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ABSTRACT
Motivation: Phylogenies—the evolutionary histories of groups
of organisms—play a major role in representing relationships
among biological entities. Although many biological proces-
ses can be effectively modeled as a tree-like relationships,
others, such as hybrid speciation, and horizontal gene trans-
fer (HGT) result in networks of relationships rather than trees
of relationships. Hybrid speciation is a significant evolutionary
mechanism in plants, fish, and other groups of species. HGT
plays a major role in bacterial genome diversification, and is a
significant mechanism by which bacteria develop resistance to
antibiotics. Maximum parsimony (MP) is one of the most com-
monly used criteria for phylogenetic tree inference. Roughly
speaking, inference based on this criterion seeks the tree that
minimizes the amount of evolution. In 1990, Jotun Hein propo-
sed using this criterion for inferring the evolution of sequences
subject to recombination. Preliminary results on small synthe-
tic data sets (Nakhleh et al., 2005) demonstrated the criterion’s
application to phylogenetic network reconstruction in general,
and HGT detection in particular. However, the naive algorithms
used by the authors are inapplicable to large data sets due to
their demanding computational requirements. Further, no rigo-
rous theoretical analysis of computing the criterion was given,
nor was it tested on biological data.
Results: In this work, we prove that the problem of scoring the
parsimony of a phylogenetic network is NP-hard, and provide
an improved fixed parameter tractable algorithm for it. Further,
we devise an efficient heuristics for parsimony-based recon-
struction of phylogenetic networks. We test our methods on
both synthetic and biological data (rbcL gene in bacteria), and
obtain very promising results. (Due to space limitations, some
proofs are omitted; the full version of the paper is available at
http://bioinfo.cs.rice.edu/Papers/eccb06full.pdf.)
Contact: Sagi Snir (ssagi@math.berkeley.edu )

1 INTRODUCTION
Phylogenetic networks are a special class ofdirected acyclic
graphs(DAGs) that models evolutionary histories when trees
are inappropriate, such as in the cases of horizontal gene trans-
fer (HGT) and hybrid speciation [16, 19, 18]. Fig. 1(a) shows

a phylogenetic network on four species with a single HGT
event. In horizontal gene transfer (HGT), genetic material is
transferred from one lineage to another, as in Fig. 1(a). In
an evolutionary scenario involving horizontal transfer, cer-
tain sites (specified by a specific substring within the DNA
sequence of the species into which the horizontally trans-
ferred DNA was inserted) are inherited through horizontal
transfer from another species (as in Fig. 1(c)), while all others
are inherited from the parent (as in Fig. 1(b)). Thus,each
site evolves down one of the trees induced by (or, contai-
ned in) the network. Similar scenarios arise in the cases of
other reticulate evolution events (such as hybrid speciation and
interspecific recombination). Hybrid speciation is a signifi-
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Fig. 1. (a) A phylogenetic network with a single HGT even fromX
to Y . (b) The underlying organismal (species) tree. (c) The tree of a
horizontally transferred gene.

cant evolutionary mechanism in plants, fish, and other groups
of species [17]. HGT plays a major role in bacterial genome
diversification [2, 4], and is a significant mechanism by which
bacteria develop resistance to antibiotics [5]. To facilitate evo-
lutionary analyses of these groups of organisms, developing
accurate criteria for reconstructing phylogenetic networks and
efficient algorithms for inference based on these criteria are
imperative. A large number of publications have been intro-
duced in recent years about various aspects of phylogenetic
networks; see [16, 18] for detailed surveys.

Maximum Parsimony (MP) is one of the most widely
used criteria for phylogenetic tree analysis. It is based on a
minimum-evolution principle, compares well to other accu-
rate criteria, and has a host of efficient algorithms for solving
problems based on it [6, 8]. In 1990, Hein observed that the
criterion could be extended to detect recombination [10, 11].
He observed that each individual site in a set of sequences
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labeling a network evolves down a tree contained in the net-
work (e.g., the trees in Figs. 1(b) and 1(c) are contained in
the network shown in Fig. 1(a)). Following this observation,
Nakhlehet al. formulated the parsimony criterion for infer-
ring and evaluating phylogenetic networks [20]. The HGT
reconstruction problem seeks an optimal set of edges whose
addition to a given species tree results in an optimal network
that explains the given gene data. In the context of parsimony,
we refer to this problem as thefixed-tree MP phylogenetic
networkproblem, or FTMPPN. Solving this problem entails
scoring the parsimony of a phylogenetic network leaf-labeled
by a set of sequences; we refer to this problem as thepar-
simony score of phylogenetic networkproblem, or PSPN.
Nakhlehet al. used a straightforward algorithm (exponen-
tial in the number of reticulation edges) for solving the PSPN
problem, and exhaustively searchedall networks for solving
the FTMPPN problem. Further, they left open the question of
the computational complexity of these problems.

In this work, we prove that the PSPN problem is NP-
hard, and hard to approximate. However, on the positive side,
we give an efficient algorithm for the problem, and bound
its running time to prove it is fixed parameter tractable [3].
The algorithm has very good performance in practice, as we
show, and was integrated as part of efficient heuristics for the
FTMPPN problem. Further, we devise new heuristics for the
FTMPPN problem, and show through experiments on biolo-
gical as well as synthetic data, that the heuristics are efficient
in practice, while maintaining a high accuracy. The biological
dataset we analyze include the rbcL gene in plastids, cya-
nobacteria, and proteobacteria. The evolution of this gene is
believed to include a set of horizontal gene transfer events [1].

A large body of work has been introduced in recent years
to address phylogenetic network reconstruction and evalua-
tion. In general, three categories of non-treelike models have
been addressed, all of which have been introduced under the
umbrella concept of phylogenetic networks. However, major
differences exist among the three categories.Splits networks
are graphical models that capture incompatibilities in the data
due to various factors, not necessarily HGT or hybrid specia-
tion.Phylogenetic networksare the extension of phylogenetic
trees to enable the modeling of reticulation events, such as
HGT and hybrid speciation (these are also calledreticulate
networksin [13]). The third category is that ofrecombination
networks, which are used to model the evolution of haplotypes
and genes at the population level. See [16, 18] for detai-
led surveys of the various phylogenetic network models and
methodologies. Phylogenetic networks that we address in this
work belong to the second category.

2 PARSIMONY OF NETWORKS
2.1 Preliminaries and Definitions
Let T = (V,E) be a tree, whereV andE are thetree nodes
andtree edges, respectively, and letL(T ) denote its leaf set.

Further, letX be a set of taxa (species). Then,T is a phy-
logenetic tree overX if there is a bijection betweenX and
L(T ). Henceforth, we will identify the taxa set with the leaves
they are mapped to, and let[n] = {1, .., n} denote the set of
leaf-labels. A treeT is said to berootedif the set of edgesE
is directed and there is a single distinguished internal vertexr
with in-degree0. We denote byTv the subtree rooted atv indu-
ced by the tree edges. A functionλ : [n] → {0, 1, ..,Σ−1} is
called astate assignment functionover the alphabetΣ for T .
We say that function̂λ : V (T ) → {0, 1, ..,Σ−1} is an exten-
sion ofλ onT if it agrees withλ on the leaves ofT . In a similar
way, we define a functionλk : [n] 7−→ {0, 1, ..,Σ− 1}k and
an extension̂λk : V (T ) 7−→ {0, 1, ..,Σ − 1}k. The latter
function is called alabeling of T . We write λ̂k(v) = s to
denote that sequences is the label of the vertexv. Every posi-
tion1 ≤ i ≤ k denotes a site in the sequence. Given a labeling
λ̂k, let de(λ̂k) denote the hamming distance between the two
sequences labeling the two endpoints of the edgee ∈ E(T ).

A phylogenetic networkN = N(T ) = (V ′, E′) over the
taxa setX is derived fromT by splitting two edgese, e′ ∈ E,
adding a new vertex in each of them, and joining the two new
vertices with a directedreticulation edge. A tree edge can
take part in more than one reticulation event. Phylogenetic
networks must satisfy additional temporal constraints [19].
Finally, we denote byT (N) the set of all trees contained inside
networkN . Each such tree is obtained by the following two
steps: (1) for each node of in-degree2, remove one of the
incoming edges, and then (2) for every nodex of in-degree
and out-degree1, whose parent isu and child isv, remove
nodex and its two adjacent edges, and add a new edge from
u to v. For a networkN and a nodev ∈ V (N), letNv denote
the graph induced by the nodes reachable fromv.

2.2 Parsimony of Phylogenetic Networks
We begin by reviewing the parsimony criterion for phyloge-
netic trees.

Problem 1.Parsimony Score of Phylogenetic Trees (PSPT)
Input: A 3-tuple (S, T, λk), whereT is a phylogenetic tree
andλk is the labeling ofL(T ) by the sequences inS.
Output: The extension̂λk that minimizes the expression∑

e∈E(T ) de(λ̂k).

We define the parsimony score for(S, T, λk),pars(S, T, λk),
as the value of this sum, andpars(S, T, λk, i) as the value of
this sum for sitei only. In other words,pars(S, T, λk) =∑

1≤i≤k pars(S, T, λk, i). Problem 1 has a polynomial time
dynamic programming type algorithm originally devised for
binary characters and binary trees by Fitch [6], and later exten-
ded to arbitrary degree trees and multi-state characters by
Sankoff [23]. The algorithm finds an optimal assignment (i.e.,
λ̂k) for each site separately.

Since Fitch’s algorithm is a basic building block in this
paper, we hereby describe it. As mentioned above, the input
to the problem is a treeT and a single characterC = λ1. The
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algorithm findspars({1, 0}, T, C), the optimal assignment
to internal nodes ofT , in two phases: (1) assigning values to
internal nodes in a bottom-up fashion, and (2) eliminating the
values determined in the previous phase in a top-down fashion.
Specifically, phase (1) proceeds as follows: for a nodev with
childrenv1 andv2 whose valuesA(v1) andA(v2) have been
determined,

A(v) =
{

A(v1) ∩A(v2) if A(v1) ∩A(v2) 6= ∅
A(v1) ∪A(v2) otherwise.

Phase (2) proceeds as follows: for a nodev whose parentf(v)
has already been processed:

B(v) =
{

σ ∈ A(v) ∩A(f(v)) if A(v) ∩A(f(v)) 6= ∅
σ ∈ A(v) otherwise.

The algorithm above applies for binary trees. A straightfor-
ward extension to arbitraryk-degree trees is achieved if in
phase (2) at each nodev, B(v) is a stateσ which is in majo-
rity among allA(vi) for all childreni and the ancestor ofv.
We now prove a lemma that will be useful later.

Lemma 1. Let T be a tree andC a single character over
the alphabetΣ. Let x be the number of internal nodesv s.t.
|A(v)| > 1 by applying Fitch’s algorithm on(T,C). Thenx
is less than twiceS∗—the parsimony score ofT overC.

As explained in Section 1 and illustrated in Fig. 1, when an
HGT event occurs, the evolutionary history of the complete
genomes of the organisms is modeled by a phylogenetic net-
work. Nevertheless, the evolutionary history of every site in
these genomes is modeled by one of the phylogenetic trees
inside the network. This gives rise to the following defini-
tion of the parsimony score of phylogenetic networks (as was
introduced by [10, 11] and formalized by [20]).

Definition 1. Parsimony Score of Phylogenetic Networks
(PSPN)
Input: A 3-tuple(S, N, λk), whereN is a phylogenetic net-
work andλk is the labeling ofL(N) by the sequences inS.
Output: The extension̂λk that minimizes the expression∑

1≤i≤k

[
minT∈T (N)pars(S, T, λk, i)

]
.

The parsimony score of a network is the value of this sum.
In the next section, we prove that the PSPN problem is NP-
hard. Notice that based on Definition 1, the parsimony of each
site is computed independently of the other sites, and hence
we focus on the case of a single site.
3 THE PSPN PROBLEM
3.1 Hardness of the Problem
In the same spirit of MP heuristics for phylogenetic trees,
a crucial part of heuristics for solving the MP problem on
phylogenetic networks involves solving the PSPN problem.
The decision version of the problem for the case of a single
binary site is defined as follows.

Problem 2.(PSPN1)
Input: A phylogenetic networkN = N(T ) = (V ′, E′) with
binary labeling of length1, and an integerP
Question: Is the MP score of the network≤ P?

We prove the hardness of the PSPN1 problem by a reduction
from the Maximum 2-Satisfiability (max-2-sat) problem [7],
which is formally defined as follows.

Problem 3.Maximum 2-Satisfiability (max-2-sat)
Input: SetU of variables, collectionC of clauses overU such
that each clausec ∈ C has |c| = 2, and a positive integer
K ≤ |C|.
Question: Is there a truth assignment forU that simulta-
neously satisfies at leastK of the clauses inC?

We start with a lemma which will be used in our main proof.
Let a “True-True" denote a clause that has no negated literals,
“True-False” denote a clause that has exactly one negated lite-
ral, and “False-False” denote a clause in which both literals are
negated. For each of these three types of clauses, we generate
subnetworks as shown in Figs. 2(a), 2(b), and 2(c).

Lemma 2.(1) An optimal parsimony score of3 for a “True-
True" network is obtained by labelingx = 1, y = 1, or both.
Otherwise, the best parsimony score is4.
(2) An optimal parsimony score of3 for a “True-False” net-
work is obtained by labelingx = 0, y = 1, or both. Otherwise,
the best parsimony score is4.
(3) An optimal parsimony score of3 for a “False-False” net-
work is obtained by labelingx = 0, y = 0, or both. Otherwise,
the best parsimony score is4.

We are now in position to prove the main theorem.

Theorem 1.The PSPN1 problem is NP-hard.
Lemma 3. Max-2-sat is hard even for inputs where each

variable is restricted to appear at most12 times.

Corollary 1. The PSPN1 problem is NP-hard even for net-
works of bounded degrees, where each node has at most12
children.

If gap − max − 2sat[P1, P2] (see [12] for the definition
of gap problems) is NP-hard, then by our reductiongap −
PSPN1[4 ∗ |C|−P2+ |U |, 4 ∗ |C|−P1+ |U |] is NP-hard.
By [9] there is a constantζ such that there is no polynomial
time algorithm for max-2-sat with performance ratio better
thanζ. Thus there is such a constant also for PSPN1.

Corollary 2. There is a constantζ ′ such that there is no
polynomial time algorithm for PSPN1 with performance ratio
better thanζ ′.

Corollary 3. The PSPN1 problem is hard to approximate
even for networks of bounded degrees, where each node has
at most 20 children.

This result follows from the fact thatgap − max − 3sat,
when every variable appears 5 times, is hard.
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Fig. 2. Part of the reduction from max-2-sat to PSPN1.

3.2 An Improved FPT Algorithm
Definition 2. A reticulation edge(u → v) is called a

lowest reticulation edge(or just a lowest edge) if there is no
reticulation edge adjacent to any node in eitherTu or Tv.

Lemma 4. For every phylogenetic network, there exists a
lowest edge.

This lemma follows from the fact that phylogenetic net-
works are acyclic and satisfy additional temporal cons-
traints [19].

Corollary 4. Let (u → v) be a lowest edge. Then bothNu

andNv are trees.

The algorithm Net2Trees of [20] enumerates all the2B

possible trees contained inside a given network withB reti-
culation edges, and calculates the parsimony score of each
tree by running Fitch’s algorithm [6] inO(n|Σ|) time. The
optimal score among all trees contained inside the network is
then returned. The total running time is2B ·O(n|Σ|), which,
for a fixedB is polynomial. However, a very simple exam-
ple demonstrates that this running time can be unnecessarily
extremely high. Consider a site with a single observed state
Obviously, the underlying tree yields the optimal assignment
with score zero. In contrast the naïve algorithm of [20] will run
in time exponential inB (and inn in a worst-case scenario).

We now present our improvement to the algorithm from [20]
for computing the optimal score of a networkN . By Lemma
4, there exists a lowest edgee = (u → v) in N and by
Corollary 4 the subnetworks reachable from both endpointsu
andv are trees. Therefore we can computeA(u) andA(v) by
Fitch algorithm. The following lemma is fundemental for the
algorithm correctness:

Lemma 5. Let e = (u → v) be a lowest edge in a network
N for which A(u) and A(v) have already been computed.
Also assume the resulting tree containse. Then,

1. If A(u) ⊆ A(v), there will be no mutation one.
2. If A(u) ∩A(v) = ∅, there will be mutation one.

In the cases which are not covered by Lemma 5, we say
thatu → v is uncertain. Lemma 5 gives rise to the recursive
algorithm, PSPN(N), for computing the optimal score ofN ,
as outlined in Fig. 3.

The correctness of the algorithm is implied by the con-
struction and Lemma 5. A reticulation edge(u → v) is

PSPN(N=(V’,E’))

1. If N is not a tree
a. Find a lowest reticulation edgee = (u→ v) in N ;
b. Let e′ be the edge betweenv and its ancestral node on

the tree edge;
c. By Fitch’s algorithm, compute the optimal assignmentA

of u andv;
d. If A(u) ∩A(v) = ∅ then

opt = PSPN(V ′, E′ \ e);
e. else ifA(u) ⊆ A(v) then

opt = PSPN(V ′, E′ \ e′);
f. else
(1) opt = PSPN(V ′, E′ \ e);
(2) opt′ = PSPN(V ′, E′ \ e′);
(3) if opt′ < opt thenopt← opt′;

g. returnopt;
2. else

a. Let T be the resulting tree;
b. returnFitch(T );

Fig. 3. The improved FPT algorithm for the PSPN problem.

automatically taken into the tree only if it yields no muta-
tion and automatically rejected from the tree if it necessarily
leads to a mutation. In all other casesu is uncertain, and both
cases are considered.

It is clear that the algorithm recurs only on reticulation edges
(u → v) whereu is uncertain. Necessarily,|A(u)| > 1 and
by Lemma 1, the number of such nodes is at most twice the
optimal score ofN .

Theorem 2.The running time of the improved FPT algo-
rithm is O(n · 2opt(N)), wheren is the number of nodes in
the network andopt(N) is the optimal parsimony score of the
site (under consideration) on the network.

4 THE FTMPPN PROBLEM
Finally, we consider thefixed-tree MP on phylogenetic net-
works (FTMPPN) problem [20]. In this problem, given an
organismal (species) tree, the objective is to compute an
additional set of edges whose addition to the tree yields a phy-
logenetic network that explains the horizontal gene transfer
events which occurred during the evolutionary history of the
sequences. This problem arises in situations when the under-
lying organismal tree is known. For example, Leratet al.[15]
reported a well-supported organismal phylogeny reconstruc-
ted from about 100 “core” genes inγ-Proteobacteria. Comple-
ting this phylogenetic tree into a network based on the whole
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genomes of these organisms amounts to detecting HGT events
that occurred in theγ-Proteobacteria group.

Since the actual number of the HGT events as well as their
locations are not known, parsimony is used as the optima-
lity criterion for the search. [20] showed that solving this
problem accurately detects the HGT events in a sequence data-
set. However, since their goal was to study the quality of the
approach rather than the efficiency of computing it, they had
a brute-force implementation that took almost ten hours on
datasets with only two HGT events. Since this is infeasible
in practice, we devise simple, yet efficient and accurate, heu-
ristics for solving the FTMPPN problem and demonstrate,
through simulations, its excellent accuracy.

The preliminary results in [20] showed the optimal phylo-
genetic networks withk reticulation edges could always be
obtained from the optimal phylogenetic networks withk − 1
reticulation edges. Based on this observation, we implemen-
ted a branch and bound heuristic (B&B) in which at each
step of the search only “best” networks are retained. Further,
to find the optimal phylogenetic networks withk reticulation
edges, we conduct search based only on the optimal ones with
k−1 reticulation edges. This cuts the time significantly, while
maintaining excellent accuracy (in terms of the optimality of
the score computed by the heuristic compared to that of the
model network), as will be shown in the next section.

To gain further improvements in time, we extended the B&B
heuristic by inspecting Hamming distances on the tree edges;
we call this heuristic B&B(Hamming). This heuristic divides
the sequences (that label the nodes of the species tree) into
blocks. Then, the heuristic applies Fitch’s algorithm and labels
the internal nodes of the tree. Next, for each edge, it computes
the Hamming distance for each of the blocks, and normalizes
it by the average Hamming distance over all blocks along the
same edge. Finally, for each edge we compute the difference
between the maximum and minimum values of normalized
Hamming distances over all blocks, and use this value as a
criterion for finding candidate edges. Finally, the search for
tree edges among which to add HGT events is done in the
(reduced) space of candidate edges. The rationale behind this
approach is that for DNA segments that were horizontally
transferred (rather than inherited down the species tree), the
parsimony score on the species tree should be higher than that
of segments that evolved down the species tree. The reason
for this is that the species tree does not model the evolution
of horizontally transferred DNA segments, and hence that
tree should not be a “good” model for these segments (which
translates into high parsimony scores). The B&B(Hamming)
achieves further reductions in time and still, while maintaining
the accuracy of the search.

5 EMPIRICAL PERFORMANCE
5.1 Data
For the biological data, we considered a 15-taxon data-
set of plastids, cyanobacteria, and proteobacteria, which is

a subset of the dataset considered by Delwiche and Pal-
mer [1] and for which multiple HGT events were conjectured
by the authors. The 15-taxon rbcL dataset consists of two
sequencess from the proteobacteria group, two from cya-
nobacteria, one from green plastids, one from red plastids,
one cyanophora, and four Form II rubisco sequences. For
this dataset, we obtained the species tree which was reported
in [1], and analyzed the rubisco gene rbcL of these 15 orga-
nisms. The gene dataset consists of 15 aligned amino acid
sequences, each of length 532 (the alignment is available from
http://www.life.umd.edu/labs/delwiche/alignments/rbcLgb7
-95.distrib.txt).

For the synthetic data, we used the following protocol to
generate them. We used ther8s tool [22] to generate a ran-
dom birth-death phylogenetic tree on 20 taxa. Ther8s tool
generates molecular clock trees; we deviated the tree from this
hypothesis by multiplying each edge in the tree by a num-
ber randomly drawn from an exponential distribution. The
expected evolutionary diameter (longest path between any two
leaves in the tree) is 0.2. We then generated five model phylo-
genetic networks by adding 1, 2, 3, 4, and 5 reticulation edges
(simulating HGT events) to the model tree. For each of the
five phylogenetic networks, we used the Seq-gen tool [21] to
evolve 26 datasets of DNA sequences of length 1500 down the
organismal tree and DNA sequences of length 500 down the
other tree contained inside the network (the one that exhibits
all HGT events). Both sequence datasets were evolved under
the K2P+γ model of evolution, with shape parameter1 [14].
Finally, we concatenated the two datasets.

5.2 Methods
To analyze the data, we have implemented the B&B as well
as the B&B(Hamming) heuristics for solving the FTMPPN
problem. As these two heuristics entail scoring the parsimony
of a phylogenetic network, we have implemented the naïve
algorithm, introduced in [20] and referred to as “FPT” in the
results section, as well as the new improved one, described in
Section 3.2 and referred to as “Improved FPT" in the results
section, and compared their performance in terms of time.

In our analysis, we aimed to investigate two main questions:
(1) How do the new heuristics for solving the FTMPPN pro-
blem perform with respect to identifying the correct number of
HGT events as well as their actual locations on the organismal
trees? (2) How does the Improved FPT algorithm perform, in
terms of actual running time, compared to the FPT algorithm?

In both the biological as well as synthetic data, the organis-
mal trees were known. For the biological data, we compared
our results against the HGT events conjectured by the authors,
and for the simulated data, we compared our results against
the (known) correct solutions.

5.3 Results and Analysis
Biological data. Fig. 4(a) shows the parsimony scores of
the most parsimonious networks with different number of
horizontal gene transfer edges. We computed the weighted
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Fig. 4. (a) and (b) show results on the biological data set, whereas (c)—(f) show results on the synthetic data sets. (a) The improvement in the
parsimony score as more HGT edges are added to the 15-taxon organismal tree. (b) The phylogenetic network obtained by adding the HGT
edges that led to the best improvement in the parsimony score. (c) The actual computational time (averaged over all 26 runs) of the naïve FPT
algorithm of [20] and our improved FPT algorithm for solving the PSPN problem, as a function of the number of HGT edges in the network.
(d) actual computational time (averaged over all 26 runs) taken by the heuristics and the exhaustive search method (on a log scale); these
times were taken to solve the FTMPPN problem using the three methods. (e) and (f): percent difference in parsimony scores (for all runs)
between optimal networks computed by the heuristics and the model networks, shown with whisker-and-box plots.

parsimony scores, using five different amino acid substitution
matrices: PAM120, PAM250, BLOSUM45, BLOSUM62,
and IDENTITY. The results based on these five matrices were
almost identical, and due to space constraints we show only
the results obtained using the IDENTITY matrix. Fig. 4(a)
shows clearly that parsimony scores drop dramatically when
the first 5 or 6 potential HGT edges are added to the species
tree. The decrease then becomes insignificant, and no decre-
ase at all is achieved after adding the eighth edge. The edges
that resulted in the optimal decrease are shown by directed
edges posited on the species tree in Fig. 4(b), with each of the
edges representing a potential transfer of the rbcL gene (the
numbers associated with the directed edges represent the order
in which they were added). Fig. 4(b) also listed the parsim-
ony score of the most parsimonious network after adding each
of the HGT edges. Row “+Hi” corresponds to the network
after addingith HGT edge into the existing network, while
“H0” represents the original species tree. The score changes
from the previous networks are given inside the parentheses.
It is clear that among the 15 taxa, the first five HGT edges
are significant, while the others do not result in a significant
improvement in the parsimony score, if any at all. The first
three HGT edges group the Form II Rubisco together, and
separates them from the rest (Form I Rubisco). The other two

HGT edges are placed betweenCyanidium, a Red Plastid, and
one of the proteobacteria, and betweenAlcaligene H16 plas-
mid andRhodobacter sphaeroides I. These two HGT edges
place the two proteobacteria close to the red plastid. These five
HGT edges were the ones conjectured by the authors in [1].
Synthetic data. In the first set of experiments, we compa-
red the performances (in terms of actual computational time)
of the naïve FPT algorithm [20] and our new improved FPT
algorithm. The results are summarized in Fig. 4(c). The results
show that except for the case of a single HGT event, the impro-
ved FPT algorithm becomes much faster than the naïve one as
the number of HGT edges increases. In particular, for the case
of 5 HGT events, the improvement is larger than a factor of
2. More importantly, as the number of HGT events increases,
the improvement becomes much more significant (indicated
by the widening gap between the two curves in Fig. 4(c)). In
the second set of experiments, we studied the performance
of the two heuristics B&B and B&B(Hamming) for solving
the FTMPPN problem. We compared the times taken by these
heuristics to the time the exhaustive search of [20] would take;
we had to estimate this latter time, since it would take pro-
bably years to perform an exhaustive search on all networks
with more than two HGT events. Further, we compared the
parsimony scores of the optimal networks computed by these

6



Maximum Parsimony of Phylogenetic Networks

heuristics,PSI, to the parsimony score of the model net-
work, PSM , by the formula:(PSM − PSI)/PSM %.
This is the value referred to asparsimony score difference(%)
in Fig. 4(e) and 4(f). Fig. 4(d) shows drastic improvements
in the time achieved by the two heuristics. The exact times in
minutes using the B&B heuristic for the networks with 1, 2,
3, 4, and 5 HGT events are 3.5, 11, 25, 103, and 206, respec-
tively. The exact times in minutes using the B&B(Hamming)
heuristic for the networks with 1, 2, 3, 4, and 5 HGT events
are 0.1, 8, 22, 100, 192, respectively. On the other hand, the
estimated time in minutes using an exhaustive search in the
network space are 6.5,7.3 × 103, 8.0 × 106, 9.5 × 109, and
12.0 × 1012, respectively. Equally important, the improve-
ment was achieved while maintaining high accuracy in the
parsimony scores computed, which is reflected in the negligi-
ble score differences plotted in Figs. 4(e) and 4(f). The Figs.
show that the parsimony scores of the networks inferred by
the heuristics fall within 0.7% of the parsimony scores of the
model networks. This is a very high accuracy.

6 CONCLUSIONS AND FUTURE WORK
In this paper, we addressed the parsimony criterion for phy-
logenetic networks. We settled the computational complexity
question of the PSPN problem, proving it is NP-hard and
hard to approximate. Further, we devised an efficient algo-
rithm for solving the problem. We also designed efficient
heuristics for the FTMPPN problem. We implemented our
methods and tested them on biological as well as synthetic
data. Our results are very promising and provide a significant
contribution towards bringing the tools and methodologies for
reconstructing and evaluating phylogenetic networks on a par
with those for phylogenetic trees. In this paper, we provi-
ded the first experimental analysis of the parsimony criterion
for networks on both synthetic as well as biological data. For
future work, we intend to analyze others groups of prokaryotic
organisms, establish the complexity of the FTMPPN problem,
and design efficient solutions for it.
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