Parametric Alignmen t of Multiple Biological

Sequences

T etsuo Shibuya Hiroshi Imai

shibuya@is.s.u-tokyo.ac.jp imai@is.s.u-tokyo.ac.jp

1

Department of Information Science, F acult y of Science,

Universit y of T oky o

7{3{1 Hongo, Bunkyo-ku, T okyo 113, Japan

Abstract

The alignment problem of DNA or protein sequences is very applicable and imp ortant

in various �elds of molecular biology

. In this problem, the obtained optimal solution with

�xed parameters (gap p enalties, weights for weighted multiple alignment problems, and so

on) is not alwa ys the biologically b est alignment. Thus, it is required to v ary parameters

and check the varying optimal alignments. The way to v ary parameters has b een studied

well on the problem of only two sequences [6, 7, 12, 13, 14, 15], but not in the multiple

alignment problem b ecause of the di�culty of computing the optimal solution. This pap er

presents techniques for parametric multiple alignment problem, and examines the features

of obtained alignments by parametric analysis on gap p enalty and weight matrix through

exp eriments. These exp eriments reveal the imp ortance of adopting appropriate parameter

v alues to obtain meaningful multiple alignments.

1 Intro duction

The multiple alignment is a problem to obtain the alignment of multiple sequences with the

highest score based on some given scoring criterion b etween characters. This problem app ears

in v arious �elds of molecular biology such as the prediction of three dimensional structures of

proteins and the inference of phylogenetic tree.

The metho d using dynamic programming (DP) is well-known for the alignment problems.

This metho d needs O (n d

) time and space for d sequences of length at most n. This metho d can

be applied when n is not so large and d is 2 or 3, but for larger problems, it is impractical. The

A

�

algorithm is a well-kno wn algorithm for the general optimization and search problems. This

algorithm can reduce the search space dramatically if a p owerful estimator is used. Thus the

A

�

algorithm with upp er b ounding op eration is prop osed recently for computing the optimal

alignment of multiple sequences [8, 9].

In computing alignment, we set several parameters such as gap p enalties, score matrices,

and so on, based on our exp eriences through exp eriments. But, the parameter which induces

the biologically b est alignment is not alwa ys same in many cases. Hence we must chec k the

solutions which are induced by v arious parameters.

The parametric 2-alignment problem has b een studied very well [6, 7, 12, 13, 14, 15]. They

did parametric analysis mainly on gap p enalties. On the other hand, the parametric multiple

alignment problem in resp ect to gap p enalties is also an imp ortant and applicable problem, but

has not b een studied well yet mainly b ecause of the computational di�culty of the problem.

F urthermore, in multiple alignment problem, new parameters which do not app ear in the 2-

alignment problems are inherently intro duced, and parametric problems for them should b e

also investigated. A typical example is the weighted multiple alignment problem, which is a

generalized version of the simple sum-of-pairs multiple alignment problem [1, 4]. It has strong

relationship to phylogenetic tree. This problem do es not arise in 2-alignment problem, but is

very imp ortant. In this weighted problem, we optimize sum of weigh ted pairwise scores, where

the weigh ts are expressed in matrices which we call weight matrices.

In this pap er, we �rst show the (enhanced) A

�

algorithm is applicable for the weigh ted

multiple alignment problem. W e then review the techniques for parametric analysis, and pro-

pose new techniques for multiple alignments. As for the techniques, we introduce Eppstein

algorithm to examine all the optimal solutions for one �xed parameter, and upp er b ounding

technique for the parametric alignment. In most of previous works, they computed only one

optimal solution for one �xed parameter in parametric analysis. W e enumerate all the optimal

solutions b ecause the parametric analysis is the analysis of optimal solutions and we consider

we should examine all optimal solutions. F ortunately

, it is reasonable to obtain with Eppstein

algorithm.

Then we present a parametric study on gap p enalties using actual protein sequences. F ur-

thermore, we also illustrate a parametric analysis on weigh t matrices. W eighted problem is

considered only when the phylogenetic tree is given, but our approach enables more exible

study of the weighted multiple alignment problem. This problem is also studied using actual

protein sequences. These exp eriments show the imp ortance and usefulness of the parametric

study in multiple alignment problem.

2 A

�

Algorithm for W eigh ted Multiple Alignment

The multiple alignment problem can b e easily transformed to the shortest path problem on

some grid-like directed acyclic graph with no negative edges. Let S

k b e the k th sequence of d

sequences to b e aligned, and n

k

= O (n) b e the length of S

k

. Then supp ose a directed acyclic

graph G = (V ; E ) such that V = f(x

1

; : : : ; x

d

)jx

i

= 0; 1; : : : ; n

i g and E = f(v ; v + e)jv 2 V ; e 2

[0; 1] d

; e 6= 0g. In this graph, a path from s = (0; : : : ; 0) to t = (n

1

; : : : ; n

d

) corresp onds to an

alignment of the sequences.

In the alignment problem of two sequences, the length of an edge is de�ned from the

score table b etw een characters, and the length of a path from s to t equals the score of the

corresponding alignment. Figure 1 shows an example of it. In the multiple alignment problem,

the sum of all the scores for alignments of pairwise sequences is generally used as the score.

Thus the score of the alignment equals the length of the corresp onding path, de�ning length

of each edge as the sum of the lengths of the corresp onding edges in the graphs of pairwise

Figure 1: The graph for the alignment of two sequences ATGC and ACT. The s-t path in the bald

line represents the alignment of ATGC- and A--CT

alignments. This longest path problem can b e easily transformed to the shortest path problem

by reversing the signs of the lengths [5, 8, 9]. F rom here, we discuss this transformed shortest

path problem.

The A

�

algorithm will not search the whole graph in �nding the shortest path if a go o d

estimate for the shortest path length from each vertex to t can b e used. Ikeda and Imai [9]

show the following estimator is very useful in case d > 2. Let G

ij b e the corresp onding graph

to the alignment of S

i and S

j

, v

ij b e the corresp onding vertex in G

ij to v in G, and L

�

(u; v )

be the shortest path length from u to v . Then h(v ) =

P

1�i<j �d

L

�

(u

ij

; v

ij

) can b e used as a

powerful estimator for the multiple alignment problem. This estimator is easily b e shown to b e

dual feasible, i.e. l (u; v ) + h(v ) � h(u). Hence the A

�

algorithm can b e applied as following.

1. F or each of i and j (1 � i < j � d), apply DP to graph G

ij from t

ij to calculate L

�

(v

ij

; t

ij

)

for each v

ij in V

ij

.

2. Mo dify the length of edge (u; v ) in G as follows, using h(v ) ab ove, and compute the

shortest path with Dijkstra metho d. Notice that this new edge length is non-negative.

l

0

(u; v ) = l (u; v ) + h(v ) � h(u) (1)

Note that the time and space used for the DP in the step 1 is negligible, if d is large. This A

�

algorithm can deal with aligning 5 to 6 normal sequences in reasonable time.

A vertex in the graph for the multiple alignment has 2 d

� 1 edges going out from it, and

the A

�

algorithm examines all the descendant vertices and keeps in a heap the information

about all of them. If an upp er b ound L

+

(s; t) for the s-t shortest path, which corresp onds to

the lower b ound of the score of the alignment, is given, the necessary space for the heap can

be reduced [8]: we can ignore w such that L

�

(s; v ) + l (v ; w ) > L

+

(s; t), when we examine the

descendant vertices of v . If the necessary space for the heap is reduced, the computing time of

the A

�

algorithm will b e also reduced. This is called the enhanced A

�

algorithm. Note that the

branch-and-bound techniques implemented in MSA program [5] is equiv alent to this enhanced

A

�

algorithm.

The weighted (sum-of-pairs) multiple alignment problem [1, 4] is a generalization of the

simple multiple alignment problem describ ed ab ov e. This version of the problem is often used

when the phylogenetic tree is given. In this problem, we optimize sum of weighted scores

of each pairwise sequence alignments: we multiply the score of the alignment of the ith and

the j th sequence by w

ij

. W e call (w

ij

) a weigh t matrix. Computing the optimal solution

of this problem by the (enhanced) A

�

algorithm is rather easy: all we hav e to do is using

h(v ) =

P

1�i<j �d w

ij

� L

�

(u

ij

; v

ij

) as the estimator.

3 Parametric Multiple Alignment

In this section, we describ e the techniques for parametric analysis of multiple sequence align-

ment problem.

3.1 Basic T ec hniques

In this subsection, we describ e basic metho ds to chec k how the optimal solution v aries as the

parameters such as gap p enalties change. The easiest approach for this kind of problem is

to change the parameter little by little and check the optimal solution, but we cannot know

how little we should change the parameter. Recently the techniques for parametric analysis

are developed [6, 7, 12, 13, 14, 15]. In those previous works, they also did parametric analysis

which deal with more than one parameters, but algorithms for them are not so e�cient as the

one-parameter case and it will often b e nonsense if the parameters are not related each other.

Thus we deal with only one parameter at one time in this pap er.

W e consider the case in which the score of some alignment A

i is expressed with parameter

p as follows:

s

i

(p) = a(A

i

) + b(A

i

) � p (2)

Gap p enalty satis�es this expression for example.

F rom here, we explain how to divide 1-parameter (1-dimensional) space to regions in which

the optimal alignments are always same. Let a

i b e a(A

i

) and b

i b e b(A

i

). Let p

i and p

j b e

the v alues of the parameter which satis�es p

i

< p

j and has di�erent optimal solutions. Let the

alignment A

i b e the alignment with smallest v alue of b among the optimal alignments at p = p

i

and A

j b e the alignment with largest value of b among the optimal alignments at p = p

j

. Then

this two alignments A

i and A

j has the same score at p = p

ij

= � a

i

� a

j

b

i

� b

j

. If the optimal score

at p = p

ij equals to s

i

(p

ij

) = s

j

(p

ij

), there are only two regions b etw een p

i and p

j

. Otherwise,

we can apply the same technique recursively (i.e. apply b etween p

i and p

ij and b etween p

ij

and p

j

) to obtain such division. Figure 2 shows an example of this pro cedure.

Letting n b e the number of regions which we wan t to obtain, we only have to compute the

optimal solutions 2n � 1 times. Thus we can e�ciently do parametric analysis in the case of

one parameter.

3.2 Eppstein Algorithm

In the previous subsection, the alignments with the largest or smallest v alue of b among the

optimal alignments at some �xed parameter are required. These can b e easily obtained by

Figure 2: An example of division of 1-parameter space. In this case, there are 4 regions b etw een

p

1 and p

2

.

some extension of DP [12, 13, 14, 15]. This technique can b e applied also to the (enhanced)

A

�

algorithm, but the aim of the parametric analysis is to examine all the optimal solutions.

Accordingly

, it is not preferable to ignore most optimal solutions if there are many . F ortunately ,

a new e�cient algorithm for enumerating sub optimal solutions was recently prop osed by Epp-

stein [3, 10, 11], which is known to b e very useful for enumerating sub optimal solutions [10]. It

is also e�cient for enumeration of all the optimal solutions: the extra time of the enumeration

is linear to the output size.

Let � (u; v ) for an edge (u; v ) b e l (u; v ) + L

�

(s; u) � L

�

(s; v ). This � (u; v ) denotes how muc h

longer the path will b e using the edge (u; v ) than the optimal path by way of v , and therefore

this v alue is alwa ys non-negative. If an edge (u; v ) is on the shortest path tree, � (u; v ) is zero,

otherwise, it is called a sidetrack and � (u; v ) may not b e zero. If we go along an s-t path p

other than the shortest path, there must b e sidetracks on the path, and we de�ne sidetr ack (p)

as the nearest sidetrack from s within them.

Let (tail (p); head(p)) b e sidetr ack (p). Then we can supp ose a heap, in which the parent of

a path p is a path which is same as p from head(p) to t, but go along the shortest path from

s to head(p) instead of using sidetr ack (p). W e de�ne this parent of p as par ent(p) and we call

p a child of par ent(p). The ro ot of the heap is the shortest path, and all the paths from s to t

appear in the heap once. In this heap, p is � (sidetr ack (p)) longer than par ent(p).

The basic concept of the Eppstein algorithm is constructing a graph which represents 4-heap

modi�ed from this path heap. F rom this heap, we can obtain the k shortest paths in O (k ) time,

or O (k log k ) time in sorted form.

3.3 Upp er Bounding T ec hnique for Parametric Alignment

As we stated in the section 2, the A

�

algorithm will b e more e�cient if some upp er b ounding

v alue for the optimal solution is given (it is called the enhanced A

�

algorithm). In the parametric

alignment problem, s

i

(p

ij

) = s

j

(p

ij

) in the subsection 3.1 can b e used as this upp er b ounding

v alue in computing the optimal alignments at p = p

ij

.

4 Case Analysis and Exp erimental Results

In this section, we do parametric analysis of gap p enalty and weight matrix. W e also do

experiments on actual protein sequence groups.

Concerning the score matrix, we used the famous P

AM-250 matrix based on [2]. As for gap

penalties, in the 2-alignment case, a�ne gap p enalty is often used (i.e. p enalty expressed as

a + bx where x is the length of the gap). On the other hand, in multiple alignment problem,

to obtain the optimal alignment using the a�ne gap is very di�cult, though there are many

approximate algorithms which can deal with a�ne gap. Thus, we use linear gap p enalty (i.e.

penalty expressed as bx where x is the length of the gap) in this exp eriment. In the exp eriments

for parametric weigh t matrix, we used �8 for gap p enalty which is the minimum value in P AM-

250 matrix. All the exp eriments in this section were done on Sun Ultra 1 workstation with 128

Mbyte memory .

W e used 6 sequences of EF-1� sequences for exp eriments. This is a group whose similarity

is very high and their lengths are ab out 430. T able 1 shows the sequences we used in the

experiments.

4.1 Parametric Gap Penalt y

W e did parametric analysis of gap p enalty using the top d sequences in T able 1.

In general, the most p opular gap p enalty is the minimum v alue in the score matrix, which

is �8 in this P

AM-250 case. W e did parametric analysis for d-sequence alignment (2 � d � 6)

with gap p enalty b etw een �2 and �16.

T able 2 shows the result of the exp eriment. In T able 2, the �rst row of each entry of d

shows the b oundaries of the regions, but several of the ends are not the b oundaries: the ends

with � in #Max and #Min entry are not b oundaries. The second row shows the number of

the optimal solutions at the v alue. The last two rows shows the number of optimal solutions

with largest/smallest v alue of b in the subsection 3.1. Thus, these values equal to the numbers

of the optimal solutions b etween the b oundaries.

According to the table, it is observed that the interv als of the regions b ecome smaller as the

penalty increases regardless of d. It also shows that there are not so much di�erence b etw een

di�erent d’s, which means we can do parametric analysis as easily as in the 2-alignment case.

The table also shows that there are more than 1 optimal solution in all cases in the exp eriments.

T able 1: EF-1� sequences used for the exp eriments

Sequences Pairwise Scores

Sp ecies Protein Length Met Tha Thc Sul Ent

Halobacterium marismortui (Hal) EF-TU 421 1329 1314 1221 1109 1099

Methano co ccus vannielii (Met) EF-TU 428 1336 1247 1150 1176

Thermoplasma acidophilum(Tha) EF-1� 424 1311 1261 1233

Thermo co ccus celer (Thc) EF-1� 428 1132 1130

Sulfolobus acido caldarius (Sul) EF-1� 435 1192

Entamoeba histolytica (Ent) EF-1� 430

T able 2: The result of the exp eriment on parametric gap p enalty .

Gap p enalty �16 �5 �3 �2:5 �2

d = 2

#Solutions 4 12 24 192 576

#Max - 8 16 8 32

#Min - 4 8 16 8

Gap p enalty �16 �3:5 �3 �2:75 �2:5 �2:2 �2

d = 3

#Solutions 8 16 24 32 72 48 256

#Max - 8 16 16 16 32 96

#Min - 8 8 16 16 16 32

Gap p enalty �16 �8 �3:83 �3:5 �2:5 �2:33 �2:25 �2

d = 4

#Solutions 16 32 32 32 32 48 160 4608

#Max - 16 16 16 16 32 128 384

#Min - 16 16 16 16 16 32 128

Gap p enalty �16 �7:5 �4 �3:38 �3:17 �3 �2:88 �2:75 �2:5

d = 5

#Solutions 2 4 4 4 4 4 12 8 24

#Max - 2 2 2 2 2 4 4 4

#Min - 2 2 2 2 2 2 4 4

Gap p enalty �16 �6:5 �4:5 �4 �3:5

d = 6

#Solutions 4 16 8 8 4

#Max - 4 4 4 -

#Min - 4 4 4 -

Figure 3 shows the num b er of visited no des by A

�

algorithm in computing the all the

optimal alignments under v arious gap p enalties. According to this �gure, the number of the

visited no des increases drastically as the gap p enalty increases esp ecially when gap p enalty is

larger than �4. This is the reason why we analyzed gap p enalty only up to �2:5 or �3:5 when

d � 5: the required space was to o large to compute when the gap p enalty is around �2.

In general, the num b er of required space is large if the similarity among the group is low.

This means that if the number of visited no des b ecomes to o large, similarity may not have b een

detected. Thus the gap p enalty larger than �4 may b e of no use.

4.2 Parametric W eigh t Matrix

Parametric analysis of weigh t matrix can b e used for tuning parameters of a phylogenetic

tree. A weigh t matrix for aligning sequences whose phylogenetic tree is known can b e made

if divergence b etween sequences are given [1]. But what should we do if the divergence are

ambiguous? In such case, parametric analysis b etween reasonable two weigh t matrices helps.

There are

(d � 2)(d + 1)

2 parameters to change in the weight matrix, thus what we can do is

very limited simple analysis. W e implemented a program to analyze how the optimal solutions

change as weigh t matrix changes linearly b etween tw o weight matrices.

Figure 3: Numb er of visited no des by A

�

algorithm under v arious gap p enalties.

W e did exp eriments b etw een following two weigh t matrices of (w

ij

) and (w

(16;n)

ij

):

w

ij

=

(

0 i = j

1 i 6= j w

(p;n)

ij

=

(

p � w

ij i = n or j = n

w

ij otherwise

(3)

In this equation, (w

ij

) corresp onds to the simple sum-of-pairs multiple alignment, and w

(p;n)

ij

increases the imp ortance of nth sequence to p times as the simple sum-of-pairs multiple align-

ment. If biologically go o d alignment is discov ered in the exp eriment, we can estimate the

importance of the sequence which was increased.

T able 3 shows exp eriment results using the 6 EF-1� sequences in T able 1. The �rst column

is the name of the sequence whose imp ortance was increased. The �rst row of every entry shows

the v alue of p of w

(p;n)

ij which are b oundaries of regions except for several ends with - in #Max

and #Min entries. The second row shows the number of the optimal solutions and the other

tw o rows shows the num b er of the optimal solutions with largest/smallest b in the section 3.1.

In this exp eriment, we notice that the optimal solutions will change even when only p = 1:33

in some of the cases (cases of Tha and Ent). It means we should take more care of the weigh t

matrix. This exp eriment also show that there are more than 1 optimal solution in all the cases

in this exp eriment. In the exp eriment, the number of the regions are not to o large to deal with

(6 to 10 in this exp eriment). This means this approach is very reasonable to take.

T able 3: The result of the exp eriment on parametric weigh t matrix.

W eigh t 1 1:33 3 3:17 4:5 4:75 5 6:57 16

Hal

#Solutions 4 16 16 12 8 8 48 16 8

#Max - 4 8 4 4 4 8 8 -

#Min - 4 4 8 4 4 4 8 -

W eigh t 1 2:25 3 4:2 4:4 4:5 12 14:5 16

Met

#Solutions 4 8 12 16 16 16 16 16 24

#Max - 4 8 8 8 8 8 8 16

#Min - 4 4 8 8 8 8 8 8

W eigh t 1 2:33 3 5:5 7:67 8 16

Tha

#Solutions 4 8 8 8 8 16 4

#Max - 4 4 4 4 4 -

#Min - 4 4 4 4 4 -

W eigh t 1 1:8 3 4 5 5:33 6 10:33 12 14:44 16

Thc

#Solutions 4 8 8 12 12 8 8 8 8 8 12

#Max - 4 4 2 4 4 4 4 4 4 8

#Min - 4 4 4 2 4 4 4 4 4 4

W eigh t 1 2 3 3:75 5 6 6:43 8 10:25 14 16

Sul

#Solutions 4 12 8 8 12 16 16 16 16 16 8

#Max - 4 4 4 8 8 8 8 8 8 -

#Min - 4 4 4 4 8 8 8 8 8 -

W eigh t 1 1:33 1:5 3 3:66 5 6 10:33 13 16

Ent

#Solutions 4 8 8 8 8 8 8 12 24 16

#Max - 4 4 4 4 4 4 8 16 -

#Min - 4 4 4 4 4 4 4 8 -

5 Concluding Remarks and F uture W orks

W e introduced the concept of parametric analysis to multiple alignment problem. W e also

demonstrated parametric exp eriments on gap p enalties and weigh t matrix for multiple align-

ment problem. Using parametric weight matrix technique practically in such problems as

phylogenetic tree problems which are strongly related to weight matrix remains as one of fu-

ture works. Applying similar techniques to other optimization problems in genome science, or

doing parametric study of other parameters are also left as future works.

Ac kno wledgemen t

This work was supp orted in part by the Grant-in-Aid for Scienti�c Research on Priority Areas,

\Genome Science" from the Ministry of Education, Science, Sp orts and Culture of Japan.

References

[1] S. F. Altsuchul, R. J. Carroll and D. J. Lipman, \W eights for Data Related by a T ree," J.

Mol. Biol. 207, pp. 647-653, 1989.

[2] M. O. Dayho�, R. M. Sch wartz, and B. C. Orcutt, Atlas of Pr otein Se quenc e and Structure

(M. O. Dayho� ed.), V ol.5, suppl. 3, pp. 345-352, National Biomedical Research F ounda-

tion, W ashington D. C., 1978.

[3] D. Eppstein, \Finding the k Shortest Paths," Pro c e e dings of the 25th IEEE Annual Sym-

posium on F oundation of Computer Science, pp154-165, 1994.

[4] O. Gotoh, \A W eighting System and Algorithm for Aligning Many Phylogenetically Re-

lated Sequences," CABIOS, 11, pp. 543-551, 1995.

[5] S. K. Gupta, J. D. Kececioglu and A. A. Scha�er, \Improving the Practical Space and Time

E�ciency of the Shortest-paths Approach to Sum-of-pairs Multiple Sequence Alignment,"

Journal of Computational Biolo gy, V ol. 2, No. 3, pp. 459{472, 1995.

[6] D. Gus�eld, K. Bak asubramanian and D. Naor, \Parametric Optimization of Sequence

Alignment," Pro c e e dings of 3r d ACM-SIAM Annual Symp osium on Discrete Algorithms,

pp. 432-439, 1992.

[7] X. Huang, P

. A. Pevxner and W. Miller, \Parametric Recomputing in Alignment Graphs,"

Pro c e e dings of 5th Annual Symposium on Combinatorial Pattern Matching, pp. 87-101,

Springer-V erlag LNCS 807, 1994.

[8] T. Ikeda, \Applications of the A

�

Algorithm to Better Routes Finding and Multiple Se-

quence Alignment," Master’s Thesis, Dept. of Info. Sci., Univ. of T oky o, 1995.

[9] T. Ikeda, and H. Imai, \F ast A

�

Algorithms for Multiple Sequence Alignment," Pr o c e e dings

of Genome Informatics Workshop V, pp.90-99, 1994.

[10] T. Shibuya and H. Imai, \Enumerating Sub optimal Alignments of Multiple Biological

Sequences E�ciently

," Pro c e e dings of Paci�c Symp osium on Bio c omputing ’97, 1997, to

b e app ear.

[11] T. Shibuya, T. Ikeda, H. Imai, S. Nishimura, H. Shimoura, and K. T enmoku, \Finding a

Realistic Detour by AI Search T echniques," Pr o c e e dings of the 2nd Intel ligent T r anp orta-

tion Systems, V ol. 4, pp. 2037-2044, 1995.

[12] M. Vingron and M. S. W aterman, \Sequence Alignment and Penalty Choices: Review of

Concepts, Case Studies and Implications," J. Mol. Biol. 235, pp. 1-12, 1994.

[13] M. S. W aterman, \Introduction to Computational Biology: Maps, Sequences and

Genomes," Chapman & Hall, 1995.

[14] M. S. W aterman, \Parametric and Ensemble Sequence Alignment Algorithms," Bul l. Math.

Biol. 56, pp. 743-767, 1994.

[15] M. S. W aterman, M. Eggert and E. Lander, \Parametric Sequence Comparisons," Pro c.

Natl. A c ad. Sci. USA, 89, pp. 6090-6093, 1992.