Molecular Ecology (2012) 21, 3385–3390

NEWS AND VIEWS
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Abstract
Phylogenetic trees and networks are both used in the scientific literature to display DNA sequence variation at
the intraspecific level. Should we rather use trees or networks? I argue that the process of inferring the most parsimonious genealogical relationships among a set of
DNA sequences should be dissociated from the problem
of displaying this information in a graph. A network
graph is probably more appropriate than a strict consensus tree if many alternative, equally most parsimonious,
genealogies are to be included. Within the maximum parsimony framework, current phylogenetic inference and
network-building algorithms are both unable to guarantee the finding of all most parsimonious (MP) connections. In fact, each approach can find MP connections
that the other does not. Although it should be possible to
improve at least the maximum parsimony approach, current implementations of these algorithms are such that it
is advisable to use both approaches to increase the probability of finding all possible MP connections among a set
of DNA sequences.
Keywords: haplotype networks, intraspecific DNA sequences,
parsimony, phylogenetic trees, phylogeography
Received 23 December 2011; revision received 12 March 2012;
accepted 11 April 2012
Studies exploring DNA sequence variation at the intraspecific level commonly use two types of graph to summarize
the genetic data: phylogenetic trees and ⁄ or haplotype networks. For example, a quick survey of phylogeographic
studies published in the scientific journal Molecular Ecology
in 2011 reveals that among 45 studies, 38% displayed
DNA sequence variation using phylogenetic trees, 22%
using haplotype networks and 40% using both trees and
networks. Phylogenetic trees are connected graphs with no
cycle (Huson et al. 2011) and are traditionally used to present estimates of phylogenetic relationships among species.
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Phylogenetic networks are connected graphs with cycles.
Although different types of network exist, I restrict the discussion here to what is commonly called haplotype or
allele networks, generated by, for example, a median-joining (Bandelt et al. 1999) or statistical parsimony (Clement
et al. 2000) analysis, in which nodes represent different
allelic sequences, joined by edges (branches) whose length
is defined and shows the number of nucleotides that differ
between them (e.g. Huson et al. 2011). Split networks
(Huson & Bryant 2006), built by combining each split (i.e. a
partition of the sequences in two subsets) identified by the
data, from either distances (Bandelt & Dress 1992; Bryant
& Moulton 2004) or trees (Holland & Moulton 2003; Holland et al. 2004), also offer an interesting tool to explore
sequence data and are increasingly used to display intraspecific sequence variation (e.g. Cassens et al. 2003; Marshall et al. 2009; Barrett & Freudenstein 2011). Their main
purpose is to visualize the ambiguous phylogenetic signal
present in a data set. They will, however, not be discussed
here further because, as explained below, and unlike haplotype networks, they are not appropriate to summarize
the information contained in several most parsimonious
phylograms, which is the focus of this article.

Trees or networks?
Should we favour the use of trees and ⁄ or the use of networks? Inferring a genealogy from a set of intraspecific
DNA sequences can be done using (i) phylogenetic tree
methods, that is, classic methods of phylogeny inference
that use an optimality criterion to compare trees (e.g. maximum parsimony and maximum likelihood) or (ii) network
methods whose algorithms directly generate a network
graph from the sequences (e.g. median-joining or statistical
parsimony). While a network graph is typically tied to,
and sometimes defined by, the algorithm that generates it,
I suggest that to compare the pros and cons of trees and
networks, it is useful to differentiate the algorithm used to
infer the genealogical relationships among a sample of
DNA sequences (i.e. the algorithm that connects the
sequences together), from the graph used to display this
information. The processes of (i) identifying the evolutionary (e.g. most parsimonious) connections among the
sequences and (ii) drawing the graph displaying this information can be treated in principle independently from each
other. In fact, under this rationale, Cassens et al. (2005)
have proposed a method to create a network graph from
the set of all most parsimonious trees, thereby combining a
classic phylogeny inference method with an algorithm that
constructs a network graph. Also, other algorithms have
been designed previously for the purpose of inferring network graphs that include all most parsimonious trees,
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directly from the sequence data: the median network algorithm of Bandelt et al. (1995), restricted to the analysis of
strictly binary data (two character states), and an algorithm
developed by Fitch (1997), which in practice is restricted to
a limited number of sequences. If we do adopt a parsimony framework, which is reasonable when dealing with
closely related sequences (e.g. Holder & Lewis 2003;
Felsenstein 2004), as intraspecific sequences often are, we
can rephrase the problem as follows: Which algorithm is
best to infer all MP connections among a group of
sequences, and which kind of graph is best to display them?

Fig. 1b and as the number of sequences in Fig. 1c) and
even some information over their geographic distribution
(using pie charts in networks or identifying the geographic
location of each sequence in phylograms). Within a parsimony framework, a haplotype network without cycle is
thus equivalent to a phylogram. Note that in this context,
the length of a branch separating two alleles in both types
of graph simply corresponds to the number of sites that
are different between the two sequences, which is probably
a good estimation of the number of mutations separating
both sequences from their common ancestor, for closely
related sequences.
Ambiguous connections appear under the parsimony criterion when two or more alternative connections share the
same length, that is, in the presence of homoplasy in the
sequence data. One can deal with ambiguity, as is usually
done in phylogenetic studies, by considering all equally
parsimonious trees separately, which rapidly becomes
impractical with increasing numbers of trees, or by building a strict consensus cladogram compatible with all most
parsimonious (MP) trees, that is collapsing clades, thereby
creating a tree that includes multifurcations. But this has
the undesirable effect of decreasing the amount of information contained in the graph (Fig. 2d), because (i) the resulting strict consensus tree can become compatible with many
more trees than the initial set of MP trees that was used to
build it and (ii) ambiguous information over branch length
cannot be displayed. Another way of dealing with ambiguities is to draw a haplotype network that includes cycles

Tree graph or network graph?
While there are conceptual differences between a graph
displaying genetic variation at the intraspecific level and a
tree delivering an estimate of a species phylogeny (Posada
& Crandall 2001), a tree graph can technically be used to
display intraspecific DNA sequence variation. In fact, in a
parsimony framework, a clear correspondence can be
established between a strictly bifurcating phylogram (i.e. a
tree whose branches lengths are proportional to the number of mutations that have occurred along them, as
opposed to a cladogram that does not include branch
length information) and a haplotype network, as already
discussed in Cassens et al. (2005) and shown in Fig. 1.
Indeed, both types of graph display the same information:
the genetic distances separating alleles, the frequency of
each allele (as displayed by the size of each circle in
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Fig. 1 Relationship between a gene genealogy, an estimated network graph and an estimated phylogram. (a) Gene genealogy displaying genealogical relationships among 20 sampled copies of a gene within a species. Branch length is proportional to time. Horizontal bars identify mutations along the branches. (b), Allele network showing the history of mutations that have occurred among
the different alleles of the sampled sequences. Each allele is represented by a circle: its size is proportional to its frequency and its
colour provides information about its geographic distribution. Each edge corresponds to a single mutation, and small white circles
correspond to inferred alleles, absent from the data set. (c) phylogram showing the history of mutations that have occurred among
the different alleles of the sampled sequences. (b) and (c) are equivalent in terms of information content and can easily be drawn
from (a). However, (a) is usually unknown, and (b) and (c) are estimated from a set of sampled sequences.
 2012 Blackwell Publishing Ltd
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Fig. 2 Comparison of the informativeness of networks and
strict consensus trees. (a) Polymorphic sites for a set of 14
sequences. (b) One of several most parsimonious phylograms
associated with this set of sequences. (c) Network graph
including all most parsimonious trees associated with this set
of sequences. Each sequence in the data set is represented by a
labelled circle; each branch represents one mutation; unlabelled
circles are sequences not present in the data set. Dashed
branches are those that may be deleted to recreate one of the
MP phylogram used to create the graph. (d) Strict consensus
cladogram of all most parsimonious trees associated with this
set of sequences, as generated by PAUP* (Branch and Bound
search).

(also called loops; Fig. 2c). The main feature distinguishing
networks from trees is indeed the possibility of including
cycles to represent (i) reticulate evolution (e.g. recombinations, hybridisations, lateral gene transfers) or (ii) conflicting signal in the data. Morrison (2005) makes a clear
distinction between a ‘true phylogenetic network’ that aims
to display true reticulate evolutionary events, and a ‘character-display network’, a network graph that merely displays all connections among the sequences that are equally
well supported, revealing conflicting genealogical signal.
While the ability to represent reticulate evolution is an
essential feature of network graphs, the discussion here
will be limited to the second type of network that summarizes all ambiguous connections in a single figure. A haplotype network with cycles can also be compatible with more
trees than the initial set of MP trees, although the number
of compatible trees is usually smaller than with a strict
consensus tree. Moreover, this number can be further
decreased by identifying branches (edges) that may be
deleted in each cycle, and others that cannot, to recreate all
the individual trees compatible with the network (Fig. 2c).
In a parsimony framework, branches that can be discarded
are those whose deletion results in a minimum length
 2012 Blackwell Publishing Ltd
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Fig. 3 Arrows indicate compatibility between three example
MP cladograms and four example MP phylograms. A cladogram can be translated into a phylogram by assigning one possible MP ancestral sequence to each interior node of the tree.
For one cladogram, alternative MP ancestral sequences may
generate different phylograms. Conversely, some phylograms
are compatible with more than one cladogram. A cladogram is
considered compatible with a phylogram if it can be transformed into this phylogram only by modifying its branch
lengths, including assigning a length of zero to some branches.

graph. Also, a network graph with cycles continues to display branch length information.
It should be noted that a split network cannot be used
for the same purpose of displaying several MP phylograms
into a single figure. A split network inferred from a set of
MP trees (i.e. a consensus network; Holland & Moulton
2003) is built by combining all the splits defined by this set
of trees and loses the information of branch lengths contained in the initial phylograms.
In conclusion, when alternative connections are equally
parsimonious, a haplotype network graph appears more
appropriate to summarize intraspecific DNA sequence variation, because it conveys more information than a strict
consensus cladogram.

Phylogenetic estimation algorithm or networkbuilding algorithm?
This does not mean, however, that network-building methods are automatically better. As argued by Cassens et al.
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(2005), several methods of phylogenetic inference are based
on the use of an optimality criterion to explore the space of
all possible trees, which confers an advantage to them over
network construction methods that are entirely defined by
the algorithm used to construct the network step by step,
and do not consider an a posteriori comparison of the
resulting network to alternative networks based on some
kind of criterion. Moreover, recent comparisons of the performances of traditional phylogenetic algorithms with
those from network construction methods appear to be in
favour of the former. Woolley et al. (2008) have tested the
performances of these methods by analysing DNA
sequence data simulated under various parameter values
of a classic coalescent model depicting the evolution of a
panmictic population. They concluded that although most
methods perform equally well when the DNA sequence
substitution rate is low, maximum parsimony is more accurate than network construction algorithms at a higher rate
of substitution. Salzburger et al. (2011) have tested these
performances under a wider range of population models,
featuring coalescent simulations under both a single

panmictic population and a structured population with
symmetric or asymmetric migration. They concluded that
(i) all traditional phylogenetic methods outperform the statistical parsimony network construction algorithm implemented in the software TCS (Clement et al. 2000), and (ii)
in general, maximum parsimony analyses performed
slightly better than maximum likelihood.
In the light of all of the above, it would seem logical to
advise the use of the traditional maximum parsimony
method to analyse intraspecific DNA sequences, and to
combine all resulting MP trees in a network graph, using,
for example, the algorithm UMP (Union of Maximum Parsimonious trees, Cassens et al. 2005). However, it is relatively easy to identify a set of sequences for which a
median-joining analysis will perform better than maximum
parsimony. For example, Mardulyn et al. (2009) have
described a simple example data set (only four sequences
of three nucleotides long: AAA, ACA, GAT, GCT) for
which the median-joining or TCS algorithms performed
better than maximum parsimony: a maximum parsimony
PAUP* (Swofford 2003) search resulted in a single MP
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Fig. 4 Maximum parsimony and median-joining algorithms can both lead to different and unique most parsimonious solutions. (a)
Polymorphic sites for a set of 15 DNA sequences. (b) A median-joining network inferred from the set of sequences in A using the
program network (Bandelt et al. 1999; available at http://www.fluxus-engineering.com/sharenet.htm). (c) The two most parsimonious trees inferred from a Branch and Bound maximum parsimony search performed on the set of sequences in (a) using PAUP*. (d)
Graph including all most parsimonious trees found in (b) and (c). Branches found in both (b) and (c) are in black. Branches unique
to (b) are in grey. Dashed-lines branches are unique to (c).
 2012 Blackwell Publishing Ltd
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phylogram, while the median-joining or TCS graph contained two MP phylograms, including the one found by
the PAUP* analysis. The reason for the better performance
of the network-building algorithms in this example lies
with the way PAUP* deals with most parsimonious ancestral states. Like most phylogeny estimation programs,
when running a maximum parsimony search, it compares
cladograms (not phylograms) using the parsimony criterion. This is fine if one is interested in estimating evolutionary relationships among well-differentiated species, but
a phylogram is more informative when considering intraspecific DNA sequence variation (Fig. 3 shows the compatibility relationships existing between some phylograms and
cladograms). As already noted by Salzburger et al. (2011),
more than one phylogram (called a Fitch tree in their article) corresponds to a single MP cladogram, because several
equally parsimonious reconstructions of ancestral
sequences are usually possible. If the inference program is
subsequently asked to estimate branch lengths for the
inferred set of MP cladograms, to generate a set of MP
phylograms, it will assign only one of several possible
most parsimonious ancestral sequences for each interior
node of a tree. Because all alternative reconstructions of
ancestral states are not taken into account, some MP phylograms may not be considered. The generated set of MP
phylograms will then sometimes represent a portion only
of the complete set of all MP phylograms corresponding to
the inferred set of MP cladograms.
As a result, a standard MP phylogeny inference program cannot guarantee the finding of all MP solutions,
even when implementing a Branch and Bound search (i.e.
a search that guarantees the finding of all MP cladograms; Hendy & Penny 1982). The median-joining algorithm cannot guarantee that either (Bandelt et al. 1999).
Although it applies the parsimony criterion locally, adding median vectors to an initial minimum spanning network to reduce the overall length of the graph, it does
not explore the entire space of possible solutions. In fact,
Fig. 4 shows a case where the analysis of 15 sequences
by both the median-joining and maximum parsimony
methods result in two different sets of most parsimonious
solutions, each set containing unique solutions that the
other does not. Therefore, neither method appears ideal at
this time, and it might be advisable to use both methods
to maximize the probability of including all MP paths in
the final network. Combining the results of both
approaches appears trivial: it is sufficient to add the connections present in the network graph obtained with one
approach to the network graph generated by the second
approach, if absent.

Conclusion
In summary, while haplotype ⁄ allele networks (defined here
as a special case of phylogenetic network, see above) are
often more informative than phylogenetic strict consensus
trees to display intraspecific DNA sequence variation, both
maximum parsimony and network-building algorithms are
 2012 Blackwell Publishing Ltd

not guaranteed to find all most parsimonious phylograms
for a set of sequences and can lead to alternative MP solutions. As already suggested in Mardulyn et al. (2009), considering all MP ancestral sequences of a set of MP
cladograms should guarantee the inference of all most parsimonious phylograms, at least when using an algorithm
exploring the space of possible trees that guarantees the
finding of all MP cladograms. Developing a program capable of generating the set of all MP phylograms corresponding to a set of MP cladograms would therefore
considerably improve the maximum parsimony approach
and might make it superior compared with network-building algorithms, at least if we are willing to evaluate the
performance of these algorithms, as I have assumed here,
by measuring their ability to find all MP phylograms from
a set of sequences. While the use of a criterion-based
method appears desirable, the tree space to explore in the
case of large data sets may become easily too large for the
use of a Branch and Bound algorithm, forcing the user to
turn to heuristic strategies. These still need to be compared
with network-building algorithms such as the median-joining method, before deciding whether one of these
approaches performs better than the other in practice.
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