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Abstract. Hybridization and incomplete lineage sorting (ILS) are two evolutionary processes that result in incongruence among gene trees and complicate the
identification of the species evolutionary history. Although a wide array of methods have been developed for inference of species phylogeny in the presence of
each of these two processes individually, methods that can account for both of
them simultaneously have been introduced recently. However, these new methods are based on the optimization of certain criteria, such as parsimony and likelihood, and are thus computationally intensive. In this paper, we present a novel
distance-based method for inferring phylogenetic networks in the presence of ILS
that makes use of pairwise distances computed from multiple sampled loci across
the genome. We show in simulation studies that the method infers accurate networks when the estimated pairwise distances have good accuracy. Furthermore,
we devised a heuristic for post-processing the inferred network to remove potential false positive reticulation events. The method is computationally very efficient
and is applicable to very large data sets.

1 Introduction
Understanding the evolutionary history of a set of species and the intricate relationships
between the evolution of genes and genomes are two central questions in biology. It has
long been acknowledged that the evolutionary history of a genomic region from a set
of species is not necessarily congruent with that of the species [16], which is the classic
gene tree/species tree problem. The incongruence among gene trees and species tree
may be caused by various evolutionary processes. Incomplete lineage sorting (ILS),
which is a result of random genetic drift in populations, is one common process, especially in evolutionary scenarios that involve rapid speciation and/or large population
sizes. The occurrence of ILS and its extent have been reported in various data studies of
very diverse sets of organisms; e.g., [29,24,14,32,4,33,8,30]. A large variety of methods have been developed to deal with it; see [26,5,15,23] for recent surveys of such
methods.
A second evolutionary process that results in gene tree incongruence is reticulation,
which includes horizontal gene transfer in asexual species and hybridization in sexual
species. Hybridization is believed to play an important role in several groups of eukaryotic species [1,2,17,18,27]. Not only does hybridization result in gene tree incongruence, but it also results in non-treelike phylogenetic relationships among species, that
are best represented by phylogenetic networks. The structure of a phylogenetic network
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is a rooted, directed acyclic graph, which allows for nodes with more than one parents.
Many methods have been devised to infer these phylogenetic networks by making use
of gene tree incongruence; see [22,11,23] for recent surveys of such methods.
With increasingly available genomic data, patterns of cooccurrence of hybridization
and incomplete lineage sorting are being observed, or suspected, in the data [7,6,28,3,20].
This has called for developing methods that can take both hybridization and incomplete
lineage sorting into account. Methods that assume only ILS as the cause of incongruence would completely miss the possibility of hybridization, whereas methods that infer
phylogenetic networks without accounting for ILS would end up grossly overestimating the amount of hybridization when ILS is also at play. To address this issue, several
methods were proposed recently. However, given the the complexity of modeling such
scenarios in general, most of these methods focused on special cases of the problem
(typically with limited complexity); e.g., [31,9,19,13,12,38]. More recently, methods
for inferring general networks based on parsimony and likelihood criteria were developed [35,34,37,36]. The applicability of these inference methods is currently limited to
small data sets, given the hardness of the inference problems under these two criteria.
Distance-based methods have long been some of the fastest methods in phylogenetics, producing very good estimates on phylogenies with thousands of taxa in minutes.
Even when the accuracy of inferences made by these methods is not very high, trees
produced by distance-based methods are still used as initial trees for the most computationally intensive and detailed methods, such as maximum likelihood. Thus, distancebased method provide a very good tool in phylogenetics. In this paper, we introduce a
novel distance-based method that infers a phylogenetic network from pairwise distance
data in the presence of both hybridization and ILS. Our method builds on the GLASS
method [21] that was recently introduced to infer species trees from pairwise distances
obtained from multiple loci under the assumption that all incongruence is due to ILS.
We studied the performance of our method on simulated data and found that it produces
very good results, even when we perturbed the pairwise distances so as to simulate error
in distance estimates. We also devised a heuristic for potentially eliminating false positive reticulations in order to minimize the overestimation of the number of reticulations.
It is important to note that accurate estimates of pairwise distances based on multiple
loci is a requirement for a good performance of our method (just like they are a requirement for a good performance of GLASS). We view this as a major obstacle facing
the application of this method to real data. Nevertheless, as we pointed out above, this
method can still be used to quickly generate a good phylogenetic network to initialize
the search employed by computationally intensive methods such as [37,36].

2 Methods
2.1 Phylogenetic Networks
In order to account for both hybridization and incomplete lineage sorting in the evolutionary history of a set of species (or, genomes), we use an evolutionary (rather than
“data-display”) phylogenetic network model [22]. For a node v in a digraph, we denote
by d− (v) and d+ (v) the in- and out-degree of v. A (binary) phylogenetic X -network N
is a rooted, directed, acyclic graph whose node-set V (N ) is partitioned into four sets:
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– {r}, the root of N , with d− (r) = 0 and d+ (r) = 2;
– The leaf-set VL = {v ∈ V (N ) : d− (r) = 1, d+ (r) = 0}, which are bijectively
labeled by X ;
– The internal tree nodes VT = {v ∈ V : d− (r) = 1, d+ (r) = 2}; and
– The reticulation nodes VN = {v ∈ V : d− (r) = 2, d+ (r) = 1}.
Every structure inferred by our algorithm (described below) is a phylogenetic network.
However, it is important to point out that there are phylogenetic networks that cannot
be inferred by our algorithm. This is not a limitation of the algorithm, but rather has
to do with the reconstructibility of certain reticulation scenarios (e.g., a reticulation
edge involving two nodes one of which falls on the path from the root to the other
node). More generally, let us denote by L(v) the set of taxa that label leaves that are
descendants of node v. Given a phylogenetic network N , for each node v in {r} ∪ VT ,
we define the set dp(v) = {L(v1 ) − L(v2 ), L(v2 ) − L(v1 )} where v1 and v2 are the
two children of v. Then if a phylogenetic network contains two nodes u, v ∈ {r} ∪ VT
where dp(u) = dp(v), one of these two nodes cannot be inferred by our method.
2.2 Inferring a Network from a Distance Matrix
We denote by DL a distance matrix over a set of taxa L where DL (i, j) is the distance
between taxa i and j in L. With respect to the nodes of a phylogenetic network, we
define two functions DM ax(u, v, S) and DM in(u, v, S), where u and v are two nodes
and S is a set of nodes, to be DM ax(u, v, S) = max{DL (a, b) : a ∈ L(u) − L(v), b ∈
L(v) − L(u),  ∃w ∈ S s.t.{a, b} ⊆ L(w)} and DM in(u, v, S) = min{DL (a, b) :
a ∈ L(u) − L(v), b ∈ L(v) − L(u),  ∃w ∈ S s.t.{a, b} ⊆ L(w)}. See Figure 1 for an
illustration.
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}
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L(v)-L(u)

Fig. 1. An illustration of DM ax(u, v, S) and DM in(u, v, S) computation on S = {u, v, w}

Assuming the pairwise distances are realizable by a phylogenetic network, the basic
idea of our method is we start with a set of nodes S, each labeled by a taxon in L and
then we do the following until S has only one node:
1. Let X and Y be two nodes in S that have the minimum DM in(X, Y, S).
2. If DM in(X, Y, S) = DM ax(X, Y, S), a speciation event is considered. We remove X and Y in S and add node XY .
3. If DM in(X, Y, S) = DM ax(X, Y, S), a hybridization event is considered. We
find the most parsimonious way to make a reticulation node(s), which can be one
of the following:
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– A reticulation node, say u, is added onto an edge whose tail is a descendant of
X. We remove Y from S and add a new node whose children are u and Y .
– A reticulation node, say u, is added onto an edge whose tail is a descendant of
Y . We remove X from S and add a new node whose children are u and X.
– Two reticulation nodes, say ux and uy , are added onto an edge whose tail is a
descendant of X and an edge whose tail is a descendant of Y , respectively. We
add a new node whose children are ux and uy to S.
More details can be found in Alg.1. See Fig. 2 for an example.
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Fig. 2. An example of building a species network given true pairwise distances. The true species
network and distance matrix are given on the top. For simplicity, the third parameter S is omitted
in DM in and DM ax since the context is clear.
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In practice, the pairwise distances are estimated from gene data, and it is important to
account for the error inherent in these estimates. The GLASS method of [21] uses pairwise distances that are computed as the minimum interspecific coalescence times across
all loci and then builds a species tree using simple clustering. The rationale behind this
method is that when the number of loci goes to infinity, the minimum interspecies coalescence times across all loci should converge to the speciation times. Here, given multiple loci data, we computed pairwise distances exactly like what GLASS does which
is using minimum interspecific coalescence times across all loci. Now suppose we have
a node (u, v) with time t in a species tree. Then if the number of loci is large enough,
we should see D(a, b) very close to t for all a ∈ L(u), b ∈ L(v). To quantify if two
numbers are “close”, we used some ε such that if |x − y| ≤ ε we say x ≈ y. Then
for two chosen nodes X and Y whether a speciation or a reticulation event should be
considered depends on if DM ax(X, Y, S) − DM in(X, Y, S) ≤ ε or not. It is clear
that in this case our method would be very sensitive to the value of ε. If ε is set to be
too small, the method will overestimate the number of reticulations; if ε is set to be too
big, the method will underestimate the number of reticulations. When we vary ε from
a very small value gradually to a big one, we can expect the method to return species
networks with fewer and fewer reticulations. So we need to set a criterion. Here we
say that we want to infer a species network with the minimum number of unreasonably
short edges with as few reticulations as possible. This is because when ε is set to be too
small, the overestimated reticulations will produce short edges in the inferred network.
On the other hand, when ε is set to be too big, the underestimation of reticulations will
“squashed” the network to satisfy the distance matrix in which case short edges might
also be produced. See Fig. 3 for simple illustration of these two cases. In our program,
a value σ that defines “short” branches needs to be specified as input. Then the program will try ε equal to 1, 2, . . ., k times of this value respectively and find the optimal
network.
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Fig. 3. Two examples of building species networks on different ε. Left: a small value of ε caused
an overestimation of reticulations. Right: a big value of ε caused an underestimation of reticulations. Both of them result in short branches (of length 0.1) in the inferred network.

The details of our method are shown in Alg.1. It takes a distance matrix DL , a value
σ that defines short branches, and a value k that sets the values of ε as we discussed
above as input, and returns an inferred phylogenetic network. It reflects the basic idea
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of our method. In fact, we found that when we tried to find two nodes X and Y in S
that have the minimum DM in(X, Y, S), there might be multiple pairs of nodes that
share the same minimum value. To address this issue, we kept a stack in the program
so that every time there were more than one optimal pair we added a flag in the stack.
After a network was built from choosing one of the optimal pairs, the program read the
flag on the top of the stack and rolled back to the point where that flag was added and
tried another optimal pair, until all optimal pairs were tried. All equally optimal species
networks would be returned.
Input: A distance matrix DL , σ, k.
Output: A phylogenetic network N .
numCloseN odes ← 0;
numReticulations ← 0;
N ← N IL;
for i = 1 to k do
ε ← i × σ;
Let S be a set of nodes each labeled by a taxon in L and each node has time 0;
while |S| > 1 do
Let X and Y be two nodes in S that has the minimum DMin(X, Y, S);
tmin ← DMin(X, Y, S);
if DMax(X, Y, S) − tmin ≤ ε then
Remove X and Y from S;
Add a new node (X, Y ) with time tmin to S;
end
else
(wx , vx ) ← arg max(w,v) {|L(v) − L(Y )| : DMin(v, Y, S) =
tmin , DMax(v, Y, S) − tmin ≤ ε, w is a descendant of X};
if edge (wx , vx ) does not exist then
(wy , vy ) ← arg max(w,v) {|L(v) − L(X)| : DMin(X, v, S) =
tmin , DMax(X, v, S) − tmin ≤ ε, w is a descendant of Y };
if edge (wy , vy ) does not exist then
(wx , vx ), (wy , vy ) ← arg max(w1 ,v1 ),(w2 ,v2 ) {|L(v1 ) − L(v2 )| +
|L(v2 ) − L(v1 )| : DMin(v1 , v2 , S) = tmin , DMax(v1 , v2 , S) − tmin ≤
ε, w1 is a descendant of X and w2 is a descendant of Y };
Add a new node whose children are ux and uy with time tmin to S where ux and
uy are newly added nodes on (wx , vx ) and (wy , vy ) respectively;
end
else
Remove X from S;
Add a new node whose children are X and u with time tmin to S where u is a newly
added node on (wy , vy );
end
end
else
Remove Y from S;
Add a new node whose children are u and Y with time tmin to S where u is a newly added
node on (wx , vx );
end
end
end
Let N  be the network that rooted at the only node in S;
Let c be the number of branches of N  whose branch length is less than σ;
Let r be the number of reticulations of N  ;
if N = N IL, or c < numCloseN odes, or c = numCloseN odes and r < numReticulations
then
N = N  ; c = numCloseN odes; r = numReticulations;
end
end
return N ;

Algorithm 1. inferNetworkFromDistanceMatrix
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2.3 Removing Reticulations with Low Support
In our simulation study (see Results section), we found that our method tended to overestimate the number of reticulations, especially when the number loci is small. To address this issue, we employed a heuristics to remove reticulations with low bootstrap
support. More specifically, assuming the original data contained n loci, we randomly
sampled n loci with replacement and used them as the input of our method to infer a
species network. This process was repeated 100 times. Then we removed reticulations
of the species network inferred from the original dataset that were not well supported
by the 100 species networks obtained from bootstrap. To do so, we first defined a function called computeBootstrapSupport, which takes a target species network and a set
of bootstrap species networks and returns the target species network N with bootstrap
support for every edge. The support of an edge in the species network is calculated as
the percentage of that edge present in the bootstrap networks. To see whether one edge
in network N1 exists in network N2 , we simply computed the hardwired cluster [11]
induced from that edge and then check if there is any edge in N2 inducing the same
hardwired cluster. The detailed algorithm for removing reticulations of a species network with low support given a set of bootstrap networks and a bootstrap threshold is
shown in Alg. 2, where Support(u, v) means the support of edge (u, v).
Input: A species network N , a set of bootstrap networks BN , threshold.
Output: a species network N 
N  ← computeBootstrapSupport(N, BN ) ;
Let numLowSupport be the number of edges in N  that has low support;
foreach edge (u, v) visited when post-traversing N  do
if Support(u, v) < threshold then
foreach child node w of v that is also a reticulation node do
N  ← N  ;
Remove reticulation edge (v, w) of N  ;
N  ← computeBootstrapSupport(N  , BN ) ;
Let tnls be the number of edges in N  that has low support;
if numLowSupport > tnls then
return removeLowSuportEdges(N  , BN, threshold);
end
end
end
end
return N  ;

Algorithm 2. removeLowSuportEdges

3 Results
We used synthetic datasets to test the performance of our method. We first generated
2 datasets, each consisting of 100 random species trees with 10 taxa of height 8 and
20 taxa of height 16 respectively using PhyloGen [25]. The height of tree is the total
branch lengths from the root of the tree to any of its leaf. Then for each species tree,
we randomly added 1, 2, 3, 4 and 5 reticulations respectively. To add a reticulation to a
species network, we randomly chose two edges in the network and add an edge between
their midpoints from the higher one to the lower one. Then the lower one became a new
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reticulation node and we randomly assigned an inheritance probability from 0.1 to 0.9.
Within the branches of each species network we simulated 25, 50, 100, 200, 500, 1000,
2000 and 5000 gene trees respectively using program ms [10].
We run our method on these gene trees and compared the inferred species networks
with true ones using hardwired cluster distance [11]. Note that in all simulations, we set
parameters as σ = 0.1 and k = 5 (see Alg. 1). σ was set to be 0.1 because it is a good
threshold of “short” branch when branch lengths are in coalescent units. We also tried
different values and found that varying it slightly did not have much affect on results.
For the setting of k, we found that in our simulations most optimal species networks
were found at ε = 2σ or ε = 3σ, and setting k to be more than 5 would only change
the results very slightly. The result is shown in Fig. 4. Note that when multiple equally
optimal networks were returned, the average distance of those tie networks was calculated. We can see that overall our method made very accurate inferences. As expected,
for both datasets, the error of the inferred networks increased slightly with the number
of reticulations, because for the same number of taxa increasing the number of reticulations made the inference problem harder. Also, for both datasets, as the number of gene
trees increased, the accuracy of the inferred networks increased. When comparing the
results from the two datasets, we can see that the 20-taxon dataset actually produced
slightly better result. This is because for the same number of reticulations the reticulations are expected to be more independent from each other on a network with more
taxa, which makes the inference problem easier.
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Fig. 4. Accuracy of the method using true gene trees. Results of the 10-taxon dataset and the
20-taxon dataset are shown in the left and right panels, respectively. The errors of the inferred
networks were computed using hardwired cluster distance [11]. The results were averaged over
100 repetitions.

In order to test the robustness of our method to error in pairwise distance estimates,
we synthetically perturbed the true distances. More specifically, the pairwise distances
obtained above underwent 5 different perturbation experiments i = 1, 2, 3, 4, 5: In experiment i, each pairwise distance was multiplied by a (uniformly distributed) random
number in the range [1, 1 + i] for  = 0.1. For example, in the results, the “30% error”
data sets were obtained by multiplying each pairwise distance by a random number in
[1, 1.3] (each pairwise distance was multiplied by a potentially different number). The
inference method was then applied to the perturbed data sets. The results of using these
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perturbed pairwise distances are shown in Fig. 5. We can see that overall our method
still produced accurate results. As expected, on the same dataset, the accuracy of the inferred network decreased as the value of i increased. Further, the effect of the distance
error on the network accuracy decreased with increasing the number of gene trees. It
is important to note that the error has more impact on the “harder” datasets, that is, the
ones with more reticulation nodes.
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Fig. 5. Accuracy of the method using perturbed pairwise distances on 10-taxon dataset. Results
of datasets containing true species networks with 0, 3 and 5 reticulations are shown from left to
right columns, respectively. The errors of the inferred networks were computed using hardwired
cluster distance [11]. The results were averaged over 100 repetitions.
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We also examined the number of reticulations in the inferred species networks; see
Fig. 6. As the results show, the estimates of the numbers of reticulations tend to the
true values as the number of loci increases. However, when the number of loci is small,
our method overestimates the number of reticulations, especially for datasets with high
error values. To address this issue, we used a heuristics to remove reticulations that
result in edges with low bootstrap support (see the Methods section).
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Fig. 6. The number of reticulations in inferred species networks of 10-taxon dataset. Results of
datasets containing true species networks with 0, 3 and 5 reticulations are shown from left to right
columns, respectively. In each subfigure, boxes from left to right (from black to cyan) in each
group corresponds to datasets consisting of 25, 50, 100, 200, 500, 1000, 2000 and 5000 gene
trees respectively. The solid horizontal black line in each subfigure indicates the true number of
reticulations.

In Fig. 7, we show results based on the “hardest” dataset where the true species
networks contain 10 taxa and 5 reticulations and the pairwise distances of taxa from
gene trees were randomly perturbed by at most 50%. When multiple equally optimal
species networks were returned, we chose a random one to which to apply the heuristic.
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We varied the bootstrap threshold by using values 70, 80 and 90. As the results show,
the heuristics successfully reduced the number of reticulations in the inferred species
networks, especially for datasets with a small number of loci. For datasets with 25 gene
trees, the mean number of reticulations was reduced from 15 to 7 when a bootstrap
threshold of 70 was used. As expected, when a larger bootstrap threshold was used, the
inferred species networks had fewer reticulations. On the other hand, the accuracy of
the inferred species networks increased after reducing the number of reticulations.
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Fig. 7. Results of using heuristics to remove reticulations that result in edges with low bootstrap
support based on 10-taxon and 5-reticulation datasets where distance matrices of gene trees were
randomly perturbed by at most 50%. Left: the number of reticulations in the inferred species
networks. The solid horizontal black line indicates the true number of reticulations. Right: the
error of the inferred species networks.

In terms of the running time, for the largest and most complex dataset (20 taxa, 5
reticulations and 5000 gene trees), the program took, on average, around 3 minutes to
complete the inference. For most of the datasets with 10 taxa, 5 reticulations and 5000
gene trees, the program finished in 10 seconds or less.

4 Conclusions
In this paper, we proposed a simple, yet effective distance-based method for inferring
phylogenetic networks from pairwise distances in the presence of incomplete lineage
sorting. Our method is a simple extension of the GLASS method [21]. It is important
to note, though, that while GLASS has theoretical guarantees (the authors proved its
statistical consistency), our method makes heuristic decisions and currently lack any
theoretical guarantees. However, our simulation study demonstrate the method can obtain very good results, even when noise is added to the distance estimates. In practice,
distance-based methods in general suffer from the lack of accurate methods for estimating pairwise distances. As the amount of molecular sequence data increases and more
sophisticated methods are developed for more accurate estimates of pairwise distances,
the application of distance-based methods would become more common, particularly for
large data sets. Nevertheless, the speed of these methods make them appealing for rapid
generation of a relatively accurate network to initialize the search of a more accurate, and
computationally intensive method, such as maximum likelihood or Bayesian inference.
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