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Abstract—The multiple sequence alignment is a well-known 

bioinformatics problem that consists in the alignment of three or 
more biological sequences (protein or nucleic acid). In the litera- 
ture, a number of tools have been proposed for dealing with this 
biological sequence alignment problem, such as progressive meth- 
ods, consistency-based methods, or iterative methods; among 
others. These aligners often use a default parameter configuration 
for all the input sequences to align. However, the default con- 
figuration is not always the best choice, the alignment accuracy 
of the tool may be highly boosted if specific parameter configu- 
rations are used, depending on the biological characteristics of 
the input sequences. In this paper, we propose a characteristic- 
based framework for multiple sequence aligners. The idea of the 
framework is, given an input set of unaligned sequences, extract 
its characteristics and run the aligner with the best parame- 
ter configuration found for another set of unaligned sequences 
with similar characteristics. In order to test the framework, 
we have used the well-known multiple sequence comparison by 
log-expectation (MUSCLE) v3.8 aligner with different bench- 
marks, such as benchmark alignments database v3.0, protein 
reference alignment benchmark v4.0, and sequence alignment 
benchmark v1.65. The results shown that the alignment accu- 
racy and conservation of MUSCLE might be greatly improved 
with the proposed framework, specially in those scenarios with a 
low percentage of identity. The characteristic-based framework 
for multiple sequence aligners is freely available for downloading 
at http://arco.unex.es/arl/fwk-msa/cbf-msa.zip 

Index Terms—Characteristics-based, multiple sequence align- 
ment (MSA), particle swarm optimization (PSO). 

 

 

I. INTRODUCTION 

ULTIPLE sequence alignment (MSA) [1] is the simul- 

taneous alignment among three or more biological 

sequences (nucleotides or amino acids). The main goal of 
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MSA is to reflect biological relationships among different 

sequences, that is, MSA is an important first step to infer 

phylogenetics relationships [2], [3]. In addition, MSA is com- 

monly used to provide biological facts about proteins—a well-

conserved alignment implies further biological signifi- cance 

[4]. Therefore, an accurate MSA is highly valuable in the 

formulation and test hypotheses about protein 3-D structure and 

function, because it allows us to determine those regions of a 

gene that are susceptible to mutation. 

Besides the classical exact methods, such as dynamic pro- 

gramming, a number of approaches for solving the MSA 

problem has been proposed in the literature. We can dis- 

tinguish three main groups: 1) progressive-based methods; 

2) consistency-based methods; and 3) iterative refinement 

methods. 

The progressive-based methods were the first practical 

strategies applied to this problem [5]. They are a fundamental 

pillar in recent MSA approaches. Progressive-based methods 

start calculating a distance matrix from every pair of the given 

sequences. Then, a guide tree is built by using any hierar- 

chical clustering algorithm, such as unweighted pair group 

method with arithmetic mean (UPGMA). Finally, the align- 

ment is obtained by following the guide tree. Among the 

most important progressive-based tools are: Clustal W [6], 

PRANK [7], fast statistical alignment (FSA) [8], Kalign [9], 

and DIALIGN-TX [10]. 

The   consistency-based   methods   construct   a   database 

of local and global alignments between each pair of 

sequences that helps to build an accurate multiple align- 

ment among all the given sequences. The main consistency- 

based methods published are: tree-based consistency objec- 

tive function for alignment evaluation (T-Coffee) [11], 

probabilistic consistency-based MSA (ProbCons) [12], and 

MSAProbs [13]. 

The idea behind the iterative refinement methods is to fix 

any possible erroneous gap inserted at an early stage of a 

progressive alignment. These methods start by constructing 

an initial alignment by using a progressive method; then, 

the obtained guide-tree is divided into two subtrees which 

are realigned in order to improve the accuracy of the align- 

ment. This step is repeated until no further improvements are 

found or until a predefined number of iterations is reached. 

In the literature, we find the following iterative refinement 

methods: multiple sequence comparison by log-expectation 

(MUSCLE) [14], multiple alignment using fast Fourier trans- 

form (MAFFT) [15], ProbCons [12] (it allows the option of a 

final iterative refinement), and MUMMALS [16]. 

http://arco.unex.es/arl/fwk-msa/cbf-msa.zip
mailto:arl@unex.es
mailto:lvanneschi@novaims.unl.pt
mailto:mcastelli@novaims.unl.pt
mailto:mavega@unex.es
http://ieeexplore.ieee.org/
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All these methods proposed a default parameter config- 

uration for reasonably aligning any input set of unaligned 

sequences with a certain level of accuracy and conserva- 

tion. However, the default configuration is far from being 

the best choice, the alignment accuracy and conservation of 

the method may be highly boosted if an specific parameter 

configuration is used, taking into account the biological char- 

acteristics of the input sequences. In this paper, we propose a 

characteristic-based framework for improving the performance 

of any multiple sequence aligner. The input of the frame- 

work are two files: 1) set of unaligned sequences (dataset) 

and 2) characteristics-configuration file. The characteristics- 

configuration file depends on the aligner, and contains the best 

parameter configuration of the aligner for a number of datasets 

with different characteristics. Therefore, our proposed frame- 

work runs the aligner with the best parameter configuration 

found for a dataset with similar characteristics, boosting the 

alignment accuracy and conservation as a result. 

All in all, the major contributions of this paper include the 

following. 
1) A characteristic-based framework for improving the 

2) Aligned Sequences (Output): 

s∗1: GDNI-SDDEDEV (25). 

s∗2: KQLTQDDDTDEV-EIAVD (25). 

s∗3: ACRK-NDDGDTVVVVEKDHFMDDFF (25). 

To assess the quality of a test alignment with respect to 

a reference alignment, we take into account two well-known 

scoring methods [14]. 

1) Q-Score (Also Known as Sum-of-Pairs Score): Let us 

consider a test alignment of N sequences consisting of 

M columns. The ith column in the alignment is denoted 

by Ai1, A i 2 ,..., Aik. For each pair of residues Aij and 

Aik, we define pijk such that pijk    1 if the residues 

Aij and Aik are aligned with each other in the reference 

alignment; otherwise, pijk 0. The score qi for the ith 

column is defined as 
 

qi = pijk. (1) 

j=1 k=1,j/=1 

The Q-score for the alignment is equal to 

accuracy and conservation of any MSA method. 
M    qi

 

Q = . 
i=1 

 

 

 

(2) 

2) A description of characteristics for describing the prop- 
erties of biological sets of unaligned sequences. 

3) A case-study that proves the effectiveness of the frame- 

work by using the well-known MUSCLE. 

The rest of this paper is organized as follows. In Section II, 

we present the MSA problem. A detailed description of the 

characteristic-based framework is presented in Section III. 

Section IV is devoted to present a case-study for proving the 

power of the proposed framework and a comparison with other 

approaches published in the literature. Finally, the conclusions 

and future works are presented in Section V. 

 
II. MULTIPLE SEQUENCE ALIGNMENT 

MSA is an alignment of more than two sequences and is 

considered an NP-complete optimization problem [17]. The 

MSA problem can be defined as follows: given a set of 

sequences S :  s1, s 2 , . . . ,  sN of lengths s1 , s2 , . . . ,  sN 

defined over an alphabet Σ (e.g., the nucleotides or the amino- 

acids alphabets), an MSA of S is defined as S∗ :  s∗
1, s

∗
2, . . . , s∗

N 

where   s1 s2 ...  sN   and S∗ is defined over the 

alphabet Σ with denoting an additional gap symbol. 

In this way, a multiple alignment is obtained by adding 

gaps to the sequences of S so that their lengths become the 

same. By considering a matrix representation, rows correspond 

to sequences, while columns represent aligned symbols. Each 

column of an alignment must contain at least one symbol of Σ, 

(i.e., a column with all gaps is not allowed). According to [17], 

the complexity of finding an optimal alignment is O(N2NLN), 

where N is the number of sequences and L is the max( s1 , 

s2 , .. ., sN ). 

In the following, we present an example of MSA. 

1) Unaligned Sequences (Input): 

s1: GDNISDDEDEV (11). 

s2: KQLTQDDDTDEVEIAVD (17). 

s3: ACRKNDDGDTVVVVEKDHFMDDFF (24). 

Mr i=1 

where Mr is the number of columns in the reference 

alignment and qri is the score qi for the ith column in 

the reference alignment. 

2) Total Column Score (TC-Score): Let us define a Ci score 

for the ith column in the alignment: Ci 1 if all the 

residues are aligned with the reference alignment; oth- 

erwise, Ci    0. The TC-score for the test alignment is 

then calculated as follows: 

M 

TC i= . (3) 
M 

 
III. METHODS 

In this section, we describe the characteristic-based frame- 

work, detailing all the required implementation aspects. 

In the first place, we describe the main characteristics that 

will be extracted from a set of unaligned sequences. A total 

of ten characteristics have been selected. We divide them in 

three different groups. 

1) Characteristics A: 

A1. Number of unaligned sequences. 

A2. Average length of the unaligned sequences. 

A3. Standard deviation of the length. 

2) Characteristics B: 

B1. Average Kimura distance (evolutionary distance) 

between each pair of unaligned sequences. 

B2. Standard deviation of the Kimura distance. 

3) Characteristics C: 

C1. Percentage of amino-acids with electrically 

charged side chains (positive): R, H, and K. 

C2. Percentage   of    amino-acids    with    electrically 

charged side chains (negative): D and E. 

C3. Percentage of amino-acids with polar uncharged 

side chains: S, T, N, and Q. 

qri 



  

 

 

 

 

 
 

Fig. 1. Generation of a new line (characteristic and its corresponding parame- 
ter configuration) to be stored in the characteristic-configuration file by using 
a PSO algorithm. 

 

 
C4. Percentage of special amino-acids cases: C, U, 

G, and P. 

C5. Percentage of amino-acids with hydrophobic side 

chains: A, V, I, L, M, F, Y, and W. 

The features within the group A refers to the number and 

length of the unaligned sequences. Within the group B, we find 

the features regarding the evolutionary distance between each 

pair of unaligned sequences (average and standard deviation). 

Finally, in the group C we find the side-chain features (in %): 

weak acid (positive), weak base (negative), polar, special, and 

hydrophobic. 

As we mentioned before, the characteristic-based frame- 

work receives an input file that we denote as characteristic- 

configuration file. This file stores several independent lines, 

where each line consists of the ten aforementioned biologi- 

cal characteristics and the best-parameters-configuration of the 

input aligner. The line structure is 

A1-A3;B1-B2;C1-C5;<configuration>. 

In this paper, to obtain the best parameter configuration 

of a given set of unaligned sequences, we used the particle 

swarm optimization algorithm (PSO, [18]) because it is a well- 

known evolutionary algorithm based on swarm intelligence 

that has demonstrated over the years a very good behavior 

on discrete [19] and continuous [20], [21] optimization prob- 

lems. However, any approach may be used for configuring 

the aligners, such as the statistical method i-race [22], some 

other specific metaheuristics like ParamILS [23], or other evo- 

lutionary approaches based on information learning like the 

artificial bee colony algorithm based on information learning 

(ILABC) [24] or genetic learning PSO (GL-PSO) [25]. 

The input parameters of the PSO are: set of unaligned 

sequences, reference aligned set of sequences (true alignment), 

aligner binary program, list of parameters to optimize, and 

upper and lower bounds of the parameters. In the PSO, to 

quantify the agreement between the true alignment and the 

alignments obtained by the aligner, two measures of accu- 

racy (Q and TC [14]) are employed to maximize the objective 

function 

ObjectiveFunction = (0.5 ∗ Q) + (0.5 ∗ TC). (4) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 2. Illustrative procedure of the characteristic-based framework for 
multiple sequence aligners. 

 

 

Finally, the output of the PSO algorithm will be the param- 

eter configuration that produces the closest alignment to the 

given true alignment. In Fig. 1, we illustrate the procedure 

to generate a new line (characteristic and its corresponding 

parameter configuration) to be stored in the characteristic- 

configuration file. 

In Fig. 2, we present the illustrative procedure of the 

characteristic-based framework. In the following, we describe 

the steps of the framework. 

Step 1: Extract the characteristics of the input set of 

unaligned sequences, that is to say, the three 

groups: A, B, and C. 

Step 2: Normalize the characteristics A, B, and C of the 

input set and also the characteristics A, B, and C 

included in the characteristic-configuration file. 

Then, compute the Euclidean distance between the 

characteristics A of the input set of sequences and 

every configuration stored in the characteristic- 

configuration file, with the aim of obtaining the 

closest parameter configuration in terms of char- 

acteristics A, we refer to it as PA. Repeat the 

process with the other two groups of characteristics 

(B and C), in order to obtain two more parameter 

configurations (PB and PC). 

Step 3: Run the aligner with PA, PB, PC and also with the 

default parameter configuration. 

Step 4: Evaluate the four alignments, and return the align- 

ment with the highest accuracy and conservation. 

Running the aligner with the default parameter options 

ensures a certain level of alignment accuracy, at least as good 
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TABLE I 
PARAMETERS  OF  MUSCLE 

 

 

 

 

as default. It is clear that the framework will be slower than the 

aligner, but it will not be a problem if the obtained improve- 

ment is worthy. The closest parameter configuration in terms of 

characteristics A, B, and C simultaneously was tested, obtain- 

ing low-quality alignments; therefore, it was not included in 

the framework. 

The PSO algorithm was written in C and the characteristic-

based framework consists of a combination of C++ programs 

and shell-scripts. The C++ implementations 

TABLE II 
COMPARISON BETWEEN THE DEFAULT PARAMETER CONFIGURATION OF 

MUSCLE AND THE BEST PARAMETER CONFIGURATION FOUND BY THE 

PSO ALGORITHM. NOTE THAT, THE AVERAGE ACCURACY (Q) AND 

CONSERVATION  (TC) INDICATORS  ARE  IN  PERCENTAGE  (%), 
AND  THE  CPU TIME  IS  PRESENTED  IN  SECONDS 

 
 

  
 

 

 
      

 
 

 

 
were run using g++ (GCC) 4.4.7 and the machine used was a 

2.3 GHz Intel PC with 1GB RAM (Scientific Linux 6.6). 

 

IV. RESULTS 

This section is devoted to show the effectiveness of 

the proposed characteristic-based framework. The MUSCLE 

v3.8 [14] is the selected aligner for proving the performance 

of the proposed framework, we refer to it as fwk-MUSCLE. 

We have selected MUSCLE because it is a fast, accurate, and 

easy-to-use aligner and one of the most widely-used meth- 

ods in biology. According to its website [26], MUSCLE is 

cited by seven new papers every day. In Table I, we list the 

parameters of MUSCLE optimized by the PSO algorithm, 

including a description and the lower and upper bound of 

each one. 

In order to estimate the improvement of quality gained by 

MUSCLE using the proposed characteristic-based framework, 

diverse protein benchmark databases were used. 

1) Benchmark Alignments Database (BAliBASE) v3.0 [27]: 

This benchmark defines a total of 218 sets of sequences 

(extracted from the protein data bank) that are prepared 

to be aligned by MSA approaches. All the sequences 

were extracted from the protein data bank [28]. It divides 

the 218 sets of sequences in six subsets according to 

their families and similarities: RV11 (very divergent 

sequences, <20% residue identity. 38 sets of sequences), 

RV12 (medium to divergent sequences, 20%–40%, 44 

sets of sequences), RV20 (families with one or more 

highly divergent sequences, 41 sets of sequences), RV30 

(divergent subfamilies, 30 sets of sequences), RV40 

(sequences with large terminal N/C extensions, 49 sets 

of sequences), and RV50 (sequences with large internal 

insertions, 16 sets of sequences). 
2) Protein Reference Alignment Benchmark (PREFAB) 

v4.0 [14]: It is a collection of 1680 alignments. In 

PREFAB, two unrelated protein sequences are aligned 

by an structural-based algorithm. Then, each of these 

sequences is used to query a database by position- 

specific iterative basic local alignment search tool [29], 

retrieving high related sequences. The two targets and 

the resulting sequences are then combined in an MSA 
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Fig. 4. Visual comparison among the different aligners in the 218 sets of 
BAliBASE v3.0. Note that, a “*” indicates those aligners with higher accuracy 
or conservation than fwk-MUSCLE, while a “ ” refers to those aligners with 
lower CPU time (s) than fwk-MUSCLE. (a) Q (%) and TC (%). (b) CPU 
time (s). 

 

 
 

 

 
Fig. 3. Euclidean Distance comparison. (a) Euclidean distance between 
the default configuration of MUSCLE and each best-parameters-configuration 
found by PSO for the 218 datasets of BAliBASE v3.0 (stored in the 
characteristic-configuration file). (b) Euclidean distance between each pair of 
best-parameters-configurations stored in the characteristic-configuration file. 
Note that, given two parameters-configurations, a lower value of Euclidean 
distance indicates a higher level of similarity between them. 

 

 

in order to build the reference alignments. The reference 

quality is assessed on the original pair of sequences, by 

comparing with their structural alignment. In our experi- 

ments, we divide the 1680 sets in four groups according 

to the identity (Id): a) [0%–10%) (102 sets, where 

0%       Id < 10%); b) [10%–20%) (702 sets, where 

10%      Id < 20%); c) [20%–40%) (658 sets, where 

20%       Id < 40%); and d) [40%–100%] (218 sets, 

where 40%    Id     100%). 

3) Sequence Alignment Benchmark (SABmark) v1.65 [30]: 

It consists of 423 sets of sequences. These sets are 

divided in two groups: a) Twilight (108 sets) and 

b) Superfamily (315 sets). On one hand, the sequence 

similarity in the Twilight group is very low, between 

0%–25% identity. On the other hand, in the Superfamily 

group, the sequences share at most 50% identity. 

To create the characteristic-configuration file, we have used 

the 218 sets of sequences included in the BAliBASE v3.0. The 

choice of using BAliBASE was based on the fact that in this 

benchmark the alignments are based upon protein 3-D struc- 

ture super-positioning and are manually refined in order to 

ensure higher alignment quality than a pure automated method. 

This property can be seen as one of the main quality character- 

istics of BAliBASE, but it can also be considered as a source 

of subjectivity due to the expert refinement [31]. After obtain- 

ing the best parameter configuration of MUSCLE by using 

the procedure of Fig. 1, the results (in terms of Q, TC, and 

CPU time) obtained by the default configuration and the best 

configuration are presented in Table II. The parameter config- 

urations found by PSO for the 218 sets of BAliBASE not only 

produces a noticeable improvement of Q and TC, but also the 

CPU time (in seconds) has been reduced. 

In PSO, we optimize 20 parameters of MUSCLE (see 

Table I); therefore, the default configuration and each 



 

 

 

  

 

TABLE III 

BALIBASE V3.0 COMPARISON AMONG FWK-MUSCLE, DEFAULT MUSCLE [14], AND OTHER APPROACHES PUBLISHED IN THE LITERATURE. THE 

AVERAGE ACCURACY (Q)  AND  CONSERVATION  (TC)  INDICATORS  ARE  IN  PERCENTAGE  (%);  THE  CPU  TIME  INDICATES  THE  REQUIRED  TIME  TO 

ALIGN THE 218 DATASETS (IN SECONDS). NOTE THAT, THE ALIGNMENTS HAVE BEEN  SUBDIVIDED ACCORDING TO FAMILIES: RV11, RV12, 
RV20, RV30, RV40, AND  RV50; THE  NUMBER  OF  MULTIPLE  ALIGNMENT  FILES  IN  EACH  SUBSET  IS  GIVEN  IN  PARENTHESES 

 
 

 
 

        
 

 
 

 

 
TABLE IV 

PREFAB V4.0 COMPARISON  AMONG  FWK-MUSCLE, DEFAULT 

MUSCLE [14], AND  OTHER  APPROACHES  PUBLISHED  IN  THE 

LITERATURE. THE AVERAGE ACCURACY (Q AND TC ARE IDENTICAL) 
INDICATOR IS IN PERCENTAGE (%); THE CPU TIME INDICATES THE 

REQUIRED TIME TO ALIGN THE 1680 DATASETS (IN SECONDS). NOTE 

THAT, THE ALIGNMENTS HAVE BEEN SUBDIVIDED ACCORDING TO 

SEQUENCE   IDENTITY   RANGES: [0%–10%),   [10%–20%), [20%–40%), 
AND  [40%–100%]; THE  NUMBER  OF  MULTIPLE  ALIGNMENT 

FILES  IN  EACH  SUBSET  IS  GIVEN  IN  PARENTHESES 

 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

best-parameters-configuration stored in the characteristic- 

configuration file represent a tuple with 20 values. We 

have measured the Euclidean distance between the default 

configuration tuple of MUSCLE and each best-parameters- 

configuration tuple found by PSO for the 218 datasets 

of BAliBASE v3.0. As we can see in Fig. 3(a), in 

 
TABLE V 

SABMARK  V1.65 COMPARISON  AMONG  FWK-MUSCLE,  DEFAULT 

MUSCLE [14], AND  OTHER  APPROACHES  PUBLISHED  IN  THE 

LITERATURE. THE AVERAGE ACCURACY (Q) AND CONSERVATION (TC) 
INDICATORS ARE IN PERCENTAGE (%); THE CPU TIME INDICATES THE 

REQUIRED TIME TO ALIGN THE  423  DATASETS  (IN  SECONDS).  NOTE 

THAT, THE ALIGNMENTS HAVE BEEN SUBDIVIDED ACCORDING TO 

FAMILIES: TWILIGHT  AND  SUPERFAMILY; THE  NUMBER  OF  MULTIPLE 

ALIGNMENT  FILES  IN  EACH  SUBSET  IS  GIVEN  IN  PARENTHESES 

 
 

 
 

      
 

 
 

 

 

almost all the datasets of BAliBASE, the best-parameters- 

configuration found by PSO is different from the default 

parameter configuration of MUSCLE. On the other hand, 

we have also measured the Euclidean distance between each 

pair of best-parameters-configuration tuples stored in the 

characteristic-configuration file. As we can see in Fig. 3(b), the 

best-parameters-configurations are also different among them. 
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Fig. 5. PREFAB v4.0 visual comparison among the different aligners. Note 
that, a * indicates those aligners with higher accuracy than fwk-MUSCLE, 
while a refers to those aligners with lower CPU time (s) than fwk-MUSCLE. 
(a) Q (%) and TC(%). (b) CPU time (s). 

 

 

The required running time of PSO for obtaining the 

characteristic-configuration file was 612 243 s. As we can see, 

the running time for obtaining the characteristic-configuration 

file is high; however, the parameter optimization of MUSCLE 

is already done (the users will not suffer this initial overhead) 

and a characteristic-configuration file is freely available1 for 

potential users of the characteristic-based framework. 

The characteristic-configuration file was created by using 

BAliBASE; therefore, a total of 218 independent best- 

parameters-configurations are stored in the configuration file. 

To fairly validate the proposed characteristic-based framework 

in the BAliBASE benchmark, we have employed the leaving 

1-out cross validation strategy. 

In order to prove the effectiveness of the proposed 

characteristic-based framework, we compare the default 

MUSCLE, the characteristic-based MUSCLE (fwk- 

MUSCLE), and other   well-known   approaches   published 

in the literature. The approaches involved in the study are: 

Clustal W [6] (v2.1), DIALIGN-TX [10] (v1.0.2), FSA 

and FSA with the -maxn option [8] (v1.15.9), Kalign2 [9] 

 

1arco.unex.es/arl/fwk-msa/cbf-msa.zip 

Fig. 6. SABmark v1.65 visual comparison among the different aligners. Note 
that, a * indicates those aligners with higher accuracy than fwk-MUSCLE, 
while a refers to those aligners with lower CPU time (s) than fwk-MUSCLE. 
(a) Q (%) and TC (%). (b) CPU time (s). 

 

 
(v2.03), MAFFT [15] (v7.215, three versions with the accu- 

rate flags: L-INS-i, E-INS-i, and G-INS-i), MSAProbs [13] 

(v0.9.7), MUMMALS [16] (version dated on 08/02/2008), 

ProbCons [12] (v1.12), PRANK [7] (with accurate option 

flag +F and using Clustal W tree), ProbAlign [32] (v1.4), and 

T-Coffee [11] (v11.0). 

In the first place, we compare the Q, TC, and CPU time 

obtained by the different approaches on the BAliBASE v3.0 

benchmark. In Table III, we present the results obtained by 

each method. As we can see, the fwk-MUSCLE clearly obtains 

better accuracy and conservation than the default MUSCLE 

in the six groups of BAliBASE, highlighting the particular 

performance on the RV11 group. We can observe that in 161 

out of 218 datasets (73.85%), fwk-MUSCLE obtains better 

accuracy and consistency than default MUSCLE. 

In addition, we can observe that MSAProbs, ProbAlign, 

MAFFT-LINSi, MAFFT-EINSi, and ProbCons obtain simi- 

lar accuracy and consistency to fwk-MUSCLE in BAliBASE 

benchmark [see Fig. 4(a)]. However, we notice that the CPU 

time of fwk-MUSCLE (4294 s) is much lower than the CPU 

time required by the other approaches: 21427 s (MSAProbs), 

16841 s (ProbAlign), 15149 s (MAFFT-LINSi), 14577 s 

(MAFFT-EINSi), and 26327 s (ProbCons); [see Fig. 4(b)]. 



  

 

 

 

 

 
 

Fig. 7. Comparison between MUSCLE and fwk-MUSCLE in terms of similarity in the three benchmarks (BAliBASE v3.0, PREFAB v4.0, and SABmark 
v1.65). We have considered three levels of similarity of the tested dataset features: high (red), medium (blue), and low (green). (a) BAliBASE v3.0. (b) PREFAB 
v4.0. (c) SABMark v1.65. 

 
 

Note that, the fwk-MUSCLE obtains competitive align- 

ment results around four times faster than MSAProbs, 

ProbAlign, MAFFT-LINSi, MAFFT-EINSi, and ProbCons 

(in average). 

On the other hand, we can see in Fig. 4(b) that only three 

approaches published in the literature present a lower CPU 

time than fwk-MUSCLE, they are: 1) Kalign2; 2) Clustal W; 

and 3) default MUSCLE. However, if we compare their align- 

ment performance, we can notice an improvement higher than 

5% in terms of Q, and higher than 12% in terms of TC (in 

average) [see Fig. 4(a)]. 

In the second place, we present a comparison among the dif- 

ferent approaches on the PREFAB v4.0 benchmark. According 

to the developers of PREFAB v4.0 [14], the TC score is not 

applicable to PREFAB as the reference alignments are pair- 

wise; therefore, we only compare the approaches by using 

the Q score and CPU time. In Table IV, we can see that fwk-

MUSCLE is more accurate than default MUSCLE in all the 

sets of sequences included in the PREFAB benchmark. If 

we focus on those sets of sequences with a low percent- 

age of identity (<20%, a total of 804 sets of sequences), we 

observe that fwk-MUSCLE improves the alignment accuracy 

in around 6%–7%. 

If we compare the fwk-MUSCLE with other approaches, 

we observe that MUMMALS, MAFFT-LINSi, ProbCons, and 

ProbAlign obtain better accuracy than fwk-MUSCLE [see 

Fig. 5(a)]. However, in Fig. 5(b), MUMMALS, MAFFT- 

LINSi, ProbCons, and ProbAlign require an expensive amount 

of CPU time to solve the 1680 sets of PREFAB. The average 

runtime of the approaches that obtain better results than fwk- 

MUSCLE is around 65 000 s in comparison with the 13 462 s 

of fwk-MUSCLE, that is to say, fwk-MUSCLE is around five 

times faster. 

In Fig. 5(b), we observe that again Kalign2, Clustal W, and 

default MUSCLE are faster than fwk-MUSCLE. Nevertheless, 

the alignment accuracy of fwk-MUSCLE is worthy. In 

Fig. 5(a), we can see an average accuracy improvement around 

6% between fwk-MUSCLE and the other methods (Kalign2, 

Clustal W, and default MUSCLE). 

 

The third benchmark under study is the SABmark v1.65. A 

comparison in terms of Q, TC, and CPU time is presented in 

Table V. In terms of Q and TC, the fwk-MUSCLE clearly 

improves the default MUSCLE in the two subgroups of 

SABmark (Twilight and Superfamily). We highlight the par- 

ticular performance of the fwk-MUSCLE in the Twilight 

subgroup (a group with a low percentage of identity, <25%), 

where we find 6%–7% of improvement in terms of Q and TC. 

In comparison with other approaches published in the liter- 

ature, we can see in Fig. 6(a) that only MUMMALS obtains 

noticeable better accuracy (Q) and conservation (TC) than 

fwk-MUSCLE. However, if we compare the required CPU 

time of MUMMALS and fwk-MUSCLE in Fig. 6(b), we can 

notice that whereas MUMMALS requires 1125 s to align 

the 423 sets of sequences included in SABmark, the fwk- 

MUSCLE only needs 183 s, that is to say, fwk-MUSCLE 

is more than six times faster than MUMMALS. If we com- 

pare fwk-MUSCLE with MSAProbs, T-Coffee, PRANK, or 

ProbCons, we can notice that all the approaches obtain sim- 

ilar results in terms of Q and TC; however, fwk-MUSCLE 
required the lowest amount of time. 

In Fig. 6(b), we find five approaches faster than fwk- 

MUSCLE, they are: 1) Kalign2; 2) Clustal W; 3) default 

MUSCLE; 4) DIALIGN-TX; and 5) ProbAlign. However, the 

alignment quality of these methods is poor in comparison with 

the results obtained by fwk-MUSCLE. In Fig. 6(a), in terms of 

Q and TC, we find 9% of improvement (in average) between 

fwk-MUSCLE and the aforementioned approaches (Kalign2, 

Clustal W, default MUSCLE, DIALIGN-TX, and ProbAlign). 

We have divided each benchmark (BAliBASE, PREFAB, 

and SABmark) considering three levels of similarity of the 

tested dataset features with respect to the features in the 

characteristic-configuration file: high, medium, and low. As we 

can see, low-similarity datasets have in general better align- 

ment quality (Q) than the medium or high-similarity ones in 

Fig. 7(b) and (c). Nevertheless, in Fig. 7(a), high-similarity 

datasets present better value of Q than medium-similarity ones; 

being the Q improvement obtained by the characteristic-based 

framework in the high-similarity datasets higher (4.20%) than 



 

 

 

 

 

 
 

Fig. 8. Characteristic matching in BAliBASE, PREFAB, and SABmark. (a) BAliBASE v3.0 (BB11008). (b) PREFAB v4.0 (2hrvA_1agjA). (c) SABMark 
v1.65 (sup_109). 

 

 

the Q improvement obtained in the medium-similarity datasets 

(2.90%). All in all, we can conclude that the improvement of Q 

and TC obtained by using the characteristic-based framework 

raises as the similarity increases. 

Finally, in Fig. 8, we present an overview of the fwk-

MUSCLE characteristic matching for the three bench- marks 

(BAliBASE, PREFAB, and SABmark). We have selected an 

specific set of sequences from each bench- mark: BB11008 

(BAliBASE), 2hrvA_1agjA (PREFAB), and sup_109 

(SABmark). For each set, we present the matching between 

the given data set and the most similar dataset stored in the 

characteristic-configuration file, in terms of character- istics 

A, B, or C. Furthermore, we compare the alignment 

 

quality between PA, PB, PC, and the default parameter 

configuration. 

After analyzing the influence of each group of character- 

istics in the three benchmarks, we notice that all the groups 

were equally useful to choose the best configuration from the 

characteristic-configuration file. 

1) In 161 out of 218 datasets (73.85%) of BAliBASE 

v3.0, fwk-MUSCLE is better than default. From 

these 161 datasets: 32.92% (A), 34.16% (B), and 

32.92% (C). 

2) In 1177 out of 1680 datasets (70.06%) of PREFAB v4.0, 

fwk-MUSCLE is better than default. From these 1177 

datasets: 32.54% (A), 33.14% (B), and 34.32% (C). 



  

 

 

 

 

3) In 302 out of 423 datasets (71.39%) of SABmark 

v1.65, fwk-MUSCLE is better than default. From these 

302 datasets: 31.46% (A), 34.44% (B), and 34.11% (C). 

 
V. CONCLUSION 

In this paper, a characteristic-based framework for improv- 

ing the accuracy of multiple sequence aligners has been 

proposed. This framework analyzes the characteristics of the 

input set of unaligned sequences and selects a proper param- 

eter configuration in order to improve the accuracy of the 

aligner. 

After detailing the procedure of the framework, in the 

experimental phase, we apply our characteristic-based frame- 

work to one of the most widely-used aligners in the lit- 

erature, MUSCLE v3.8. In order to extract some useful 

conclusions, different benchmark suites were used, such 

as BAliBASE v3.0, PREFAB v4.0, and SABMark v1.65. 

In this case-study, our approach was compared with the 

default MUSCLE and other approaches published in the lit- 

erature (Clustal W, DIALIGN-TX, FSA, Kalign2, MAFFT, 

MSAProbs, MUMMALS, ProbCons, PRANK, ProbAlign, and 

T-Coffee). After analyzing the results, we conclude that the 

characteristic-based framework is able to greatly improve 

the alignment accuracy of default MUSCLE with a small 

penalization in runtime. Furthermore, the characteristic-based 

MUSCLE is able to obtain similar results than other well- 

known aligners, such as MUMMALS, MSAProbs, ProbCons, 

MAFFT, or T-Coffee, but 4–5 times faster. 

A comprehensive study on the application of the proposed 

characteristic-based framework to other aligners published in 

the literature is an imminent line of future work. In addition, 

the use of different clustering methods in the side-chain fea- 

tures (group of characteristics C) will be another challenging 

line of future work. In this way, following the work presented 

in [33], an alphabet reduction procedure may be applied before 

computing the side-chain features of the input set of unaligned 

sequences. Another interesting research line would be to study 

in depth the biological significance of the alignments obtained 

by using our framework, e.g., by quantifying the number of 

active-sites discovered. In this paper, we use the well-known 

PSO in order to configure the parameters of the aligner; how- 

ever, a comparative study using different approaches for tuning 

the parameters of the aligner is an interesting future line of 

work. In the literature, we find different approaches, such as 

the statistical method i-race [22], ParamILS [23], or other 

evolutionary approaches based on information learning like 

the ILABC [24] or GL-PSO, [25]. Finally, a parallel scheme 

of the characteristic-based framework is required in order to 

minimize the overhead introduced by the framework. 
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