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Summary

1. Allele (or haplotype) networks are often used in phylogeographic studies to display genetic variation within a

species or a group of closely related species. A global maximum parsimony approach to infer allele networks,

arguably the method of choice to display genetic variation at the intraspecific level, consists in inferring all most

parsimonious trees from aDNA sequence alignment and combining the corresponding phylograms into a single

graph. However, it has been suggested that, while classic phylogenetic programs generate a single phylogram per

most parsimonious tree, deriving all possible phylograms from them would allow identifying additional most

parsimonious paths among alleles, thereby improving this network inferencemethod.

2. We test this prediction by analysing both simulated and empirical DNA sequence alignments. For this pur-

pose, a computer program, CPN, was developed to implement the entire procedure, starting with a set of most

parsimonious trees and combining all derived phylograms into a network.

3. We show that including all possible most parsimonious phylograms indeed often results in finding additional

most parsimonious paths in the network graph, thereby improving the search for a global maximum parsimony

solution.

4. We highly recommend the use of this approach in future phylogeographic studies, to ensure that all most par-

simonious paths are included in the allele network, instead of an arbitrarily selected subset of those.

Key-words: haplotype network, intraspecific DNA sequence variation, phylogeography,

phylogram

Introduction

In phylogeographic studies, allele or haplotype networks are

typically used to display genetic variation within a species or a

group of related species.While other types of phylogenetic net-

works exist (e.g. Huson, Rupp & Scornavacca 2011; Morrison

2011), we focus here on those graphs generated by, for exam-

ple, a median-joining (Bandelt, Forster & R€ohl 1999) or statis-

tical parsimony (TCS network; Clement, Posada & Crandall

2000) algorithm, in which nodes represent different allelic

sequences and are joined by edges (branches) whose length

shows the number of nucleotides that differ between them (e.g.

Huson, Rupp & Scornavacca 2011). In this context, an impor-

tant advantage of a network graph over a phylogenetic tree lies

in the use of cycles (loops) to display ambiguous signal in the

data (Posada&Crandall 2001;Mardulyn 2012).

Severalmethods are available to infer an allele network from

a set of DNA sequences, but their performances have been

shown to differ (Cassens, Mardulyn & Milinkovitch 2005;

Woolley, Posada&Crandall 2008;Mardulyn, Cassens &Mili-

nkovitch 2009; Salzburger, Ewing & Von Haeseler 2011). The

use of traditional phylogenetic methods, mostly maximum

parsimony, appears better suited for this task, as they use an

objective function to explore the space of all possible phyloge-

netic hypotheses and to identify the best ones. In this sense,

they provide, or seek to provide, solutions that are globally

optimal. Studies that have compared the performances of net-

work inferencemethods tend indeed to agree that they perform

better in general (Woolley, Posada & Crandall 2008; Salzbur-

ger, Ewing &VonHaeseler 2011), or at least equally well (Cas-

sens, Mardulyn & Milinkovitch 2005), than methods that

build a network step-by-step following a well-defined proce-

dure, but that do not compare it to other possible networks

using a criterion of global optimality. Nonetheless, Mardulyn,

Cassens & Milinkovitch (2009) and Mardulyn (2012) have

shown examples in which a median-joining algorithm found

alternative paths among alleles that were not considered by a

classic maximum parsimony phylogenetic analysis. They sug-

gested that a problem may lie with the inference of ancestral

sequences for the interior nodes of the most parsimonious

(MP) trees. All classic phylogenetic inference programs pro-

vide only one MP reconstruction of ancestral sequences per

tree (while other equally parsimonious reconstructions are

often possible), thereby generating a single phylogram (i.e. a

tree that includes branch length information, as opposed to a

cladogram, that conveys only topological information), which

is sufficient when inferring a species tree, but may become

problematic when studying intraspecific variation, because

other possibleMPphylograms can identify other equally parsi-
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monious paths in the network graph. This suggests a simple

improvement to the global parsimony approach, consisting in

generating all MP phylograms corresponding to the set of

identified MP cladograms (i.e. all MP combinations of ances-

tral sequences for the set of MP trees inferred from a DNA

sequence alignment), before combining them into a network

graph.

Here, we explore the added value of taking into account

all MP combinations of ancestral sequences to build a net-

work. We developed a program, CPN, that takes as input a

set of MP cladograms and the corresponding DNA sequence

alignment and outputs the set of corresponding MP phylo-

grams, by taking into account all MP reconstructions of

ancestral sequences, identified by an algorithm previously

described in Maddison & Maddison (1992; unordered char-

acters, pp. 92–93). Indeed, phylograms instead of cladograms

are used to build the final network, as they contain branch

length information that is crucial to identify the MP paths of

the allele network. Taking all MP combinations of ancestral

sequences into account allows the identification of additional

MP phylograms which sometimes results in one or more

additional MP path(s) in the final network. The same pro-

gram also combines all identified phylograms in a single net-

work using the algorithm described in Cassens, Mardulyn &

Milinkovitch (2005), modified to allow reducing the length of

cycles, by merging some of its edges and nodes, where possi-

ble (see program manual for a detailed description of this

modification). We then simulated DNA sequence data using

a classic coalescence model, analysed the resulting data sets

under maximum parsimony and produced two network

graphs with the resulting MP phylograms, one combining

only the original set of phylograms produced by the classic

phylogenetic analysis program, and the other by combining

the potentially larger set of phylograms, inferred from the

identified MP cladograms by taking all possible MP recon-

structions of ancestral sequences into account. The compar-

ison of these two networks allowed us to investigate the

improvement provided by taking all possible phylograms

into account for generating the MP network graph, or, in

other words, the extent with which failing to do so produces

a globally incomplete MP solution.

Materials andmethods

An allele or haplotype network graph can be constructed by combining

all MP trees inferred by a classic phylogenetic program from a DNA

sequence alignment. Such phylogenetic program provides in general a

single phylogram per MP tree, but alternative phylograms can be

derived as well, as there are usually other equally parsimonious combi-

nations of ancestral sequences for the interior nodes. We propose to

improve the search for a global maximumparsimony solution by deriv-

ing all most parsimonious phylograms to produce the final graph.

Using a program we developed to produce all most parsimonious phy-

lograms from the original set of most parsimonious cladograms, we

evaluate whether, and to what extent, it improves allele network infer-

ence.

We generated intraspecific DNA sequence data by simulating gene

genealogies under a classic coalescent model using MS (Hudson 2002)

and by simulating the evolution of DNA sequences along the resulting

genealogies with Seq-Gen (Rambaut & Grassly 1997). As shown in

Table 1, we varied sample size, sequence length and mutation rate

parameter among simulations, to span a large set of conditions. These

conditions were chosen so as to generate a range of values regarding

tree length (i.e. total number of mutations, which varies from �20 to

�300; see Table 1) and number of cycles (denoting homoplasious

states) similar to what is typically found in empirical phylogeographic

data sets. A few empirical data sets were also analysed to explore the

usefulness of our suggested approach for real sequences.

Most parsimonious trees were inferred from each DNA sequence

alignment using PAUP (Swofford 2003), by implementing a heuristic

search (simple addition sequence). The resulting set ofMP cladograms,

or correspondingMP phylograms produced by the same program, was

given as input to our program CPN (http://ebe.ulb.ac.be/ebe/

CPN.html). CPNwas used first to simply combine the set ofMPphylo-

grams generated by PAUP into a network, then to derive the complete

set of MP phylograms associated with the set of MP trees inferred by

PAUP, and to combine them in a second network graph. We con-

ducted 20 independent runs of combining phylograms with CPN, each

time randomly reordering the list of phylograms to combine, as the

order in which they are added to the graph can influence the final net-

work (Cassens, Mardulyn & Milinkovitch 2005). When different net-

works are found among runs, CPN identifies the best network as the

one with the lowest number of connections (defined as a path between

two labelled/union nodes; a union node is defined as unlabelled, that is,

unsampled alleles connected to more than two edges). Only data from

the best network are shown. For each inferred network, three statistics

were computed for comparison: number of connections, number of

mutations (total network length) and number of union nodes. Defining

network complexity as the number of connections that must be

removed from the network to produce one of the initial MP phylo-

gram, we use the total number of connections in the graph as a proxy

to compare the complexity of graphs generated with or without infer-

ring extra MP phylograms. CPN has an option allowing reduction of

the length of each cycle by merging some of its edges and nodes, wher-

ever possible (i.e. for each potential cycle reduction, the program checks

first that each MP phylogram is still included in the network). While

this reduction is desirable to produce the final network, it will also

increase the total number of connections, which will no longer be pro-

portional to network complexity. For the purpose of our comparison,

the three statistics reported here are thus the one measured before cycle

reduction.

Results and discussion

Tables 1 and 2 summarize the increase in complexity of the

inferred network graph when considering all MP phylograms

(i.e. after running the CPN program), instead of only the sub-

set of MP phylograms generated by PAUP, respectively, for

simulated and real DNA sequence alignments. While in some

cases, mostly involving shorter trees (lower overall number of

mutations), the complete set of inferred MP phylograms was

identical to the set generated by PAUP; in many others, addi-

tional MP phylograms were found. In these cases, the com-

plexity of the network graph increased, as evidenced by its

larger number of connections. The fact that it occurs alsowhen

analysing real data sets (Table 2; three cases out of seven) indi-

cates that it is worth implementing the extra step of searching

for all MP phylograms associated with a sequence alignment,
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before combining them into a network graph. For all data sets

we analysed, the extra time needed to infer all MP phylograms

amounted to maximum 30 s. The time needed to produce the

graph (i.e. 20 independent runs of combining all MP phylo-

grams into a network) amounted in general to somewhere

between a few seconds and a fewminutes. In the most complex

cases, however, this step extended to more than 1 h of analysis

per run (up to 7 h 30 per run, for the set of longest MP phylo-

grams in Table 1). Note that when we performed several inde-

pendent runs of combining a given set of MP phylograms into

Table 1. Comparison between networks of simulated DNA sequences (1) built from the set of MP phylograms generated by a classic phylogenetic

inference program (PAUP) and (2) built from the set of allMP phylograms derived from the set ofMP trees by CPN

Simulation

parameters

Inferred phylograms Network characteristics

Time of analysis1

Length

Count Connections Mutations Union nodes

n L s PAUP CPN PAUP CPN PAUP CPN PAUP CPN PAUP CPN

20 200 0�05 23 2 3 12 13 33 24 1 2 <1 s <1 s

20 200 0�05 28 2 3 14 15 39 29 2 3 <1 s <1 s

20 200 0�05 30 2 3 16 17 32 31 3 4 <1 s <1 s

100 200 0�05 31 1 1 17 17 31 31 2 2 <1 s <1 s

100 200 0�05 37 2 9 21 23 38 39 2 3 <1 s <1 s

20 200 0�1 41 1 1 16 16 41 41 4 4 <1 s <1 s

20 200 0�05 46 3 4 21 22 62 63 7 7 6 s 8 s

100 200 0�05 47 1 1 32 32 47 47 6 6 <1 s <1 s

20 200 0�1 48 1 3 18 21 48 49 6 8 <1 s 1 s

100 200 0�05 53 1 1 28 28 53 53 6 6 <1 s <1 s

20 200 0�1 55 2 7 21 34 58 70 7 13 5 s 56 s

50 200 0�1 58 5 216 34 632 91 161 5 13 <1 s 3 h

50 200 0�1 66 2 3 32 33 68 67 5 6 <1 s <1 s

20 200 0�1 69 4 18 21 312 86 92 7 11 1 s 41 s

50 500 0�05 72 1 1 23 23 72 72 6 6 <1 s 12 min

50 200 0�1 72 2 27 36 42 76 75 8 12 2 s 5 min

100 200 0�1 74 2 2 43 43 87 87 8 8 8 s 8 s

50 200 0�1 78 1 9 30 472 78 100 7 14 <1 s 56 s

50 500 0�05 81 1 3 36 39 81 82 6 8 <1 s 1 s

50 500 0�05 85 2 2 35 35 92 92 8 8 2 s 2 s

50 200 0�1 86 2 9 34 38 95 88 6 9 <1 s 59 s

50 500 0�05 87 5 6 42 43 101 97 13 14 4 min 6 min

50 200 0�1 88 1 1 29 29 88 88 4 4 <1 s <1 s

50 200 0�1 88 1 3 36 44 88 122 9 13 <1 s 18 s

50 500 0�05 92 1 3 35 38 92 93 8 10 <1 s 6 s

50 500 0�05 92 1 18 29 42 92 106 5 11 <1 s 14 min

100 200 0�1 94 2 510 31 2282 97 1555 5 36 <1 s 6 days

100 200 0�1 95 1 18 40 51 95 137 6 12 <1 s 58 s

50 200 0�1 96 2 318 32 4582 136 5707 7 97 <1 s 6 days

50 500 0�05 98 1 2 39 43 98 106 10 12 <1 s 14 s

50 500 0�05 99 1 1 34 34 99 99 6 6 <1 s <1 s

50 200 0�1 108 1 3 34 37 108 109 10 12 <1 s 9 s

100 200 0�1 109 4 126 43 632 112 138 7 17 6 s 32 h

50 200 0�1 115 1 360 29 487 115 6861 6 156 <1 s 2 days

20 1000 0�05 126 2 4 26 29 132 133 9 11 20 s 44 s

20 1000 0�05 127 2 21 26 42 139 221 7 15 10 s 14 min

50 500 0�05 149 8 112 45 662 255 180 13 21 6 min 4 days

50 500 0�05 152 2 54 36 66 170 363 7 20 1 s 3 h

20 1000 0�05 161 1 6 30 38 161 167 11 16 <1 s 4 min

20 1000 0�05 187 1 30 26 63 187 976 10 26 <1 s 1 h

20 1000 0�1 211 1 18 30 40 211 219 13 19 <1 s 1 h 39 min

20 1000 0�1 328 3 48 30 742 346 654 13 27 32 s 14 h

20 1000 0�1 331 1 234 28 614 331 22 744 10 225 <1 s 6 days

Data sets ordered by tree length.

Analysis time refers to the process of combining all phylograms into a network; inferring the complete set of all MP phylograms took 10 s at most

for the cases investigated here.

n, sample size;L, sequence length; s, mutation rate parameter. A connection is defined as a path between two labelled/union nodes; a union node is a

unlabelled node connected tomore than two branches (edges).
1All analyses performed with the command-line version of CPN, on a computer cluster, each run associated to a 29 AMD Opteron CPU

(2�2–2�4 GHz) and to amaximumof 1 GBofRAM.
2The 20 runs of CPNgenerated at least two different networks; data reported for the network associatedwith the lowest number of connections.
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a network (randomly reordering the list of phylograms and of

connections to add to the network being built between runs), it

resulted in more than one network only in a few cases (identi-

fied by superscript 2 in Table 1). In these cases, the difference

between networks was small.

For a single simulated data set (result not shown), the algo-

rithm could not combine all phylograms in a reasonable

amount of time (limit set to 8 h for a single run) given the large

number of inferred MP phylograms and the high complexity

of the resulting network. However, this concerned one of the

Table 2. Comparison between networks of empirical DNA sequences (1) built from the set of MP phylograms generated by a classic phylogenetic

inference program (PAUP) and (2) built from the set of allMP phylograms derived from the set ofMP trees by CPN

Data set

Inferred phylograms Network characteristics

Time of analysis1

Length

Count Connections Mutations Union nodes

PAUP CPN PAUP CPN PAUP CPN PAUP CPN PAUP CPN

Pitra et al. (2002) 18 4 4 11 11 19 19 2 2 <1 s <1 s

Worheide, Hooper&Degnan (2002) 35 3 8 23 27 36 39 4 6 16 s 2 min

Caicedo&Schaal (2004) 39 18 18 33 33 63 63 6 6 2 min 24 s 2 min 30 s

Mardulyn,Mikhailov&Pasteels (2009) 39 16 16 33 33 51 51 2 2 <1 s <1 s

Olsen (2002) 61 2 2 36 36 67 67 9 9 1 min 1 min

Balakrishnan et al. (2003) 69 9 28 40 48 112 120 14 16 5 min 62 min

Neiman&Lively (2004) 76 60 90 51 55 85 89 6 8 12 min 46 min

Data sets ordered by tree length.

Analysis time refers to the process of combining all phylograms into a network; inferring the complete set of all MP phylograms took 30 s at most

for the cases investigated here.

A connection is defined as a path between two labelled/union nodes; a union node is a unlabelled node connected tomore than two branches (edges).
1All analyses performed with the command-line version of CPN, on a computer cluster, each run associated to a 29 AMD Opteron CPU

(2�2–2�4 GHz) and to amaximumof 1 GBofRAM.

Fig. 1. Comparison between the network built by CPN using all MP phylograms (CPN network) and the network built only from the initial set of

MP phylograms produced by PAUP (PAUP network), for the data set of Balakrishnan et al. (2003). Alleles present in the data set are labelled with

the letter H, followed by a unique number, in contrast to union nodes labelled only with a number. Numbers over branches indicate branch lengths.

Connections that are found in both networks are displayed as grey lines and those that are unique to each of the original network are displayed as

black (CPNnetwork) or dashed (PAUPnetwork) lines.
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longest MP trees (296 mutations) analysed, and such a high

number of mutations is seldom observed for intraspecific data

sets of similar sequence length (1000 bp). In this case, the prob-

ability of multiple substitutions occurring at the same sites is

no longer negligible, and other criteria, such as maximum like-

lihood, might in fact becomemore appropriate.

Is the observed increase in complexity of the inferred net-

work desirable? One could be tempted to avoid searching for

all MP phylograms, preferring to generate a simpler allele net-

work, which would then be easier to interpret. However, doing

so would amount to arbitrarily select only a subset of all MP

phylograms, and therefore, only a subset of the MP paths in

the network graph. On the contrary, we argue that if relying on

the maximum parsimony criterion, it is important to include

all MP connections in the final graph, otherwise it represents

only a partialMP network.

To illustrate further the increase in network complexity that

can accompany the inclusion of all MP phylograms, Fig. 1

compares the network built by CPN from all MP phylograms

(CPN network), for one of the empirical data set of Table 2,

with the network built from the initial set of MP phylograms

generated by a standardMP analysis (PAUP network). While

the number of connections is higher for the CPN network (as

shown in Table 2), some connections of the PAUP network

are not included in the CPN network. This is because the inclu-

sion of additional MP phylograms by CPN, compared to the

initial set identified by PAUP, led the program to select alter-

native connections to produce the best final network (i.e. the

network with the overall minimum number of connections).

Interestingly, the median-joining network generated by the

programNetwork (Bandelt, Forster & R€ohl 1999; available at

http://www.fluxus-engineering.com/sharenet.htm) with the

same data set produces also unique connections compared to

theCPNnetwork (Fig. 2). However, those connections are less

parsimonious: in fact, every phylogram that can be produced

from the median-joining network by deleting alternative con-

nections (thus breaking cycles in the graph) are less parsimo-

nious. It was already noted by Bandelt, Forster & R€ohl (1999)

and further highlighted byCassens et al. (2003); Cassens,Mar-

dulyn & Milinkovitch (2005), that a median-joining network

does not always contain the set of all MP trees, which is not

surprising given that the median-joining algorithm does not

use a criterion of global optimality to evaluate the network.

Note that the global parsimony approach to infer allele net-

works relies on the ability of the initial maximum parsimony

analysis to infer all MP phylogenetic trees. Because the com-

plexity of this task increases dramatically with the number of

sequences in the data set (e.g. Felsenstein 2004), it is recom-

mended to collapse all copies of the same allele/haplotype to

a single sequence, thereby reducing the size of the alignment

Fig. 2. Comparison between the network built by CPN using all MP phylograms (CPN network) and the median-joining network built with the

program network, for the data set of Balakrishnan et al. (2003). Alleles present in the data set are labelled with the letter H, followed by a unique

number, in contrast to union nodes labelled only with a number. Numbers over branches indicate branch lengths. Connections that are found in

both networks are displayed as grey lines, and those that are unique to each of the original network are displayed as black (CPN network) or dashed

(median-joining network) lines.
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used to infer the network. Nonetheless, given the often large

number of alleles analysed when exploring genetic variation

at the intraspecies level, the use of heuristic searches to find all

MP phylogenetic trees is usually required. This means we can

increase the performance of the analysis by using well-

designed heuristic strategies, but that we have no guarantee

that all MP cladograms, and therefore all MP phylograms,

will be identified and included in the final network graph.

While this could be seen as a weakness of the global parsi-

mony approach to network inference, we rather see this as an

inherent problem associated with analysing large spaces of

possible historical hypotheses. Selecting a simpler method

that generates a network from a sequence alignment without

exploring all possible hypotheses would actually lead even

more likely to an incomplete MP network.

In conclusion, when choosing global maximum parsimony

to infer a network graph from a set of aligned sequences, it is

important to derive all MP phylograms from the set of MP

cladograms initially inferred, as extra phylograms can some-

times identify newMP connections that would have otherwise

been missed.
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