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Abstract

A dynamic programming algorithm to find an optimal alignment for a pair of DNA sequences has
been described by Schoniger and Waterman. The alignments use not only substitutions, insertions, and
deletions of single nucleotides, but also inversions, which are the reversed complements, of substrings
of the sequences. With the restriction that the inversions are pairwise non-intersecting, their proposed
algorithm runs in @2m?2) time and consumes @?m?) space, wher@ andm are the lengths of
the input sequences, respectively. We develop a space-efficient algorithm to compute such an optimal
alignment which consumes only(@n) space within the same amount of time. Our algorithm enables
the computation for a pair of DNA sequences of length up to 10,000 to be carried out on an ordinary
desktop computer. Simulation study is conducted to verify some biological facts about gene shuffling
across species.
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1. Introduction

Sequence alignment has been well studied in the 1980s and 1990s, where a bunch of
algorithms have been designed for various purposes. The interested reader may[2¢fer to
and the references therein. Normally, the input sequence is considered as a linear series
of symbols taken from a fixed alphabet, which consists of four nucleotides in the case
of DNA/RNA sequences or 20 amino acids in the case of proteins. An alignment of two
sequences is obtained by first inserting spaces into or at the ends of the sequences and then
placing the two resulting sequences one above the other, so that every symbol or space in
either sequence is opposite to a unique symbol or space in the other sequence. An alignment,
which is associated with some objective function, can be naturally partitioned into columns
and the column order is required to agree with the symbol orders in the input sequences.
In other words, these alignments use substitutions, insertions, and deletions of symbols
only and are calledhormal alignmentsn this paper. For our purpose, we limit the input
sequences to DNA sequences.

In the literature, a number of algorithnfig] have been designed to compute an opti-
mal normal alignment between two DNA sequences, under various pre-determined score
schemes. A score scheme basically specifies how to calculate the score associated with
an alignment. In this paper, the score schemes are symbol-independent. The simplest such
score scheme would be the notionlafngest Common Subsequenebere every match
column gets a score of 1 and every other column gets a score of O and the objective is to
maximize the sum of the column scores. In the more general linear gap penalty score scheme
specified by a tripléwm, ws, wi), every match column gets a scavg,, every substitution
column gets a scomgs, and every insertion or deletion (ardel) gets a scora;. The linear
gap penalty score schemes assume that every single nucleotide mutation is independent of
the others, which appears to be not biologically significant. The most commonly used score
scheme nowadays is the so-callftine gap penalty score schen@ven an alignment, a
maximal segment of consecutive spaces in one sequence is cgitagi\ahose length is
measured as the number of spaces inside. An affine gap penalty score scheme is defined
by a quadrupléwm, ws, wo, we), Wherewn, is the score for a matchys is the score for a
replacement/substitution, amg + we x £ is the penalty for a gap of length Intuitively,
affine gap penalty score schemes assume that single nucleotide mutations might depend on
its neighboring nucleotide mutations. As an example, under the affine gap penalty score
schemg10, —11, —15, —5), the following alignment has a score of 4:

1234567890123456789012345
-CCAATCTAC----TACTGCTTGCA

lIglly i1l
GCCACTCT-CGCTGTACTG--TG--

In fact, one can easily verify that the above alignment is optimal for DNA sequences
CCAATCTACTACTGCTTGa@AdGCCACTCTCGCTGTACTGI@er this specific score
scheme.

Alignments are used to reveal the information content of genes in DNA sequences and
to make inferences about the relatedness of genes or more general inferences about the
relatedness of long-range segments of DNA sequences. With many genomic projects been



Z.-Z. Chen et al. / Theoretical Computer Science 325 (2004) 361—-372 363

carried out, emphasis has been put on the study on the genetic linkage among species and/or
organisms. The sequences thus under consideration could come from different species and
inferences can be made about the relatedness of species. In this aspect, the normal sequence
alignment has the limitation on using evolutionary transformations to substitutions and
indels. It has been widely accepted that duplications and inversions are common events in
molecular evolutiof3,7]. Some pioneer work on studying sequence alignment/comparison
with inversions is done by Wagng] and Schéniger and Watermgsj. In particular, in5],

a dynamic programming algorithm is developed to compute an optimal (local) alignment
with inversions. The algorithm runs in(@m?) time and consumes@?m?) spaces, where

nandm are the lengths of two input sequences, respectively.

The high order of running time seems computationally impractical, nonetheless, it is
the huge space requirement that actually makes the computation infeasible. For instance,
suppose the algorithm nee%azm2 byte memory, then an optimal alignment between two
sequences of length 250 would not be carried out in a normal desktop of 1 GB memory.
Schoniger and Watermgb] designed an algorithm to computesaboptimalalignment
with inversions restricted to a constant numbehifhest scoring inversiong his latter
algorithm runs in Qnm + Zf-‘zl ¢;) time and requires an order of@n + Zf‘zl ¢;) space,
wherek is the number of restricted highest scoring inversions @sdare their lengths,
respectively. In this paper, we develop a space-efficient algorithm to compuatetiamal
alignmentwith non-restricted inversions, in terms of both the number and their scores, within
O(m?n?) time. The algorithm is non-trivial in the sense that deep computation relationships
are carefully characterized.

Another related work is recently done by Muthukrishnan and SahidgqJpvhere they
consider the problem of minimizing the number of character replacements (no insertions and
deletions) and reversals and propose d@n [©g? n)-time deterministic algorithm, where
nis the length of either sequence.

1.1. Problem description

In this paper, we will consider in detail sequence alignment with inversions. The readers
will see that our proposed algorithms can deal with reversals, and both inversions and
reversals, too. Anversionof a DNA substring is defined to be the reverse complement
of the substring. In the following discussion, we would not put a limit on the number of
inversionsinthe alignments, but we do wantto put alower bound on the lengths of inversions,
for the reason that we believe inversions correspond to some conserved coding regions and a
conserved region must have a least number of nucleotides inside. Madrbte this lower
bound. In the extreme case whdre= 0, it becomes the problem considered%h. The
inversions are restricted to be on one of the two input sequences (by symmetry) and they
are not allowed to intersect one another. Moreover, the substrings from the other sequence
against which those inversions are aligned are not allowed to intersect one another either.

The score schemes used in this paper are all affine gap penalty ones. For the sake of
comparison, the parameters in the schemes may be different in different simulations. We
associate each inversion with a (constant) penal@ [&], to compensate for the fact that
the inversion is an evolutionary event.
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Now it is ready to formulate the computational problem we will be considering in the
paper. The input is a pair of DNA sequencsand S, over the nucleotide alphabgt =
{A, C, G, T}, together with an affine gap penalty score schémg, ws, wo, we), iNversion
lower boundL, and inversion penaltf. The goal is to compute an optimal alignment
betweenS; andS; with inversions. For simplicity, we associatandard similaritywith an
optimal normal alignment, which takes substitutions and indels only; and wiavession
similarity to associate with an optimal alignment taking inversions in addition (called an
optimal inversion alignmet Both similarities (also called sequence identities hereafter)
are defined to be the ratio of the number of match columns in the alignment over the length
of the shorter sequence.

1.2. Organization

The paper is organized as follows: In Section 2, we will detail our algorithm to compute
an optimal inversion alignment between a pair of DNA sequeficendS>. The algorithm
runs in Qm?n?) time and requires only @:n) space, wherenandn are the lengths af;
andS», respectively. In Section 3, we show the simulation results of our algorithm applied
to real instances including those testebh We conclude the paper with some remarks in
Section 4.

2. The algorithms

LetS1[1...m]andS>[1...n] denote the two input sequences of lengthndn, respec-
tively. For simplicity of presentation, we simplify the problem a little by requiring that gaps
in non-inversion regions and inversion regions are counted separately and independently.
The a little more complex model, where adjacent gaps in non-inversion regions and inver-
sion regions are merged into one, can be solved as well using our algorithm. Wé] let
denote the complement nucleotide$jf] (the Watson—Crick rule); lef1[i1 . . . i2] denote
the inversion ofSq[i1 .. .i2], i.e.,S1[i2] S1liz — 1]... S1[i1].

2.1. Aless space-efficient algorithm

In this subsection, we introduce a less space-efficient dynamic programming algorithm
which is conceptually simple to understand. This algorithm is for linear gap penalty score
scheme (i.e., we would not us®, andwe here, but usev; instead which is the score for
an indel). The more complicated yet more space-efficient algorithm in Section 2.2 for the
affine gap penalty score scheme will be a refinement of this simple algorithm.

2.1.1. Inversion table computation
Suppose thasi[i1, i2] andS1[is, i4] are two inversion substrings in sequegethen by
the length constraint and non-intersecting requirementweihavg > L —1,ig—i3> L —
1, and eitheli; < iz oris < iy. For every quartetis, i2, j1, j2), Where Ki1<io<m
and X j1< jo<n, let I[i1, i2; j1, j2] denote the standard sequence similarity between
two substringssi[i1 . . . i2] andS2[j1 . .. jo] (i.e., without inversions). As an easy example,
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S1 = ACGTand S, = ACGAthenS$i[2...4] = CGTand thusSi[2...4] = ACG and
So[1...3] = ACGTherefore/[2, 4; 1, 3] = 3wm.

Letw(a, b) denote the score of matching nucleotadagainst nucleotidb, wherea and
b are both in the alphabet (which includes nucleotide€, G T). Therefore,

_ Wm if a = b,
w(a’b)_{ws if a # b.
Let S1[0] = S2[0] = —. To assist thénversion table computation|] is enlarged to include

the following boundary entries:
o Ili +1,i; j1, jol = (j2 — j1+ Dwi, where G<i<m and O< j1< jo<n;
o I[iy,iz; j + 1, j]l = (i2 — i1+ Dwj, where Gl i1 <ip<m and G< j < n.
The recurrence relation for computing a general effry, i2; j1, j2] is as follows:

ITi1+ 1, i2; j1, jo — 1 4+ w(S1li1l, S2[j2D),
Ii1, i2; j1, j2l = maxy I[i1 + 1, i2; j1, jol + wi,
I1i1, i2; j1, j2 — 11 + wi,

where Kij<io<m and K j1< jo<n.
Notice that Table 1 contains in totglm + 1)%(n + 1)? entries and filling each of them
takes a constant amount of time.

2.1.2. Dynamic programming table computation
Let DPJi, j] denote the score of an optimal inversion alignment between prefixes
S1[1...i] and S2[1... j], where &Xi<m and O< j<n. The boundary entries of the
dynamic programming table D&re:
e DPIO, j] = j x wj, where & j<n;
e DP[i,0] =i x wj, where & i< m.
Recall that every inversion ifi;, as well as its aligned segmentS$p, must have length
at least_. The recurrence relation for computing a general emnyi, j] is as follows:
e Wheni>L andj> L,

DP[i — 1, j — 1]+ w(S1li], S2[j D,
DP[i — 1, j]+ wj,
DP[i, j]=max{ DPli, j — 1]+ wi,
max {DP[i’ BN T j]] _c,

1<i'<i—L+1
1< j/<j—L+1

where the last entry says that an inversion happefig/dt i] and therefore a penalty of

C should be paid.
e In the other case,

DPli — 1, j — 1] +w(S1li], S2[/D,
DPli, jl =max{ DP[i — 1, j] + wj,
DPli, j — 1] + wj.
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Since the dynamic programming table contdinst 1) (n + 1) entries and entr) P[i, j]
takes up to @j) time to fill, the running time of the overall algorithm is
O(m?n?).

The correctness of the algorithm follows directly from the recurrences and therefore we
have the following conclusion.

Theorem 2.1. The inversion similarity betweesy[1...m] and S2[1...n] can be com-
puted inO(m?n?) time usingO(m?n?) space

2.2. A space-efficient algorithm for affine gap penalty score schemes

In the algorithm in Section 2.1 we divide the computation into two phases. In the first
phase, we prepare all the possible inversions together with their all possible aligned sub-
strings from the other sequence and the associated scores. Direct extension can lead to an
algorithm for affine gap penalty score schemes, running in the same amount of time and
requiring the same amount of space. In the following, we present a single-phase computa-
tion. We fill the dynamic programming table row-wise. Furthermore, when fillingtthe
row, we compute all possible inversions ending at positidiie will prove that there are
O(mn) such possible inversions and each can be calculated in constant time based on the
intermediate results of computation for tie— 1)th row. This single-phase computation
still takes Qm?n?) time, nonetheless requireg/n) space only.

LetDPyli, j1, DP[i, j],andD Pp[i, j] denote the scores of an optimal inversion align-
ment between prefixes[1...i] andSy[1... j], where &Ki<m and O< j<n, such that
the last operation is either a match or a mismatch, an insertion, and a deletion, respectively.
The boundary entries of these dynamic programming tables are:

e DPy[0,0] = DP[0,0] = DPp[0,0] =0;
e DPIO, j] =wo+ j X we, Where K j<n;
e DPpli,0] = wo +i x we, Where Ki<m.

Let 1y/[i’, j'1, I} [i’, j’1, andI5’[i’, j'] denote the sequence similarities between in-
versionSy[i’...i] and Sa[j’ ... j]1, where Ki'<i<m and K j'< j<n, such that the
last operation is either a match or a mismatch, an insertion, and a deletion, respectively.
Again, to assist the computation for these 3 inversion tables, they are enlarged to include
the following boundary entries:

o N+l j+U=0'li+1j+1=15li+1,+1=0;
o I[i+1,j1=wo+ (j — j + Dwe, where K j'< j;
o IGi" j+ 1= wo+ (i —i’ + Dwe, where Ki'<i.
Denoteﬁf’[i, jl1=maxDPwli, j1, DPi, j1, DPpli, j1}. The recurrence relations for
dynamic programming tables computation are:

w(Sulil, S2[j1) + DPli — 1, j — 1],
DPuli, j1 = max}  max {I,(,]"[i’,j/] L DPli’ —1, ) — 1]} —c,

1<i'<i—L+1
1<j/<j—L+1
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DPwli, j — 1] + wo + we,
DP[i, j — 1] + we,
DPi, j] = max{ DPoli, j — 1] + wo + we,
max {1,"’1'[1'/, 1+ DPLi' -1, j — 1]} —c,

1<i/<i—L+1
1< /< j—L+1

DPyli — 1, j]+ wo + we,
DPli —1, j]+ wo + we,
DPpli, j1 = maxqy DPoli —1, j]1+ we,
max [Igf'[i/,j/] L DPli’' — 1, — 1]} —c

1<i/<i—L+1
1<j/<j—L+1

Before computing theséh row entries],f;lj, Ili’j, andIé,’j tables are pre-computed using
the following recurrence relations:

N o hi' 7+ L,
W 1 = w1, Salj)) +maxq 174+ 1, ),
5+ 1,
N I M 71+ wo + we,
L0 ' = maxy 1M ] + we,
157N, 1+ wo + we,

N LT+ 1, T+ wo + we,
Ip'li' ') = maxq [V’ + 1, j'] + wo + we,
I+ 1, '] + we.

Notice that the computation a)f,’]j, 1, andISj tables needs the values[yhj_l, Ili’j_l,
and 15/~ tables only. It follows that we may just keep 3 inversion tabilg§ ™, 1/ 7%,

andlgr1 after computing entrie® Py [i, j — 1], DP[i, j — 1], andD Pp[i, j — 1]. These
three tables are then used in computing enttiéy [i, j1, D P[i, j],andD Ppli, j], where
we create three new inversion tablgs', 7"/, andI;;’. After that, those three inversion
tablessi;/ %, 1"/~*, and15/~" will no longer be used and thus can be deallocated.

In other words, we need only in total 9 two-dimensional tables during the overall com-
putation, which consume @) space. The overall running time(@?12) is obviously

seen from the recurrences, where trying all possible combinatiahawd ;' for pair (i, j)
dominates the computation.

Theorem 2.2. The inversion similarity betweesy[1...m] and S2[1...n], using affine
gap penalty score schemesin be computed i®(m?2n?) time usingO(mn) space
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3. Simulation results

Itis worth pointing out that the above space-efficient algorithm for affine gap penalty score
schemes only provides us the optimal score, but not the associated alignment. The way we
used to produce the optimal alignments showed in the subsequent part of the paper is to first
use three other tables to record down the last inversion in the optimal inversion alignments
between prefixesi[1...i] and S2[1... j], corresponding td Py[i, j1, DP[i, j], and
D Ppli, j], respectively; then use a normal alignment algorithm to compute an optimal
alignment with input sequence segmesitsi1, i>] andSz[ j1, j21, whereS;[i1, j1] denotes
eithertheinversion of1[i1, j1] or S1[i1, i2] itself; and finally chain these optimal alignments
together as the output inversion alignment $grand S». In this way, we can compute an
optimal alignment in @n2x72) time using Qmn) space.

3.1. Alignment with inversions

The two DNA sequences in the example in the introduction sectiof;ate CCAATCT
ACTACTGCTTGC#nd S, = GCCACTCTCGCTGTACTGU@der the affine gap penalty
score scheme specified B0, —11, —15, —5), we showed there an optimal normal align-
ment. Using the lower bound = 5 and inversion penalt¢ = 2, the following shows an
optimal inversion alignment, associated with a score of 43:

1234567890 123456 78901
-CCAATCTAC gcagta TTGCA

1L
GCCACTCT-C GCTGTA CTGTG

In the above the lower case substrirgragta
TACTGC

In [5], it has been calculated under the same score schem#$;fiat .. 15] vs. S»[10
... 15]isthe highest scoring inversion afg7. .. 9] vs.S2[13. .. 15] is the second highest.
And using these two highest scoring inversions, the output inversion alignment in their
paper is exactly the same as ours as shown. Therefore, our work confirms that the inversion
alignment computed using two highest scoring inversions for the above instdB¢ésim
fact an optimal one.

A biological instance used for simulation [B] consists of a DNA sequence from
D. yakubamitochondria genome using nucleotides 9987-11,651 and a DNA sequence
from mouse mitochondria genome using nucleotides 13,546-15,282. Under the affine gap
penalty score scheme specified @, —9, —15, —5) and inversion penalt¢’ = 20, by
pre-computing a list of 400 highest scoring inversions, the alignment outg&} found
an inversion substring iD. yakubaconsisting of nucleotides 7—480 which aligns to nu-
cleotides 58-542 from mouse. The putative organization of genes in the two DNA sequences
is described in Tablé.

Sothe identified inversion to some extent detects the biologically correct inversion. In our
simulation, we use the same score scheme and again add the lower bound on the inversion
lengthsL = 5.

is an inversion fromS1[10...15] =



Z.-Z. Chen et al. / Theoretical Computer Science 325 (2004) 361—-372 369

Table 1
Putative organization of genes in the two DNA sequences

D. yakuba Mouse
URF6 1-525 519-1 (inverted)
tRNA Glu 588-520 (inverted)
cytochromeb 529-1665 594-1737

Table 2

Fragmental reversal segments and their aligned partner

D. yakuba Mouse D. yakuba Mouse
15-23 16-25 266-276 277-287
37-41 37-44 283-302 294-315
44-73 47-70 316-322 329-335
78-82 75-79 324-342 337-350

100-114 105-119 350-378 358-383

130-165 134-172 383-387 388-392

180-192 187-199 394-436 399-438

209-227 216-238 437-447 439-449

244-249 255-260 459-512 461-504

254-261 265-272 518-525 510-519

Unfortunately, the algorithm did not detect aggodinversions. What it found are three
short inversionsSi[344. ..349 which aligns t0S,[326...331], $1[387...391] which
aligns t05,[357...361], and S1[456. .. 463] which aligns toS>[417. .. 424]. With these
three inversions, the detected inversion identity.8883, contrast to the standard identity
0.6847. We did another experiment by cutting out the two URF6 genes from both sequences
and calculating their inversion identity, namely, the first 525 nucleotides BPogakuba
and the first 519 nucleotides from mouse. It turned out that the standard identity between
these two substrings is®780 and the inversion identity remains the same as the standard
one without any inversion detected.

3.2. Alignment with reversals

Since the inversion algorithm did not detect any meaningful inversions, we modified the
algorithm to detecteversals which only reverse a substring but not take the complement.
We define the reversal identity similarly to be the ratio in an optimal reversal alignment. For
the two URF6 genes, by setting the length lower boiind 5, we found a lot of reversals
which are listed in the Tabl2 The reversal identity is.8301 as detected.

By settingL = 300, we found a reversal substri§g[128. . .513] which is aligned to
S7[121...507). The alignment score is improved from 152 to 167 with a little bit identity
sacrifice down to B742. The standard identity between these two segmentsg2Pwith
alignment score 55 (an optimal standard alignment is shown in the top part djFidne
reversal identity between them is5896 with alignment score 110 (an optimal reversal
alignment is shown in the bottom part of Fit).
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Alignment Score:55

Matches:

217

Identity: 0.562176165803109

o

5
5

12345678901234567890123456789012345678901234567890123456789012345678901234567890

TAATAACTAAAAGTTTTTGATACTCATACATTTTATTTTTAAT-TTTTTTAGGAGGAATACTTGTTTTATTTA--TTTAT
L e A A A B M B O Il L
----AACTCCAACATCATCAACCTCATACA--TCA--ACCAATCTCCCAAACCATCAAGA-TTAATTACTCCAACTTCAT

GTTACATCATT-AGC-TTCTAATGAAATATTTAA--TTTATCAATTA----- AATTAACTTTATTTTCCATATTTATTTT
L T e e B A B B R B A WA [N (ARl
CATA-ATAATTAAGCACACAAATTAAAAA---AACCTCTAT-AATCACCCCCAAT--ACTAAAAAACCCAAAATTA----

ATTTTTTATAT---TTATTTTATCAATAATTCTTGA-TAAAACTTCTATTACT-TTATTTTTAATAAATAACGAA-ATAC

It T T I e s I 1 e O A B A B O B O
ATCAGTTAGATCCCCAAGTCTCTGGAT-ATTCCTCAGT--AGC-TATAGCAGTCGTATATCCAA-ACACAACCAACATCC

AATCT--ATTATTGAAATAAATTCTTATTTTAC--AGAAA--ATTC-TTTATCTTTAAATAAATTATATAATTTTCCAAC

8 I A B B O N AR A I
CCCCTAAATAAATTAAAAAAA--C-TATTAAACCTAAAAACGATCCACCAAACCCTAAAACCATTAAACAA----CCAAC

AAATTTTGTAACAATTTTA-TTAA---TAAATTATTTATTAATTACTTTAATTGTTGTAGTAAAAATTACTAAAC-TATT
I L e e o e A A A A R B A e N A R R
AAACCCACTAACAATTAAACCTAAACCTCCATAAATAGGTGAAGGCTTTAA-TGCT-AACCCAAGACAACCAACCAAAAA

TAAAGGTCCT-ATCCGA----
[ 8 I I B
TAATGAACTTAAAACAAAAAT

Alignment Score:110

Matches:

216

Identity: 0.559585492227979

5
5

12345678901234567890123456789012345678901234567890123456789012345678901234567890

AGCCTATCCTGGAAATTTATCAA----AT-CATTAAAAATGATGTTGTTAATTTCATTA--ATTATTTATTAAATAATT-
[ N A A AR [ L I e B B e e e AR R R A A |
AAC---TCC---AACATCATCAACCTCATACATCAACCA--ATCTCCCAAA--CCATCAAGATTAATTACTCCA-ACTTC

ATTTTAACAATGTTTTAAACA-ACCTTTTAATATATTAAATAAATTTCTATTTCTTAAAAGACATTTTATTCTTAAATAA
I P11 e e ree e Il (RN
ATCATAATAA----TTAAGCACAC----- AA---ATTAAAAAAACCTCTAT------ AATCACCCCCAATACTAAAA---

AGTTATTATCTAACATAAAGCAATAAATAATTTTTATTTC--ATTATCTTCAAAATAGTTCTTAATAACTATTTTATTTA

8 I I T I O Y A A R B R B [ T Y O O B
——————————— AACCCAA---AATTAATCAGTTAGATCCCCAAGTCTCT---GGATATTCCTCAGTAGCTATAGCAGTCG

TATTTTTTATTTTA---TTTATACCTTTTATTTCAATTAAATTAACTATTTAATTTATAAA-G-T------AATCTT--~
e I 8 T L O O O O I
TATATCCAAACACAACCAACATCCCCCCTAAATAAATTAAAAAAACTATTAAACCTAAAAACGATCCACCAAACCCTAAA

-CGATTA------ CTACA----TTGTATTTATTTATTTT----GTTCATAAGGAG--GATTTTTTTAATTTTTA--TTTT
I [ 1l [ N e el Feeeer
ACCATTAAACAACCAACAAACCCACTAACAATTAAACCTAAACCTCCATAAATAGGTGAAGGCTTTAATGCTAACCCAAG

ACATAC---TCATAGTTTTTGA----AAATCAATAAT
Il I I EE
ACA-ACCAACCAAAAATAATGAACTTAAAACAAAAAT

Fig. 1. An optimal standard alignment (top) and an optimal reversal alignment (bottom) befyjées. . . 513
andSp[121...507].
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Alignment Score:93

Matches: 144

Similarity: 0.894409937888199
12345678901234567890123456789012345678901234567890123456789012345678901234567890

0  ATGACCAAATTTATAATGTAATTGTAACAGCTCATGCATTTATTATAATTTTCTTTATAGTAATACCAATTATAATTGGA

(O N O N N N N R NN O AR N RN RN RN RN RN RN RN RN
0  ATGACCAGATTTATAATGTAATCGTTACAGCTCATGCTTTTGTAATAATTTTCTTTATAGTAATACCAATTATAATTGGT

1 GGATTTGGAAATTGATTAGTTCCTTTAATATTAGGAGCCCCTGATATAGCCTTTCCTCGAATAAATAATATAAGTTTTTGA
E O N N O o e e N e e e O R R R RN N RN RO RN RN AR RN RN AR A RN
1 GGATTTGGAAATTGATTATTACCATTAATAATTGGCGCACCTGATATAGCTTTTCCACGAATAAATAATATAAGCTTTTGA

Fig. 2. An optimal reversal alignment betwegf{143. .. 303] andS»[336. . . 496].

We also run our reversal algorithm on a set of mitochondrial genomes to detect if there
are reversals between any pair of them. Indeed, for the complete mitochondrial genome
of Aedes aegyptfaccession numbekF380835) and the mitochondrial gene (COX )
of Desmognathus quadramaculat{zecession numbekF437505), using score scheme
(1, -3, -5,—-2)and(L, C) = (5, 2), we detected one reversal of length 161. The reversal
segment starts from position 143 &F380835 and from position 336 ilAF437505 .

The high reversal similarity .8944 versus “no significant similarity was found” by using
BLAST 2 Sequencestp://www.ncbi.nlm.nih.gov/BLAST/ ) indicates some-
thing meaningful. In fact, they both producgtochrome c oxidase subunitHig. 2 shows
this reversal alignment.

4. Conclusions

The space-efficient algorithm developed in this paper enables the computation of an
optimal inversion alignment between two DNA sequences of length up to 10,000 bp on
a normal desktop with 1 GB memory. Previous algorithms either fail on long sequences
or only produce a suboptimal inversion alignment restricted to a number of pre-computed
highest scoring inversions. The simulation conducted shows a disagreement with previous
simulation. Further investigation is necessary, typically on the selection of suitable score
schemes.

The recurrences for computing Py, D P, and D Pp tables are written for the case
where gaps inside inversion segments and gaps inside non-inversion segments are treated
separately and independently. If two gaps from different categories are adjacent to each,
then they might be counted as one gap. The recurrences can be slightly modified, where one
copy of inversion penalt€ should be merged td Py[i’ — 1, j' — 1], DP[i’ — 1, j/ — 1],
andD Pp[i’ — 1, j/ — 1] during the computation, to take care of this case.

Our algorithm can be easily modified to compute an optimal reversal alignment between
sequences. Some simulation has been run which shows something different from inversions.
Our algorithm can also be easily modified to compute an optimal inversion-reversal align-
ment between sequences, allowing both inversions and reversals. Our next task is to conduct
simulation study on applying this inversion-reversal algorithm to detect similar secondary
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structure units for RNA sequences in the RNase P Database (which is accessible through
“http://www.mbio.ncsu.edu/RNaseP/home.html ") [1] and hopefully achieve
some biological findings.
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