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ABSTRACT

Prokaryotic organisms share genetic material across species boundaries by means of a
process known ashorizontal gene transfer(HGT). This process has great signi�cance for
understanding prokaryotic genome diversi�cation and unraveling their complexities.
Phylogeny-based detection of HGT is one of the most commonlyused methods for this
task, and is based on the fundamental fact that HGT may cause gene trees to disagree with
one another, as well as with the species phylogeny. Using these methods, we can compare
gene and species trees, and infer a set of HGT events to reconcile the differences among
these trees. In this paper, we address three factors that confound the detection of the true
HGT events, including the donors and recipients of horizontally transferred genes. First,
we study experimentally the effects of error in the estimated gene trees (statistical error)
on the accuracy of inferred HGT events. Our results indicatethat statistical error leads to
overestimation of the number of HGT events, and that HGT detection methods should be
designed with unresolved gene trees in mind. Second, we demonstrate, both theoretically
and empirically, that based on topological comparison alone, the number of HGT scenarios
that reconcile a pair of species/gene trees may be exponential. This number may be re-
duced when branch lengths in both trees are estimated correctly. This set of results implies
that in the absence of additional biological information, and/or a biological model of how
HGT occurs, multiple HGT scenarios must be sought, and ef�cient strategies for how to
enumerate such solutions must be developed. Third, we address the issue of lineage sort-
ing, how it confounds HGT detection, and how to incorporate it with HGT into a single
stochastic framework that distinguishes between the two events by extending population
genetics theories. This result is very important, particularly when analyzing closely related
organisms, where coalescent effects may not be ignored whenreconciling gene trees. In ad-
dition to these three confounding factors, we consider the problem of enumerating all valid
coalescent scenarios that constitute plausible species/gene tree reconciliations, and develop
a polynomial-time dynamic programming algorithm for solving it. This result bears great
signi�cance on reducing the search space for heuristics that seek reconciliation scenarios.
Finally, we show, empirically, that the locality of incongruence between a pair of trees has
an impact on the numbers of HGT and coalescent reconciliation scenarios.
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1. INTRODUCTION

W HEREAS EUKARYOTES EVOLVEmainly though lineal descent and mutations, bacteria obtain a large
proportion of their genetic diversity through the acquisition of sequences from distantly related

organisms via horizontal gene transfer (HGT) (Doolittle etal., 2003; Ochman et al., 2000). There has been
a large “ideological and rhetorical” gap between researchers who believe that HGT is so rampant that a
prokaryotic phylogenetic tree is useless and those who believe that HGT is mere “background noise” which
does not affect the reconstructibility of a phylogenetic tree for bacterial genomes. Supporting arguments
for these two views have been published. For example, the heterogeneity of genome composition between
closely related strains (e.g., inEscherichia colionly 40% of genes are shared in common by threeE. coli
strains [Welch et al., 2002]) supports the former view, whereas the well-supported phylogeny reconstructed
by Lerat et al. (2003) from about 100 “core” genes in
 -Proteobacteria gives evidence in favor of the latter
view. Nonetheless, regardless of the views and the accuracyof the various analyses, there is a consensus
as to the occurrence of HGT and the evolutionary role it playsin bacterial genome diversi�cation. Further,
HGT is a main process by which bacteria develop resistance toantibiotics (Paulsen et al., 2003), is
considered a primary explanation of incongruence among gene phylogenies, and is a signi�cant obstacle
to reconstructing the Tree of Life (Daubin et al., 2003).

The HGT detection problem concerns the detection of the genes that are horizontally transferred into
the genome, the donors and recipients of every horizontallytransferred gene, and the number of HGT
events that occurred during the evolutionary history of a set of species. When HGT occurs, the evolution-
ary history of the gene(s) involved does not necessarily agree with that of the species phylogeny. This
observation is the fundamental basis of the phylogeny-based HGT detection approach: trees for individual
genes are reconstructed (and sometimes a species tree is reconstructed as well, using other data), and
their disagreements are identi�ed to estimate the number (how many) as well as locations (donors and
recipients) of HGT events. Beside the computationally challenging problem of quantifying disagreements
among trees for the sake of detecting HGT, major challenges that face this approach include (1) determining
whether the disagreements are indeed due to HGT, and (2) whether there is a unique HGT “scenario.” Yet,
these two challenges encompass a host of issues of which we address three. First, since trees are at best
partially known, they have to be reconstructed using a phylogeny reconstruction method. We investigate
the impact that the quality of reconstructed trees has on HGTdetection. Second, under the assumption
that HGT is actually the source of tree disagreements, we investigate the uniqueness of a solution to
the HGT detection problem, and establish bounds on the number of possible minimal HGT scenarios.
Finally, among closely related species,lineage sortingdue to random genetic drift may also cause tree
incongruence, thus mimicking the effects of HGT on phylogenies. In this case, accurate HGT detection
requires determining the actual cause of tree incongruities, and making the appropriate reconciliation. We
make preliminary progress on incorporating HGT into the coalescent model, so as to produce a stochas-
tic framework for classifying population-level events (such as lineage sorting) and species-level events
(such as HGT).

In addition to these three confounding factors, we considerthe problem of enumerating all valid coales-
cent scenarios that constitute plausible species/gene tree reconciliations, and develop a polynomial dynamic
programming algorithm for solving it. This result bears a great signi�cance on reducing the solution space
for heuristics that search for reconciliation scenarios. Finally, we show, empirically, that the locality of
incongruence between a pair of trees has an impact on the numbers of HGT and coalescent reconciliation
scenarios.

We draw several conclusions from this work. First, to obtainaccurate estimates of HGT-based tree
incongruence, poorly supported edges of reconstructed trees should be removed. Though an important
task to conduct, removing (or contracting) poorly supported edges is not a straightforward task, since
standard methods that are in common use for estimating branch support, such as bootstrapping and posterior
probabilities in Bayesian analyses, have been shown to be overly “conservative” or “liberal” under various
circumstances (Ruths and Nakhleh, 2006). Second, eliminating statistical error from reconstructed trees
leads to non-binary trees, and hence phylogeny-based HGT detection methods should be designed to handle
such trees (rather than focus on binary trees, which many existing tools do). Third, more than one maximally
parsimonious solution (a solution that has the minimum number of HGT edges, or events, to explain the
species and gene tree incongruence) may exist, and hence HGTdetection methods should search for all such



CONFOUNDING FACTORS IN HGT DETECTION 519

solutions, unless additional biological information is given, or a model that simultaneously incorporates
HGT, speciation, and extinction events (Kunin and Ouzounis, 2003). Finally, trees may be incongruent
due to processes other than HGT; hence, classifying the sources of incongruence and reconciling them
accordingly is imperative.

2. TREE INCONGRUENCE AND HGT DETECTION

A gene tree is a model of how a gene evolves. As a gene at a locus in the genome replicates and its copies
are passed on to more than one offspring, branching points are generated in the gene tree. Because the gene
has a single ancestral copy, barring recombination, the resulting history is a branching tree (Maddison,
1997). Thus, within a species, many tangled gene trees can befound, one for each nonrecombined locus
in the genome. Exploring incongruence among gene trees is the basis for phylogeny-based HGT detection
and reconstruction.

We illustrate some of the scenarios that may lead to gene treeincongruence in Figure 1. The species tree
is represented by the “tubes”; it hasA andB as sister taxa whose most recent common ancestor (MRCA)
is a sister taxon ofC.

In the case of HGT, shown in Figure 1a, genetic material is transferred from one lineage to another. Sites
that are not involved in a horizontal transfer are inheritedfrom the parent while other sites are horizontally
transferred from another species. Figure 1b gives an example of a gene tree that disagrees with the species
phylogeny because of lineage sorting due to random genetic drift: the genes ofB andC coalesced before
their MRCA coalesced with the gene of speciesA. Moreover, sometimes multiple events “cancel out” one
another's effects when co-occurring in the same dataset; for example, in Figure 1c, lineage sorting “hides”
the incongruence between the species and gene trees (tree topologies) that would have resulted from the
HGT event. Another factor that may lead to gene and species tree disagreements is that trees reconstructed
by phylogenetic methods may not be completely accurate (we refer to this asstatistical errorin the trees);
hence, disagreements among trees due to such inaccuracies may trigger HGT “signal,” thus leading to
overestimation of the actual HGT events.

Notice that in the case of lineage sorting, the species phylogeny is still a tree, and the gene trees
should be reconciled within its branches. However, in the case of HGT, the evolutionary history of the
species genomes may not be represented by phylogenetic trees; rather,phylogenetic networksare the
appropriate model (Moret et al., 2004; Kunin et al., 2005). The phylogeny-based HGT detection problem
seeks the phylogenetic network with minimum number ofreticulation nodes, e.g., HGT edges, to reconcile
the species and gene trees. The minimization simply re�ectsa maximally parsimonious solution: in the
absence of any additional biological knowledge, the simplest solution is sought. In the case, the simplest
solution is one that invokes the minimum number of HGT eventsto explain tree incongruence. There has
been a large body of work on this problem (Hallett and Lagergren, 2001; Nakhleh et al., 2004; Bordewich
and Semple, 2005; Nakhleh et al., 2005; Makarenkov, 2001).

FIG. 1. Gene tree that disagrees with the species tree due to HGT fromC to B (a) and lineage sorting due to
random genetic drift(b). (c) The effect of the HGT event (fromB to C) is “canceled out” by random genetic drift,
resulting in congruent species and gene trees.
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FIG. 2. (a) A phylogenetic network with a single HGT event fromX to Y. (b) The underlying organismal (species)
tree.(c) The tree of a horizontally transferred gene.

2.1. Terminology and de�nitions

Let T D .V; E/ be a tree, whereV andE are thetree nodesandtree edges, respectively, and letL .T /
denote its leaf set. Further, letX be a set of taxa (species). Then,T is a phylogenetic tree overX if there
is a bijection betweenX andL .T / . A treeT is said to berootedif the set of edgesE is directed and there
is a single distinguished internal vertexr with in-degree0. A phylogenetic networkN D N.T / D .V 0; E 0/
over the taxa setX is derived fromT D .V; E/ by adding a set„ of edges toT , where each edgeh 2 „
is added as follows: (1) split an edgee 2 E by adding new node,ve; (2) split an edgee0 2 E by adding
new node,ve0; (3) �nally, add a directedHGT edgefrom ve to ve0. In this case, we writeN D T C „ .
Figure 2a shows a phylogenetic network obtained by adding a single HGT edge to the tree in Figure 2b.

In a case where horizontal transfer of a single gene is involved, the edgese0 that are split in step (2)
above must be unique. In other words, no more than a single HGTedge may be incident into a single tree
edge. However, this is not necessarily true if the phylogenetic network models the evolutionary history
of multiple genes. In this case, an edgee0 may be, for example, split twice, once because of an HGT
involving geneg and another because of an HGT involving geneg0.

It is important to note that our de�nition of a phylogenetic network allows adding an HGT edge from
a tree edgee to another tree edgee0 “below” it. While this seems to violate biological constraints (such
as the temporal co-existence of the donor and recipient), this case may arise in practice due, for instance,
to incomplete taxon sampling or extinction. For a more thorough discussion of this issue, and modeling
reticulate evolution in general, the reader is referred to Moret et al. (2004).

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 fromu to v. For example, the two trees in Figure 2b,c are the
only members ofT .N / , whereN is the network in Figure 2a.

De�nition 1. (The HGT Reconstruction Problem)

Input: Species tree ST and gene tree GT.
Output: Minimum-cardinality set„ of HGT edges, such thatN D STC „ and GT2 T .N / .

3. THE EFFECT OF STATISTICAL ERROR ON HGT DETECTION

In this section we investigate, through simulations, the effect of error in the reconstructed trees on the
detection of HGT. In particular, we consider the minimum number of HGT events inferred by HGT detection
methods, as well as the number of such maximally parsimonious solutions found by these methods.

Experimental settings. We used ther8s tool (Sanderson, n.d.) to generate four random birth-death
phylogenetic trees,Ti , i 2 f 10; 25; 50; 100g, wherei denotes the number of taxa in the tree. Ther8s tool
generates molecular clock trees; we deviated the trees fromthis hypothesis by multiplying each edge in the
tree by a number randomly drawn from an exponential distribution. The expected evolutionary diameter
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(longest path between any two leaves in the tree) is 0.2. Then, from each model “species” treeTi , we
generated �ve different “gene” trees,Ti;j , j 2 f 1; 2; 3; 4; 5g, where j denotes the number ofsubtree
prune and regraft(SPR) moves applied toTi to obtainTi;j .1 The SPR moves were applied to simulated
HGT events such that no cycles are created, and such that there is no redundancy (i.e., ifk SPR moves
were simulated to obtainT2 from T1, thenT2 cannot be obtained fromT1 be fewer thank SPR moves).
Beside these two requirements, the choice of the “donor” and“recipient” (i.e., the source and target of an
HGT edge) were done purely randomly, without considerations to evolutionary distance between the two
endpoints, or any other issues.

For eachTi and Ti;j , i 2 f 10; 25; 50; 100g and j 2 f 1; 2; 3; 4; 5g, and for each sequence length
` 2 f 250; 500; 1000; 2000; 4000; 8000g, we generated 30 DNA sequence alignmentsS`

i Œk•and S`
i;j Œk•,

1 � k � 30, whose evolution was simulated down their corresponding trees under the GTRC€ CI (gamma
distributed rates, with invariable sites) model of evolution, using the Seq-gen tool (Rambaut and Grassly,
1997). We used the parameter settings of Zwickl and Hillis (2002). Then, from each sequence align-
ment, we reconstructed a treeTNJ using the Neighbor Joining (NJ) method (Saitou and Nei, 1987), and
another tree using a maximum parsimony heuristic as implemented in PAUP� (Swofford, 1996). Since
the maximum parsimony heuristic may return a set of optimal trees, for each alignment we only con-
sidered thestrict consensusof each such set, and referred to that as the treeTMP. At the end of this
process we had 4 treesTi , 20 treesTi;j , 720 NJ treesTNJ̀i Œk•, 3600 NJ treesTNJ̀i;j Œk•, 720 MP trees

TMP̀i Œk•, and 3600 MP treesTMP̀i;j Œk•(i 2 f 10; 25; 50; 100g, j 2 f 1; 2; 3; 4; 5g, 1 � k � 30, and
` 2 f 250; 500; 1000; 2000; 4000; 8000g).

To compute minimal HGT scenarios as well as the number of suchscenarios, we applied two methods
to pairs of species and gene trees: LatTrans (Hallett and Lagergren, 2001; Addario-Berry et al., 2003) and
RIATA-HGT (Nakhleh et al., 2005), which has been recently extended and improved to compute multiple
minimal solutions (Jin et al., 2007; the original method is described in Nakhleh et al., 2005), computes
only a single minimal solutions, since the emphasis of the underlying algorithm was on estimating the
minimum number of HGT events). There are several methods forrecovering candidate HGT edges based
on comparing a pair of trees (Hallett and Lagergren, 2001; Makarenkov, 2001; Addario-Berry et al.,
2003; Nakhleh et al., 2005; MacLeod et al., 2005; Beiko and Hamilton, 2006). In this work, we did not
intend to study or compare the performance of these methods,but rather to try to quantify and understand
the effect of various factors on the estimation of the numberof HGT events. For this purpose, we chose two
different methods: LatTrans and RIATA-HGT. Since both methods are heuristics, independently developed,
and their relative performance is unknown (in terms of accuracy), we used both to ensure that the effects
measured re�ect general trends, rather than issues speci�cto a particular heuristic. Indeed, the similar
trends observed in the experiments raise certain points that seem to be independent of the heuristic used.

Both tools were applied to three different types of pairs of trees.

Type I pairs .T i ; Ti;j /: in this case, the species and gene trees are assumed to be correct.
Type II pairs .T i ; TNJ̀i;j Œk•/and .T i ; TMP̀i;j Œk•/: in this case, the species tree is correct, and the gene

trees are estimated (using NJ and MP, respectively).
Type III pairs .TNJ̀i Œk•;TNJ̀i;j Œk•/and .TMP̀i Œk•;TMP̀i;j Œk•/: in this case, both the species and gene

trees are inferred.

The goal of running the methods in these different ways is to estimate the error due to inaccuracy in
the different trees. Due to space limitations, we only show results using NJ trees, 25-taxon trees (Since
LatTrans cannot handle non-binary trees, it was not run on MPtrees, and from RIATA-HGT's results on
MP trees, the trends on MP trees are very similar). In each runof a tool on a pair of trees, we computed
two values: the number of inferred HGT events, and the numberof such scenarios (or solutions) found by
the method. In Type II and Type III pairs, we report the average of all 30 runs for each combination ofi ,
j , and` .

1An SPR move simulates an HGT event.
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3.1. The effect of statistical error on estimating the number of HGT events

Both LatTrans and RIATA-HGT computed the correct number of SPR moves (i.e., HGT edges) when
applied to Type I pairs. In other words, when both the speciesand gene trees were correct, both methods
made an accurate estimation of the number of HGT events. The performance of both methods, in terms of
the number of inferred HGT events, on Type II and Type III pairs of trees is shown in Figure 3. Figures 3a
and 3b show that, when the species tree is accurate, and the gene tree is inferred, both methods accurately
estimate the number of HGT events for the case of �ve HGT events when the sequences are of length
8000. They overestimate the number for all other cases, at all sequence lengths. As the sequence length
increases, the trees inferred by NJ become more accurate, since NJ isstatistically consistent(Atteson,
1999), and hence the improvement in the performance of the methods as the sequence length increases. At
sequence length 250, the methods have the worst performance. When both the species and gene trees are
inferred, the overestimation becomes larger, as shown in Figures 3c and 3d. In this case, even at sequence
length 8000 the methods do overestimate the actual number ofHGT events. It is worth noting that both
methods have almost identical performance in terms of the number of HGT events inferred (RIATA-HGT
does slightly better in some cases at sequence length 1000).However, RIATA-HGT is orders of magnitude
faster. Figure 4 shows the relative performance (in terms ofactual running time) of the two methods on
25-taxon NJ trees. Specially, LatTrans took several days oneach pair of 50-taxon trees, and for sequence
length 250 it crashed after 4 days without returning results.

Given that the two methods accurately estimated the number of HGT events in Type I pairs of trees,
i.e., accurate species and gene trees, the results show thaterror in inferred trees (one or both) leads
to overestimation of the number of HGT events. The overestimation is even larger for the larger data

FIG. 3. The number of HGT events inferred by LatTrans and RIATA-HGT,as a function of the sequence length.
Each curve corresponds to one of the �ve actual numbers of HGTevents:?, one HGT;4 , two HGTs;C, three HGTs;
� , four HGTs; and� , �ve HGTs. 25-taxon trees inferred using NJ.
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FIG. 4. The performance of LatTrans and RIATA-HGT in terms of actualrunning times (in seconds), as functions
of the sequence length. Each curve corresponds to one of the �ve actual numbers of HGT events:?, one HGT;4 ,
two HGTs;C, three HGTs;� , four HGTs; and� , �ve HGTs.

sets (50- and 100-taxon trees). Therefore, it is important to eliminate statistical error from trees before
estimating HGT events. Ruths and Nakhleh (2006) have studied the performance of various methods for
eliminating incorrect edges while maintaining accurate ones. This elimination, in the form of contracting
poorly supported edges, may lead to non-binary trees in certain cases, which cannot be handled by LatTrans,
although they can be handled by RIATA-HGT.

4. THE UNIQUENESS OF HGT SCENARIOS

Moret et al. (2004) showed that a phylogenetic network that reconciles two trees need not be unique,
by showing two phylogenetic networks, each with a single reticulation event, that reconcile the same pair
of trees. Further, they showed how branch lengths could be used to resolve the non-uniqueness question
in this simple case. Here we show that the number of possible maximally parsimonious (with minimum
number of HGT events) phylogenetic networks that reconcilea pair of trees may actually be exponential.
Further, we discuss when branch lengths may not be suf�cientto resolve the non-uniqueness issue.

The number of maximally parsimonious HGT scenarios that reconcile a pair of trees (species and gene
trees, for example) may be exponentially large, as illustrated in Figure 5. The species and gene trees in
the �gure, ST andGT, respectively, contain3k leaves and differ in thatX i2 is closer toX i1 than toX i3

in tree ST, and closer toX i3 than toX i1 in tree GT, for 1 � i � k. For every triplethX i1 ; X i2 ; X i3 i
of taxa, one of three HGT edges is needed to reconcile the difference in topologies of the triplet based
on the two treesST and GT: (1) the edgeH i1 WX i3 ! X i2 , (2) the edgeH i2 WX i2 ! X i3 , or (3) the
edgeH i3 Wmi ! X i1 , wheremi is the edge incoming into the most recent common ancestor (node) of
the triplet of taxa; these three scenarios are shown in Figure 6. To reconcile the differences among allk

FIG. 5. A species treeST and a gene treeGT with 3k leaves. The two trees differ ink places: the species tree has
X i1 andX i2 as siblings, whereas the gene tree hasX i2 andX i3 as siblings (1 � i � k). There are3k maximally
parsimonious HGT scenarios that reconcile the two trees.
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FIG. 6. The three possible scenarios for reconciling the topologies of the triplethX i1 ; X i2 ; X i3 i based on the species
and gene trees,ST andGT, respectively, in Figure 5.

triplets, there are3k HGT scenarios, since there arek triplets to reconcile, and for each triplet there are
three possible reconciliations. Two observations are in order. First, since the donor and recipient of a gene
have to co-exist in time (Moret et al., 2004), and given that the topology of a phylogeny de�nes a partial
order on the set of extant and ancestral taxa (ancestral taxaprecedetheir descendants in this partial order),
it follows that edgeH i3 can be part of an HGT solution only if certain taxa went extinct or were not
sampled. This case is illustrated in Figure 6, where the dashed line represents the lineage for taxonX i

which is not present in the set of taxa under consideration but whose existence must be invoked to explain
the HGT edgeH i3 .

Let � ST and� GT be the pairwise distance matrices of the set of taxa based on the species and gene trees
ST and GT, respectively, in Figure 5, and let us consider the triplet of taxa in Figure 6. There are three
cases. (1) The scenarioH i1 is plausible if and only if� ST.X i1 ; X i3 / � � GT.X i1 ; X i3 / and� ST.X i1 ; X i2 / 6�
� GT.X i1 ; X i2 /. (2) The scenarioH i2 is plausible if and only if� ST.X i1 ; X i2 / � � GT.X i1 ; X i2 /. (3) The
scenarioH i3 is plausible if and only if If � ST.X i2 ; X i3 / � � GT.X i2 ; X i3 /. Since the conditions in the
three cases are mutually exclusive, it follows the branch lengths, when estimated accurately, can be used
to correctly resolve the non-uniqueness issue in this case.However, estimating branch lengths to a high
degree of accuracy such that the above three cases are distinguished accurately is a very challenging task.
Further, even if branch lengths are estimated accurately, if the evolutionary distance between the donor
and recipient is very small, distinguishing among the casesbecomes more challenging.

4.1. On the number of minimal HGT scenarios: theoretical results

In this section, we derive an upper bound on the number of minimal HGT scenarios for reconciling two
trees.

Given two treesSTandGT, we denote by� ST;GT the number of HGT edges in any solution to the HGT
Reconstruction Problem, and byN ST;GT the set of all solutions. When the context is clear, we omit the
tree names from the superscript.

Given a species treeST and a gene treeGT, each withn leaves, there areO.n2/ different HGT edges
that can be added to it. If the cardinality of a minimal solution to the HGT Reconstruction Problem on the
pair .ST; GT/ is k, then there can be at mostO.n2k / solutions of sizek. We now provide a tighter upper
bound on the number of solutions, and show a pair of trees for which this upper bound is exact.

Theorem 1. For any pair of trees, ST and GT, we have

jN j � 3� :

Proof. We prove the theorem by induction on� . For the base case, let� D 1. Then, there are two
subtreest1 andt2 that are siblings inGT but not siblings inST. There are two cases: (1) on the undirected
path from the root oft1 to t2 there are exactly two nodes (excluding the roots oft1 andt2), or (2) on that
path, excluding the roots, there are more than two nodes. Notice that there has to be at least one node on
the path, which is the least common ancestor of the two subtrees. In the �rst case, there is exactly one
subtreet0 that lies betweent1 and t2 in the species tree (Fig. 7). There are three possible ways, in this
case, to maket1 andt2 siblings, and these correspond to the three HGT edges (numbered 1, 2, and 3) in
Figure 7. Hence, there are three solutions to the HGT reconstruction problem. In the second case, only
one solution is possible, since the location of the node inGT whose two children are the roots oft1 and
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FIG. 7. Illustration of case (1) in the base case of the inductive proof of Theorem 1. The tree is denoted by the solid
lines, and its leaves are the leaves of subtreest1, t2, andt3. Three phylogenetic networks, each of which contains a
single HGT edge and induces the same pair of trees, are obtained by adding one of the tree HGT edges, denoted by
arrows 1, 2, and 3. While HGT edge 3 may indicate violation of the temporal co-existence of the donor and recipient
of a gene, this may be possible in practice due to, for instance, incomplete taxon sampling or extinction (for further
details, see Section 2.1).

t2 is �xed, given that there is more than one subtree between these two subtrees. Hence, for� D 1, we
havejN j � 3.

For the induction step, assume the theorem holds for any pairof treesT1 and T2, where� T1 ;T2 < k ,
and letST andGT be two trees such that� ST;GT D k. Then, there exists a treeT 0 such that� ST;T 0

D k � 1
and� T 0;GT D 1. By the induction hypothesis, we havejN ST;T 0

j � 3k � 1 and jN T 0;GTj � 3. Any network
N 2 N .ST; GT/ can be written asN D STC .„ 0Cf hg/, whereSTC „ 0 2 N ST;T 0

andSTCf hg 2 N T 0;GT.
Hence,jN ST;GTj � 3k � 1 � 31 D 3k .

Figure 5 shows two treesST andGT wherejN j D 3� ; i.e., the two trees achieve the maximum number
of solutions.

4.2. On the number of minimal HGT scenarios: empirical results

In our simulation study (using the same experimental setup described in Section 3), we looked at the
number of maximally parsimonious solutions that were computed by LatTrans and RIATA-HGT; the results
for 25-taxon NJ trees are shown in Figure 8. All fours graphs show that, regardless of whether the actual
or inferred species trees are used, both methods estimate a large number of maximally parsimonious
solutions. The �gures show that the number decreases as the sequences used become longer. When we ran
the methods on the actual trees (Type I pairs of trees), both of them returned single solutions. A plausible
conclusion is that as the amount of statistical error in the inferred trees increases, so does the number of
maximally parsimonious solutions. The reason for this is that for shorter sequence lengths, the accuracy
of the trees is poorer, i.e., they have more wrong edges. These wrong edges give an indication of more
HGT events. This indication, though false, leads to larger numbers of solutions since more reconciliations
become possible. Notice that the trends of the curves in Figure 8 are similar to those of the corresponding
curves in Figure 3. This re�ects the correlation between thenumber of HGT events in a minimal solution
and the number of such minimal solutions, as stated in Theorem 1. However, at the same time, the proof of
Theorem 1 illustrates cases where multiple solutions may exist (e.g., Figure 7 illustrates three “equivalent”
HGT edges, that arise under a very speci�c case of incongruence between the species and gene trees).
This indicates, that in some cases, even though the number ofHGT events is smaller for case X than for
case Y, it may be that the number of solutions for case X is larger than for case Y. This is the reason, for
example, why the trend of the curve for the number of solutions in the case of three HGTs in Figure 8d
does not match the trend of the number of HGT evens in the same case in Figure 3d. To illustrate this
point further, the number of minimal HGT scenarios for the pair of trees in Figure 5 is3k . On the other
hand, it is straightforward to devise an example of a pair of trees, where the minimum number of HGT
edges required to reconcile them isk C 1, and the number of solutions is1. In this scenario, the case of
fewer HGT edges gives rise to exponentially more minimal solutions than the case of more HGT edges.
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FIG. 8. The number of minimal HGT scenarios inferred by LatTrans andRIATA-HGT as a function of the sequence
length. Each curve corresponds to one of the �ve actual numbers of HGT events:?, one HGT;4 , two HGTs; C,
three HGTs;� , four HGTs; and� , �ve HGTs. 25-taxon trees inferred using NJ.

An important conclusion is that, in the absence of an evolutionary model of HGT, phylogeny-based HGT
detection methods should be designed to compute “all” possible solutions. As illustrated in Figure 5, the
number of such solutions may be exponential, though. A measure that assigns support to these solutions
is imperative, so that they can be rank ordered.

5. INCORPORATING HGT INTO THE COALESCENT

As we described in Section 2, phylogenetic incongruence mayoccur due to various processes, of which
HGT is only one. Another such process is lineage sorting, whose effect and confusing signal to HGT
detection is particularly important when analyzing genes of closely related organisms. In this section,
we augment the coalescent model by incorporating HGT, thus providing a framework for stochastically
distinguishing among these two processes as the actual source of phylogenetic incongruence.

Lineage sorting occurs because of random contribution of each individual to the next generation. Some
fail to have offsprings while some happen to have multiple offsprings. In population genetics, this process
was �rst modeled by R.A. Fisher and S. Wright, in which each gene of the population at a particular
generation is chosen independently from the gene pool of theprevious generation, regardless of whether
the genes are in the same individual or in different individuals. Under the Wright-Fisher model, “the
coalescent” considers the process backward in time (Kingman, 1982; Hudson, 1983b; Tajima, 1983). That
is, the ancestral lineages of genes of interest are traced from offsprings to parents. A coalescent event
occurs when two (or sometimes more) genes are originated from the same parent, which is called the most
recent common ancestor (MRCA) of the two genes.
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The basic process can be treated as follows. Consider a pair of genes at time� 1 in a random mating
haploid population. The population size at time� is denoted byN.� / . The probability that both genes are
from the same parental gene at the previous generation (time� 1 C 1) is 1=N.� 1 C 1/. Therefore, starting
at � 1, the probability that the coalescence between the pair occurs at � 2 is given by

Prob.� 2 / D
1

N.� 2/

� 2 � 1Y

� D � 1 C 1

�
1 �

1
N.� /

�
: (1)

When N.� / is constant, the probability density distribution (pdf) ofthe coalescent time (i.e.,t D � 2 �
� 1) is given by a geometric distribution, and can be approximated by an exponential distribution for a
largeN :

Prob.t / D
1
N

e� t=N : (2)

The coalescent process is usually ignored in phylogenetic analysis, but has a signi�cant effect (causing
lineage sorting) when closely related species are considered (Hudson, 1983a; Takahata, 1989; Rosenberg,
2002). The situation of Figure 1b is reconsidered under the framework of the coalescent in Figure 9.
Here, it is assumed that speciesA and B split T1 D 5 generations ago, and the ancestral species ofA
and B and speciesC split T2 D 19 generation ago. The ancestral lineage of a gene from speciesA
and that fromB meet in their ancestral population at time� D 6, and they coalesce at� D 33, which
predatesT2, the speciation time between.A; B/ andC. The ancestral lineage ofB enters in the ancestral
population of the three species at time� D 20, and �rst coalesces with the lineage ofC. Therefore, the
gene tree is represented byA.BC/ while the species tree is.AB/C . That is, the gene tree and species
tree are “incongruent.” Under the model in Figure 9, the probability that the gene tree is congruent with
the species tree is 0.863, which is one minus the product of the probability that the ancestral lineages of
A and B do not coalesce between� D 6 and� D 9, and the probability that the �rst coalescence in the

FIG. 9. An illustration of the coalescent process in a three speciesmodel with discrete generations. The process
is considered backward in time from present,T0 , to past. Circles represent haploid individuals. We are interested in
the gene tree of the three genes (haploids) from the three species. Their ancestral lineages are represented by closed
circles connected by lines. A coalescent event occurs when apair of lineages happen to share a single parental gene
(haploid).
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ancestral population of the three species occurs between (A andC) or (B andC). The former probability
is 15

16
14
15

12
13

11
12

10
11

8
9 � � � .1 � 7

8 /8 D 0:26 and the latter is2
3 .

Under the three-species model (Fig. 9), there are three possible types of gene tree,.AB/C , .AC /B
and A.BC/ . Let ProbŒ(AB)C•, ProbŒ(AC)B• and ProbŒA(BC)• be the probabilities of the three types of
gene tree. These three probabilities are simply expressed with a continuous time approximation when all
populations have equal and constant population sizes,N , whereN is large:

ProbŒ(AB)C• D 1 �
2
3

e� .T 2 � T1 /=N ; (3)

and

ProbŒ(AC)B• D ProbŒA(BC)• D
1
3

e� .T 2 � T1 /=N : (4)

Figure 10a shows the three probabilities as functions of.T2 � T1/=N .
It is important to notice that the estimation of the gene treefrom DNA sequence data is based on

the nucleotide differences between sequences, and that thegene tree is sometimes unresolved. One of the
reasons for that is a lack of nucleotide differences such that DNA sequence data are not informative enough
to resolve the gene tree. This possibility strongly dependson the mutation rate. Let� be the mutation
rate per region per generation, and consider the effect of mutation on the estimation of the gene tree. We
consider the simplest model of mutations on DNA sequences, the in�nite site model (Kimura, 1969), in
which mutation rate per site is so small that no multiple mutations at a single site are allowed. Consider
a gene tree,.AB/C , and suppose that we have a reasonable outgroup sequence such that we know the
sequence of the MRCA of the three sequences. It is obvious that mutations on the internal branch between
the MRCA of the three and the MRCA ofA andB are informative. If at least one mutation occurred on
this branch, the gene tree can be resolved from the DNA sequence alignment. This effect is investigated
by assuming that the number of mutations on a branch with length t follows a Poisson distribution with
mean�t . Figure 10b shows the probability that the gene tree is resolved; T2 � T1 D 0:5N generations is
assumed so that the probability that the gene tree is.AB/C is about 0.6. As expected, as the mutation rate
increases, the probability that the gene tree is resolved from the sequence alignment increases, and this
probability exceeds 90% whenN� > 1:52 . Similar results are obtained for the other two types of trees,
.AC /B andA.BC/ , that appear with probability 0.2 for each (Fig. 10b).

Thus far, we have shown that the gene tree is not always identical to the species tree even considering
vertical evolution. With keeping this in mind, let us consider the effect of horizontal gene transfer (HGT)

FIG. 10. (a)The probabilities of the three types of gene tree, (AB)C, (AC)B, and A(BC), as functions of.T2 � T1 /=N .
(b) The probabilities that the gene tree is resolved from DNA sequence data. The probabilities are given as functions
of the mutation rate for the three types of tree, (AB)C, (AC)B, and A(BC), when.T2 � T1 /=N D 0:5. The white
regions represent the probabilities that the gene tree is not resolved.
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on the gene tree under the framework of the coalescent. The application of the coalescent theory to bacteria
is straightforward. Rather than the Wright-Fisher model, bacterial evolution may be better described by
the Moran model, which handles overlapping generations well. Suppose that each haploid individual in
a bacterial population with sizeN has a lifespan that follows an exponential distribution with meanl .
When an individual dies, another individual randomly chosen from the population replaces it to keep the
population size constant. In other words, one of theN � 1 alive lineages is duplicated to replace the dead
one. Under the Moran model, the ancestral lineages of individuals of interest can be traced backward in
time, and the coalescent time between a pair of individuals follows an exponential distribution with mean
lN=2 (Ewens, 1979; Rosenberg, 2005). This means that one half of the mean lifetime in the Moran model
corresponds to one generation in the Wright-Fisher model. It may usually be thought that HGT can be
detected when the gene tree and species tree are incongruent(see Section 2). However, the situation is
complicated when lineage sorting is also involved. Consider a model with three species,A, B , andC, in
which an HGT event occurs from speciesB to C. Suppose the ancient circular genome has a single copy
of a gene as illustrated in Figure 11a. Leta, b andc be the focal orthologous genes in the three species,
respectively. At timeTh , a gene escaped from speciesB and was inserted in a genome in speciesC at Ti ,
which is denoted byc0. Since HGT is assumed to be instantaneous at the scale of evolution, in reality, it
is always the case thatTi D Th . However, since these times are estimated in practice, it may be the case
that Th < T i . For example, if a gene duplication occurs in lineageb in Figure 11a, and one of the two
in-paralogs is transferred toc, then the estimated timeTh would be the duplication time, which is earlier
than the actual time of the HGT events,Ti .

Following the HGT event,c was physically deleted from the genome, so that each of the three species
currently has a single copy of the focal gene. If there is no lineage sorting, the gene tree should bea.bc0/.
Since this tree is incongruent with the species tree,.AB/C , we could consider it as an evidence for HGT.
However, as shown in Section 2, lineage sorting could also produce the incongruence between the gene
tree and species tree without HGT. It is also important to note that lineage sorting, coupled with HGT,
could produce a congruent gene tree, as illustrated in Figure 11a. Althoughb andc0 have a higher chance
to coalesce �rst, the probability that the �rst coalescenceoccurs betweena and b or betweena and c0

may not be negligible especially whenT1 � Th is short. The probabilities of the three types of gene tree
can be formulated under this tri-species model with HGT as illustrated in Figure 11a. Here,Th could
exceedT1, in such a case it can be considered that HGT occurred before the speciation betweenA andB.
Assuming that all populations have equal (constant) population sizes,N , the three probabilities can be
obtained modifying (3) and (4):

ProbŒ(AB)C• D

8
ˆ̂
<

ˆ̂
:

1
3

e� .T 1 � Th /=N if Th � T1

1 �
2
3

e� .T h � T1 /=N if Th > T 1

, (5)

ProbŒ(AC)B• D

8
ˆ̂
<

ˆ̂
:

1
3

e� .T 1 � Th /=N if Th � T1

1
3

e� .T h � T1 /=N if Th > T 1

, (6)

and

ProbŒA(BC)• D

8
ˆ̂
<

ˆ̂
:

1 �
2
3

e� .T 1 � Th /=N if Th � T1

1
3

e� .T h � T1 /=N if Th > T 1

. (7)

Figure 11b shows the three probabilities assumingT1 D 2N andT2 D 3N.
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FIG. 11. (a) A three bacterial species model with an HGT event. A demonstration that a congruent tree could be
observed even with HGT.(b) The probabilities of the three types of gene tree,.ab/c 0, .ac0/b, anda.bc0/ , as functions
of Th =N. T1 D 2N andT2 D 3N are assumed.

5.1. Enumerating valid coalescent scenarios

As mentioned above, a coalescent event occurs when two (or sometimes more) genes are originated from
the same parent, which is called the most recent common ancestor (MRCA) of the two genes. Avalid
coalescent scenariofor a gene treeGT and a species treeST is a list of coalescence events in the gene
tree together with the edges of the species tree on which theyoccur (Degnan and Salter, 2005; Rosenberg,
2007). For example,I andF in the gene tree of Figure 12 cannot coalesce at edge 2 in the species tree, and
hence any coalescent scenario in whichI andF coalesce at that edge is invalid. On the other hand, there
are valid coalescent scenarios in which all taxa coalesce atedge 3. Rosenberg (2007) has recently provided
a closed-form formula, rather than an algorithm, for computing the number of all valid coalescent scenarios
of a gene within the branches of a species tree. We now providea polynomial-time dynamic programming
algorithm for enumerating all valid coalescent scenarios,given a pair of species/gene trees, over the same
set of taxa, but not necessarily bifurcating or having the same topology. The divide-and-conquer nature
of our algorithm allows for computing sharing among the many(potentially exponential) valid coalescent
scenarios, and hence for more ef�cient implementation to list these scenarios.

We �rst start with some de�nitions and terminology.
Let T be a rooted tree leaf-labeled by a setX of taxa; i.e., there is a bijectionf WL.T / ! X , where

L.T / denotes the set of the tree leaves. The setE.T / denotes the set of all internal edges (including an
edge incoming into the root, which we denote byre). Further, the tree edges are labeled via a post-order
numbering; i.e., there is a bijectionhT WE.T / ! f 1; : : : ; n � 1g, wheren D j X j, and hT respects a

FIG. 12. Illustration of incongruent species/gene trees. The threenumbered edges in treeST are the only elements
of the setE, which is the set of all species tree edges on which at least one cluster of taxa from the gene tree can
coalesce at.
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post-order labeling. TreeT induces a setCT D f cT
e WcT

e � X ; e 2 E.T / g of clustersof taxa, wherecT
e

is the set of all leaves inX which are “under” edgee in T . The topology of the treeT naturally de�nes
a partial order� T on C (indeed, the topology ofT is the Hasse diagram of this partial order).

De�nition 2. Given two trees, ST and GT, over the same setX of taxa, a (valid) coalescent history
is a mapping� WCGT ! E. ST/, such that:

1. For everyX 2 CGT, X � cST
�.X/ , and

2. For every two edgese1; e2 2 E. GT/, if hGT.e1 / < h GT.e2/ thenhST.�.e 1// � hST.�.e 2// .

Condition (1) of De�nition 2 states that a clusterX of taxa can coalesce on branches of the species tree
that are “above” the most recent common ancestor (MRCA) ofX in the tree. Condition (2) of De�nition 2
states that the coalescent events of the gene within the branches of the species tree must respect the gene
tree topology.

Let ST andGT be the species and gene trees, respectively. Let the edges ofST be numbered as above,
and letC be the set of all clusters (of size� 2) of taxa in the treeGT. We writev D caST.x/ , for x 2 C,
to denote thatv is a common ancestor (node) of the setx of taxa in treeST. We write InEdge.v/ to
denote the edge incident into nodev (in v's tree). The set of all edges inST on which any cluster inC
can coalesce at isE D f InEdge.v/ Wv D caST.x/; x 2 Cg: For example,E D f 1; 2; 3g for the species
and gene trees in Figure 12. We say thate 2 E is a “lowest” edges if there does not exist any other edge
e02 E such thate lies on the path from the root of the tree toe0.

We de�ne children of a clusterc 2 C as Children.c/ D f c0 2 C Wc0 � c; and 6 9c002 C s:t: Œc0 �
c00 ^ c00� c•g: Notice that Children.c/ induces a partition ofc. In other words, for everyc1; c2 2 C,
c1 ¤ ; , c1 \ c2 D ; , and[ c02C c0 D c.

With every clusterc 2 C, we associate the setpc , which ispc D f InEdge.v/ Wv D caST.c/g: In other
words,pc is actually the path of edges in the species tree on which the taxa of clusterc could coalesce at.
For example, for clusterc D ABD in Figure 12 we havepc D f 1; 3g. For every clusterc and edgee, we
de�ne � c .e/ to be the total number of all valid coalescence scenarios of leaves inc when the MRCA of
all leaves inc lies on edgee. The recursive algorithm,Compute� , outlined in Figure 13, computes the
values of� c .e/ for a clusterc 2 C and edgee 2 E. The recursion can be eliminated in a straightforward
manner if the computation of� is done in a bottom-up fashion.

The number of valid coalescent scenarios, given a species treeSTand a gene treeGT is Compute� (ST,
GT, L. ST/, re). We illustrate the algorithm on the trees shown in Figure 12.The results are shown in
Table 1.

The following two theorems establish the correctness and running time of computing the number of
valid coalescent scenarios of a pair of species and gene trees.

FIG. 13. Algorithm Compute� for computing the value� c .e/ for a clusterc 2 C and an edgee 2 E, given a
species treeST and a gene treeGT.



532 THAN ET AL.

TABLE 1. CLUSTERS IN C, AND THE VALUES OF pc AND � c .e/ FOR THE TREES IN FIGURE 12

Clusterc Setpc � c .e/ 8 e 2 E

1: BD 1,3 � 1 .1/ D � 1 .3/ D 1; � 1.2/ D 0
2: ABD 1,3 � 2 .1/ D 1; � 2.2/ D 0; � 2 .3/ D � 1.1/ C � 1 .3/ D 2
3: CE 1,3 � 3 .1/ D � 3 .3/ D 1; � 3.2/ D 0
4: IF 3 � 4 .1/ D � 4 .2/ D 0; � 4.3/ D 1
5: CEIF 3 � 5 .1/ D � 5 .2/ D 0; � 5.3/ D .� 3 .1/ C � 3.3//.� 4.3// D 2 � 1 D 2
6: ABDCEIF 3 � 6 .1/ D � 6 .2/ D 0; � 6.3/ D .� 2 .1/ C � 2.3//.� 5.3// D 3 � 2 D 6
7: GH 2,3 � 7 .1/ D 0; � 7.2/ D � 7.3/ D 1;
8: ABCDEFGHI 3 � 8 .1/ D � 8 .2/ D 0; � 8.3/ D .� 6 .3//.� 7.2/ C � 7.3// D 6 � 2 D 12

The total number of valid coalescent scenarios is 12, which is � 8 .3/ .

Theorem 2. Compute� (ST, GT, L. ST/, re) is the number of valid coalescent scenarios of the species
tree ST and the gene tree GT.

When the recursion in algorithmCompute� is replaced by bottom-up computation, the algorithm takes
O.n2 / time, since for each clusterc, the algorithm considers only its children (whose� values have already
been computed). Given that there areO.n/ clusters in the gene tree (each de�ned by an internal edge in
the tree), and that for each cluster there may beO.n/ children, the computation can be achieved inO.n2 /
time.

Theorem 3. Compute� (ST, GT, L. ST/, re) can be computed inO.n2 / time, wheren D j L. ST/j D
jL. GT/j.

5.2. Coalescent versus HGT scenarios

Experimental settings. In this experiment we compared the number of valid coalescent and minimal
HGT scenarios returned by the algorithm described in Section 5.1 and the extended RIATA-HGT heuristic,
respectively, for a range of numbers and diameters of simulated incongruence events.2 The diameter of an
incongruence event is the number of tree edges separating the two endpoints of the SPR move to which
it corresponds. This quantity re�ects the “locality” of theincongruities between the two trees. For each
numbern 2 f 1; 2; 3; 4g and diameterd 2 f 2; 4; 6; 8g of simulated incongruence events, we generated
twenty pairsht; t 0i of 20-taxon trees, wheret was generated using ther8s tool (Sanderson, n.d.), andt0

was obtained fromt by simulatingn random incongruence events, each of diameterd . The coalescent
algorithm and extended RIATA-HGT were run on each such pair within the data set and the numbers
of solutions computed were averaged to give a single data point for each method and combination of
diameter/number of incongruence events. The results of this analysis are shown in Figure 14.

Results and discussion.Figure 14 clearly shows that there is a correlation between the diameter of in-
congruence events and the number of valid coalescent and minimal HGT scenarios. Small diameters re�ect
that the incongruence occurs between two very close taxa, whereas large diameters re�ect incongruence
between two very distant taxa. As the diameter gets larger, the number of edges between the MRCA of
taxa and the root becomes smaller, and hence we would expect the number of valid coalescent scenarios
to become smaller. And this is exactly what we see in the �gure. For diameter of 2, the number of such
scenarios is over 200 million. However, there is a sharp decrease in that number as the diameter increases.
On the other hand, even though we see a similar trend in the decrease of number of HGT scenarios as the
diameter increases, the actual number of minimal HGT scenarios is drastically much smaller. Even for the

2We simulated an incongruence event by asubtree prune and regraft(SPR) move, where these moves were added
with certain restrictions, as described in Section 3.
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FIG. 14. The numbers of valid coalescent scenarios(a) and minimal HGT scenarios(b) as a function of the diameter
of the incongruence events. Each curve corresponds to datasets with one, two, three, or four incongruence events.

smallest diameter of 2, the number of minimal HGT scenarios is about 33, and as the diameter increases,
the number of solutions converges to 1.

A signi�cant observation from Figure 14b is that we either have small diameter and large number of
solutions, or a large diameter and small number of solutions. This observation proves crucial to the im-
provements achieved by the algorithmic techniques described in the previous section, since small diameters
indicate more pairs in the decomposition, and hence more ef�ciency, and small number of solutions for
large diameters indicate very small equivalence classes inlarge components of the decomposition.

6. CONCLUSION

In this paper, we showed that error in inferred trees has a negative impact on the estimates made
by phylogeny-based HGT detection methods. These results provide a set of conclusions. First, to obtain
accurate estimates of HGT based on tree incongruence, poorly supported edges of reconstructed trees
should be removed. Though an important task to conduct, removing (or contracting) poorly supported
edges is not a straightforward task, since standard methodsthat are in common use for estimating branch
support, such as bootstrapping and posterior probabilities in Bayesian analyses, have been shown to be
overly “conservative” or “liberal” under various circumstances (Ruths and Nakhleh, 2006). Second, more
than one maximally parsimonious solution (a solution that has the minimum number of HGT edges, or
events, to explain the species and gene tree incongruence) may exist, and hence HGT detection methods
should search for all such solutions. In this preliminary work, we have studied the effect of error in inferred
trees on the accuracy of HGT detection methods, both in termsof the minimum number of events computed
as well as the number of such minimal solutions. One of our immediate goals is to study the performance
of these methods in terms of the locations (donors and recipients) of inferred HGT; for this task, we
will use the distance measures proposed in Moret et al. (2004). Further, we will study the effects of the
aforementioned factors, using both simulated and biological data, on the performance of several currently
available tools for HGT detection (Hallett and Lagergren, 2001; Makarenkov, 2001; Addario-Berry et al.,
2003; Nakhleh et al., 2005; MacLeod et al., 2005; Beiko and Hamilton, 2006).

Further, lineage sorting due to the coalescent process actsas a noise for detecting and reconstructing
HGT based on tree incongruence, sometimes mimicking the evidence for HGT and sometimes concealing
evidence of HGT. Therefore, to distinguish HGT and lineage sorting, a stochastic framework based on the
theory introduced in Section 5 is needed. We only consideredvery simple cases with three species here,
and we will extend the theory to more general cases.

Finally, we designed a polynomial-time dynamic programming algorithm for enumerating all valid
coalescent scenarios that reconcile a pair of species and gene trees. This algorithm may be used as a core
component in statistical methods for reconciling species and gene trees.
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