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Abstract

Phylogenetic supertree is a collection of different
phylogenetic trees combined into a single tree forming a
tree of life. The smaller overlapping phylogenetic trees
are combined in such a way that no branching
information is lost. This problem is important for several
biological applications. Yet the solution is difficult as
exponentially large number of supertrees exists for a
given set of trees and the optimal tree has to be selected
based upon some optimality criteria. In this paper, we
propose a polynomial time algorithm for combining
phylogenetic trees, which makes use of least common
ancestor information as optimality criterion. The
algorithm satisfies the desirable properties of a
phylogenetic supertree method as mentioned in literature,
and constructs a single phylogenetic supertree even for
incompatible input trees which is difficult to solve.
Experimental results and comparisons with other works show
the superiority of our algorithm.

Keywords: phylogenetic tree, phylogenetic supertrees,
optimality  criteria, least common ancestor, and
compatibility.

1. Introduction

Phylogeny, a tree of life of all the lineages on the earth,
provides a framework to facilitate biological information
retrieval and prediction. Genome sequencing projects
produce the molecular data without analysis, but the
evolutionary history (phylogenetic tree) relates organism
and genes. Some of the primary applications of
phylogenetics include, understanding the interaction
between the genes, drug design, predicting gene
functionality, predicting origin and spread of diseases,
and origins and migrations of humans. Currently most
of the individual researchers or teams are concentrating
on the evolutionary pathways of specific phylogenetic
groups. Moreover it does not seem to be possible for an
individual researcher or a small team to construct a
phylogenetic Tree Of Life consisting of 1.7 million

known species. Phylogenetic supertrees provide a modest
solution to this problem.

Many efficient phylogenetic reconstruction methods,
such as Maximum Parsimony and Maximum Likelihood,
are available. However, these methods lead to hard
optimization problems and are limited to small number
of taxa. Using these methods, more accurate
phylogenetic trees can be constructed for small number
of taxa in a reasonable time frame. On the other hand,
methods like distance-based phylogenetic reconstruction
can be used for large taxa, but the conversion from
sequence data to distance data leads to loss of
information. Thus, a method which exploits the features
of distance and character based phylogenetic
reconstruction methods is required to construct
phylogenetic supertree.

Phylogenetic supertree construction methods follow a
divide and conquer strategy, to combine trees consisting
of hundreds of taxa in them. As a first step smaller trees
are  constructed using  efficient  phylogenetic
reconstruction methods, and then in the second step,
these smaller trees are combined into a large tree consist
of all the taxa such that preserve the phylogenetic
information carried by each tree is preserved.

In general, if the taxa in the small trees are
overlapping, the result of combination will be supertree.
When the input trees have the same leaf set then the
result of amalgamation of the small trees will be a
consensus tree. A good survey of consensus methods and
supertree methods is given in [8] [13] respectively. There
exist many efficient consensus tree algorithms [19], but
very few algorithms for supertree methods are published
with the following properties [1]:

1. The supertree should be computed in polynomial
time.

2. The algorithm should preserve the
information shared by all the input trees.

3. Changing the order of the input trees should not
change the resulting supertree.
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4. Renaming or relabeling should lead to the change in
the corresponding label in the resulting tree but
should not change the structure.

5. If all the input trees are compatible the algorithm
should return a tree which displays all the input trees

Currently the most widely used phylogenetic supertree
method is Matrix Representation of Parsimony (MRP)
[2][3]. It encodes the input trees into binary characters
and the supertree is constructed from the resulting data
matrix using a parsimony tree building method. It does
not satisfy the first property because finding the most
parsimonious tree is NP-compete [4]. Only few
algorithms are published with the above desirable
properties that include: Mincut [5], Modified Mincut [6],
and Rankedtree [7]. All the methods, mentioned above,
results in a supertree for the rooted collection of input
trees. On the other hand, Steel [12] proved that the
problem of combining unrooted phylogenetic trees is an
NP-hard. A heuristic algorithm for combining unrooted
trees is given by Zahid [9]. The super tree method for
weighted input trees is given in [21].

In this paper we propose a new technique for the
supertree construction for rooted trees, which exhibits all
the above desirable properties. We proposed a new
distance measure and a variant of standard UPGMA
algorithm to compute the supertree in polynomial time.
The least common ancestor algorithm given in [22] is
used for the detection of the least common ancestors of
different species. Other algorithm for finding least
common ancestors are given in [23].

The paper is organized as follows. Section 2, covers
some basic terminology required to understand the
problem and desirable properties. In section 3, we present
the new method for the construction of the supertrees.
And in final section we discuss the experiments carried
out and compare them with the Mincut [5] and Adam’s
consensus method [17]. Adam's consensus method is
compared for trees on common leaf only.

2. Preliminaries
Rooted phylogenetic tree and rooted triplets

A tree is an acyclic connected graph and can be
represented as 7=(V,E). A vertex veV is internal if the
degree of v is greater than two, otherwise v is leaf and a
distinct vertex with degree two is called the root. An edge
e, connected to the vertices u and v, is internal if both u
and v are internal vertices, otherwise it is an external

edge. The set of leaf nodes of a tree is represented as L(7).

A phylogenetic or evolutionary tree is a tree T
havinge a single internal node with degree two and rest of
the internal nodes have degree three or more. If the
degree of each internal node is three except root then it is
called a binary rooted tree. Two rooted phylogenetic
trees on set of species Y, T'=(V’, E') and T"=(V",E”) are
considered as identical if there exist a bijection function
a:V' -V, which includes a bijection from E’ to E”
and fits the set of leaf nodes Y. Except the root, the
labeling of the internal nodes is unimportant in
phylogenetics. The internal nodes represent the
hypothetical ancestors of the descendents.

A rooted triplet is a tree with three leaf nodes. On the
leaves a, b and ¢, a triplet can be represented as (ab)c or
ab|c , if the path from the leaves a and b to root node
does not intersect the path from ¢ to root node, and a, b
shares a least common ancestor.

Restriction on phylogenetic trees

Let T be the rooted tree with the leaf set X. If the set
X’ (subset of ) X is given, the topological restriction of T
to X is the tree obtained by deleting the nodes which are
not in the path from root to any node in X  and
contracting the internal edges incident on vertices with
degree two. An example of the topological restriction,
represented as 7"=T|X’, is shown in Fig. 1. T’ is called
the induced subtree of 7' by X"
Compatibility of phylogenetic trees

A B CD E A C E

(@ (b)
Fig.1. Let T be the tree in (a), then (b) represents T|{A,C,E}.

A rooted phylogenetic tree 7 displays a rooted
phylogenetic tree 7 if T’ can be obtained from an
induced subtree of T by contraction. It is denoted as

T'<T.

According to Steel [5], a collection of rooted
phylogenetic trees is compatible if there is a
phylogenetic tree that displays all of them. According to
Wormald’s [14] two trees are compatible if and only if
one is a subtree of other. Fig. 2 shows 7° and 7" in
which 7’ is not a subtree of 7" but T” can be obtained
from 7’ by contraction. According to Steel 7" and T are
compatible. In this paper we use the Steel’s definition of
compatibility.

A B C A B C
(a) Tree T’ (b) Tree T”
Fig 2: Tree T and T are compatible according to Steel M.
Tree reconstruction based on distances

Given sequence data of the species, the distance
between the species is calculated based on the number of
mutations between a pair of species. These evolutionary
distances are then used to reconstruct phylogenetic tree.
There are many algorithms available, which make use of
the distance data to find the phylogenetic tree such as,
Unweighted Pair Group with Arithmetic mean (UPGMA)
[10], and Neighbor Joining (NJ) methods [11].

In this paper we make use of a variant of the standard
UPGMA algorithm in which the distance matrix is based
on the average number of edges between two species.
UPGMA 1t is basically a clustering algorithm that group
two smaller clusters iteratively until the root of the final
phylogenetic tree is reached.



3. UPGMA and its variant

In this section we describe the standard UPGMA
algorithm and its failure with respect to the constraints on
the tree distances and finally we present a variant of the
standard UPGMA.

Standard UPGMA
This method is statistical based and the simplest
among the phylogenetic tree construction methods. The
method is as follows:
1. Take distance matrix as input
For example:

Species A B C
B dAB - -
C  dac dgc -
D dAD dBD dCD

2. Species with the smallest distance will be
clustered.

3. The new distance matrix is computed with the
distance between new group and the remaining
species as

diagyc= 72 (dact dgc ) for all the species.

4. Repeat until all the species have been grouped.
Failure of Standard UPGMA

This method applied to pair wise sequence data will
return a rooted phylogenetic tree. But when applied to
tree distance data lead to the clustering of wrong taxa.
This will be clear with the following example. The
distance matrices which reflect the failures of standard
UPGMA are shown in Fig. 4 and Fig. 5.

A B CD E F p C D EA F
Fig. 3 (a) Tree T’ Fig. 3 (b) Tree T”
The average distance matrix of the trees, shown in
Fig.3 (a) and 3(b), is shown in Fig. 4.
A B C D E
B 4
C 45 25
D 45 35 3
E 45 45 4 3
F 4 6 55 45 35
Fig 4: Distance matrix for the trees shown in Fig. 3.

The distance matrix in Fig. 4 shows that the distance
between B and C is least and thus leads to the grouping of
the B and C. the distance matrix after merging B and C is
shown in Fig. 5.

A BC D E

BC 425

D 45 325

E 45 425 3

F 4 575 45 35

Fig 5: Modified distance matrix after grouping B and C.

The species D and E at minimum distance in the
matrix shown in Fig. 5, but if the distance from the least
common ancestor of the BC is considered then the D is
close to the group BC as the distance between the least
common ancestor of BC and D is 2 as shown in Fig 3(a)
and 3(b). Employing the standard UPGMA algorithm
leads to wrong clusters, thus leading to incorrect
phylogenetic tree.

UPGMA variant
To avoid the above problem the following variant of
standard UPGMA is used in our algorithm.

1. Make a cluster of the species with the minimum

distance between them.

2. Remove the grouped species from the input

trees and add a new node with the cluster name.

3. Add an edge between the least common

ancestor of the grouped species and new node.

4. Calculate the distance matrix for the new trees.

5. Repeat the first 4 step until a single group is left.
This method results in suitable tree and can be computed
in O(kl’), where k is number of tree of trees and / is
number of common leaf nodes in the collection of the
input trees.

The new modified distance matrix, shown in Fig. 6,
will be used for further grouping instead of the distance
matrix show in Fig. 5.

A BC D FE

BC 3.5
D 4 25
E 4 35 3
F 35 5 35 35
Fig 6: Distance matrix computed using variant of standard

UPGMA.

4. The supertree algorithm

In this section we describe the new technique for the
construction of the supertrees and establish the desirable
properties of the supertree method. The advantage of this
algorithm is that it will return a tree even if the input
trees carry conflicting information. The algorithm is
described below.

Algorithm: DISTSUPERTREE(T)
Input: A set of rooted phylogenetic trees T ={7},15,...,7;. } .
Output: A rooted phylogenetic tree on UL, L(T}) .
1. Find common and distinct leaves in the given trees
COMM =, L(T)) , DISTINCT, = I(T, - COMM) for
i=1to k.

2. For all trees, find the restrictions of the input trees
on the subsets COMM and DISTINCT.

T, =T,[{COMM} and T, =T,[{DISTINCT;} fori =1 to
k.
3. Construct the phylogenetic consensus tree for the for
the restriction trees constructed in step 2 as
ST = UPGMA_ variant(DISTANCE(T)) .

/* for each tree T, the number of edges between the
leaves is considered as the evolutionary distance



between them. For the final tree 7' the average of
the distances of the trees is considered. */
4. If DISTINCT # ¢
For each i=1 to k
If 7' is a subtree of 7; without performing

contraction, then the root of 7, is connected

with root of the S7, and the whole tree is
renamed as ST.
Otherwise for every node N; in DISTINCT:

Add an edge between N, and its least common
ancestor in 7; in the tree ST.
5. Output ST.

The first step of the algorithm finds the COMM,
common and DISTINCT leaf nodes in the collection of
input trees. Restriction trees for the both COMM and
DISTINCT sets are constructed in the second step of the
algorithm. Step 3 takes the restriction trees of COMM set
as input and uses the variant of UPGMA to find the
consensus tree for the common leaf nodes. The distance
between the species is considered as the average number
of edges between them. Finally the distinct nodes are
added to the consensus tree, which is the result of step3,
based on least common ancestor optimality criteria.
Properties of the DISTSUPERTREE

The DISTSUPERTREE shows all the properties given
by Steel [1] for the supertree methods. Here we establish
the desirable properties for the above algorithm.

The DISTSUPERTREE method compute the supertree
in polynomial time as each step in the algorithm takes
polynomial time to complete the desired task. The key
steps in the algorithm are 3 and 4, which computes the

supertree of all the taxa. Step 3 takes O(kl°), where k iS
number of tree of trees and / is number of common leaf
nodes, / =|COMM|, in the collection of the input trees.

Step 4, which grafts the distinct nodes on the consensus
tree resulting from step 3, will take O(km), where m
stands for the number of nodes in DISTINCT set of each
input tree( m =|DISTINCT| , for i=1 to k). The total

complexity of the algorithm is O¢kn’), where k is number
of trees and # is the total number of leaf in all the input
rooted trees.

It is evident that the algorithm satisfies the properties 3
and 4, which states that the result of the supertrees should
not be affected if the order of the trees is changed or
leaves are relabeled. The algorithm does not make use of
the order or labeling information rather uses the structural
topology for the construction of the supertree. Hence
properties 3 and 4 are satisfied.

The fact it returns a supertree is proved in the
following theorem.

Theorem 1: Let T={T,,T,,.,T,} be a set of rooted

phylogenetic trees. Then the DISTSUPERTREE applied
to T returns a tree.

Proof: To simplify the proof we consider two cases, the
first case is of the collection of input trees classifying the
common species, and the second case is of the collection
of the input trees classifying the overlapping set of
species.

For the case I, it is clear that the DISTSUPERTREE
method returns a tree when applied to a collection of
trees 7T, which classify the common leaf nodes. The
algorithm returns a consensus tree at step 4. UPGMA
variant is used for the construction of the consensus tree
which always results in a single rooted tree.

For the second case, the input collection of the tree
classify overlapping set of species, Step 4 uses the least
common ancestor information carried by the input trees
to ensure that all the leaf nodes are connected to the
proper least common ancestor.

The leaf nodes of each input tree come under
COMMON set or DISTINCT; set. Both the sets are used
for the construction of the supertree. The loop in step 4
ensures that all the trees are processed for each node in
the DISTINCT set, which is added to the resulting

supertree. This leads to a single rooted supertree. o
The proof of the theorem 2 depends on the result proved in

theorem 1 of [20].

Lemma 1: let T and T' are two phylogenetic rooted trees. Then

T <T"ifand only if »(T) < r(T") and L(T) < L(T").

Theorem 2: Let T ={T,,T,,...,T,} be a set of compatible

rooted phylogenetic trees. Then the DISTSUPERTREE
applied to T returns a tree, which displays all the input
trees.

Proof: if T={T,,T,,...,T,} is the set of compatible rooted

collection of input trees. Let r=U" (7)) is set all the
rooted triplet of the input trees, where »(7;) the set of
triplets of the tree is 7, . Then by comparing the algorithm

Mincut [7] with the DISTSUPERTREE, when the input
collection of trees is compatible, the resulting tree of
both the algorithms is identical (shown in section 5)
when applied to »(T). Therefore, as »(T) is a subset of
rooted triplets of the tree returned by Mincut,
r(T) c r(ST) also holds. According to lemma 1, ST

displays all the trees in the collection 7. o

5. Experimental Evaluation and

comparisons

In this section we discuss the results of the
experiments conducted upon two different trees and
compare them with the Mincut, and Adams consensus
methods. The first data set consists of the trees, which
shares common leaf nodes. The result will be a
consensus tree. The input trees for this method are given
in Fig. 7 (a) and Fig. 7 (b).

A B CD E A B EcCc D

(a) Tree T” (b) Tree T”
Fig. 7: Trees T° and T are amalgamated to give a consensus tree
using different methods.

If the trees in Fig. 7 are given as input to
DISTSUPERTREE, after the first step, COMM contains
all the leaf nodes and set DISTINCT is empty. The
distance matrix computed for the trees is given in Fig. 8.



The matrix represented in Fig. 8 is constructed using
the average number of edges between any two leaf nodes
in two trees. Then the tree ST is constructed using these
distances as shown in Fig. 9(a). This tree returned by the
algorithm as supertree after step 4 because the set
DISTINCT is empty. Fig. 9 also includes the results
obtained by the Mincut and Adam's consensus method.

A B C D E
4 0 2 25 3 25
B 2 0 25 3 25
c 25 25 0 25 3
D 3 3 25 0 25
E 25 25 3 25 0

Fig 8: Distance matrix obtained as a result of step 3 of
DISTSUPERTEE.

A B CDE A B CDE A BCE D

Fig. 9: Consensus trees as the result of combining tree of Fig.3 (a)
DISTSUPERTREE (b) Adam's consensus method (c) Mincut.

DISTSUPERTREE gives the identical tree to the
Adam's consensus tree when applied to the common leaf
nodes, indicating that the DISTSUPERTREE method is
at least as good as Adam's consensus method, which
preserves all the nesting represented by all the input trees.

The reason for the difference in output trees shown in Fig.

9 is that Mincut supertree method uses a local
optimization principle and Adams consensus tree uses set
theoretic operations. The disadvantage of the Mincut
algorithm is that, the result of the algorithm sometimes
contains the triplets which express conflict in input trees,
an example of this is given below. Even though the
DISTSUPERTREE uses an optimality criterion, it gives
the similar results to Adams consensus tree. But the
results are appreciable when applied to the tree
representing the polytomy, which results when two or
more lineages diverge from the single ancestor at the
same time. An example is presented for the trees shown

< /&
w ¥ YC B A L M N O A B C
(a) Tree T (b): Tree 7.

Fig 10: Trees 7" and 7" form an example of polytomy and are used for
experiments.

In the trees, shown in Fig. 10(a) and (b), only three
leaf nodes (A, B, and C) are common and shows a
conflict on the relationship of these nodes. They also
show resolved relationship for distinct leaf nodes. When
trees shown in Fig. 10 are given as input to the

DISTSUPERTREE the result of step 3 step 4 is
shown in Fig. 11.

A B C A B C
4034 Fig. 11(b)
B 3 0 3
C 4 30

Fig. 11(a)

Fig. 11(a): Average distance matrix for COMM of Fig. 10(a) and
10(b), and 11(b): tree for Fig. 11(a).

W XYABCL M N O

Fig. 12: The supertree constructed using DISTSUPERTREE for the
tree shown in Fig. 10.

The subtrees of DISTINCT represent subtree of the
corresponding tree without any common node. So the
subtrees can be directly attached to the root node of the
ST. The result of DISTSUPERTREE is shown in Fig. 12
and the result of Mincut is shown in Fig. 13.

L M NO A B WX Y ¢

Fig. 13: The supertree constructed using Mincut for the tree shown
in Fig. 10.

It is clear from the Fig. 12 and Fig. 13 that when the
tree shown in Fig. 10(a) and 10(b) are given as input to
DISTSUPERTREE and Mincut, the DISTSUPERTREE
gives a better fit than Mincut. The input trees disagree on
the relationship of A, B, and C, but the supertree
computed using Mincut method contains triplet ABJ|C,
thus resulting an unresolved supertree.. Both of these are
local minima algorithms. There exists an exponentially
large number of supertrees for a given set of tree and the
above algorithm stops at local minima. The above
example shows that the Mincut algorithm is sensitive to
the size of the input trees and in addition, it fails to
include the contradictory information of the input trees.
There is no existing supertree or consensus method that
displays all the uncontradicted information [1]. As it is
always desirable to maximize the uncontradicted
information that a supertree displays, our method fills the
lacuna.

6. Conclusion

The DISTSUPERTREE algorithm, presented in this
paper, demonstrates all desirable properties of supertree
algorithms. It has a polynomial time complexity and
results in a single output tree for a given set of input trees.
Most of the supertree methods do not return a supertree
for incompatible input trees. The supertree method
presented in this paper always returns a single supertree.
The supertree methods which depends on the Maximal
Agreement such as Jesper et. al. [16], removes the edges
which represents conflicting information results in
removal of certain leaf nodes. MRP is a global
optimization technique, which finds one or more optimal
supertrees. But these methods are computationally heavy.

A Comparison of DISTSUPERTREE with different
existing supertree methods is given in Table 1. The
supertree methods are evaluated on the basic properties



such as, time complexity, number of tree returned, results
of the methods when the input trees carry evolutionary
conflicts. Comparisons on polytomy, where more
lineages diverge from the single ancestor at the same
time, and optimization criteria are also made. The result

of comparisons shows that DISTSUPERTREE out
performs all the existing methods.

The algorithm DISTSUPERTREE can be further
modified to work with more information given as input,
such as ancestral time divergence and the input trees with
some internal nodes labeled, than just rooted input trees.

Table 1: A comparison of different supertree methods

. Time Number of . Result (.)f . Polytomy in Optimization
Algorithm Complexity trees 11}compat1ble input trees the technique
returned input trees method returns
MRP [2][3] Exponential Many Many Many trees Global minima
Mincut [5] Polynomial One One tree Unresolved tree Local minima
Modified Mincut [6] Polynomial One One tree Resolved tree Local minima
RankedTree [9] Polynomial One No tree No tree Local minima
Strict [20] Polynomial One No tree No tree Local minima
DISTSUPERTREE Polynomial One One tree E;ihly resolved | Local minima
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