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Wereportonasuiteof algorithmsandtechniquesthattogetherprovideasimulation�o w for study-
ing the topologicalaccuracy of methodsfor reconstructingphylogeneticnetworks. We imple-
mentedthosealgorithmsandtechniquesandusedthreephylogeneticreconstructionmethodsfor a
casestudyof our tools.Wepresenttheresultsof ourexperimentalstudiesin analyzingtherelative
performanceof thesemethods.Our resultsindicatethatour simulatorandour proposedmeasure
of accuracy, the latter an extensionof the widely usedRobinson-Fouldsmeasure,offer a robust
platformfor theevaluationof network reconstructionalgorithms.

1 Intr oduction

Phylogenies,i.e., theevolutionaryhistoriesof groupsof organisms,playa majorrole
in representingthe interrelationshipsamongbiological entities. Many methodsfor
reconstructingsuchphylogenieshave beenproposed,but almostall of themassume
that theunderlyingevolutionaryhistoryof a givensetof speciescanberepresented
by a tree. While this modelgivesa satisfactory�rst-order approximationfor many
familiesof organisms,otherfamiliesexhibit evolutionarymechanismsthatcannotbe
representedby a tree. Processessuchashybridizationandhorizontalgenetransfer
result in networks of relationshipsratherthantreesof relationships.Although this
problemis widely appreciated,therehasbeencomparatively little work oncomputa-
tionalmethodsfor estimatingevolutionarynetworks.

A standardtechniquefor assessingtheperformanceof phylogeneticreconstruc-
tion methodsis to usesimulationstudies. In suchstudies,a model topology (tree
or network) is generated,after which a sequenceis evolved (including bifurcations
andnon-treelike events)down the edgesof the model topologyaccordingto some
chosenmodel of sequenceevolution. Finally, a phylogeny is reconstructedon the
resultingsetof sequencesandits topologyis comparedto themodeltopologyin or-
der to assessthequality, or topologicalaccuracy, of thereconstruction.While many
simulationtoolsandaccuracy measuresareavailablefor studyingtheperformanceof
phylogenetictreereconstructionmethods,suchtoolsandmeasuresarelackingin the
context of phylogeneticnetworks.
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We describea collection of suchtechniquesand quality measures:(i) a tech-
niquefor generatingrandomphylogeneticnetworksandsimulatingtheevolution of
sequenceson thesenetworks, and (ii) measuresto assessthe topologicalaccuracy
of the reconstructednetworks. We implementedthosetechniquesandconducteda
simulationstudyon onenetwork reconstructionmethod,SplitsTree 1, andtwo
treereconstructionmethods,Neighbor-JoiningandgreedyMaximumParsimony. We
assessedtheperformanceof thesemethodsondatasetsgeneratedin oursimulation.

The restof the paperis organizedas follows. Section2 providessomeback-
groundonphylogenetictreesanddescribesthevariousstepsinvolvedin asimulation
study. Section3 introducesour new techniquesandreviews theexisting reconstruc-
tion methodsusedin our study. Section4 describesour experimentalsetup,while
Section5 reportstheresultsof our experimentsandofferssomeremarkson theuse-
fulnessof oursimulation�o w.

2 PhylogeneticTrees

A phylogenetictreeona setS of taxais a rootedtreewhoseleavesarelabeledby S.
Sucha treerepresentsthe evolutionaryhistory of a setof taxa,wherethe leavesof
the phylogenetictreecorrespondto the extant taxaandthe internalnodesrepresent
the (hypothetical)ancestors.Many algorithmshave beendesignedfor the inference
of phylogenetictrees,mainly from biomolecular(i.e.,DNA, RNA, or amino-acid)se-
quences2. Evaluatingthesealgorithmscannotbedonewith realdataalone,sincewe
typically donot know with highcon�dencethedetailsof the“true” evolutionaryhis-
tory. Thusthestandardmeansof performanceevaluationfor phylogeneticreconstruc-
tion methodsis thesimulationstudy, in which “model” phylogeniesareconstructed
usingsomechosenmodel of evolution, the “moderndata” (found in the leavesof
themodelphylogeny) arefed to thereconstructionalgorithms,andtheoutputof the
algorithmscomparedwith themodelphylogeny.

2.1 Modeltrees
Modeltreesaretypically takenfrom someunderlyingdistributiononall rootedbinary
treeswith n leaves;commonlyuseddistributionsincludetheuniformdistributionand
the Yule-Hardingdistribution3;4. Although we generatenetworks ratherthantrees,
we have basedour network generationon thewidely usedmodelof birth-deathevo-
lution, whichwenow brie�y review in thecontext of treegeneration.

To generatea randombirth-deathtreeon n leaves,we view speciationandex-
tinction eventsasoccurringover a continuousinterval. During a shorttime interval,
� t, sincethe last event, a speciescansplit into two with probability b(t)� t or be-
comeextinct with probabilityd(t)� t. To generatea treewith n taxa,we begin this
processwith a singlenodeandcontinueuntil we have a treewith n leaves. (With
somenonzeroprobabilitysomeprocesseswill not producea treeof thedesiredsize,
sinceall nodescouldgo “extinct” beforen speciesaregenerated;we thenrepeatthe
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processuntil a treeof thedesiredsizeis generated.)Underthisdistribution,anatural
lengthis associatedwith eachedge,namelythetime elapsedbetweenthespeciation
event that gave rise to that edgeandthe (speciationor extinction) event that ended
thatedge.Thusbirth-deathtreesareinherentlyultrametric,thatis, thebranchlengths
areproportionalto time.

2.2 Treereconstructionmethods
In our experiments,we usedonenetwork reconstructionmethodandtwo treerecon-
structionmethods,neighbor-joining (NJ) andgreedymaximumparsimony (MP).

� Neighor-joining5 is the mostpopulardistance-basedmethod. For every pair
of taxa,it determinesa scorebasedon thepairwisedistancematrix, thenjoins
the pair with the smallestscore,building a subtreeof two leaveswhoseroot
replacesthe two chosentaxa in the matrix. Pairwise distancesfor this new
“supertaxon”arethenrecalculatedandtheentireprocessis repeateduntil only
threenodesremain;thesearethenjoinedto form anunrootedbinarytree.

� Maximum parsimony 6 is one of the two main optimizationcriteria usedin
phylogeneticreconstruction.Becausetheproblemis NP-hard,weusea simple
greedyheuristic7;8, which addstaxato thetreeoneat a time in somerandom
order—theplacementof eachnew taxonis optimizedlocally.

2.3 Measuresof accuracy
A commonlyusedmeasureof the topologicalaccuracy of reconstructedtreesis the
Robinson-Foulds(RF) value9. Every edgee in an unrootedleaf-labeledtreeT de-
�nes abipartition� e ontheleaves(deletinge cutsthetree);wesetC(T) = f � e : e 2
E(T)g, whereE(T) is thesetof all internaledgesof T . If T is a modeltreeandT 0

is a reconstructedtree,thefalsepositivesaretheedgesof thesetC(T 0) � C(T) and
thefalsenegativesarethoseof thesetC(T) � C(T 0).

� Thefalsepositiverate(FP) is (jC(T 0) � C(T)j)=(n � 3).
� Thefalsenegativerate(FN) is (jC(T) � C(T 0)j)(n � 3).

Sincen � 3 is thenumberof internaledgesof anunrootedbinarytreeonn leaves,the
falsepositive andfalsenegative ratesarevaluesin therange[0; 1]. TheRF distance
betweenT andT 0 is simply theaverageof thesetwo rates,FN+ FP

2 .

3 PhylogeneticNetworks
3.1 Hybridizationandgenetransfer
Two of the mechanismsthat can result in non-treeevolution arehybridizationand
horizontalgenetransfer.

� In hybridization,two lineagesrecombineto createanew species,assymbolized
in Figure1. Thenew speciesmay have thesamenumberof chromosomesas
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Figure1: Hybridization:thenetwork andits two inducedtrees
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Figure2: Horizontaltransfer:thenetwork andits two inducedtrees

its parent(diploid hybridization) or thesumof thenumbersof chromosomesof
its parents(polyploidhybridization).

� In horizontalgenetransfer, geneticmaterialis transferredfrom onelineageto
another, producinga new lineage,assymbolizedin Figure2.

In thesetwo cases,thetrueevolutionaryhistory is bestrepresentedby a network, or
directedacyclicgraph, ratherthanby a tree.

Considerhow anindividualsiteevolvesdown a network. For diploid organisms,
eachchromosomeconsistsof a pair of homologs. In a diploid hybridizationevent,
the hybrid inheritsoneof the two homologsfor eachchromosomefrom eachof its
two parents.Sincehomologsassortat randominto thegametes(sex cells),eachhas
anequalprobabilityof endingup in thehybrid. In polyploid hybridization,bothho-
mologsfrom bothparentsarecontributedto thehybrid. Prior to hybridization,each
site on the homologhasevolved in a tree-like fashion,althoughdueto meiotic re-
combination(exchangesbetweentheparentalhomologsduringgameteproduction),
differentstringsof sitesmayhave differenthistories.Thuseachsitein thehomologs
of theparentsof thehybridevolvedin atree-likefashionononeof thetreescontained
inside (or, inducedby) the network representingthe hybridizationevent; seeFig-
ures1(b)and1(c). Similarly, in anevolutionaryscenarioinvolvinghorizontaltransfer,
certainsitesareinheritedthroughhorizontaltransferfrom anotherspecies,asin Fig-
ure2(b),while all othersareinheritedfrom theparent,asin Figure2(c). Thus,in each
of thesetwo scenarios,each siteevolvesdownoneof thetreesinducedbythenetwork.

3.2 Representation
Phylogeneticnetworkscanberepresentedby rooteddirectedacyclic graphs, where
eachnode(exceptfor the root) hasindegree1 or 2. Nodesof indegree1 arecalled
treenodes, whereasnodesof indegree2 arecalledhybrid nodes. A hybrid nodetyp-
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ically takes its geneticmaterialfrom both of its parents,whereasa treenodetakes
its geneticmaterialfrom its soleparent. The leavesof a network representthe ex-
tant taxa,andthe internalnodesrepresentthe hypotheticalancestraltaxa. Whereas
phylogenetictreeshave a standardrepresentation,theNewick format(a form of pre-
order traversal),no suchrepresentationexists for phylogeneticnetworks. We thus
simplyrepresentanetwork asalist of its edges,whereeachedgeis de�nedby its two
endpointsandits weight(theexpectednumberof changesalongthatedge).

3.3 Modelnetworks
We proposea modelfor generatingrandomnetworksbasedonbirth-deathmodelfor
trees.A birth event in treesrepresentsregularspeciation;in networks,a birth event
canbe eitherregular speciationor hybrid speciation.We describe�rst the general
model,thentherestrictedmodelusedin our experiments.

Our modelincorporatesthreetypesof events: regular speciation,hybrid speci-
ation, andextinction. (Lateralgenetransferscaneasilybe addedaswell.) Hybrid
speciationeventsincludediploid, allo-tetraploid,allo-hexaploid,allo-octaploid,and
auto-tetraploidhybridization.To generatea randomnetwork, we startwith onenode
(theroot) anda pair of sequences(thetwo homologsof thechromosomeat theroot)
andinitiatea regularspeciationevent,thuscreatingtwo lineages.

Eachlineageis representedby anedgein thenetwork. An edgee is de�nedby its
two endpointnodesu andv. Associatedwith eachnodeu is a time-stamp,t(u), and
associatedwith eachedgee is a positive realnumber, w(e), indicatingtheexpected
numberof changesalongthat edge. Whenever a new lineageis createdat nodeu,
thesequencesat nodeu evolvealongthenewly createdlineage,accordingto a given
modelof evolution andto the w(e) valueassociatedwith that lineage. (The model
canbeeasilyextendedto supportnonuniformratesamongsegmentsof thesequences
by associatingwith eachedgea collectionof values,onefor eachsegment.)

At any timet, weconsiderall of thelineagesthatexist at thattime. For eachsuch
lineagel , andbasedoncertainprobabilities,eithernothinghappens,whichmeansthe
lineagel is continued,or oneof threemutuallyexclusiveeventsoccurs:

Extinction: Lineagel becomesextinct anda leafu is createdwith stampt.
Speciation: A nodeu iscreatedwith stampt andtwonew lineagesarestartedfrom u.
Hybridization: Let H bethesetof all lineagesat timet andchoosea lineagel 0 2 H

to hybridizewith l . (Thechoiceof l 0 dependson theploidy level andnumber
of chromosomesof l0, aswell asontheevolutionarydistancebetweenl andl 0.)
Whenl andl0hybridize,thetwo lineagesarecontinuedandanew, third lineage
arisesfromthehybridspeciationevent.Weallow eachlineageto hybridizeonly
onceat eachpoint in time.

This processmaygeneratea network with fewer thanthedesirednumberof leaves,
sinceall lineagesmightgoextinct beforeenoughlineagesarecreated;in suchacase,
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we canrepeatthe processuntil we obtaina network of the desiredsizeor we can
conductlongitudinalstudiesin a populationof networksof diversesizes.

In ourgeneralmodel,thetopologyof thenetworkandthesequencesateachnode
aregeneratedtogether, in an interdependentmanner. Suchdependenceis important
in networks,sincetheprobabilityof aparticularhybridization'stakingplacedepends,
amongotherthings,on theactualgenomesof theputative hybridizationparents.In
thegenerationof trees,in contrast,simulationstudiesgenerallygeneratea treetopol-
ogy �rst, thenuseit to derive many differentcollectionsof sequences—thetopology
doesnot dependon the sequences.Our restrictedmodel follows the outline of our
generalmodel,but assumesthesameindependenceusedin treesimulationsandthus
beginsby generatinga network andthenevolvesthesequencesdown thecompleted
network. To generatea randomnetwork N with onehybrid, we startwith a random
birth-deathtreeT, with timesassociatedwith its nodes.Let thetime at theroot be0
andthatat thelastgeneratedleafbet l ; let t i beauniformvariatein theinterval [0; t l ].
We identify all nodesin the treewith agenot exceedingt i , but whosechildrenhave
agesexceedingt i : thesenodesarethepotentialparentsof thehybrid. We calculate
thepairwiseevolutionarydistances(the lengthof the treepaths)amongall of these
nodesandchoosethetwo parentswith aprobabilityinverselyproportionalto theevo-
lutionarydistancebetweenthetwo nodes.Hybridizationthusoccursbetweennodes
that coexist in time andis morelikely betweenmorecloselyrelatedancestraltaxa.
To generatep hybrid nodes,we repeattheprocessp times,thusallowing hybridsto
hybridizeagain.Thenetworksthusgeneratedareultrametric;for eachedge,we use
a uniform variatex in the range[� ln c; ln c] andmultiply the edgelengthby ex to
deviatethenetworksfrom ultrametricity. (We call c thedeviation factor.)

3.4 Simulatingsequenceevolutiononnetworks
We basedoursequencegenerationon thepopularSeq-Gen10 tool, which takesa tree
in theNewick formatandsimulatestheevolution of sequencesalongthat treeunder
a choiceof modelsof evolution. Seq-Gensimulatestheevolution of sequenceson a
treeby placingarandomsequenceof thedesiredlengthat therootof thetreeandthen
evolving it down thetreeusingthespeci�edmodelof evolutionandotherparameters,
includingscalingfactor, codon-speci�ccorrections,gammarateheterogeneity, etc.

Ourmodi�ed version,Seq-Gen2,takesanetwork asaninput; it assumesdiploid
hybridizationandusesnetworksproducedby our restrictedmodel.Themainchange
is thatSeq-Gen2evolvesa pair of sequences,A andB , correspondingto thetwo ho-
mologsof thechromosome.Thetwo sequencesA andB areevolvedindependently
down the tree,usingthe speci�ed modelof evolution andthe otherparameters.In
thecaseof treenodes,both theA andB sequencesareevolvedin exactly thesame
mannerasthey evolveonatree.In thecaseof adiploid hybridnode,thenodeinherits
theA or B sequencefrom oneparentandtheA or B sequencefrom theotherparent.
Thereis no evolution on theedgesbetweentheparentsof thehybrid andthenodeat
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the origin of the hybrid, since,at thescaleof evolution, hybridizationis essentially
instantaneous.Theoutputof Seq-Gen2is a setof pairsof sequencesat theleaves.

4 Measuring the DistanceBetweenTwo PhylogeneticNetworks
We want to measuretheerrorbetweena modelnetwork N1 andaninferrednetwork
N2; this measure,m(N1; N2), mustbe nonnegative andsymmetricandsatisfytwo
properties:

� N1 andN2 arethesamenetwork exactlywhenm(N1; N2) = 0.
� If N1 andN2 aretrees,thenm(N1; N2) reducesto theRFmeasure.

Theseareverymild requirements;in particular, they donotde�ne a metric,sincewe
havenot includedany form of triangleinequality.

We proposetwo measures.Our �rst measure,basedon a graphmodel,seeksto
extendtheRF measureby viewing thenetworksasextensionsof trees.(Removing a
chosensubsetof edgesfrom thenetwork leavesa tree; thenumberof suchsubsets,
however, canbevery large.) This approachleadsto a sophisticatedview of therela-
tionshipbetweentwo networks,but theresultingmeasureis tooexpensiveto compute
exactlyandtendsto overemphasizetheimportanceof guessingjust theright number
of non-treeevents.Our secondmeasureseeksto extendtheRF measureby viewing
thenetworksin termsof partitions.JustastheRFmeasurecountsthenumberof com-
patiblebipartitions,our new measurecountsthenumberof compatibletripartitions.
This secondmeasureis easyto de�ne andcompute,is verycloselyrelatedto theRF
measure,andcanalsosupporta weightingscheme.

Let N1 havep hybridnodesandN2 haveq hybrid nodes.ThenN1 inducesa set
T1 of at most2p treesandN2 inducesa setT2 of at most2q trees.Figure1 shows a
network with onehybridnodeandits two inducedtrees.De�ne thecompletebipartite
graphGN 1 ;N 2 = (T1 [ T2; E ) (which hasanedgee = (u; v) betweenevery u 2 T1

andv 2 T2) andassignto eachedgee = f u; vg aweightw(e), theRFvaluebetween
thetwo treesthatcorrespondto nodesu andv. Our �rst measurecannow bede�ned.
De�nition 1 Theerror ratebetweenN1 andN2 is theweightof theminimum-weight
edge-coverof GN 1 ;N 2 .
The minimum-weightedgecover of a graphG = (V; E) is a subsetE 0 � E such
that E 0 coversV andthe sumof edgeweights,

P
w(e)2 E 0 w(e), is minimum. This

measureclearlysatis�esour two requirements.Althoughtheminimum-weightedge-
coverproblemis solvablein polynomialtime, thesizeof thebipartitegraphis expo-
nentialin thenumberof hybrid nodes,so that computingtheerror ratemayrequire
exponentialtime. In practice,becausehybridizationis a rareevent,thetruenetwork
will have relatively few hybrid nodes,so thatgoodreconstructionscanbeevaluated
quickly. More damagingis the fact that this measureplacesa very strongemphasis
onreconstructingnetworksthathavetheright numberof hybridizationevents—small
errorsin thatnumberdominateevenvery largeerrorsin thechoiceof otheredges.
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This shortcomingleadsusto designa measurebaseddirectly on partitions.Let
N beanetwork, leaf-labeledby asetof taxaS, ande beanedgein N , whereu is the
sourceof e, andv is thetargetof e (i.e.,u is aparentof v). Eachedgee 2 N induces
a tripartitionof S, de�ned by thesets

� A(e) = f s 2 S : s is reachablefrom theroot of N only via vg.
� B (e) = f s 2 S : s is reachablefrom therootof N via at leastonepathpassing

throughv andonepathnotpassingthroughvg.
� C(e) = f s 2 S : s is not reachablefrom theroot of N via vg.

For eachedgee, the threesetsA(e), B (e) andC(e) areweighted;theweightof an
elementin A(e) or C(e) is 0 (or any �x ed constant)andthe weight of an element
s 2 B (e) is the maximumnumberof hybrid nodeson a pathfrom v to s, wherev
is the target of edgee. Two weightedsetsS1 andS2 areinterchangeable,denoted
by S1 � S2, whenever they containthe sameelementsandeachelementhasthe
sameweight in bothsets.Two edgese1 ande2 arecompatible, denotedby e1 � e2,
wheneverwe haveA(e1) � A(e2) andB (e1) � B (e2) andC(e1) � C(e2).

We de�ne thefalsenegativerate (FN) andfalsepositiverate (FP)betweentwo
networksN1 andN2 asfollows.

� F N (N1; N2) = jf e1 2 N1 :69e2 2 N2 s:t: e1 � e2gj=jN1j.
� F P(N1; N2) = jf e2 2 N2 :69e1 2 N1 s:t: e1 � e2gj=jN2j.

De�nition 2 Theerror ratebetweenN1 andN2 is theaverage of FN(N1; N2) and
FP(N1; N2).
This measureclearlysatis�esour two conditionsandis computablein time polyno-
mial in thesizeof thetwo networks.

5 Experimental Settings
In orderto obtainstatisticallyrobustresults11;12, weused30runs, eachcomposedof
anumberof trials (a trial is asinglecomparison),computedameanoutcomeof each
run, andstudiedthe meanandstandarddeviation of theseruns. The standarddevi-
ation of the meanoutcomesin our studieswasgenerallynegligible for NJ andMP
(except for very small numbersof taxa),andonly rarely larger for SplitsTree .
We graphedtheaverageof themeanoutcomesfor theruns,but omittedthestandard
deviation from the�gures for clarity.

We ranour studieson randomnetworksgeneratedusingthetechniquedescribed
earlier. Thesenetworkshaddiameter2; in orderto obtainnetworkswith otherdiame-
ters,we scaledtheedgelengthsby factorsof 0.01,0.05,0.1,0.5,1, and2, producing
networks with diametersof 0.02,0.1, 0.2, 1, 2, and4, respectively. To deviate the
networksfrom ultrametricity, weusedadeviationfactorof 4. Wegeneratednetworks
with 0, 1, 2, 3, 4, and5 hybrids,for 10,20,40 and80 leaves—onenetwork for each
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combinationof diameter, numberof taxa,andnumberof hybrids. We thenevolved
sequencesonthesenetworksusingtheK2P+Gamma13 modelof evolution(wechose
� = 1 for theshapeparameterandsetthetransition/transversionratio to 2). We used
a �x edfactor14 of 1 for distancecorrectionandusedsequencelengthsof 25,50,100,
250,and500. We usedour Seq-Gen2to evolve DNA sequencesdown the network
undertheK2P+Gammamodelof evolution. Thedatasetswe generatedconsistedof
pairsof sequences,asdescribed;however, thephylogeneticmethodsunderstudytake
datasetswith only asinglesequencepertaxon.Therefore,from eachsequencedataset
thatwe generated,we createdtwo sets:onethatconsistedof theA sequenceof each
taxon, andone that consistedof concatenationof the A and B sequencesof each
taxon.Thus,theeffective sequencelengthsthatwe lookedat were25,50,100,250,
and500,whentheA sequenceswereused,and50,100,200,500,and1000,whenthe
concatenationof A andB wasused.We usedPAUP* 15 for thegreedyMP method
andtheSplitsTree softwarepackage1.

6 Resultsand Discussion

We presenttwo setsof results:onesetcomparesthe outputof SplitsTree with
the true network in termsof the numberof hybrid nodescreated,while the second
comparesthe topologicalerror rate of the threemethods. Our �rst �nding is that
SplitsTree tendsto reconstructmorehybrid nodesthanarepresentin the true
network, as illustratedin Figure3 (the correctansweris on the oblique line). The
effect decreasesasthenumberof truehybridsincreases—indeed,theworst-casein-
stancesfor SplitsTree aretrees.

Our secondset of �gures comparesthe FN and FP error rates(as de�ned in
Section4) of SplitsTree , NJ, andMP asa function of the numberof true hy-
brids (Figure4), thesequencelength(Figure5), thenumberof taxa(Figure6), and
thescalingfactor(Figure7). Thetwo treereconstructionmethodsarenearlyindistin-
guishablethroughoutourexperiments(with aslightadvantageof MP overNJin some
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Figure3: Thenumberof hybridsin theoutputof SplitsTree vs.thetruenumberof hybrids,for 80taxa
atascalingof 0.5.
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Figure5: TheFN andFPerrorratesof thethreemethodsasafunctionof thesequencelength.Scaling=0.5,
concatenatedsequences,80 taxa,and1 hybrid in themodelnetworks.
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Figure6: TheFN andFPerrorratesof thethreemethodsasafunctionof thenumberof taxa.Scaling=0.1,
concatenatedsequences,sequencelength=1000,andnohybridsin themodelnetworks.

cases).As expectedfrom the resultsof many previous experimentalinvestigations,
their errorrategrowsslowly with thenumberof taxa,decreasesslowly with increas-
ing sequencelength, and grows very slowly with increasingscalingfactor. Since
thesemethodsnever createhybrid nodes,their error rateasa function of the num-
berof truehybridsmustgrow linearly in p, wherep is thenumberof truehybrids,a
growth clearlydemonstratedin Figure4.

Theaccuracy of SplitsTree suffers from its overestimatesof thenumberof
hybrid nodes: every hybrid not presentin the true network affects all edgesfrom
which the hybrid is reachable.ThusFigure4 con�rms our �ndings from Figure3:
asthenumberof truehybrid nodesincreases,SplitsTree infersa moreaccurate
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Figure 7: The FN andFP error ratesof the threemethodsas a function of the scaling. Concatenated
sequences,sequencelength=1000,40 taxa,and3 hybridsin themodelnetworks.

numberof suchnodesandits errorratedoesnotnoticeablyincreasewith thenumber
of hybrids. (Note that it is the FP rate that varies; the FN rateappearsunaffected
by thenumberof hybrids.) So far, our measureof topologicalaccuracy behavesas
desired.However, its behavior for SplitsTree in Figures5 and6 is, at �rst sight,
surprising:onemight expectthesametrendsasfor thetwo treereconstructionalgo-
rithms. Onceagain,however, this behavior accuratelyre�ects the characteristicsof
thereconstructions.Themild increaseof theFPratein Figure5 is dueto theincreas-
ing numberof incompatiblesplits(thedecisioncriterionusedby SplitsTree ) due
to anincreasingnumberof characters.Thesharpdecreasein theFPratein Figure6 is
dueto thenormalizationby theincreasednumberof taxaandthefactthattheerroris
mostlyattributableto excesshybrid nodes,whosenumberdoesnot stronglydepend
on thenumberof taxa.

Overall,ourproposed(second)measureof topologicalaccuracy givesresultsthat
follow qualitativeexpectations,neitherover- norunderemphasizingtheimportanceof
hybridevents.

7 Conclusions
We have presenteda suiteof tools that forms the basisof a simulation�o w for the
studyof network reconstructionmethods.Thepaucityof tools in this area,coupled
with the universalrecognitionthat treemodelsaretoo limited in many areasof the
Treeof Life, makesthedevelopmentof measures,algorithms,andtoolsanurgenttask
in phylogeneticresearch.While our testsuite(generatorsandmeasures)is tailored
for network reconstruction,our resultsat thispointdonotallow usto concludemuch
aboutnetwork reconstructionmethods—wecouldonly testoneexistingmethod(oth-
erswe triedwould not run properly)andour rangeof experimentaldatain this study
wassomewhat limited. Yet, our testsuiteshows that it is possibleto deviseanduse
simulationsfor theassessmentof reconstructionmethodsfor phylogeneticnetworks.
Ourerrormeasurehastheadvantagethatit doesnothandleindependentlytreeerrors
andnetwork characteristics,avoiding thepitfall of having to assignrelative weights
or prioritiesto thetwo; if it doesappearto favor treesslightly over networks,that is
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but a re�ection of Occam's razor:hybridizationeventsshouldbeusedonly sparingly
to explaindatafeaturesotherwiseexplainableundera treemodel.
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