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Abstract: The design of DNA sequences is critical for many research fields asi€NA self-assembly, DNA hybridization arrays,
DNA computing, and PCR-based applications. DNA secondary strugtadiction is the key part for these DNA nanotechnologies. In
this paper, we present a dynamic programming algorithm to predict to@dary structure of single-stranded DNA tiles. The algorithm
calculates all possible maximum matches based on the nearest-neighdmbelrand global energy minimization. Experimental results
show that the algorithm performers significantly to predict secondaungtsiies for single-stranded DNA tiles.
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1 Introduction between different hybridization, and improve the
reliability and effectiveness of experimental. DNA
folding algorithm can be regarded as an adjunct to
digitally represent DNA sequences, but not a replacement
of reality physical data. The designed DNA sequences
Eoﬁnétr?&leggﬁguﬁyg rr:gclg(l:gIarlnorrecfélmmsgnigrsanfn;?]yshould be theqretipally rapidly assessed befqre atte@ptin
. J : : ; ' laboratory validation. So, we need to design effective
theoretical and practical bio-computing models have beer%earch algorithms to identify and predict rational novel

developed, such as DNA computing [1-3], DNA ' : . -
self-assembly [4-6], membrane computing [7-9]. spiking nucleic acid structures for selecting promising sequences

neural P systems [10-14]. Among them, DNA  Recent years several dynamic programming
self-assembly have arisen widely research interests alilgorithms have been proposed to predict secondary
over the world. With novel mechanical and chemical structures of DNA or RNA sequences. Zuker [28]
function, DNA molecules have shown great potential as aproposed an algorithm for prediction of RNA secondary
design medium for the construction of nano-scale devicestructure. The time complexities of the algorithms is
[15, 16], and widely used in many laboratories such asO(n*). Andronescu et al. [29] developed the PairFold
assembly [17-19], switching [20-22], circuitry [23, 24], algorithm for secondary structure prediction of minimum
DNA chips [25, 26]. Among all approaches to design free energy. Pervouchine [30], Alkan et al. [31] and Kato
stable DNA sequences, computational algorithms play aret al. [32] presented different dynamic programming
important role [15, 27]. algorithms with different scoring functions for prediain

In these research areas, it is very important to selecsecondary structures, respectively. However, these
DNA sequences with required secondary structure, sincealgorithms cannot deal with circular single-stranded DNA
high quality DNA sequences can prevent the interferencailes.

Bio-computing is a new branch of natural computing,
whose aim is to abstract ideas from the functioning of

* Corresponding author e-mahangkai@wust.edu.cn, songtac0608@hotmail.com

© 2013 NSP
Natural Sciences Publishing Cor.


http://dx.doi.org/10.12785/amis/070649

2534 NS 2 Z. Kai et al: A Dynamic Programming Algorithm for Circular Single-stradd.

In order to avoid this defect, we present a dynamicthe structures have recursive sub-structures, we should
programming algorithm to predict the secondary structureconsider all of the conditions in which andx; can form
of single-stranded DNA tiles. The algorithm calculates all base-pairs (or not). As in the case of alignment, there are
possible maximum matching of single strands DNA tile following several possibilities.
based on the nearest-neighbor model and global energy (1) Nucleotidex; does not form a base-pair. In this
minimizations. Experimental results show that the case, we hav®(i,]) = M(i,j— 1), as shown in Fig.1.
algorithm performs significantly to predict structures for
single-stranded DNA tiles.

2 The Algorithm of Circular Single-Strand
DNA Tiles Secondary Structure Prediction

In this section, we will present a dynamic programming
algorithm for predicting single-strand DNA tiles S
secondary structures. Before going through the details of !
the algorithms, let us begin with definitions of DNA  Fig. 1: x; cannot form a Watson-Crick complement with aqy
secondary structure and the prediction problem.

In biological experiment, single strand DNA
molecules dismissed randomly in vitro. A single stranded  (2) Nucleotidex; andx; are complementary, and pair
DNA molecule is an unbranched polymer composed ofwith each other. Consequently, we déi, j) = 1+M(i +
only four types of subunits. These subunits are thel,j—1), as shownin Fig.2.
deoxyribonucleotides containing the bases adenine (A),
cytosine (C), guanine (G) and thymine (T). The
nucleotides composing DNA bind to each other in pairs
via hydrogen bonds in a process known as hybridization.
Each nucleotide pairs up with its unique complement (the
Watson-Crick complement), so C pairs up with G and A
with T.

A DNA secondary structure for a given DNA sequence  Xi
X =5 —x1X---X, — 3 of lengthn is defined to be a set S -
S of ordered pairsi, j), with 1 <i < j <n, such that the N Si101 7
following conditions are satisfied: e -7
(1) Watson-Crick Constraint:

If (i,j) € S then{x,x;} € {{A, T},{G,C}};
(2) No base triples Constraint:

If (i,]) and(i,k) belong toS, thenj =k; if (i, ]) and

Xit1

Fig. 2: x; andx; are Watson-Crick complementary

(k, J) belong toS, theni = k; (3) If there existsi < k < | such thatx andx; are

(3) Threshold requirement for hairpins: complementary and can pair up, then all base-pairs in a
If (i, ]) belongs taS, thenj —i > 6, for a fixed value  secondary structure ofi- - - j] must have the property that

6 > 0;i.e. there must be at least unpaired bases in a hairpieitherx|i - --k— 1] orxk+1--- j — 1] presents. In this case,

loop. thenM(i, j) = 1+ M(i,k— 1)+ M(K+1, ] —1).i <k < .

2.1 Dynamic Programming Algorithms

It is assumed that a structure with more number of
base-pairs is more stable than that with fewer base-pairs,
so we define the score of a secondary structure simply as

. . . X

the number of base-pairs in sequence. The optimal DNA 1
secondary structure problem can be formally formulated . . o Jx
i S N Si1 i P

as follows. k-1 N ket s

Given a DNA string X of length n, compute a ST
secondary structureS with maximum number of
base-pairs. We need to compute the optimal secondary Fig. 3: x andx; are Watson-Crick complementary
structure score according to the scoring function, denoted
by M(i, j), for every substring]i--- j],1 <i < j <. Since
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There are three possible cases, but only the cast thatn arbitrary point, a secondary structure can be defined as
optimal structureS(i, j) holds the maximum value is in Section 2, except that the starting and ending bases
considered. The optimal scoM(i, j) is the number of cannot pair up with each other because they are adjacent
base-pairs 0§(i, j). BecauséM(i, j) is the optimal scores in the circular sequence.
of smaller subsequences, in this way we need to record Our algorithm starts with a target circular DNA
these scores, but not the combinatorial explosion ofsequence. We calculate the maximum base-pair matching
pOSSible structures. Mathematica“y this recursion is a%y our dynamic programming a|gorithm, and all the

follows: sequence loop will be taken into account. Subsequently,
Mij 1 we evaluatt_e and predict the DNA secondary s_tr_uc_turg by
Mi.; — max Mij 14 p(X,Xj) nearest neighbor model and free energy minimization.
’ Cmax  {Mik1+M1j+p06X)} The pseudo program code of our algorithm is given as
i+1lsksj—4 bellow:
(%, X]) = { Lif{x,xj} € {{A, THG,C}}
o Oa else program Dynamic Programming Algorithm for Circular DNA Tiles Secondary

Structure Prediction
A input : Single Strand DNA Sequene

2.2 Free Energy Constraint and output : Secondary Structure with Minimum Free Energy
Nearest-Neighbor Model begin

for i =1tonthen
After a group of admissible structures have been defined, yegn
we need to enumerate all the structures that can be
formed with n nucleotides. Subsequently, we choose the
most stable structure which has the minimum free energy.
(Free energy is a measure of DNA double stranded
stability. Since DNA hybridization usually emits heat,
free energy changes are usually negative thatGs< 0.) _
It is easy to obtain that the higher the absolute value is, %"
the more stable DNA double stranded will be. The MinE = E, keep the minimum free energy
algorithm based on free energy used the nearest-neighbor  MinS= S keep the corresponding structure

thermodynamic model, the formula is as follows: end
end

AG= Zi niAG(i) +AG(iI’]i GC) +AG(iI"Ii AT) +AG(wm) Return most stable structuk&inS,
end.
where AG(i) denotes the standard free energy
changes for the 10 possible Watson-crick NNs (e.g.,
AG(1) = AG(AAITT), AG(2) = AG(TAJAT), --- etc),n 2.4 Example Results
is the number of occurrences of each nearest neighbor,
and AG(sym) equals to +0.43 kcal/mol (if the duplex is To demonstrate the applicability of our algorithm, we
self-complementary) or equals to 0 (if it is gelecta DNA sequence to test our algorithm by analyzing
non-self-complementary). The primary energetic factoriis secondary structures and free energy. The sequence is
for hybridization is not the energy of the hydrogen 5. ccGAACGCCGCAAAAAGCGGCGAACGCGCGA
bonding between nucleotide bases, but is the nearegt AAACGCGCGAACGGGCGCGCCCGAACGGCGCA
neighbor base stacking energies. These base stackingaaaGCG-3' with length 71. There are 71 kinds of
energies must be measured, and are not uniqueandidate structures, and we demonstrate three candidate
Nevertheless, from an energetic point of view, they are theyrediction results using our algorithm. The prediction
parameters of choice to determine the potential foryegyt is shown in Fig.4, which shows that from position 0
hybridization between oligonucleotides. the maximum match is 22 and free energy -32.31.
Another result is from position 27 with maximum match
22 and free energy -30.14, which is shown in Fig.5.

generate new sequenkéwith circularX loop

X' =5 —XoX3..Xn_1Xn X1 —3'

Calculate the maximum matching struct@ef X’ using Dynamic Programming
Calculate the free enerdyof Susing Nearest Neighbor thermodynamic model
if E < MinE then

2.3 Circular DNA Secondary Structure
Prediction

A circular DNA molecule consists of a chain of
nucleotides linked together, which are not only some
DNA tiles computation model, but also various small
viruses consist of single-stranded circular DNA. The
starting and ending nucleotides are linked together. Given
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Fig. 4: Calculate from position 0, maximum matching number

22, stack energy is -32.31. Fig. 6: Calculate from position 49, maximum matching number

24, stack energy is -42.17.

3 Conclusion

In this work, a dynamic programming algorithm for
circular DNA tiles structure prediction has been proposed.
The nearest-neighbor thermodynamic model is integrated
which can select the most stable structure with energy
minimization. The time complexities of traditional
dynamic programming algorithms ®(n*), but the time
complexities of our algorithm i©(n®) by takingn start
points into account.

Fig. 5: Calculate from position 27, maximum matching number Acknowledgement
22, stack energy is -30.14.
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Foundation of China (Grant Nos. 61100055, 61033003,
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