
16th IEEE International Conference on Tools with Artificial Intelligence • Boca Raton, FL • November, 2004

K-Group A* for Multiple Sequence Alignment with Quasi-Natural Gap Costs

Rong Zhou and Eric A. Hansen
Department of Computer Science and Engineering

Mississippi State University, Mississippi State, MS 39762
{rzhou,hansen}@cse.msstate.edu

Abstract

Alignment of multiple protein or DNA sequences is an
important problem in Bioinformatics. Previous work has
shown that the A* search algorithm can find optimal align-
ments for up to several sequences, and that aK-group gen-
eralization of A* can find approximate alignments for much
larger numbers of sequences [6]. In this paper, we describe
the first implementation ofK-group A* that uses quasi-
natural gap costs, the cost model used in practice by bi-
ologists. We also introduce a new method for computing
gap-opening costs in profile alignment. Our results show
that K-group A* can efficiently find optimal or close-to-
optimal alignments for small groups of sequences, and, for
large numbers of sequences, it can find higher-quality align-
ments than the widely-used CLUSTAL family of approxi-
mate alignment tools. This demonstrates the benefits of A*
in aligning large numbers of sequences, as typically com-
pared by biologists, and suggests thatK-group A* could
become a practical tool for multiple sequence alignment.

1. Introduction

The multiple alignment of DNA or protein sequences
is an important problem in Bioinformatics, with applica-
tions ranging from the discovery of evolutionary homolo-
gies among different species to predicting secondary and
tertiary structure of proteins.

It is well known that multiple alignment problem is
equivalent to finding a least-cost path in anN -dimensional
lattice, whereN is equal to the number of sequences be-
ing aligned. Although dynamic programming is a traditional
approach to solving this problem, much improved perfor-
mance has been achieved by using the A* algorithm, which
uses a lower-bound function (i.e., an admissible heuristic) to
reduce the search state space for finding an optimal align-
ment [6, 9, 14, 8, 10, 15, 16].

Since the multiple sequence alignment problem is NP-
hard [7], there is little hope that exact methods can scale up

to find optimal alignments of more than a dozen sequences.
Most widely-used tools for multiple alignment rely on ap-
proximation and do not guarantee a mathematically optimal
alignment. For example, CLUSTAL V [5] and CLUSTAL
W [12], the most popular multiple alignment tools among
biologists, use a variation of the progressive alignment strat-
egy. In progressive alignment, a multiple alignment is con-
structed by performing a succession of pairwise alignments,
which involve aligning a pair of sequences, a sequence to
a profile, or a pair of profiles. (A profile is a pre-existing
alignment of a subset of sequences, and aligning profiles is
sometimes referred to as “aligning alignments.”) Progres-
sive alignment is a heuristic method, and the most impor-
tant heuristic is to align the most similar pairs of sequences
first, where similarity is determined by first generating a bi-
nary phylogenetic tree.

Progressive alignment has the advantage of being very
fast, and in many cases the resulting alignments are rea-
sonable. But as with other approximation methods, it has
drawbacks. It performs a kind of greedy search that may get
stuck in local minima. In particular, the phrase “once a gap,
always a gap” refers to the problem that gaps introduced
in early pairwise alignments remain in the final alignment,
even when keeping these gaps results in a worse alignment.

Among methods developed to alleviate this problem,
some of the most successful use an iterative refinement
strategy [2]. Iterative-refinement algorithms begin with an
initial alignment, and then try to improve the alignment each
iteration. They do so by creating a modified version of the
profile alignment problem, where the modification is differ-
ent each iteration, and solving it using a computationally
tractable algorithm (e.g., progressive alignment). The hope
is that controlled perturbation in the problem’s state space
will eventually take the search out of local minima.

Iterative-refinement algorithms have proved successful
in producing high-quality multiple alignments. For exam-
ple, in a comparison study of multiple sequence alignment
programs, Thompsonet al. [13] found that three of the
four best-performing programs employ iterative-refinement
strategies.



The iterative-refinement approach is traditionally used
with dynamic programming. However, Ikeda and Imai [6]
point out that it can also be used with the search algorithm
A*, and describe aK-group iterative-refinement generaliza-
tion of A* that uses linear gap costs. In this paper, we de-
scribe aK-group iterative-refinement generalization of A*
that uses quasi-natural gap costs, which is the cost metric
used in practice by biologists. This allows us to compare the
performance of our implementation ofK-group A* to mul-
tiple sequence alignment tools used in the biological com-
munity. We compare it to OMA (Optimal Multiple Align-
ment) [11], a state-of-the-art exact alignment tool, and the
popular CLUSTAL family of approximate alignment tools.
We show that it finds better alignments without much addi-
tional computational effort.

The rest of the paper is organized as follows. In Sec-
tion 2, we review the literature on profile alignment and
its generalization calledK-group alignment. In Sec-
tion 3, we describe our main contribution – aK-group
iterative-refinement generalization of A* with quasi-natural
gap costs. Section 4 compares the performance of our new
algorithm to OMA, CLUSTAL V, and CLUSTAL W.

2. Background

In this section, we review sum-of-pairs multiple se-
quence alignment, profile alignment and its generalization
to K-group alignment, and iterative refinement strategies.

2.1. Sum-of-pairs multiple sequence alignment

Formally, a sequenceS of length L is an ordered list
of characters(S[1], S[2], . . . , S[L]) from a finite alpha-
bet Σ that does not include the reserved gap character
(‘−’). Let S1, S2, . . . , SN denoteN sequences of length
L1, L2, . . . , LN . An alignment of these sequences is aN ×
J matrixA = (anj), such that

1. anj ∈ Σ
′
= Σ ∪ {−} (that is, the matrix is “padded”

with gap characters).

2. Ignoring gap characters in then-th row of A will re-
produce sequenceSn.

3. A has no column that consists only of gaps.

A distance matrixd : Σ
′ × Σ

′ → < describes the evolu-
tionary distance between each pair of characters inΣ

′
. Note

thatd(−,−) = 0 since matching gaps are ignored.
The gap cost functiong(r) describes the log-likelihood

of observing a run of gaps of lengthr. By treating the open-
ing of a gap differently from the extension of an existing
gap, affine gap costs are known to be effective in produc-
ing biologically plausible alignments. The general form of
an affine gap cost function is as follows,

g(r) = v + ur

where v is the gap-opening penalty andu is the gap-
extension penalty. Note that the distance matrixd can ab-
sorb the linear coefficientu of the gap cost function by
definingd(x,−) = u ∀x ∈ Σ.

Thesum-of-pairsalignment cost ofA is defined as

SP (A) =
∑

1≤l<n≤N

Sln

Sln =
J∑

j=1

d(alj , anj) + vgln

wheregln is the number of gap openings between sequences
l andn in the final alignment. The problem of multiple se-
quence alignment is to find an alignmentAopt which mini-
mizes the sum-of-pairs cost.

It is well known that multiple sequence alignment can be
solved optimally by dynamic programming in a hypercube
with dimensionality equal to the number of sequencesN .
However, both the time and space needed to solve the prob-
lem grow exponentially in the number of sequences, leaving
exact methods impractical to all but the smallest instances.

2.2. Profile alignment

Profile alignment is a widely-used approximation tech-
nique to reduce the dimensionality of the hypercube for
which dynamic programming must be carried out. The ba-
sic idea of profile alignment is to “freeze” the alignment
within each profile in order to optimize the alignmentbe-
tweenprofiles.

Let X = (xmi) andY = (ynj) be two groups of pre-
aligned sequences, withM andN being the number of se-
quences in each respective group. LetA be the profile align-
ment between profilesX andY . Because alignment inside
a group is not allowed to change before and after a profile
alignment, the sum-of-pairs cost ofA can be decomposed
into three parts as follows,

SP (A) = SP (X) + SP (Y ) + SP (X · Y ) (1)

whereSP (X · Y ) =
∑M

m=1

∑N
n=1 Smn. Note that mini-

mizingSP (X · Y ) is equivalent to minimizingSP (A), be-
cause bothSP (X) andSP (Y ) are constants under the as-
sumptions of profile alignment.

The above formulation of profile alignment takes care of
the case when a sequence is aligned against a profile, be-
cause one of the two groups may consist only of a single se-
quence.

To help the reader understand the concept of profile
alignment, especially sequence-to-profile alignment, which
plays an important role in our algorithm, we use the follow-
ing illustrative example.



Figure 1. Example of sequence-to-profile
alignment. Panel (a) shows the state space
of the sequence-to-profile alignment together
with a least-cost path marked by a chain
of solid arrows. Panel (b) shows the align-
ment that corresponds to the least-cost path
shown in panel (a).

Example of profile alignmentConsider the problem of
aligning a profile

X = T - A C C G
T G A C C G

against a sequenceY = TACTTCG using a simple cost
function: zero for a match, one for a substitution or an ex-
tension of an existing gap, and two for opening a new gap.

Figure 1(a) shows the state space of this problem. A
least-cost path is marked by a chain of solid arrows in the
same figure. A horizonal arrow corresponds to the inser-
tion of a gap into both sequences of profileX shown on
the rows; whereas a vertical arrow corresponds to the in-
sertion of a gap into the single sequenceY shown on the
columns.

All columns in profileX are matches except for the sec-
ond column, which opens a new gap with the length equal
to 1. Therefore, the affine gap cost of the second column
in profile X is g(1) = v + ur = 2 + 1 × 1 = 3. Thus,
SP (X) = 3. BecauseY is a single sequence, which does
not have a sum-of-pairs cost by itself, the termSP (Y ) in
Equation (1) can be ignored.

According to Figure 1(b),SP (X · Y ) is found to be 11.
Thus the cost of the multiple alignmentA is SP (A) =

SP (X) + SP (X · Y ) = 3 + 11 = 14, which happens
to be the optimal alignment cost for this example.¤

2.3. K-group alignment

Indeed, the profile alignment described in the previous
subsection should be calledpairwise profile alignment, be-
cause it only aligns a pair of profiles at a time. Similar to the
way pairwise sequence alignment is generalized to multiple
sequence alignment, pairwise profile alignment can also be
generalized to multiple profile alignment.

Let G1, G2, · · · , GK be K profiles. LetA be the mul-
tiple profile alignment of theseK profiles. The alignment
cost ofA can be written as,

SP (A) =
K∑

k=1

SP (Gk) +
∑

1≤l<k≤K

SP (Gl ·Gk)

and minimizing the term
∑

1≤l<k≤K SP (Gl ·Gk) is equiv-
alent to minimizingSP (A) in a multiple profile alignment
with K profiles.

The above formulation of multiple profile alignment is
calledK-group alignmentin the literature [6]. By allowing
K > 2 groups of sequences to be aligned simultaneously,
K-group alignment creates a finer-grained approximation
of the original multiple alignment problem than pairwise
profile alignment does. Furthermore, the degree of approxi-
mation can be controlled by varying the number of groups in
aK-group alignment. In the extreme case whereK is equal
to the total number of sequences being aligned,K-group
alignment solves the original multiple alignment problem
and the resulting alignment is guaranteed to be optimal.
From this perspective,K-group alignment unifies the clas-
sic pairwise profile alignment with optimal multiple align-
ment in the same algorithm, creating a spectrum of approx-
imation methods with pairwise profile alignment and opti-
mal multiple alignment at the two ends of the spectrum.

2.4. Iterative refinement

To further reduce the cost of an alignment, an iterative-
refinement strategy [2] is often used in combination with
K-group alignment. It works as follows.

1. Create initial alignment using any approximation method.
2. Randomly divideN sequences intoK ≥ 2 groups.
3. Remove trivial gaps in each group.
4. Solve theK-group alignment problem.
5. If lower cost, change the current alignment to the new one.
6. If stopping criterion is met, stop; otherwise go to step 2.

There is obviously more than one way to divideN se-
quences intoK < N groups, in step 2 above. We focus
on the special case ofK-group alignment in which the first
K − 1 groups consist of only a single sequence each, and



theK-th group contains the otherN − K + 1 sequences.
The reasons are explained below.

First, this strategy has been found to produce better
alignments than a random-grouping strategy in whichN se-
quences are randomly divided intoK < N groups such that
no group is empty [6]. Second, when this strategy is used
with A*, effort to solve

(
K−1

2

)
out of

(
K
2

)
sub-alignment

problems (for computing a pairwise alignment heuristic
function) in eachiteration can be spared if a sequence-to-
sequence preprocessing step is performed upfront. Last but
not least, the overhead ofK-group alignment can be sub-
stantially reduced using this strategy, since most of the extra
work compared to ordinaryK-sequence alignment is con-
fined to the last group, since it is the only group with more
than one sequence. The above grouping strategy is referred
to asK-restricted-groupingby Ikeda and Imai [6].

As for the stopping criterion in step 6, one possibility
is to stop when the algorithm cannot decrease the cost of
the current alignment after trying all possible ways of divid-
ing N sequences intoK groups. ForK-restricted-grouping,
the number of ways is

(
N

K−1

)
, which grows quickly with

the number of sequencesN . Thus, a more practical stop-
ping criterion is to terminate when the algorithm has per-
formed consecutively a certain number of iterations (called
max trials in our implementation) without finding a lower-
cost alignment than the best alignment found so far. Note
that every time a lower-cost alignment is found, the algo-
rithm is allowed to run anothermax trials number of itera-
tions, in order to reduce the alignment cost even further.

3. K-group A* with quasi-natural gap costs

In iterative refinement,K-group alignment is performed
repeatedly until the alignment is good enough, as deter-
mined by some stopping criterion. We use A* to performK-
group alignment, since A* is more efficient than dynamic
programming.

In this section, we describe how to compute quasi-
natural gap costs inK-group alignment. The dynamic
programming recursion we develop can be used by ei-
ther A* or dynamic programming. Previous work [6] on
K-group alignment only supports linear gap costs, which
are not fully justified by theories of evolution. In prac-
tice, all sequence alignment tools used by biologists sup-
port some form of affine gap cost.

As reviewed in Section 2.1, an affine gap cost func-
tion consists of a gap-opening cost and a gap-extension
penalty. Since the gap-extension penalty can be represented
in the distance matrix, the key issue is the gap-opening cost.
Use of an affine gap cost in multiple sequence alignment
presents a particular challenge because of the complexity
of identifying the opening of a gap. Altschul [1] consid-
ers an affine gap cost function for multiple sequence align-

ment callednatural gap costs, in which the number of gap
openings in a multiple alignment is defined as the sum of
the number of gap openings in all pairwise projections. But
the number of relevant histories that need to be maintained
for each state, in order to compute natural gap costs, grows
prohibitively with the number of sequences, and makes this
definition impractical. (For natural gap costs, the number of
relevant histories grows faster than the factorial ofN , orN !,
whereN is the number of sequences.) This led Altschul to
propose a simplified version calledquasi-natural gap costs,
which slightly overcount the number of gap openings, in
order to reduce the number of histories that must be main-
tained. (For quasi-natural gap costs, the number of relevant
histories is only2N − 1.) A nice property of quasi-natural
gap costs is that the incoming edge of a state completely de-
termines the number of gap openings for any of its outgoing
edges. We refer to the cited reference for a detailed discus-
sion of quasi-natural gap costs.

Quasi-natural gap costs are employed in multiple se-
quence alignment programs used in practice by biologists,
including MSA [4] and OMA [11] for exact alignment of
a small number of sequences. However, quasi-natural gap
costs have not been used before in aK-group alignment al-
gorithm. We now discuss how to do this.

3.1. Quasi-natural gap costs in profile alignment

To support quasi-natural gap costs inK-group align-
ment, it helps to first consider how to compute quasi-natural
gap-opening costs in pairwise profile alignment. Below we
describe a naive extension of the classic dynamic program-
ming algorithm for pairwise profile alignment. Then we
present our new algorithm.

Let ~xi and ~yj be thei-th and j-th column in profiles
X (with M sequences) andY (with N sequences), respec-
tively. LetDα(i, j) denote the cost of the sub-alignment be-
tween the firsti columns ofX and the firstj columns ofY .
The superscriptα denotes the direction from which the fi-
nal segment of the alignment path came. To be more spe-
cific, α = 1, 2 and 3 indicate that the path arrives from an
upper node, a left node and a diagonally upper-left node, re-
spectively. The dynamic programming equations for a naive
algorithm that supports quasi-natural gap costs for pairwise
profile alignment can be written as follows,

D1(i, j) = min{D1(i− 1, j), D2(i− 1, j) + V,

D3(i− 1, j) + V }+ d(~xi,−)
D2(i, j) = min{D1(i, j − 1) + V, D2(i, j − 1),

D3(i, j − 1) + V }+ d(−, ~yj)

D3(i, j) =
3

min
α=1

{Dα(i− 1, j − 1)}+ d(~xi, ~yj)

where V = MNv, d(~xi,−) = N
∑M

m=1 d(xmi,−),



d(−, ~yj) = M
∑N

n=1 d(−, ynj), and d(~xi, ~yj) =∑M
m=1

∑N
n=1 d(xmi, ynj).

The problem with the above dynamic programming al-
gorithm is that the calculation ofV , the quasi-natural gap-
opening cost, does not take into account the presence of
pre-existing gaps. For example, consider the extreme case
where there is only a single non-gap position in column
~x. According to the above equation, the gap-opening cost
is still MNv, which isM times greater than the real gap-
opening cost, which is onlyNv. As a result, the algorithm
described above fails to minimizeSP (X ·Y ) in most cases.
This drawback was first noticed by Gotoh [3], who de-
scribes a way to do pairwise profile alignment that cor-
rectly minimizes the sum-of-pairs cost. However, he con-
siders natural gap costs and pairwise profile alignment only.

To account for internal gaps in each profile, we present
a new algorithm that uses extra information to compute the
quasi-natural gap-opening costs. Letτ(~x) be the function
that counts the number of non-gap positions in column~x.
We modify the dynamic programming equations as follows,

D1(i, j) = min{D1(i− 1, j), D2(i− 1, j) + V 1

D3(i− 1, j) + V 1}+ d(~xi,−)
D2(i, j) = min{D1(i, j − 1) + V 2, D2(i, j − 1),

D3(i, j − 1) + V 2}+ d(−, ~yj)

D3(i, j) =
3

min
α=1

{Dα(i− 1, j − 1)}+ d(~xi, ~yj)

whereV 1 = Nτ(~xi)v andV 2 = Mτ(~yj)v.
In the above equations,V 1 andV 2 are what we callverti-

cal andhorizontal gap-opening costs, respectively. Because
our new algorithm takes into account the orientation of gaps
as well as the number of non-gap positions in the affected
column of a profile, gap-opening costs in profile alignment
can be evaluated with much greater accuracy.

To illustrate this, we use the same example shown in Fig-
ure 1. Recall that a vertical move corresponds to the in-
sertion of a gap to the single sequenceY shown on the
columns. According to the naive algorithm, the gap-opening
cost of the only vertical move in the alignment path shown
in Figure 1(a) will be calculated asV = MNv = 2 ×
1 × 2 = 4, which is incorrect, because there is in fact
only one new gap opening and the internal gap in the sec-
ond column of profileX should not contribute any gap-
opening cost toSP (X · Y ). According to our new algo-
rithm, the gap-opening cost of a vertical move is deter-
mined by V 1 = Nτ(~xi)v. Note that the vertical move
shown in Figure 1(a) causes a gap to match against the sec-

ond column of profileX. Sinceτ(~x2) = τ(
–
G

) = 1,

the gap-opening cost is therefore correctly computed as
V 1 = Nτ(~x2)v = 1× 1× 2 = 2.

Note that the number of non-gap positions in each col-
umn of the profiles can be pre-computed and stored in a

lookup table, in order to accelerate the calculation of gap-
opening costs. The extra time and space overhead for this is
negligible in a multiple alignment.

It is easy to show that when each profile consists of a
single sequence, our new algorithm computes quasi-natural
gap-opening costs in exactly the same way as in optimal
multiple sequence alignment.

4. Computational results

We tested the performance ofK-group A* in aligning
real protein sequences and compared the results to those
of the exact alignment tool, OMA [11], and the approx-
imate alignment tools, CLUSTAL V [5] and CLUSTAL
W [12]. The protein sequences used in our experiments are
from BAliBASE, which is publicly available at http://www-
igbmc.u-strasbg.fr/BioInfo/BAliBASE.K-group A* ran on
a 300Mhz Sun UltraSparc II workstation with two gigabytes
of RAM. Themax trials parameter described in Section 2.4
was set to 20, in order to limit the number of refinement iter-
ations. The cost function is Dayhoff’s PAM-250 matrix with
quasi-natural gap costs. In all experiments, we used a gap-
opening cost of 20 and a gap-extension cost of 8, and ter-
minal gaps (i.e., gaps at the beginning or end of an aligned
sequence) are penalized the same as non-terminal gaps.

Like any iterative-refinement algorithm,K-group A*
starts with an initial alignment that is created using any
approximation method. In our implementation, an initial
alignment is created using progressive profile alignment.
Unlike CLUSTAL W, which can add only one sequence or
one profile at a time to the progressive alignment, our ap-
proach to progressive alignment usesK-group alignment,
which is able to add a maximum ofK − 1 sequences at a
time. As a result, our initial alignment is often better, which
makes it easier for the iterative refinement process to con-
verge.

4.1. Comparison to OMA

OMA (Optimal Multiple Alignment) is a multiple se-
quence alignment tool developed by Reinert et al. [11] that
uses A* inside a divide-and-conquer approach in order to
find optimal or close-to-optimal alignments for small num-
bers of sequences. We use it as a benchmark to assess the
quality of the alignments produced byK-group A*.

The cost-function settings above are exactly the same as
those used in Reinertet al.’s experiments with OMA, ex-
cept that the machine used in their study is a Sun Ul-
tra Enterprise 450 with 400 MHz processors [11], which
is faster than the processor in our machine. Since de-
tailed computational results for OMA are available on-
line at http://bibiserv.techfak.uni-bielefeld.de/oma/, we use
these published results in our comparison.



OMA K = 3 K = 4 K = 5
Name L % id Cost Secs Cost Secs Cost Secs Cost Secs

1aboA 80 15 10,674 973.64 10,680 0.34 10,674 9.67 10,674 199.67
1aho 67 44 9,807 6.06 9,816 0.32 9,829 0.91 9,807 0.82
1hfh 132 31 19,208 23.64 19,238 2.47 19,208 4.95 19,208 3.23
1idy 58 14 9,542 3.97 9,520 0.47 9,508 2.48 9,508 45.3
1krn 82 45 11,409 3.31 11,409 0.61 11,409 0.63 11,409 0.05
1pfc 117 28 17,708 19.96 17,711 1.13 17,708 1.95 17,708 3.81
1plc 99 46 14,205 4.96 14,195 0.64 14,195 0.95 14,195 0.11
2mhr 118 45 16,687 4.08 16,692 0.83 16,687 1.5 16,687 0.09
451c 87 27 13,364 200.28 13,365 1.82 13,378 15.14 13,364 74.69

Table 1. Comparison of OMA and K-group A* with K = 3, 4, and 5 on test sets of 5-sequence align-
ment from reference 1 of BAliBASE. Columns show the name of the test set ( Name), the maximum
length ( L) and the average percentage identity ( % id) of the sequences, sum-of-pairs alignment cost
(Cost), and CPU seconds ( Secs).

We usedK-group A* to align sets of 5 protein sequences
from reference 1of BAliBASE, with different values of
K. Our test goal was to evaluate the quality of approxima-
tion achieved by iterativeK-group alignment with various
numbers of groups, and to compare these results to results
achieved by OMA, a state-of-the-art optimal alignment tool.
Note that whenK = N = 5, our algorithm finds an align-
ment with the minimum cost, i.e., an optimal alignment.

The results are shown in Table 1. One can see that 5-
group A* finds an optimal alignment for each and every test
problem. For two problems (1idy and1plc), it finds optimal
alignments whose costs are even lower than the ones found
by OMA.1 For seven of the nine test problems, 4-group A*
finds optimal alignments. Although 3-group A* only finds
optimal alignments for two test problems, the sub-optimal
alignments it finds are very close to optimal, and it finds two
alignments with costs lower than those found by OMA.

As shown in the table, increasing the value ofK can in-
crease the running time ofK-group A* significantly, be-
cause the size of the state space increases exponentially with
K, the number of groups. But even withK = 5, our K-
group A* runs much faster than OMA on all but one prob-
lem (1idy), for which OMA fails to find an optimal align-
ment. Note also that the timing results for OMA are on a
machine with faster processors than ours. One of the rea-
sons ourK-group A* algorithm runs faster is the restricted
grouping strategy (described in Section 2.4), which lends it-
self easily to efficient implementation.

1 The reason that OMA sometimes finds sub-optimal alignments is due
to its use of a divide-and-conquer alignment strategy that does not nec-
essarily preserve optimality. We also wrote a separate program that
reads in these sub-optimal alignments produced by OMA and found
that the cost of these alignments can indeed be reduced further.

4.2. Comparison to CLUSTAL V & W

CLUSTAL W is one of the most popular alignment tools
available. It improves on its predecessor, CLUSTAL V, by
using sequence weighting, position-specific gap penalties
and weight matrix choice. As a result, the cost function of
CLUSTAL W is very complex, which makes meaningful
comparisons based on alignment cost difficult. For this rea-
son, we compareK-group A* to both CLUSTAL V and
CLUSTAL W. Unlike CLUSTAL W, CLUSTAL V uses
Dayhoff’s PAM-250 matrix.

As another way to minimize the issue of different cost
functions, we compare the biological quality of the align-
ments found by CLUSTAL V, CLUSTAL W, andK-group
A*, using a standard test program calledbali score that
comes with BAliBASE. Baliscore computes the percent-
age of correctly aligned residue pairs within core blocks of
regions defined in an alignment annotation file created by
the authors of BAliBASE. This provides a standard of com-
parison that is independent of any particular cost function.

We first compare the algorithms on 4- and 5-sequence
test sets with different average percentage identities (% id)
from reference 1 of BAliBASE. This makes it possible to
include OMA in the comparison. The percentages shown
in Table 2 are the sum-of-pairs (SP) scores computed by
bali score. As we can see, all programs except CLUSTAL V
find alignments with average SP scores above 90%. Surpris-
ingly, and interestingly,4-group A* does not outperform3-
group A* on average, although we earlier saw that4-group
A* usually finds lower-cost alignments than3-group A*.
This reflects the fact that finding lower-cost alignments does
not necessarily translate into better (e.g., more biologically
plausible) alignments. In many cases, the cause of a worse
alignment has more to do with an inappropriate cost func-
tion than with a less efficient algorithm that fails to find a



Name N L % id OMA CL. V CL. W K = 3 K = 4

1aboA 5 80 15 56.4% 43.0% 77.2% 66.4% 56.4%
1ad2 4 213 30 96.0% 96.0% 94.9% 96.0% 96.0%
1aho 5 67 44 96.6% 97.7% 92.0% 96.6% 94.9%
1amk 5 254 49 99.5% 99.5% 99.6% 99.3% 99.5%
1aym3 4 244 32 96.7% 96.4% 95.7% 96.7% 96.7%
1csp 5 70 51 97.8% 92.0% 99.3% 97.8% 97.8%
1csy 5 104 30 98.6% 98.6% 93.3% 97.9% 98.6%
1ezm 5 308 60 93.1% 94.4% 95.0% 92.3% 93.1%
1fkj 5 110 44 98.2% 94.7% 97.1% 98.2% 98.2%
1gdoA 4 265 30 93.4% 87.0% 90.8% 93.4% 93.4%
1hfh 5 132 31 94.1% 92.7% 88.6% 94.1% 94.1%
1idy 5 58 14 59.2% 31.9% 56.9% 70.8% 56.9%
1krn 5 82 45 99.2% 99.2% 99.2% 99.2% 99.2%
1ldg 4 315 27 97.4% 94.3% 96.7% 97.4% 97.4%
1mrj 4 266 33 100.0% 99.4% 99.3% 100.0% 100.0%
1pfc 5 117 28 97.2% 97.2% 89.7% 97.2% 97.2%
1pgtA 4 212 26 49.5% 94.7% 100.0% 98.9% 98.9%
1pii 4 259 32 88.1% 82.8% 84.1% 88.1% 88.1%
1plc 5 99 46 94.1% 97.6% 95.3% 97.6% 97.6%
1tis 5 295 50 98.0% 94.2% 97.3% 98.0% 98.0%
1ton 5 244 30 97.7% 84.1% 80.1% 95.7% 97.7%
2cba 5 259 26 92.9% 83.3% 87.5% 93.0% 92.9%
2fxb 5 63 51 94.3% 92.1% 95.0% 94.3% 94.3%
2mhr 5 118 45 99.0% 95.5% 99.6% 98.4% 99.0%
451c 5 87 27 66.7% 66.4% 64.9% 66.7% 69.2%
Average 90.1% 88.2% 90.8% 93.0% 92.2%

Table 2. Sum-of-pairs score comparison of OMA, CLUSTAL V ( CL. V), CLUSTAL W ( CL. W), and K-
group A* with K = 3 and 4 on test sets from reference 1 of BAliBASE. Columns show the name of the
test set ( Name), the number ( N ), the maximum length ( L), the average percentage identity ( % id) of
the sequences, and sum-of-pairs score in percentages.

lower-cost alignment. This also provides a justification for
usingK-group A* with small values ofK, such as 3 or 4.

In this experiment, we found that3-group A* outper-
forms CLUSTAL V and CLUSTAL W by 4.8% and 2.2%
on average SP score, respectively. The improvements are
appreciable given the fact that the accuracy of CLUSTAL V
(88.2%) and CLUSTAL W (90.8%) is already quite high.

Next, we compareK-group A* and the CLUSTAL pro-
grams on more challenging instances of multiple alignment
with larger numbers of sequences. The test sets are fromref-
erence 5of BAliBASE, and Table 3 gives the results. Again,
3-group A* outperforms CLUSTAL V and CLUSTAL W
in terms of the aveage SP score; the degree of improvement
is 9.8% and 2.1%, respectively.K-group A* does particu-
larly well on test sets with more than 10 sequences, such
as S51, kinase2, and kinase3. We attribute this toK-
group A*’s improved ability to overcome CLUSTAL V/W’s
“once a gap, always a gap” problem, which becomes more
pronounced as the number of sequences being aligned in-
creases. Note that we cannot run OMA on most test sets
of reference 5, because OMA has difficulties aligning more

than six or seven sequences with low similarities.
The running time ofK-group A* on reference 5 of BAl-

iBASE is very fast. For example, it took only 159.4 seconds
to solvekinase3, the largest problem in the reference set.
Recall thatK-group A* uses iterative refinement to improve
the final alignment. In all of our experiments,K-group A*
ran at least 20 iterations before termination. This means it
took, at most, an average of 7.97 seconds to perform a sin-
gle iteration forkinase3. For comparison, CLUSTAL W
took 29.3 seconds to solvekinase3 on the same machine.
In other words, CLUSTAL W isat least3.68 times slower
than a single iteration of 3-group A* on this problem.

4.3. Discussion of results

Because CLUSTAL W adaptively chooses the distance
matrix based on the average similarity of the sequences and
penalizes gaps according to their positions in an alignment,
its cost function is believed to be the best among all pro-
grams tested. Since OMA, CLUSTAL V, andK-group A*
all use afixed cost function in all experiments, this gives



Name N L % id CL. V CL. W K = 3

1eft 8 314 19 34.8% 39.5% 32.0%
1ivy 7 441 36 100.0% 100.0% 87.4%
1pysA 10 313 25 63.4% 68.3% 63.2%
1qpg 5 498 35 95.0% 100.0% 100.0%
1thm1 11 231 32 58.9% 76.9% 88.9%
1thm2 7 229 38 93.5% 86.2% 93.5%
2cba 8 328 29 87.5% 91.3% 95.4%
S51 15 301 21 53.2% 93.1% 100.0%
S52 5 334 29 100.0% 100.0% 100.0%
kinase1 5 358 26 92.3% 92.3% 100.0%
kinase2 12 400 29 82.6% 89.4% 93.6%
kinase3 19 384 29 66.9% 83.4% 91.0%
Average 77.3% 85.0% 87.1%

Table 3. Sum-of-pairs score comparison of
CLUSTAL V ( CL. V), CLUSTAL W ( CL. W) and
K-group A* with K = 3 on test sets from ref-
erence 5 of BAliBASE.

CLUSTAL W a significant advantage. It also means the
comparison results must be interpreted with care.

We believe that the comparisons ofK-group A* with
OMA and CLUSTAL V are more objective, because one
can be reasonably sure that most, if not all, of the improve-
ment achieved byK-group A* is due to its improved abil-
ity to find lower-cost alignments, which is the main focus of
our paper. But to be a useful tool for biologists,K-group A*
must show its advantage over other popular alignment tools.
This is the reason we chose to include CLUSTAL W in the
comparison study. Algorithmically speaking, CLUSTAL W
is no different from CLUSTAL V (they both use progres-
sive pairwise profile alignment), and any improvements in
profile alignment that CLUSTAL W introduces can also be
incorporated intoK-group A*. That is, the performance of
K-group A* can be further improved, by incorporating any
improvements that CLUSTAL W adds to CLUSTAL V. This
is left for future work.

5. Conclusion

Alignment of multiple protein or DNA sequences is an
important problem that presents many challenges for both
computer scientists and biologists. This paper introduces
a new method of computing gap-opening costs in profile
alignment that makes it possible to implement aK-group
generalization of A* that uses quasi-natural gap costs. Com-
putational results show that our implementation of theK-
group A* algorithm finds high-quality alignments in a rea-
sonable amount of time, and that it outperforms OMA,
a state-of-the-art optimal alignment tool, as well as the
CLUSTAL family of approximate alignment tools.
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