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Abstract: In this paper, we present a new progressive multiple sequence alignment algorithm called Pro-
malign. Our algorithm introduces the approached profile sequence a new definition of profile that aim to 
conserve similar residues in the alignment. The approached profile sequence is used to compute a new 
distance called approached profile distance. We present also a new score function between profiles and a 
new refinement algorithm. We assess our program Pro-malign on different datasets extracted from 
different benchmarks of protein sequences and we compare the scores obtained to other scores of the most 
efficient multiple sequence alignment programs.  
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1. State of The Art 

Multiple Sequence Alignement (MSA) is an important task in bioinformatics. Indeed, It allows the 

comparison of biological  sequences (i.e., DNA, RNA, or protein). It can reveal structural and functionnal 

informations from a set of biologic sequences. It can help also used to extract conserved regions, construct a 

evolutionary tree, detect interactions between sequences and assemblly of genome assembly. Produce 

accurate alignments still an important way for most reserch study. Multiple sequence algrnment consists in 

optimisation the number of matches between the sequeces. Multiple Sequence Alignement is a NP-complet 

problem [1]. There are two principle approaches to resolve this problem:  

1) Iterative approach: by using this approach, we iteratively apply a set of modifcations to a random initial 

multiple sequence alignment. These modifications are repeated until a convergence, i.e., no 

improvement made on the current alignment. . We can also fixed the iteration number. Several 

algorithms adopting iterative approach and using different methods to modify the initial multiple 

sequence alignment are defined Among iteratif algorithms, we mention [2]-[5]. 

2) Progressive approach: by using this approach, the multiple sequence alignment is gradully built 

following an order definied by a guide tree. Algorithms using this approach works in four steps : 

a) In the first step, we compute distances between each pair of sequences and we store these distances in 

a matrix called distance matrix. Different distances were defined. Among these distances, we mention 

[6]-[12]. 

b) The second step conssists to construct a guide tree using the distance matrix of the first step. The guide 

tree defines the branching order for aligning sequences. UPGMA [13] and Neighbor-Joining [14] are 

the two algorithms used for guide tree construction. 
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c) In the third step, we align sequences following the branching order of the guide tree. In this step, we 

used profile for aligning alignment [15].  

d) The last step or Refinement step:, we improve the multiple sequence alignment score by applying 

iteratively a set of operations, i.e., iteratively construction of the guide tree, randomly subdiving the 

multiple alignment on two profiles then realinging these profiles. Differents refinement techniques 

have been developed [16]. 

Among multiple sequence alignment algorithms using progressive approach, we mention CLUSTALW [17], 

T-COFFEE [18], MAFFT [7], MUSCLE [6] ProbCons [8], Gramalign [9], MSAProbs [10], Motalign [19], GLProbs 

[12] and Clustal Omega [20]. 

2. Preliminaries 

Let f = {w1, w2,. . . , wN} a set of N sequences, "-" is the symbol to represent a gap in a sequence. |wi| is the 

length of a sequence wi, i.e., the characters number in this sequence. A profile is a set of sequences aligned in 

the progressive process.  

The profile sequence is a consensus sequence constructed from a multiple sequence alignment by selecting, 

for every column of the alignment, the character that its appearance frequency is greater than the average of 

sequences number.  

3. Approached Profile Distance 

We define a new distance called approached profile distance using the same approach defined by 

Mokaddem and Elloumi [11]. By adopting this approach, we assign a distance to each pair of sequences, 

from an initial set of sequences, after comparing the pairwise alignment of these sequences to each 

sequences of the set. In order to compute our new distance, we introduce a new definition i.e., the 

approached profile sequence. Our new definition promote identity and similarity conservation in pairwise 

sequence alignment instead of identity in profile. Indeed, when we construct a profile of pairwise sequence 

alignment we select for each column the residue that appear in each column, otherwise we select a gap. 

However, similar characters can appear in the columns. These similarities are ignored and replaced by a gap 

character. In our case, we choose to conserve this similarity in the profile and we present a new profile 

sequence called the approached profile sequence, which consist to select for columns, that similar characters 

are aligned, the character that have the maximum occurrence number in the two sequences. We construct 

the approached profile sequence as follows: Let w1 and w2 be two sequences. First, we construct a pairwise 

sequence alignment using the Needleman and Wunsch algorithm [21]. Then, for each column of the 

pairwise alignment:  

a) if two residues aligned in the same column are identical, we select this character. 

b) Otherwise, the two residues are similar; we select the one, which appears the most in the two 

sequences. This residue represents the current column of the two sequences. Two residues are similar 

if they belong to the same compressed groups of residues [9].  

c) Else, we select the gap character. 

We present below the difference between profile sequence and approached profile sequence.  

 
 
 

Fig. 2. Approached profile. 
sequence 

Fig. 1. Profile sequence. 
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We used the approached profile to compute the new distance that aim to attribute a most import weight 

to the sequence that their pairwise alignment conserve the maximum number of similarity and identity in 

the other sequence of the set. 

To calculate the approached profile distance between two sequences, we proceed in the following way: 

d) During the first step, we align the two sequences wi and wj and then constructs the approached 

profile sequence using the definition before. 

e) During the second step, we compare the approached profile sequence with the other N-2 sequences of 

the initial and we compute the approached profile using the formula (1) below. 

 

                                                               (1) 

 

where wp is the approached profile sequence of w1 and w2, N is the number of sequences, α is the number of 

occurrence of the different residues of wp appearing in wk, β is the occurrence of residues in the sequence 

wk appearing in wp. 

4. MSC Score Function 

In this section, we present our new score function, called MSC, between pairs of columns in order to align 

alignment in the progressive process. By adopting our new score function MSC; we assign a higher score to 

the two columns of the two alignments that are the most similar.  In order to assign a score for a pair of 

columns c1 and c2, we operate as follows:  

(i) First, we compute the SP [22] scores of the two columns. 

(ii) Then, we find the major residue, i.e., the residue that has more occurrences in both columns. Then, we 

find similar residue to major residue in both columns. We compute the MSC score between two columns c1 

and c2 using the following formula: 

 

 MSC (c1, c2) = (α+β) * SP (c1, c2) (2) 
 

α is the occurrence number of the major residue in both columns, β is the occurrence of similar residue to 

the major residue. 

Otherwise, i.e., no major residue, we find the number of similar residues that have the highest number of 

occurrences by using the compressed groups of residues [9]. In this case, MSC score is computed as follows:   

 MSC (c1, c2) = (β) * SP (c1, c2)  (3) 
 

β is the highest occurrence number of similar residues. 

5. Refinement Algorithm 

In this section, we present our refinement algorithm that aim to ameliorate the multiple sequence 

alignment score. Our algorithm operates as follows: First, we create from the multiple sequence alignment 

two new families of sequences. Then, we construct the multiple sequence alignment for each family. Finally, 

we align the multiple sequence alignment for each family by adapting the Needleman and Wunsch algorithm 

to aligning multiple sequence alignment using the MSC score function between columns instead of the 

substitution matrix.  

The process used to create the two families in the first step:  
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1) First, we construct a distance matrix from the initial multiple sequence alignment using our new 

approached profile distance.  

2) Then, we select the two most divergent sequences, i.e., having the maximum approached profile 

distance in the distance matrix. We assign each sequence in a different family. Thus, we obtain two new 

families sequences formed each of them by on sequence. These two sequences are be called original 

sequence.  

3) Then, we compute the SP scores between each sequence of the initial set and the original sequence 

of each family using the pairwise alignment of these two sequences extracted from the current multiple 

sequence alignment.  

4) Finally, we add each sequence to the family, that the corresponding SP score with the original 

sequence is greater. Thus, we obtain two new families of sequences. 

6. Pro-malign Algorithm 

The algorithm Pro-malign operates as follows: 

1) During the first step, we compute the approached profile distances between each pair of sequences 

and we store these distances in the distances matrix. 

2) During the second step, we adopt the UPGMA algorithm to construct a guide tree using the distance 

matrix of the first step. 

3) During the third step, we follow the branching order obtained by the guide tree to construct the initial 

multiple sequence alignment by using our MSC score function and the adaptation of the Needleman 

and Wunsch algorithm to align profile. 

4) During the fourth step, we apply our refinement algorithm. 

7. An Illustrative Example 

We used a set of test sequences family, which is applied by several algorithms in the literature. Let be a set 

of 4 sequences. 

w1: TYIMREAQYESAQ ; w2:TCIVMREAYE;  w3: YIMQEVQQER; w 4 : WRYIAMREQYES 

During the first step, we compute the approached profile distance between each pair of sequences  

 
Then, we construct a guide tree using the distance matrix as showing in Fig. 3. 

 

Fig. 3. Guide tree. 
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Then, we construct the multiple sequence alignment following the branching order of the guide tree and 

we obtain the following initial multiple sequence alignment as shown in Fig. 4. 

 

 
Fig. 4. Multiple sequence alignment before refinement. 

 
Finally, we apply the refinement step algorithm and we obtain the final multiple sequence alignment 

below in Fig. 5. 

 

Fig. 5. Multiple sequence aligNMent after refinement. 

8. Experimental Study 

In order to assess Pro-malign performances, we used different datasets extracted from different 

benchmarks for protein sequences. We used the following benchmarks: BALIBASE [23], OXBENCH [24], 

PREFAB [6] and HOMSTRAD [25]. We compared the results of Pro-malign with the most efficient and the 

most used multiple sequence alignment programs namely, CLUSTALW [17], MUSCLE [6], MAFFT [7], Clustal 

Omega [20] and T-COFFEE [18] using the same datasets. In order to compare alignments, we used the Sum 

of Pairs Score (SPS) [26] and the Column score (CS) [26] for BALIBASE. The results of SPS and CS obtained 

with a datasets from BALIBASE are respectively represented in Table 2 and Table 3. However, we used Q and 

TC scores for OXBENCH, PREFAB and HOMSTRAD. TC score and Q score correspond respectively to the CS 

and SPS of the BALIBASE benchmark. We used the bali_score [26] program that generates SPS and CS scores 

based on predetermined reference alignments.  

For OXBENCH, PREFAB and HOMSTRAD benchmarks, we computed the Q and TC scores, using the Q-

score [6] program. Table 1 represents the average of TC and Q of several datasets extracted from OXBENCH. 

Table 4 and table 5 represents respectively Q and TC scores obtained with a datasets extracted from 

HOMSTRAD. 

 For PREFAB benchmark, the comparison is realized between two pairwise sequences alignments instead 

of two multiple sequences alignments. Thus, Q and TC scores presented in Table 6 are the same.  

We used GeneDoc [27] software to convert FASTA format to files with MSF format in order to compute the 

SPS and CS of each alignment. We used the following parameters:  

 Gap opening Penalty=10, Gap extension Penalty= 3, 
 Substitution Matrix: Blosum62 [28], Blosum80 [28] and VTML200 [29].  

 
Table 1. Scores Obtained with Oxbench  

Scores MUSCLE CLUSTALW MAFFT Pro-malign 

TC 75,61 75,63 74,87 76,43 
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Q 61,68 63,82 61,45 64,22 

 
Table 4. Q Scores Obtained with Homstrad 

Datasets 
Clustal 

mega 
T-COFFEE MAFFT MUSCLE Pro-malign 

rep 782 764 782 761 799 

ANK 231 236 775 808 830 

UBQ 1 986 1 1 1 

protg 493 539 536 493 571 

xia 981 981 977 981 979 

MIF 982 965 965 965 965 

ACPS 303 484 342 382 470 

Invasin 670 758 747 747 718 

S_100 905 873 875 986 986 

RRF 897 896 900 900 899 

 
 

Table 5. TC Scores Obtained with Homstrad 

Datasets 
Clustal 

Omega 
T-COFFEE MAFFT MUSCLE Pro-malign 

rep 533 520 533 507 587 

ANK 7,94 0 690 714 754 

UBQ 1 973 1 1 1 

protg 15,6 109 109 15,6 156 

xia 947 942 939 947 942 

MIF 947 947 947 947 947 

ACPS 18,2 282 191 164 327 

Invasin 557 670 639 639 660 

S_100 745 673 694 979 979 

RRF 796 801 801 801 801 

 

Table 6. Q/TC Scores Obtained with Prefab 

Datasets Clustal Omega MAFFT MUSCLE Pro-malign 

1prtF_2bosA 0 0 106 288 

1cmbA_1mjoB 919 919 919 919 

1fmb_2hpeA 929 929 929 949 

1evsA_1lki 579 566 179 738 

1aqzA_9rnt 660 660 553 585 

1debA_1fe6A 0 0 231 231 

1eaiC_1ate 929 911 911 964 

1hmcB_1jli 167 156 117 729 

1exzA_1hmcB 539 626 626 530 

1f53A_1g6eA 711 855 737 803 

1d2iA_1es8A 906 922 922 922 

 

In several datasets extracted from different benchmarks cases, we obtained better scores than those of 

typical multiple alignment programs. Thus, our program can gives the best multiple sequences alignment 

for several datasets from different benchmarks for protein sequences. 

9. Conclusion and Perspectives 
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In this paper, we presented the approached profile sequence a new consensus sequence that conserve not 

only identity but also similarity between pairwise alignment. We used the approached profile to compute a 

new distance approached profile distance. We present also the MSC score function between columns for 

aligning alignment and finally a new refinement algorithm. We integrate our new methods in a new 

multiple sequence alignment algorithm, called Pro-malign. We benchmarked Pro-malign on different 

datasets extracted from different benchmarks of protein sequences. We obtained good results for different 

datasets.  

As a future work, we plan to apply our algorithm on different other benchmarks of protein, DNA and RNA 

sequences; we plan to improve experimental results by improving refinement step to detect error on the 

alignment or regions.  
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