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We reportonasuiteof algorithmsandtechniqueshattogetheiprovide a simulation o w for study-
ing the topologicalaccurag of methodsfor reconstructingohylogeneticnetworks. We imple-
mentedthosealgorithmsandtechniquegandusedthreephylogenetiaeconstructiomethoddor a
casestudyof ourtools. We presentheresultsof our experimentaktudiesin analyzingtherelatve
performanceof thesemethods.Our resultsindicatethat our simulatorandour proposedmeasure
of accuray, the latter an extensionof the widely usedRobinson-Bulds measurepffer a robust
platformfor the evaluationof network reconstructioralgorithms.

1 Intr oduction

Phylogeniesi.e., the evolutionaryhistoriesof groupsof organismsplay a majorrole
in representinghe interrelationshipsamongbiological entities. Many methodsfor
reconstructingsuchphylogenieshave beenproposedput almostall of themassume
thatthe underlyingevolutionaryhistory of a given setof speciescanbe represented
by atree. While this modelgivesa satisactory rst-order approximationfor mary
familiesof organismsptherfamiliesexhibit evolutionarymechanismshatcannotbe
representedy a tree. Processesuchashybridizationand horizontalgenetransfer
resultin networks of relationshipsratherthantreesof relationships. Although this
problemis widely appreciatedtherehasbeencomparatiely little work on computa-
tional methodgor estimatingevolutionarynetworks.

A standardechniquefor assessinghe performancef phylogenetiaeconstruc-
tion methodsis to usesimulationstudies. In suchstudies,a modeltopology (tree
or network) is generatedafter which a sequences evolved (including bifurcations
and non-treelile events)down the edgesof the modeltopology accordingto some
chosenmodel of sequencevolution. Finally, a phylogery is reconstructean the
resultingsetof sequenceandits topologyis comparedo the modeltopologyin or-
derto assesshe quality, or topologicalaccurag, of the reconstruction While mary
simulationtoolsandaccurag measureareavailablefor studyingthe performancef
phylogenetidreereconstructiormethodssuchtoolsandmeasuregrelackingin the
context of phylogenetimetworks.



We describea collection of suchtechniquesand quality measures{i) a tech-
niguefor generatingandomphylogenetimnetworks and simulatingthe evolution of
sequencesn thesenetworks, and (i) measure$o assesshe topologicalaccurag
of the reconstructedhetworks. We implementedhosetechniquesand conducteda
simulationstudy on one network reconstructiormethod,SplitsTree 1, andtwo
treereconstructioormethodsNeighborJoining andgreedyMaximumParsimony We
assessethe performancef thesemethodson datasetgeneratedn our simulation.

The restof the paperis organizedasfollows. Section2 providessomeback-
groundon phylogenetidreesanddescribeshevariousstepsinvolvedin a simulation
study Section3 introducesour new techniquesandreviews the existing reconstruc-
tion methodsusedin our study Section4 describesour experimentalsetup,while
Section5 reportsthe resultsof our experimentsandoffers someremarkson the use-
fulnessof our simulation o w.

2 PhylogeneticTrees

A phylogenetictreeon asetS of taxais arootedtreewhoseleavesarelabeledby S.
Suchatreerepresentshe evolutionary history of a setof taxa, wherethe leaves of
the phylogenetidree correspondo the extanttaxaandthe internalnodesrepresent
the (hypothetical)ancestorsMany algorithmshave beendesignedor theinference
of phylogenetidrees mainly from biomolecular(i.e.,DNA, RNA, or amino-acidse-
quences. Evaluatingthesealgorithmscannotbe donewith real dataalone sincewe
typically do notknow with high con dencethe detailsof the“true” evolutionaryhis-
tory. Thusthestandardneanof performancevaluationfor phylogeneticeconstruc-
tion methodss the simulationstudy in which “model” phylogeniesare constructed
using somechosenmodel of evolution, the “moderndata” (found in the leaves of
the modelphylogetry) arefed to the reconstructioralgorithms,andthe outputof the
algorithmscomparedvith the modelphylogery.

2.1 Modeltrees
Modeltreesaretypically takenfrom someunderlyingdistributiononall rootedbinary
treeswith n leaves;commonlyuseddistributionsincludethe uniformdistributionand
the Yule-Hardingdistribution®4. Althoughwe generatenetworks ratherthantrees,
we have basedour network generatioron the widely usedmodelof birth-deathevo-
lution, whichwe now brie y review in the context of treegeneration.
To generatea randombirth-deathtreeon n leaves, we view speciationand ex-
tinction eventsasoccurringover a continuousnterval. 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 generateatreewith n taxa,we begin this
processwith a single nodeand continueuntil we have a tree with n leaves. (With
somenonzeroprobability someprocessewvill not producea treeof the desiredsize,
sinceall nodescouldgo “extinct” beforen speciesaaregeneratedye thenrepeathe
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procesauntil atreeof thedesiredsizeis generated.)Underthis distribution, anatural
lengthis associatedvith eachedge,namelythetime elapsedetweerthe speciation
eventthat gave rise to that edgeandthe (speciationor extinction) event that ended
thatedge.Thusbirth-deathtreesareinherentlyultrametric thatis, thebranchlengths
areproportionalto time.

2.2 Treereconstructiormethods
In our experimentswe usedonenetwork reconstructiormethodandtwo treerecon-
structionmethodsneighbo¥joining (NJ) andgreedymaximumparsimoty (MP).

Neighorjoining® is the most populardistance-basethethod. For every pair
of taxa, it determines scorebasedon the pairwisedistancematrix, thenjoins
the pair with the smallestscore,building a subtreeof two leaveswhoseroot
replacesthe two chosentaxain the matrix. Pairwise distancedor this new
“supertaxon’arethenrecalculatecandthe entireprocesss repeatedintil only
threenodesremain;thesearethenjoinedto form anunrootedbinarytree.
Maximum parsimoty ® is one of the two main optimization criteria usedin
phylogenetiaeconstructionBecausehe problemis NP-hard we usea simple
greedyheuristic’8, which addstaxato the treeoneat a time in somerandom
order—theplacemenbf eachnew taxonis optimizedlocally.

2.3 Measuesof accuracy

A commonlyusedmeasureof the topologicalaccurag of reconstructedreesis the
Robinson-Bulds(RF) value®. Every edgee in an unrootedleaf-labelediree T de-
nes abipartition ¢ ontheleaves(deletinge cutsthetree);wesetC(T) =f .:e2
E(T)g, whereE (T) is the setof all internaledgesof T. If T is amodeltreeandT?
is areconstructedree,the falsepositivesarethe edgesof thesetC(T% C(T) and
thefalsenegativesarethoseof thesetC(T) C(T9).

Thefalsepositiverate (FP) is jC(T9 C(T)j)=(n 3).
Thefalsenegativerate (FN)is (jJC(T) C(T9j)(n 3).

Sincen 3isthenumberofinternaledgeof anunrootecbinarytreeonn leaves,the
falsepositive andfalsenegative ratesarevaluesin the range[0; 1]. The RF distance

betweerl andT °is simply the averageof thesetwo rates, N-F2.

3 PhylogeneticNetworks
3.1 Hybridizationandgenetransfer

Two of the mechanismghat canresultin non-treeevolution are hybridizationand
horizontalgenetransfer

In hybridization two lineagesecombindo createanew speciesassymbolized
in Figurel. The new speciesnay have the samenumberof chromosomess
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Figurel: Hybridization:the network andits two inducedtrees
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Figure2: Horizontaltransfer:the network andits two inducedtrees

its parent(diploid hybridizatior) or the sumof thenumbersf chromosomesf
its parentgpolyploid hybridization.

In horizontalgenetransfer geneticmaterialis transferredrom onelineageto
anotheyproducinga new lineage assymbolizedn Figure?2.

In thesetwo casesthe true evolutionaryhistoryis bestrepresentedy a network, or
directedacyclicgraph, ratherthanby atree.

Considethow anindividual site evolvesdown a network. For diploid organisms,
eachchromosomesonsistsof a pair of homologs. In a diploid hybridizationevent,
the hybrid inheritsone of the two homologsfor eachchromosomdrom eachof its
two parents.Sincehomologsassortat randominto the gametegsex cells), eachhas
anequalprobability of endingup in the hybrid. In polyploid hybridization,both ho-
mologsfrom both parentsarecontributedto the hybrid. Prior to hybridization,each
site on the homologhasevolvedin a tree-like fashion,althoughdue to meiotic re-
combination(exchangedetweerthe parentalhomologsduring gameteproduction),
differentstringsof sitesmay have differenthistories. Thuseachsitein thehomologs
of the parentof thehybrid evolvedin atree-like fashionon oneof thetreescontained
inside (or, inducedby) the network representinghe hybridizationevent; seeFig-
uresl(b)andl(c). Similarly, in anevolutionaryscenarianvolving horizontaltransfer
certainsitesareinheritedthroughhorizontaltransferfrom anotherspeciesasin Fig-
ure2(b), while all othersareinheritedfrom theparentasin Figure2(c). Thus,in each
of thesewo scenariosgad siteevolvesdownoneof thetreesinducedby the network

3.2 Repesentation

Phylogenetimetworks canbe representedby rooteddirectedacyclic graphs where
eachnode(exceptfor theroot) hasindegreel or 2. Nodesof indegreel arecalled
treenodes whereanodesof indegree2 arecalledhybrid nodes A hybrid nodetyp-
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ically takesits geneticmaterialfrom both of its parents,whereasa tree nodetakes
its geneticmaterialfrom its sole parent. The leavesof a network representhe ex-
tanttaxa,andthe internalnodesrepresenthe hypotheticalancestrataxa. Whereas
phylogenetidreeshave a standardepresentatiorthe Newick format(a form of pre-
order traversal),no suchrepresentatiomxists for phylogeneticnetworks. We thus
simplyrepresenainetwork asalist of its edgeswhereeachedgeis de ned by its two
endpointsandits weight (the expectednumberof changeslongthatedge).

3.3 Modelnetworks

We proposea modelfor generatingandomnetworks basedon birth-deathmodelfor

trees. A birth eventin treesrepresentsegular speciation;jn networks, a birth event
canbe eitherregular speciationor hybrid speciation. We describerst the general
model,thentherestrictedmodelusedin our experiments.

Our modelincorporateghreetypesof events: regular speciation hybrid speci-
ation, andextinction. (Lateralgenetransferscaneasilybe addedaswell.) Hybrid
speciationeventsincludediploid, allo-tetraploid,allo-hexaploid, allo-octaploid,and
auto-tetraploichybridization. To generatea randomnetwork, we startwith onenode
(theroot) anda pair of sequence@hetwo homologsof the chromosomaet the root)
andinitiate aregularspeciatiorevent,thuscreatingtwo lineages.

Eachlineageis representetly anedgein thenetwork. An edgeeis de ned by its
two endpointnodesu andv. Associatedvith eachnodeu is atime-stampt(u), and
associatedvith eachedgee is a positive realnumber w(e), indicatingthe expected
numberof changeslongthat edge. Whenever a new lineageis createdat nodeu,
thesequenceatnodeu evolve alongthe newly createdineage accordingto agiven
modelof evolution andto the w(e) valueassociatedvith thatlineage. (The model
canbeeasilyextendedo supportnonuniformratesamongsegmentsof thesequences
by associatingvith eachedgea collectionof values,onefor eachsegment.)

At ary timet, we considerall of thelineageghatexist atthattime. For eachsuch
lineagel, andbasedon certainprobabilities eithernothinghappenswhich meanghe
lineagel is continuedpr oneof threemutually exclusive eventsoccurs:

Extinction: Lineagel becomesxtinct andaleafu is createdwvith stampt.

Speciation: A nodeu is createdvith stampt andtwo new lineagesarestartedrom u.

Hybridization: LetH bethesetof all lineagesattimet andchoosealineagel®2 H
to hybridizewith |. (The choiceof 1° dependson the ploidy level andnumber
of chromosomesf |% aswell asontheevolutionarydistancebetweer andi®.)
Whenl andI®hybridize thetwo lineagesarecontinuedandanew, third lineage
arisesfromthehybridspeciatiorevent. We allow eachlineageto hybridizeonly
onceat eachpointin time.

This procesamay generatea network with fewer thanthe desirednumberof leaves,
sinceall lineageanight go extinct beforeenoughineagesarecreatedjn suchacase,
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we can repeatthe processuntil we obtaina network of the desiredsize or we can
conductiongitudinalstudiesin a populationof networksof diversesizes.

In ourgeneramodel,thetopologyof the network andthesequenceateachnode
aregeneratedogetherin aninterdependentanner Suchdependencée important
in networks,sincethe probabilityof a particularhybridizationstakingplacedepends,
amongotherthings,on the actualgenomesf the putative hybridizationparents.In
thegeneratiorof trees,in contrastsimulationstudiesgenerallygeneratatreetopol-
ogy rst, thenuseit to derive mary differentcollectionsof sequences—thmpology
doesnot dependon the sequencesOur restrictedmodel follows the outline of our
generamodel,but assumeshe sameindependencasedin treesimulationsandthus
begins by generatinga network andthenevolvesthe sequencedown the completed
network. To generatea randomnetwork N with onehybrid, we startwith arandom
birth-deathtree T, with timesassociatedvith its nodes.Let thetime attherootbeO
andthatatthelastgeneratedeafbet;; lett; beauniformvariatein theinterval [0; t;].
We identify all nodesin the treewith agenot exceedingt;, but whosechildrenhave
agesexceedingt;: thesenodesarethe potentialparentsof the hybrid. We calculate
the pairwiseevolutionary distancegthe length of the tree paths)amongall of these
nodesandchoosehetwo parentsvith aprobabilityinverselyproportionalto theevo-
lutionary distancebetweerthe two nodes.Hybridizationthusoccursbetweemodes
that coeist in time andis morelikely betweenmore closelyrelatedancestrataxa.
To generate hybrid nodes we repeatthe proces9 times, thusallowing hybridsto
hybridizeagain. The networksthusgeneratedire ultrametric;for eachedge we use
a uniform variatex in therange[ Inc;In ¢] andmultiply the edgelengthby €* to
deviatethe networksfrom ultrametricity (We call ¢ thedeviation factor.)

3.4 Simulatingsequencevolutionon networks
We basedur sequencgeneratioron the popularSeqg-Gen® tool, which takesatree
in the Newick formatandsimulateghe evolution of sequencealongthattreeunder
a choiceof modelsof evolution. Seg-Gersimulateghe evolution of sequencesn a
treeby placingarandomsequencef thedesiredengthattheroot of thetreeandthen
evolving it down thetreeusingthespeci edmodelof evolutionandotherparameters,
includingscalingfactor codon-speci ccorrectionsgammarateheterogeneityetc.
Our modi ed version,Seq-Gen2takesa network asaninput; it assumesliploid
hybridizationandusesnetworks producedby our restrictedmodel. Themainchange
is thatSeq-Gen2volvesa pair of sequencedh andB, correspondingo thetwo ho-
mologsof the chromosomeThetwo sequenceé andB areevolvedindependently
down the tree, using the speci ed modelof evolution andthe otherparameters.in
the caseof treenodes,boththe A andB sequenceareevolvedin exactly the same
manneiasthey evolveonatree.In thecaseof adiploid hybrid node thenodeinherits
the A or B sequencé&om oneparentandthe A or B sequencé&om theotherparent.
Thereis no evolution on the edgeshetweerthe parentsof the hybrid andthe nodeat
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the origin of the hybrid, since,at the scaleof evolution, hybridizationis essentially
instantaneousT he outputof Seq-Gena2s a setof pairsof sequenceattheleaves.

4 Measuring the DistanceBetweenTwo PhylogeneticNetworks

We wantto measureahe error betweerna modelnetwork N ; andaninferrednetwork
N2; this measurem(Ny; N), mustbe honngjative and symmetricand satisfy two
properties:

N; andN, arethesamenetwork exactlywhenm(N; N3) = 0.
If N; andN, aretreesthenm(N1; N;) reducego the RF measure.

Thesearevery mild requirementsin particular they do notde ne ametric,sincewe
have notincludedary form of triangleinequality

We proposeiwo measuresOur rst measurebasedon a graphmodel,seekgo
extendthe RF measurdy viewing the networks asextensionsof trees.(Remawing a
chosensubsetof edgesrom the network leavesa tree; the numberof suchsubsets,
however, canbe verylarge.) ThisapproacHeadsto a sophisticatediew of therela-
tionshipbetweertwo networks,but theresultingmeasurés too expensveto compute
exactly andtendsto overemphasizénheimportanceof guessingust theright number
of non-treeevents. Our secondneasureseekgo extendthe RF measuréyy viewing
thenetworksin termsof partitions.Justasthe RF measureountsthenumberof com-
patiblebipartitions,our nev measurecountsthe numberof compatibletripartitions.
This secondneasuras easyto de ne andcompute s very closelyrelatedto the RF
measureandcanalsosupportaweightingscheme.

Let N1 have p hybrid nodesandN, have g hybrid nodes.ThenN; inducesa set
T, of atmost2P treesandN; inducesa setT; of at most29 trees.Figurel shavs a
network with onehybrid nodeandits two inducedtrees.De ne thecompletebipartite
graphGNtN2 = (T, [ T,; E) (which hasanedgee = (u;v) betweereveryu 2 T
andv 2 T,) andassignto eachedgee = f u; vg aweightw(e), theRF valuebetween
thetwo treesthatcorrespondo nodesu andv. Our rst measureannow bede ned.
De nition 1 Theerror ratebetweerN; andN is theweightof theminimum-weight
edege-coverof GNNz,
The minimum-weightedgecover of a graphG ) (V;E) isasubsett® E such
thatE° coversV andthe sumof edgeweights, w(e)2e0W(€), is minimum. This
measurelearly satis esourtwo requirementsAlthoughthe minimum-weightedge-
cover problemis solvablein polynomialtime, the sizeof the bipartitegraphis expo-
nentialin the numberof hybrid nodes,so that computingthe error rate may require
exponentialtime. In practice becausdybridizationis a rareevent, the true network
will have relatively few hybrid nodes,sothatgoodreconstructionganbe evaluated
quickly. More damagings the factthatthis measurelacesa very strongemphasis
onreconstructingnetworksthathave theright numberof hybridizationevents—small
errorsin thathumberdominateevenvery large errorsin the choiceof otheredges.
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This shortcomingeadsusto designa measureébaseddirectly on partitions. Let
N beanetwork, leaf-labeledy asetof taxaS, ande beanedgein N, whereu is the
sourceof e, andv is thetargetof e (i.e., u is aparentof v). Eachedgee 2 N induces
atripartition of S, de ned by thesets

A(e) = fs2 S: sisreachabldrom therootof N only viavg.

B(e) = fs2 S: sisreachabldromtherootof N via atleastonepathpassing
throughv andonepathnot passinghroughvg.

C(e) = fs2 S : sisnotreachabldrom therootof N viavg.

For eachedgee, the threesetsA(e), B (e) andC(e) areweighted;the weight of an
elementin A(e) or C(e) is O (or ary 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 weightedsetsS; and S, areinterchangeablejenoted
by S; S,, whenever they containthe sameelementsand eachelementhasthe
sameweightin bothsets. Two edgese; ande, arecompatible denotecbye; ey,
wheneerwehare A(e;) A(ex) andB(e;) B(e))andC(e;) C(ey).

We de ne thefalsenagativerate (FN) andfalsepositiverate (FP) betweentwo
networksN 1 andN, asfollows.

FN(N1;No) = jfer 2 Ny :®e; 2 Ny sit: ;. ex0j5Nyj.
FP(N1;N2) = jfex 2 Ny :®e; 2 Ny sit: e e0j5Nyj.

De nition 2 Theerror rate betweerN; and N, is the average of FN(N1; N2) and
FP(N 1, N 2).

This measureclearly satis esour two conditionsandis computablén time polyno-
mial in the sizeof thetwo networks.

5 Experimental Settings

In orderto obtainstatisticallyrobustresults-ti'?, we used30 runs eachcomposeaf
anumberof trials (atrial is a singlecomparison)computeda meanoutcomeof each
run, and studiedthe meanand standarddeviation of theseruns. The standardevi-
ation of the meanoutcomesn our studieswas generallynegligible for NJ and MP
(exceptfor very small numbersof taxa),andonly rarely larger for SplitsTree

We graphedhe averageof the meanoutcomedor theruns,but omittedthe standard
deviationfrom the gures for clarity.

We ranour studieson randomnetworks generatedisingthetechniquedescribed
earlier Thesenetworkshaddiameter2; in orderto obtainnetworkswith otherdiame-
ters,we scalecthe edgelengthsby factorsof 0.01,0.05,0.1,0.5,1, and2, producing
networks with diametersof 0.02,0.1,0.2, 1, 2, and4, respectiely. To deviate the
networksfrom ultrametricity we useda deviation factorof 4. We generateaetworks
with 0, 1, 2, 3, 4, and5 hybrids,for 10, 20, 40 and80 leaves—onenetwork for each
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combinationof diametey numberof taxa,and numberof hybrids. We thenevolved
sequencesn thesenetworksusingthe K2P+Gamma3 modelof evolution (we chose

= 1for theshapeparameteandsetthetransition/transgrsionratio to 2). We used
a x edfactor** of 1 for distancecorrectionandusedsequencéengthsof 25,50, 100,
250,and500. We usedour Seg-Gen2o evolve DNA sequencedown the network
underthe K2P+Gammamnodelof evolution. The datasetsve generateatonsistedf
pairsof sequencessdescribedhowever, thephylogenetianethodsunderstudytake
datasetsvith only asinglesequenceertaxon. Thereforefrom eachsequenceataset
thatwe generatedywe createdwo sets:onethatconsistedf the A sequencef each
taxon, and one that consistedof concatenatiorof the A and B sequencesf each
taxon. Thus,the effective sequencéengthsthatwe looked at were 25, 50, 100, 250,
and500,whentheA sequencewereusedand50,100,200,500,and1000,whenthe
concatenatiomf A andB wasused. We usedPAUP*® for the greedyMP method
andtheSplitsTree  softwarepackagé.

6 Resultsand Discussion

We presentwo setsof results: one setcompareghe outputof SplitsTree  with
the true network in termsof the numberof hybrid nodescreated while the second
compareghe topologicalerror rate of the threemethods. Our rst nding is that
SplitsTree tendsto reconstructmore hybrid nodesthan are presentin the true
network, asillustratedin Figure 3 (the correctansweris on the obliqueline). The
effect decreaseasthe numberof true hybridsincreases—indeedhe worst-casen-
stancedor SplitsTree  aretrees.

Our secondset of gures compareshe FN and FP error rates(as de ned in
Section4) of SplitsTree , NJ, and MP as a function of the numberof true hy-
brids (Figure 4), the sequencéength (Figure5), the numberof taxa(Figure6), and
thescalingfactor(Figure7). Thetwo treereconstructionmethodsarenearlyindistin-
guishablahroughouburexperimentgwith aslightadvantageof MP overNJin some
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cases).As expectedfrom the resultsof mary previous experimentalinvestigations,
their errorrategrows slowly with the numberof taxa,decreaseslowly with increas-
ing sequencdength, and grows very slowly with increasingscalingfactor Since

thesemethodsnever createhybrid nodes their error rate as a function of the num-

berof true hybridsmustgrow linearly in p, wherep is the numberof true hybrids,a

growth clearlydemonstrateéh Figure4.

Theaccurag of SplitsTree  suffersfrom its overestimatesf the numberof
hybrid nodes: every hybrid not presentin the true network affects all edgesfrom
which the hybrid is reachable.Thus Figure4 con rms our ndings from Figure 3:
asthe numberof true hybrid nodesincreasessplitsTree  infersa moreaccurate
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numberof suchnodesandits errorratedoesnot noticeablyincreasewith thenumber
of hybrids. (Note thatit is the FP rate that varies; the FN rate appearsunafected
by the numberof hybrids.) Sofar, our measureof topologicalaccuray behaesas
desired.However, its behavior for SplitsTree  in Figures5 and6 is, at rst sight,
surprising:onemight expectthe sametrendsasfor thetwo treereconstructioralgo-
rithms. Onceagain,however, this behaior accuratelyre ects the characteristicef
thereconstructionsThemild increaseof the FPratein Figure5 is dueto theincreas-
ing numberof incompatiblesplits (the decisioncriterionusedby SplitsTree ) due
to anincreasinghumberof charactersThesharpdecreasén the FPratein Figure6 is
dueto the normalizatiorby theincreasechumberof taxaandthefactthattheerroris
mostly attributableto excesshybrid nodeswhosenumberdoesnot stronglydepend
onthe numberof taxa.

Overall,ourproposedsecondmeasur®f topologicalaccurag givesresultsthat
follow qualitative expectationsneitherover- norunderemphasizintpeimportanceof
hybrid events.

7 Conclusions

We have presentedh suite of tools that forms the basisof a simulation o w for the
studyof network reconstructiormethods.The paucity of toolsin this area,coupled
with the universalrecognitionthat tree modelsaretoo limited in mary areasof the
Treeof Life, makesthedevelopmenbf measuresalgorithms,andtoolsanurgenttask
in phylogenetiaesearch.While our testsuite (generatorand measuresjs tailored
for network reconstructiongur resultsat this pointdo not allow usto concludemuch
aboutnetwork reconstructioomethods—wesould only testoneexisting method(oth-
erswe tried would notrun properly)andour rangeof experimentaldatain this study
wassomavhatlimited. Yet, our testsuiteshaws thatit is possibleto devise anduse
simulationsfor the assessmemtf reconstructioomethodsfor phylogenetimetworks.
Our errormeasurdasthe advantagehatit doesnot handleindependentlyreeerrors
andnetwork characteristicsavoiding the pitfall of having to assignrelative weights
or prioritiesto the two; if it doesappearo favor treesslightly over networks, thatis
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15.

but are ection of Occamsrazor: hybridizationeventsshouldbe usedonly sparingly
to explain datafeaturesotherwiseexplainableundera treemodel.
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