distancecalculatedby derange2 for the weightedsumof
inversions,transpositions,andtransversionsastheITT distance.

An evolutionary tree (or phylogeny) for a set R of genomesis a binary treewith S RTS leaves,eachleaf labeledby
a distinct elementof R . A putative evolutionary tree is “correct” as long as this leaf-labeledtopology is identical
to the true evolutionarytree(which we do not know for real datasets). In the context of geneorderdata,a natural
optimizationproblemis theMaximumParsimony for RearrangedGenomes,which we now define:

Maximum parsimony for rearrangedgenomes(MPRG): Assumethatwe aregivena treein which eachnodeis
labelledby agenome.Wedefinethecostof thetreeto bethesumof thecostsof its edges,wherethecostof anedgeis
oneof theedit distancesbetweenthetwo genomesthat labeltheendpointsof theedge.Findingthetreeof minimum
costfor a givensetof genomesanda givendefinitionof theedit distanceis theproblemof Maximum Parsimony for
Rearranged Genomes (MPRG); theoptimal treesarecalledthemaximum-parsimony trees.(TheMPRGproblemis
relatedto themoreusualmaximum-parsimony problemfor biomolecularsequences,wheretheedit distancebetween
two sequencesis just thenumberof positionsin which they differ, or theHammingdistance.)

MPRGseemsto betheoptimizationcriterionof choice.Indeed,mostapproachesto reconstructingphylogenetic
treesfrom geneorderdatahave explicitly soughtto find the maximum-parsimony treewith respectto somedefini-
tion of genomicdistances(inversiondistancesor the ITT distance).All theseproblemsareNP-hardhowever, or of
unknown computationalcomplexity. Even the fundamentalproblemof computingoptimal labels(genomes)for the
internalnodesis verydifficult. Whenonly inversionsareallowed,it is NP-hard,evenfor thecasewherethereareonly
threeleaves[7].

2.2 Breakpoint Phylogeny

Recently, Blanchetteet al. [5] proposedanew optimizationproblemfor phylogeny reconstructionon geneorderdata.
Ratherthanminimizing the numberof evolutionaryevents(for example,inversions),they soughtto minimize the
numberof breakpoints.We now definethis precisely.

Giventwo genomes) and )QP on thesamesetof genes,a breakpointin ) is definedasanorderedpair of genes
L 	 � 
�	�0�N suchthat 	 � and 	�0 appearconsecutively in that orderin ) , but neither L 	 � 
�	�0�N nor L ��	�0�
���	 � N appearcon-
secutively in that orderin )QP . For instance,if )U�V	���
�	���

��	 % 

��	 $ and )QPW�X	��

�	���
�	 $ 
#	 % , thenthereareexactly
two breakpointsin ) : L 	���
���	 % N , and L ��	 $ 
�	���N ; the pair L ��	 % 
���	 $ N is not a breakpointin )QP since L 	 $ 
�	 % N appear
consecutively andin that orderin ) P . The breakpoint distance is the numberof breakpointsin ) relative to ) P (or
vice-versa,sincethemeasureis symmetric).

It haslong beenknown that thebreakpointdistanceis at mosttwice the inversiondistancefor any two genomes.
For somedatasets,however, therecanbe a close-to-linearrelationshipbetweenthe breakpointdistanceandeither
the inversiondistanceor the ITT distance.Whena linear relationshipexists, the treewith the minimum numberof
breakpointsis alsothe treewith theminimumnumberof evolutionaryevents. Consequently, whena close-to-linear
relationshipexists,thetreewith theminimumnumberof breakpointsmaybecloseto optimalwith respectto thenum-
berof evolutionaryevents. Blanchetteet al. [5] observedsucha close-to-linearrelationshipin a groupof metazoan
genomes(the correlationcoefficient betweenthe two measuresfor their setwas0.9815)andwent on to develop a
heuristicfor finding thebreakpointphylogeny.

2.3 BPAnalysis

Computingthebreakpointphylogeny is NP-hardfor thecaseof just threegenomes[23], a specialcaseknown asthe
Median Problem for Breakpoints (MPB). Blanchetteet al. however, showedthat theMPB reducesto theTravelling
SalesmanProblem(TSP)anddesignedspecialheuristicsfor theresultinginstancesof TSP. Their heuristicapproach
to solvingthebreakpointphylogeny exactly solvesnumerousinstancesof theTSP. Specifically, their algorithmcon-
siderseachtreetopologyin turn; for eachtree,it fills in internalnodesby computingmediansof tripletsof genomes
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iteratively (until no changeoccurs)andscorestheresultingtree.Thebesttreeis returnedat theendof theprocedure.
This heuristicis computationallyintensive on several levels. First, the numberof unrootedbinary treeson Y leaves
is LJZ Y3�\[�N^] LKZ Y3�\_�N^](�����C]�`�N , so that theouterloop is exponentialin thenumberof genomes.Secondly, the inner
loop itself is computationallyintensive, sincecomputingthemedianof threegenomesis NP-hard[23] andsincethe
techniqueusedby Blanchetteet al. involvessolvingmany instancesof TSPin a reductionwherethenumberof cities
equalsthenumberof genesin theinput. Finally, thenumberof instancesof TSPcanbequitelarge,sincetheprocedure
iteratesuntil no furtherchangeof labelling occurswithin the tree. Thusthe computationalcomplexity of the entire
algorithmis exponentialin each numberof genomesandthenumberof genes.

Theaccuracy of BPAnalysis for thebreakpointphylogeny problemdependsupontheaccuracy of its component
heuristics.While it evaluateseverytree,thelabellinggivento eachtreeis only locally optimal: althoughit solvesTSP
exactly at eachnode,it labelsnodeswith an iterative methodthat caneasilybe trappedat a local optimum. In our
experiments,we have foundthatBPAnalysis oftenneededto berun on severaldifferentrandomstartingpointsin
orderto scorea giventreeaccurately. This is typical of hill-climbing heuristics[21], but will affect therunningtime
proportionally.

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

In this sectionwe describea new approachto reconstructingphylogeniesfrom geneorderdata,which we originally
describedin [9]. This new methodis derived from an earliermethoddevelopedby Cosnerin [8]. Like Cosner’s
technique,our methodencodesthegenomedataasbinarysequences,andseeksa maximumparsimony treefor these
sequences.Unlike Cosner’s technique,our encodingis very simpleandemploys no biological assumptions.Fur-
thermore,our techniquehasa closerrelationshipto thebreakpointphylogeny problemthanCosner’s technique.The
otherdifferencebetweenour methodandCosner’s is that our methodhasa secondphase,in which we selectfrom
themaximumparsimony treeswefind thetree(s)thathaveminimumlength,with respectto someevolutionarymetric
(e.g.theinversiondistance,or theITT distance).We now describethetwo phasesof theMPBEapproach.

2.4.1 PhaseI: Solving Maximum Parsimony on Binary Encodingsof Genomes

We now show how we definethe binary sequences.We noteall orderedpairsof signedgenesL 	��@
�	 0 N that appear
consecutively in at leastoneof thegenomes.Eachsuchpair definesa positionin thesequences(thechoiceof index
is arbitrary). If L 	 � 
�	�0�N or L ��	�0�
���	 � N appearconsecutively in a genome,thenthatgenomehasa a in thepositionfor
this orderedpair, andotherwiseit hasa b . These“characters”canalsobeweighted.(In this study, we did not weight
any characters;however, in thestudyreportedin [8], characterweightingwasused,alongwith othercharacterssuch
asgenesegmentinsertionsanddeletions,duplicationsof invertedrepeats,etc. Thus,themethodcanbeextendedto
allow for evolutionaryeventsmorecomplex thangeneorderchanges.)

Now let c L/d N betheHammingdistancebetweenthesequenceslabelling theendpointsof theedged —theHam-
ming distancebetweentwo sequencesis thenumberof positionsin which they differ. We definetheBinary Sequence
Maximum Parsimony (BSMP) problemasfollows: theinput consistsof a set R of binarysequences,eachof length 7 ;
theoutputis a tree e with leaveslabelledby R andinternalnodeslabelledby additionalbinarysequencesof length
7 in sucha way asto minimize fgc L/d N as d rangesover theedgesof thetree.Thetreeswith theminimumscoreare
calledmaximum-parsimony trees.

Ourfirst phasethenoperatesasfollows. First,eachgenomeis replacedby abinarysequence.TheBSMPproblem
is thensolvedexactly or approximately, dependinguponthe datasetsize;BSMP is NP-hard[14], but fastheuristics
exist thatarewidely availablein standardphylogeny softwarepackages,suchasPAUP [29]. Althoughno studyhas
beenpublishedon theaccuracy of theseheuristicson largedatasets,it is generallybelievedthat theseheuristicsusu-
ally work well on datasetsof sizeup to about40 genomes.Moreover, exactsolutionson datasetsof up to about20
genomescanbeobtainedthroughbranch-and-boundtechniquesin reasonableamountsof time; consequently, BSMP
hasbeensolvedexactly in somecases.

2.4.2 PhaseII: Screeningthe Maximum-Parsimony Trees

Oncethe maximum-parsimony treesareobtained,the internalnodesarelabelledby circular signedgeneordersby
giving the topology of the maximum-parsimony tree as a constraintto BPAnalysis, thus producinga labelling
which(hopefully)minimizesthebreakpointdistanceof thetree.Thelabellingalsoallowsusto scoreeachtreefor the
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inversiondistance(by scoringeachedgeusingsigned dist [15]), or for the ITT distance(by scoringeachedge
usingderange2 [3]). Thetreethatminimizesthetotal costis thenreturned.

2.4.3 Running Time of MPBE

The computationalcomplexity of MPBE, while lessthanthat of BPAnalysis, remainshigh. Evaluatinga single
treetopology in the searchspacetakespolynomial time— moreprecisely, takes h L YA7iN time, where Y is the num-
ber of genomesand 7 is the numberof genesin eachgenome,but the searchfor the maximum-parsimony treesis
baseduponhill-climbing throughthe spaceof treetopologies.Thusfinding the maximumparsimony treesis expo-
nentialin thenumberof genomesbut only polynomialin thenumberof genes.Labelling the internalnodesof each
maximum-parsimony treeby usingconstrainttreesfor BPAnalysis is expensive,but we generallyonly examinea
smallpercentageof thespaceof treesandthusreducethecomputationalcostsignificantlyby comparisonto theex-
haustivesearchstrategy of BPAnalysis. Evaluatingthecostof eachtreewith respectto inversionor ITT distances
is quitefast.

2.5 MPBE asa heuristic for the Breakpoint Phylogeny

Wenow show thatMPBEshouldbeseenasaheuristicfor thebreakpointphylogeny problem.Supposee is thebreak-
point phylogeny for theset ) � 
j) � 
������A
5) � of genomes.Eachnodein e is labelledby a circularorderingof signed
genesandthenumberof breakpointsin thetreeis minimized. If eachnodein thetreeis thenreplacedby thebinary
encoding,usingthetechniquedescribedearlier, theparsimony lengthof thetree(giventhesesequencesat eachnode)
is exactly twice thenumberof breakpointsin thetree.Thus,seekinga treewith theminimumnumberof breakpoints
is exactly the sameasseekinga tree(baseduponbinary encodings)with the minimum parsimony length,provided
that eachbinarysequencecanberealizedby acircularorderingof signedgenes.

This lastpoint is significant,however, asnot all binarysequencesarederivablefrom signedcircularorderingson
genomes!In otherwords,it is possiblefor theMPBE tree(thatis, thetreewhoseparsimony lengthis minimal for the
input of binarysequenceencodingsof thegenomes)to have internalnodeswhosebinarysequenceencodingscannot
berealizedby circularorderingsof signedgenes.For example,if thereare Y genesin eachof 7 genomes,theneach
binarysequencemusthave exactly Y 1’s and Y L 7G�Ha�N 0’s, for thesequenceto correspondto a circularordering;and
even then,only somesuchsequenceswill correspondto signedcircular orderings. If the sequencesin the internal
nodesof an MPBE correspondto signedcircular orderings,thenthe treewill be a breakpointphylogeny (therecan
bemorethanonetreeminimizing thenumberof breakpoints).However, if for eachMPBE tree,thesequencesdo not
correspond,thentheMPBE treesandthebreakpointphylogeniesmaybedisjoint.

To understandthis point, it maybeusefulto rephrasethethebreakpointphylogeny problemasfollows. Suppose
wesaythatabinarysequenceis a “circular genomesequence”if it is thebinaryencodingof acirculargenome,under
somepre-specifiedrepresentationmethod. Thenthe breakpointphylogeny problemis to find the treeof minimum
parsimony length,wheretheleavesarelabelledby thebinaryencodingsof thecirculargenomes,andwhereall inter-
nal nodesarelabelledby “circular genomesequences”.SinceMPBE doesnot restrictthe labelsof internalnodesto
circulargenomesequences,it searchesthrougha largerspacefor thethelabelsof internalnodes,andthusmayselect
binarysequenceswhich arenot circulargenomesequencesaslabels. Whenthis happens,it will fail to find feasible
solutionsto thebreakpointphylogeny problem.

Thus,MPBE is a heuristicfor the breakpointphylogeny, but the internalnodesmust be relabelledby circular
genomesequences(usingBPAnalysis or othersuchtechniques)sothatthetruebreakpointdistanceof thetreescan
becomputed.This is why wehave includedPhaseII in ourmethod.

The other issuesarestraightforward andhave to do with computationaleffort. Sinceeachof the problemswe
solve (maximumparsimony on binarysequences,themedianproblemfor breakpoints,andthe ITT) is eitherknown
or conjecturedto beNP-hard,theaccuracy of theheuristicswill determinewhetherwe find globally optimalor only
locally optimalsolutions.

2.6 Distance-BasedMethods for ReconstructingTrees

Distance-basedmethodsfor treereconstructionoperateby first computingall pairwisedistancesbetweenthe taxain
the dataset,thuscomputinga representationof the input dataasa distancematrix k . In thecontext of genomeevo-
lution, this calculationof distancesis doneby computingminimumedit distances,baseduponsomecostfunctionfor
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eachof the allowedoperations(inversions,transpositions,etc.). Given the distancematrix k , the methodcomputes
anedge-weightedtreewhoseleaf-to-leafdistancescloselyfit thedistancematrix. Sincealmostall optimizationprob-
lemsrelatedto treereconstructionareNP-hard,themostfrequentlyuseddistance-basedmethodsarepolynomial-time
methodssuchasneighbor-joining [25]; thesedo not explicitly seekto optimizeany criterion,but canhave goodper-
formancein empiricalstudies. In particular, neighbor-joining hashadexcellentperformancein studiesbasedupon
simulatingbiomolecularsequenceevolutionandis probablythemostpopulardistance-basedmethod.

Therehasbeenlittle useof distance-basedmethodsfor reconstructingphylogeniesfrom geneorderdata. How-
ever, in a recentpublication,Blanchetteet al. [5] evaluatedtwo of themostpopularpolynomial-timedistance-based
methodsfor phylogeneticreconstruction,neighbor-joining andFitch-Margoliash[13], for theproblemof reconstruct-
ing thephylogeny of metazoans.They calculateda breakpointdistancematrix for inferring themetazoanphylogeny
from mitochondrialgeneorderdata. The treesobtainedby thesemethodswereunacceptablebecausethey violated
assumptionsaboutmetazoanevolutionaryhistory. Later, they examineda differentdatasetandfoundtheresultto be
acceptablewith respectto evolutionaryassumptionsaboutthatdataset[26].

3 The CampanulaceaecpDNA Dataset

We testedMPBEon theCampanulaceaedataset,andcomparedit to BPAnalysis andto thepopulardistance-based
method,neighborjoining. As we will show, all the methodsproducedvery similar trees,anddifferedprimarily in
termsof their runningtimes.

ChloroplastDNA is generallyhighly conservedin nucleotidesequence,geneorderandcontent,andgenomesize
[22]. Thegenomescontainapproximately120geneswhich areinvolvedin photosynthesis,transcription,translation,
andreplication. Major changesin geneorder, suchasinversions,geneor intron losses,andlossof onecopy of the
invertedrepeat,areusuallyrare. Therefore,they areextremelyusefulasphylogeneticmarkersbecausethey areeas-
ily polarizedandexhibit very little homoplasywhenproperlycharacterized[10]. In groupsin which morethanone
geneorderchangehasbeendetected,the orderof eventsis usuallyreadily determined(e.g.,[20, 17]). Chloroplast
DNA geneorderchangeshave beenuseful in phylogeneticreconstructionin many plant groups(see[10]). These
changeshave considerablepotentialto resolve phylogeneticrelationshipsandthey provide valuableinsightsinto the
mechanismsof cpDNA evolution.

In earlierwork [8], Cosnerobtaineddetailedrestrictionsiteandgenemapsfor 18 generaof theCampanulaceae
andtobacco,andusedacomplicatedvariantof thefirst phaseof theMPBEanalysisdescribedaboveto obtainaphylo-
geneticanalysisof thesegenera.Her analysissuggestedanincrediblediversityof genomerearrangements,including
inversions,insertions,deletions,geneduplications,andputative transpositions.Transpositionsin particularhaveonly
rarelybeenhypothesizedfor chloroplastevolution, thereforetheinferenceof theseeventsfor theCampanulaceaewas
surprising.Also interestingweretheextensivecontractionsandexpansionsof theinvertedrepeats,andthedisruption
of highly conservedoperons.Thevarietyof rearrangementsfarexceedsthatreportedin any groupof landplants,mak-
ing it challengingto determinetheexactnumbersandtheevolutionarysequenceof rearrangementevents.Severalof
theseeventsareof particularinterestbecausethey havenotbeenencounteredelsewhere,or becausethey arecommon
in theCampanulaceae.

The analysistechniqueusedby Cosnerdiffers from our techniquein a few significantways. First, sheinferred
additionalbinarycharactersbasedupongenelosses,geneduplicationsobtainedby expansionsof theinvertedrepeats,
andlargeinsertions;also,in someanalyseshercharacterswereweightedin accordancewith therelationshipsbetween
differentevents.Consequently, heranalysisemploysgreaterbiologicalinput thanouranalysis.

We analyzedthe samedatasetstudiedby Cosner. However, in orderto apply the MPBE method,we hadto re-
movetwo incompletelymappedgenerafrom thedataset(theselackcertaingenesegments).We alsohadto eliminate
the repeatedregions in order to representeachgenomeby a signedcircular orderingof 105 genesegments. This
hadtheconsequenceof makingcertainpairsof generaindistinguishable,sincethey differedonly in duplicationsand
insertions,and in the invertedrepeat. Consequently, our datasetsizewasreducedfrom the original 19 genera(18
Campanulaceaeandtobacco)to 13.
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Trachelium
(1–15)(76–56)(53–49)(37–40)(35–26)(44–41)(45–48)( l 36)(25–16)(90–84)(77–83)(91–96)(55–54)(105–97)

Campanula
(1–15)(76–49)(39–37)(40)(35–26)(44–41)(45–48)( l 36)(25–16)(90–84)(77–83)(91–96)(55–54)(105–97)

Adenophora
(1–15)(76–49)(39–37)(29–35)(40)(26–27)(44–41)(45–48)(l 36)(25–16)(90–84)(77–83)(91–96)(55–54)(105–97)

Symphyandra
(1–15)(76–56)(39–37)(49–53)(40)(35–26)(44–41)(45–48)(l 36)(25–16)(90–84)(77–83)(91–96)(55–54)(105–97)

Legousia
(1–15)(76–56)(27–26)(44–41)(45–48)(36–35)(25–16)(90–84)(77–83)(91–96)(5–8)(55–53)(105–98)(28–34)(40–37)
(49–52)(l 97)

Asyneuma
(1–15)(76–57)(27–26)(44–41)(45–48)(36–35)(25–16)(89–84)(77–83)(90–96)(105–98)(28–34)(40–37)(49–52)
( l 97)

Triodanus
(1–15)(76–56)(27–26)(44–41)(45–48)(36–35)(25–16)(89–84)(77–83)(90–96)(55–53)(105–98)(28–34)(40–37) (49–52)
( l 97)

Wahlenbergia
(1–11)(60–49)(37–40)(35–28)(12–15)(76–61)(27–26)(44–41)(45–48)( l 36)(54)(25–16)(90–84)(77–83)(91–96) ( l 55)
(105–97)

Merciera
(1–10)(49–53)(28–35)(40–37)(60–56)(11–15)(76–61)(27–26)(44–41)(45–48)( l 36)(54)(25–16)(90–85)(77–84) (91–96)
( l 55)(105–97)

Codonopsis
(1–8)(36–18)(15–9)(40)(56–60)(37–39)(44–41)(45–53)(16–17)(54–55) (61–76)(96–77)(105–97)

Cyananthus
(1–8)(29)(36–26)(40)(56–60)(37–39)(25–9)(44–48)(55–49)(61–96)(105–97)

Platycodon
(1)(8)(2–5)(29–36)(56–50)(28–26)(9)(49–45)(41–44)(37–40)(16–25)(10–15)(57–59)(6–7)(60–96)(105–97)

Tobacco
(1–105)

Figure1: 12 generaof CampanulaceaeandtheoutgroupTobacco,ascircularorderingsof 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,beginningat genesegment1. In orderto conserve space(andmake the
rearrangementseasierto observe), we have representedeachorderingcompactlyby noting themaximalintervalsof
consecutive genesegmentswith the sameorientation. Thusthe sequence1, 2, � 4, � 3, 5, 6, 7, 10, 8, 9 would be
representedas(1–2)(4–3)(5–7)(10)(8–9). Tobaccohasthe“unrearranged”ordering1, 2, ����� , 105,whichwerepresent
as(1–105).Figure1 givesthecompactrepresentationsof thegenomesfor the13 genera.

4.2 The phylogeneticanalysisof the data

We analyzedthedatasetof 13circulargenomesusingBPAnalysis, neighborjoining, andMPBE.
We usedthese13 circularorderingsasinput to BPAnalysis. Theprogramspentover43 hoursof computation

timewithout completing.Thebestbreakpointscorefoundin those43 hourswas96.
We alsocomputedneighbor-joining trees(usingPhylip [11]) on threedifferentdistancematrices:theinversion

distancematrix (computedusingsigned dist, the ITT distancematrix (computedwith derange2 with relative
weightsof 1, 2.1, and2.1) andthe breakpointmatrix (computedusingBPAnalysis). We show thederange2
distancematrix in Table2; theotherdistancematricesareavailableon our webpage[30]. Neighborjoining finished
in lessthana second,with thetreesshown in Figures3 below.

In theMPBE analysis,we encodedthesecircularorderingswith our binaryencodingtechniqueandconducteda
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parsimony analysisof the resultingbinary sequences.Becausethe datasetsizewassmall enough,we wereableto
exactly solve maximumparsimony usingthe branch-and-boundprocedureof PAUP*. We obtainedfour maximum
parsimony treesfrom this dataset.(Thesequences,aswell asthe four MP trees,areavailableon our webpage[30].
They canalsobecalculateddirectly from thegeneorderdata.Notethattheorderingof thecolumnsof thedatamatrix
doesnotaffect theparsimony analysis.)We theninferredcircularorderingsof signedgenesegmentsfor eachinternal
nodeby giving eachof thefour binarymaximumparsimony treesasaconstrainttreetoBPAnalysis. Thisproduces
a treein which eachnode(internalandleaf) is representedby circular signedorderingson genes,potentiallymini-
mizing thenumberof breakpointsin thetree.(An actualminimizationis notguaranteed,becauseBPAnalysis uses
hill-climbing on eachfixed-treeandthusmayfind only a localminimum.)

We thenscoredeachtree (using the labelsassignedby BPAnalysis) for the ITT distance(usingweightsof
Z �ma for transpositionsandtransversionsand a for inversions)andthebreakpointdistance.Eachof the four treeswe
obtainedhadonly 89breakpoints,but they differedsignificantlyin termsof their ITT distances.

Thefirst treehasa totalof 40 inversionsand12 transpositionsandtransversions;thesecondhas48 inversionsand
18 transpositionsandtransversions;thethird has40 inversionsand12 transpositionsandtransversions;andthefourth
has67 inversionsand32 transpositions.Seeour webpagefor figureswith edgeweightslabelled[30]. Thus,thefirst
andthird treesaresuperior(underthis analysis)to thesecondandfourth.

We thenevaluatedthe first andthird treeswith respectto the inversiondistance,given the labelling on internal
nodesobtainedby BPAnalysis: thefirst treehasa total numberof 68 inversions,while thethird has67. Both trees
have zero-lengthedges(i.e., theendpointsof someedgeshave thesamegeneorderings);whentheseedgesarecon-
tracted,thetwo treesareidentical.Thecontractedtreeis shown in Figure2. Interestingly, thattreeis alsoacontraction
of eachof thetreesobtainedby theCosneranalysis[8] ontheoriginal19genera(18Campanulaceaeandtheoutgroup
tobacco)whenrestrictedto thesmallersubset.Thus,thefull charactersetusedby Cosner(whichrepresentinsertions,
deletions,duplications,contractions/expansionsof theinvertedrepeat,etc.) is compatiblewith thisanalysis,but gives
additionalresolution.

4.3 A third phase

Finally, we took the four MPBE treesandthreeneighborjoining trees,andcomputedthestrict consensus.We gave
this to tree(whichwaspartiallyunresolved,seeFigure4) asaconstrainttreetoBPAnalysis. ThismakesBPAnal-
ysis searchthesetof treesthatrefinethisconstrainttreefor thetree(s)with smallestbreakpointlengths.Thissearch
returnedsix treeswith 89 breakpoints,four of which weretheMPBE trees,andtwo new trees.We scoredthosetrees
undermaximumparsimony (usingbinary sequenceencodingsof the leaves)andobserved that thesetreesdiffered
in parsimony lengthfrom our optimal treesby at mostthreesteps.This suggeststhatMPBE shouldbe modifiedto
examinenot only theoptimalparsimony treesobtainedin PhaseI, but alsothenear-optimaltrees.

4.4 Comparison of different methodson this dataset

SinceMPBEandBPAnalysis bothseekthebreakpointphylogeny, wewill comparethemwith respectto thebreak-
point scoresobtained.We will alsocomparethe treesobtainedby neighborjoining andMPBE topologically, to see
how differentthey are.

The besttreeswe found usingMPBE hadbreakpointscoresof 89, but the besttreesfound by BPAnalysis
after 43 hourshad96 breakpoints.This differencein scoreis quite significant. In order to comparethe methods
on this dataset,we needto quantify the differencesin treereconstructions;we do this usingstandardtechniquesin
phylogenetics,asfollows.

The FalsePositive and FalseNegative Rate Let e be a tree leaf-labelledby the set R . Given an edge d in e ,
the deletionof the edgefrom e producesa bipartition npo of ) into two sets. The set q L erNs�t��nuouv d = w L erN5�
uniquelydefinesthe tree e ; this characterizationis calledthe character encoding of e . Given a collectionof trees
eA�

5ex�1
������!
#e!B , eachleaf-labelledby R , we definethestrict consensus of thetreesto bethatuniquetree e!y6z defined
by q L e!y6z8N{�4|}�Kq L e��KN8� This is themaximallyresolvedtreewhich is a commoncontractionof eachtree e�� . Character
encodingsareusedto comparetreesandto evaluatetheperformanceof a phylogeneticreconstructionmethod.Let e
bethe“true” treeandlet e~P betheestimateof e . Thenthe false negatives of erP with respectto e arethoseedgesd
thatobey n o = q L e9N}��q L e~PmN , i.e.,edgesin thetruetreethat themethodfails to infer. The false positives of erP with
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Figure2: Thereconstructedphylogeny of 12generaof CampanulaceaeandtheoutgrouptobaccobaseduponanMPBE
analysisof 185binarycharacters.Thenumberof inversionsandtranspositionsis givenaboveeachedgefollowedby
thenumberof inversionsin aninversion-onlyscenario;thenumberof breakpointsis givenlast.

respectto e arethoseedgesd thatobey nuo = q L e P NW�\q L erN , i.e., edgesin the inferredtreethatdo not exist in the
truetreeandshouldnot have beeninferred.Notethatevery trivial bipartition(inducedby theedgeincidentto a leaf)
exists in every tree. Consequently, falsepositivesandfalsenegativesarecalculatedonly with respectto the internal
edgesof thetreeandexpressedasapercentageof thenumberof internaledges.

All of thetreeswereconstructed(whetherby neighborjoining or maximumparsimony) arefairly similar, differing
pairwisein at mosttwo edges.Table1 shows the falsenegative ratefor the 7 trees:3 neighbor-joining treesand4
maximumparsimony trees.Thesimilarity betweenall the treesreconstructedindicatesa high level of confidencein
thetheaccuracy of thecommonfeaturesof thephylogeneticreconstructions.This is illustratedby thestrictconsensus
treein Figure4 which displaysthecommonfeaturesof the7 trees.

Thesimilarity of thetreesreconstructedby MPBE andneighborjoining on this datasetis perhapsto beexpected,
accordingto our earlierstudy[9] wherewe exploredtheperformanceof theMPBE andneighborjoining methodon
syntheticdatasets,undera wide rangeof modelconditions.We showedthatwhentherateof evolution on eachedge
is low relative to thetotalnumberof genes,thenthetwo methodsobtainverygoodestimatesof thetruetreetopology
(with error ratesthat areacceptable),but whenthe rateof evolution increases,both methodsdecreasein accuracy.
Althoughwe did not calculateany specificcutoff point at which therateof evolution is too high for thesemethodsto

Table1: The falsenegative ratematrix of treesfrom variousreconstructionmethodson the Campanulaceaedatain
Figure1. MPBE1throughMPBE4arethefour mostparsimonioustreesby theMPBEmethod.NJ(BP),NJ(INV), and
NJ(ITT) aretheneighborjoining treesfrom thedistancematrix usingMPBE estimation,derange2 with inversion
only, andderange2 with costratio *�Y�� d
��� *���Y�vC� �1� Y � Ip� � *6��*���Y-��arv Z �ma .

NJ(BP) NJ(INV) NJ(ITT) MPBE1 MPBE2 MPBE3 MPBE4

NJ(BP) 0 0 0 1 2 1 2

NJ(INV) 0 0 0 1 2 1 2

NJ(ITT) 0 0 0 1 2 1 2

MPBE1 1 1 1 0 1 1 2

MPBE2 2 2 2 1 0 2 1

MPBE3 1 1 1 1 2 0 1

MPBE4 2 2 2 2 1 1 0
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(b) �F� LJ� ����N , the neighbor joining tree on the distance matrix from signed dist, inversion only.
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Figure 3: The reconstructedphylogeny of 12 generaof Campanulaceaeand the outgrouptobaccousingneighbor
joining on variousdistanceestimationmethods.
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Figure4: Thestrict consensustreeof thefour MPBEtreesandthreeneighborjoining treesfrom the12generadataset
of Campanulaceaeandtheoutgrouptobacco.Thetreehas8 internaledges,out of at most10 possibleinternaledges
for a13-taxonphylogeny.

beaccurate,we observedthataccuracy in thesemethodswashigh whenthe breakpointdistancesandITT distances
arecloseto linearly correlated.We comparedthebreakpointdistancesandtheevolutionarydistancesfor our dataset
(usingrelative costsof 1, 2.1,and2.1); seeFigure5, andcalculatedthecorrelationcoefficient, which is .98. These
distancesareverycloseto linearly related,thuspredictingthatthe13generadatasetshouldbeaccuratelyanalyzedby
bothneighborjoining andMPBE.

4.5 Running time

We timedeachmethodon thechloroplastdataset.Theneighborjoining treeswerecomputedin lessthanasecondfor
eachdataset.Indeed,neighborjoining is a polynomialtimemethod( � L Y $ N ).

MPBE wasalsoreasonablyfast(thoughnot asfastasneighborjoining). Finding the four maximum-parsimony
treeswith PAUP took 0.15 secondson a MacintoshG4. Labelling the internalnodes(by a call to BPAnalysis
giving eachbinary treeasa constraint)took 0.38 secondsfor eachtree. Computingthe lengthof eachtree,given
thesequenceslabellingthenodes,involvescallsto signed dist (for inversiondistances)andderange2 (for ITT
distances).Thesetook 45.65secondsper edge0.01secondsper edge,respectively. In all, MPBE took lessthana
minuteto complete.

Table2: Thedistancematrix computedwith derange2 anda Z ��a weightratio.

Tra Cam Ade Sym Leg Asy Tri Wah Mer Cod Cya Pla Tob

Tra 0.0 1.0 4.0 1.0 8.3 10.4 8.3 4.1 8.1 15.2 14.1 19.2 10.0

Cam 1.0 0.0 3.0 2.0 9.3 11.4 9.3 5.1 9.2 15.1 15.2 20.2 11.2

Ade 4.0 3.0 0.0 5.1 12.1 14.3 12.1 8.1 11.2 16.2 15.2 20.2 13.1

Sym 1.0 2.0 5.1 0.0 9.2 11.4 9.3 5.1 9.1 14.2 13.3 20.2 11.1

Leg 8.3 9.3 12.1 9.2 0.0 8.4 4.1 12.2 14.3 18.1 16.1 23.2 14.2

Asy 10.4 11.4 14.3 11.4 8.4 0.0 4.2 12.4 16.2 18.2 16.2 21.1 12.2

Tri 8.3 9.3 12.1 9.3 4.1 4.2 0.0 12.2 14.4 18.2 15.2 21.2 12.2

Wah 4.1 5.1 8.1 5.1 12.2 12.4 12.2 0.0 6.0 18.1 16.2 23.1 14.2

Mer 8.1 9.2 11.2 9.1 14.3 16.2 14.4 6.0 0.0 17.2 16.3 24.1 16.1

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: Comparisonof distancecalculationsontheCampanulaceaeChloroplastdatasetwith acorrelationcoefficient
of ��� �O�:bM�����ia
� .

The runningtime of BPAnalysis is harderto evaluate,becauseit did not completeits searchduring the four
daysof our experiment.However, we wereableto approximatetheamountof time it would take to complete,on the
basisof how longBPAnalysis took to evaluateasingletree.Our calculationsuggestthatBPAnalysis evaluated
approximately120treesaminute;atthisrate,sincethenumberof treeson13leavesis 13,749,310,575,BPAnalysis
would take well over200yearsto completeits searchof treespacefor ourproblem.

MPBE is lesscomputationallyintensive thanBPAnalysis, becauseit is exponentialonly in the numberof
genomes,while BPAnalysis is exponentialalsoin thenumberof genesegments.To seethis, considerthecostof
labellingtheinternalnodesof a treeundermaximumparsimony, andthencomparethat to thecostof computingthe
labellingthatminimizesthenumberof breakpoints.Thefirst problem(maximumparsimony on a fixedtree)is poly-
nomial time, usinga very simpledynamicprogrammingalgorithm[12]; the secondproblem(breakpointphylogeny
on a fixed tree) is NP-hard[23]. Furthermore,the heuristicusedby BPAnalysis to label the internalnodesof a
fixedtreeusesmany callsto heuristicsfor theNP-hardTravelling SalesmanProblem.Thismayexplain thedifference
in runningtime,at leastin part,on ourdataset.

However, wenotethatBlanchetteet al. did completetheiranalysisof themetazoandataset,whichhas11genomes
onasetof 37genes.Thisis amucheasierproblem,astherearefarfewertreesto examine(only 2,027,025)andasscor-
ing eachtreeinvolvessolvinga smallernumberof TSPinstanceson a muchsmallernumberof cities(37 ratherthan
105).Overall,it is clearthatdatasetsof sizessuchasoursarecurrentlytoolargeto befully analyzedbyBPAnalysis.

Table3: Thedistancematrix computedwith signed dist, 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

Cam 1 0 3 2 9 11 9 6 9 15 15 20 11

Ade 4 3 0 5 12 14 12 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 0 5 12 16 18 16 21 12

Tri 8 9 12 9 5 5 0 12 14 18 15 21 12

Wah 5 6 8 6 12 12 12 0 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

Cya 14 15 15 13 16 16 15 16 16 8 0 16 10

Pla 19 20 20 20 23 21 21 23 24 18 16 0 13

Tob 10 11 13 11 14 12 12 14 16 10 10 13 0
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Computationalissuesarisein otheraspectsof geneorderdataanalysisaswell. Evencalculatingthedistancema-
trix betweenevery pair of signedcirculargenomesin a largedatasetis computationallychallenging:derange2 is
fast,but inexact(becauseit heuristicallycomputesthedistancebetweentwo genomesby usinginversions,transposi-
tions,andinvertedtranspositions(transversions)usinga greedystrategy, it only allows anoperationif thatoperation
decreasesthe breakpointdistancebetweenthe two genomes).Consequently, it canmissminimal edit sequences,as
weobservedin our tests.Hannenhalli’ssoftwaresigned dist for pairwisedistancesrunsin slow polynomial-time
( h L 7 & N to computedistancesbetweena pair of genomeson 7 genes);in orderto computeall pairwisedistances,it
requiresh L Y � 7 & N time. For our dataset,7G��a
bC[ and Y3��a�` .

5 Conclusions

Therearethreebasicobservationswecanmakeasaresultof thisstudy. First,thebreakpointphylogeny seemsto bean
excellentapproachfor reconstructingphylogenetictreesfrom geneorderdata,at leastwhentheratesof evolutionare
sufficiently low. Second,BPAnalysis is too slow to analyzesomedatasets,andin particularwasunableto analyze
ourchloroplastdatasetin a reasonableamountof time. Third, ournew MPBEmethodshowspromiseasaheuristicto
solve thebreakpointphylogeny problem,anddoessosignificantlyfasterthanBPAnalysis.

Our futurework will explorefastermethodsfor solvingthebreakpointphylogeny problem.SinceMPBEdepends
uponBPAnalysis in orderto labelinternalnodeswith circulargenomes,anduponderange2 to scorethesetrees
for ITT distances,onedirectionour work will take is to speedup andimprove the accuracy of bothBPAnalysis
andderange2. More effective implementationsof the basicconceptin BPAnalysis, suchashill-climbing or
branch-and-boundthroughthetreespace,andabandoningstrict optimality in solvingtheTSPinstancesin favor of a
fastandreliableheuristic(suchheuristicsaboundin theTSPliterature),couldmake themethodrun fastenoughto be
applicableto datasetscomparableto ours.

As a final note,we point out that in our studiesneighborjoining hasperformedaswell asMPBE in termsof
topologicalaccuracy, and is polynomial time. Therefore,an importantquestionremainsas to whetherthesemore
computationallyintensiveapproachesaremerited.However, oneadvantageof bothMPBE andBPAnalysis is that
thesemethodstell usmoreaboutthespaceof optimalandnear-optimal treesthanneighborjoining does,andhence
also identify alternative hypotheses.Still, until we canidentify regionsof the parameterspacein which MPBE or
BPAnalysis outperformneighborjoining in topologicalaccuracy, thereis alsoan argumentto be madein favor
of the fastneighborjoining method. Indeed,we conjecturethat suchregionsdo exist (asotherstudiesbasedupon
biomolecularsequenceevolution show [24, 18]), andour researchwill alsoseekto determinewhetherthis is truefor
geneorderdataaswell.

6 Recommendations

Given the rapid increasein the availability of completegenomesequences,the currentlimitation in reconstructing
phylogeniesfrom geneorderdatafor datasetscontainingmany genomesand/ormoregenesis of majorconcern.Until
improved methodsaredeveloped,we recommendthat phylogeneticanalysesof geneorderdataseekto obtain the
breakpointphylogenies,but that thesebreakpointphylogeniesbescoredunderITT distances.In orderto find these
breakpointphylogenies,we recommendthatMPBE beused.An alternative approachsuggestedby our studiesis to
computethestrict consensusof thetreesobtainedby variousmethods(for example,MPBE treesandneighborjoin-
ing), andthengive this to BPAnalysis asa constrainttree.Althoughthis techniquedid not producebettertreeson
ourdataset,it maysoonotherdatasets,andis worth exploring.
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