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Abstract: The standard approach for constructing a phylogenetic tree from a set of sequences consists
of two key stages. First, a multiple sequence alignment (MSA) of the sequences is computed. The
aligned data are then used to reconstruct the phylogenetic tree. The accuracy of the resulting tree
heavily relies on the quality of the MSA. The quality of the popularly used progressive sequence
alignment depends on a guide tree, which determines the order of aligning sequences. Most MSA
methods use pairwise comparisons to generate a distance matrix and reconstruct the guide tree.
However, when dealing with highly diverged sequences, constructing a good guide tree is challenging.
In this work, we propose an alternative approach using three-way dynamic programming alignment
to generate the distance matrix and the guide tree. This three-way alignment incorporates information
from additional sequences to compute evolutionary distances more accurately. Using simulated
datasets on two symmetric and asymmetric trees, we compared MAFFT with its default guide tree
with MAFFT with a guide tree produced using the three-way alignment. We found that (1) the three-
way alignment can reconstruct better guide trees than those from the most accurate options of MAFFT,
and (2) the better guide tree, on average, leads to more accurate phylogenetic reconstruction. However,
the improvement over the L-INS-i option of MAFFT is small, attesting to the excellence of the
alignment quality of MAFFT. Surprisingly, the two criteria for choosing the best MSA (phylogenetic
accuracy and sum-of-pair score) conflict with each other.

Keywords: sequence alignment; dynamic programming; three-way alignment; Carrillo–Lipman
algorithm

1. Introduction

Inferring evolutionary relationships among various species from molecular data,
such as protein, DNA, and RNA sequences, is a basic problem in evolutionary biology.
Multiple sequence alignment (MSA) is a primary step in phylogenetic reconstruction, and
the accuracy of MSA directly affects the accuracy of reconstructing a phylogeny, especially
a deep phylogeny [1–4].

The most common method for aligning two sequences (pairwise sequence alignment,
or PSA) is the Needleman–Wunsch algorithm [5], which is a dynamic programming (DP)
approach that finds the optimal alignment based on a given scoring scheme [6–8]. Using
DP in PSA is feasible in quadratic time and memory, which can even be reduced to linear
memory requirement [9]. The idea of using DP for sequence alignment can be easily
extended to MSA. However, multi-dimensional DP is practically infeasible even for a small
number of sequences, due to time and space complexity [10].

As an alternative, a progressive alignment approach was proposed for MSA [11] and
implemented in many alignment tools, such as MAFFT [12], MUSCLE [13], T-COFFEE [14],
and CLUSTAL-W [15]. Progressive alignment fundamentally simplifies the task of MSA
by breaking it down into a series of pairwise and profile alignments. Progressive align-
ment involves constructing a guide tree to determine the order of aligning sequences and

Algorithms 2024, 17, 205. https://doi.org/10.3390/a17050205 https://www.mdpi.com/journal/algorithms

https://doi.org/10.3390/a17050205
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/algorithms
https://www.mdpi.com
https://orcid.org/0000-0001-6074-8764
https://orcid.org/0000-0002-3092-7566
https://doi.org/10.3390/a17050205
https://www.mdpi.com/journal/algorithms
https://www.mdpi.com/article/10.3390/a17050205?type=check_update&version=1


Algorithms 2024, 17, 205 2 of 17

performing pairwise and profile alignment from the leaves of the guide tree to the root.
The guide tree is usually constructed by using distance-based methods like UPGMA and
neighbor joining (NJ) from a distance matrix obtained mainly from (1) k-tuple similarity or
(2) PSA.

Current MSA methods and tools perform well on aligning closely related sequences [16].
However, the performance of these methods decreases with sequence divergence [17–19].
Virtually everyone interested in deep phylogeny is looking for ways to improve MSA. Some
have incorporated secondary structure to guide the sequence alignment [20–23], while
others explored post-alignment refinement [1,17]. The improvement of MSA with these
approaches remains limited.

A guide tree is a crucial component in progressive alignment, and its accuracy affects
the accuracy of output alignment [24]. A few studies have shown that an inaccurate guide
tree could be a major source of error in progressive sequence alignment [25,26]. Therefore,
different strategies for improving guide trees have been proposed [24]. Two criteria have
been used to evaluate the effect of guide trees on the accuracy of MSA generated by
MAFFT and ClustalW, including (1) the sum-of-pair score (SPS), excluding shared gaps
in pairwise comparisons, and (2) the accuracy of phylogenetic reconstruction [27,28]. The
result indicates that the final SPS is affected little by the initial guide tree, but better guide
trees significantly improve the accuracy of the reconstructed phylogenies.

However, constructing an accurate guide tree is difficult for highly diverged se-
quences. Aligning three sequences using dynamic programming is expected to improve
the alignment and, in particular, the estimated distances used to build the initial guide
tree [14,15,29,30].

Three-dimensional dynamic programming (3D_DP), as formulated by Gotoh [31], rep-
resents an extension of the Needleman–Wunsch algorithm originally proposed for pairwise
sequence alignment. Gotoh contributed to developing 3D-DP for an affine gap penalty. His
approach to 3D-DP increases the time and space requirements to cubic complexity, which
is not feasible for long sequences. The Carrillo–Lipman [32] algorithm was proposed to
narrow down the search space within N-dimensional dynamic programming. The idea of
this method is to combine the initial MSA with information from each pairwise alignment to
define lower bounds for the two-dimensional projection of the optimal path. Consequently,
this strategy enables us to focus solely on the cells within the N-dimensional lattice that
satisfy these bounds.

In this study, we aim to improve the accuracy of the guide tree, especially for highly
diverged sequences, by using three-way alignment to measure the distance between se-
quences. The three-way alignment is expected to improve the three constituents’ pairwise
alignments and distance estimations, leading to more accurate distance estimates and the
resulting guide trees. We assess the performance of MAFFT [12] with two types of guide
trees, one generated internally by MAFFT and the other based on three-way alignment.

2. Materials and Methods
2.1. Carrillo–Lipman Algorithm for Three Sequences

In this section, we restate the Carrillo–Lipman equations for three sequences [32].
Suppose we have three sequences, s1, s2, and s3. The optimal alignment for these three
sequences has the highest score based on the SPS criterion. Therefore, any other alignment
has a lower score, leading to the following inequality:

S(γ∗)− S(γe) ≥ 0, (1)

where γ∗ and γe are the optimal and arbitrary alignments, respectively. The SPS of a 3-way
alignment is as follows:

S(γ∗) = S(γ12) + S(γ13) + S(γ23), (2)

S(γ12) + S(γ13) + S(γ23)− S(γe) ≥ 0, (3)
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where the γ12 is the pairwise alignment of s1 and s2, γ13 is the pairwise alignment of s1 and
s3, and γ23 is the pairwise alignment of s2 and s3. In other words, any of these pairwise
alignments can be considered the projection of γ∗ on the three surfaces of 3D-DP.

Based on Equation (3), we can write the following three inequalities for each projection
of γ∗:

S(γ12) ≥ S(γe)− (S(γ13) + S(γ23))
S(γ13) ≥ S(γe)− (S(γ12) + S(γ23))
S(γ23) ≥ S(γe)− (S(γ12) + S(γ13))

(4)

For each pair of sequences, we can find the optimal alignment which has the highest
SPS, so we can write the following:

S
(
γ∗

12
)
≥ S(γ12)

S
(
γ∗

13
)
≥ S(γ13)

S(γ∗
23) ≥ S(γ23)

(5)

where γ∗
12, γ∗

13, and γ∗
23 are the optimal pairwise alignments. Using these three inequalities,

we can rewrite the Equation (4) as the following inequalities:

S(γ12) ≥ S(γe)−
(
S
(
γ∗

13
)
+ S(γ∗

23)
)

S(γ13) ≥ S(γe)−
(
S
(
γ∗

12
)
+ S(γ∗

23)
)

S(γ23) ≥ S(γe)−
(
S
(
γ∗

12
)
+ S

(
γ∗

13
)) (6)

The Carrillo–Lipman algorithm defines the following three boundaries based on the
above inequalities:

L12 = S(γe)−
(
S
(
γ∗

13
)
+ S(γ∗

23)
)

L13 = S(γe)−
(
S
(
γ∗

12
)
+ S(γ∗

23)
)

L23 = S(γe)−
(
S
(
γ∗

12
)
+ S

(
γ∗

13
)) (7)

L12 is the lower bound for the score of the pairwise alignment of S1 and S2, L13 is the
lower bound for the score of the pairwise alignment of S1 and S3, and L23 is the lower
bound for the score of the pairwise alignment of S2 and S3. In other words, L12, L13, and
L23 are the lower bounds for the measure of the projection of any 3-dimensional optimal
path into the planes determined by each pair of sequences. Then, when looking for γ∗,
we need only consider those paths in the cubic that their pairwise alignment satisfies the
related inequality.

Similar to the Carrillo–Lipman algorithm, we call the set of paths for which their
projection on the planes (S1, S2), (S1, S3), and (S2, S3) satisfies the inequality (6), X12, X13,
and X23 respectively. Thus, the paths in the set, as follows:

X = X12 ∩ X13 ∩ X23, (8)

are the only possible candidates to be an optimal path. To consider only the paths in X
means having to apply the dynamic programming procedure to find γ∗ only in subregion
Y of the cubic. Let Y12, Y13, and Y23 be the set of points for which their projection on each
plain satisfies the related bound. Therefore, the set is as follows:

Y = Y12 ∩ Y13∩Y23, (9)

This theory proves that it is unnecessary to apply the dynamic programming method
to the entire cubic, and it suffices to consider just subregion Y. For each pair of sequences,
we use 2D dynamic programing to find the PSA score to calculate γ∗

12, γ∗
13, and γ∗

23, as
required for calculating the lower bounds, applying the Carrillo–Lipman algorithm on all
possible triplets. It is noteworthy that the performance of this method heavily relies on the
initial alignment γe used for identifying lower bounds. To significantly reduce the search
area, this alignment should closely approximate the optimal path. The time and space saved
by this method is more for highly similar sequences than for highly diverged sequences.
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2.2. Three-Way Alignment Algorithm

Let A, B, and C represent three sequences, and their lengths are denoted by n, m, and l,
respectively. For three residues of Ai, Bj, and Ck at position (i, j, k), there are seven possible
alignment configurations. M(i, j, k) represents the best score when three residues are
aligned. Ixy(i, j, k), Ixz(i, j, k), and Iyz(i, j, k) are the scores of introducing one gap in Ck,
Bj, and Ai respectively. Similarly, Ix(i, j, k), Iy(i, j, k), and Iz(i, j, k) represent the scores for
aligning a residue in Ai, Bj, and Ck while introducing gaps in the other two sequences.

The 3-way alignment algorithm was formulated by Gotoh [31] for the affine gap
penalty. By convention, the criterion for choosing the best alignment among all possible
ones is equivalent to maximum parsimony, i.e., the alignment with the smallest alignment
cost incurred by indels and mismatches is the best alignment. Expressed alternatively, the
best alignment is the one with the highest alignment score as a function of matches and
mismatches, as well as gap open and gap extension penalties. With three sequences, an
aligned site with two residues in the first two sequences and a gap in the third sequence is
interpreted as having a single change (a deletion in the third sequence), with uD represent-
ing the deletion cost. Similarly, an aligned site with a single residue in sequence 1 and a
gap in the two other sequences is also interpreted as a single change, i.e., a single insertion
in sequence 1, with uI representing this insertion cost. Gotoh [31] used uD = uI = u in
his alignment algorithm, with the implicit assumption that insertions and deletions occur
equally frequently. This was also adopted by Huang [33]. However, Kruspe and Stadler [29]
treated uD and uI differently. We defined Equations (10)–(16) in a similar way to those
in [29], with a slight modification to facilitate the implementation of the Carrillo–Lipman
algorithm, as follows:

M(i, j, k) =


max



M(i − 1, j − 1, k − 1)
Ixy(i − 1, j − 1, k − 1)
Ixz(i − 1, j − 1, k − 1)
Iyz(i − 1, j − 1, k − 1)
Ix(i − 1, j − 1, k − 1)
Iy(i − 1, j − 1, k − 1)
Iz(i − 1, j − 1, k − 1)


+ S

(
Ai, Bj, Ck

)
, (10)

Ixy(i, j, k) =


max



M(i − 1, j − 1, k)− 2GO
Ixz(i − 1, j − 1, k)− 2GO
Iyz(i − 1, j − 1, k)− 2GO
Iz(i − 1, j − 1, k)− 2GO
Ixy(i − 1, j − 1, k)− 2GE
Ix(i − 1, j − 1, k)− 2GE
Iy(i − 1, j − 1, k)− 2GE


+ S

(
Ai, Bj

)
, (11)

Ixz(i, j, k) =


max



M(i − 1, j, k − 1)− 2GO
Ixy(i − 1, j, k − 1)− 2GO
Iyz(i − 1, j, k − 1)− 2GO
Iy(i − 1, j, k − 1)− 2GO
Ixz(i − 1, j, k − 1)− 2GE
Ix(i − 1, j, k − 1)− 2GE
Iz(i − 1, j, k − 1)− 2GE


+ S(Ai, Ck), (12)

Iyz(i, j, k) =


max



M(i, j − 1, k − 1)− 2GO
Ixy(i, j − 1, k − 1)− 2GO
Ixz(i, j − 1, k − 1)− 2GO
Ix(i, j − 1, k − 1)− 2GO
Iyz(i, j − 1, k − 1)− 2GE
Iy(i, j − 1, k − 1)− 2GE
Iz(i, j − 1, k − 1)− 2GE


+ S

(
Bj, Ck

)
, (13)
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Ix(i, j, k) = max



M(i − 1, j, k)− 2GO
Iyz(i − 1, j, k)− 2GO.
Ixy(i − 1, j, k)− GO − GE
Ixz(i − 1, j, k)− GO − GE
Iy(i − 1, j, k)− GO − GE
Iz(i − 1, j, k)− GO − GE
Ix(i − 1, j, k)− 2GE

, (14)

Iy(i, j, k) = max



M(i, j − 1, k)− 2GO
Ixz(i, j − 1, k)− 2GO
Ixy(i, j − 1, k)− GO − GE
Iyz(i, j − 1, k)− GO − GE
Ix(i, j − 1, k)− GO − GE
Iz(i, j − 1, k)− GO − GE
Iy(i, j − 1, k)− 2GE

, (15)

Iz(i, j, k) = max



M(i, j, k − 1)− 2GO
Ixy(i, j, k − 1)− 2GO
Ixz(i, j, k − 1)− GO − GE
Iyz(i, j, k − 1)− GO − GE
Ix(i, j, k − 1)− GO − GE
Iy(i, j, k − 1)− GO − GE
Iz(i, j, k − 1)− 2GE

, (16)

In the formulae above, GO and GE are gap open and gap extension penalties, and
S(α, β) denotes the score of aligning two residues, which is determined using a scoring
matrix such as PAM or BLOSUM. The score of aligning three residues is the sum-of-pair
score (SPS), i.e., S

(
Ai, Bj, Ck

)
= S

(
Ai, Bj

)
+ S(Ai, Ck) + S

(
Bj, Ck

)
.

The specification in Equations (10)–(16) carry some benefits in the context of the
Carrillo–Lipman method described previously. Because we are searching for an optimal
three-way alignment satisfying Gotoh’s equations, we need to estimate the γe, which is an
arbitrary alignment of three sequences A, B, and C. In our implementation, we estimated
γe using progressive alignment and used it in the Carrillo–Lipman equations. Therefore,
we used 2GO for (Ixy, Ixy, Ixz) to be consistent with the calculation of SPS. An aligned site
with two residues in two sequences and a gap in the third sequence is counted as two
indel events in SPS (i.e., an indel between sequence 1 and sequence 3 and an indel between
sequence 2 and sequence 3). Similarly, an aligned site with a residue in sequence 1 and
a gap in sequence 2 and sequence 3 is also counted as two indel events is SPS. By using
2GO in (Ixy, Ixy, Ixz), we can estimate γe based on the progressive alignment and use it in
Carrillo–Lipman equations. Equations (10)–(16) do not conflict with Gotoh’s equations.

Similar to the PSA with the affine gap penalty function, we need to establish seven
traceback matrices to reconstruct the optimal alignment once the scoring matrices are
completed. The values within these matrices are determined during the forward procedure
and are used in the subsequent traceback procedure.

2.3. Simulated Dataset

We generated our amino acid sequence datasets based on symmetric and asymmetric
trees with 16 taxa (Figure 1) and 8 taxa (Figure 2). For the 16-taxa tree, two different sets
of branch lengths were used to generate sequences with different levels of divergency,
and 50 datasets have been generated for each tree. We used the Alisim tool, provided by
IQ-TREE [34], to produce aligned sequences with an average length of 500 for each tree. The
Jones–Taylor–Thornton (JTT) substitution model [35] was used for all datasets. There are
two types of amino acid substitution models. The first type is based on counting empirical
substitutions from a large number of aligned protein sequences, with the hope that the
resulting substitution model will be one-hat-fits-all. The second type is derived from the
maximum likelihood method based on a specific set of protein sequences (e.g., vertebrate
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mitochondrial proteins). They all specify the transition probabilities between amino acids
given a branch length in a tree.

Algorithms 2024, 17, x FOR PEER REVIEW 6 of 18 
 

2.3. Simulated Dataset 

We generated our amino acid sequence datasets based on symmetric and asymmetric 

trees with 16 taxa (Figure 1) and 8 taxa (Figure 2). For the 16-taxa tree, two different sets 

of branch lengths were used to generate sequences with different levels of divergency, 

and 50 datasets have been generated for each tree. We used the Alisim tool, provided by 

IQ-TREE [34], to produce aligned sequences with an average length of 500 for each tree. 

The Jones–Taylor–Thornton (JTT) substitution model [35] was used for all datasets. There 

are two types of amino acid substitution models. The first type is based on counting em-

pirical substitutions from a large number of aligned protein sequences, with the hope that 

the resulting substitution model will be one-hat-fits-all. The second type is derived from 

the maximum likelihood method based on a specific set of protein sequences (e.g., verte-

brate mitochondrial proteins). They all specify the transition probabilities between amino 

acids given a branch length in a tree. 

 

Figure 1. The 16-taxa trees used for simulating sequences. The branch lengths from the leaf to each 

internal node are indicated by the scale above the tree. Trees referred to as symmetric and asym-

metric trees use the top numbers of the scale. Trees referred to as half-symmetric and half-asymmet-

ric trees use the bottom numbers of the scale. 

 

Figure 2. Eight-taxa trees used for simulating sequences of high divergence. The scale indicates the 

branch lengths from the leaf to the internal nodes. 

An insertion/deletion rate of 0.05 was used for both the 16-taxa and 8-taxa trees. The 

power law distribution (POW) was used as the insertion/deletion size, with a = 2 and 

Figure 1. The 16-taxa trees used for simulating sequences. The branch lengths from the leaf to each
internal node are indicated by the scale above the tree. Trees referred to as symmetric and asymmetric
trees use the top numbers of the scale. Trees referred to as half-symmetric and half-asymmetric trees
use the bottom numbers of the scale.

Algorithms 2024, 17, x FOR PEER REVIEW 6 of 18 
 

2.3. Simulated Dataset 

We generated our amino acid sequence datasets based on symmetric and asymmetric 

trees with 16 taxa (Figure 1) and 8 taxa (Figure 2). For the 16-taxa tree, two different sets 

of branch lengths were used to generate sequences with different levels of divergency, 

and 50 datasets have been generated for each tree. We used the Alisim tool, provided by 

IQ-TREE [34], to produce aligned sequences with an average length of 500 for each tree. 

The Jones–Taylor–Thornton (JTT) substitution model [35] was used for all datasets. There 

are two types of amino acid substitution models. The first type is based on counting em-

pirical substitutions from a large number of aligned protein sequences, with the hope that 

the resulting substitution model will be one-hat-fits-all. The second type is derived from 

the maximum likelihood method based on a specific set of protein sequences (e.g., verte-

brate mitochondrial proteins). They all specify the transition probabilities between amino 

acids given a branch length in a tree. 

 

Figure 1. The 16-taxa trees used for simulating sequences. The branch lengths from the leaf to each 

internal node are indicated by the scale above the tree. Trees referred to as symmetric and asym-

metric trees use the top numbers of the scale. Trees referred to as half-symmetric and half-asymmet-

ric trees use the bottom numbers of the scale. 

 

Figure 2. Eight-taxa trees used for simulating sequences of high divergence. The scale indicates the 

branch lengths from the leaf to the internal nodes. 

An insertion/deletion rate of 0.05 was used for both the 16-taxa and 8-taxa trees. The 

power law distribution (POW) was used as the insertion/deletion size, with a = 2 and 

Figure 2. Eight-taxa trees used for simulating sequences of high divergence. The scale indicates the
branch lengths from the leaf to the internal nodes.

An insertion/deletion rate of 0.05 was used for both the 16-taxa and 8-taxa trees.
The power law distribution (POW) was used as the insertion/deletion size, with a = 2
and power = 100. Therefore, we have the following four datasets based on 16-taxa trees:
(1) a symmetric tree and (2) a half-symmetric tree, with branch lengths specified on the
left panel of Figure 1, and and (3) an asymmetric tree and (4) a half-asymmetric tree, with
branch lengths specified in the right panel of Figure 1. We have the following two datasets
based on 8-taxa trees: (1) a symmetric tree and (2) an asymmetric tree with branch lengths
specified in Figure 2. The simulated data and C source code implementing the 3-way
alignment are included in the Supplementary Materials.

2.4. Measuring Distance Matrix and Constructing Guide Tree

For each dataset, we aligned all possible triplets (56 and 560 triplets for 8-taxa and
16-taxa topologies, respectively) using the Carrillo–Lipman algorithm with the BLOSUM62
matrix, a gap-open penalty of 10, and a gap-extension penalty of 2. Each pair of sequences
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exists in (n − 2) triplets. Therefore, to measure the distance between two sequences, we
calculated the average over their distances in all those (n − 2) triplets. The final distance
matrix contains the average distance of each sequence pair. We used the JTT model to
measure evolutionary distances between each pair of sequences in the aligned triplets. The
resulting distance matrices were then used as inputs to the NJ algorithm in the PHYLIP
package to construct guide trees that would later be used in progressive multiple alignment.

2.5. Seqeuence Alignment with MAFFT

We compared the performance of MAFFT with the MAFFT-generated guide trees
against the 3-way alignment guide trees. In this study, we assess the performance of three
different algorithms of MAFFT, including FFT-NS-1, FFT-NS-2, and L-INS-i (which is the
most accurate option in MAFFT). We used MAFFT default, except for specifying FFT-NS-1,
FFT-NS-2, or L-INS-i. The FFT-NS-1 option measures distances based on the sharing of
k-tuples between sequences (where k is typically 6). A guide tree is then reconstructed
using UPGMA to guide the subsequent multiple alignment. FFT-NS-2 reconstructs a new
guide tree using the alignment generated by FFT-NS-1 and realigns sequences based on
the new tree. We expect FFT-NS-2 to generate a more accurate alignment compared to
the FFT-NS-1 because of the recomputing of the guide tree. L-INS-i uses local alignments
with the Smith–Waterman algorithm to generate a distance matrix instead of the k-tuple
method. Moreover, it uses a new objective function combining the weighted sum-of-pair
score (WSP) and COFFEE-like score, which measure the consistency between MSA and
PSA [12].

2.6. Comparing the Accuracy of Phylogenetic Trees

MSAs generated in the previous step were used to construct phylogenetic trees using
PhyML [36], with the option of simultaneously optimizing tree topology, branch length, and
rates. These PhyML trees were then compared with the true tree for both the 16-taxa and
8-taxa trees, shown in Figures 1 and 2, through calculation of Robinson–Foulds distances
(RFds) [37]. The RFd between the true tree and the reconstructed tree is taken as a proxy
for phylogenetic accuracy, where RFd = 0 means that the two trees share the same topology,
and larger RFd values are associated with inaccuracies. RFd values between trees were
computed using the APE package [38] in R. Note that RFd only measures the topological
difference between trees but not the differences in branch lengths. Thus, a reconstructed
tree would be considered identical to the true tree when RFd = 0, even if the two trees differ
in branch lengths.

3. Results
3.1. Three-Way Alignment Tends to Generate Guide Trees Closer to the True Tree than
Other Approaches

We first evaluated the two guide trees, one generated from the MAFFT L-INS-i option
and the other using our three-way alignment (3-WAY in Table 1) by comparing them with
the true tree (i.e., the tree used for sequence simulation). With the symmetric tree, both
approaches recovered some true trees, but the three-way alignment approach recovered
slightly more true trees (Table 1). Similarly, the RFd is greater for L-NS-i than it is for
the three-way alignment approach. These results are consistent with our hypothesis that
the three-way alignment approach would produce better guide trees. However, these
differences are small and not statistically significant, given our sample size of 50 sets of
simulated sequences (two-tailed paired-sample t-test, t = 1.1881, DF = 49 and p = 0.2405,
Table 1). Given the effect size, a sample of 140 would be needed get a p value below 0.05.
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Table 1. Rresult of comparing guide trees generated uising 3-way alignment and L-INS-i methods
based on simulated amino acid sequences on 8-taxa symmetric and asymmetric trees.

Symmetric Tree Asymmetric Tree

Guide Tree Ntrue
(1) RFd (2) SERFd

(3) Ntrue
(1) RFd (2) SERFd

(3)

L-INS-i 27 0.92 0.1424 0 5.12 0.1993

3-WAY 31 0.76 0.1387 0 4.84 0.2067
(1) Ntrue: the number of correctly reconstructed trees (RFd = 0) using a method. (2) RFd: mean RFd from
50 simulated sets of sequences. (3) SERFd: standard error of RFd.

With the asymmetric tree, neither the L-NS-i approach nor the three-way alignment
results in a guide tree that is identical to the true tree (Table 1). However, the difference in
the RFd, similar to the results with symmetric trees, is in the expected direction, i.e., being
smaller for the three-way alignment than for the L-INS-i approach. However, the difference
between the two groups is not statistically significant given the sample size of 50 for each
group (t = 1.1586, DF = 49, p = 0.2522).

Table 2 presents the result of the comparisons of guide trees for 16-taxa trees. There
are four different 16-taxa trees, including half-symmetric, symmetric, half-asymmetric, and
asymmetric trees, which are represented as H-S tree, S tree, H-AS tree and AS tree, respec-
tively, in Table 2. We compared the guide trees from four different approaches, including
three-way alignment (3-WAY in Table 2) and the three MAFFT options (FFT-NS-1, FFT-NS-2,
and L-INS-i), based on the simulated sequences. The guide trees reconstructed from k-tuple
similarities (FFT-NS-1 and FFT-NS-2, with k = 6) are apparently much worse than those re-
constructed from pairwise alignment (L-INS-i) or three-way alignment (Table 2). However,
just as in Table 1, there is no significant difference between the last two approaches. The
L-INS-i approach actually performed slightly better than the three-way alignment approach
with the H-AS tree, recovering more true trees (41 versus 39) and having a smaller mean
RFd (0.36 versus 0.52) than the three-way alignment approach (Table 2), although the dif-
ference is not statistically significant. The only difference reaching borderline significance
involves the asymmetric tree (Table 2). The three-way alignment appears to produce a
better guide tree, with an RFd nearly significantly smaller than that of the L-INS-i option
(paired sample t-test, t = 1.8448, DF = 49, p = 0.0711).

Table 2. Quality of guide trees generated using three MAFFT options (FFT-NS-1, FFT-NS-2, L-INS-
i) and the 3-way alignment (3-WAY), based on simulated amino acid sequences the 16-taxa trees,
including half-symmetric (H-S tree), symmetric (S tree), half-asymmetric (H-AS tree), and asymmetric
(AS tree) trees. Other column labels are the same as in Table 1.

H-S Tree S Tree H-AS Tree AS Tree

Guide Tree Ntrue RFd SERFd Ntrue RFd SERFd Ntrue RFd SERFd Ntrue RFd SERFd

FFT-NS-1 35 1.08 0.2693 0 9.24 0.5107 15 2.52 0.3514 0 15.32 0.5817

FFT-NS-2 34 1.28 0.2956 0 7.24 0.4495 29 1.16 0.2497 0 13 0.4891

L-INS-i 50 0 0 39 0.6 0.1429 41 0.36 0.1098 0 6.48 0.2325

3-WAY 50 0 0 40 0.4 0.1143 39 0.52 0.1491 3 5.8 0.3886

3.2. Three-Way Alignment Leads to More Accurate Phylogenetic Results than Other Approaches

How will the difference in the guide tree affect the final phylogenetic reconstruction?
We obtained MSA from each of the three types of guide trees as follows: (1) the true tree
used for sequence simulation, (2) the guide tree reconstructed by the L-INS-i approach,
and (3) the guide tree from the three-way alignment (3-WAY in Table 3). These MSAs are
then used to reconstruct phylogenies by PhyML. We expect the MSAs obtained with the
true tree as the guide tree to recover true trees but are interested in whether the three-way
alignment approach will outperform the L-INS-i approach.
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Table 3. Phylogenetic accuracy from different guide trees. Sequences were simulated for the 8-taxa
symmetric and asymmetric trees. MSAs were generated (1) with the true tree (True Tree), (2) from the
L-INS-i option (L-INS-i), and (3) from the 3-way alignment (3-WAY). Phylogenetic reconstruction was
performed with PhyML. Other column headings are the same as in Table 2.

Symmetric Tree Asymmetric Tree

Guide Tree Ntrue RFd SERFd Ntrue RFd SERFd

True Tree 50 0 0 21 1.52 0.2180

L-INS-i 29 0.92 0.1637 0 6 0.2356

3-WAY 34 0.68 0.1469 0 5 0.2231

Using the true tree as the guide tree apparently increases the chance of the true tree
being recovered through the aligned sequences, which is true for both the 8-taxa symmetric
and asymmetric trees (Table 3). With the symmetric tree, the three-way alignment approach
outperformed the L-NS-i approach, recovering more true trees and having a smaller mean
RFd (Table 3). However, the difference is not statistically significant given the sample size
of 50 for each group (two-tailed paired-sample t-test, t = 1.4289, DF = 49, p = 0.1594).

With the asymmetric tree, none of the 50 MSAs from the L-INS-i approach recovered a
true tree, and neither did the three-way alignment approach (Table 3). However, the RFd
is smaller for the three-way alignment approach (mean RFd = 5) than that of the L-NS-i
approach (RFd = 6). The difference is statistically significant based on a paired-sample t-test
(t = 3.6293, DF = 49, p = 0.0007). This difference between the L-INS-i and the three-way
alignment approach is also consistent with the results in Table 1.

We also performed the same comparison of phylogenetic results from the 16-taxa
trees (Table 4). We compared the accuracy of the reconstructed phylogenetic trees from the
FFT-NS-1, FFT-NS-2, L-INS-i, and three-way alignment methods. The results are similar
to those in Table 2, i.e., the guide trees reconstructed from six-tuple similarities (FFT-NS-1
and FFT-NS-2) are worse than those reconstructed from pairwise alignment (L-INS-i) or
three-way alignment (Table 4). When the true tree was used as the guide tree, the resulting
MSA recovered the true tree, except in the case of the asymmetric tree (AS tree in Table 4).
Thus, the true tree is indeed the best guide tree, although there are controversies on this
seemingly self-evident statement, as we will discuss later.

Table 4. Result of comparing the reconstructed phylogenetic trees using PhyML and MSA generated
with FFT-NS-1, FFT-NS-2, L-INS-i, and MAFFT using three-way alignment guide trees and true tree
as input to MAFFT for 16-taxa trees, including half-symmetric, symmetric, half-asymmetric, and
asymmetric trees. Column headings are the same as in Table 2.

H-S Tree S Tree H-AS Tree AS Tree

Guide Tree Ntrue RFd SERFd Ntrue RFd SERFd Ntrue RFd SERFd Ntrue RFd SERFd

True tree 50 0 0 50 0 0 50 0 0 18 2.40 0.3182

FFT-NS-1 45 0.12 0.0679 11 3.28 0.3865 40 0.44 0.1314 0 11.16 0.4203

FFT-NS-2 47 0.20 0.0857 13 3.28 0.3908 43 0.32 0.1193 0 10.52 0.4345

L-INS-i 50 0 0 45 0.20 0.0857 44 0.28 0.1144 0 6.60 0.3758

3-Way 50 0 0 48 0.12 0.0887 46 0.16 0.0755 1 6.36 0.3114

For the half-symmetric tree (H-S tree) and half-asymmetric tree (H-AS tree), because
of reduced sequence divergence, the true tree was recovered from most of the datasets.
Even the FFT-NS-1 and the FFT-NS-2 approaches perform well, recovering 90% and 94% of
the true trees, respectively, in the H-S tree case and 80% and 81% in the H-AS case (Table 4).

For the symmetric tree (S tree in Table 4), the FFT-NS-1 and FFT-NS-2 approaches
recovered few true trees, but the L-INS-i and the three-way approaches recovered most
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of the true trees (Table 4). RFd is slightly smaller for the three-way alignment approach
than it is for the L-INS-i approach, but the difference is not significant (paired-sample
t-test, t = 0.7035, DF = 49, p = 0.2425). For the asymmetric tree (AS tree in Table 4), both
the L-INS-i and the three-way alignment approaches recovered few true trees. The RFd is
slightly smaller for the three-way alignment approach, but the difference is not significant
(paired-sample t-test, t = 0.4928, DF = 49, p = 0.6244).

3.3. Accuracy of the Guide Tree Affects the Accuracy of the Final Tree from MSA

We evaluated the hypothesis that the quality of guide trees directly influences the
phylogenetic accuracy by directly examining the association in RFd between the guide tree
and the final phylogenetic reconstruction from PhyML. For the 8-taxa tree, we combined
results from two simulations (symmetric and asymmetric trees) and the two types of
guide trees (the L-INS-i and three-way alignment approaches), so that there are 200 guide
trees and 200 PhyML trees from the resulting MSA. There is a strong association in RFd
between the guide tree and the PhyML-reconstructed final tree (Figure 3). When the guide
tree has an identical topology as the true tree (RFd = 0 between the two), the resulting
PhyML-reconstructed tree also tend to have the topology of the true tree; when the guide
tree deviates much from the true tree, so does the resulting PhyML-reconstructed tree
(Figure 3).
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Figure 3. Relationship between RFd of a guide tree and RFd of the corresponding PhyML tree from
the resulting MSA, based on the 8-taxa symmetric and asymmetric trees. A bubble plot was used
because many points overlap each other. The relationship is highly significant (n = 200, r = 0.83143,
p < 0.0001).

We have done the same for 16-taxa trees (Figure 4), including the fast but inaccu-
rate FFT-NS-1 and FFT-NS-2 options in MAFFT, in addition to the L-INS-i and three-way
alignment approaches. For each of these approaches, we combined the results from four sim-
ulations (the symmetric and asymmetric trees and the half-symmetric and half-asymmetric
trees). Thus, each sub-figure in Figure 4 includes 200 guide trees and 200 PhyML trees. It
is clear that the two fast and inaccurate options (that generate guide trees from six-tuple
similarities) produced poor guide trees (large RFd values), as well as the final PhyML
trees from the resulting MSA (Figure 4A,B) relative to the L-INS-i approach that generated
the guide tree from local pairwise alignment (Figure 4C) or to the three-way alignment
approach (Figure 4D). However, for all the four approaches, the guide tree quality strongly
affects the accuracy of the final PhyML tree (Figure 4). The relationship between the guide
tree RFd and PhyML tree RFd are all highly significant (p < 0.0001).
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Figure 4. Relationship between RFd of guide trees and RFd of phylogenetic trees generated by
PhyML, based on 16-taxa trees. (A) FFT-NS-1 approach in which the guide tree was generated from
6-tuple similarities. (B) FFT-NS-2 approach in which the guide tree is recomputed from the first
round of multiple sequence alignment. (C) L-INS-i approach in which the guide tree is from local
pairwise alignment. (D) Three-way alignment approach in which the guide tree was described in the
Section 2. A bubble plot was used because many points overlapped with each other.

3.4. Sum-of-Pair Score May Not Be a Good Criterion for Choosing the Best MSA

There are two criteria that can be used to evaluate the quality of an MSA. The first
is phylogenetic accuracy, i.e., the MSA that results in the most accurate phylogenetic
reconstruction is the best MSA. This criterion is conceptually fine but not computationally
practical. Also, one can generally evaluate phylogenetic accuracy only for simulated
sequences with a known true tree. The second criterion is the sum-of-pair score (SPS) or its
variations, such as weighted SPS [39–41]. This weighted SPS is used in the default option in
MUSCLE and the G-INS-i and L-INS-i options in MAFFT. The criterion is computationally
practical and expected to be generally consistent with the first criterion. Our results in the
previous section show that when an MSA is generated with the true tree as a guide tree,
this MSA tends to result in the most accurate phylogenetic reconstruction. It is, therefore,
interesting to know if an MSA generated with the true tree as a guide tree also leads to the
highest SPS.

We compared SPS from two types of MSAs, one generated using the true tree as the
guide tree (the “trueTree” approach) and the other generated using the accurate L-INS-
i option (the “L-INS-i” approach, which creates the guide tree based on local pairwise
alignment) in MAFFT. The input sequences are simulated with symmetric and asymmetric
trees as before, with an average sequence length of 500 amino acids. Each simulated data
set generated two MSAs, one from the trueTree approach and the other from the L-INS-i
approach. The two MSAs were also used for phylogenetic reconstruction using PhyML.
When the true tree was used as a guide tree, the final PhyML tree was closer to the true
tree (smaller RFd) than that of the L-INS-i approach (Figure 5A,C). This difference is highly
significant based on a paired-sample t-test (p < 0.0001 for data in Figure 5A,C). Thus, when
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phylogenetic accuracy is used as a criterion, the MSA resulting from using the true tree as a
guide tree is better than MSA from the L-INS-i approach.
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Figure 5. Conflict between two criteria (phylogenetic accuracy and sum-of-pair score) in choosing
the best MSA. Sequences with an average length of 500 are simulated with the 16-taxa symmetric and
asymmetric trees. Two MSAs were produced from each set of sequences, one with the true tree as the
guide tree (trueTree) and the other with the L-INS-i approach (L-INS-i), which generates a guide tree
from local pairwise alignment. Sum-of-pair score was calculated for each MSA. PhyML was used for
phylogenetic reconstruction for each MSA, and the Robinson–Foulds distance (RFd) was calculated
between the true tree and the PhyML tree. The trueTree approach produced PhyML trees closer to
the true tree than that of the L-INS-i approach for both the asymmetric tree (A) and symmetric tree
(C). However, the L-INS-i approach produced MSAs with higher sum-of-pair scores than that of the
trueTree approach, which is true for both the asymmetric tree (B) and symmetric tree (D).

Surprisingly, SPS is higher for the MSA from the L-INS-i than the MSA from using
the true tree as the guide tree (Figure 5B,C). This is consistent for both the asymmetric
tree and the symmetric tree. The difference is highly significant based on a paired-sample
t-test (p < 0.0001). This creates a conflict in choosing the best MSA. With the criterion of
phylogenetic accuracy as a criterion, the MSA from the trueTree approach is better; with
the SPS as the criterion, the MSA from the L-INS-i approach is better.

To further confirm the results in Figure 5, we simulated longer sequences with an
average length of 1500 amino acids according to those symmetric and asymmetric trees. The
same computation was repeated. For asymmetric trees (Figure 6A), the trueTree approach
(MSA obtained with the true tree as a guide tree) generated PhyML trees more similar than
those generated from the L-INS-i approach. This difference in RFd between the trueTree
and the L-INS-i approaches is highly significant (paired-sample t-test, p < 0.0001). The
longer sequence length allowed both the trueTree and the L-INS-i approaches to recover all
symmetric true trees (Figure 6C). Thus, the criterion of phylogenetic accuracy still favors
the trueTree approach over the L-INS-i approach. The relevant scatter plots for dataset
used in Figures 5 and 6 are provided in Supplementary Materials.
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Figure 6. Conflict between two criteria (phylogenetic accuracy and sum-of-pair score) in choosing the
best MSA. Sequences with an average length of 1500 are simulated with the 16-taxa symmetric and
asymmetric trees. Computations are the same as in Figure 5. The trueTree approach produced PhyML
trees closer to the true tree than those of the L-INS-i approach for both the asymmetric trees (A), and
both algorithms produced PhyML trees identical to true tree for the symmetric tree (C). However, the
L-INS-i approach produced MSAs with higher sum-of-pair scores than those of the trueTree approach,
which is true for both the asymmetric tree (B) and symmetric tree (D).

In contrast, SPS is higher for MSA from the L-INS-i approach than that of the trueTree
approach (Figure 6B,C), which is consistent with the results in Figure 5. Thus, the SPS
criterion tends to favor MSAs that do not generate the best tree. The conflict between the
two criteria appears real.

3.5. Performance of the Three-Way Alignment on Benchmark Datasets

We performed a quick evaluation of the performance of the three-way alignment
approach by using the BAliBASE [42] benchmark datasets of protein sequences. We
selected 60 highly diverged reference alignments, including (1) the first 20 sets in in RV11
(BB110001-BB11020), (2) 20 randomly chosen sets in RV30, and (3) 20 arbitrarily chosen sets
from RV12 (BB12002-BB12006, BB12009, BB12010, BB12012-BB12024). These MSAs were
corroborated with other information, such as protein structure, and may be considered the
best approximation of the true alignment. From each of these 60 sets of protein sequences,
we generated two additional alignments, one from MAFFT with the accurate L-INS-i option
and the other from the three-way alignment approach. These three MSAs are referred to
as BAliBase, L-INS-i, and three-way. From each alignment, a PhyML tree is built with the
default LG model and the simultaneous optimization of tree topology, branch lengths, and
rates. The three resulting trees were also designated BAliBase, L-INS-i, and three-way,
respectively. The BAliBase tree was taken as the best approximation of the true tree. The
RFd value was calculated between the BAliBase tree and the L-INS-i tree and between
the BAliBase tree and the thee-way tree. The results are similar to those with simulated
sequences. The mean RFd is 3.03333 between the BAliBase and L-INS-i trees and 2.66667
between the BAliBase and three-way trees. The two are marginally significant based on a
one-tailed paired-sample test (t = 1.6638, DF = 59, one-tailed p = 0.0507).

4. Discussion

There are disagreements involving guide trees in progressive multiple sequence align-
ment. First, what is the best guide tree for progressive multiple sequence alignment?
Second, how can we obtain the best guide tree? There are also disagreements on what
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criterion should be used in choosing the optimal MSA. If phylogenetic reconstruction is the
ultimate goal, then phylogenetic accuracy obviously should be the ultimate criterion for
choosing the best MSA. Given that this criterion cannot be practically used, does the SPS
criterion serve as a good proxy? This study aims to address these questions, with a focus
on highly diverged sequences that are hard to align.

4.1. Is the True Tree the Best Guide Tree for Progressive Multiple Sequence Alignment?

One would tend to assume that the true tree should be the best guide tree. However,
this assumption conflicts with the principle that multiple sequence alignment should start
with the most similar sequences and progress toward less similar sequences (R. C. Edgar,
pers. comm.). This conflict is illustrated with the following true tree:

((S1:0.001, S2:0.1):0.001, (S3:0.001,S4:0.1):0.001).
S1 and S3 are the most similar sequences, with a pairwise distance of only 0.003. They

should therefore be aligned first following the principle stated above. However, the true
tree would not allow S1 and S3 to be aligned first and would force S1 and S2 (or S3 and S4)
to be aligned first. This is one of the reasons for widely used multiple sequence alignment
programs, such as MAFFT [12] and MUSCLE [13], to use a modified version of UPGMA
to reconstruct the guide tree, because UPGMA will cluster S1 and S3 together. Such a
guide tree ensures that S1 and S3 would be aligned first. Will such a guide tree and the
resulting MSA cause phylogenetic distortion in the final reconstructed tree? Our results,
especially those in Table 3 and Figures 3 and 4, suggest that if the accuracy of the final
phylogeny is taken as a criterion, the true tree indeed is the best guide tree. Version 5 of
MUSCLE [43] includes an ensemble of trees for exploring the consequence of the resulting
MSA on phylogenetic reconstruction. This would help phylogeneticists appreciate the
variation in guide trees and the resulting reconstructed phylogenies.

4.2. How to Obtain the Best Guide Tree?

If we agree that the true tree is the best guide tree, then how do we obtain a guide
that is the best approximation of this true tree? In this research, we explore the potential of
three-way alignment in improving the accuracy of the guide tree. Our results are consistent
with the hypothesis that three-way alignment can produce better guide trees (exhibiting
lower RFd with true tree) compared to guide trees from PSA or k-tuple approaches, leading
to improved MSAs and the phylogenetic reconstruction based on the MSAs (Tables 1–4).
Two lines of evidence were presented to support the conclusion that the guide tree from the
three-way alignment (3-WAY) is better than that generated from the most accurate option
in MAFFT (L-INS-i, which creates the initial guide tree from local pairwise alignment).
First, the guide tree from the 3-WAY approach is closer to the true tree than that from the
L-INS-i approach. Second, when the MSA generated from 3-WAY and L-INS-i guide trees
were fed to PhyML for phylogenetic reconstruction, the MSA from the 3-WAY guide tree
produced PhyML trees closer to the true tree than that from the L-INS-i approach.

While guide trees based on k-tuple similarities in MAFFT are poor, the guide tree from
the L-INS-i option in MAFFT is very good, and three-way alignment may be useful only
in the most challenging cases with extremely diverged sequences. Sequences simulated
from our half-symmetric and half-asymmetric trees are comparable in divergence to many
real homologous amino acid sequences, yet MAFFT performed well with these sequences.
Only with the highly diverged sequences simulated from the asymmetric trees did MAFFT
experience difficulties in generating quality MSA (Tables 1–4).

4.3. Is Sum-of-Pair Score or Its Derivative a Good Criterion for Choosing the Best MSA?

The best MSA should produce the true tree, especially when the objective of sequence
alignment is accurate phylogenetic reconstruction. However, phylogenetic accuracy can-
not be used directly as a criterion because the true tree is unknown, except in simulated
sequences. One would hope that the sum-of-pair score (SPS) or its variations, such as
weighted SPS, which is computationally practical and widely used as a criterion for choos-
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ing the best MSA, would be equivalent to the criterion of phylogenetic accuracy. In other
words, the MSA with the highest SPS is also the MSA that would result in the most accurate
phylogeny. Our results (Figures 5 and 6) suggest that this is not the case. From each set of
our simulated sequences, two MSAs were produced, one with the true tree as the guide tree
(trueTree) and the other using the guide tree from the L-INS-i approach (L-INS-i). When
these two MSAs were fed to PhyML for phylogenetic reconstruction, the MSA from the
trueTree approach produced trees more similar to the true tree than that from the L-INS-i
approach. However, the latter has significantly higher SPS than the former. Thus, the two
criteria are inconsistent.

It is difficult to provide a specification of time complexity with the Carrillo–Lipman
algorithm. This algorithm for the three-way alignment includes three pair-wise alignments,
followed by a simplified three-way alignment that does not need to visit all cells in the
cube. The time complexity for this last step is difficult to express because the time required
for this step depends on the nature of the three sequences. If the three sequences are
nearly identical, then we have the best scenario, and the time required for this step would
be almost linear. If the three sequences are highly diverged and differ much in length
(i.e., many indel events), then the time requirement for this step would be similar to the
plain three-way alignment using dynamic programming. Because we aim to improve the
sequence alignment of highly diverged sequences, the time saved with the Carrillo–Lipman
algorithm is not substantial.

One time-saving protocol is to first identify regions of consistency among the three
pairwise alignments in each three-way alignment using the approach proposed by Go-
toh [44]. The regions of consistency do not need three-way alignment. They can serve as
anchors so that one only needs to do three-way alignment for sequence segments between
such anchors.

5. Conclusions

In progressive multiple sequence alignment, the quality of a guide tree affects the
quality of MSA and the quality of subsequent phylogenetic reconstruction. The three-way
alignment improves the quality of the guide trees and results in more accurate phylogenetic
reconstruction. The two criteria for choosing the best MSA, phylogenetic accuracy and
sum-of-pair score, conflict with each other.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/a17050205/s1, simulated data in directories 8tax_dataset,
16taxa_dataset, MSA_length1500; source code in directory Source_code. Equivalent scatter plots for
Figures 5 and 6 in SuppfileS1.xlsx.
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