MuSiC and MuSIC-ME

MuSIC and MuSIC-ME: Efficient Tools for
Multiple Sequence Alignment with Constraints



MuSic and MuSIC-ME
MuSIC and MuSIC-ME: Efficient Tools for Multiple Sequence

Alignment with Constraints

Student Yen Pin Huang

Advisor Prof. Chin Lung Lu

A Thesis Submitted to Institute of Bioinformatics
College of Biological Science and Technology
National Chiao Tung University in partial Fulfillment of the Requirements
for the Degree of Master in

Biological Science and Technology

June 2004

Hsinchu, Taiwan, Republic of China



L AHE

T2 W E BT A Mg AP % E 57 # (Multiple Sequence Alignment) £

SRR AR EGH FIA SR EERA G TR, FAMERE T8
LA A [ ALMARC A — et 69383, B LI A AL 9T M ey s,
LR B0, B E A ERRRT I Motifs o Bt £ % F /50|t egas
1%, AMEFAZRA AT EA R — L ARG /DA PR 6Y /IR G P A HER
BT AP E—Ae, A, BATE AL % 72 st TR K AR&L MR
TR, BBV ARG G569 A R A PR 295 T b R BAR hEL g e
Fotg A& Bk, EIZMERF, RFIE R B 2L AR — AR AR A A
b9 % & 52 e it T AR R IE AR R, BT R AGHE R A 569572 B —
R B BER AR 27 7 E— e AR b6y / ha 6 /R F M6 AR
BRI, RIEEE —1 5 F 7P| LSS AT — o i IR RUE AR 69 A g S ok R HE
shfe—Ae, KAURI T P18 6 Progressive iy 7 ik R AR R IR0 % & 5|t R
A, FF L BES K HS ARG T A A R0 B AR R IR A A R Ak
F A A (Constrained Pairwise Sequence: Alignment Problem)o & AP4% A Dy-
namic Programming & Divide-and-Corquer 35 MAE T F] 6 7 & 5 735+t i — B
B B A 2 R R — AR 7 ] B R0 i Bk R RAT R AR A IR A A 0 Rk 5
P, KR, ROVBRBLEE AR A0 S8 R B RERAA 2 55T
£ MuSiC (Multiple Seugnece Alignment with Constraints) & MuSiC-ME (Memory-
Efficient MuSiC)o Fl&F, &AMF|H— &R mEF (624 SARS) 89 3 UTR F714
RIS AT T 6T R, A HLPT & 4 69 5P S P 4R B SARS #ma T a4
2 %, Pseudoknot 454589 K BT,



Abstract

Multiple sequence alignment (MSA) has received much attention in the fields of
bioinformatics and computational biology because it is very useful for discovering
the biological meanings of sequences. Usually, biologists may have advanced knowl-
edge about the structures/functionalities/evolutionary relationships of sequences of
interest, such as active site residues, intramolecular disulfide bonds, substrate bind-
ing sites, enzyme activities and conserved motifs (consensuses). They would ex-
pect an MSA program that is able to align these sequences such that the struc-
tural/functional /conserved bases (i.e., nucleotides or residues) are aligned together.
However, most available MSA programs cannot satisfy such a requirement because
they generate an alignment based only on the content of the sequences, ignoring the
known functional/structural/conserved information. Hence, in this thesis, we study
and develop a so-called constrained multiple.sequence alignment (CMSA) tool, which
takes as input the sequences and several user-specified constraints, each with corre-
sponding to the known functional /structural /conserved bases, and generates an output
of alignment in which the bases corresponding to a user-specified constraint are aligned
together. We use the progressive approach to design efficient programs for heuristi-
cally solving the CMSA problem. The kernel of this approach is an efficient algorithms
for optimally solving the constrained pairwise alignment (CPSA) problem. We use
two different approaches, called as dynamic programming and divide-and-conquer, to
design a time-efficient algorithm and a memory-efficient algorithm respectively for opti-
mally solving the CPSA program. Based on those two algorithms, we then develop two
programs, called MuSiC (Multiple Sequence Alignment with Constraints) and MuSiC-
ME (Memory-Efficient MuSiC), respectively. To demonstrate the applicabilities of our
programs, we test them on a data set of RNA sequences of 3" UTRs of several coron-
aviruses, including SARS, for detecting a fragment in the 3’ UTR of SARS that is able
to fold into a stable pseudoknotted structure, where such a pseudoknot is considered

to be involved in the RNA replication of coronaviruses.
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Chapter 1

Introduction

Multiple sequence alignment (MSA) is one of the fundamental problems in bioinfor-
matics and computational biology that have been studied extensively, because it is
a useful tool in the phylogenetic analyses among various organisms, identification of
conserved motifs and domaing’in a group ‘of'related proteins, secondary and tertiary
structure prediction of a protein/RNA“and so on [4, 5, 14, 23, 24]. The sum-of-pairs
score is widely used for selecting an-optimal MSA. This kind of MSA problem, called
sum-of-pairs MSA (SPMSA )“problem, can be solved by extending the dynamic pro-
gramming algorithm of Needleman and Wunsch for aligning two sequence [22]. In the
worst case, it needs to take O(2¥n*) time to align k sequences of length n. This expo-
nential time limits the dynamic programming technique to align only a small number
of short sequences. Actually, the SPMSA problem has been shown to be NP-complete
[3, 40], which means that it seems to be impossible to design an efficient algorithm to
find the mathematically optimal alignment. Hence, some approximate and heuristic
methods are introduced to overcome this problem.

For the approximate methods, Gusfield [13] first proposed a polynomial time ap-
proximation algorithm with performance ratio of 2 — 2. Then Pevzner [26] improved
the performance ratio to 2 — % Recently, Bafna, Lawler and Pevzner [2] further im-
proved the performance ratio to 2 — % for any fixed [. It is worth mentioning that
Li, Ma and Wang [19] have given a polynomial time approximation scheme for finding

a multiple sequence alignment within a constant band, which is often useful in many



practical cases. For the heuristic methods, the most widely used heuristic methods are
so-called progressive strategies [8, 11, 16, 35, 37].

Usually, biologists may have advanced knowledge about the struc-
tures/functionalities/evolutionary relationships of sequences of interest, such as
active site residues, intramolecular disulfide bonds, substrate binding sites, enzyme
activities and conserved motifs (consensuses). They would expect an MSA program
that is able to align these sequences such that the structural/functional/conserved
bases (i.e., nucleotides or residues) are aligned together. However, the currently
existing MSA tools, such as CLUSTAL W, do not guarantee that the generated
alignments meet such a requirement that some particular bases would be aligned
together. Hence, Tang et al. [34] defined and studied the so-called constrained
multiple sequence alignment (CMSA) problem that given the input sequences with
several user-specified constraints, generates an MSA in which the bases corresponding
to a user-specified constraint are aligned together, where each user-specified constraint
corresponds to the know functional/structural /constrained bases. Tang et al. designed
a dynamic programming algorithm”“for finding an optimal constrained alignment of
two sequences and then used ‘it as a kernel t6.develop a constrained multiple sequence
alignment tool based on the progressive method, where each constraint used by Tang
et al. is a single base. Their proposed algorithm for two sequences runs in O(yn?)
time and consumes O(n*) space, where ~ is the number of the constrained bases and
n is the maximum length of sequences. Later, this result was improved independently
to O(yn?) time and O(yn?) space using the same approach of dynamic programming
[7, 44].

In fact, each of the columns requested to be aligned together can represent a con-
served site of a protein/DNA/RNA family and each conserved site may consist of a
short segment of bases, instead of a single base. In other words, the user-specified
constraint may be a fragment of bases. For some applications, biologists may further
expect that some mismatches are allowed among the bases of the columns requested
to be aligned. Hence, in this thesis, we consider a more generalized CMSA problem

in which the user-specified constraints are a fragment of bases and some mismatched



may occur in the columns requested to be aligned.

We use the progressive approach to design efficient programs for heuristically solving
the CMSA problem. The kernel of this approach is an efficient algorithms for optimally
solving the constrained pairwise alignment (CPSA) problem. First of all, we use the
dynamic programming technique to design an algorithm of O(yn?) time and O(yn?)
space optimally solving CPSA and then use this algorithm as the kernel to develope
CMSA tool, called as MuSiC (Multiple Sequence Alignment with Constraints). The
result greatly increases the performances and practical usage of the CMSA tools devel-
oped by the progressive approach. However, the requirement of O(yn?) memory still
limits it to align a set of short sequences, at most several hundreds of bases. To align
large genomic sequences, there is a need to design a memory-efficient algorithm for the
CPSA problem, which is the key limiting factor relating to the applicable extent of
the progressive CMSA tools. Hence, in_the second part, we adopt the so-called divide-
and-conquer approach to design a memory-efficient algorithm for optimally solving the
CPSA problem, which runs-in.Q(yn?) time, but consumes only O(yAn) space, where
A is the maximum of the lengths of constraints and usually A << n in practical appli-
cations. Based on this algorithm, we have finally developed a memory-efficient CMSA
tool, called as MuSiC-ME (Memory-Efficient MuSiC), using the progressive approach.

To demonstrate the applicabilities of our programs, we test them on a data set of
RNA sequences of 3" untranslated regions (UTRs) of several coronaviruses, including
SARS, for detecting a fragment in the 3’ UTR of SARS that is able to fold into a stable
pseudoknotted structure, where such a pseudoknot is considered to be involve in the
RNA replication of coronaviruses.

The rest of this thesis is organized as follows. In Chapter 2, we give the formal def-
inition of the CMSA problem we study in this thesis and also introduce the main steps
of the adopted progressive MSA. In Chapter 3, we first use the dynamic programming
technique to design a time-efficient algorithm for optimally solving the CPSA problem,
then use the divide-and-conquer technique to design a memory-efficient algorithm for
the CPSA problem, and finally used the progressive approach to develop two CMSA

programs. In Chapter 4, we demonstrate the applicability of our developed programs



by testing them on a data set of RNA sequences. Finally, we make some conclusions

in Chapter 5.




Chapter 2

Preliminaries

2.1 Problem Formulation

Let § = {51, 5, -+,Sk} be the set of k sequences over the alphabet ¥. Then a
multiple sequence alignment (MSA) of S is @ rectangular matrix consisting of k rows
of characters of ¥ U {-} such that no column consists entirely of dashes and removing
dashes from row i leaves Sifor anyd1'<i. < k.-The sum-of-pairs score (SP score) of
an MSA is defined to be the sum of the scores’ of all columns, where the score of each
column is the sum of the scores of all"distinct pairs of characters in the column. In
practice, the score of the pair of two dashes is usually set to zero. Then the problem
of finding an MSA of S with the optimal SP score is the so-called sum-of-pairs MSA
problem [4, 5, 14, 23, 24].

Let [(P) be the length of a fragment sequence P. Let dy(P’, P") denote the Ham-
ming distance between two fragments P’ and P” of equal length (i.e., [(P’) = [(P")),
which is equal to the number of mismatched pairs in the alignment of P’ and P” with-
out any gap. Given an alignment £ of S, a band is defined as a block of consecutive
columns in £ (i.e., a submatrix of £). For any band B of £, B(S;) denotes the frag-
ment of S; whose residues/nucleotides are all in the band B, where 1 < i < k. A
sequence S = $15s. .. sy is said to appear in L if L contains a band B of A columns, say
x1,T2,...,Ty, such that the characters of column z;, where 1 < j < A, are all equal

to s;, or equivalently, B(S;) = S for each 1 < i < k. If dy(B(S;),S) < I(S5) x € for



a given error ratio 0 < € < 1 (i.e., some mismatches are allowed between B(S;) and
S), then S is said to approzimately appear in L. From the biological viewpoint, S can
be considered as the consensus among the fragment sequences in B and hence S is
also called as an induced consensus by the band B. For any two sequences S’ and S”,
S < 8" is used to denote that S’ (approximately) appears strictly before S” in L (i.e.,
their corresponding bands do not overlap). Let C = (Cy, Cs, ..., C,) be a ordered set of
~y constraints, each C; = ¢;1¢,2 . . . ¢; ), with length of \;. Then the constrained multiple
sequence alignment (CMSA) of S with respect to C is defined to be an MSA L of S in
which all constraints of C approximately appear in the order C} < Cy < ... < C,, such
that dy(B;(S;),C;) < Aj x € for each band B; whose induced consensus is C;, where
1<i<kand1l<j<~. Given aset S of k sequences along with an ordered set C of
constraints and an error ratio €, the so-called constrained multiple sequence alignment

problem is to find a CMSA w.r.t. C_with the optimal SP score.

2.2 Progressive multiple sequence alignment

The progressive approach is‘ene of the widely- used heuristics for efficiently finding a

good MSA of several sequences. The ideas behind it are as follows [8, 11, 16, 35, 37]:

1. Compute the distance matrix by aligning all pairs of sequences: Usually, this
distance matrix is obtained by applying FASTA [20, 27] or the dynamic pro-

gramming algorithm of Needleman and Wunsch [22] to each pair of sequences.

2. Construct the guide tree from the distance matrix: For the existing progressive
methods, they mainly differ in the method used to build the guide tree for di-
recting the order of alignment of sequence. To build the guide tree, for example,
PILEUP (a program of GCG packages) uses UPGMA (Unweighted Pair-Group
Method using Arithmetic mean) method [33] and CLUSTAL W [37] uses NJ
(Neighbor-Joining) method [31].

3. Progressively align the sequences according to the branching order in the guide

tree: Initially, the closest two sequences in the tree are aligned using the normal
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dynamic programming algorithm. After aligning, this pair of sequences is fixed
and any introduced gaps cannot be shifted later (i,e., once a gap, always a gap).
Then the next two closest pre-aligned groups of sequences are joined in the same
way until all sequences have been aligned. (Here, we may consider a sequence as
an aligned group of a sequence.) To align two groups of the pre-aligned sequences,
the score between any two positions in these two groups is usually the arithmetic
average of the scores for all possible character comparisons at those positions.

We call this kind of scoring methods as a set-to-set scoring.

In fact, MST has been used as a significant tool for data classification in the fields of
biological data analysis. In [34], Tang et al. proposed a variant of progressive method
by using the Kruskal MST to construct the guide tree, called Kruskal merging order
tree. The Kruskal merging order tree of k sequences is constructed as follows. First,
we create a complete graph G =#(V, E)ef k sequences in a way that each vertex of
V' represents a sequence and eachpedge’ e of £ is associated with a weight d(e) to
represent the distance between the corresponding sequences of its end-vertices. Then
we use the Kruskal’s algorithm [18]t@construct the Kruskal MST of G, denoted by 7.

For completeness, we describe the Kruskal method for constructing 7 as follows.
1. Sort all edges of F in non-decreasing order according to their distances.

2. Initially, 7 is empty. Then we repeatedly add the edges of F in non-decreasing
order to 7 in a way that if the currently adding edge e to 7 dose not create a

cycle in 7, then we add e to 7; otherwise, we discard e.

Next, according to the Kruskal MST 7', we build the Kruskal merging order tree

Ti as follows.

1. Let V. = {v1,va,...,v;} and ey, ea,...,e,_1 be the edges of 7 with d(e;) <
d(ez) <...< d(ek,l).

2. For each vertex v; € V', we create a tree 7; such that 7; contains only a node v;.
For the purpose of merging trees, we consider 7; as a rooted tree by designating

v; as its root, and define the merge of two tree 7; and 7; respectively rooted at

7



v; and v; to be a new tree rooted at a new vertex u such that v; and v; become

the children of w.

3. For each ex = (v;,v;), where K increases from 1 to k — 1, we find the trees 7;
and 7; containing v; and v, respectively and then merge them into a new tree.
This process is continued until the remaining is only one tree. Then this final

tree is the so-called Kruskal merging order tree Tx.

The construction of G for k sequences can be done in O(k?) time and the computation
of the Kruskal’s MST 7 of G can be done in O(k?log k) time. Then the construction of
T from 7 can be implemented by the disjoint set union and find algorithm proposed
by Gabow and Tarjan [12] in O(m + k) time, where m denotes the number of union
and find operations. It is not hard to see that m = O(k) and hence the construction
of T takes O(k) time. Therefore, the total time complexity of constructing 7y is
O(k*logk).



Chapter 3

Algorithms

Here, we describe our algorithms to efficiently solve the CMSA problem based on the
progressive approach adopted by Tang et al. [34]. The ideas behind this progressive
approach are first to design an efficient algorithm to optimally solve the constrained
pairwise sequence alignment (CPSA) and thén use it as a kernel to progressively align
the input sequences into a .CMSA atcording to the branching order of a guide tree.
The main different part of our progressive algorithm from Tang’s is the algorithms for
solving the CPSA problem. 1n.the following,we first use the dynamic programming
technique to design a time-efficient algorithm for optimally solving the CPSA problem,
then use the divide-and-conquer technique to design a memory-efficient algorithm for
the CPSA problem, and finally use the progressive approach to develop two CMSA

programs.

3.1 Constrained pairwise sequence alignment

3.1.1 Dynamic programming method

In this section, we shall use dynamic programming method to design a time-efficient
algorithm for solving the CPSA problem with two given sequences A = ajas . .. a,, and
B = biby ... by, agiven order set C = (C1,Cy, . .., C,) of v constraints and a given error
threshold e.

For any two characters a,b € ¥, let o(a,b) denote the score of aligning a with b.

9



The gap penalty adopted here is the so-called affine gap penalty that penalizes a gap
of length [ with w, + [ X w., where w, > 0 is the gap-open penalty and w, > 0 is
the gap-extension penalty. For convenience, let A; = ayas...a;, Bj = biby...b; and
Cr=(C1,Cq,...,Ck),where 1 <i<m,1<j<n,1<k<~. Let M(i,7) denote the
score of an optimal constrained alignment of A; and B; w.r.t. C;. Clearly, M., (m,n)
is the score of an optimal constrained alignment of A and B w.r.t. C. L is called as a
semi-constrained alignment of A; and B; w.r.t. Cp if it is a constrained alignment of
A; and B; w.r.t. C,_; and also ends (or begins) with a band whose induced consensus
is equal to a prefix of Cj, (or a suffix of C1). Ni(7,7,h) is defined to be the score of an
optimal semi-constrained alignment of A; and B; w.r.t. C; that ends with an induced
consensus equal to Cyp,, where Cyp, = cpiCra ... Crp. Let MP(i,7) and Mi(i, ) be
the maximum scores of all constrained alignments of A; and B; w.r.t. Cj, that end with
a deletion pair (i.e., (a;, —)) and an insertion pair (i.e., (—,b;)), respectively. By the
definition, it is not hard to derive the recurrence of My(i,7), where 1 < i < m and

1 < 5 <n, as follows. If k =0, then

MG — 15 — 1) + o(ai, by),
Mk(zaj) = Inax MkD(Zaj)>
M (i, ).

If1 <k <, then

Mp(i—1,7—-1)+ a(ai,bj),
MR (i, 5),

M (i, ),

Nk(z’,j, k).

M(i,7) = max

Clearly, Ni(i, j, Ai.) = Mp—1(i—Ng, J—Me) +Zo<n<r,—10(@i—p, biop), i dg(A;(Ag), Ck) <
A x € and dy(Bj(M),Ck) < A X €, where A;(A\y) = ain41-..a; and Bj(\,) =
bj—xp+1---b;. Otherwise, Ny(i, j, \y) = —oo. To simply describe the computation of
MP (i, 5) and ML(i, j), we introduce another notation M5 (i, j) which is defined to be
the maximum score of all constrained alignments of A; and B; w.r.t. C; that end with

a substitution pair (i.e., (a;,b;)). Let £P(A;, B;) denote the alignment of A; and B;

10



with score MP (i, j) which ends with a deletion pair (a;, —). Let £’ be the portion of
LY (A;, B;j) before the last aligned pair (a;, —). Then there are three possibilities when

we consider the last aligned pair of L’

Case 1: The last aligned pair of £’ is a substitution pair. Then the score of L’ is
M3 (i —1,7) and (a;, —) is charged by a gap-open penalty and a gap-extension

penalty in MP (i, 7). Hence, MP(i,5) = M (i — 1,7) — wy — we.

Case 2: The last aligned pair of £’ is a deletion pair. Then the score of £’ is MP (i —
1,7) and (a;, —) is charged by only one gap-extension penalty in MP (i, 7). Hence,
MR, ) = MP (i — 1, ) — we.

Case 3: The last aligned pair of £’ is an insertion pair. Then the score of L is
ME(i —1,7) and (a;, —) is charged by a gap-open penalty and a gap-extension
penalty in MP (i, j). Hence, MP(isj) = ML(i —1,7) — w, — w..

In summary, we have

ME(Z [ = 17]) — Wo — We,
M (i, ) ex - MP G 1, 5) — we,
Mé(Z - 17.7) — Wo — We.
However, by including an extra MP (i — 1, j) — w, — w, into the right-hand site of the

above recurrence, we can reformulate the above recurrence as

Mk(Z - 17.7) — Wy — We,
MkD<Z - 17]) — We.

M (i, ) = max

Similar to the discussion above, the recurrence of MZ(i,j) can be derived as

Mk:(iaj - 1) — Wy — We,
Mé(%] - 1) — We.

Mé(i,j) = max

The initializations of My(i, j), MP (i, j) and M (i, 5) for all 0 < k < v are as follows.

o If k = 0, then My(0,0) = 0, MP(0,0) = ML(0,0) = —o0, My(i,0) =
MP(,0) = —w, — iw, and ML(i,0) = —co for all 1 < i < m, and M(0,5) =
M0, ) = —w, — jw. and MP(0,7) = —oco for all 1 < j < n.

11



Figure 3.1: The schematic diagram of four adjacent entries of G, where
entry (i,7,k) consists of three nodes M, MP and ML corresponding to
Mk(% j)? MkD(Zv ])7 Mé(lu ])7 respeCtiVQIY'

o If 1 < k < 7, then My (0,0 =10 MP(0,0) = ML(0,0) = —c0, My(i,7) =

MP(i,5) = ML(i,j) = —ocforall '<i <mand 1 < j < n.

According to the recurrences above, we can design an algorithm to compute
M, (m,n) and its corresponding constrained alignment using the technique of dy-
namic programming as follows. For convenience, we can depict the recurrences of
matrices My, MP ML and N, for all 0 < k < v by a 3D grid graph G, which
consists of (m + 1) x (n + 1) x (v 4+ 1) entries and each entry (7,7, k) consists of
four nodes My, MP, Mi and N, corresponding to My(i,5), ME (i, 7), Mi(i, ), and
N (i, 7, M), respectively. Figure 3.1 illustrates the relationship of four adjacent entries
(1,7,k),(i—1,74,k),(i,j—1,k) and (i—1,j—1, k) of G for each fixed k. Note that there
is a directed edge, which is not shown in Figure 3.1, with weight Xo<p<x,—10(ai_p, bj_p)
from the M;_; node of the entry (i — Ag,j — A\g, k — 1) to the N, node of the entry
(,7,k). Then each path from M(0,0) node of entry (0,0,0) to M, (m,n) node of

entry (m,n,~y) corresponds to a constrained alignment of A and B w.r.t. C. As a re-

12



sult, an optimal constrained alignment of A and B can be obtained by backtracking a
shortest path from M., (m,n) to M(0,0) in G. It is not hard to see that the algorithm
costs both computer time and memory in the order of O(ymn). We call the above

algorithm based on the dynamic programming approach as CPSA-DP algorithm.

3.1.2 Divide and conquer method

In this section, we shall use divide-and-conquer method to design a memory-efficient
algorithm for solving the CPSA problem with two given sequences A = aqas . .. a,, and
B =byby ... by, agiven order set C = (C1,Cy, . .., C,) of v constraints and a given error
threshold e.

Recall that Hirschberg [17] developed a linear-space algorithm for solving the longest
common subsequence problem based on the technique of divide and conquer. Since
then, this strategy has been extended tofyield a number of memory-efficient algorithms
for aligning biological sequences, [6,21]. dn this paper, we generalize the Hirschberg’s
algorithm so that it is able te deal with theconstrained pairwise sequence alignment. As
compared with others, our generalizationis more complicated because the grid graph
G we deal with here is 3D, instead of 2D; and the input sequences are accompanied
with several constraints which need to be considered carefully. The central idea of
our memory-efficient algorithm is to determine a middle position (imid, Jmids kmia) on
an optimal path from M(0,0) to M. (m,n) in G so that we are able to divide the
constrained alignment problem into two smaller constrained alignment problems, then
these smaller constrained alignment problems are continued to be divided in the same
way, and finally the optimal constrained alignment is obtained completely by merging
the series of the calculated mid-points (see Figure 3.2 for an illustration).

Before describing our algorithm, some notation must be introduced as follows. Let
A, and Fj denote the suffixes a;41a;12 . . . ap, and bj 11042 ... b, of A and B, respectively,
for1 <i<mand1<j<n. Let Cy denote the ordered subset (Cy1, Cgt2, ..., C,) for
1 < k <. Define My(i, j) to be the score of an optimal constrained alignment of A;
and B; w.r.t. Cy, and define ﬂi(z’,j), ﬂkD(i,j) and ﬂi(z, j) to be the maximum score
of all constrained alignments of A; and B; w.r.t. Cy that begin with a substitution pair

13



My(0,0)

Loocoo b

Umid

Figure 3.2: Schematic diagram of divide and conquer approach: two light gray areas
are the reduced subproblems after middle position (4,4, jmid, kmia) is determined, each
of which will be further divided into two subproblems of dark gray areas.

(i.e, (ait1,bj41)), a deletion pair"'(ij.e; (a1+1,—)) and an insertion pair (i.e., (—,bj41)),
respectively. Let Cyp(h) = (01,02, .jl,Ck 1,é'k h) and Cr(h) = (Crn, Cryt,---,C),
where ék h = Clh+1Chk,h+2 - ck A Let 7\7 & (z 7, h) denote the score of an optimal semi-
constrained alignment £ of A and_B—Wl“ t. Ck( ) that begins with a band whose
induced consensus is equal to C’k 1+ Note: that the recurrences for computing matrices
/\/lk,/\/lk,/\/lk , Mk and N}, can be developed similarly as those for computing My,
MG MP | Mi and Ny, respectively. Clearly, M3 (i, j) = My(i—1,j—1)+0(a;, b;). For
simplicity, let A;(h) (respectively, B;(h)) denote the suffix of A; (respectively, B;) with
length of h (i.e., Ai(h) = aj—py1...a; and B;(h) = bj_pt1...b5). If du(A;(Ag), Cr) <
Ae X € and dy(B;(Ag), Ck) < A X €, then we can reformulate the recurrence of NV, as
follows: Ny (i,5,1) = My_1(i— 1,7 — 1)+ o(a;, b;) and Ng(i,j,h) = Ng(i—1,5—1,h—
1) + o(ai, b;) for each 1 < h < .

Next, we describe our divide-and-conquer algorithm, called as CPSA-DC algorithm,
for computing an optimal constrained alignment between A and B w.r.t. C as follows.
The key point is to determine the middle position (¢4, Jmid, kmia) of the optimal path
in G to divide the problem into two subproblems, each of which is recursively divided

into two smaller subproblems using the same way. Given an alignment £, we use
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score(L) to denote the score of L. Let £,(A, B) be an optimal constrained alignments

of A and B wur.t. C and clearly score(L,) = M,(m,n). Let ing = |[%]. Then

we partition £, (A, B) into two parts by cutting it at the position immediately after

Qiria d

and we let £!(A, B) denote the part containing a,,,, and £2(A, B) denote the

remaining part. Let b; ., be the last character in £ (A, B) from B, and let kpmiq be

the largest index so that a prefix of C},  with length h,,;; appears in £§(A, B). Then

mid
there are two possibilities when we consider the last aligned pair of £}Y (A, B).

Case 1: The last aligned pair of E}Y(A, B) is a substitution pair (i.e., (a;,,,,bj,.,))-
In this case, we have M,(m,n) = score(L,(A,B)) = score(L}(A,B)) +
score(L2(A, B)). If (ai,,.0

;. ..) 1s not a constrained column in L,(A, B), then

L)(A,B) is an optimal constrained alignment of A; ., and B; , wr.t. Cy, ,, ending

Tmid d

with a substitution pair (a;,,,,, 0j,..,), and £ (A, B) is an optimal constrained alignment
of 4; ., and B; , wr.t.Cy. Hence, M,(m,n) = M3  (imid; jmia) + M, (imids Jmia)-
If (@i, bj,nig) 1S & constrainedseolumn in L£1(#4, B), then £ (A, B) is an optimal semi-
constrained alignment of A

and Bj o w.r.t. Ci .. (hmiq) ending with a band B,

If hoia < A then ﬁ%(A, B) is an

Umid mid

whose induced consensus iscequal t6-°Cy. ., . s

optimal semi-constrained alignment of A; . +vand B, ., w.r.t. Cg ., (hmia) beginning

Limid

with a band B, whose induced consensus is equal to C}, Moreover, the induced

mid-hmia®
consensus of the merge of By and By have to be equal to Cj, .,. In this case, we
have M., (m,n) = N, ... (imids Jmids Pmia) + Nk, .y (imidy Gmids Pmid)- I hunia = Mg, then
L2(A, B) is an optimal constrained alignment of A; ., and Bj,,, w.r.t. Cx, ., (hmia), and
hence M., (m, n) = Ny, (imids Jmids M) + Misa (tmids Jmid)-

Case 2: The last aligned pair of £L1(A,B) is a deletion pair (i.e., (a;,.,,—))
If the first aligned pair in [%(A, B) is not a deletion pair, then M,(m,n) =
max{Mp  (imid, jmia) +m§mid (imids Jmid), M, (imid; Jmid) +M£mm (imids Jmia) }- 1f the
first aligned pair in E%(A, B) is a deletion pair, then M, (m,n) = MkDmid (tmids Jmid) +
ﬂkDmd (imids Jmid) + Wo. Since the open penalty of the gap containing a; ., and a;, .1
in £,(A, B) is charged twice by ./\/lkDmid(im,»d, Jmia) and M,?md(@'mid, Jmid), we need to

compensate it by adding w,.
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In summary, the recurrence of M, (m,n) is derived as follows.

Ymids ]mzd) + Mk Umid jmid )

kmid mid

id )

(i
Ymid .]mzd) + Mk d(zmida jmid
(
M., (m,n) = max
(

(i )
/’3 (i )
M (imids Jmid) +ﬂk o (mids Jmid) + Wo,
M3 (imids Jmid) + Mg (imids Jmid)

tmid, jmzda mzd) + Nk,md (Zmzd; ]mzcb hmzd)

id
mzd(
mzd (Zmzda ]mzd7 /\kmzd) + Mkmld (Zmzdv ]mzd)

By adding extra MP b Gmids Jmid) + MP koiy (imid> Jmid) into the right-hand side, the

above recurrence is not changed, but can be reformulated as follows.

Mkmzd (imids Jmia) + M, (imids Jmid)

. . ——D . .
Mk id (Zmidy szd) + Mkmid(lmida jmzd) + Wo,
M’Y(m7 TL) = max Mk d<zmzd7 ]mzd) + Mkmid (imidu jmid)v

Niior iy TmidsBnia) + N,y (imids Jmids Pomid)

N Gl Jias Negmsa) + M0 (bmids Jmid)
In other words, jmid, kmia. and hpq are the indices j, k and h, where 1 < j < n,

0<k<~yand1l<h< )\, such that the following maximal value is the maximum.

MR (imid, J) + Mi(imia, 5),

MP (i, ) + M (b, ) + o,
# (imidy ) + M (imida, J),
Ni(imia, 3, ) + Ni(imia, J, b),
Ni(i

max

<

imids s M) + M (imid, 5)

Now, we show how to use O(yAn), instead of O(ymn), memory to determine
Jmid, Bmia and hpiq, where X = maxi<y<, A\r and usually A << m. In fact, a single
matrix E of size (y+ 1) x (n+ 1) with each entry E(k, j) of (A +4) space is enough to
compute My (imid, 7);, M3 (imias )y MP (imias j) M (imia, j) and Ny (imia, 7, h), where
1<j<n,0<k<~,1<h< ). When reaching the entry (i, j, k) of 3D grid graph
G, we use entry F(k,j) of E to hold the most recently computed values of My(3, j),
M (i, 5), MP(i,5) ML(i,§) and Ny (i, 4, h), which clearly needs a total of A\ +4 space.
Note that the old values in entry E(k,7) will be moved into an extra entry, called as Vj
16



Vi

'kal,k. i E(k) ? ‘

Figure 3.3: The grid locations of E(k — 1), E(k) and the values in V}_; and V) when

the entry (i, j, k) of G, marked with ”?”, is reached for the computation.

whose space is equal to E(k,j), before they are overwritten by their newly computed
values. Before moving the old valties'in ‘E(k, j) into Vi, however, we need to first move
My (i—1,7—1) in V} into a space, called aswy g41. The mechanism above will enable us
to compute Ny (i, j, 1), which needs to refer to Mj._(i — 1, j — 1) that is kept in vj_1 4,
and compute N (i, j, h) for each 2'< h/'<Xg, which needs to refer to Ny (i—1,j—1,h—1)
that is kept in V},, compute M3 (4, j)-which néeds to refer My, (i—1, j —1) that is kept in
Vi, and finally we are able to compute My(i, j). Figure 3.3 shows the grid locations of
E(k—1), E(k) and the values in V;_; and Vj, when we reach the entry (i, j, k) of G for
the computation, where F(k) denotes the the kth row of E. Hence, the totally needed
space for computing and storing all My, (imid, 7); M3 (imid, 7), ME (imia, 7) ME(imia, 7)
and Ny (imia, j, h) is the sum of the space of matrix F, the space of all Vi, 0 < k < 7,
and the space of all vgg1, 0 < k < 7, which is equal to O(yAn). Similarly, the
process of computing and storing all My, (4,4, 7), mi(imid,j), ﬂf(imid, 7) Mi(imid,j)
and N (imia, J, h) still needs O(yAn) space. Hence, the determination of j,.iq, kmiq and
hmia can be done in O(yAn) space. The details of CPSA-DC algorithm are described
as follows, where the program code of BestScoreRev is similar to that of BestScore and

hence is omitted.
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Algorithm CPSA'DC(istarta Z.endv jstarta jenda kstarta kend)
and b;

]sta'rt .

Input: Sequences a,,,,, ... a;,,,
Step 1: if (isart > tend) O (Jstart > Jena) then
Align the nonempty sequence with spaces;

else

7fsta7‘t+lend J
)

imia = |
BestScore(istart; imid, Jstart Jend, Kstarts Kend);
BestScoreRev(imig + 1, Gend, Jstarts Jends Kstarts Kend);
end if
Step 2: mar = —oc;
for j = Jstart — 1 £0 jenq do
for k = kygrt — 1 to kepg do
if MP(-)5) + Mule34)s>. maz then
maz = M (-, M ()
Jmid =3 Kmia = kytype= case 1;
end if
if MP(., )+Mk( j) >dmax then
maz = MP () + M (- j);
Jmid = J; kmia = k; type = case 2;
end if
if M3 (-,7) + My(-,j) > maz then
maz = M3 (-, j) + My (-, 5);
Jmid = J; kmia = k; type = case 3;
end if
if £k > 1 then
for h=1to Ay —1do

lf (H1 kh)+H1(k h) < 6) and (Hg kh)+H2(k h) E) then

Ak
if Nk( ) 4+ Ni(-, j, h) > maz then

maz = Ni(-, 5, h) + Ni(-, j, h);

Jmid = J; kmia = k; hmia = h; type = case 4;

18
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end if
end if

end for
if (%}CA’“) <€) and (%’Zh) <€) then
if NVi(-, 7, M) + Mi(+,j) > max then
max = Ny (-, j, \e) + My(+, 5);
Jmid = J5 kmia = k3 hinia = h; type = case 5;
end if
end if
end if
end for
end for
Step 3: if type = case 1 then
CPSA-DC(istart, Uirid = B Wil , Wi > Fstart kfmz’d);
Align a;, ., with aspace;
CPSA-DC(imiart 1 ieudsima-ar 1dend; kmid + 1, kena);
end if
if type = case 2 then
CPSA-DC(ismmﬁ, Umid — 1, Jstarts Jmid k?start, kmid);
Align a; ..a; ..+1 with two spaces;
CPSA-DC(imid + 2, iend, Jmid + 1, Jends Kmia + 1, kena);
end if
if type = case 3 then
CPSA-DClistart; imid — 1, Jstarts Jmid — 1, Kstarts Kmid);
Align a;,, with b; ..
CPSA-DC(imid + 1, iend; Jmid + 1, Jends Kmia + 1, kena);
end if
if type = case 4 then
CPSA-DC(ismm Umid — Pmid, Jstart, Jmid — Pomids Kstarts Kmid — 1)5

Align Qirpig—hmia+1 - Qigia+A—hmia with bjmid_hmid+1 e bjmid+>\k_hnzid;
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CPSA-DC(imid + M — himia + 1, dend; Jmid + A — Panid + 1, Jends Kmid + 1, Kena);
end if
if type = case 5 then

CPSA-DC(istart; imid — ks Jstarts Jmid — My Kstarts Bmia — 1);

Align a; - xt1 -+ - @iy With b5 a1 ...05 0

CPSA-DC(imiqg + 1, iends jmia + 1, Jends Emia + 1, Kend);
end if

Algorlthm BeStscore(istarb iend; .jstart7 jencb kstart; kend)

and b;

Input: Sequences a;,,,,, ... a;, istart -

o ..bj, , with constraints (C,,.,.,-- - Ch...)
Output:
Step 1: /* Reindex */
M = istart — lend + 13 05 Jstart — Jea + 1; 7 = Kstart — Kena + 1
Step 2: /* Initialization */
for j =0 ton do
for k =0 to v do
if (j =0) and (F='0) then M,(-,j) = 0; else My(-,j) = —o0;
if (j =0) or (k> 0) then Mi(-,j) = —o0; else M} (-, j) = —w, — jw,;
M) = M (-, j) = —oc;
if £ > 1 then
for h =1 to A\, do
Ni(-,4,h) = —o0;
end for
end if
end for
end for
Step 3: /* Computation */
for i =1 to m do

for k =0 to v do /* For the case of j =0 */
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Ve(Mi(+,0)) = My(-, 0);
if £ > 1 then
for h =1 to \; do
Vie(WNi(+, 0, 1)) = Ni(+,0, h));
Vie(Hi(k, h)) = Ha(k, h);
Vi(Ha(k, b)) = Ha(k, h);

end for
for j =1 ton do /* For the case of j >0 */
for k=0 to v do
tempy (M (- 3 )mmM () 5
if £ > then
for h =1 to-Ai-do
tempg (N (-, 4sh)) = Ni(-, 7, h);
tempy(Hq(k, b)) = Hi(k, h);
tempy(Ho(k, b)) = Ho(k, h);
end for
end if
M () = VIM( ) + 0(@igaririots Djareri—1);
MR () = max{MP (-, j) — we, Mi(", j) — wo — we};
M (1 5) = max{ M-, j — 1) = we, My (- — 1) = w, — we};
if £k > 1 then
for h =1 to \;, do
if h =1 then
Ni(+ s h) = Vk—1k + 0(igparetiots Ojssareti1);
if a;,,,,,+i-1 7 cxp then Hy(k, h) = 1; else Hy(k,h) = 0;
if b;,.+i—1 7# Crp then Hy(k, h) = 1; else Hy(k, h) = 0;

21



else
Ni(+ 3, h) = ViWNi (5, b = 1) + 0(@isariti-1s Yjaare+i—1);
if a;,,,,+i-1 7# ckp then Hy(k, h) = Hy(k,h — 1)+ 1;
if b;,0+i-1 # Crp then Hy(k, h) = Ho(k,h — 1) + 1;
end if
end for
end if
M) — | MECTMUC) NG00 |
VeMi (-, 7)) + 0(@igar+i-1: Ojurareti—1)
Ok k1 = Vi(Mi(+, 4));
Ve(Mi(, 7)) = tempr(Ma (-, ));
if £k > 1 then
for h = l.to\g do
V(NG ggigh))=tempy (Vi (-, 5, h));
Hi(k, h) =temp,.(H,(k, h));
Ho (ks h)-=tempp(Fa(k, h));
end for
end if
end for

end for

Now, we analyze the time complexity of our CPSA-DC algorithm for solving the
constrained pairwise sequence alignment. As illustrated in Figure 3.2, after determining
the middle position (imid, jmid, kmia) of the optimal path in G, we can divide the original
problem into two subproblems, each of which further can be recursively divided into
two smaller subproblems using the same way. Note that regardless of where the optimal
path passes through (imid, Jmid, kmia), the total size of the two reduced subproblems is
just half the size of the original problem, where the size is measured by the number
of the entries in G. In is not hard to see that the time complexity of determining the

middle position of each subproblem at each recursive stage is proportional to the size of
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the subproblem. Let 7" denote the size of the original problem (i.e., ' = ymn). Then
the total time complexity of our CPSA-DC algorithm is equal to T+ % + % +..-=2T,
which is twice as high as the CPSA-DP algorithm.

3.2 Constrained multiple sequence alignment

In this section, we use Algorithm CPSA-DP and CPSA-DC in previous section as
kernels to design two CMSA algorithms, called Algorithm CMSA-DP and CMSA-DC
respectively, for progressively aligning the input sequences into a CMSA according
to the branching order of a guide tree, where the guide tree we use here is the so-
called Kruskal merging order tree. We refer the reader to Section 2 for the details of
constructing the Kruskal merging order tree. Except for the adopted CPSA kernel,
CMSA-DP and CMSA-DC have the same execution steps, which are described as

follows.

1. Compute the distance-matrix D by globally aligning all pairs of sequences using
Algorithm CPSA-DP eor CPSA-DC._where D(i, j) denotes the distance between

sequences S5; and S;.

2. Create a complete graph G from the distance matrix D and then compute the

Kruskal merging order tree 7 from G to serve as the guide tree.

3. Progressively align the sequences according to the branching order of the guide
tree 7, in a way that the currently two closest pre-aligned groups of sequences
are joined by applying Algorithm CPSA-DP or CPSA-DC to these two groups of
sequences, where the score between any two positions in these two groups is the
arithmetic average of the scores for all possible character comparisons at those

positions.

In the following, we analyze the time complexity of Algorithm CMSA-DP/CMSA-
DC. Tt is not hard to see that step 1 costs O(vyk?n?) time, where n is the maximum
of the lengths of k sequences. According to the paper of Tang et al. [34] , step 2 can

be done in O(k*logk) time. In step 3, there are at most O(k) iterations for calling
23



Algorithm CPSA-DP/CPSA-DC, whose time complexity is O(yn?), to join two pre-
aligned groups of sequences. Hence, the time complexity of step 3 is O(vykn?). Clearly,
the cost of Algorithm CMSA-DP/CMSA-DC is dominated by step 1 and hence its time

complexity is O(vyk?n?).
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Chapter 4

Implementation and Discussion

4.1 MuSiC

We use Java language to implement the CMSA-DP algorithm as a web server, called
as MuSiC, which is a short for"Multiple Sequience Alignment with Constraints. It can
be easily accessed via a simple web interface:(see Figure 4.1). The input of the MuSiC
system consists of a set of -protein/DNA/RNA-sequences and a set of user-specified
constraints, each with a fragment”of bases that (approximately) appears in all input
sequences. The output of MuSiC is a'constrained multiple sequence alignment in which
the fragments of the input sequences whose bases exhibit a given degree of similarity
to a constraint are aligned together. The use of the proposed MuSiC system is illus-
trated below to help to detect a fragment of an RNA sequence in the 3’ untranslated
region (UTR) of the SARS-TW1 sequence, which can fold itself into a pseudoknot
structure. The structural elements in the 5’ and 3" UTRs of a plus-straind RNA virus
have been postulated to be involved in RNA replication, transcription and transla-
tion by interacting with viral or cellular proteins. Much evidence supports the fact
that the pseudoknots in 3’ UTRs among coronaviruses participate in the replication
of RNA [43]. The SARS (Severe Acute Respiratory Syndrome) virus, which caused
several hundreds of deaths since its outbreak in early 2003, is a novel type of coron-
avirus, so a pseudoknot is expected to be observed in its 3 UTR. By comparing the

sequences of the phylogenetically conserved pseudoknots among many coronaviruses,
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MuSiC: A Tool for Multiple Sequence Alignment with Constraints [help]

Enter your protei/DINA/RNA sequences with FASTA format below (copy & paste):

[ Execute MuSiC ] [ Reset l

Parameters: @ Protein O DNARNA
Select Scoring Matrze: | BlosumB2 e

Gap Open Penalty: [11.0
Gap Extension Penalty: [1.0
Constraints ( (] Approzimate, Ratio: |0 o

Execute MuSiC ] [ Reset l

Figure 4/1:/The interface of MuSiC.

Williams et al. found that these sequences contain several fragments of conserved
nucleotides (consensuses). They found 12 consensuses, say CU, CA, AA, GG, C, UG,
A, G, AG, U and A, among coronaviruses including HCV-229E (human coronavirus),
PEDV (porcine epidemic diarrhea virus), TGEV (porcine transmissible gastroenteritis
virus), BCV (bovine coronavirus) and MHV (mouse hepatitis virus). To determine
whether or not the 3’ UTR of SARS has a pseudoknot, SARS-TW1 (AY291451) was
chosen as the test subject and the MuSiC system was used to align the sequence of
the 3" UTR of SARS-TW1 with those of the detected pseudoknots in the 3" UTRs
of BCV, MHV, PEDV, TGEV and HCV-229E coronaviruses. The consensuses de-
scribed above were used as the constrained sequences in the proposed MuSiC system
and then the default scoring matrix and gap penalties were chosen with the initial
setting € = 0. As a result, no CMSA was found to satisfy the requirement, because
the postulated pseudoknot in the 3’ UTR of SARS-TW1 may comprise the fragments
that are only partially, rather than completely, similar to the constraints. Hence, this
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PEDV J 5 SEIYE GG U A UG U AGUGHAME

HCV CUNSNERC &4 B A TG B Te GG AGT L LAGGTAT AR
TGEV cupeitc AfE s 1 UG ol e TG L LT AGGAGGT.

SARS-TW1 ol CABLATIG ClyC G - 1 EY

MHV Cy CABLATIG ClG - ey - FRgy

BCV CTy CABLATG CUG e - EEARNIS SR e .5
Constraints AG AG
PEDV vy EuEEataEER- -
BV UG- aBuAnEITE - o
TeEv  [eua-pueBauaml- -
SARS-TU1 - hapel I - upugd Oy - IRNaclrcla® - IRsgdelcleyNered - i
mevy  UuG—-|uGelL R
BCV  UUA—-|yuen A
Constraints i) i

Figure 4.2: The partial display of the resulting CMSA of MuSiC by aligning the se-
quences of SARS-TW1 3" UTR with those of other five coronaviruses.

case was tested again with letting € = 0.5 so that in the band of the resulting CMSA,
of length two or three, no more thanyene mismatch may exist between the fragment
of each input sequence and the constraint. Coensequently, as indicated in Figure 4.2 ,
a satisfied CMSA was found. Note thats the-band of the resulting CMSA that corre-
sponds to a constraint is blagk and its corresponding constraint is displayed beneath it.
In some bands of this resulting GMSA, such as the fourth, sixth and ninth, at most one
mismatch exists between the fragment of each input sequence and the corresponding
constraint. Moreover, the part of SARS-TW1 aligned with the pseudoknot sequences
of other coronaviruses is interspersed with only two gaps of length one. This finding
suggests that this part of SARS-TW1 may fold itself into a pseudoknot structure and
possibly be involved in replicating SARS viruses. Therefore, this SARS-TW1 fragment
is further validated by applying PKNOTS, developed by the Eddy group [30], to de-
termine whether it can fold itself into a pseudoknot structure with a stable free energy.
Consequently, this fragment of SARS-TW1 indeed folds itself into a stable pseudoknot
whose base pairings have a topology, as indicated in Figure 4.3 , that is very similar
to those of other coronaviruses described in the literature [43]. However, whether or
not this SARS-TW1 fragment participates in replicating the RNA of SARS must be

investigated experimentally in the laboratory.
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(AGAAUGAAUUCUCGj

GAACACG — A— CAAAUCAAU
5" CUACU ( CUUGUGC T GUUUAGUUA —— ACUUUAA 3/

Figure 4.3: The diagram of the predicted pseudoknot in the 3" UTR of SARS-TW1
ranging from 29460 to 29521 bp.

4.2 MuSiC-ME

We also use Java language to implement the CMSA-DC algorithm as a web server,
called as MuSiC-ME that is short for Memory-Efficient tool for Multiple Sequence
Alignment with Constraints (see Figure 4.4). It is worth mentioning that for MuSiC-
ME, the letters representing the constraints are not just the individual bases, but also
the IUPAC (International Union’of Pure and. Applied Chemistry) codes. For example,
nucleotides N and R have the meanings of any.bases and purine (i.e., A or G), respectively.

To demonstrate the practicability.of our MuSiC-ME system, we also use it to detect
a fragment of an RNA sequence m:the-3*UTR of the SARS-TW1 sequence being able
to fold into a stable pseudoknot.

In this test, we aligned the sequence of the 3’ UTR of SARS-TW1 with those of
the 3" UTRs of BCV, MHV, PEDV, TGEV and HCV-229E coronaviruses, and used
the consensuses as described before as the constraints. Since these constraints are
too short, they occur frequently in the large genomic sequences. For our purpose, we
further combine a few of constraints into a new and larger constraint as follows. Among
the consensuses above, the first and second (respectively, ninth and tenth) consensuses
are located in the 5 (respectively, 3’) end of stem 1 and they are separated by other 4
(respectively, 4) bases, and the seventh and eighth (respectively, eleventh and twelfth)
consensuses are located in the 5’ (respectively, 3’) end of stem 2 and they are separated
by other 3 (respectively, 3) bases. Since both stems 1 and 2 contain no loops, we are
able to combine the consensuses in the same stem into a new and larger constraint.

Hence, we have new constraints like CUNNNNC for the 5" end of stem 1, GNNNNAG for the
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MuSiC-ME: A Memory-Efficient Tool for Multiple Sequence Alignment with Constraints [help]

Enter your protemDNARNA sequences with FASTA format below (copy & paste):

Execute MuIiC-ME ] [ Reset ]

Parameters: @ Protein O DNARINA
Select Scorng Matrne: | BlosumB2 v

Gap Open Penalty: |11.0
Gap Extension Penalty: |1.0
Constraints { [] Approzimate, Ratio: [0 :

Execute MuIiC-ME ] [ Reset ]

Figure 4.4: The interface-of MuSiC-ME.

3’ end of stem 1, UNNNA for the 5“end of Stem"2, and UNNNA for the 3’ end of stem 2.
Finally, we got eight constraints with the order of (CUNNNNC, A, AA, G, C, UNNNA,
GNNNNAG, UNNNA) for this test. After running MuSiC-ME, a satisfied CMSA was found
as shown in Figure 4.5. This resulting CMSA implies that the fragment of SARS-TW1
between the first band and the last band may fold into a pseudoknot structure that
is possibly involved in replicating SARS viruses. In fact, the fragment is the one we
found in the test with MuSiC and hence it can fold into a stable pseudoknot as shown
in Figure 4.3.

Note that above test was run on IBM PC with 1.26 GHz processor and 128 MB
RAM under Linux system. Under this limited memory environment, the instance can
not be executed by the MuSiC system whose kernel, the CPSA-DP algorithm, was
implemented by the dynamic programming approach, due to running out of memory.
The input sequences above were also tested by Clustal W 1.82, the most commonly

used MSA tool. According to its resulting MSA as shown in Figure 4.6, the fragments
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PEDV ATGG—— @I A AGIGG

HCoV-ZZ9E TG GETTG AR LLGE A

TGEV UGGURLUECE

MHV GGEATAGGA

BCoV GGEATLLGG

SARS-TW1 GAUA.AUAG

Constraints CUNINIMMCL AR G [
PEDV G-~ ——GALGG
HCoV-ZZ9E TGEA-— ——JAGG
TGEV

MHV

BCoV

SARS-TW1

Constraints TUIIITA GIIMM LG TUIIITA

Figure 4.5: The partial display of the resulting CMSA of MuSiC-ME by aligning the

sequences of SARS-TW1 3’ UTR with those of other five coronaviruses.

of all pseudoknots, including our detected pseudoknot for SARS-TW1, are not able

to be aligned well so that it is difficult for us to identify the exact fragment of the
SARS-TW1 pseudoknot from fhis MSA.

BCOV 000 sereresessssasasans T e rasssasana T ..
12T SO« -« - O e e R U0 RE RS RE RE pE peessmsy R
HCOV-229E g A T e GHN GON GON GON GON GON GON GON WM WM GO WON WOR VR WO WD wR um
PEON e e ars e e ade ade ade ale T G G S 0 0 0 O 0 0 G W W0E WE WS TTTTE o
TGEV

SARS-TW1

*

......... CUCUAUCAGARUGG - - AUGUCUUGCUGCUAUAAUAGAUAGAGAAGGUUAUA
oy CUCUAUCRGARUGG--AUGUCUUGCUGUCAUARCAGAUAGAGAAGGUUGUG
HOOW-9D0F s e vk oh o3 o5 55 08 S8 08 08 08 0 v v va v s CUUAUA-CACAAUGGUAAGCCAGUG
PEDV  eeerreraencnnnnaeaenen e CUUGCA-CACAACGGUARGCCAGUG

BCoV

TRERE ey e ene ene ane e s ane e swe e s CABENE | we we wye w CUUGUA-CAGAAUGGUAAGCACGUG
SARS-TW1 CUARACAGCACAAGUAGGUUUAGU-UAACUUUAR . v v it s vt n e s s s nnan s nnnns
* * * * * *
BRCOV s ei s ok i el Tl Sals Tops e i R R R
MEWV L L R R R =i
HCoV-229E GUAGUAAAGGUAUAAGARAUUUGCUACUAD . - i v v e e s s v n s s e n s s anansnsnnnns
PEDV GUAAUGUCAGUGCAAGAAGGAUAUUACCA . & @i v v s e s v s aa s nnn e
TGEV UAAUAGGAGGUACAAGCRACCCUATUGCA . & v s st v s s e m s s naaa s nnnns
SRRGTWI e e e SRR S S S B R e

Figure 4.6: The partial display of the resulting MSA of Clustal W 1.82 by aligning
the 3" UTR sequences of six coronaviruses, where the bases not in the pseudoknots are

marked with dots.
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Chapter 5

Conclusions

In this thesis, we studied a generalized CMSA problem, which is to find a CMSA for
the input sequences with several user-specified constraints such that the fragments of
the input sequences whose bases exhibit a given degree of similarity to a constraint
are aligned together. In thissmodel, each of the user-specified constraint may be a
fragment of bases, instead of a single‘base only, and the adopted gap scoring is the so-
called affine gap penalty that penalizes a gap once for opening and then proportionally
to its length.

First, we adopted the dynamic"programming and divide-and-conquer techniques
to design a time-efficient algorithm and a memory-efficient algorithm respectively for
optimally solving the CPSA problem. Based on these two kernel algorithms, we de-
veloped two CMSA programs, called as MuSiC and MuSiC-ME respectively, using the
progressive approach. The MuSiC program generates a good CMSA efficiently, but its
high memory requirement limits it to align a set of short sequences, at most several
hundreds of bases. The MuSiC-ME program made it possible to align several large-
scale sequences with constraints through the desktop PC with the limited memory.
In this system, moreover, the letters allowed to represent the constraints are the IU-
PAC codes, which will enable the user to define a more flexible constraints or combine
several small constraints with fixed distances into a large one. The practicabilities of
MuSiC and MuSiC-ME were also demonstrated by helping us to detect the fragment
of the 3’ UTR of SARS that is able to fold itself into a stable pseudoknot for possibly
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participating in replicating the RNA of SARS.
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