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Abstract— In this paper we are proving that in context to the multiple sequence alignment formation of guide tree is an 
important step. Most MSA tools use guide trees to do alignment of multiple sequences. Here we have implemented an 
algorithm that generates guide trees given some sequences. These user generated guide trees are then used to do multiple 
sequence alignment to study the impact of guide trees on MSA against already existing MSA tools.  We observe that better 
guide trees can result in better alignment with improved accuracy. 
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I. INTRODUCTION 
 

Sequence alignment is the way of arranging 
sequences of RNA, DNA or protein. It is the scheme 
of writing one sequence over another sequence where 
residues are supposed to have been derived from a 
common ancestor. If same residue occurs in both 
sequences then that residue is conserved in the process 
of evaluation. On the other hand if the residue differs 
at a particular position then it means that it has been 
changed due to the process of evaluation over the 
period of time. 

In bioinformatics, sequence alignment is a very 
important tool to identify functional, structural and 
evolutionary relationships among different sequences. 
It is basically the way of arranging sequences to 
identify regions of similarity in sequences and gain 
necessary information regarding evolutionary 
relationship among them. Sequences could be of 
RNA, DNA or proteins. 

Residues may change as a result of one or more of 
the following processes: a) Insertion: It is the addition 
of a new residue into the sequence which was earlier 
not present in the previous sequence. b) Deletion: In 
this the residue has been removed from the one 
sequence as a result of the evolutionary process c) 
Substitution: Here the residue changes from one 
residue to another. Insertions and deletions are 
together termed as indels and they result in gaps in one 
of the sequences. 

Sequence alignment is a method to determine the 
similarity between two sequences .Sequence 
alignment is a strong optimization problem which is 
usually solved by dynamic programming.  
 

The idea of sequence comparison appears to be a 
simple concept but we efficiently need to predict that 
what kind of alignment should be considered, how 
alignments should be ranked or how to find an optimal 
alignment Alignments found using dynamic 
programming can either:- 

a)Global, using algorithms such as   
Needleman-Wunsch[1], or, 

 
b) Local, using algorithms such as 

Smith-Waterman[2], 
 which have also been implemented in this paper. 

 
Fig 1 : Example of sequence alignment 

 
Sequences can be compared two by two (pair-wise 

sequence alignment) as shown in figure 1. It shows the 
alignment of a fragment of a human beta globin to that 
of frog beta globin. Stars shows the positions that are 
conserved in both the sequences. Or sequences can be 
multiply aligned (multiple sequence alignment) to 
discover effects of evolution across a whole protein 
family.  

The organization of the rest of the paper is as 
follows. In section 2 we discuss the various types of 
sequence alignment methods. Section 3 provides the 
insight on experiments conducted and results 
obtained. Finally we conclude in section 4. 
 
II. SEQUENCE ALIGNMENT 
 
Sequences can be aligned in a pair of two or more than 
two. Based on this sequence alignment methods can be 
broadly divided into two categories: 

A. Pair-wise Sequence Alignment 
It is the aligning of two sequences with each other. 

This alignment can be global or it can be local. 
Global alignments, which attempt to align every 

residue in every sequence, are most useful when the 
sequences in the query set are similar and of roughly 
equal size. In case of global alignment we consider 
entire sequences to be aligned. The basic algorithm 
which allows to obtain the optimal alignment with 
linear gap cost has been proposed by Needleman and 
Wunsch [1] and further improved by Gotoh [3]    
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FIG 2: Global Alignment [4] 

 
Local alignment searches for segments of the two 

sequences that match well. There is no attempt to force 
entire sequences into an alignment, just those parts 
that appear to have good similarity, according to some 
criterion are considered.  The most commonly used 
algorithm for local alignment is Smith Waterman 
algorithm. 

 
Fig 3: Local Alignment [4] 

 
B. Multiple Sequence Alignment 
Often the comparison of two sequences does not 

provide for the inclusion of enough context to obtain 
meaningful results. So there is need to align many 
sequences together to get better and meaningful 
results. Multiple sequence alignment is the alignment 
of more than two sequences together. A well known 
widely used tool for MSA is ClustalW [5]. Since then 
many of its versions have been released with ClustalX 
being the latest. 

 

 
Fig 4: Example of MSA using ClustalX 

 
MSA is generally the alignment of three or more 

biological sequences (protein or nucleic acid) of 
similar length. From the output, homology can be 
inferred. The basic flow of Multiple Sequence 
alignment is as follows: 

i) Compute the pair-wise alignments for all against 
all sequences. The similarities are stored in a similarity 
matrix (distance matrix). 

ii) Construct a tree (guide tree) using the distance 
matrix obtained in step 1 for the order in which pairs of 
sequences are to be aligned and combined with 
previous alignments. There are many clustering 
algorithms to generate guide trees like UPGMA [6]. 

iii) Progressively align the sequences/alignments 
together into each branch point of the guide tree, 
starting with the least distant pairs of sequences. Do 
refinement if necessary to get better results. 

 

 
 

Fig 5: Steps involved in MSA [6] 
 
Guide Trees:-  A guide tree represents a hypothesis 

about the divergence of sequences from a common 
ancestor, and the assumption that this hypothesis 
guides the multiple alignment, which ideally should 
follow the same order as the order of sequence 
divergence as shown in Fig.6. A guide tree is used to 
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determine the order of pair-wise sequence alignments. 
In Fig 6, initially the leaves of the trees are aligned 
(A&B, C&D), next pair of group of sequences are 
aligned (AB & CD) and finally the four aligned 
sequences are aligned to E. 
 

 
Fig: 6 Guide tree example 

 
A guide tree is calculated from a distance matrix. 

The distance between two sequences can be measured 
using either an unaligned pair which is known as 
k-mer or an aligned pair with Dynamic Programming. 
There are different methods to calculate the guide tree 
from the distance table, such as the NJ method [7] 
which produces un-rooted trees with branch lengths 
proportional to the estimated divergence along each 
branch, and the UPGMA [24], which produces rooted 
trees with branch lengths proportional to the estimated 
divergence along each branch. 

S. Nelesan et.al [8] also studied the impact of guide 
trees on MSA and subsequent phylogenetic analyses. 
They proposed a new Fixed Tree alignment (FTA) 
method for MSA and analyzed that method against 
standard MSA programs. Their studies showed little 
improvement in alignment accuracy with better guide 
trees. 

 
III. EXPERIMENTS AND RESULTS  
 

In this section we discuss how we have 
implemented the pair-wise sequence alignments 
algorithms. We have also implemented a variant of 
UPGMA method to generate our own guide trees 
given some sequences. These guide trees are then 
treated as input to a well known MSA tool MUSCLE 
[9], to study the impact of guide trees on MSA. The 
system has the following configuration:  

- 3 GB RAM 
- 320 GB Hard Disk 
- 32 bit OS 
- 2.20 GHz Processor (Intel i3) 
The two algorithms for pair-wise sequence 

alignment have been implemented in C++, while the 
algorithm to generate guide trees has been 
implemented in Java. 

 
Global Pair-wise sequence alignment algorithm:- 

Various sequences of the different lengths were 
aligned using Needleman Wunsch algorithm for 

Global alignment of sequences. Graph for execution 
time against average sequence length was plotted.  The 
following table gives the execution time obtained for 
different lengths of sequences. 
 

From the graph we can observe that the complexity 
of Needleman Wunsch algorithm is O(n2) for the 
average sequence length n.  

Fig 7: Plot for Needleman Wunsch algorithm 
 
Local Pair-wise sequence alignment algorithm:- 

Similar to global alignment, algorithm for local 
alignment was also implemented using Smith 
Waterman algorithm. The following table 1 gives the 
execution time obtained for different lengths of 
sequences. 

 

Table 1: Execution time for Global alignment 
 

     From the graph we can observe that the 
complexity of Smith waterman algorithm is also O(n2) 
for the average sequence length n.  

 

 
Fig 8: Plot for Smith Waterman algorithm 

Average length of 
Sequences 

Execution time 
        (in ms) 

10 42 
50 928 
100 3292 
200 10691 
400 23607 
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After implementing the algorithms for pair-wise 
sequence alignments we implemented another 
algorithm to get the guide tree which can be used as an 
input to MUSCLE to get the final MSA. 

Table 2: Execution time for Local alignment 
 

MUSCLE is a well known program to get the MSA 
from some given sequences. There is an option to 
insert user generated guide trees as input to get MSA. 
But that guide tree has to be only in Newick tree 
format. So we have implemented a variant of UPGMA 
which will take Jukes-Cantor distance into account to 
generate the guide tree in Newick standard tree format 
as output after taking sequence list as input in PHYLIP 
format.  

 
From the experiments we found out that our 

algorithm performs as good as any other standard 
MSA programs if the number of sequences to be 
aligned is small and they are of small (50 taxa or so) 
and are of roughly similar length. This algorithm 
performed as good as, MUSCLE differing only in the 
order it shows the alignment. Figure 9 shows the 
alignment obtained by using our algorithm to generate 
a guide tree and feed that guide tree as input to get this 
MSA in html format. Figure 10 gives the alignment 
obtained from standard MUSCLE program without 
using any user inputted guide tree. 
 

 
 

Fig 9: MSA obtained by using user inputted guide tree in 
MUSCLE 

 

 
 

Fig 10: MSA obtained with standard MUSCLE program 
 
On the other hand if sequences are of very large 
lengths (nearly 1000 taxa) and different sequences are 
of different lengths then our algorithm lags behind in 
performance in comparison to MUSCLE.  Figure 11 
gives the MSA obtained by using user generated guide 
tree from our algorithm. It still shows good 

performance by analyzing different common sites in 
different sequences. Fig 12 shows performance of 
standard MUSCLE program. It does identifies similar 
sites in all the sequences which are different  from as 
identified by using user generated guide tree. Both 
shows good performance with using trees giving better 
alignments in some cases while standard MUSCLE 
giving better in other. 
 

 
 

Fig 11: MSA obtained by using user generated guide tree for 
very large dissimilar sequences in MUSCLE. 

 

 
 
Fig 12: MSA obtained by with standard MUSCLE program for 

very large dissimilar sequences 
 
But if the number of sequences is large and sequences 
are of very large lengths (>1000 taxa) of dissimilar 
lengths then this algorithm fails to perform as good as 
standard MUSCLE program. We are working on o 
improve the algorithm to generate better guide trees 

Average length of 
Sequences 

Execution time   
(in ms) 

10 45 
50 1251 
100 4134 
200 15144 
400 63156 
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which can give good results even for very large 
dissimilar sequences. 
 
CONCLUSION 
 

Now from the above results and specifications we 
can conclude that the local and global algorithms for 
pair-wise sequence alignment are of order of O(n2) 
time complexity. So they are not feasible for very large 
number of sequences. Furthermore pair-wise sequence 
cannot provide enough information about evolutionary 
relationships so there is need for multiple sequence 
alignment. 

 In MSA, guide tree play a key role in alignment 
process. If good quality guide tree is used then it can 
result in better alignment accuracy. Our algorithm 
which generates guide trees in standard Newick tree 
format works well in most conditions and performs as 
good as other standard MSA programs. Most MSA 
program don’t provide facility to use user generated 
guide tree as input so we compared our results with 
standard MUSCLE which provided us this facility to 
use our own guide trees.  

From the experiments we found out that in some 
cases our algorithm give better results and alignment 
accuracy than some very well known programs like 
MUSCLE for small and relatively medium length 
sequences. While it fails to give very good alignment 
accuracy for very large dissimilar sequences. In future 
work can be done to improve the performance of this  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

algorithm to perform better for very large sequences of 
dissimilar lengths. Further our algorithm can be 
parallelized for faster generation of guide trees. 
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