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Abstract—Hidden Markov Models (HMMs) are powerful tools for multiple sequence alignment (MSA), which is known to be an NP-
complete and important problem in bioinformatics. Learning HMM s is a difficult task, and many meta-heuristic methods, including
particle swarm optimization (PSO), have been used for that. In this paper, a new variant of PSO, called the random drift particle swarm
optimization (RDPSO) algorithm, is proposed to be used for HMIM learning tasks in MSA problems. The proposed RDPSO algorithm,
inspired by the free electron model in metal conductors in an external electric field, employs a novel set of evolution equations that can
enhance the global search ability of the algorithm. Moreover, in order to further enhance the algorithmic performance of the RDPSO,
we incorporate a diversity control method into the algorithm and, thus, propose an RDPSO with diversity-guided search (RDPSO-
DGS). The performances of the RDPSO, RDPSO-DGS and other algorithms are tested and compared by learning HMMs for MSA on
two well-known benchmark data sets. The experimental results show that the HMMs learned by the RDPSO and RDPSO-DGS are
able to generate better alignments for the benchmark data sets than other most commonly used HMM learning methods, such as the
Baum-Welch and other PSO algorithms. The performance comparison with well-known MSA programs, such as ClustalW and MAFFT,
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also shows that the proposed methods have advantages in multiple sequence alignment.

Index Terms—Hidden Markov Models, multiple sequence alignment, parameter learning, particle swarm optimization

1 INTRODUCTION

MULTIPLE sequence alignment (MSA) of nucleotides, or
amino acids, is one of the most important and chal-
lenging problems in bioinformatics. It is an extension of a
pairwise alignment to incorporate more than two sequences
at a time. Multiple alignment methods try to align all of the
sequences in a given query set, and the resulting aligned
sequences are often used to construct phylogenetic trees, to
find protein families, to predict secondary and tertiary
structures of new sequences, and to demonstrate the homol-
ogy between new sequences and existing families [1]. MSAs
require more sophisticated methodologies than pairwise
alignments since they are more computationally complex,
and most formulations of the problem lead to NP-complete
combinatorial optimization problems [2].

The dynamic programming method is theoretically
applicable to any number of sequences. However, since it is
computationally expensive in both time and memory, it is
rarely used for more than three or four sequences in its
most basic form [1]. One way to tackle this problem is to use
a heuristic search, known as the “progressive alignment”
technique, that builds up a final alignment by combining
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pairwise alignments, beginning with the most similar pair
and progressing to the most distantly related ones [3], [4].
The most popular MSA program using progressive align-
ments is ClustalW, which is suitable for alignments of
sequence sets with medium lengths [3]. T-Coffee is another
common progressive alignment program, which is slower
than ClustalW, but generally produces more accurate align-
ments for distantly related sequence sets [5]. ProbCons is a
program for progressive alignment of protein sequences,
i.e., a progressive protein MSA tool [6]. It incorporates the
so-called probabilistic consistency technique, a novel scor-
ing function for comparing multiple sequences.

Another set of approaches for MSA, known as the itera-
tive methods, work similarly to progressive methods, but
repeatedly align the initial sequences as well as adding new
sequences to the growing MSA set. They produce multiple
sequence alignments while reducing the errors inherent in
progressive methods. MUSCLE is a popular iterative
method and it improves on the progressive methods by
using a more accurate distance measure to assess the relat-
edness of two sequences [7]. MAFFT is another popular
MSA program, which incorporates different strategies
including progressive methods (PartTree, FFT-NS-1, and L-
INS-1), iterative methods (FFT-NS-i, L-INS-I, and G-INS-i)
and structural alignment methods (Q-INS-I and X-INS-i) [8].

An alternative to progressive and iterative alignment
methods is to employ stochastic optimization methods,
such as the simulated annealing (SA) [9], [10] or evolution-
ary algorithms (EAs) [11], [12]. These approaches optimize
an objective function, which measures the quality of multi-
ple sequence alignment by updating the candidate align-
ments until an optimal alignment is found.
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Other efficient approaches are based on probabilistic
models, such as the Hidden Markov Models (HMMs), which
currently represent one of the most popular techniques for
multiple sequence alignment [13], [14], [15], [16]. There are
several alignment programs in which variants of HMM-
based methods have been implemented. These programs are
noted for their scalability and efficiency, although using an
HMM method is more complex than using more common
progressive methods. The most well-known HMM-based
software packages for MSA are sequence alignment and
modeling system (SAM) [17] and HMMER [18].

In order to use an HMM method for MSA, one has to per-
form the parameter learning, or the training task first; that
is, to find the best set of state transition and output probabil-
ities for an HMM with a given set of output sequences. The
resulting HMM is then employed to create a sequence of
gap insertions and deletion instructions to align the sequen-
ces. Generally, an HMM topology used for the MSA prob-
lem requires roughly as many states as the average length
of the sequences in the problem. As such, one issue of the
parameter learning in HMMs is that there is no known
deterministic algorithm that can guarantee to yield an opti-
mally learned HMM within reasonable computational time.
The most common way to deal with this problem is to
employ an approximation algorithm based on statistics and
re-estimation. The Baum-Welch (BW) algorithm, known as
the forward-backward algorithm, is the most widely used
example of such algorithms [16]. The gradient methods [13]
were also used to estimate the parameters of an HMM, but
these methods are local search techniques that usually result
in sub-optimally trained HMMs. Another possibility is to
estimate the parameters of an HMM by random optimiza-
tion algorithms, such as the SA [19] and EAs [20]. For exam-
ple, the well-known alignment software HMMER employs
SA for HMM training. However, there always are complains
that the SA and EAs encounter some problems, such as lack
of local search ability, premature convergence and slow con-
vergence speed. Particle swarm optimization (PSO) algo-
rithm, a relatively recent population-based random search
technique, has demonstrated its better performance than
EAs and SA in HMM training for MSA [21], [22].

This study focuses on HMM-based methods for MSA
due to their scalability and efficiency. However, the number
of states and parameters of an HMM increases with the
average length of the sequences to be aligned, so that the
dimensionality and complexity of the training problem of
the HMM also increase with the average length. Although
the HMM can easily be scaled to align large sequences effi-
ciently, its training task is essentially a high-dimensional
and multimodal optimization problem challenging to solve.
Thus, our goal in this study is to develop an efficient global
optimization method to train the HMM for MSA.

After extensive and in-depth study, we selected the PSO
algorithm as a candidate to be modified to achieve our goal
of training HMMs for MSA. The reason why PSO was so
attractive to us was that it has many advantages, such as
faster convergence speed, lower computational require-
ments, and it can be easily parallelized and has fewer
parameters to adjust. However, PSO has the following
shortcomings. First of all, it has been theoretically proved
that the PSO algorithm is not a global search algorithm,
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PSORZglobalth A Zlocal search
even not a local one, according to the convergence criteria
1 [23]. Practically, the algorithm is more prone to encounter
premature convergence for high-dimensional problems,
due to the weakening of its global search ability during the
middle and later stages of the search process. Additionally,
2 PSO is widely known to be sensitive to its search parame-
ters, and even to the so called “swarm topology”, so that
users may feel awkward when selecting the parameters and
the topology when using the algorithm [24]. Finally, the per-
3 formance of PSO appears to be very sensitive to the setting
of up-bound and lower-bound of the search scope [24]. If
the global solution is located near the boundary of the
search scope, the algorithm may have little chance to catch
it. We have found that these shortcomings are mainly attrib-
uted to the update equation of the particle’s velocity, which
is the essence of the algorithm, and there seems to be much
room for improvement on this, in order to enhance the
global search ability of the PSO algorithm.

In this study, inspired by the free electron model in metal
conductors placed in an external electric field [25], we pro-
pose a novel variant of the PSO algorithm, called the ran-
dom drift particle swarm optimization (RDPSO), and apply
it to HMM training for MSA. The motivation of the RDPSO
algorithm is to improve the search ability of the PSO by fun=
damentally modifying the update equation of the particle’s
velocity, instead of by merely adding some other operations
into the algorithm so as to probably increase the complexity
of the algorithm and its computational cost. Furthermore, in
order to enhance the global search ability of the RDPSO for
hard MSA problems, we incorporate a diversity control
strategy into the RDPSO and propose a RDPSO with diver-
sity-guided search (RDPSO-DGS), in which the diversity
measure of the particle swarm is controlled to maintain it at
a certain level, in order to prevent the premature conver-
gence at a later stage of the search process. The performance
of the RDPSO and RDPSO-DGS in learning HMMs for
MSAs is tested on three benchmark data sets and compared
to the performance of other learning algorithms and several
well-known multiple sequence alignment programs.

In [22], we proposed the so-called diversity-maintained
quantum-behaved particle swarm optimization (DMQPSO)
algorithm and applied it to MSA problems. This method is
based on controlling the diversity of particles’ current posi-
tions by selecting different values for the constriction-
expansion coefficient in the different stages of the QPSO
algorithm. The diversity control method proposed in this
paper is based on the diversity of the particles’ personal
best positions, which affects the diversity of the particles’
current positions and plays a more important role in the
global search of the algorithm. Another major difference
between the work in this paper and in [22] is that the
method in this paper is based on the newly proposed
RDPSO algorithm, inspired by the free electron model, as
explained above.

The remainder of the paper is organized as follows. Some
preliminary knowledge on the topology and parameter
learning of HMMs for MSA is described in Section 2. Sec-
tion 3 presents the methods of scoring multiple sequence
alignments. Section 4 describes the principles of the pro-
posed RDPSO and RDPSO-DGS algorithms and their appli-
cation to HMM learning for MSA. The experimental results
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on the benchmark data sets are provided and discussed in
Section 5. Some concluding remarks are offered in Section 6.

2 HibbeEN MARKOV MODELS FOR MSA

2.1 Topology of HMMs for MSA
For multiple sequence alignment, a Hidden Markov model
denoted by A consists of a set of ¢ states (51,5, ...,.S5,;) that
are divided into three groups: match (M), insert (I) and
delete (D) [15]. In addition, there are two special states,
namely, the begin state and the end state. States are con-
nected to each other by transition probabilities a;; where
0<a;<1(1<ij<q and Y%, a;=11<i<q). A
match or insert state, S;, emits an observable symbol, vy,
from an output alphabet % with a probability b;(k) where
0<bj(k)<1 (1<j<q 1<k<m) and 3", b;(k)=1
(1 <j<gq). Here m is the number of observable symbols.
The delete states, the begin state and the end state do not
emit observable symbols, so they are called silent states.
Starting from the begin state and until the end state,
the HMM generates sequences, namely, strings of observ-
able symbols, by making nondeterministic walks that ran-
domly go from one state to another according to the
transition probabilities. Each walk yields a path of visited
states m = (my,m9,...,m,) and a sequence consisting of
emitted observable symbols on the path. When the HMM
is applied to MSA, the sequence of observable symbols is
given in the form of an unaligned sequence. The goal of
multiple sequence alignment is thus to find a path =
which generates the best alignment. It is possible to use
the forward and Viterbi algorithms to determine, P(o]| ),
the probability of a given sequence o generated by the
HMM ), and derive the path 7 with maximal probability
of generating the sequence o [26].

2.2 Learning HMMs for MSA

For a given sequence o and a Hidden Markov Model A,
the goal of the learning task is to estimate the parame-
ters, i.e., the transition and emission probabilities, of the
HMM A\ such that P(o|\) is maximized. The learning
task is usually performed by either the Baum-Welch
technique that is based on statistical re-estimation formu-
las [26], or by random search methods such as the simu-
lated annealing (SA) [19] or evolutionary algorithms
(EAs) [20]. Before parameter estimation, the length of the
HMM should be determined. A commonly used estimate
is the average length of the sequences to be aligned.
After parameter estimation, a better length of the HMM
can be chosen by using a heuristic method known as the
model surgery [15].

The quality of the HMM needs to be evaluated in the pro-
cess of parameter estimation. Generally, a log-odds (LO)
score is used for this purpose, which is based on a log-likeli-
hood score [26] given by

1< P(O; | \)

Log —odds (O,\) = =) logy —————, 1

g ( ) N; o P(O7 ‘ )\null) ( )

where O = (01,0,,...,0y) is the set of unaligned
sequences, A is the learned HMM, and A, is a null-

hypothesis model. Here, a random model is chosen as the

null-hypothesis model. The random model or the null-
hypothesis model is the same for all the tested training
algorithms for a given sequence set. However, different
sequence sets use different null-hypothesis models since
the numbers of states of the models vary with the lengths
of sequences. The HMM obtained from the learning phase
is considered to be a profile for the set of sequences.
Thus, the unaligned sequences can be aligned by such a
profile HMM A. After the learning phase of the HMM,
the final step is to interpret the learned sequences as a
multiple sequence alignment.

3 SCORING THE MULTIPLE SEQUENCE
ALIGNMENTS

There are two different methods for scoring the alignment
obtained by the experiments. For the experiments without
prior knowledge regarding the structure of the resulting
alignments, the standard sum-of-pairs score (SOP) given
below may be used:

N-1 N
Sum-of-Pairs (SOP) = Z Z dis(li,1;), (2)

=1 j=it1

where [; and [, is are aligned sequences, dis is a distance
metric, and N is the number of the sequences to be
aligned. In this work, the widely accepted BLOSUMS62
replacement matrix in [27] is used as the similarity met-
ric, since it is widely accepted as a good general substi-
tution matrix for MSA. To prevent the accumulation of
many gaps in an alignment, an affine gap cost given in
equation (3) is deducted from the sum-of-pairs function:

Gap Cost (GC) = GOP +n x GEP, (3)

where GOP is a fixed penalty for opening a gap, GEP is the
penalty for extending the gap, and n is the number of gap
symbols in the gap. With the gap cost calculated for each gap
in each of the aligned sequences, the sum of these costs is
then subtracted from the sum-of-pairs score as a penalty,
and the resulting score is the one presented in the section of
experimental results.

For the experiments where the reference alignment is
available, a modified sum-of-pairs score (MSOP), is
employed to evaluate the alignment as proposed in [28].
The reference alignment is a manually refined alignment
that is believed to be of high quality. Given the test align-
ment of N sequences consisting of M columns, the ith
column of the alignment can be denoted by A;;, Ao, ...,
A;n. For each pair of residues A;; and Aj;, p;ji is defined
as follows: p;;. =1 if the residues A;; and A;;. from the
test alignment are aligned with each other in the refer-
ence alignment; otherwise p;j. = 0. The column score is
defined by

N N

S = Z sz]k (4)

j=1j#k k=1

The MSOP for the test alignment is then given by

M s;
r=1~1

i=1
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where M, is the number of columns in the reference
alignment and S,; is the score S; for the rth column in
the reference alignment.

It should be noted here that both of the two sum-of-
pairs scores, i.e., SOP and MSOP, can be used for scoring
a constructed MSA as well as for parameter learning,
depending on what sort of information is available. If
the prior knowledge of the resulting alignment is avail-
able, the MSOP function should be employed; otherwise,
the SOP should be employed.

4 THE PRoPOSED RDPSO AND RDPSO-DGS

4.1 A Brief Introduction to the PSO Algorithm
Particle swarm optimization is a population-based optimi-
zation technique inspired by the collective behavior of social
organisms [29], [30], [31], [32], [33], [34], [35], [36]. In the
PSO with L particles, each particle i (1 < ¢ < L) represents a
potential solution of the given problem in an D-dimensional
space, and has three vectors at the kth iteration: its current
posmon Xip = (X}, X2, -, X[, its velocity Vi, = (V]
Vi, V7)) and its personal best (pbest) position (the posi-
tion giving the best objective function value or fitness value
obtained so far) P, = (P}, P, ..., P}). There is a vector
G, = (G},G},...,GP), called the global best (gbest) position
which is defmed as the position of the best particle among
all the particles in the population. For the HMM learning in
MSA problems, the position of a particle is composed by the
parameters of the HMM, that is, each component of the
position vector is a parameter of the HMM; each component
of the velocity vector represents the variation of the corre-
sponding parameter during HMM training. The particle
updates its velocity and position according to the following
discrete equation:

_ _ - _ ERTERE
Vi{lﬁl =w- VL]k + Clrg,k (PL]k - Xf ) + CZR (G Xf k) (6)
BIUE

Xy =X+ Vs (7)

for 1 <i< L and 1 <4< D. Without loss of generality, if
we are to solve the following minimization problem:

Minimize f(X), s.t., X € S C R”, (8)

where f(X) is an objective function (or fitness function) con-
tinuous almost everywhere on S (the feasible space), then
P, and G}, can be updated by equations

S B (T A zk) < f(Pip—1)
P’ﬁk—{mq it Xk > F(Pas), ©)
G = Py, (10)
where
g = arg min [f(Piz)]- (11)

In equation (6), ¢; and ¢, are called acceleration coeffi-
cients and the parameter w is known as the inertia
weight, which can be adjusted to balance the exploration

NO.1, JANUARY/FEBRUARY 2014
and the exploitation of the algorithm [30]. The parame-
ters 7/, and R/, are the sequences of two different ran-
dom numbers distributed uniformly on (0, 1), which are
denoted by 7/ k,Rf .~ U(0,1). Generally, the value of V7,
is restricted within the interval [— V., Visax)- ’

4.2 Random Drift Particle Swarm Optimization
It was demonstrated by a trajectory analysis [36] that the
convergence of the PSO algorithm may be achieved if each

particle converges to its local focus, pix = (!, P}y - - P
defined at the coordinates '
. BRI AREF
Pl =010+ (1 - ‘iﬂk)Giv (12)

where qﬁj r=0 ",” / (clrf gt CQRj ) with regard to the ran-
dom numbers r’ i and Rl ; in equations (6) and (7). Since the
acceleration coefficients ¢; and ¢, are generally set to be
equal, ie., ¢; = ¢, q&f . is a sequence of uniformly distributed
random numbers on (0,1), varying with k for each ¢ and j.
Consequently, equation (12) can be restated as

PEFEMPHIGHTE HAYEERH
Pix =il + (1- 4’30 G ¥ii ~ U(0,1),

which implies that p; ;. is located randomly within the hyper-
rectangle with P, ; and G}, being the two ends of its diagonal,
and it moves following the p; ; and Gy.. In practice, as the par-
ticles are converging to their own local focuses, their current
positions, personal best positions, local focuses and the global
best position are all converging to one point, which leads the
PSO algorithm to converge. It can be found that the particle’s
directional movement toward p; ; is similar to the drift motion
of an electron in metal conductors in an external electric field.

However, according to the free electron model [25],
besides the directional motion caused by the electric field,
the electron is also in a thermal motion, which appears to be
a random movement. Therefore, the movement of the elec-
tron’s movement is the superimposition of a random
motion and a drift motion, and its velocity V = VR + VD,
where VR and VD represent the velocities of the random
motion and the drift motion, respectively. The random
motion is essentially a thermal motion, which exists even
without the external electric field as long as the temperature
is greater than absolute zero, whereas the drift motion is a
directional movement in the opposite direction of the exter-
nal electric field. The overall effect of the electron’s move-
ment is that the electron ¢areens towards the location of the
minimum potential energy. Therefore, it is obvious that the
movement of the electron is very similar to the process of
finding the minimum solution of a minimization problem,
with the position of the electron being analogous to a candi-
date solution and the potential energy function to the objec-
tive function of the problem.

Inspired by the above facts, we assume that the particle in
PSO behaves like an electron moving in a metal conductor in
an external electric field, and the movement of the particle is
the superposition of the thermal motion and the drift motion
towards p; ;.. Accordingly, the jth component of the particle’s
velocity can be expressed by V/, = VRj, +VDj,, where
VR], and VDj . denotes the jth components of the velocities
of the random motion and drift motion, respectively.

(13)
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At the (k + 1)th iteration, the velocity of random motion
VRZ 11 is assumed to follow the Maxwell velocity distribu-
tion law. Consequently, V R’/ 41 essentially follows a normal
distribution (i.e., Gaussian dlstribution) whose probability
density function is given by

J 2
f V) =——c¢ ikt , 14
VRfAH( ) V2ol (14)

where o i w41 s the standard deviation of the distribution.
Thus, a stochastic simulation can lead to the following

expression for VR/,

j g .
VR7 k+1 — ik+1¢g.k+l7

where <p7 11 18 a random number with a standard normal

distribution, i.e., ¢/, ~ N(0,1). oJL 11 Must be determined

in order to calculate VR/,,,. An adaptive strategy is
adopted for o

1A+1

(15)

ol

i,k+1

where C = (C},C%,...,CP) is known as the mean best
(mbest) position, defined by the mean of the personal best

positions of all the particles, namely:

=2a|C] - X/, |, (16)

L
(1/L)Z1 /i (1<j<D). (17)

Thus, equation (15) can be restated as
VR; 1= & ‘ Ci - ka | ¢{,k+17 (18)

where « > 0 is an algorithmic parameter called the thermal
coefficient. _

The velocity of the drift motion VD7, ., can be expressed
in many forms. However, in this work a simple linear
expression is adopted for VD7

= ﬂ(pzk - Xg,k)’

where g > 0 is another algorithmic parameter. If there is
only drift motion, thatis, V/,,, = VD], ,, the above discrete
equation can ensure the particle moves towards p!, in the
jth dimension at the (k + 1)th iteration.

With the above specifications, a novel set of update equa-
tions for the particle can be obtained as

VD!

) (19)

‘/i{k-#l =a| Ci - ijk | ¢711k+1 + ﬁ(p{k - XZA) (20)
thermal  drift
X} = ka +V sy (21)

where o and § are called thermal coefficient and drift coeffi-
cient, respectively, and pj, is given by equation (13). The
PSO with equations (20) and (21) is named the random drift
particle swarm optimization, the procedure of which is out-
lined in Algorithm 1.

In the RDPSO algorithm, besides the population size,
a and B are two important user-specified parameters,
which can be adjusted to balance the global and local

search of the particles. Moreover, the value of Wk is gen-
erally restricted in the interval [—Vjx, Vinax] when the
algorithm is running.

Algorithm 1: The RDPSO-DGS algorithm

Step 0: Initialize the current positions of all the particles
randomly, set the pbest position of each particle to be its
current position, and find the gbest position;

Step 1: Set k=0;

Step 2: While the termination condition is not met, do the
following steps;

Step 3: Set k=k+1 and compute the mean best position C, ;
Step 4: Measure d, according to equation (22);

Step 5: From i=1, execute the following steps;

Step 6: Evaluate the objective function value f(X,,), and
update B, and g, according to equations (9) and (10),
respectively;

Step 7: If d, <d,,, , execute Steps 8 and 9; or else go to Step
10;

Step 8: For each j, execute the mutation operation
Pl =Pl +dde;

Step 9: Set P,,=PF;, and G, =
valueof P,, by f(P,);
Step 10: Update the ]th (1< j < N) components of velocity and
current position of particle i according to equations (20)
and (21) with p/, given by equation (13);

Step 11: Set i=i+1, and return to Step 5 until =1 ;

Step 12: Return to Step 2;

and update the fitness

gk'

4.3 RDPSO with Diversity-Guided Search

The major issue with PSO and other evolutionary algo-
rithms in multi-modal optimization is their premature con-
vergence, which results in significant performance loss and
sub-optimal solutions. The main reason for this is that the
collectiveness of particles leads to fast information flow
between particles and, in turn, rapid decline of the diversity
of the particle swarm. At the beginning of the search, after
initialization, the diversity of the population is high. With
the progress of evolution, the convergence of the particle
makes the diversity decline, which, accordingly, enhances
the local search ability (exploitation) but weakens the global
search ability (exploration) of the algorithm. At early or
middle stage of the evolution, the decline of the diversity is
desirable for the particle swarm to search effectively. How-
ever, after middle or at later stage, the particles may con-
verge into such a small region that the diversity of the
swarm is very low and further search is difficult. At that
moment, if the particle with the global best position is at a
local optima or sub-optima, staghation or premature con-
vergence occurs. Although the RDPSO algorithm may have
stronger global search ability than the canonical PSO, the
diversity loss of the particle swarm is also inevitable due to
the collectiveness of the particle swarm.

One way to circumvent the above shortcoming is to
employ a diversity control strategy to prevent the prema-
ture convergence, as in [37] and [38]. Here, a diversity-
guided search is incorporated into the RDPSO algorithm, in
order to enhance the global search ability of the algorithm
even further.

In the RDPSO with diversity-guided search, the diversity
measure at the kth iteration, denoted as dy, is given by the
average euclidean distance from the particle’s current
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position to the centroid of the swarm, as in [35]. That is,

1 L |2
dy = — (X7 (22)
where X is given byX, = (1/L) S X, In (22), A

denotes the length of the longest diagonal in the search
space, and D is the dimensionality of the problem. A lower
bound dj,, is set for dj. to prevent the diversity from con-
stantly decreasing on the course of the search. If the diver-
sity measure d;, drops below dj,,, it will be controlled in
such a way to increase it until it is larger than d,,,. A muta-
tion operation exerted on the global best particle P, plays
such a role of diversity increasing. Once d, is smaller than
diow, Py 1, is mutated as

Pl =Pl +5Ae, (23)

for 1 <j<D.P, = (P, ....P/. ..., P)is the new posi-
tion of the global best partlcle after mutatlon which repla-
ces the orlgmal P, . Then the gbest position is also set to
G = q » but its fitness value remains unchanged. In equa-

tion (23), € is a random number with standard normal distri-
bution varying with k£ and j, 6 is called the mutation scaling
coefficient, which is a user-specified algorithmic parameter.
It should be noted that, when the mutation operation is
implemented, the displacement of the global best particle
will generally increase the value of \P; — P /.| and pull the

mean best position C}, away from its original location, con-
sequently making the particles more volatile and increasing
the diversity measure d;. Besides, the mutation helps the
global best position G jump out of sub-optimal or local
optimal solutions, which in turn could guide the whole par-
ticle swarm to search more promising areas. Algorithm 1
outlines the procedure of the RDPSO-DGS algorithm.

It can be seen that the RDPSO-DGS runs in convergence
mode, with the diversity measure declining during most of
the iterations. Only when the diversity declines below the
lower bound dy,,,, do the particles explode, due to the muta-
tion operation. This explosion process is transitory, and
once the diversity is over the threshold dy,,, the whole parti-
cle swarm returns to convergence mode again. As for di,.,
our preliminary experimental results for several widely
used benchmark functions showed that setting dj,, ~ 1074
may lead to good algorithmic performance in general. The
scaling coefficient of the mutation in RDPSO is another
important parameter whose value selection will be dis-
cussed in the next section.

4.4 Learning HMMs for MSA with RDPSO or
RDPSO-DGS

For a given sequence set, when the RDPSO or RDPSO-DGS
is used to perform HMM learning for multiple sequence
alignment, the length of the HMM is kept constant during
the learning process and only the parameters of the HMM
are optimized. As indicated in Section 2, the length of the
HMM is set to the average length of the sequences in the
given sequence set. After the learning process, a better
length of the HMM can be chosen by the model surgery. That
means the length of HMM varies with the different

NO.1, JANUARY/FEBRUARY 2014
sequence sets, but it would be fixed for a given sequence
set. The parameters to be estimated include the transition
and emission probabilities. Thus, a candidate solution rep-
resented by the position of a particle is a real-valued vector
containing [ transitions and m emission probabilities, which
means that the dimension of the search space for the HMM
training is D = [ + m.

On the course of the learning process, a copy of the cur-
rent positions of all the particles is created at each iteration
of the RDPSO or RDPSO-DGS. The position of each particle
in this copy is normalized so that the constraints on the tran-
sition and emission probabilities described in Section 2 can
be satisfied. We denote the normalized copy of the particle
swarm at the kth iteration by X} = [X/ ;, X5,,..., X} . X,
(1 <i < L)in X}, is the normalized position of particle i and
is evaluated either by the log-odds in equation (1) or by the
sum-of-pairs score in equation (2) or (5), which are
employed as the fitness value function for the evaluation of
the HMM particle. The procedure of HMM learning with
RDPSO or RDPSO-DGM is described in Algorithm 2.

Algorithm 2: Learning HMMs for MSA with RDPSO or
RDPSO-DGS

Step 0: Initialize the current positions of all the particles ran-
domly, set the pbest position of each particle to be its normal-
ized current position, and find the gbest position;

Step 1: Set k=0;

Step 2: While the termination condition is not met, do the
following steps;

Step 3: Set k=k+1 and compute the mean best position C, ;
Step 4: Measure d, according to equations (22) (for HMM
learning with RDPSO-DGS);

Step 5: Copy the current positions of all the particles to X ;
Step 6: Normalize X} ;

Step 7: From 1 =1, execute the following steps;

Step 8: Evaluate the ob]ectlve function value f(X;,), and if
f(X)> f(P,), then B, =X, andupdate G, accordingly;
Step 9: Execute Step 10 in Algorithm 1 when learning HMM
with the RDPSO, or execute Steps 7 to 10 in Algorithm 1
when learning HMM with the RDPSO-DGS, in order to up-
date the current position X, .

Step 10: Set i=i+1, and return to Step 7 until i = L ;

Step 11: Return to Step 2;

4.5 MSA with the Trained HMM

After the learning process, the output gbest position of
the particle swarm represents a set of optimized parame-
ters of the HMM, including the transition and emission
probabilities. The learned HMM can be considered as a
profile for the set of given sequences, and can be used to
align multiple sequences, in conjunction with the Viterbi
algorithm [25]. The resulting alignment of multiple
sequences is then evaluated according to the sum-of-
pairs scores described in Section 3.

5 [EXPERIMENTAL RESULTS AND DISCUSSIONS

5.1 Benchmark Data Sets

In order to evaluate the performance of the proposed algo-
rithms, the RDPSO, RDPSO-DGS, PSO and BW algorithm
were used to learn HMMs for MSA problems. Two bench-
mark data sets, including (a) a simulated nucleotide data
set, (b) an amino-acid data set from the benchmark
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TABLE 1
The 12 Benchmark Data Sets from BAIIBASE

Amino-acid Number of Min. & Max. Identity

Sequences sequences LESQ (%)

(min, max)

laboA 5 (49,80) <25

Short lidy 5 (49,58) <25

sequence 451c 5 (70,87) 20-40

sets 1krn 5 (66,82) >35

1bbt3 5 (149,192) <25

Medium kinase 5 (263,276) <25

sequence 1pii 4 (247,259) 20-40

sets 5ptp 5 (222,245) >35

gald 5 (335,395) <25

Long lajsA 4 (258,387) <25

sequence glg 5 (438,486) 20-40

sets ltag 5 (806,928) >35

alignment database (BaliBASE) were used in the test. The
performance of the above four methods were also compared
with the ClustalW program and the more recently devel-
oped MAFFT (L-iNS-I method) program.

5.1.1 The Simulated Nucleotide Data Set

Nucleotide sequences (20 sequences with each having
approximately 300 characters) generated by using the pro-
gram Rose [39] (using the model proposed by Juke and Can-
tor [40] and taking the mean substitution rate = 0.013 and
the insert/delete probability = 0.03) are obtained as follows.
A randomly generated root sequence (of length 500) was
evolved on a random tree to yield sequences of ‘low’ or
‘high” mean divergences, i.e., with an average number of
substitutions per site of 0.5 or 1.0, respectively. Further-
more, the insertion/deletion length distribution was set to
‘short” (frequencies of gaps of length 1-3 = 0.8, 0.1, 0.1) or
‘long’ (frequencies of gaps of length 1-7 = 0.3, 0.2, 0.1, 0.1,
0.1, 0.1, 0.1). Hence the four ‘mean divergence-mean gap
length” combination of conditions tested here are ‘low-short’
‘low-long’, ‘high-short’, and ‘high-long’. Fifty random
sequences were generated under each of the four combina-
tions of settings, and the average performance was
recorded. For this data set, the sum-of-pairs given by equa-
tion (2) was employed to score the resulting alignments.

5.1.2 The Amino-Acid Data Sets

The second benchmark data set was extracted from
the BAIIBASE (benchmark alignment database) database
at  http://www.cs.nmsu.edu/~jinghe/CS516BIOINFO/
Fall05/Bali BASE/align_index.htmlUTH. It contains sev-
eral manually refined multiple sequence alignments, spe-
cifically designed for the evaluation and comparison of
multiple sequence alignment methods. Twelve sequence
sets were selected from the first reference set from the
BALIBASE database. Table 1 lists the names of selected
sequence sets, the number of sequences in each set, the
minimum and maximum lengths of the sequences
(denoted as LSEQ) in each set, and the identity of the
sequences, represented by the percent of identical residues
between the sequences. These sequence sets were selected
in order to cover different length scopes (according to the
minimum and maximum lengths of the sequences and dif-
ferent identities. Four sequence sets were selected from

the short sequence sets in the database, four were from the
medium ones in the database, and four were from the long
ones in the database. Each group of sequence sets consist
of sequence sets with low, medium and high identities
respectively. In short sequence sets, laboA and lidy have
low identities, 451c has medium identity and lkrn has high
one. In medium sequence sets, 1bbt3 and kinase has low
identities, 1pii has medium identity and 5ptp has high
identity. In the long sequence sets, gal4 and ljasA have low
identities, glg has medium identity and ltag has high one.
These sequence sets with a variety of lengths and identities
can provide a comprehensive evaluation to the proposed
methods. Since the reference alignments for these data sets
are available, the modified sum-of-pairs (MSOP) score in
equation (5) was used to train the HMM and evaluate the
quality of the resulting test alignments.

5.2 Experimental Settings
5.2.1 Algorithmic Parameter Setting

For PSO, RDPSO, and RDPSO-DGS, the population size can
be set from 20 to 80, as most of the literature on PSO recom-
mend. In the experiments of this study, each of the RDPSO,
RDPSO-DGS and PSO used 20 particles (i.e., population
size was 20) which were initialized randomly with a uni-
form distribution within the search scope [0,1]"”. The upper
limit of the velocity Vi« for each PSO variants, as recom-
mended by most of the literature, is generally set to be
a - (Xmax — Xmin), where 0 < a <1 is a scaling coefficient
and (Xyax — Xmin) is the width of search scope in each
dimension. In our experiments for multiple sequence align-
ment, a was set to 1 and, thus, V.« = 1 since X — Xpnin =
1-0=1

For the PSO algorithm, we employed a version of the
standard PSO (SPSO), defined as a combination of the PSO
with constriction factor and the ring neighborhood topology
[32]. The SPSO has been shown to outperform many
recently proposed PSO variants [33]. In our experiments,
the parameters of the standard PSO were determined
according to published recommendations [32], that is, the
constriction factor y was set to 0.729, and both acceleration
coefficients were set as ¢; = ¢» = 2.05.

For the RDPSO and RDPSO-DGS, the thermal and drift
coefficients are two important algorithmic parameters corre-
sponding to the inertia weight and acceleration coefficients
in PSO. These two parameters can be tuned to balance the
local and global search of the particle. Larger thermal and
drift coefficients mean stronger global search ability of the
particle, while smaller ones imply stronger local search abil-
ity. A theoretical analysis of the two coefficients” influence
on the convergence behavior of the particle and the algo-
rithm is out of the scope of this paper and will be our future
task. However, our preliminary experiments on several
benchmark functions showed that decreasing the thermal
coefficient linearly from a large value to a small one, and
setting the drift coefficient at a fixed value during the search
process, can lead to a stable performance of the algorithm.
Furthermore, it was also found, through preliminary experi-
ments, that it can result in generally good algorithmic per-
formance if we decrease the thermal coefficient « linearly
from 1.0 to 0.5 and fix the drift coefficient g at 1, during the
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TABLE 2
HMM Log-Odds for the Nucleotide Data Set and the Execution Time of Each Algorithm
Algorithms Simulated Average LO Normalized Execution Simulated Average LO Normalized Execution
Nucleotide Score (St. Dev.) Average LO Time (h) Nucleotide Score (St. Dev.) Average LO Time (h)
Score Score

BW Low-short 394.6 -1.1785 0.0135 High-short 186.3 -0.8407 0.0115
SPSO 419.5 (7.42) -0.4022 1.4501 195.6(2.31) -0.6962 1.7726
RDPSO 447.6 (9.63) 0.4739 1.4478 253.8(3.45) 0.2082 1.7966
RDPSO-DGS 467.9(3.95) 1.1068 1.4518 325.9(3.84) 1.3286 1.8176
BW Low-long 226.5 -0.7191 0.0126 High-long 280.8 -0.5968 0.0124
SPSO 215.8 (8.26) -0.8430 1.4304 256.4(8.52) -1.0904 1.7808
RDPSO 310.7 (4.68) 0.2555 1.4316 345.8(9.73) 0.7182 1.7865
RDPSO-DGS 401.5 (2.86) 1.3065 1.4404 358.2(7.21) 0.9690 1.7915

search process. These parameter configurations were used
for the RDPSO and RDPSO-DGS in our experiments for
multiple sequence alignment.

For the RDPSO-DGS, dj,,, is an important parameter that
determines the level at which the diversity is maintained in
order to balance the exploration and the exploitation of the
swarm at the later stage of search. If the value of dj,,, is set to
be too large, the RDPSO-DGS can have stronger global
search ability, but its local search ability is weakened. On the
contrary, if it is too small, the algorithm may have better local
convergence but its global search ability will not be
improved significantly compared to the RDPSO algorithm.
Our preliminary experiments suggested that a value of dj,,
within the interval [1073,107%] could lead to satisfactory
algorithmic performance of the algorithm. In the current
study, dj,, was set to be 10~ which appeared to generate
good performance of the RDPSO-DGS on average, although
better results may be obtained by using other values of dj,,
as shown in the experiments. Another important parameter
in the RDPSO-DGS is the mutation scaling coefficient 8. Since
the multiplication of § and A gives the standard deviation of
the mutation, a larger value of § results in a greater displace-
ment of the global best particle and, thus, a larger diversity
gain after mutation, while a smaller § means a smaller
increase of the diversity measure. In order to balance the
global and local search of the algorithm, the value of § should
be selected properly. From our preliminary experiments, we
recommend that § should take value within [1072, 107%], and
varying with the dimensionality of the problems. In the
experiments of the current study, § was set to be 107°. In
addition, since the search scope in each dimension for each
instance is [0, 1], A is numerically equal to v/D according to
its definition, where is D the dimension of the search space,
i.e., the number of HMM parameters. For ease of reference,
we list the algorithmic parameter settings in detail for the
SPSO, RDPSO and RDPSO-DSG, as follows:

SPSO: population size L = 20; constriction factor x =
0.729; c1 = ¢ = 2.05; ring neighborhood topology was used;
Vinax = 1.0.

RDPSO: population size L = 20; « decreased linearly
from 1.0 t0 0.5; B = 1; Viyax = 1.0.

RDPSO-DGS: population size L = 20; « decreased line-
arly from 1.0 to 0.5; B=1; dy, =0.0001; §=10"5;
V;na‘x = 1.0.

5.2.2 Other Experimental Configurations

For nucleic acid sequences, the ‘swap’ substitution score
table from ClustalW 1.81 version was used as the distance

metric in the sum-of-pairs score function, and a GOP of 15
and a GEP of 7 were used as penalties. For the amino-acid
data set, the BLOSUM62 replacement matrix in [27] was
used as the distance metric in the sum-of-pairs score func-
tion and GOP and GEP were set to be 11 and 2, respectively.
These parameter values were configured as in [21].

For each set of sequences in the three data sets, the
experiments for HMM learning with the four algorithms
were performed using log-odds score and sum-of-pairs
score as the objective function. For each learning experi-
ment, the BW is a deterministic algorithm, to which a fixed
initial HMM was input, and from which a fixed final HMM
was output. The other three learning algorithms, namely
the SPSO, RDPSO and RDPSO-DGS, are random search
methods, each of which performed 20 runs for each learning
task with each run executing 1,000 iterations.

5.3 Experimental Results

After the RDPSO-DGS, RDPSO, SPSO and BW algorithms
performed the HMM learning tasks on each data set, the
average final fitness values (i.e., log-odds scores or sum-of-
pairs scores) and their standard deviations over 20 runs of
each algorithm were recorded and compared.

To investigate the convergence property of the algorithm,
the fitness value at each iteration of the learning process
averaged over 20 runs of each algorithm were also recorded
and visualized. The average execution time over 20 runs of
parameter learning for each algorithm was also recorded
for the purpose of comparing the computational costs
among the tested algorithms.

In order to evaluate the algorithmic performance on a
uniform scale, we normalized the average scores of each
algorithm on each sequence set. The normalized score is
defined by

Normalized Score (NS) = (S; — S) /o, (24)

where S; is the score, S is the mean of the scores and oy is
the standard deviation of the scores. The normalized scores
can be summed or averaged across different data sets for an
overall performance comparison.

5.3.1 Results for the Simulated Nucleotide Data Set

The experimental results, including average scores, stan-
dard deviation, normalized scores, and average execution
time, for the HMM learning on the simulated nucleotide
data set are provided in Tables 2 and 3. Table 2 lists the sta-
tistical results with the log-odds score used as the quality
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TABLE 3
SOP Scores for the Nucleotide Data Set and the Execution Time of Each Algorithm
Algorithms Simulated Average SOP (St. | Normalized Execution Simulated Average SOP Normalized Execution
Nucleotide Dev.) Average SOP Time (h) Nucleotide (St. Dev.) Average SOP Time (h)
Score Score
ClustalW Low-short 2514 0.0299 - High-short 4316 -0.4405 -
MAFFT 2743 0.6830 - 4459 1.6371 -
BW 2024.7 -1.3654 0.0143 4270.2 -1.1058 0.0159
SPSO 2157.8 (23.17) -0.9858 1.9671 4294.7(13.57) -0.7499 1.9234
RDPSO 2643.1 (20.05) 0.3981 1.9741 4351.9(13.38) 0.0811 1.9346
RDPSO-DGS 2938.4(8.49) 1.2402 2.0340 4386.1(12.47) 0.5780 1.9531
ClustalW Low-long 8760 -0.3730 - High-long 7781 0.0303 -
MAFFT 8463 -0.7870 - 7563 -0.5468 -
BW 8623.9 -0.5628 0.0140 7418.2 -0.9301 0.0156
SPSO 8438.7 (13. 36) -0.8209 1.9457 7538.5(22.86) -0.6116 2.0159
RDPSO 9876.8 (16.22) 1.1836 1.9650 7848.8(29.69) 0.2097 2.1268
RDPSO-DGS 10003.4(14.37) 1.3601 1.9762 8467.9(23.96) 1.8485 2.2020

measure, namely the fitness value, for HMM learning. The
results for each method (and for each sequence set) include
the average log-odds (LO) score of the resulting alignments
obtained by the final HMMs over 20 runs of training, the
standard deviation (in brackets) of the LO scores over 20
runs of training, the normalized average LO score and the
average execution over 20 runs of training. Here, each nor-
malized average LO score was obtained by equation (24) for
a certain sequence set, where S; is the average LO score of
each method for that sequence set, S is the mean of the aver-
age LO scores of all the methods for that sequence set, and
og is the standard deviation of the average LO scores of all
the methods for the sequence set. The BW is a deterministic
algorithm so that it was tested once and has no standard
deviation for the LO scores. Among all the learning algo-
rithms, the RDPSO-DGS was shown to obtain the learned
HMMs that had the best average LO score (or normalized
average LO score) over 20 runs on each nucleotide sequence
set. It is also shown that the RDPSO had the second best per-
formance in HMM learning for each sequence set. The SPSO
obtained the average and normalized average scores better
than the BW algorithm, which had the worst performance
in HMM training for each nucleotide sequence set among
all tested learning algorithms. It is shown in Table 3 that the
BW took much less time than the SPSO, RDPSO and
RDPSO-DGS to train HMMs. However, the BW is a local
optimization technique and is not efficient in HMM train-
ing, particularly when the number of states of the HMM is
large and the training problem is very difficult to solve.
Therefore, global search techniques, such as the RDPSO and
RDPSO-DGS, are promising tools for that purpose although
they need more execution time.

Table 3 lists the average and the standard deviation (in
brackets) of the sum-of-pairs scores of the resulting align-
ments obtained by the final HMMs over 20 runs of training
of each algorithm, the normalized average SOP score, and
the execution time when the sum-of-pairs score was
employed as the fitness value for HMM learning. The table
also gives the SOP scores of alignments produced by the
ClustalW and MAFFT (L-iNS-I method) programs, for com-
parison reasons. Since the ClustalW and MAFFT programs
are progressive alignment methods that do not involve
HMM learning and can achieve multiple sequence align-
ment within 1 minute, we only recorded and compared the
computational consumptions of the tested optimization

algorithms in HMM learning for MSAs. The normalized
average SOP score of each method was obtained by equa-
tion (24) for a certain sequence set, where S, is the average
SOP score of each method for that sequence set, S is the
mean of the average SOP scores of all the methods for that
sequence set, and oy is the standard deviation of the aver-
age SOP scores of all the methods for the sequence set. It is
clear that the RDPSO-DGS obtained better average SOP
scores and normalized average SOP scores than other meth-
ods, including ClustalW and MAFFT, for Low-short, Low-
long, High-long sequence sets. For the Low-short sequence
set, the MAFFT program obtained the alignment with the
second best SOP score (or normalized SOP score). The SOP
score of the alignment obtained by MAFFT is the second
best for this sequence set, and the SOP score of the align-
ment generated by the HMM trained with the RDPSO is the
third best. For Low-long sequence set, the alignment with
the second best SOP score was obtained by the HMM
learned by the RDPSO. The alignment yielded by ClustalW
has the next best SOP score and normalized SOP score. For
this sequence set, the MAFFT program is showed to align
with the worst SOP score. For the High-short sequence set,
MAFFT produced the alignment with the best SOP score,
and the HMM trained by the RDPSO-DGS generated the
final alignment with the second best SOP score. For the
High-long sequence set, the HMMs trained by the RDPSO-
DGS and RDPSO obtained the best and the second best
alignment in terms of SOP scores. ClustalW yielded the
alignment with the third best SOP score (or normalized SOP
score). Among the training algorithms for HMMs, the BW
took less computational time for HMM training than the
other algorithms. However, it is worth using the RDPSO-
DGS, RDPSO and SPSO, even if it takes more time, as the
obtained HMM can align the sequences more accurately.
Fig. 1 illustrates the convergence process over 20 runs of
each algorithm in learning the HMMs for Low-Short nucleo-
tide sequence set, with the log-odds scores and SOP scores
being the objective function values, respectively. As shown
by the figure, the BW algorithm converged at the fastest
speed to the local optimal solution. The convergence of the
SPSO was more rapid than that of the RDPSO and RDPSO-
DGS, but it was prone to encounter premature convergence.
In contrast, the RDPSO and its improved version had slower
convergence speed at the early stage of the learning process,
which implies that the algorithms searched globally. At the
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Fig. 1. Average fitness values found by the algorithms during the HMM learning process for low-short nucleotide sequences, with the fitness values

being the log-odds scores and the sum-of-pairs scores.

later stage of the search, the RDPSO-DGS maintained its
diversity at a certain level to prevent the particles from stag-
nation so that it can find better solutions than its competitors.

5.3.2 Results for Amino-Acid Data Sets

The experimental results for the amino-acid data sets from
the BaliBASE database are presented in Tables 4 and 5.
Table 4 lists the results when the log-odds score was used as
the objective function. The results include the average and
the standard deviation of the LO scores of the resulting align-
ments obtained by the final HMMs over 20 runs of each train-
ing algorithm for each sequence set, the normalized average
LO score of each method for a sequence set, and the average
execution time for each training run. Here, the normalized
average LO score of each method for each sequence set was

calculated in a similar way as in Tables 2 and 3. It can be
observed in the table that the HMMs trained by the RDPSO-
DGS obtained the alignments with the best average LO
scores and, consequently, best normalized average LO scores
for all of the 12 sequence sets. The RDPSO algorithm, as can
be seen from the results, had the second best performance in
the HMM learning for all the sequence sets. The BW algo-
rithm, just as in the experiments for the nucleotide data sets,
performed the worst in the HMM training for most of the
sequence sets, but consumed the least computational time.
Although the RDPSO-DGS, RDPSO and SPSO consumed
more computational time, they are far more efficient in
HMM training for MSA than the BW.

Table 5 provides the average of the modified sum-of-
pairs (MSOP) scores of the resulting alignments obtained by
the HMMSs from the 20 runs of training of each algorithm

TABLE 4
HMM Log-Odds Scores for the BAIIBASE Test Sets and the Execution Time of Each Algorithm
Algorithms Sequence Average LO Score Normalized Execution Sequence Average LO Score Normalized Execution
Sets (St. Dev.) Average LO Time (h) Sets (St. Dev.) Average LO Time (h)
Score Score
BW laboA 46.3814 -1.2386 3.9444e-004 1pii 213.0459 -1.2915 0.0020
SPSO 64.3318 (0.5268) -0.3651 0.0095 274.7114(0.8156) -0.2637 0.2045
RDPSO 85.1728 (0.7395) 0.6491 0.0102 327.4134(0.7751) 0.6146 0.2138
RDPSO-DGS 91.4526 (0.4816) 0.9546 0.0108 346.9764(0.3218) 0.9406 0.2215
BW lidy 42.0576 -1.2377 3.8056e-004 5ptp 266.5928 -1.0125 0.0019
SPSO 60.5831 (0.3642) -0.2611 0.0126 315.2782(0.9246) -0.5872 0.1958
RDPSO 72.6936 (0.8358) 0.3774 0.0132 426.1276(0.6825) 0.3812 0.2084
RDPSO-DGS 86.8073 (0.3641) 1.1214 0.0137 521.9736(0.3261) 1.2185 0.2216
BW 451c 68.3522 -1.2226 5.3056e-004 gal4 347.2819 -0.9662 0.0040
SPSO 88.0682 (0.5219) -0.3258 0.0115 392.4457(0.7290) -0.5803 0.3568
RDPSO 105.2954(0.6426) 0.4578 0.0119 490.3946(0.5292) 0.2566 0.3589
RDPSO-DGS 119.2075(0.7452) 1.0906 0.0125 611.3362(0.4395) 1.2899 0.3603
BW 1krn 69.0222 -1.1389 4.1667e-004 lajsA 326.4896 -0.9719 0.0030
SPSO 80.4873(0.8257) -0.5254 0.0109 376.5527(0.7614) -0.5747 0.2518
RDPSO 103.1493(0.8119) 0.6873 0.0118 481.6447(0.5147) 0.2589 0.2565
RDPSO-DGS 108.5623(0.5836) 0.9770 0.0127 611.3362(0.4395) 1.2877 0.2588
BW 1bbt3 172.3816 -0.7348 0.0012 glg 380.7306 -0.8250 0.0060
SPSO 170.3738(0.8148) -0.7828 0.1509 397.2433(0.8529) -0.6750 1.9125
RDPSO 210.1405(0.6831) 0.1690 0.1581 487.1988(0.5394) 0.1422 1.9178
RDPSO-DGS 259.4206(0.4806) 1.3486 0.1617 621.0127(0.4523) 1.3578 1.9224
BW kinase 214.9693 -0.8158 0.0025 ltag 729.3726 -0.9554 0.0138
SPSO 214.6612(0.7931) -0.8184 0.2320 765.9068(0.9504) -0.6363 2.7740
RDPSO 360.2450(0.6798) 0.4113 0.2404 877.6902(0.7478) 0.3401 2.7980
RDPSO-DGS 456.3285(0.3672) 1.2229 0.2516 982.0326(0.4528) 1.2516 2.8368
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TABLE 5
MSOP Scores for the BAIIBASE Test Sets and the Execution Time of Each Experiment
Algorithms Sequence Average MSOP Normalized Execution Sequence Average MSOP Normalized Execution
Sets Score Average Time (h) Sets Score Average Time (h)
MSOP Score MSOP Score
ClustalW laboA 0.714 -0.1798 - 1pii 0.864 0.9797 -
MAFFT 0.741 0.3395 - 0.764 0.6175 -
BW 0.6418 -1.5686 7.3056e-004 0.1647 -1.5533 0.0024
SPSO 0.6959 -0.528 0.0123 0.3548 -0.8647 0.2456
RDPSO 0.7558 0.6242 0.0132 0.6283 0.126 0.2478
RDPSO-DGS 0.7916 1.3128 0.0147 0.7853 0.6947 0.2536
ClustalW lidy 0.705 0.1297 - 5ptp 0.966 1.0986 -
MAFFT 0.753 0.5113 - 0.840 0.1792 -
BW 0.5132 -1.3949 6.9722e-004 0.6053 -1.5332 0.0021
SPSO 0.5582 -1.0372 0.0116 0.7016 -0.8306 0.2230
RDPSO 0.7738 0.6766 0.0127 0.8548 0.2872 0.2314
RDPSO-DGS 0.8289 1.1146 0.0136 0.9249 0.7987 0.2367
ClustalW 451c 0.7190 1.0039 - gal4 0.483 0.2024 -
MAFFT 0.684 0.7566 - 0.572 0.7769 -
BW 0.3989 -1.2584 0.0008 0.2017 -1.6134 0.0040
SPSO 0.4463 -0.9234 0.0146 0.3273 -0.8027 0.5100
RDPSO 0.5121 -0.4583 0.0152 0.5328 0.5238 0.5233
RDPSO-DGS 0.7014 0.8795 0.0160 0.5931 0.9131 0.5369
ClustalW Tkrn 1.000 0.7565 - lajsA 0.5710 0.383 -
MAFFT 1.000 0.7565 - 0.592 0.536 -
BW 0.8182 -1.1617 0.0008 0.2864 -1.690 0.0032
SPSO 0.7988 -1.3663 0.0130 0.4220 -0.7023 0.2844
RDPSO 0.9528 0.2585 0.0139 0.5844 0.4806 0.3369
RDPSO-DGS 1.0000 0.7565 0.0143 0.6547 0.9927 0.3413
ClustalW 1bbt3 0.638 -0.3448 - glg 0.941 0.9081 -
MAFFT 0.726 0.8259 - 0.894 0.5845 -
BW 0.5347 -1.719 0.0018 0.5691 -1.6523 0.0082
SPSO 0.6428 -0.2809 0.2173 0.6942 -0.791 2.1006
RDPSO 0.7152 0.6822 0.2226 0.8616 0.3614 2.1494
RDPSO-DGS 0.7268 0.8365 0.2309 0.8947 0.5893 2.1805
ClustalW kinase 0.736 0.6910 - ltag 0.963 1.4325 -
MAFFT 0.836 1.1506 - 0.769 -0.2413 -
BW 0.2268 -1.6493 0.0029 0.6453 -1.3085 0.0152
SPSO 0.4643 -0.5577 0.2652 0.7147 -0.7098 3.2882
RDPSO 0.5766 -0.0416 0.2714 0.7977 0.0063 3.3290
RDPSO-DGS 0.6742 0.407 0.2787 0.8921 0.8208 3.4174

for each sequence set, and the normalized average MSOP
scores of each method for each sequence set. The MSOP
score in equation (5) was used for HMM training in this
case since the reference alignments, i.e., the prior knowl-
edge of the resulting alignments, is available. The standard
deviations of the MSOP scores are very small, so they are
not listed in the table. The average execution time of each
training method over 20 runs for each sequence set is also
given in the table. Additionally, the MSOP scores of the
alignments obtained by the ClustalW and MAFFT programs
are also listed in the table. The normalized average MSOP
score of each method for each sequence set was obtained in
a similar way as in Tables 2, 3, and 4. For the laboA
sequence set, the HMMs trained by the RDPSO-DGS and
RDPSO yielded the alignments that had the best and the
second best average MSOP scores and normalized average
MSOP scores. The next best alignments were produced by
the MAFFT and ClustalW programs, respectively. The same
goes for the lidy sequence set. For the 451c sequence set,
ClustalW and the HMM trained by the RDPSO-DGS yielded
the best and second best alignment, respectively. The
MEFATT program performed the third best in the alignment
of this sequence set. The next best-performing in MSA for
this sequence data set is the RDPSO-trained HMM. For the
lkrn sequence set, the MSOP scores of the alignments that
were produced by ClustalW, MAFFT and the RDPSO-
learned HMM were tied for the best MSOP scores. The next

best MSOP score was that of the alignment generated by the
RDPSO-trained HMM. For the lbbt3 sequence set, the
RDPSO-DGS-trained HMM and MAFFT program aligned
the sequence set with the best and second best MSOP scores,
respectively. The alignment yielded by the RDPSO-learned
HMM had the next best MSOP score. For the kinase
sequence set, the MAFFT and ClustalW programs per-
formed the best and the second best in MSA, as can be seen
from the MSOP score or normalized MSOP scores of the
obtained alignments. The MSOP score of the alignment
resulted from the RDPSO-DGS-trained HMM was the next
best one. For the 1pii sequence set, ClustalW aligned the
sequences with the best MSOP score. The alignments with
the second best and the third best MSOP scores were
obtained by the RDPSO-DGS-learned HMM and MAFFT
program. For the 5ptp sequence set, ClustalW, the RDPSO-
DGS-trained HMM and RDPSO-trained HMM got the best,
the second best and the third best alignments, respectively,
in terms of MSOP scores. The HMM trained by the RDPSO-
DGS produced the best alignment for the gal4 sequence set,
and the MAFFT program generated the second best align-
ment for this sequence set, according to the MSOP scores or
the normalized MSOP scores. For the 1ajsA sequence set,
the alignment produced by the RDPSO-DGS-trained HMM
had the best MSOP score. The second and third best align-
ments were those found by the MAFFT program and the
RDPSO-learned HMM. The best alignment for the glg
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Fig. 2. Average log-odds scores found by the algorithms during training of the HMMs for lidy and lajsA sequences from the BAliBase database.

sequence set was obtained by the ClustalW program. The
alignments produced by the RDPSO-DGS-trained HMM
and MAFFT program were almost tied for the second best,
since their MSOP scores are very similar. For the Itag
sequence set, the first three best MSOP scores are those of
the alignment produced by ClustalW, the RDPSO-DGS-
learned HMM and RDPSO-learned HMM. The alignment
yielded by the MAFFT program had the next best MSOP
score. Among the training algorithms for HMMs, i.e., the
RDPSO-DGS, RDPSO, SPSO, and BW, the HMMs trained
by the RDPSO-DGS and RDPSO had the best and second
best overall performance in the multiple sequence align-
ment for these sequence sets. As for the execution time of
the HMM training, although the RDPSO-DGS, RDPSO and
SPSO were more computationally consuming, the align-
ment accuracies obtained by the HMMs trained by them are
much higher than the BW. As mentioned in the previous
section, it is worth using these global search techniques and
spending longer time to train HMMs for a more accurate
multiple sequence alignment.

Fig. 2 shows the convergence process averaged over 20
runs of each learning algorithm on the course of the
HMM learning process. It can be seen that the RDPSO-
DGS had the best convergence properties among all the
learning algorithms. In order to show the good perfor-
mance of the RDPSO and RDPSO-DGS, we present in
Fig. 3 the reference alignments of the lidy sequences and
the alignments provided by the ClustalW program, the
MAFFT program, and the HMMs learned by the BW,
SPSO, RDPSO and RDPSO-DGS.

5.4 Discussion

In order to make an overall performance comparison
among all the methods, we averaged the normalized
average log-odds scores and the normalized average
sum-of-pairs scores that are listed in Tables 2, 3, 4, and 5
for each method. Also, for the same purpose of overall
performance comparison, all of the two types of normal-
ized average scores for each method over all the tested

lidy  MEUKKTSWTEEEDRILYQAHKRLG-NRWAEIAKLLP-———-- GRTDNAIKNHWNS THRRKU lidy  -M-———-| EUKKT-SW-TEEEDRILYQAHK-————————- RLGNRWAE IAKLLPGRTDNA TKNHWNS THRRKU
lhstA ---SHPTYS-EMIAAAIRAEKSRGGSSROQSIQKYIKSHYKUGHNADLQIKLSIRRLLAAGUY i:sgg ‘: ‘":;‘;rgg"'#:: :‘a{ gsﬁﬁ" € “L:gzzlaz:‘d;;msnsm{g::tilz:;:}gcg#
i Y U] HENSRE TS e e c = --GS— = ~A-QL-DUMK———————————|
1tcse RGSALS-DTERAQLDYHKLL -YSLHEHSRKLS ESRUC IRUNLCOEUSIET laoy  -H-———-| RS--S-AK-QEE-L--U-KAFKALLKEEKF SSQGE IUAALQEQGFDNINQSKUSRHL TKFGAURT
laoy  —-MRSSAKQEELUKAFKALLKEEKFSSQGEIVAALQEQGFDN-INQSKUSRMLTKFGAURT 1jhgA  TPDEREALG--TRURIIEE-L--L-RGEM-—————--— - SQRELKNELGAGIATITRGSNSLKAAPY
1jhgA TPDEREALG-TRURIIEELLRGE--MSQRELKNELG------- AGIATITRGSNSLKAAPU
(@ (b)
1idy  MEUKKTSUTEEEDRILYQAHKRL--GNRUAETAKLLPG-RTDNATKNHUNS THRR----—----------—- KU s TVSERIARAIRAENSACCSSRGSIQRVE P
1hstA  ——-———-——————- SHPTYSEMI--AAAIR--AE RQSIQKYIKSHY UIKLSIRRLLMGU e TGl EeEeaesaL TERAQ LNUSLHEMSRKI
1tc3c RGSALSDTERAQLDUMKLL--NUSLH--EHSRKISRSRHCIRUYLKDPUSY—- 13606 shoomeemreroniod TPDEREALG-TRU--RITEELLRGEMSQ———— REeios LKNELGAGIATI-————
1aoy RSSAKQE---ELUKAFKALLKEEKF SSQGE IUAA-LQEQGFDNINQSKUSR—- ——MLTKFGRURT tidy KGN RU A X AKLL P GR T DNA TKNHUNS THRRKY
jhgA —-—————-—————— T-PDEREAL--GTRURI IEELLRGEMSQRELKNELGAGIAT-— TRGSNSLKAAPY 1nsta
1tc3c SRSRHCIRUYL YGT
laoy TK—F! T
1jhgA ———-TRGSHNSLI
©) (@
lidy  HEUKK---T-SWT-E-EED--RI-LYQA-HKRLG---—--—-—-| NRUA----EIAKLLPGRTDNAIKNHUNS THRRKU lidy -——————- MEUKKTSWTEEEDRILYQAHKRLGNR-——-WAEIAKLLPGRTDNAIKNHWNSTHRR———-KU
1hstA  S-HPT---Y-S-E-HIAAA---IRAEKS-R-G-GSSROSIQKYIKSHY— ~-KUGHNADLQIKLSIRRLLAAGY 1lhstA  --—-----—- SHPTVSEMIMRIRREKSRGGSSRQSIQKVIKSHVKUGHNRDLOIKLS-—IRRLLMGU
1tc3C R-GSALSDTER-AQL-DUM---KLLNUSLH-E-M----SRKISRSRHC-———————————————— IRUYLKDPUSYGT 1tc3C RGSALSDTERAQLDUMKLLNUSLHEMSRKISRSRHCIRUYLKDPUSYG-———————————————————
laoy  H--RS--SA-K-Q-E-ELU---K-AFKALLKE-E-----—- KFSSQGEIUAALQEQGFDNINQSKUSRHLTKFGAURT laoy --——-——- MR- SSnKuEELUKnFKnLLKEEKFSSQGEIUnnLllEll—-—GFDNINIJSKUSRMLTKFGnURT
1jhgA  T--PD---E-R-E-A-LGTRURI-IEELLRGE-H---SQRELKNELGA-———---——--—- GIATITRGSNSLKAAPY 1jhgA —-——--- TPDEREALGTRURI IEELLRGEMSQRE-————~ LKNELGAGIATITRGSNS————-| LKAAPY
(e) ®
lidy MEUK-KTSWTEEED--RILYQAHKRLGNR————————— WAEIAKLLPGRTDNAIKNHWNS THRRKU
lhstA ---SHPTYS--EMIAAAIR-AE-KSRGGS--SROSIQKYIKSHYKUGHNADLQIKLSIRRLLAAGU
1tc3C ---R-GSALSDTER--AQLDUM-KLL-NU--—-——-———-— SLHEMSRKISRSRHCIRUYLKDPUSYGT
laoy —-MRS-SAKQ-EELVU-KA-F-KA--LLKEEKFSSQGEIVAALQEQGFDNINQSKUSRHLTKFGAURT
1jhgA TPDE-REAL-GTRU--RII-EE--LLRGE------—- MSQRELKNELGAGIATITRGSNSLKAAPY
(®

Fig. 3. (a) The reference alignment, and the resulting alignments for the lidy sequences generated by (b) ClustalW; (c) MAFFT; (d) HMM-BW;

(e) HMM-SPSO; (f) HMM-RDPSO; (g) HMM-RDSPO-DGS.

Authorized licensed use limited to: National Sun Yat Sen Univ.. Downloaded on July 02,2021 at 17:10:08 UTC from IEEE Xplore. Restrictions apply.



SUN ET AL.: MULTIPLE SEQUENCE ALIGNMENT WITH HIDDEN MARKOV MODELS LEARNED BY RANDOM DRIFT PARTICLE SWARM... 255

TABLE 6
The Average Normalized Scores on all Data Sets

Algorithms Average Normal- Average Normal- Total Average
ized Log-odds ized Sum-of-Pairs Normalized

Score Score Score
ClustalW -- 0.3942 0.3942
MAFFT -- 0.4862 0.4862
BW -0.9841 -1.3792 -1.1816
SPSO -0.5892 -0.7852 -0.6872
RDPSO 0.4001 0.3375 0.3688
RDPSO-DGS 1.1733 0.9464 1.0599

sequence sets were also averaged. This averaged normal-
ized score is named total average normalized score. The
results are presented in Table 6. Among all the training
algorithms, including the RDPSO-DGS, RDPSO, SPSO
and BW, both the average normalized log-odds score
and sum-of-pairs score produced by the RDPSO-DGS-
learned HMMs were better than those of any other com-
petitor. This indicates that the RDPSO-DGS had the best
overall performance in the HMM parameter learning for
the MSA on the two benchmark data sets. Among all the
training algorithms, the RDPSO algorithm showed to
have the second best overall performance in HMM train-
ing, as its average normalized log-odds score, average
normalized sum-of-pairs scores and total average nor-
malized score were ranked the second among all the
methods. The BW algorithm performed worst, among all
the training algorithms, in HMM parameter learning
tasks for the considered MSA problems.

Comparing all the tested multiple alignment methods,
including ClustalW, MAFFT, the HMMs learned by the four
training algorithms, the RDPSO-DGS-learned HMM had
the best overall performance in MSA on the two data sets.
The MAFFT program had the second best overall perfor-
mance, as indicated by the averaged normalized sum-of-
pairs score and the total average normalized score. The
ClustalW program, the next best-performing method,
slightly outperformed the RDPSO-trained HMMs in MSA
for the given benchmark data sets. The comparison between
these methods implies that an efficient learning algorithm is
crucial for HMMs in order to show advantages in solving
MSA problems.

It is well known that the parameter learning for a HMM
is a time consuming task, particularly when meta-heuristic
methods are used. As can be seen from Tables 2 3, 4, and 5
5, the BW consumed the least computational time since it is
a local deterministic search technique. The RDPSO-DGS
algorithm was slightly more time-consuming in learning
the parameters of the HMMSs for MSA than the RDPSO and
SPSO, due to the computation of the diversity measure at
each iteration during the learning process. However, it was
worthwhile to consume tolerably more computational time
in order to obtain the significant performance advantages of
the RDPSO-DGS over its competitors.

In [21], the amino-acid data sets from the BAIiBASE were
tested. For each corresponding sequence set, it can be seen
that the results of the RDPSO-DGS and RDPSO are better
than those of the PSO variant in [21]. In [22], we tested the
sequence sets from three data sets, two of which were the
simulated nucleotide data sets and the amino-acid data sets
from the BAIIBASE we tested in this work. By comparing

the results in this work and in [22], it can be concluded that
the RDPSO-DGS outperformed all the methods proposed in
[22]. Due to the space limitation in this paper, we have not
listed the results of the methods in [21] and [22].

6 CONCLUSION

This paper focused on the HMM-based method for multiple
sequence alignment. A novel PSO variant, the RDPSO algo-
rithm along its improved version, named as the RDPSO-
DGS, was proposed as a new optimization method and
applied to train HMMs for MSA. The proposed RDPSO and
RDPSO-DGS were used for the training of HMMs for MSA
problems on two benchmark data sets, and compared with
the popular Clustal W and MAFFT programs.

The proposed RDPSO algorithm and its variant were
inspired by the free electron model in metal conductors
placed in an external electric field. Analogous to the
movement of electrons toward the location with mini-
mum potential energy in the conductor, the particle in
the RDPSO algorithm has both random (thermal) motion
and drift motion, which implement the global search and
the local search ability of the particle, respectively, in
order to find the global minimum in the search space.
Therefore, the velocity of the particle is the superposition
of the random velocity and the drift velocity, which leads
to a very different update equation for the particle’s
velocity. In order to improve the RDPSO even further, a
diversity control strategy was incorporated into the algo-
rithm and, thus, the RDPSO-DGS was proposed. With the
diversity measure being controlled and maintained at a
certain level, the stagnation of the particle swarm can be
prevented effectively, and, consequently, the global
search ability of the algorithm is enhanced considerably.

The experimental results showed that, with either the
log-odds score or the sum-of-pairs score being the fitness
value for the learning tasks, the RDPSO and RDPSO-DGS
were able to produce the HMMs that had better scores than
other learning algorithms, i.e., the SPSO and BW, for the
simulated nucleotide data set and the amino-acid data set
from the BaliBASE. Comparing with two popular MSA pro-
grams, ClustalW and MAFFT, the RDPSO-DGS-learned
HMMs also showed a better overall performance than the
two programs, as indicated by the total average normalized
scores. In addition, the comparison of the average execution
time among all the learning algorithms indicated that, in
each experiment, the RDPSO-DGS and RDPSO algorithms
consumed more CPU time for training the HMMs than the
BW algorithm. However, considering its significant perfor-
mance advantages over its competitors, we can conclude
that the RDPSO-DGS and RDPSO is a very efficient
approach for HMM parameter learning for MSA problems.
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