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Abstract 

 

This composition is about how to align more than two sequences to each other and how to 

avoid problems that can occur while an MSA.  

Where does the information come from? 

Global information: Zvelebil / Baum: Understanding Bioinformatics ISBN  978-0815340249  

MAFFT: http://www.bio.fsu.edu/~stevet/CDC/MSA_CDC.ppt.pdf 

 

Other interesting sources: 

SAGA: http://www.ncbi.nlm.nih.gov/pmc/articles/PMC145823/pdf/241515.pdf 

Implemented programs: http://www.ebi.ac.uk/Tools/msa/ 

Sequence examples for MAFFT: 

http://www.molecularevolution.org/software/alignment/mafft/mafft_dna_data_set 

http://www.molecularevolution.org/software/alignment/mafft/mafft_amino_acid_data_set 

 

 

http://www.bio.fsu.edu/~stevet/CDC/MSA_CDC.ppt.pdf
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC145823/pdf/241515.pdf
http://www.ebi.ac.uk/Tools/msa/
http://www.molecularevolution.org/software/alignment/mafft/mafft_dna_data_set
http://www.molecularevolution.org/software/alignment/mafft/mafft_amino_acid_data_set
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Introduction 

When we are talking about Multiple Sequence Alignment we talk about a method to compare 

at least three similar sequences with each other. These sequences do not urgently need to 

have its source in bioinformatics, it can also be a simple string (chain of characters - a word 

or a sentence). But if we talk about a sequence we always think of the biological meaning of 

it. We are talking about DNA, RNA and proteins as sequences. The sequences we compare 

while a Multiple Sequence Alignment are known as similar ones. So how does one find 

similar sequences? There are methods for database searches or the PSI-Blast method to 

align sequences and find similar ones.  

But what is the motivation to do a MSA? Very often we assume that there is an evolutionary 

relationship between the input set of query sequences by which they share a lineage and are 

descended from a common ancestor. The resulting MSA allows to infer sequence homology 

and to conduct polygenetic analysis to assess the sequences’ common evolutionary 

derivation. Visual illustrations of the alignment shows mutation events like single amino acids 

or nucleotide changes that appear as varying characters in one alignment column. One can 

also see indels (insertion or deletion mutations) or gaps that appear as hyphens in one or 

more columns.  Summing up MSA is often used to assess sequence conservation between 

many sequences. 
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Modifying pairwise alignment  

It is possible to modify and extend the pairwise alignment algorithms to find the optimal 

alignment of more than two sequences. But actually it is too demanding of computer memory 

and time to be practicable. So as long as the computer speed and memory does not 

increase immense, it is not possible to use this method. One has to find other methods that 

are less proper because they base on heuristics but also deliver very good alignments. 

 

 

 

Progressive Alignment 

Progressive Alignment builds the MSA gradually up, adding one sequence after the other. 

Using this method it can be very important in which order the sequences are added to the 

alignment to create a precise alignment. The correct order is set as given for now. As soon 

as the correct order is constructed, the MSA itself can start running. Some methods use 

scoring themes (more about scoring themes: Zvelebil / Baum: Understanding Bioinformatics 

section 5.1) of the pairwise algorithms to do a MSA. Often the themes are modified to 

achieve better results. For other methods the originator created completely own scoring 

themes. As an example some methods use weights for the different sequences or use very 

cleverly devised gap penalties.  

 

 

 

Adding Order 

At first one has to know that once a sequence is added to the alignment the existing 

alignment can not be modified anymore. One can only add gaps to the existing alignment 

and more sequences. So the aligning order depends on the similarity of pairs of sequences 

in a set of given related sequences. Those sequences that are more similar to each other 

than to other sequences will be aligned first and than the sequences that are not that similar 

to the first will be added to the alignment until all sequences are added, up to the last 

sequence that is more divergent to the others. If this order is not considered, it can cause 

further errors due the MSA that will grow while there are more sequences added. That is the 

reason why it is desirable to delay the addition of sequences whose alignment is more likely 

to contain errors until as late as possible.  

Many methods circumvent this problem by removing sequences from the alignment that are 

too divergent from the others. Other methods divide the set of sequences into two subsets 

and realign them. These methods are called iterative alignment. 

A simple illustration makes clear, why the sequence adding order is such important. The 

three sequences “DGD”, “GG” and “DGG” have to be aligned. If “DGD” and “GG” gets 

aligned first – wrong aligning order – there are two ways of aligning them (illustration 1 and 

illustration 2). Most scoring themes would score both alignments equally. But adding the 

sequence “DGG” it would be preferable to add it to the second sequence “-GG” and not 

“GG-“ as one can easily see by the difference of illustration 3 and 4. One wants to find the 
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best fitting alignment. The best fitting alignment has most possible analogies between the 

sequences in all columns. Both alignments have equal count of gaps so we do not need to 

consider gap penalties for this example. But alignment 3 has only two analogies while 

alignment 4 has three analogies replacements. This is why alignment 4 would be preferable. 

 

So, how to find the correct order without modifying the pairwise algorithms to a MSA? Most 

methods build up a guide tree (also called polygenetic tree) before the effective MSA starts 

its work. Than the tree guides the MSA knot to knot to a (very) good multiple alignment until 

the root has been reached. The resulting alignment is not the best in all cases, but it is at 

least a very good one.  

 

 

 

Guide Tree 

Most guide tree constructing algorithms would propose for the example above that the 

sequences “DGD” and “DGG” should be aligned first following “GG”. The guide tree for this 

example would look like illustration 5 shows.  

 

Numerous MSA algorithms use a global pairwise alignment like Needleman-Wunsch of all 

sequence pairs and construct the guide tree out of the results. Each pairwise alignment has 

a score as output. Those two sequences with the highest aligning score establish the bottom 

leafs of the tree and from there the tree get build up. Every of the five colours in the 

illustration below represent one sequence. At first (A) every sequence gets aligned pairwise 

with all other. In this example white space between the alignments denote that the 

sequences have great differences to each other. A grey space denotes a similarity while a 

black space denotes a great similarity. So there is a great similarity between yellow and 

purple. These sequences have to be aligned first, so they are leafs in the tree (B). Blue is a 

bit similar with yellow and purple, it has to be added to this knot. Green and red are (very) 

different from the other sequences, but they are very similar to each other, so they build a 

new knot and the knot gets added to the existing tree. The last step is to derive the tree from 

bottom to top. At first the MSA aligns yellow and purple (C1) that green and red (C2). After 
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that it adds blue to the yellow-purple alignment (C3). At least green-red gets added to yellow-

purple-blue (C4) and the full MSA is done. That is all what one need to know basically about 

guide trees to understand progressive multiple sequence alignment, so we will not go more 

into it than we already did. 

 

 

 

 

 

MAFFT 

With increasing number of sequences to be aligned, performing methods like the 

Needleman-Wunsch alignment of all sequence pairs take a very long time of 
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i

i . So we 

need faster methods. Faster methods bring always more heuristics with them, so they are 

less optimal. But actually we know methods that are very fast and deliver very good 

alignments as result too, even if they are not as good as an alignment using the Needleman-

Wunsch algorithm would be. One of these methods is called MAFFT (Multiple Alignment 

using Fast Fourier Transformation). As the title tells MAFFT is based on a transformation 

technique that is used very often in different computer programs. The program (current 

version 6) is able to align more than 100 sequences in a short time on an ordinary home pc.  

The fast Fourier transformation has been applied to protein sequence alignment by 

considering a sequence as a linear series of continuous variables representing physico-

chemical properties of the underlying amino acids. MAFFT identifies homologous quickly by 

converting amino acid residues to vectors of volume and polarity, thus changing a twenty-

character alphabet to six, rather than by using an amino acid similarity matrix. Similarly, 

nucleotide bases are converted to vectors of imaginary and complex numbers. The FFT trick 

then reduces the complexity of the subsequent comparison to O (N log(N)). FFT identifies 

potential similarities though, without localizing them. To locate them a BLOSUM62 (more 

about BLOSUM62: http://en.wikipedia.org/wiki/BLOSUM) matrix is used. Then MAFFT 

constructs a distance matrix, and hence a progressive guide tree, on the number of shared 

six-tuples from this Fourier transform, rather than on a ranking based on full length, pairwise 

sequence similarity. After this step derives the tree as it is described above. 

Even if there are other methods of fast multiple alignment, MAFFT is currently the best.  
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SAGA 

Another method of multiple alignment that is very different from all other methods is called 

SAGA (Sequence Alignment by Genetic Alignment). As its name reveals it is based on a 

genetic algorithm. A collection of possible alignments is modified according to a set of rules 

to form a new collection. Each set of alignments is referred to as a generation. The standard 

implementation comprises in each generation a set of 100 alignments. Several hundred 

successive generations may be produced to the final alignment. Subsequent generations are 

designed to gradually improve the alignment scores until an optimum is found. But where 

does one get the start set of possible alignments from? At the beginning one has a set of 

sequences like they are needed for all kinds of MSA. The more sequences one has the more 

possible alignments can be created out of them by simply randomly choosing the order of 

adding the sequences. So SAGA does this until it has 100 different alignments. 

As soon as SAGA has its needed start alignments, it uses three basic procedures to create 

the next generation. 

 

First procedure: 

If it is the first run the initial generation gets scored by a scoring theme (SAGA can use 

almost all standard scoring themes). Then select a subset of the current generation of 

alignments that survives to the next generation. It always survives the half of a generation to 

the next one that has the highest scores. Now there is only a half full generation, the other 

half is derived by modification of the survived half. This step is called “Breeding”. All 

surviving alignments are assigned an expected number of offspring (EO). The EO of each 

alignment typically lays between 0 and 2, but the higher the score of an alignment the more 

offspring it can have. So the breeding alignments are selected by random with a probability 

proportional to their EO. For each offspring an alignment “bred” its EO gets decremented by 

one. 

Second procedure (Breeding): 

This step will be repeated until the initial count of alignments is reached again. At first one of 

22 breeding-operators is randomly chosen. Each operator depends on one or two “parent-

alignments”. If the current operator uses only one parent there will be only one resulting 

offspring. If it uses two parents there will be up to two resulting offspring, but we need only 

one offspring of every Breeding, so both get scored and the better one will find its place in 

the new generation. But it is absolutely not allowed to have duplicates in one generation, so 

if the bred offspring already exists in the current generation it will not be taken twice. 

Third procedure: 

Compare the score of the new generation to the previous ones. If the score has not been 

changed for a couple of generations more than by a defined range, this generation will 

represent the final alignment. As long as this not happen the method starts again by the first 

procedure. 
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Examples of breeding operators 

 

One-point crossover 

Another example shows an operator that needs two parents but breeds only one offspring. It 

is called one-point crossover. It randomly selects a space between two columns (green line 

in alignment A) of the first alignment. Then it searches the first appearance of those pairs in 

each sequence that are directly left and right of the space in the second alignment (green 

line in alignment B). So in this example we search the subsequence “VN” in the first 

sequence of alignment B. Then the first appearance of subsequence “VN” is searched again 

in alignment B, but this time in the second sequence. At next the operator searches the first 

appearance of subsequence “VG” in the third sequence of alignment B. And finally it 

searches the first appearance of subsequence “VG” in the last sequence of alignment B. 

Now both alignments get crossed, so that two new alignments are generated. The first new 

alignment C gets its first columns from alignment A, as one can see in the illustration it gets 

all columns before the green line. Its tail-columns it gets from alignment B, but all sequences 

must have the same length, so the first two sequences get shifted right in the new alignment 

and the occurring holes get filled with gaps (hyphens). The second new alignment D gets its 

first columns from alignment B and its tail-columns from alignment A. Again all columns from 

alignment A are simply copied while the occurring holes in the first part of the evolving 

alignment D gets filled with gaps.  

The last step is to decide which alignment will survive to the next generation C or D. The 

blue highlighted columns in each alignment represent high scored parts. So as one see 

alignment C compromises both high scored parts of alignments A and B, but D does not 

contain any. The operator decides letting C survive to the next generation and increases this 

way the whole score of the next generation.  
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Crossover 

The first example shows the crossover operator. As one can see in the illustration below it 

needs two parents and creates one offspring. It searches all columns in the first alignment 

that are completely equal. Then it searches such columns in the second alignment. These 

columns must be in the same order they are in the first alignment. Now it chooses randomly 

one alignment (in the example below it is the first one) and copies all columns till the first 

found equal column. The last step is to alternate the alignment to copy the next columns 

from until the last found equal column is left behind the copied columns. 

 

 

 

 


