Sequence Alignment in Bioinformatics -
A Historical Perspective

Sequence alignment in bioinformatics is a field of research focused on developing tools for comparing and finding
similar sequences of amino acids or DNA base pairs with the aid of computers. The sequence similarity is used to
assess gene and protein homology, classify genes and proteins, predict biological function, secondary and tertiary
protein structure, detect point mutations, construct evolutionary trees, etc.

There are two main areas of sequence alignment: pairwise sequence alignment and multiple sequence alignment (see
figure).

Pairwise Sequence Alignment

Pairwise sequence alignment is concerned with comparing two DNA or aminoacid sequences — finding the global and
local “optimum alignment” of the two sequences. Based on differences between the two sequences, one can calculate
the "cost" of aligning the two sequences by using replacements, deletions and insertions, and assign a similarity score.
The problem has tractable solutions by means of dynamic programming and Hidden Markov Models and is the basis of
popular heuristic search methods such as FASTA or BLAST.

Needleman and Wunsch (1970) were the first to present a dynamic programming
algorithm that could find the global alignment between two aminoacid sequences.
Smith and Waterman (1981) introduced a new algorithm with a different method of
scoring similarity aimed at finding optimum local alignment sub-sequences, at the
expense of the global score. Global algorithms are generally not sensitive for highly
diverged sequences with some localized similarities within them.

A particular application of pairwise sequence alignment is qguickly searching large DNA
and protein databases for matches to a query sequence. Popular heuristic algorithms,
such as those from the FASTA (Pearson and Lipman 1985, 1988) or BLAST (Altschul et
al 1990, 1997) families, are much faster than algorithms based on dynamic programming.

Multiple Sequence Alignment (MSA)

Multiple sequence alignment aims to find similarities between many sequences. MSA is hard and less tractable than
pairwise alignment. Dynamic programming is impractical for a large number of sequences.

The most successful MSA solutions are heuristic algorithms with approximate approaches, such as the CLUSTAL
family of programs created by Higgins, which use a progressive algorithm (Feng and Doolittle 1987): CLUSTAL
(1988), ClustalV (1992), ClustalW (1994), ClustalX (1998). Profile Hidden Markov Models (HMMs) provide another
successful solution to the problem of MSA. They were introduced by Krogh and colleagues in 1994.

Substitution matrices

Both pairwise and multiple sequence alignment algorithms use substitution matrices to
score the sequence alignment. In substitution matrices each possible residue substitution
is given a score reflecting the probability of such a change. There are two popular protein
substitution matrix models: Percent Accepted Mutation (PAM - Dayhoff 1978) and
Blocks Substitution Matrix (BLOSUM - Henikoff and Henikoff 1992).

Two Sample Applications




Sequence alignment algorithms are often used to characterize newly sequenced genes or
gene products. For example, the sequenced genome of the SARS virus was investigated
by using BLAST, FASTA, Pfam, and ClustalX to find proteins with sequences similar to
those expected to be produced by the SARS virus ORFs (Mara 2003, Rota 2003).
Biological function and structure was then predicted for the SARS proteins based on the
information available for the homologous proteins.

Another application of sequence alignment tools is the study of phylogenetics.
Phylogenetics is a field of molecular evolution that correlates mutations in DNA and
protein sequences with evolutionary divergence. Molecular distances of evolution
between species can be calculated using various metrics based on DNA or protein
sequence difference. The smaller the number of differences in the DNA and/or protein
sequences of similar genes from two related organisms, the less they have evolutionarily
diverged from each other.
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Proposal for the Annotation of the
Bioinformaticus Maximus Genome

A major epidemic caused by Bioinformaticus Maximus was recently reported on the Yale
University Campus. In record time, the virus was isolated, its genome was sequenced
and the ORFs were identified. The next step in the process of learning about the virus
involves annotating the proteins encoded by the ORFs.

I propose the use of bioinformatics techniques to identify for each ORF a set of
homologous proteins from other organisms. Structure and function can then be predicted
for the Bioinformaticus Maximus proteins based on the homologous proteins’ annotation.
I propose a gradual approach to identify the homologous protein(s) for each ORF based
on protein sequence and domain similarity. Increasingly sensitive algorithms will be
used to narrow down the field of possible matches. In this way, a balance between speed
and sensitivity will be attained. The search will focus on querying protein databases
rather than nucleotide databases because amino acid searches are more sensitive. Similar
techniques were recently used to successfully characterize the SARS virus genome
(Marra 2003, Rota 2003), and are in line with the TIGR methodology for annotating new
microbial genomes.

In the first stage (see figure), each ORF sequence will be queried against a
comprehensive database containing all the known protein sequences. Such a database
would be a non-repeating union of protein databases such as GenBank, Swiss-Prot and
TIGR’s CMR. A fast running heuristic search algorithm, such as one from the BLAST
(Altschul et al 1997) or FASTA (Pearson and Lipman 1988) families, will be used. For
example, the tblastx algorithm could be used to compare the six-frame translation of each
OREF sequence against the protein database. If the ORF sequence is longer than1000 bp,
it will be divided into smaller sub-sequences. For each ORF sequence, a set of global
matches above a certain score will be obtained.

In the second stage, a slower but more sensitive algorithm, such as the dynamic
programming based Smith-Waterman (1981) algorithm, will be run for each ORF
sequence against the set of matches found in the first stage. For each ORF, a new subset
of matches will be obtained, containing the protein sequences with the highest local (and
global, from the first state) sequence match scores.

In the third stage, a Hidden Markov Model (HMM) based algorithm against the Pfam
database (Bateman 2000) will be used to determine for each ORF sequence the protein or
protein families that have the most similar sequence and domain. In the fourth stage, the
resulting sets from the second and third stages will be intersected, to obtain the most
similar homologous protein(s) with respect to global alignment, local alignment and
domain.



The degree of similarity will then be used to confer annotation to the Bioinformaticus
Maximus proteins. For example, a homologous protein obtained in the last stage will
determine a high probability of homology and certainty in predicted annotation. If no
protein is obtained in a stage, the protein with the highest score from the previous stage
will be selected. The certainty in the annotation level will be decreased. It is expected
that some ORFs will return no significant matches in any of the query stages, indicating
that no meaningful homolog could be found.

A final, manual curation, stage, will be required to ensure that the annotation is
meaningful. Intermediate query results from each of the previous stages (I through IV)
will be available for review. This procedure should allow for a fairly quick and cost-
effective annotation of most of the ORFs of the Bioinformaticus Maximus genome. The
knowledge could be used to understand its virulence and make sure that no antidote is
found.
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