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Abstract—In intraspecific studies, reticulated graphs are valuable tools for visualization, within a single figure, of alterna-
tive genealogical pathways among haplotypes. As available software packages implementing the global maximum par-
simony (MP) approach only give the possibility to merge resulting topologies into less-resolved consensus trees, MP has
often been neglected as an alternative approach to purely algorithmic (i.e., methods defined solely on the basis of an al-
gorithm) “network” construction methods. Here, we propose to search tree space using the MP criterion and present a
new algorithm for uniting all equally most parsimonious trees into a single (possibly reticulated) graph. Using simulated
sequence data, we compare our method with three purely algorithmic and widely used graph construction approaches (min-
imum-spanning network, statistical parsimony, and median-joining network). We demonstrate that the combination of MP
trees into a single graph provides a good estimate of the true genealogy. Moreover, our analyses indicate that, when internal
node haplotypes are not sampled, the median-joining and MP methods provide the best estimate of the true genealogy
whereas the minimum-spanning algorithm shows very poor performances. [Intraspecific genealogy; maximum parsimony;

median-joining; minimum spanning; network; reticulated graph; statistical parsimony; simulated sequence data.]

Most methods available for (leaf-labeled) tree con-
struction have initially been developed for phylogeny
estimation among well-differentiated species. However,
trees (i.e., following graph theory, “connected graphs
with no circuits”) are valid means for portraying ge-
nealogical relationships both above and below the
species level. For example, as introduced by Avise and
colleagues (1987), phylogeography explores the relation-
ship between intraspecific trees (genealogies) and the
geographical distribution of haplotypes. Furthermore, it
must be emphasized that characteristics specific to pop-
ulation data sets are not automatically in conflict with a
general treelike genealogy (but see Posada and Crandall,
2001, for an opposing point of view). For instance, orthol-
ogous nonrecombining pieces of DNA form a strictly
nonreticulated hierarchical set of relationships across
generations. Trees therefore are valid representations of
these relationships. Additionally, both multifurcations
and ancestral haplotypes (often observed, together with
more recently diverged lineages, in intraspecific studies)
can easily be represented in a tree by collapsing zero-
length branches (e.g., as implemented in PAUP *4.0b10
[Swofford, 2003]). Therefore, a genealogy connecting in-
traspecific haplotypes can be displayed using different
graphical representations (all being “trees”) including a
cladogram, a phylogram, or a haplotypic tree (Fig. 1).
On the contrary, trees are inappropriate graphs when
instances of reticulate evolution, such as recombination
or horizontal gene transfer, come into play. Then, a less-
restrictive graph with cycles (“loops”), rather than a tree,
better represents the reticulated relationships among
genes.

In the evolutionary genetics literature, reticulated
graphs are often called “networks.” However, the net-
work is the actual genealogy (with all its complexity),
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and we prefer to use the term “graph” as the symbolic
representation of the genealogy (exactly as a tree is the
representation of the phylogeny connectivity and possi-
bly of a few other parameters, such as branch lengths).
More importantly, cycles in the reticulated graphs gener-
ally reveal ambiguities such that the unreticulated true
genealogy is contained within the reticulated graph. The
ambiguities are due to homoplasious character changes,
and the loops in the reticulated graph indicate alterna-
tive genealogical pathways. On the other hand, a strict
consensus tree is a (generally polytomic) tree compati-
ble with all most parsimonious (MP) trees (only clades
present in all MP trees are included). It represents a very
conservative (i.e., less resolved) estimate of the genealog-
ical relationships among the closely related sequences
under study. Therefore, reticulated graphs are useful
tools as they can convey more information (especially
at the population level) than a strict consensus tree.

In the last decade, methods dedicated to the estimation
of intraspecific genealogies (with or without retic-
ulations) have been developed and some of these
approaches are widely used in population genetic stud-
ies (Brant and Orti, 2003; Chenoweth and Hughes, 2003;
Collevatti et al., 2003; Contreras-Diaz et al., 2003; Drew
et al., 2003; Lawton-Rauh et al.,, 2003; Lloyd, 2003;
Michaux et al., 2003; Printzen et al., 2003). Notwith-
standing the diversity of methods that have been de-
scribed in a recent review (Posada and Crandall, 2001),
our recent empirical study (Cassens et al., 2003) demon-
strated the need for analyzing the reliability, accuracy,
and limitations of different algorithms. In this first com-
parative analysis, we inferred the genealogical relation-
ships among 36 mitochondrial cytochrome b sequences
using four different “network” approaches and could
show substantial differences among the resulting graph
topologies. Given that scientific hypotheses may strongly
depend on the topology of the inferred genealogy, ex-
tensive comparative analyses are warranted to better
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FIGURE 1. Three different graphical representations of the same
evolutionary relationships among intraspecific haplotypes labeled A
to H. (a) A cladogram shows the branching order of nodes, but branch
lengths are not represented. The observed numbers of changes that are
indicated above the branches have been added for a better compari-
son with the phylogram. (b) A phylogram shows branching order of
nodes as well as branch lengths (proportional to the number of mu-
tations that have occurred). (c) A haplotypic tree in which missing
intermediate haplotypes are represented as open circles. Here, we dis-
tinguish “tip haplotypes” such as A or F, connected to the tree by a
single branch, “node haplotypes” with three or more connections, and
“branch haplotypes” with two connections. “Node haplotypes” and
“branch haplotypes” can be sampled or missing (e.g., E and F are con-
nected to a missing node haplotype, whereas H is a sampled branch

haplotype).

understand the assumptions underlying some of the ex-
isting methods and to test whether the differences can be
generalized as indicative of systematic artifacts.

Most of the available intraspecific “network” construc-
tion methods are algorithmic (sensu Swofford etal., 1996;
i.e.,, a method defined solely on the basis of an algo-
rithm). Although the use of an optimality criterion is
sometimes made—for example, for the definition of the
“parsimony limit” (cf. the statistical parsimony approach
implemented in TCS [Clement et al., 2000]) or for the in-
ference of node haplotypes to reduce the overall length
of a constructed graph (cf. the median-joining network
method (MJN) implemented in NETWORK [Bandelt
et al., 1999])—that optimality function is not used for
searching the space of possible topologies. For three main
reasons, the global maximum parsimony has sometimes
been considered inappropriate for inferring intraspecific
gene genealogies (Posada and Crandall, 2001). First, the
low levels of genetic variation found in population data
can lead to an enormous number of equally most parsi-
monious trees. Second, the sometimes very large number
of haplotypes in intraspecific studies can render even
heuristic parsimony searches computationally imprac-
tical. And third, the global maximum parsimony ap-
proach only provides the possibility to merge all con-
structed trees into a less resolved strict consensus tree.
We tend to disagree with the latter point, as this restric-
tion is not inherent to the parsimony approach but sim-
ply due to the fact that software packages do not imple-
ment the possibility to combine trees into a reticulated
graph.

In this study, using computer simulations, we report
on a comparative analysis of different graph construc-
tion methods. Evolution of sequence data was simu-
lated covering a range of intraspecific tree topologies

and branch lengths. Besides using approaches both im-
plemented in freely available software packages and
widely used in population genetic studies (minimum-
spanning network (MSN)/ARLEQUIN, statistical parsi-
mony/TCS, and median-joining/NETWORK), we also
developed and applied an algorithm for constructing a
(possibly reticulated) graph that contains all equally par-
simonious trees. Topologies produced by the four meth-
ods are then compared focusing on their compatibility
with the true genealogy and level of ambiguity (the lat-
ter being represented by the number of loops). In par-
ticular, we tested whether the MP method is less suited
than the algorithmic “network” construction methods,
as sometimes suggested in the literature (e.g., Posada
and Crandall, 2001), for inferring relationships at the in-
traspecific level.

MATERIAL AND METHODS
Simulation of Data

Using the program SEQ-GEN (Rambaut and Grassly,
1997), we generated 100 sequence data sets with up to
36 sampled haplotypes along each of the four differ-
ent template genealogies portrayed in Figure 2. For 100
variable nucleotides, sequence evolution was simulated
using the Hasegawa, Kishino, and Yano nucleotide sub-
stitution model (Hasegawa et al., 1985) with a transi-
tion/transversion ratio of 4 and a high frequency for
A-T nucleotides (A:0.35, G:0.15, C:0.15, T:0.35); these
conditions reasonably reflect some animal mitochondrial
DNA sequences. Note that, given the stochastic sub-
stitution process, mutations are distributed along the
branches of the template genealogy with a probability
proportional to the length of each branch. The exact pro-
cess that generated the possibly unique simulated data
set yielded realized branch lengths that can be larger or
smaller than the branch lengths of the template geneal-
ogy. When no mutation occurs along a branch of the tem-
plate genealogy, the two haplotypes on either side of that
zero-length branch are, by definition, identical in the re-
alized genealogy. The template genealogies were chosen
such that they present features, as identified in a previ-
ous study (Cassens et al., 2003), making them difficult to
reconstruct. More specifically, they were selected for the
following characteristics. Tree a (Fig. 2): all 36 haplotypes
are sampled and connected to a maximum of four other
haplotypes by single-step branches (the probability of
occurrence of one mutation along a one-step branch is
0.01 for each site). This tree should be easy to reconstruct
by most methods and is used as a reference for compar-
ison to more complex topologies. Tree b (Fig. 2) is very
similar to tree a: it exhibits the same topology among
36 sampled haplotypes but branch length is increased
for many of the connections. This will allow testing the
impact of long branches on genealogy reconstruction.
Tree ¢ (Fig. 2) represents a “starlike genealogy” with
eight sampled tip haplotypes connected to a single cen-
tral sampled haplotype through relatively long (two-and
four-step) branches. The starlike pattern is often encoun-
tered in empirical intraspecific studies and the relatively



2005

CASSENS ET AL—PERFORMANCE OF GENEALOGY RECONSTRUCTION METHODS

365

(a)

(0)

(b)

FIGURE 2. Template tree topologies along which the evolution of DNA sequence data sets have been simulated. Along each of the one-step
connections between any two haplotypes, sampled or missing, the probability of occurrence of one mutation is 0.01 per site. (a) The topology
with single-step branches and all haplotypes sampled should be easy to reconstruct by most methods. The more complex topologies in b to d
were chosen as they allow testing the impact of (b) the presence of long branches, (c) a starlike pattern, and (d) missing node haplotypes on tree
construction (see Material and Methods for more details). Grey squares, sampled haplotypes; open squares and circles, missing node and branch

haplotypes, respectively.

long branches have been chosen to test whether methods
would incorrectly connect some tip haplotypes together
instead of connecting them independently to the central
haplotype. Finally, in tree d (Fig. 2), eight of the nine node
haplotypes (open squares in Fig. 2d) were excluded from
the data set before genealogical reconstruction in order
to investigate the influence of missing node haplotypes
on graph construction. Indeed, the presence of missing

node haplotypes was shown in Cassens et al. (2003) to
be problematic for the MSN method because they are not
inferred by this approach.

For all 400 simulated data sets (100 independent sim-
ulations along each of the four template topologies),
the genealogical relationships among haplotypes have
been estimated using (i) three widely used “network”
construction methods and (ii) our newly developed
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FIGURE3. Anexample of how alternative tree topologies are combined into a single graph using the algorithm described in the Appendix. (a)
Three trees suggesting different genealogical topologies among haplotypes A to E. (b) Two reticulated graphs, both including all of the three
topologies in (a) (this can be verified by cutting cycles at different positions). For reticulated graph construction, single-step connections are
compared among trees to decide whether they can be merged (when identical among all trees) or have to be maintained (when unique in some
tree topologies). As demonstrated in this example, constructed reticulated graphs can differ in the number and /or placement of loops depending
on the order in which the connections are tested. The left and right graphs exhibit two and three loops, respectively. The former is therefore
selected as the maximum parsimony graph (UMP). (c) An illustration of a graph that does not include all genealogical pathways. Indeed, two
branches of the third topology (dashed lines) must be merged to fit the graph in (c). (d) The strict consensus among the three trees in (a) which
conveys less information than the reticulated graphs in (b) (see introductory section of text).

approach that simply combines all maximum parsimony
trees into a single (possibly reticulated) graph.

Network Construction

Minimum-spanning network—An algorithm for con-
structing minimum-spanning trees (MSTs) from a matrix
of pairwise distances (absolute number of differences)
among haplotypes (Prim, 1957; Rohlf, 1973) has been

modified in order to include all possible MSTs within a
single graph, the MSN (Excoffier and Smouse, 1994). The
connections in MSTs are only formed among sampled
haplotypes. The inference of missing node haplotypes
(see definition in Fig. 1 legend) is therefore not possible.
Each of our 400 simulated data sets was analyzed us-
ing the software ARLEQUIN, v. 2.000 (Schneider et al.,
2000).
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Median-joining  network—Under this approach
(Bandelt et al., 1999), all MSTs are first combined within
a single network (MSN) following an algorithm analo-
gous to that proposed by Excoffier and Smouse (1994).
Then, using the parsimony criterion, inferred missing
node haplotypes are added to the graph in order to
reduce its overall length. Each of the 400 data sets was
analyzed with the program NETWORK, v. 2.0 (available
at http://www.fluxus-engineering.com/sharenet.htm),
with parameter ¢ = 0. Additionally, some of the data
sets were reanalyzed with an increased value of epsilon
to test whether it improves the performances of the
method (with ¢ > 0, less parsimonious pathways are
also included in the graph).

Statistical parsimony network.—The method (Templeton
et al., 1992; implemented in TCS, v. 1.13 [Clement et al.,
2000]) first defines the uncorrected distance above which
the parsimony principle is violated with more than 5%
probability (“parsimony limit”). Then, all connections
are iteratively established among haplotypes starting
with the smallest distances and ending either when all
haplotypes are connected or the distance correspond-
ing to the parsimony limit has been reached. Although
missing node haplotypes can be inferred using the TCS
program, the exact algorithm is not described in the lit-
erature yet. For graph construction using the TCS pro-
gram, we added 900 constant characters (monomorphic
nucleotide sites) to each of the 400 simulated data sets
in order to increase the parsimony limit (see above) and
force the program to connect all haplotypes into a single
tigure.

A new simple approach: Union of maximum parsimo-
nious trees (UMP).—This method requires two consecu-
tive steps. First, maximum parsimony analyses are per-
formed for each data set and all most parsimonious trees
are saved with their respective branch lengths; we used
the TBR branch swapping (1000 replicates with random
sequence addition) heuristic search option in the pro-
gram PAUP *4.0b10 (Swofford, 2003). Second, all the
saved MP trees are combined into a single figure (see
Fig. 3a and b for an example) using an algorithm that
(i) combines all connections from all MP trees into a single
reticulated graph, and (ii) merges branches, node haplo-
types, and branch haplotypes (see definition in Fig. 1),
sampled or missing, that are identical among different
trees (see Appendix 1 for a detailed description of the
algorithm, available at the Society of Systematic Biolo-
gists website, http://systematicbiology.org; executables
for Windows, Mac OS, and Linux, as well as the source
code are available at www.ulb.ac.be/sciences/ueg/
html_files/softwares.html). Hence, during step (ii), some
cycles are maintained (i.e., some branches/haplotypes
from different trees are not merged) where unique ge-
nealogical pathways are suggested in one or several (but
not all) MP trees (Fig. 3). This second step is algorith-
mic, as it builds one of different possible graphs that
include all the saved MP trees (i.e., each MP tree, in-
cluding branch lengths, can be reconstructed from the
final reticulated graph by removing a number of edges).

As we found (unpublished data) that the placement and
number of loops constructed by this algorithm can de-
pend on the order with which connections are compared
among trees (see Fig. 3b for an example), the result with
the lowest number of cycles was selected among the 10
graphs produced with 10 different orders of connection
comparisons.

Comparison of Graphs and Statistical Analyses

We have compared by hand, for each of the 100 simu-
lated data sets, each of the four graphs (constructed by
the four different graph construction methods, includ-
ing ours) to the original (template) topology (making,
in total, 1600 comparisons) and computed their level of
ambiguity (number of loops), tree length, and compati-
bility (number of errors). When the constructed graph
was reticulated, the “most correct tree” (i.e., the tree
with the minimum number of wrong connections) that
could be obtained by cutting loops was used for com-
puting tree length. Hence, the tree length we report here
is neither necessarily the length of the MP tree (even for
the UMP approach) nor the total length of the reticu-
lated graph. An error was defined as a branch that has
to be removed from the template genealogy (making it
partly unconnected; i.e., each removal of a branch sep-
arates the template tree into two subtrees) in order to
make it totally compatible with the constructed graph
(i.e., all the connections that remain in the subtrees are
included in the constructed graph). In all cases, the
smallest possible number of errors was calculated. We
also computed, for each of the four methods, the mean
number of errors and loops (among the 100 constructed
graphs). Furthermore, for each simulated data set, the
four graph construction methods were sorted according
to the number of errors and to tree length; i.e., we com-
puted the relative number of times each individual ap-
proach found the most correct and/or the shortest tree.
Note that two or more methods can yield trees with iden-
tical length and /or compatibility. Significant differences
between methods were tested using a t-test (pairwise
comparisons, two-sided). Bonferroni corrections (Rice,
1989) were used to eliminate the false assignment of sig-
nificance by chance. Although the level of compatibil-
ity between the template genealogy and the constructed
graph (i.e., the number of errors calculated) is an im-
portant measure of a method’s effectiveness, it is also
essential to take ambiguity (number of loops) into ac-
count. Indeed, a graph with maximum ambiguity (i.e.,
in graph theory terms: “a complete graph,” where each
node is connected to all others) has a 100% compatibility
(no errors), yet it is of little value since it conveys no ge-
nealogical information. We, however, find it artificial to
combine these two different measures into a single met-
ric. Indeed, this procedure would require that we give
a specific weight to one measure relative to the other
(how many loops are equivalent to one error?). As this
would involve an arbitrary choice, we prefer to report
both measures separately.
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RESULTS (TCS, MJN, and UMP) yielded similar numbers of errors

g . when constructing the graph (Fig. 4): the mean num-
Compatibility (Fig. 4, black bars) ber of errors per constructed graph is approximately 0.5,
When all node haplotypes were present in the sample 1.5, and 1.2 for simulations 1, 2, and 3, respectively. Dif-
(topologies in Fig. 2a to c), three of the tested methods ferences of compatibility among these three approaches
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FIGURE 4. Mean number of errors (black bars) and mean number of loops (grey bars) in the graphs generated by the different methods
(MSN, minimum-spanning network; TCS, statistical parsimony network; MJN, median-joining network; UMP, union of maximum parsimonious
trees) from 100 simulated data sets (along the template topologies represented in Fig. 2a to d). Significance levels of pairwise t-tests (after
Bonferroni corrections) are indicated in the tables (for mean number of errors and number of loops, above and below diagonal, respectively).
n.s., nonsignificant; *P < 0.0083; **P < 0.0017; ** P < 0.0002. Note that highly significant differences between TCS and both the MJN and UMP
approaches were found in the simulations under template topology d (Fig. 2d), whereas the differences among the three methods were mostly
not significant in simulations under the three other template topologies.
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are not significant (with the exception of the compari-
son between TCS and M]N for topology 3). TCS, MJN,
and UMP, however, all built significantly more erroneous
connections than the MSN approach, which yielded in
average only 0.33, 0.50, and 0.26 errors per constructed
graph for simulations 1, 2, and 3, respectively. On the
other hand, results were diametrically different for topol-
ogy d (Fig. 2d): when most node haplotypes are missing,
the MSN method yielded a number of wrong connec-
tions (in average 4.81) significantly higher (P < 0.0002)
than those produced by the three other methods (Fig. 4d).
Although the differences in absolute numbers of errors
are less spectacular, TCS constructed a number of wrong
connections significantly higher than MJN and UMP,
whereas the difference in compatibility between these
two latter approaches is not significant.

Ambiguity (Fig. 4, grey bars)

The differences among methods for the inferred num-
ber of loops are striking: TCS inferred a number of alter-
native connections always significantly lower than the
three other methods. Furthermore, with the exception of
simulation 3 (where MSN, MJN, and UMP approaches
yield results that cannot be differentiated statistically),
the MSN and UMP approaches generated numbers of
loops significantly higher than MJN.

An increase in the number of loops should logically
increase compatibility: the addition of alternative con-
nections increases the likelihood to build correct con-
nections (a complete graph will necessarily contain the
correct topology). However, this negative correlation be-
tween compatibility and loop number (visible in Fig. 4d
for TCS, MJN, and UMP) does not seem to hold in all
analyses performed here (see, for example, the difference
between TCS and UMP in Fig. 4c). Surprisingly, a high
proportion of the cycles inferred by ARLEQUIN (e.g.,
65% and 50% in simulations 1 and 2, respectively) vi-
olate the principle of the minimum-spanning approach
as they consist of links between two haplotypes that are
already connected within the MSN by a shorter branch.

Tree Length

As described in Material and Methods, we defined
“length of most correct tree” as the number of mutational
steps on the most correct tree topology (i.e., the tree with
the minimum number of wrong connections) that can
be found within the constructed reticulated graph. We
then estimated how frequently different methods found
not only the most correct, but also the shortest tree rel-
ative to other methods. In simulations 1 to 3 (cf. Fig. 5a
to ¢), MSN-constructed graphs least often included the
shortest topology, but most often included the most com-
patible topology. On the contrary, in the fourth simula-
tion series (Fig. 5d), there is a good correlation between
the number of times a method finds the most correct
tree and the number of times it finds the shortest tree.
When node haplotypes are missing, the most correct tree
topology found is often (but not always) the shortest one.
Note, however, that the most correct tree extracted from

a UMP graph (by cutting loops, see Material and Meth-
ods) is sometimes longer than the individual MP trees
used for reticulated graph construction. Indeed, a UMP
graph can be compatible with a tree that is not one of
the MP trees, but whose topology is nevertheless more
correct, i.e., more similar to that of the model tree.

DISCUSSION
General Performance of the UMP Approach

In the recent literature, a clear line has often been
drawn between algorithms developed for the reconstruc-
tion of evolutionary relationships among intraspecific
haplotypes and more traditional methods for phylogeny
inference among well-separated species. More specifi-
cally, it has been argued that “network” methods such
as statistical parsimony (Clement et al., 2000) are more
appropriate than the global MP approach for the anal-
ysis of intraspecific data sets (Crandall, 1994; Posada
and Crandall, 2001). Reticulated graphs undoubtedly are
valuable tools for visualization, in a single figure, of all
the connections that are observed in a set of alternative
genealogies (rarely do loops represent true reticulation,
cf. introductory section of this article). However, there is
no logical reason we know of that could make purely al-
gorithmic approaches, such as those tested in this study,
necessarily more appropriate for building such graphs
than methods based on an optimality criterion. A strict
consensus tree is usually produced after an MP analysis
and conveys less information than what is available in
the original MP trees. For this reason, we introduce here a
simple method (union of maximum parsimonious trees,
UMP) that unites all most parsimonious trees within a
single (possibly reticulated) graph. Using simulated data
sets, we then compared the performance of UMP against
other intraspecific “network construction methods.” De-
spite the low variation among haplotypes and the large
number of possible topologies among them, a heuristic
MP search could be carried out in practical computing
time for all 400 simulations (e.g., we analyzed all 100
data sets simulated from topology d with PAUP* in only
8 min using an iMac G4 700 Mhz), resulting most fre-
quently in 1 to 50, and only rarely in more than 500, MP
trees. Neither ancestral nor multiple descendant haplo-
types, often found in intraspecific data sets, were prob-
lematic in the analysis, as they could be represented in
the constructed graph through collapsing of zero-length
branches. Most importantly, the analyses presented here
show that the UMP approach performs equally well or,
in some of the simulations, even better than some of
the purely algorithmic “network construction methods.”
UMP performs especially well in situations where “node
haplotypes” have not been sampled and therefore need
to be inferred (see below for a detailed discussion on the
relative compatibility /ambiguity of different methods).
Our analyses indicate that UMP has a tendency to con-
struct more loops than the TCS or MJN methods, but the
absolute number of cycles per graph (0.5 to 2.6, cf. Fig. 4)
remains reasonable such that graphical representation is
usually not hampered. Moreover, given that the order in
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FIGURE 5. The relative proportion of times that the four tested methods (see legend of Fig. 4 for abbreviations) have constructed a graph
containing the most correct (black bars) and shortest (grey bars) topology in each of the four simulations sets.

which the UMP algorithm chooses the connections for
comparison among the MP trees sometimes influences
not only the placement but also the number of inferred
loops (as shown in Fig. 3b), it is likely that some of the
cycles that have been constructed are not necessary to
maintain compatibility with all MP trees. As we selected
the graph with the lowest number of cycles among 10
graphs produced with 10 different initial comparisons
of connections, it is possible that more repetitions (e.g.,
100 or 1000) are necessary to reliably find the minimum
number of loops.

Another issue that might be relevant for improving
the performance of the UMP approach is not related
to the combination of the trees into a (possibly reticu-
lated) graph, but to the reconstruction of ancestral hap-
lotypes on the individual MP topologies (during the MP
search). Most phylogeny inference programs that imple-
ment maximum parsimony do not display all possible
assignments of states to ancestral nodes, and thus all pos-
sible distributions of substitutions across the tree. For
example, using the program PAUP* 4.0b10 (Swofford,
2003), one chooses one of the subsets of all possible
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reconstructions of ancestral states: the ACCTRAN (“ac-
celerated transformation”) and DELTRAN (“delayed
transformation”) options force changes to occur, respec-
tively, as far down or up the tree as possible. It remains
to be investigated which, if any, of these biased distri-
butions of substitutions, or the general inclusion of all
possible ancestral reconstructions, could lead to a higher
level of compatibility of our UMP method.

Comparative Analysis of Graph Construction Methods

Although network construction approaches are
widely used in population genetic studies, their general
performance had never been analyzed in a systematic
fashion. That there is a clear need for a comparative anal-
ysis, however, has recently been shown in our empiri-
cal study, which revealed substantial differences among
methods (Cassens et al., 2003).

The four methods included in our present study can
clearly be divided into two groups regarding their gen-
eral performances. Although the statistical parsimony
(TCS), median-joining (MJN), and maximum parsimony
(UMP) approaches show relatively similar results in
terms of compatibility, the graph topologies constructed
using the minimum spanning algorithm (MSN) are fre-
quently very different. For example, trees extracted from
minimum-spanning networks are, on average, consid-
erably longer in all simulation sets (Fig. 5a to d), con-
firming the much higher number of mutational steps
that had been inferred for the empirical data set using
this method (Cassens et al., 2003). Somewhat counterin-
tuitive (at least when considering the parsimony prin-
ciple) is that the significantly longer MSN tree topolo-
gies are correlated with higher compatibility levels in
the first three simulations (Figs. 4 and 5a to c). How-
ever, this can be explained by the fact that the node
haplotypes in the corresponding model topologies (1 to
3, Fig. 2a to ¢) were all sampled (while branch lengths
and/or branching patterns differed). Indeed, the MSN
algorithm searches for minimum length connections be-
tween sampled haplotypes only, and is not capable of
inferring missing node haplotypes. Consequently, the
poor performances (high number of errors and high
number of loops) of the MSN method (Figs. 4d and 5d)
with data simulated on model tree d (Fig. 2d) must be
caused by missing node haplotypes: the average lengths
of MSN most correct trees are high and their correspond-
ing topologies contain a large average number (4.8) of
incorrect connections (connections are always formed
between the genetically nearest sampled haplotypes
without inference of missing node haplotypes). Hence,
the MSN approach is expected to perform well under the
rather unrealistic situation when most or all node hap-
lotypes have been sampled. We feel that the inclusion of
the minimum-spanning method within our comparative
analysis is important, as the approach is widely used in
population genetic studies (more than 10 publications in
Volume 12 of Molecular Ecology make use of MSN for data
analysis; e.g., Chenoweth and Hughes, 2003; Drew et al.,
2003; Michaux et al., 2003).

Each of the three other methods (TCS, MJN, and UMP)
occasionally failed to reconstruct the correct topology.
This seems to be caused by homoplasious characters that
force the construction of false node haplotypes (e.g., er-
roneously linking convergent haplotypes). One finding
of our previous empirical mitochondrial study (Cassens
et al., 2003) was that the placement of a branch (leading
to three sampled haplotypes) considerably differed be-
tween the topologies inferred by the TCS and MJN meth-
ods. More surprisingly, both graphs were completely re-
solved trees (i.e., without any reticulation), suggesting
the lack of ambiguity regarding genealogical relation-
ships. In the present simulation study, the performance
of the two methods could be further tested as well as
compared to the new maximum parsimony approach.
Although the three methods yield very similar results
(in terms of compatibility) on data sets simulated along
model topologies with sampled node haplotypes (Fig. 2a
to c), we observed a different outcome for the simulations
on the fourth model topology characterized by missing
node haplotypes (topology d, Fig. 2). Under these con-
ditions, both the MJN and the UMP methods perform
equally well and generate significantly less errors than
the statistical parsimony approach as implemented in
TCS (Fig. 4d). These two methods also generated more
ambiguous graphs, as shown by their higher average
number of loops (see Fig. 4). In our view, however, it
is more important to increase compatibility, even at the
price of a slight increase in ambiguity (in Fig. 4, max-
imum average number of loops reaches only 2.25). In-
deed, it is incompatibility, and not ambiguity, that can
yield erroneous interpretations of the graphs.

Identification of the source of TCS lower compatibility
is difficult, as no exact description exists in the literature
on how the TCS algorithm works and, in particular, on
how missing node haplotypes are inferred. This is im-
portant because TCS networks are increasingly used in
phylogeography studies (more than 25 publications in
Volume 12 of Molecular Ecology make use of TCS for
data analysis; e.g., Brant and Orti, 2003; Contreras-Diaz
et al., 2003; Lawton-Rauh et al., 2003; Printzen et al.,
2003), often in connection with the Nested Clade Analy-
sis method (Templeton, 1998). Many of these published
TCS networks include missing node haplotypes. Based
on our simulation results, we propose that, if haplotypes
are relatively distant (such that some node haplotypes
are missing), priority in data analysis should be given to
either the median-joining approach (which is consider-
ably less often used in intraspecific studies: only two pub-
lications in Volume 12 of Molecular Ecology make use of
M]JN for data analysis; Collevatti et al., 2003; Lloyd, 2003)
or the maximum parsimony approach (UMP) described
here. Furthermore, among the methods tested, only the
MJN and our UMP approaches show enough flexibility
in the accepted number of inferred loops. With MJN, in-
creasing the value of the parameter epsilon increases the
number of reticulations as less-parsimonious solutions
are thenincluded (Bandelt et al., 1999). Likewise, we sug-
gest that near-MP trees (i.e., trees with length slightly
higher than that of the MP trees) can be saved during
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tree search (e.g., in PAUP*) and then combined into a
single graph. Preliminary tests show that the inclusion
of near parsimonious trees (e.g., length of MP trees + 1)
generated much more complex but also more compatible
genealogy inference (data not shown).
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