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Abstract

Nowadays, there is a considerable number of phylogeny reconstruction methods and
many are able to produce reasonable trees, but none of the methods guarantees to
reconstruct the true tree. On the other hand, there is a larger number of phylogenetic
consensus methods, which usually put together the most common parts of a collection of
phylogenetic trees. Unfortunately, there is also a taboo concerning the use of consensus
methods to reconstruct phylogenetic trees, because most biologists see the phylogenetic
consensus methods mainly as comparators and not as phylogenetic tree constructors.

In this work, we challenge this taboo by defining a consensus method which builds
a fully resolved phylogenetic tree based on the most common parts of fully resolved
trees in a given collection. We also present results of simple tests which show that this
consensus is usually better than the trees used to build it.

1 Introduction

Walter Fitch said once that “no one (classification) method or view has all the good points” [3],
which means that even the best phylogenetic reconstruction methods known make mistakes.
This is certainly true, since simple methods usually make naive mistakes, while more elabo-
rated ones involve the solution of NP-hard optimization problems and can be solved only by
approximation methods, at least up to now. In addition, as Phillips and Warnow point out,
“the true tree may only obtain a near-optimal score” [9]. Therefore, even if the optimization
problems could be solved in polynomial time, the answer could not be the true tree.

But what makes a tree right or wrong? What exactly is a reconstruction method mis-
take? When we look at a (unrooted) phylogenetic tree, the information it represents is
actually stored in its edges (or branches). Each edge in a phylogenetic tree represents a
bipartition of its set of leaves. As a result, we have a pair of disjoint sets for each tree edge.
If the edge is correct, at least one of the disjoint sets contains only and all the species that
share a specific common ancestor. In other words, every edge in the correct phylogenetic
tree separates a group of descendants of a common ancestor from the species that are not
their descendants. The problem with all the reconstruction methods is that they are not
able to infer all these separations correctly, mostly due to information loss occurred during
the evolutionary process.

1
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Figure 1: A collection of fully resolved phylogenetic trees.

The differences between trees built by distinct reconstruction methods show places where
they may be not correct. Even thought they disagree in some parts, the great amount of
similarity shared by these trees may be an indication that none of them is completely wrong.
In other words, since reliable reconstruction methods must produce trees with a low number
of mistakes, a tree built with the most common parts of the trees in a collection created by
these methods has a better chance of being closer to the “true tree”.

This work is dedicated to the definition and test of a phylogenetic consensus method
that tries to built trees closer to the true tree than the trees used as input. The rest of this
report is divided as follows: Section 2 presents the theoretical background for the definition
of a consensus method and the description of an algorithm for the consensus calculation.
Section 3 presents the result of tests that show the quality of the consensus in comparison
to the trees used to build it. Finally, Section 4 presents a brief discussion about the results.

2 Materials and Methods

2.1 Definitions

A phylogenetic tree is an undirected acyclic and connected graph without vertices of degree
2. The vertices of degree 1 are called leaves and labeled with the elements of a set L.
A vertex with degree greater than 3 is named a polytomy [8] and a phylogeny without
politomies is called fully resolved ; otherwise it is called partially resolved. Figure 1 presents
four examples of fully resolved phylogenetic trees.

A split S = (A,B) of an arbitrary set X is a bipartition of X in two non-empty subsets
A and B. Let S(X) be the set of all possible splits defined on X, then every collection
S ⊆ S(X) is a split system (defined on X). Two splits S and S′ are compatible if and
only if there are subsets A ∈ S and A′ ∈ S′ such that A ∩ A′ = ∅; otherwise they are
incompatible [2].

Every edge in a phylogenetic tree divides its leaf set into two subsets. In other words,
every edge in a phylogenetic tree defines a split on its set of leaves. Therefore, every
phylogenetic tree defines a split system on its set of leaves. Given a phylogenetic tree T , we
denote the split system defined by the edges of T by S[T ]. Two splits in S[T ] are always
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compatible. In addition, every phylogenetic tree may be rebuilt based on its split system.
We may define the relative frequency p(S,T ) of the split S in relation to a collection of
phylogenetic trees T as follows:

p(S,T ) =
|{T ∈ T | S ∈ S[T ]}|

|T |
.

Let P[L] be the set of all subsets of L. A set Ψ ⊂ P[L] is an n-tree defined on L if it
satisfies the following conditions [6, 10]:

1. ∅ 6∈ Ψ

2. L ∈ Ψ

3. {i} ∈ Ψ for all i ∈ L

4. A ∩B ∈ {A,B, ∅} for all A,B ∈ Ψ

Every subset in an n-tree is called a subgroup or cluster and two clusters are called com-
patible if they satisfy condition 4; otherwise they are incompatible. An n-tree is fully resolved
when it is maximal, that is, when every cluster that is not in the n-tree is incompatible
with at least one of the clusters in the n-tree.

The following theorem characterizes a fully resolved n-tree:

Theorem 2.1 An n-tree Ψ is fully resolved if and only if for every cluster C ∈ Ψ with
|C| ≥ 2, there are two clusters A,B ∈ Ψ such that A ∪B = C and A ∩B = ∅.

Proof (scratch)

⇒ Suppose that Ψ is fully resolved and there is a cluster C ∈ Ψ with |C| ≥ 2, and no
clusters A,B ∈ Ψ such that A ∪ B = C and A ∩ B = ∅. Then there is a set of more
than two disjoint clusters whose union is equal to C and the union of every pair of
clusters in this set may be inserted in Ψ, which is a contradiction.

⇐ Suppose that Ψ is not fully resolved, but for every cluster C ∈ Ψ with |C| ≥ 2, there are
two clusters A,B ∈ Ψ such that A∪B = C and A∩B = ∅. Then, there is at least one
cluster C ′ that may be inserted into Ψ. There is a cluster C ∈ Ψ such that C ′ ⊂ C
and C is minimal. By hypothesis, there are also A,B ∈ Ψ such that A ∪ B = C and
A ∩ B = ∅. But, since C ′ 6∈ Ψ, if C ′ and A are compatible, then C ′ and B are not,
and vice versa.

2

2.2 Phylogenetic trees and n-trees

Split systems are good ways to simplify the data represented by a phylogenetic tree, since
all phylogenetic trees may be reconstructed from their split systems. However, even split
systems may be simplified, as we show in this section.
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First of all, let ϕ 7→ NL, where NL is the set of the first |L| natural numbers, be an
enumeration of the elements of L. Then we may define the set ϕ(R), where R is a subset
of L, as follows:

ϕ(R) = {ϕ(r) | r ∈ R}.

Given two different clusters R and S of L, we say that R is smaller than S, and denote this
relation by R < S, if and only if

|R| < |S| , or

|R| = |S| and min(ϕ(R \ S)) < min(ϕ(S \R)).

Quitzau [11, Theorem 2.3.2] proved that this is an order relation between clusters defined
on L.

Let S = {A,B} be a split on L such that A < B. Then A is the small cluster and B is
the big cluster of S. If T is a phylogenetic tree, we denote by F [T ] the set of small clusters
of the splits in S[T ].

Quitzau proved the following theorem:

Theorem 2.2 Let T be a phylogenetic tree with more than two leaves. Then T is fully
resolved if and only if F [T ] has only three maximal n-trees and all these n-trees are fully
resolved.

2.3 The Most Probable Tree

Remembering the discussion in the introduction to this report, the tree built by reliable
reconstruction methods are only slightly different, which means that they share a good deal
of information. Because the reconstruction methods are trustworthy, the most common
parts of these trees are very likely to be correct. It is also important to remember that
the information presented by a phylogenetic tree consists basically of its split system. In
the next section we present a consensus method that builds trees by creating maximal split
systems which also maximize a certain weight function. By doing this, the method keeps
only the most common splits found in the collection of trees given as input.

Definition Let the weight p(T,T ) of a phylogenetic tree T with respect to a collection of
phylogenetic trees T be defined as follows:

p(T,T ) =
∏

S∈S[T ]

p(S,T )

The tree T is a most probable tree of the collection T if the following conditions are
satisfied:

1. T is a fully resolved phylogenetic tree.

2. There is no fully resolved phylogenetic tree T ∗ such that p(T,T ) < p(T ∗,T ).
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elements

p bs bsl

Tree SolutionCluster

Figure 2: Graphic representation of the three basic types which are used to build the data
structure that stores all the most probable trees. The Cluster type records the elements
of a cluster (elements), its relative frequency (p), the weight of the stored n-trees (bs) and
the pairs of clusters which can be combined to the actual cluster in order to build n-trees
with the stored weight (bsl). The Tree type stores a triple of pointers to clusters. Finally,
the type Solution stores a pair of disjoint clusters. Black arrows are pointers to Clusters,
while white arrows are pointers to Trees and Solutions.

2.3.1 Algorithm

The algorithm presented on this section takes advantage of the correspondence between
split systems and disjoint sets of n-trees and finds triples of n-trees instead of compatible
split systems.

Firstly, we need to rewrite the tree weight function as a function of the small clusters of
a phylogenetic tree and the collection of trees. The relative frequency of a cluster C may
be written as:

p(C,T ) =
|{T ∈ T | C ∈ F [T ]}|

|T |
,

which corresponds to the probability of finding C in T , and the weight of an n-tree may be
defined as

p(Ψ,T ) =
∏

C∈Ψ

p(C,T ).

Therefore, the weight function used in the algorithm is:

p(T,T ) =
∏

Ψ ⊂ F [T ]
Ψ is n-tree

Ψ is maximal

p(Ψ,T ),

knowing that the maximal n-trees of F [T ] are disjoint [11, Section 2.3].

Secondly, let us make some considerations about trivial n-trees and the combination of
n-trees. If a cluster C has only a single element, we may trivially associate an n-tree to
it, since the set ΨC = {C} satisfies all the n-tree conditions. Note that, in this case, the
trivial n-tree is maximal, therefore fully resolved. Furthermore, if A and B are two disjoint
clusters, ΨA is an n-tree on A and ΨB is an n-tree on B, then the set ΨC = {A∪B}∪ΨA∪ΨB

is an n-tree on C = A ∪ B. In this case, if ΨA and ΨB are fully resolved, then ΨC is also
a fully-resolved n-tree. We call a cluster C solved when there is at least one fully resolved
n-tree ΨC associated to it and p(ΨC ,T ) is maximal.
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During an algorithm run, the cluster solutions and the phylogenetic trees with maximal
weights are stored in a data structure constructed with the building blocks shown in Figure 2.
The very basic type is the Cluster, which records the main information of a cluster. It
has four fields: elements, which stores the cluster elements; p, which stores the cluster
relative frequency, defined at the very beginning of this section; bs, which stores a list of
pairs of clusters whose best solutions, together with the represented cluster, form an n-tree
of maximal weight. The Tree type stores a triple of disjoint clusters that cover the set of
leaves. The Solution type stores a tuple of disjoint clusters. The field bsl of the Cluster

type is actually a linked list of Solutions.
Two important sub-routines are the one that stores the best solutions found for a clus-

ter, called Cluster, and the one that stores the best phylogenetic trees, called Forest.
Both are described bellow:

Cluster(C, A, B)
1 if (C.p ∗A.bs ∗B.bs > C.bs)
2 then C.bsl← {(A, B)}
3 C.bs← C.p ∗A.bs ∗B.bs
4 else if (C.p ∗A.bs ∗B.bs = C.bs)
5 then C.bsl ← C.bsl ∪ {(A, B)}

Forest(A, B, C′, F )
1 if (A.bs ∗B.bs ∗ C′.bs > F.bs)
2 then F.bsl← {(A, B, C′)}
3 F.bs← A.bs ∗B.bs ∗ C′.bs
4 else if (A.bs ∗B.bs ∗ C′.bs = F.bs)
5 then F.bsl ← F.bsl ∪ {(A, B, C′)}

These two sub-routines are almost identical. In fact, the only differences between them
are the formula of the calculated value and the type of the elements stored in the linked
lists. In the case of Cluster, the calculated value is the weight of an n-tree, which is
the product of the weights of two smaller n-trees and the relative frequency of a cluster.
The element stored in this case is a Solution. Concerning the Forest sub-routine, the
calculated value is a phylogenetic tree weight and the stored type is a Tree.

Both sub-routines consist of two identical comparisons leading to three different actions.
At line 1, the new calculated weight is tested and, if greater than the stored one, lines 2 and
3 discard the old list and initialize a new one, with the newly-calculated weight. Otherwise,
the sub-routines test if the new weight is equal to the stored one. In an affirmative case,
the new Solution/Tree is added to the best solution list (bsl); otherwise it is discarded.
It is not difficult to see that both sub-routine running times are limited by a constant.

The core algorithm is presented in pseudo-code below. The procedure Small just
extracts the small clusters of T and calculates their relative frequencies, returning a sorted
array of clusters.
Most-Probable-Tree(T )

1 Small← Small(T )
2 F.bsl← ∅
3 F.bs← −∞
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4 for each A in Small, in increasing order
5 do for each B in {B ∈ Small | B < A}
6 do if (A ∩B = ∅)
7 then C ← A ∪B
8 if (|C| ≤ |L| /2)
9 then if (C ∈ Small)

10 then Cluster(C, A, B)
11 else Discard (A, B)
12 else C′ ← L \ C
13 if (C′ < B and C′ ∈ Small)
14 then Forest(A, B, C′, F )
15 else Discard (A, B, C′)
16 else Discard (A, B)
17 return F

The core of the algorithm is quite simple. It starts by creating an array of clusters at
line 1. This array, called Small, constains all small clusters found in the collection T of
fully resolved phylogenetic trees and is sorted in increasing order, using the order relation
presented in Section 2.2. Lines 2 and 3 create an empty list of most probable trees and
initialize the weight of the best tree found, respectively.

After that, the algorithm finds at least one maximal n-tree for each cluster in a bootstrap
fashion. In other words, it solves trivially the unitary clusters and then starts to build
solutions for larger clusters using the already solved ones. This is made by taking all the
clusters A ∈ Small in increasing order and then analyzing all pairs formed by A and the
other clusters B such that B < A. Only pairs formed by disjoint clusters are analyzed
further. These pairs fall in exactly one of three cases:

A ∪B ∈ Small: In this case, for all n-trees ΨA such that p(ΨA,T ) is maximal and for all
n-trees ΨB such that p(ΨB ,T ) is maximal, {A ∪B} ∪ΨA ∪ΨB may be an n-tree on
A ∪B with maximal weight. This case is treated by lines 9 and 10.

L \ (A ∪B) ∈ Small: In this case, A, B and L \ (A ∪B) are three disjoint sets that cover
the set of leaves. Therefore, according to Theorem 2.2, the n-tree associated to these
clusters together corresponds to a fully-resolved phylogenetic tree and the weight of
this tree may be compared to the weight of the stored ones, what is made at lines 13
and 14.

Useless case: In this case, A ∪B is not part of a split found in the collection T of phylo-
genetic trees. Such a pair must be discarded.

When all possible pairs have been analyzed, the clusters in Small are organized in a
structure such as the one shown in Figure 3. Quitzau prooved that, after the execution of
the algorithm, the returned structure represents all and only the most probable trees for
the collection T given as input.
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ABCD
0.25 0.14063

ABC
0.75 0.5625

DEF
0.75 0.125

FGH
0.25 0.25

GH
1 1

G
1 1

H
1 1

EF
0.5 0.5

DE
0.5 0.5

AB
0.75 0.75

B
1 1

A
1 1

C
1 1

D
1 1

E
1 1

F
1 1

BC
0.25 0.25

CD
0.25 0.25

F

Figure 3: Example of the data structure returned by the algorithm. All the four most
probable trees of the collection presented in Figure 2 are represented in this structure. The
weight of these trees is 0.0703125. The clusters BC and CD are found in the collection,
but no most probable tree T has any of these clusters in F [T ].
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2.3.2 The algorithm running time

Every fully resolved phylogenetic tree has 2l − 3 edges, where l is the number of leaves. If
the collection T has t fully resolved phylogenetic trees, then there are 2lt−3t small clusters
to be inserted into the array Small. We implemented the algorithm using an array of bits
to represent the clusters. Therefore, the comparison between two clusters takes O(l) time.
To create the Small array, we need to find the position of 2lt− 3t clusters in the array by
binary search, which takes O(l2t lg s − 3lt lg s), where s = |Small|. In addition, s clusters
must be inserted in the array, each one at the cost of O(s). Summing up, the total time
spent in the preparation of the array Small is

O(l2t lg s + s2).

However, since the number of distinct clusters in a collection is 2l − 3, when all trees are
equal, and l + lt − 3t when all the trees are totally different, the time spent with the
preparation of Small is

O(l2t lg lt + l2t2).

To find the cluster solutions, s2 pairs of clusters are analyzed and, in the worst case,
the analysis of a cluster requires a binary search in Small, which can be made in O(l lg s).
Therefore, the total time used to find the solutions for all clusters is

O(s2l lg s),

which is an upper bound for the running time of the algorithm and may be written as

O(l3t2 lg lt).

2.4 Testing the most probable tree

The tests with the most probable tree, like all reconstruction method tests, have a big
problem: How can we measure the method’s efficiency if the true tree is unknown? Usually,
artificially created data are used in these cases. These sets are created by the application
of an evolutionary model over an artificial, but well known, phylogenetic tree.

2.4.1 Datasets

We tested the efficiency of the most probable tree as a reconstruction method using four
artificial sequence sets taken from the repository maintained by Gascuel [4]. We chose four
artificial datasets simulating different hypotheses of the evolutionary mechanism:

K2P This sequence set was created using the Kimura 2-parameter evolutionary model
together with a gamma distribution of transition/transversion rates across sites. The
tree topology used was a phylogenetic tree with edge lengths that are not necessarily
consistent with the molecular clock hypothesis.
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K2Pm The conditions under which these sequences were created are similar to the first
sequence set. The only difference is that the edge lengths are consistent with the
molecular clock hypothesis.

COV The evolutionary model used for the creation of artificially evolved sequences in this
set was the covarion model [7, Section 8.8.3]. Like the K2P dataset, the tree topology
used does not take the molecular clock hypothesis into account.

COVm For the creation of this dataset, the covarion model was used over a topology that
agrees with the molecular clock hypothesis.

A fifth dataset was created with sequences of small ribosomal subunit’s RNA taken from
the Ribosomal Database Project [1]. This dataset is called REAL and the reference tree
used in this case was the tree also published at the Ribosomal Database Project.

2.4.2 Procedure

The datasets were used as input to the 19 phylogenetic tree constructors described in the
Table 1. A phylogenetic constructor is a combination of a software, a tree reconstruction
method and, when necessary, the evolutionary model used to estimate distances between
sequences. All softwares were used with the default parameters.

As we can see in Table 2, most of the constructors produced one tree for each dataset.
However, some of the methods produced hundreds, or even thousands, of different trees. In
these cases, only the first output trees were considered for further analysis.

At this point, we had a reference tree and a set of reconstructed trees for each of the
datasets. We were able to calculate a most probable tree for each of the datasets. Only the
reconstructed trees were used in the construction of the most probable tree. The reference
tree was only used to determine how far the rebuilt trees were from their target. To calculate
distances between every pair of trees in all datasets, we used the split distance [13, Chapter
14].

3 Results

With the distances in hand, we performed two different analysis:

– Comparison of the average distances between reconstructed trees and the consensus
tree.

– Identification of the trees that were closer to the reference tree.

The summary of each analysis is found in the next two sections.
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Code Software Methods

FMEJ fastMe Minimum evolution JC

FMEK fastMe Minimum evolution K2P

MMEJ Mega Minimum evolution JC

MMEK Mega Minimum evolution K2P

MMET Mega Minimum evolution TN

MMP Mega Maximum parsimony
MNJJ Mega Neighbor joining JC

MNJK Mega Neighbor joining K2P

MNJT Mega Neighbor joining TN

PCO dnacomp DNA compatibility
PML dnaml Maximum likelihood
PMP dnapars Maximum parsimony
PNJJ neighbor Neighbor joining JC

PNJK neighbor Neighbor joining K2P

PUPJ neighbor UPGMA JC

PUPK neighbor UPGMA K2P

WNWJ weighbor Weighted neighbor joining JC

WNWK weighbor Weighted neighbor joining K2P

Table 1: Phylogenetic tree constructors used in the tests. The column Code presents the
codes given for each constructor. The column Software indicates the software used by the
constructor. Finally, the column Methods gives the phylogenetic reconstruction method
used to reconstruct the tree and the evolutionary models used to estimate distances, when
necessary. The evolutionary models are represented by the abbreviations: JC for the Jukes
and Cantor’s one-parameter model; K2P, for Kimura’s two-parameter model; and TN, for
the Tamura-Nei model [12]. Descriptions of the JC and K2P models are easily found in the
literature [5, 11].
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Code K2P K2Pm COV COVm REAL

FMEJ 1 1 1 1 1
FMEK 1 1 1 1 1
MMEJ 1 1 1 1 1
MMEK 1 1 1 1 1
MMET 1 1 1 1 1
MMP 27 29,625 403 4,479 8
MNJJ 1 1 1 1 1
MNJK 1 1 1 1 1
MNJT 1 1 1 1 1
PCO 100 100 100 100 100
PML 1 1 1 1 0
PMP 91 945 151 945 1
PNJJ 1 1 1 1 1
PNJK 1 1 1 1 1
PUPJ 1 1 1 1 1
PUPK 1 1 1 1 1
WNWJ 1 1 1 1 1
WNWK 1 1 1 1 1

TOTAL 223 30,685 669 5,539 123

Table 2: Number of trees produced by each constructor for each dataset. The number zero
indicates that the constructor was not able to give an output after 24 hours.
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Code K2P K2Pm COV COVm REAL

CONS 43.44 77.78 52.67 69.11 60.71
FMEJ 52.78 89.56 64.33 80.11 68.59
FMEK 49.33 90.00 66.33 82.00 72.47
MMEJ 53.89 90.67 59.00 79.89 70.00
MMEK 57.56 90.00 66.11 78.33 70.47
MMET 57.11 92.67 60.11 78.11 74.59
MMP 61.33 115.89 86.00 101.33 90.59
MNJJ 52.33 90.44 59.00 76.33 71.29
MNJK 47.33 89.89 66.56 76.11 69.76
MNJT 52.00 93.11 57.56 77.11 71.41
PCO 147.78 124.78 173.89 117.11 125.29
PML 60.33 112.56 87.22 97.56 —
PMP 60.78 105.11 83.33 98.78 83.76
PNJJ 47.33 82.89 59.33 75.22 75.18
PNJK 47.33 82.33 58.89 78.67 76.82
PUPJ 103.44 129.44 119.56 116.22 76.59
PUPK 105.33 128.56 119.56 116.22 76.71
WNWJ 50.33 88.45 61.33 82.33 74.24
WNWK 51.56 86.78 59.00 83.44 75.53

TOTAL 43.44 77.78 52.67 69.11 60.71

Table 3: Average split distance between the trees in the collection composed by the recon-
structed trees and the most probable tree. CONS gives the minimum values consistently
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3.1 Average Distances

To perform the analysis based on average distances, we used only distances between the
reconstructed trees and distances between consensus and the reconstructed trees. The values
of the average distances are shown in Table 3.

We can see that the minimum average distance always belongs to the consensus tree.
This is an indication that the definition of the most probable tree really reached its objective,
which was to create trees that have the most common splits and, therefore, are centralized
with respect to the collection of trees used to build them.

3.2 Distances to the reference tree

We calculated the split distance between each phylogenetic tree, including the consensus
tree, and the reference tree. The distances are shown in Table 4. As we can see, for the vast
majority of the datasets, the consensus tree is closer than more than 60% of the trees in the
collection used to build it. The only case where the consensus tree had a bad performance
was for the dataset K2Pm. Even so, for the dataset containing real sequences, the most
probable tree is the tree that is closer to the reference.

4 Discussion

We presented a consensus method called most probable tree, that is able to produce fully re-
solved consensi for a collection of fully resolved phylogenetic trees. This consensus method is
based on an optimization criterium. In spite of this, we presented a fast (polynomial) algo-
rithm able to find all most probable trees for a given collection of fully resolved phylogenetic
trees.

This consensus method was created with the aim of approximating the trees in a collec-
tion to the true tree. This characteristic of the most probable tree was tested by two simple
testes repeated over five very different datasets. The behavior of the consensus tree was the
same in all the datasets: the consensus tree was centralize in relation to the collection used
to build it and it was, in most of the cases, one of the trees closer to the reference.

The use of default parameters when constructing the trees used in the tests may look
like a weak point of the tests, since better chosen parameters for the reconstruction methods
could have given rise to better trees. Actually, the lack of quality of the rebuilt trees is in fact
the strongest point of the tests. Since the position of the tree in the space of phylogenetic
trees depends on the position of the trees in the collection used to create it, better trees can
only improve the quality of the consensus. What the results show is that the most probable
tree is centralized an closer to the reference, regardless of the quality of the trees used to
built it.

Of course, five datasets may not be enough to prove that consensus are the best phyloge-
netic reconstructors. We must keep in mind that consensus methods are not reconstruction
methods at all, since they are not able to rebuild a tree from rough data. But phylogenetic
consensus methods can be used to improve the quality of a collection of trees built over the
same set of species.
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Code K2P K2Pm COV COVm REAL

CONS 48 118 88 108 88
FMEJ 58 116 86 110 88
FMEK 56 116 88 108 90
MMEJ 46 116 90 114 110
MMEK 58 116 94 114 110
MMET 54 114 92 114 106
MMP 44 114 88 88 106
MNJJ 52 122 90 114 106
MNJK 56 122 100 116 104
MNJT 52 120 92 114 106
PCO 148 124 174 128 130
PML 38 106 68 98 —
PMP 42 112 86 100 94
PNJJ 54 118 92 116 94
PNJK 56 116 96 118 90
PUPJ 112 136 124 118 98
PUPK 114 136 124 118 96
WNWJ 50 116 92 100 96
WNWK 42 114 84 102 92

> (%) 72.22 33.33 66.67 66.67 94.12
= (%) 0.00 5.56 11.11 5.55 5.88
< (%) 27.78 61.11 22.22 27.78 0.00

Table 4: Distances to the reference tree. The three last rows indicate the percentage of
distances that are bigger than the distance from consensus to the reference tree (>), the
percentage of distances which are equal (=) ant the percentage of distances which are smaller
(<) than the distance from the consensus to the reference tree.
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