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Multiple sequence alignment is a basic tool in computational genomics.  The art of multiple sequence alignment is about placing gaps.  This paper presents a heuristic algorithm that improves multiple protein sequences alignment iteratively.  A consistency-based objective function is used to evaluate the candidate moves.  During the iterative optimization, well-aligned regions can be detected and kept intact.  Columns of gaps will be inserted to assist the algorithm to escape from local optimal alignments. The algorithm has been evaluated using the BAliBASE benchmark alignment database. Results show that the performance of the algorithm does not depend on initial or seed alignments much. Given a perfect consistency library, the algorithm is able to produce alignments that are close to the global optimum. We demonstrate that the algorithm is able to refine alignments produced by other software, including ClustalW, SAGA and T-Coffee. The program is available upon request.

1 Introduction

Multiple sequence alignment has for decades been an essential tool for analyzing sequences of proteins and nucleic acids.  It is used in the detection of characteristic motifs and conserved regions, in the determination of phylogenetic tree as well as in the prediction of secondary and tertiary structure.  To accommodate rapidly growing demands for automated alignment, various algorithms have been developed to obtain sound alignment in the sense of both quality and speed (Notredame, 2002, Thompson, et al., 1999b).  This evolution started with the successful optimization of pairwise alignment using dynamic programming (Needleman and Wunsch, 1970, Smith and Waterman, 1981).  When considering the alignment of more than two sequences, however, researchers come to acknowledge that current computing resource is more than often dwarfed by the complexity of problem.  Although theoretically convenient to be extended to multiple alignment of N sequences (Carrillo and Lipman, 1988), dynamic programming requires prohibitive memory space for an N-dimensional array as well as computational resource of the order of the Nth power of the sequence length.

In order to achieve approximate alignments within feasible time, two types of heuristics are generally used, i.e., progressive and iterative approaches.  The progressive approach builds up multiple sequence alignment gradually by aligning the closest pair of sequences first and successively adding in the more distant ones.  This family includes MULTALIGN (Barton and Sternberg, 1987), MULTAL (Taylor, 1988) and ClustalW (Thompson, et al., 1994), etc., which differ mainly in the way to decide the order of adding sequences.  The fundamental flaw with progressive approach rests with its inability to adjust previous alignment with newly added ones.  Trivial misalignments in early stages remain uncorrected and conserved, which afterwards accumulate into serious ones, preventing newly added sequences from being properly aligned.

On the other hand, iterative approaches (Gotoh, 1996, Heringa, 1999, Heringa, 2002, Notredame and Higgins, 1996) start with an initial alignment including all the sequences and then attempts to improve it at each iteration.  Iterative algorithm ends when specific number of iterations has been practiced or no effective change could be identified any more.  An objective function is employed to evaluate alignments and determine the changes to be committed.  Iterative approach is mainly used to refine and improve alignment.  As most other applications of iterative algorithm do, iterative multiple sequence alignment faces the challenge of how to escape from local optimal alignments, whether and to what extent worsen moves should be taken.  Heuristics, such as simulated annealing (Kirkpatrick, et al., 1983) and genetic algorithm (Holland, 1975), have been applied to the problem of multiple sequence alignment (Ishikawa, et al., 1993, Kim, et al., 1994, Notredame and Higgins, 1996). They facilitate global optimization by accepting deteriorating moves.  However, doing this does not guarantee to find a globally optimized alignment.

In this paper we propose an adaptive and iterative algorithm for refining multiple sequence alignment. Since misplacement of gaps is an important issue in multiple sequence alignment, the first feature of our algorithm is the ability to detect and move gaps. Unlike previous attempts toward this problem (Korostensky, et al., 1999), we use a simple greedy approach. Secondly, well-aligned regions can be automatically detected and isolated through a local objective function. This concept was seen in RASCAL (Thompson, et al., 2003), where a function called NorMD (Thompson, et al., 2001) was used. The ability to detect well-aligned regions has at least two advantages. It not only prevents the well-aligned regions from being modified in later iterations, but also speeds up the subsequent optimization since the attention of the algorithm can be shifted to the poorly aligned regions. Finally, the introduction of column-gaps provides a mechanism to jump off local optima without having to take deteriorating moves.

To determine the optimal candidate move in each iteration, we use COFFEE (Consistency-based Objective Function For alignmEnt Evaluation, Notredame, et al., 1998) as an objective function. The first consistency-based multiple alignment method was described over ten years ago (Kececioglu, 1993). The idea is that the optimal multiple alignment is the one that agrees the most with all the possible optimal pairwise alignments. This concept has been implemented in both progressive (Notredame, et al., 2000) and in iterative approaches(Heringa, 2002).

Our algorithm, Adaptive Iterative Multiple Sequence Alignment (AIMSA), has been demonstrated to be able to produce high quality alignments consistently using BAliBASE benchmark alignment dataset (Thompson, et al., 1999a).  

2 Algorithm
AIMSA optimizes a multiple sequence alignment against an objective function iteratively.  The optimization codes serves as a standalone module that is able to work on initial alignments provided by any third-party method.  The module is also compatible with any other user-defined objective function.

The control flow of AIMSA is illustrated in pseudo codes listed in Fig 1.

Fig. 1. The iterative algorithms of AIMSA in pseudo code

The optimization consists of three inner iterations. Loop B detects all possible blocks of gaps from the current alignment, attempts to move them within their close neighborhoods and finally adopts the best move in the sense of increasing objective values.  Loop B terminates when no more improving gap-move is available, which indicates that the alignment is in a local or global optimum. The algorithm’s next attempt is to detect all well-aligned regions. A few columns of gaps are to be appended at both ends of these regions. These gaps can be considered as buffering zones that prevent the well-aligned regions from being damaged.  The remaining parts of the alignment will be processed by Loop C, which has a similar function to Loop B.  In case no successful move could be taken in Loop C, a user-defined number of random insertions of column-gaps will be exercised and Loop D will be practiced on each insertion-affected region to seek further chance of gap moving. AIMSA ends when no improving move could be found after all these steps.  

The details of the algorithms will be described in the following sections.

2.1 Pairwise library

A pairwise library is a collection of the globally aligned sequence pairs.  For an input data set containing N sequences, there should be N(N-1)/2 pairwise alignments in the pairwise library.

In AIMSA, the pairwise library is consulted by the COFFEE objective function to validate the consistency between the multiple alignment and the pairwise alignments. It also involves in obtaining an initial alignment using the progressive approach described in the next section. 

A separate program was implemented to compute the pairwise library using dynamic programming (Needleman and Wunsch, 1970).  The library should be constructed prior to the start of the main AIMSA iterations. 

2.2 Objective function

A global objective function is used to measure the overall alignment quality and to evaluate the candidate moves that are to be committed in Iteration B, C and D.  The objective function used in this study is COFFEE.  It calculates the level of identity between the current multiple alignment and the pairwise library:
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where N is the number of the sequences; Len is the length of the multiple alignment; Wij is the percent identity between the two aligned sequences Si and Sj; Aij is the pairwise projection of sequences Si and Sj  from the multiple alignment; and Score( Aij) is the  number of aligned pairs of residues that are shared between Aij and the library, i.e., the overall level of identity between Aij and the corresponding pairwise alignment.

In addition, a local objective function is defined as the COFFEE value in a specific region of alignment.  The local objective score is used to identify well-aligned regions.

2.3 Exhaustive and greedy gap move
The main task of Loop B, C and D is to move block of gaps in the alignment to optimize the objective value. In those iterations, all possible blocks of gaps are to be detected. The move of a gap block that results in the highest improving objective score will be actually taken. Loop B, C and D differ in their working scopes: Loop B covers the entire alignment, while Loop C and D work on the specific regions of the alignment as described in Fig. 1.  Here we describe Loop B in more details.

An example of a gap block is shown in Fig. 2, where numerals denote gaps:

Fig. 2. An example of a block-gap.

In the example, gap 4 is a single-gap block; gaps 0 and 1 form a 1x2 row block; gaps 0 and 2 form a 2x1 column block; gaps 0, 1, 2 and 3 is a 2x2 block.  Note that gaps 4 and 5 also form a 2x1 column block since the order of the sequences is not important. Gaps 5 and 6 do not form a block since they are not adjacent gaps.  Lastly, gaps 1 and 7 don’t make a block since they are not in the same column.

Loop B detects the potential block-gaps in the alignment.  For each of the detected block-gaps, Loop B attempts to move it to all the positions within a pre-defined neighborhood on the multiple alignment, except the positions inside other block-gaps. We found that during the mature stage of alignment, most gap blocks would be moved to positions within a small neighborhood instead of to distant ones.  This observation allows us to speedup the numerous evaluations of block-moves by only trying positions near the current block.  A parameter is used to define the size of a neighborhood, in the unit of amino acid residues.  It was set to 40 in our benchmark tests. The corresponding objective score for each of those new multiple alignments is then evaluated. The single move that generates the best improvement in objective score will be taken while others will be discarded.  

Since block-moves are restricted within a user-defined region, operations on two distant blocks are no longer dependent on each other and the greedy block-move task on a long region of sequences could be split into independent sub regions.  As a result, in each sub region there are much fewer potential gap-blocks, compared with the number of the whole region. Loop B first divides the whole alignment into several sub regions and works on them one by one. For each sub region, the algorithm tries to identify a best improving block move.  This process will be iterated until no more improving block move can be found.  Loop B terminates when block moves in all sub regions are completed.  

2.4 Detection and isolation of well-aligned regions

After a few iterations of block moves, the alignment would evolve into a shape where some portion of it is well aligned.  The remaining tasks are to further extend the well-aligned regions as well as to prevent these regions from being affected by subsequent gap moving attempts. 

Ability to detect and isolate well-aligned regions from their inferior neighborhoods therefore becomes crucial.  Detection of such regions is implemented by evaluating a local objective function that is able to measure the quality of any local region within the entire multiple alignment. A preset threshold is used to identify regions with significantly high objective scores.  A sliding-window approach is adopted that attempts to extend possible high scoring alignment windows in one direction, stopping when certain criteria are met.  An example from T-Coffee (Notredame, et al., 2000) is shown in Fig. 3 to explain the procedure (spaces are for illustrating purpose):

Fig. 3. An example of the detection of well-aligned regions (denoted by bold typeface):  (a) the whole region will be recognized as a well-aligned region when the maximum number of mismatches is set to four; (b) two well-aligned regions are to be recognized when the maximum number of mismatches is set to two.

In this example, the size of the sliding-window is set to four and the window moves rightward.  Upon reaching “GARF”, the algorithm identifies it as a high scoring region.  It stops sliding and starts to extend the window until hitting “V” and “L”, a mismatching pair.  If the maximum number of allowed mismatches is set to equal to or greater than four, the window will adopt “VERY” and “LAST” and the extension will continue.  Finally a region, “GARFIELD THE VERY FAST CAT”, will be detected as a well-aligned region.  

If the maximum number of allowed mismatches is less than four, the window will only brings in “VE” and “LA”.  Because their respective successors, “R” and “S”, still don’t match, the window-extension would stops, rejects “VE” and “LA” and takes “GARFIELD THE” as a good region.  In this case, the sliding-window algorithm resumes from the next window after “R” and “S”, that is, “YFAS” and “TFAS”.  It soon recognizes another high scoring region of “FAST CAT”.  

The size of the sliding-window and the maximum number of allowed mismatches were set to four and five respectively in our benchmark tests.

Once the well-aligned regions have been identified, they will be isolated by inserting columns gaps that serves as a buffering zone between well-aligned regions and their neighborhoods.

2.5 Insertion of column-gaps as buffer 
The main approach that AIMSA uses to improve an alignment is by shuffling existing gaps to appropriate positions.  However, direct gap insertion and deletion are still necessary on many occasions and can be achieved indirectly by inserting and moving column-gaps.

To achieve gap insertions, columns of gaps will be added into a position near the expected insertion point.  Then gaps are to be moved from the column-gaps to the expected insertion point.  Deletions can be achieved in a similar manner. 

The reason why a direct gap-insertion algorithm is not proposed is that it might damage the neighboring part starting from the point of direct insertion.  An example is shown in Fig. 4 (spaces are for illustrating purpose):

Fig. 4.  An example of the indirect gap-insertion: (a) the alignment initially has two well-aligned regions; (b) inserting two gaps would damage the second well-aligned region; (c) instead, columns of gaps could be inserted; (d) two gaps are then moved to the targeted insertion cite; (e) the redundant column gaps can be removed easily.  Now the alignment has three well-aligned regions.

In the original alignment (Fig. 4-a) there are two well-aligned regions, namely, “Someone” and “this paper”.  If two gaps are directly inserted before “reviewed” in sequence A in order to align “review”, the alignment of  “this paper” will be broken as shown in Fig. 4-b. Instead, we may insert a few columns of gaps before “this paper” as a buffering zone, as shown in Fig. 4-c.  Once the column-gaps have been inserted, two individual gaps can be moved to the expected optimal position (Fig. 4-d).  The excessive column-gaps will be removed at the end of each iteration therefore they won’t affect the final alignment (Fig. 4-e).

A real case is given in Fig. 5 to demonstrate how AIMSA refines poorly aligned region flanked by well-aligned ones.  The sequences are taken from 1bgl_ref1 of BAliBASE.

Fig. 5.  An example showing that a poorly aligned region may be refined by AIMSA without damaging its neighboring well-aligned regions.  Sequences in bold are poorly aligned region between two well-aligned regions.  

In summary, column-gaps are introduced as buffers to protect well-aligned regions from being affected by poorly aligned ones.  It enables the alignment to escape from local optima without deteriorating it, whereas other iterative alignment algorithms may need to compromise in similar situations.

2.6 Random insertion of column-gaps
Besides being inserted into specific positions to isolate well-aligned regions, column-gaps are also randomly inserted in an attempt to accommodate demands of gap insertions/deletions.  In light of the previous description, regions for block-move evaluation are divided into sub regions to reduce the complexity of the problem.  Consequently, the inserted buffering gaps will only affect their neighboring sub regions but not be able to facilitate adding or deleting gaps at distant sub regions, as illustrated in Fig. 5.  This is the motivation of inserting column-gaps randomly.  
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Fig. 5. The two inserted buffering zones will only affect the sub regions A and C. As a result, additional column-gaps need to be inserted to a randomly chosen position so that adding or deleting gaps in the sub region B is possible.

This stochastic approach could be alternated to a deterministic one by inserting column-gaps at boundaries of each sub region.  However, doing so will introduce a large amount of block-gaps and results in an unnecessarily long computing time.

Random insertion is practiced in Loop D of AIMSA where the isolation of well and poorly aligned regions no longer works.  It acts as the last attempt in Loop A to further improve alignment quality. 

3 Results

The algorithm described was implemented in Java 2 Platform, Standard Edition (J2SE) 1.4.1. Organized into application programming interface (API), it could be conveniently incorporated into user’s own Java applications. 

In order to evaluate the ability of this program to refine alignments obtained from other popular alignment tools, we used BAliBASE (Benchmark Alignment dataBASE, Thompson, et al., 1999a) as the benchmark data.  BAliBASE is a database of manually refined multiple sequence alignments.  Core blocks, defined as the sequences that should be aligned together, are clearly indicated by BAliBASE.  The five BAliBASE reference sets we employed are categorized as follows:

· Reference 1: equidistant sequences of similar length

· Reference 2: family vs. orphans

· Reference 3: equidistant divergent families

· Reference 4: N/C-terminal extensions

· Reference 5: internal insertions

A total number of 141 datasets from these five reference sets were aligned using AIMSA.  The initial alignments are respectively produced by ClustalW (Thompson, et al., 1994), SAGA (Notredame and Higgins, 1996) and T-Coffee (Notredame, et al., 2000).   

Since AIMSA is an optimization algorithm aimed at finding good alignments, we first demonstrate its capability as an optimizer.  Table 1 shows how AIMSA improves the objective scores, in our case, the COFFEE scores, using BAliBASE testing sequences. The “Average” is the arithmetic averages of the scores from all the tests in the five reference sets.  The “Increment” is the percentage of increment achieved by AIMSA. It is evident that AIMSA performs well in terms of optimization by achieving at least 3.7% of improvement on the objective scores. 

Table 1. The average improvement on the COFFEE objective scores obtained by AIMSA. All scores (in percentage) are COFFEE scores, which measure the consistency between a multiple sequence alignment and the pairwise library. The COFFEE scores of the initial alignments (obtained from either ClustalW, SAGA or T-Coffee) and the final alignments (from AIMSA) are listed.

	Reference Set
	Initial score (ClustalW)
	Final Score
	Initial score (SAGA)
	Final Score
	Initial score (T-Coffee)
	Final Score

	Ref 1
	74.2
	79.9
	74.5
	80.5
	77.0
	81.7

	Ref 2
	84.1
	86.9
	86.1
	87.3
	86.3
	87.4

	Ref 3
	62.1
	65.6
	64.4
	66.2
	63.1
	66.5

	Ref 4
	57.8
	62.2
	57.5
	61.1
	61.6
	66.1

	Ref 5
	71.4
	75.3
	74.6
	77.1
	75.4
	75.5

	Average
	69.9
	74.0
	71.4
	74.4
	72.7
	75.4

	% Increment
	5.9
	4.2
	3.7


Although Table 1 shows that AIMSA performs well mathematically, the biological relevance of the alignments remains to be tested. To evaluate the alignment quality, we adopt the BAliBASE sum-of-pair (SP) scoring scheme. Given a multiple alignment, the SP scheme computes the percentage of amino acid pairs that occurs in the manually obtained reference alignments.  The improvements on SP scores by AIMSA are illustrated in Table 2.  The standard deviations of the scores are indicated as “StDev”.

Table 2. The average improvement on the alignment quality by AIMSA. All scores are BAliBASE sum-of-pair (SP) scores. Given a multiple alignment, a score of 100 indicates that all amino acid pairs in the core blocks are correctly aligned compared with the reference alignment. The definition of this sum-of-pair scoring scheme can be found in BAliBASE (Thompson, et al., 1999b).  The SP scores of the initial alignments (obtained from either ClustalW, SAGA or T-Coffee) and the final alignments (from AIMSA) are listed. StDev and Average are the standard deviations and averages of the alignment scores across the five reference sets, respectively.  Increment denotes the percentage of increment by AIMSA based on the initial score.

	Reference Set
	Initial score (ClustalW)
	Final Score
	Initial score (SAGA)
	Final Score
	Initial score (T-Coffee)
	Final Score

	Ref 1
	85.7
	85.6
	84.5
	84.5
	85.9
	85.9

	Ref 2
	93.3
	94.0
	94.2
	93.9
	93.3
	93.6

	Ref 3
	72.3
	78.4
	77.7
	79.4
	75.8
	80.2

	Ref 4
	82.1
	80.7
	78.0
	79.0
	93.9
	91.4

	Ref 5
	85.8
	87.9
	86.8
	88.9
	95.6
	96.3

	StDev
	7.6
	6.1
	6.8
	6.5
	8.2
	6.4

	Average
	83.8
	85.3
	84.2
	85.1
	88.9
	89.5

	% Increment
	1.8
	1.1
	0.7


Besides the improvement on the average scores, it is worth noting that the final SP scores are not always higher than the initial ones. For example, in Table 2, the initial SP score for the tests in Ref 1 obtained from ClustalW is 85.7; whereas the score for AIMSA optimized alignments is 85.6. This case is not found in Table 1 where the final scores are always higher than the initial ones. The explanation is that AIMSA, as an optimizer, merely attempts to improve the COFFEE objective scores; it does nothing to improve the BAliBASE SP scores, because the BAliBASE reference alignments are not available to AIMSA. In some cases, an alignment with higher COFFEE score might end up having lower biological significance (measured by the BAliBASE SP scores). Although rare, the inconsistency between the COFFEE scoring scheme and the alignment quality is the reason why a few final scores in Table 2 are lower than the initial ones.

As another test showing AIMSA’s capability to optimize a multiple alignment given “correct” guidance, we created COFFEE pairwise library from the BAliBASE reference alignments.  This manually produced pairwise library is fully consistent with the reference alignments.  Table 3 shows that indeed AIMSA is able to improve the initial alignments to ones that are very close to the reference alignments.

Table 3. The average improvement of AIMSA given a “correct” guidance. The scores shown here are BAliBASE SP score. Initial alignments are produced by ClustalW, SAGA or T-Coffee.  For each type of initial alignments we list its original SP scores as well as those refined by AIMSA.  The correct guidance is provided from a manually created pairwise library based on BAliBASE reference alignments. In other words, the COFFEE function now computes the consistencies between a working multiple alignment and the correct answer.

	Reference Set
	Initial score (ClustalW)
	Final Score
	Initial score (SAGA)
	Final Score
	Initial score (T-Coffee)
	Final Score

	Ref 1
	85.8
	93.0
	84.5
	91.3
	85.9
	95.2

	Ref 2
	93.3
	96.8
	94.2
	96.9
	93.3
	97.2

	Ref 3
	72.3
	85.8
	77.7
	86.8
	75.8
	90.6

	Ref 4
	82.1
	82.4
	78.0
	81.5
	93.9
	95.3

	Ref 5
	85.8
	88.3
	86.8
	90.0
	95.6
	97.2

	Average
	83.8
	89.3
	84.2
	89.3
	88.9
	95.1

	% Increment
	6.6
	7.0
	5.6


Table 4 shows the average time costs for each test across the five BAliBASE reference sets using ClustalW, SAGA, T-Coffee and AIMSA.  In this test AIMSA was refining alignments created by T-Coffee.

Table 4.  Comparison of the average time costs (in seconds) to complete a BAliBASE test in the five reference sets using ClustalW, SAGA, T-Coffee and AIMSA.  The initial alignments for AIMSA were created by T-Coffee.  Time cost of AIMSA doesn’t include the time that is used to create initial alignment.  All tests were performed on a 1.4GHz Pentium III computer. AIMSA is implemented in Java whereas the remaining three are in C program language.

	Reference Set
	ClustalW
	SAGA
	T-Coffee
	AIMSA

	Ref 1
	0.3
	338.9
	1.4
	11.3

	Ref 2
	2.1
	4479.1
	34.9
	322.4

	Ref 3
	2.6
	14905.5
	47.8
	884.5

	Ref 4
	0.8
	4108.5
	11.6
	201.8

	Ref 5
	0.7
	1443.5
	8.8
	197.8


4 Discussion

Table 2 shows that AIMSA may be used to refine alignments created from other basic alignment methods. AIMSA performs particularly well given a correct objective function as a guidance, as can be seen in Table 3. AIMSA has the most consistent performance with its lower standard deviation of scores (shown in Table 2) over different alignment categories. This suggests that, unlike many alignment programs that work well on certain types of data but poorly on others, AIMSA may be used to align multiple sequences of various combinations. 

We believe that the ability for AIMSA to obtain good alignments depends on good pairwise libraries and not very much on the initial or seed alignments. From Table 2, we found that the dependencies on various seed alignments (ClustalW, SAGA and T-Coffee) are relatively small. However, shown in Table 3, given a theoretically perfect pairwise library, larger improvement on alignment quality was indeed observed. This suggests that although better seed alignments still produce better final alignments, AIMSA as an optimization algorithm is able to reach the globally optimized solution regardless of which initial or seed solution is used.

Combined with the data from Table 4 we could make further comparisons between SAGA and AIMSA, both are iterative methods fore refining alignments.  The quality of the final alignments obtained by AIMSA is slightly higher (~1%) than that of SAGA.  Since they both rely on the same COFFEE scoring scheme, which is the essential factor for the quality of optimization, we may attribute AIMSA’s improvement to its unique features, such as to be able to jump off local optima.  The main difference between the two programs is their execution time: AIMSA is faster than SAGA, the speedup ranges from 10 to 30 over the five reference sets.  In addition, SAGA is implemented in C while AIMSA in Java, which has a lower runtime performance compared to C language.  

Comparing ClustalW and T-Coffee with AIMSA, AIMSA is 40 to 250 times slower than ClustalW, and 10 to 20 times slower than T-Coffee, as illustrated in Table 4.  Even assuming an implementation in C, AIMSA will still have a ten-fold speed disadvantage compared with ClustalW.  This is due to the progressive and the iterative nature these two programs respectively adopt.

The strength of AIMSA over ClustalW and T-Coffee is in the refining ability.  Although the edge is yet slim (1.8% over ClustalW and 0.7% over T-Coffee), AIMSA has a potential of improvement provided an enhanced objective function and extra biological information that could be used as a better guidance for the optimization.  Without a clear separation between the quality assessment and the alignment optimization, progressive approaches such as ClustalW need a redesign to take advantage of new data.

There are improving possibilities for AIMSA, the main source being the objective function.  Objective function is the soul of iterative algorithms in the sense that it determines the candidate move to be taken to improve the solution quality.  In multiple sequence alignment, objective function acts as the key factor to control the evolution of an alignment into a mature one.  The current COFFEE scheme that AIMSA adopted is yet to be improved.  It employs weighs based on the overall similarity of a pairwise alignment instead of on the substitution score of each pair of residues.  This leads to a possible overestimation on non-functionally related regions in similar sequences and an underestimation on functionally related regions in sequences having low overall similarities. 

A main disadvantage of AIMSA is being time-consuming, which stems from its iterative nature.  In the case of aligning large number of highly diversed sequences, the time cost could extend to several hours.  This weakness provides a strong incentive to make this program parallel in future efforts.  
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Before:


bga2_ecoli DIISTMYTRV------PLM--------NEFG-----EYP-HPKPRIICEY


bga1_klepn DIICPMYARVERDQPIPAV--------PKWGIKKWISLPGEQRPLILCEY


bga1_klula DIFSFMYPTF------EIMERWRKNHTDENG-----KF---EKPLILCEY


bga1_strtr DIESRMYAKPADIEEYLTT--------GKLVDLSSVSTNKPQKPYISCEY


After:


bga2_ecoli DIISTMYTRV------PLMNEFG-----EYP-H-PKPRIICEY


bga1_klepn DIICPMYARVERDQPIPAVPKWGIKKWISLPGE-QRPLILCEY


bga1_klula DIFSFMYPTFE------IMERWR-KNHTDENGKFEKPLILCEY


bga1_strtr DIESRMYAKPADIEEYLTTGKLVDLSSVSTNKP-QKPYISCEY





a


Sequence A: Someone hasreviewed this paper


Sequence B: Someone willpreview this paper


b


Sequence A: Someone has--reviewed this paper


Sequence B: Someone willpreview this paper


c


Sequence A: Someone hasreviewed---- this paper


Sequence B: Someone willpreview---- this paper


d


Sequence A: Someone has--reviewed-- this paper


Sequence B: Someone willpreview---- this paper


e


Sequence A: Someone has--reviewed this paper


Sequence B: Someone willpreview-- this paper





a


...GARFIELD THE VERY FAST CAT...


...GARFIELD THE LAST FAST CAT...


b


...GARFIELD THE VERY FAST CAT...


...GARFIELD THE LAST FAST CAT...





QDF01KHF


QDF23KHF


QDK4FPFF


AESGFKVF


EFK5F6TF


AKR7FSFF





Main Iteration: 


Loop B: 


Evaluate all possible gap-moves in the entire alignment. Adopt the best improving move.


Termination:


No improving gap-move can be found.





Detect and isolate well-aligned regions.





Loop C:


Evaluate all possible gap-moves in poorly aligned regions. Adopt the best improving move.


Termination:


No improving gap-move can be found.





If (no successful move found in Loop C)


{


For a user-defined number of iterations:


Randomly insert columns of gaps.





Loop D: 


Evaluate all possible gap-moves in the insertion-affected regions. Adopt the best improving move.


Termination:


No improving gap-move can be found.


}


Termination:


No improving gap-move can be found in Loop D.
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