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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 clasdicdécted acyclic

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)). Thaach
site evolves down one of the trees induced by (or, contai-
ned in) the networkSimilar scenarios arise in the cases of
otherreticulate 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 froth

toY. (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

graphs(DAGSs) that models evolutionary histories when treesproblems based on it [6, 8]. In 1990, Hein observed that the
are inappropriate, such as in the cases of horizontal gene tranariterion could be extended to detect recombination [10, 11].
fer (HGT) and hybrid speciation [16, 19, 18]. Fig. 1(a) showsHe observed that each individual site in a set of sequences

© Oxford University Press 2006.
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labeling a network evolves down a tree contained in the netFurther, letX be a set of taxa (species). Théh,is a phy-
work (e.g., the trees in Figs. 1(b) and 1(c) are contained iogenetic tree oveX if there is a bijection betweeX and
the network shown in Fig. 1(a)). Following this observation, L(T"). Henceforth, we will identify the taxa set with the leaves
Nakhlehet al. formulated the parsimony criterion for infer- they are mapped to, and let] = {1, .., n} denote the set of
ring and evaluating phylogenetic networks [20]. The HGTleaf-labels. A tred is said to baootedif the set of edges’
reconstruction problem seeks an optimal set of edges whosg directed and there is a single distinguished internal vertex
addition to a given species tree results in an optimal networkvith in-degred). We denote b{/’, the subtree rooted aindu-
that explains the given gene data. In the context of parsimonyed by the tree edges. A function [n] — {0,1,.., X —1}is
we refer to this problem as tHexed-tree MP phylogenetic called astate assignment functiaver the alphabeX for T'.
networkproblem, or FTMPPN. Solving this problem entails We say that functiof : V(T') — {0,1, .., £ —1} is an exten-
scoring the parsimony of a phylogenetic network leaf-labeledsion of A onT' if it agrees with\ on the leaves df. In a similar
by a set of sequences; we refer to this problem agptre  way, we define a function” : [n] — {0,1,..,2 — 1}* and
simony score of phylogenetic netwgokoblem, or PSPN. an extensiom\* : V(T) — {0,1,..,% — 1}*. The latter
Nakhlehet al. used a straightforward algorithm (exponen- function is called dabeling of 7. We write 5\1@(@) — sto
tial in the number of reticulation edges) for solving the PSPNgenote that sequeneés the label of the vertex. Every posi-
problem, and exhaustively searchatinetworks for solving  tion1 < i < k denotes a site in the sequence. Given a labeling
the FTMPPN problem. Further, they left open the question of\* |etd, (A\*) denote the hamming distance between the two
the computational complexity of these problems. sequences labeling the two endpoints of the edgeF (T)).

In this work, we prove that the PSPN problem is NP- A phylogenetic networkV = N(T) = (V', E') over the
hard, and hard to approximate. However, on the positive sideaxa setX is derived fronil” by splitting two edges, ¢’ € E,
we give an efficient algorithm for the problem, and boundadding a new vertex in each of them, and joining the two new
its running time to prove it is fixed parameter tractable [3].vertices with a directedeticulation edge A tree edge can
The algorithm has very good performance in practice, as Weake part in more than one reticulation event. Phylogenetic
show, and was integrated as part of efficient heuristics for theetworks must satisfy additional temporal constraints [19].
FTMPPN problem. Further, we devise new heuristics for therinally, we denote b§'(V) the set of all trees contained inside
FTMPPN problem, and show through experiments on biolonetwork V. Each such tree is obtained by the following two
gical as well as synthetic data, that the heuristics are efficieniteps: (1) for each node of in-degreremove one of the
in practice, while maintaining a high accuracy. The biologicalincoming edges, and then (2) for every nadef in-degree
dataset we analyze include the rbcL gene in plastids, cyaand out-degree, whose parent is and child isv, remove
nobacteria, and proteobacteria. The evolution of this gene igodes and its two adjacent edges, and add a new edge from
believed to include a set of horizontal gene transfer events [1], to v. For a networkV and a node € V(N), let N, denote

A large body of work has been introduced in recent yearghe graph induced by the nodes reachable from
to address phylogenetic network reconstruction and evalua-

tion. In general, three categories of non-treelike models havé-2 Parsimony of Phylogenetic Networks

been addressed, all of which have been introduced under tH¥€ P€gin by reviewing the parsimony criterion for phyloge-
umbrella concept of phylogenetic networks. However, majof€tic trees.

differences exist among the three categor@sits networks ~ problem 1.Parsimony Score of Phylogenetic Trees (PSPT)

are graphical models that capture incompatibilities in the dat@nput: A 3-tuple (S, T, \¥), whereT is a phylogenetic tree

due to various factors, not necessarily HGT or hybrid speciaand \* is the labeling ofZ.(T") by the sequences

tion. Phylogenetic networ@e the ext_ensio_n of phylogenetic Output: The extension\* that minimizes the expression

trees to enable the modeling of reticulation events, such as de(j\k)_

HGT and hybrid speciation (these are also caligtitulate e€B(T)

networksin [13]). The third category is that @combination We define the parsimony score {at, T, \*), pars(S, T, \¥),

networkswhich are used to model the evolution of haplotypesas the value of this sum, apdrs(S, T, A\¥, i) as the value of

and genes at the population level. See [16, 18] for detaithis sum for sitei only. In other wordspars(S, T, \F) =

led surveys of the various phylogenetic network models and _, _, ., pars(S, T, AF 7). Problem 1 has a polynomial time

methodologies. Phylogenetic networks that we address in thidynamic programming type algorithm originally devised for

work belong to the second category. 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.,

2 PARSIMONY OF NETWORKS AF) for each site separately.

2.1 Preliminaries and Definitions Since Fitch’s algorithm is a basic building block in this

LetT = (V, E) be atree, wher& andE are thetree nodes paper, we hereby describe it. As mentioned above, the input

andtree edgesrespectively, and lek(7") denote its leaf set. to the problem is a tre€ and a single charactéf = . The
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algorithm findspars({1,0}, T, C), the optimal assignment  Problem 2.(PSPN1)

to internal nodes of’, in two phases: (1) assigning values to Input: A phylogenetic networkl = N(T') = (V', E’) with
internal nodes in a bottom-up fashion, and (2) eliminating thebinary labeling of length, and an integer”

values determined in the previous phase in atop-down fashioiQuestion: Is the MP score of the network P?
Specifically, phase (1) proceeds as follows: for a nogeéth

childrenv, andv, whose valuesi(v; ) and A(v,) have been We prove the hardness of the PSPN1 problem by areduction

from the Maximum 2-Satisfiability (max-2-sat) problem [7],

determined, which is formally defined as follows.
A(v) = { A(v1) N A(v2) if A(v1) N A(vz) 7# 0 Problem 3.Maximum 2-Satisfiability (max-2-sat)
A(v1) U A(v2) otherwise. Input: Setl/ of variables, collectioit” of clauses ovel/ such

that each clause € C has|c| = 2, and a positive integer
Phase (2) proceeds as follows: for a nedehose parenf(v) K <|C|.

has already been processed:

B(v) = { o€ Al)NA(f(v)) i A(v) NA(f(v)) # 0 _ e _ _
o€ A(v) otherwise. We start with alemma which will be used in our main proof.
Let a “True-True" denote a clause that has no negated literals,
The algorithm above applies for binary trees. A straightfor-“Tyye-False” denote a clause that has exactly one negated lite-
ward extension to arbitrary-degree trees is achieved if in 1] and“False-False” denote a clause in which both literals are
phase (2) at each node B(v) is a stater which is in majo-  negated. For each of these three types of clauses, we generate

We now prove a lemma that will be useful later.

Question: Is there a truth assignment fdy that simulta-
neously satisfies at leasf of the clauses i'?

. Lemma 2.(1) An optimal parsimony score 8for a “True-
Lemma 1.LetT be a tree and” a single character over Trye" network is obtained by labeling= 1, y = 1, or both.

the alphabet.. Letz be the number of internal nodess.t.  Otherwise, the best parsimony scoretis

|A(v)| > 1 by applying Fitch's algorithm o7’ C'). Thenz  (2) An optimal parsimony score 8ffor a “True-False” net-

is less than twice&s*—the parsimony score @t overC'. work is obtained by labeling = 0, y = 1, or both. Otherwise,
As explained in Section 1 and illustrated in Fig. 1, when anthe best parsimony score4s

HGT event occurs, the evolutionary history of the complete(3) An optimal parsimony score 8ffor a “False-False” net-

genomes of the organisms is modeled by a phylogenetic neworkis obtained by labeling = 0, y = 0, or both. Otherwise,

work. Nevertheless, the evolutionary history of every site inthe best parsimony scoreds

these genomes is modeled by one of the phylogenetic treesWe are now in position to prove the main theorem.

inside the netvyork. This gives rise to thg following defini-  t1o0rem 1. The PSPN1 problem is NP-hard.

tion of the parsimony score of phylogenetic networks (as was

introduced by [10, 11] and formalized by [20]). Lemma 3. Max-2-sat is hard even for inputs where each

variable is restricted to appear at mog2 times.
Definition 1. Parsimony Score of Phylogenetic Networks

(PSPN)

Input: A 3-tuple (S, N, \*), whereN is a phylogenetic net-

work and)* is the labeling ofZ.(N) by the sequences 5.

Output: The extension\* that minimizes the expression If gap — max — 2sat[P1, P2] (see [12] for the definition

S icicn [minTeT(N)paTS(S T, )\k'ji)] of gap problems) is NP-hard, then by our reductiem —

S , _ PSPN1[4%|C| — P2+ |U|,4%|C|— P1+|U|] is NP-hard.

The parsimony score of a network is the value of this SUMgy, (9] there is a constant such that there is no polynomial

In the next section, we prove that the PSPN problem is NPgme 51g0rithm for max-2-sat with performance ratio better
hard. Notice that based on Definition 1, the parsimony of eac'ihan(. Thus there is such a constant also for PSPN1.
site is computed independently of the other sites, and hence

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

we focus on the case of a single site. Corollary 2. There is a constan{’ such that there is no
3 THE PSPN PROBLEM polynomial time algorithm for PSPN1 with performance ratio
better than(’.

3.1 Hardness of the Problem
Corollary 3. The PSPN1 problem is hard to approximate

In the same spirit of MP heuristics for phylogenetic trees,
a crucial part of heuristics for solving the MP problem on €Ven for networks of bounded degrees, where each node has
at most 20 children.

phylogenetic networks involves solving the PSPN problem!:
The decision version of the problem for the case of a single This result follows from the fact thatap — maz — 3sat,
binary site is defined as follows. when every variable appears 5 times, is hard.




Jinetal

e 4 Bl I L

11101 11100 10010

@zrVvy (b)z' vy (@' vy

Fig. 2. Part of the reduction from max-2-sat to PSPNL1.

3.2 AnImproved FPT Algorithm PSPNN=(V",E")

Definition 2. A reticulation edge(u — wv) is called a 1. If N is not a tree
lowest reticulation edgéor just a lowest edge) if there is no a. Find a lowest reticulation edge= (u — v) in N;
reticulation edge adjacent to any node in eitligror 7.,. b. Let ¢’ be the edge betweenand its ancestral node o

) ) the tree edge;

Lemma 4. For every phylogenetic network, there exists a c. By Fitch's algorithm, compute the optimal assignment

lowest edge. of u andwv;
] ) d. If A(u) N A(v) = 0 then

This lemma follows from the fact that phylogenetic net- opt = PSPN(V' E'\ e);
works are acyclic and satisfy additional temporal cons- e. else if A(u) C A(v) then
traints [19]. opt = PSPN(V',E"\ €');

f. else

Corollary 4. Let (u — v) be a lowest edge. Then bai, (1) opt = PSPN(V',E'\ e);

and N, are trees. (2) opt’ = PSPN(V', E"\ €);
(3) if opt’ < opt thenopt «— opt’;

The algorithm Net2Trees of [20] enumerates all tHe g. returnopt;
possible trees contained inside a given network vitheti- 2. else _ _
culation edges, and calculates the parsimony score of eagh & L&t T be the resulting tree;

. . . . . b. returnFitch(T);

tree by running Fitch’s algorithm [6] iD(n|X]) time. The

optimal score among all trees contained inside the network is

then returned. The total running time2§ - O(n|X|), which,  Fig. 3. The improved FPT algorithm for the PSPN problem.

fcl); Z:é%?}i;;gszgﬂgl rrr?r\::/r(?virmz Zi:]ybsémﬂlﬁeizzg]anr\utomatlcally taken into the tree only if it yields no muta-

Extremel hiah. Consider a site Vslth a sinale observed stat ¥%n and automatically rejected from the tree if it necessarily
: y nign. . . g . eads to a mutation. In all other cageis uncertain, and both

Obviously, the underlying tree yields the optimal assignmen ases are considered

W'th score zero. I_n cpntrast th_e halve algorithm of [20] W'!I 'UN"\tis clear that the algorithmrecurs only onreticulation edges

in time exponential iMB (and inn in a worst-case scenario).

— .
We now present our.improvement to the algorithm from [20] E;; L erqrjw)mv;hle, r?ﬁ eli::rgct:)eerrt ?)IP SL'J\I cicﬁizzrsllii/ég?r'nzstl t\?vrl]c(:j e the

for computing the optimal score of a netwakk By Lemma optimal score ofV

4, there exists a lowest edge= (v — v) in N and by '

Corollary 4 the subnetworks reachable from both endpaeints Theorem 2.The running time of the improved FPT algo-
andv are trees. Therefore we can compyte:) andA(v) by rithm is O(n - 2°P(N)), wheren is the number of nodes in
Fitch algorithm. The following lemma is fundemental for the the network an@pt (V) is the optimal parsimony score of the
algorithm correctness: site (under consideration) on the network.

Lemma 5. Lete = (u — v) be a lowest edge in a network 4 THE FTMPPN PROBLEM

N for which A(u) and A(v) have already been computed. Finally, we consider théixed-tree MP on phylogenetic net-
Also assume the resulting tree containghen, 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
In the cases which are not covered by Lemma 5, we sagvents which occurred during the evolutionary history of the
thatu — v is uncertain Lemma 5 gives rise to the recursive sequences. This problem arises in situations when the under-
algorithm, PSPN(N), for computing the optimal scoreMdf  lying organismal tree is known. For example, Lexbal.[15]
as outlined in Fig. 3. reported a well-supported organismal phylogeny reconstruc-
The correctness of the algorithm is implied by the con-ted fromabout 100 “core” genesiaProteobacteria. Comple-
struction and Lemma 5. A reticulation edgde — wv) is  ting this phylogenetic tree into a network based on the whole

1. If A(u) C A(v), there will be no mutation oa.
2. If A(u) N A(v) = 0, there will be mutation om.
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genomes of these organisms amounts to detecting HGT everdssubset of the dataset considered by Delwiche and Pal-
that occurred in the-Proteobacteria group. mer [1] and for which multiple HGT events were conjectured
Since the actual number of the HGT events as well as theipy the authors. The 15-taxon rbcL dataset consists of two
locations are not known, parsimony is used as the optimasequencess from the proteobacteria group, two from cya-
lity criterion for the search. [20] showed that solving this nobacteria, one from green plastids, one from red plastids,
problem accurately detectsthe HGT eventsin a sequence datane cyanophora, and four Form Il rubisco sequences. For
set. However, since their goal was to study the quality of thehis dataset, we obtained the species tree which was reported
approach rather than the efficiency of computing it, they hadn [1], and analyzed the rubisco gene rbcL of these 15 orga-
a brute-force implementation that took almost ten hours omisms. The gene dataset consists of 15 aligned amino acid
datasets with only two HGT events. Since this is infeasiblesequences, each of length 532 (the alignment is available from
in practice, we devise simple, yet efficient and accurate, heuhttp://www.life.umd.edu/labs/delwiche/alignments/rbcLgb7
ristics for solving the FTMPPN problem and demonstrate -95.distrib.txt).
through simulations, its excellent accuracy. For the synthetic data, we used the following protocol to
The preliminary results in [20] showed the optimal phylo- generate them. We used tt&s tool [22] to generate a ran-
genetic networks wittk reticulation edges could always be dom birth-death phylogenetic tree on 20 taxa. T8& tool
obtained from the optimal phylogenetic networks with- 1 generates molecular clock trees; we deviated the tree from this
reticulation edges. Based on this observation, we implemerfhypothesis by multiplying each edge in the tree by a num-
ted a branch and bound heuristic (B&B) in which at eachber randomly drawn from an exponential distribution. The
step of the search only “best” networks are retained. Furthegxpected evolutionary diameter (longest path between any two
to find the optimal phylogenetic networks wittreticulation  leaves in the tree) is 0.2. We then generated five model phylo-
edges, we conduct search based only on the optimal ones wiienetic networks by adding 1, 2, 3, 4, and 5 reticulation edges
k—1reticulation edges. This cuts the time significantly, while (simulating HGT events) to the model tree. For each of the
maintaining excellent accuracy (in terms of the optimality offive phylogenetic networks, we used the Seq-gen tool [21] to
the score computed by the heuristic compared to that of thevolve 26 datasets of DNA sequences of length 1500 down the
model network), as will be shown in the next section. organismal tree and DNA sequences of length 500 down the
To gain furtherimprovements intime, we extended the B&Bother tree contained inside the network (the one that exhibits
heuristic by inspecting Hamming distances on the tree edgesil HGT events). Both sequence datasets were evolved under
we call this heuristic B&B(Hamming). This heuristic divides the K2P+ model of evolution, with shape parametefl4].
the sequences (that label the nodes of the species tree) irinally, we concatenated the two datasets.
blocks. Then, the heuristic applies Fitch's algorithmand labelss 2 Methods
the internal nodes of the tree. Next, for each edge, it computels

the Hamming distance for each of the blocks, and normalizes® analyze the data_\, we hav_e |_mplemente_d the B&B as well
. ) . as the B&B(Hamming) heuristics for solving the FTMPPN
it by the average Hamming distance over all blocks along the o . X .
same edge. Finally, for each edge we compute the diﬁerenc%mblem' As the_se two heuristics enta!l scoring the parsmczny
between the maximum and minimum values of normalize fa phylogenenc network, we have implemented thg naive
Hamming distances over all blocks, and use this value as %Igonthm, mtroduced in [20] and rgferred to as "FPT n the.
criterion for finding candidate edges. Finally, the search forresul_ts section, as well as the nfzw improved orle_, described in
tree edges among which to add HGT events is done in thgect_mn 3.2 and referred to as Improved '.:PT in the _results
(reduced) space of candidate edges. The rationale behind thslgcnon, and compared their performance in terms of time.

. . In our analysis, we aimed to investigate two main questions:
approach is that for DNA segments that were horizontally 1) How do tﬁe new heuristics for so?ving the FTMgPN pro-

transferred (rather than inherited down the species tree), t}*b m perform with respect to identifying the correct number of
arsimony score on the species tree should be higher than t : . :
b y b 9 hI-a| T events as well as their actual locations on the organismal

of segments that evolved down the species tree. The reas?rrées? (2) How does the Improved FPT algorithm perform, in

for this is that the species tree does not model the evolutio o .
. erms of actual running time, compared to the FPT algorithm?
of horizontally transferred DNA segments, and hence tha . . . :
In both the biological as well as synthetic data, the organis-

tree should not be a *good” model for these segments (Whicrr]nal trees were known. For the biological data, we compared
translates into high parsimony scores). The B&B(Hamming) ' 9 ' P

. . Y . . ... ~-ourresults against the HGT events conjectured by the authors,
achieves further reductions in time and still, while maintaining ! )
and for the simulated data, we compared our results against
the accuracy of the search.

the (known) correct solutions.
5 EMPIRICAL PERFORMANCE 5.3 Results and Analysis

5.1 Data Biological data. Fig. 4(a) shows the parsimony scores of
For the biological data, we considered a 15-taxon datathe most parsimonious networks with different number of
set of plastids, cyanobacteria, and proteobacteria, which isorizontal 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 HG"
edges that led to the best improvement in the parsimony score. (c) The actual computational time (averaged over all 26 runs) of the naive FP"
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); thes
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 substitutiotHGT edges are placed betweéyanidium a Red Plastid, and
matrices: PAM120, PAM250, BLOSUM45, BLOSUMG62, one of the proteobacteria, and betweédeoaligene H16 plas-
and IDENTITY. The results based on these five matrices werenid and Rhodobacter sphaeroides These two HGT edges
almost identical, and due to space constraints we show onlglace the two proteobacteria close to the red plastid. These five
the results obtained using the IDENTITY matrix. Fig. 4(a) HGT edges were the ones conjectured by the authors in [1].
shows clearly that parsimony scores drop dramatically whetsynthetic data. In the first set of experiments, we compa-
the first 5 or 6 potential HGT edges are added to the speciagd the performances (in terms of actual computational time)
tree. The decrease then becomes insignificant, and no decra-the naive FPT algorithm [20] and our new improved FPT
ase at all is achieved after adding the eighth edge. The edgetgorithm. The results are summarized in Fig. 4(c). The results
that resulted in the optimal decrease are shown by directeshow that except for the case of a single HGT event, the impro-
edges posited on the species tree in Fig. 4(b), with each of theed FPT algorithm becomes much faster than the naive one as
edges representing a potential transfer of the rbcL gene (thlbae number of HGT edges increases. In particular, for the case
numbers associated with the directed edges represent the orad#r5 HGT events, the improvement is larger than a factor of
in which they were added). Fig. 4(b) also listed the parsim2. More importantly, as the number of HGT events increases,
ony score of the most parsimonious network after adding eactihe improvement becomes much more significant (indicated
of the HGT edges. Row-+ Hi” corresponds to the network by the widening gap between the two curves in Fig. 4(c)). In
after addingi'" HGT edge into the existing network, while the second set of experiments, we studied the performance
“HO” represents the original species tree. The score changed the two heuristics B&B and B&B(Hamming) for solving
from the previous networks are given inside the parenthesethe FTMPPN problem. We compared the times taken by these
It is clear that among the 15 taxa, the first five HGT edgedeuristics to the time the exhaustive search of [20] would take;
are significant, while the others do not result in a significantwe had to estimate this latter time, since it would take pro-
improvement in the parsimony score, if any at all. The firstbably years to perform an exhaustive search on all networks
three HGT edges group the Form Il Rubisco together, andvith more than two HGT events. Further, we compared the
separates them from the rest (Form | Rubisco). The other twparsimony scores of the optimal networks computed by these
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heuristics, PS1, to the parsimony score of the model net- 3:475-480, 2000.

work, PSM, by the formula:(PSM — PSI)/PSM %. [5]I.T. Paulsenet al. Role of mobile DNA in the evolu-
This is the value referred to @arsimony score difference(%) tion of Vacomycin-resistant Enterococcus faecaliScience

in Fig. 4(e) and 4(f). Fig. 4(d) shows drastic improvements _ 299(5615):2071-2074, 2003. _ .

in the time achieved by the two heuristics. The exact times in [6]W. Fitch. Toward defining the course of evolution: minimum
minutes using the B&B heuristic for the networks with 1, 2, ig?gge for a specified tree topologyst. Zoql 20:406-416,

3.’ 4,and 5 HGT e_vents are.3.5, 11, .25’ 103, and 206, re.SpeC'[7]M. R. Garey and D. S. Johnso@omputer and Intractability
t|vely. The exact times in m|r_1utes using the B&B(Hamming) Bell Telephone Laboratories, incorporated, 1979.

heuristic for the networks with 1’_2' 3,4, and 5 HGT events (gip Gusfield. Efficient algorithms for inferring evolutionary
are 0.1, 8, 22, 100, 192, respectively. On the other hand, the hjstory. Networks 21:19-28, 1991.

estimated time in minutes using an exhaustive search in the[9]J. Hastad. Some optimal inapproximability resul&TOC97
network space are 6.3,3 x 103, 8.0 x 10, 9.5 x 10°, and pages 1-10, 1997.

12.0 x 10'2, respectively. Equally important, the improve- [10]J. Hein. Reconstructing evolution of sequences subject to
ment was achieved while maintaining high accuracy in the recombination using parsimonyMathematical Biosciences
parsimony scores computed, which is reflected in the negligi- ~ 98:185-200, 1990. _

ble score differences plotted in Figs. 4(e) and 4(f). The Figs.[ll]‘]' Hein. A heyrlstlc method .to reconstruct the history of
show that the parsimony scores of the networks inferred by sequences subject to recombinatiodournal of Molecular

- L . Evolution 36:396-405, 1993.
o :
the heuristics fall within 0.7% of the parsimony scores of the[lz]D. S. Hochbaum. Approximation Algorithms for NP-Hard

model networks. This is a very high accuracy. Problems PWS Publishing Company, 1997.

6 CONCLUSIONS AND FUTURE WORK [13]D. H. Huson and D. Bryant. Application of phylogenetic net-
In this paper, we addressed the parsimony criterion for phy- works in evolutionary studiedviol. Biol. Evol 23(2):254—-267,
logenetic networks. We settled the computational complexity 2006 _ o _

question of the PSPN problem, proving it is NP-hard and[14]M' Kimura. A_sm_wple method for estlma_tlng evo_lutlonary rate_s
hard to approximate. Further, we devised an efficient algo- of base substitutions through compar:?mve studies of nucleotide
rithm for solving the problem. We also designed efficient 15 Eeqfencesi?uénalsf Molegulsrfvilllutuonla|1:11—120, 1980.
heuristics for the FTMPPN problem. We implemented our[ JE. Lerat, V. Daubin, and N.A. Moran. [From gene trees

. ; . to organismal phylogeny in prokaryotes: The case of the
methods and tested them on biological as well as synthetic ., roteobacteriaPLoS Biology1(1):1-9, 2003.

data. Our results are very promising and provide a significant16]c.R. Linder, B.M.E. Moret, L. Nakhleh, and T. Warnow. Net-
contribution towards bringing the tools and methodologies for  work (reticulate) evolution: biology, models, and algorithms. In
reconstructing and evaluating phylogenetic networks onapar The Ninth Pacific Symposium on Biocomputing (P2BD4. A
with those for phylogenetic trees. In this paper, we provi- tutorial.

ded the first experimental analysis of the parsimony criterion[17]C.R. Linder and L.H. Rieseberg. Reconstructing patterns of
for networks on both synthetic as well as biological data. For ~ reticulate evolution in plants.American Journal of Botany
future work, we intend to analyze others groups of prokaryotic 91:1700-1708, 2004.

organisms, establish the complexity of the FTMPPN problem [18]Y- Makarenkov, D. Kevorkov, and P. Legendre. Phylogene-
. .. . . tic network reconstruction approachéspplied Mycology and
and design efficient solutions for it.

Biotechnology (Genes, Genomics and Bioinformatigs2005.
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