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1. INTRODUCTION

Deoxyribonucleic acid (DNA) is a polymer composed of repeating nucleotide monomers connected by
the phosphate group with the pentose sugar through carbon number 5 by a covalent ester bond, as shown in
figure. 1. Each DNA consists of two polymer strands twisted to form a helix structure [1], [2].

As a constituent of nucleic acids, DNA is a genetic information repository. The information in DNA is
encoded in a sequence of nitrogenous bases, which is a combination of purine bases consisting of adenine (A)
and guanine (G) and pyrimidine bases consisting of thymine (T) and cytosine (C)). DNA sequences can be
aligned to study and identify the similarity of the differences between two DNA sequences [3], [4]. This
technique is called sequence alignment. The analysis data can be the basis for steps in other biological
processes, such as predicting the structure and analyzing the DNA function of a particular organism [5] so that
no errors occur in handling a case. In research conducted by Mohamed Issa and Mohamed Abd Elaziz, the
coronavirus (COVID-19), a new virus, was identified by aligning the DNA sequence of COVID-19 with other
viruses [6]. Other researchers use the results of this research to find effective drugs that can inhibit or kill the
activity of COVID-19.

DNA sequences from various organisms have been decoded and stored in a database. With the growing
amount of data, the number of DNA databases has increased, making manual analysis of DNA sequences
impractical as it can take much time and is sensitive to analysis errors. Therefore, fast tools and algorithms are
needed to overcome this problem.
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To find a good sequence alignment, the gaps and nitrogenous bases that do not match when two DNA
sequences are compared have a minimum number, and the nitrogenous bases that match the reference DNA
sequence have a maximum number. The algorithm that can be used to solve sequence alignment problems is a
dynamic programming algorithm [7]-[9]. This algorithm is classified into two types global and local. The
Needleman-Wunsch algorithm is generally used for the entire sequence (global) analysis, which was
discovered by Saul B. Needleman and Christian D. Wunsch in 1970. Meanwhile, to find the best subsequence
(local) match between two sequences, Temple F. Smith and Michael S. Waterman developed the local
alignment algorithm in 1981, known as the Smith-Waterman algorithm [10]. Compared to global alignment,
local alignment is more suitable for DNA sequence alignment because DNA is a molecule that tends to have
many repeats, so there is a possibility that the two DNA sequences being compared have similarities only in
certain parts, and an extensive database will be used in the alignment process, so global alignment will take
longer and require more computational cost than local alignment.

The results of research conducted by Ernawati., et al. show that the calculation time for comparing
Wilms tumor DNA at local AF484671 and locus AK290854 using the Smith-Waterman algorithm serially is
0.178 seconds with a relatively small sequence size, which is 100 x 100 [1]. Comparison of sequences DNA
using the smith-waterman algorithm was also carried out by Chaibou, Amadou, and Sie, Oumarou serially and
in parallel using OpenMP and Cuda C, and the resulting parallel calculations significantly reduced calculation
time [11]. Parallelization with OpenMP is also used by Muhama, FN et al. in analyzing the performance of the
Needleman-Wunsch algorithm and the Smith-waterman algorithm in the sequence alignment [12]. The results
show that with four cores, the execution time of the code may be decreased by around 60% because of the
parallelization capabilities of OpenMP directives, and the execution time of DNA sequencing using the Smith-
waterman algorithm is faster than using the Needleman-Wunch algorithm[13], [14].
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Figure. 1 Structure of DNA

So, the serial calculation process in sequence alignment analysis generally takes a long time for
extensive data because the data depend on each other. To solve the dependency data, antidiagonal layout can
used for parallelization technic so the data to be independent and the calculation can be faster than serial
calculation. This parallel calculation process can use OpenMPI, an open-source Message Passing Interface
(MPI) implementation[15]. However, although it can be accessed quickly and for free, OpenMPI is for the
parallelization process of sequence alignment in the Smith-Waterman algorithm, so far, it has yet to be done.
Therefore, in this study, DNA sequence alignment using the Smith-Waterman algorithm was performed serial
and parallel using OpenMPI[16], [17]. In addition to the alignment results, serial and parallel calculation times
were identified. In addition to the alignment results, serial and parallel calculation times in processor cores 4,
6, 10, 12, and 24 were also identified.

2. METHOD

The Smith-Waterman algorithm consists of three main stages initialization, matrix filling, and
traceback, as shown in Figure.2 The difference between the serial and parallel calculation procedures lies in
using OpenMPI in the parallel program as a library so that it can be run on systems with multiple processors
[13], [18], [19].
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Figure. 2 llustration of Smith-Waterman Algorithm for serial and parallel program

2.1  Serial Program
The Smith-Waterman algorithm compares all possible pairs and assigns a score to determine the

similarity between two DNA sequences (Sand T). Let S = 54,55, ... , S, Withlengthmand T =ty t,, ... , t,
with length n be the two sequences being compared. A matrix M of size (m + 1) x (n + 1) is constructed to
calculate the maximum score between two sequences, S and T. M is indexed by i and j, where each index
corresponds to one sequence. Specifically, cell M;; can be recursively constructed using repeated equations
(1) and (2)[20].

for0<i<m,0<j<n,

MiO = MO] = O (l)

forl1<i<mdanl<j<n,

M(i—l)(j—l) + Sbt (Si,tj),
M;; = max Mg_qyj — gap cost t, 2)
M;j-1) — gap cost t.

In addition to constructing matrix D of size (m + 1) x (n + 1), the initialization stage also involves
populating cells using equation (1). The gap cost t in equation (2) represents the penalty value if one character
from the two sequences being compared is shifted and replaced with the gap cost t character. The gap cost t
value must be negative because it is assumed to require additional effort to shift those characters after the gap
is inserted. The substitution matrix value Sht (s;,t;) in matrix D represents the score for matching and
mismatching. The match value is used when two characters are found to be the same, so its value must be set
as positive, and conversely for the mismatch value, which is negative and given when the two characters being
compared are different. In this study, the match value is set to 3, the mismatch value is -3, and the gap value is
-2[18], [19].

Using equation (2), the second stage, matrix filling, can be performed by taking the highest value
(maximum value) of the three calculated values. If a negative value is found, it is replaced with 0. Thus, this
filling process will only focus on regions of similar sequences. The final step, the traceback, is done by tracing
back the maximum value from the bottom right corner until 0. All these calculation steps are shown on the
flowchart in Figure.3
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Figure. 3 Flowchart of Smith-Waterman Algorithm

2.2  Parallel Program

The parallel program that can be used in the Smith-Waterman algorithm is the anti-diagonal layout, first
introduced by Wozniak in 1997. Figure 3 shows the calculation of M;;and M;_;y¢j4+1) . We can see that the
two cells in the anti-diagonal position are independent by evaluating the data dependencies in the figure. So
that, theoretically, the calculation of the two cells can be calculated in parallel computation [20].

The length of S and T sequences, as in the serial part, is m x n. The diagonal index (d) is defined in
equation (3). For diagonal d, the starting row index (rows) and the last row index (row,) can be calculated in
equation (4)[12].

d=x+y-1(1<d<m+n-1) (3)
rows, = max(1,d — m) 4)
row, = min(d, m)

coly, =d — rows (5)

col, =d — row,

Based on equation (4), the starting column index (col,) and the ending column index (col,) can be
calculated using equation (5). At the same time, the number of Nd cells on the diagonal d is row, — row, + 1.
That way, the for-loop executed in the total calculation is d times with each for-loop the chunk of data Nd also
needs to be calculated. Thus, several dummy symbols are added which do not affect the final result of the query
and reference sequence to avoid Nd, which sometimes cannot be divided by the number of elements processed
in the SIMD register. When counting each cell (i, j) on the d diagonal, the value (i—1,j—1) on the diagonal d —
2 and the value (i,j—1), (i,j—1), (i-1, j) and (i—1,j) on the diagonal d — 1 are required (Figure. 4) [18].
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Figure. 4 Data dependency of antidiagonal layout in Smith-waterman algorithm

3. RESULT AND DISCUSSION
3.1  Analysis of Execution Time on Serial and Parallel Programs

This study used the Smith-Waterman algorithm to determine the similarity between two nitrogenous
base sequences present in DNA. In this algorithm, a score matrix is used to find similarities between two
sequences, where each cell in the matrix represents a similarity score of two characters in the sequence. In each
iteration, scores within the matrix are calculated and used to populate new cells. Once the whole score matrix
is calculated, the algorithm performs a traceback to determine which pair of characters gives the highest
similarity score. On Figure. 5(a) and 5(b) show the results of comparing two DNA sequences run in serial and
parallel programs.

) DNA Reference: TAGAAGAATT b) DNA Reference: AACTAATATG
DNA Query: GCGAAGAAAA DNA Query: CACGGGGGGC
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Figure. 5 Result of sequence alignment in a) serial and b) parallel program

Although in Figure 5, only the results of the length of sequence 10x10 were displayed to identify the
effect of DNA sequence size on execution time, experiments were also carried out on DNA sequences with
sizes 10, 102, 103, and 104. Execution time analysis measures the program's speed in completing the alignment
process of the two sequences compared. Table 1 and Figure. 6 compare the execution time between serial
programs using one processor core and parallel programs using processor cores 4, 6, 10, 12, and 24.

In the serial program, the calculation process is carried out sequentially from one cell to another from
left to right. While in the parallel program, in this study carried out with an antidiagonal layout, the calculation
process is divided into several parts used, each calculated simultaneously. Thus, the serial execution time is
longer than parallel except for the DNA sequence, which is 10 in size.

At a length of the sequence of 10, the serial program can complete the calculation for 0.0005 seconds,
while in the serial program, the calculation is completed for more than 0.001 seconds. It happens because 10
is a small data size, so data processing in serial programs can be done faster than in parallel. After all, there is
little data to be processed. While in parallel programs, there is overhead in sharing and merging data which can
take time.

However, when the sequence length is enlarged (more than 102), the advantages of parallel programs
begin to be seen with faster execution times than serial. After sharing the data with the provided cores,
calculations can be performed by several processes simultaneously. Thus, by dividing an enormous task into
several smaller tasks and completing them in parallel, execution time can be saved, and program performance
can be significantly improved. It is seen in sequence size 104 with an execution time on the serial for more
than 1.5 hours, but in parallel programs with core 24, the execution time is only 0.027 hours. Thus, using
parallel programs in sequence alignment with the Smith-Waterman algorithm can reduce computational costs
in terms of execution time.
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Table 1. Comparison the execution time between serial (1) and parallel program in Smith-waterman

algorithm

Execution time (s)

Length of Sequences

Parallel (core)

1
4 6 12 24
10 0.0005 0.0009 0.0010 0.0011 0.0021  0.0039
102 0.0325 0.0227 0.0152 0.0103 0.0160  0.0187
103 3.2635 3.1908 1.8730 1.0244 1.2398  0.7584
10* 5420.4654 350.2373 228.3099 137.1735 129.0008 97.0002

3.2  Speed-up Analysis on Parallel Programs

Speedup is the ratio between serial program execution time and parallel program execution time
(equation 6). The speedup concept shows how much of an advantage it has to use parallel processing over
serial processing. The greater the speedup value, the faster the program is executed in parallel versus serially.

speed —up = tserial
tparallel
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Figure. 7 The effect of sequence length on speed-up in each core.

(6) Figure.7 shows that parallelization speed up on several cores cores 4, 6, 10, 12, 24. It is done to find
out how the number of cores affects speed-up. How much influence the number of cores on speed-up is
influenced by several factors, (i) the length of sequence the larger the sequence length, the greater the benefits
of parallelization, and when the sequence length is small, the overhead of parallelization can be greater than
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the benefits of parallelization itself, (ii) Algorithm structure algorithms that are too heavy on communication
and synchronization between cores will result in large overheads and reduce the benefits of parallelization, (iii)
Computational structure If computing has dependencies between elements, then parallelization will become
difficult, and the overhead will be even more significant.

Computational structure factors have been addressed using antidiagonal layouts, where calculations are
not performed from left to rigth cells but diagonally, as shown in Figure.4, That way, the dependence between
cells has been appropriately handled. The algorithm structure of the Smith-Waterman algorithm is quite simple,
consisting of only three steps, as described in the methods section. So, overhead due to the complicated
algorithm structure can be prevented. In the case of the three factors that affect the number of cores to speed-
up, the sequence length is the main influential factor.

It can be seen in figure. The difference in the sequence length on each core causes a difference in speed-
up. At a sequence of 10, classified as a small problem, the speed-up is less than one, which means that parallel
programs take longer than serial programs. It indicates an overhead in using parallelism, as described earlier.

At a length of the sequence of 102, the most remarkable speedup is at core 10. it happens because the
distribution of tasks on each core can be done more efficiently and evenly than on other cores. At the length of
sequence 102, the number of cores 12 and 24 is too much, which worsens the performance of parallel programs
or, in other words, overhead. A more even division of core 10 occurs at a length of the sequence of 103
compared to core 12.

However, the data is more prominent when the sequence length is 10* than when it is 10% and 103. The
overhead associated with task division and synchronization becomes progressively smaller relative to the
overall execution time. In this condition, using more cores can speed-up execution time because tasks can be
divided more evenly, and more can be done simultaneously. So the more cores used, the higher the speedup
obtained.

4. CONCLUSION

This paper proposes enhancement for time efficiency of the Smith-Waterman algorithm using OpenMPI
as a library for paralyzation. Variations in the length of sequence used by 10, 102, 103, and 104 affect the
execution time both in serial and parallel, where the more significant the sequence length, the longer it takes
to complete the sequence. In addition to the sequence length, the number of cores used also affects the execution
time and speed-up. Core 24, with a sequence length of 104, has the highest speed-up compared to the other
cores, which is 55.88 times faster than the serial.
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