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ABSTRACT 

Searching for compatibility between specific sequences in long DNA sequences requires 

accuracy and a considerable amount of time. This research was conducted to design and 

implement a computational model used to search a DNA barcoding in a set of DNA sequences. 

To obtain optimal results, we conduct the optimization spiral dynamics algorithm. Data, i.e., a 

collection of DNA sequences of plants, were downloaded from the NCBI website. This study 

produced DNA barcode by looking at the best position index which has the best percentage of 

matches in each sequence. The results pointed out an increase in computational time depending 

on the number of sequences, the number of iterations, the number of dimensions of spiral 

dynamics, and the number of populations. 
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I. INTRODUCTION 

 

 One of the major issues in the taxonomic aspect of biology is how the best practice to 

read DNA barcoding is. It is a technique in identifying species using DNA sequences from a 

small part of the genome, with the aim of contributing to various ecological and conservation 

studies [1]. There are two main purposes in the task of DNA barcode application. The first 

objective is to differentiate between species of living things, and the second goal is the use of 

DNA data to find new species [2]. Diagnosis at the molecular scale via DNA barcoding 

provides a fast, accurate, and unambiguous alternative to plant identification. The identification 
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of plants by barcoding DNA requires a small number of samples and in principle DNA can be 

taken from any part of the plant. 

Approaches that lead to the detection of DNA motifs face two types of challenges. First, 

DNA transcription factors, which are bound to proteins in a particular DNA sequence and 

motif, which is usually located upstream of the target gene, usually has a short structure. Second, 

DNA motifs are weak to conserve because of evolution and mutation. In view of these 

problems, neither simple string comparison methods nor exhaustive search all combinations of 

methods cannot effectively provide an accurate identification of transcription factors [3]. 

One of the studies conducted by [4] on DNA discovery motives, and it can be concluded 

that the use of Ant Colony Optimization ability [5] as a stochastic search and EM maximization 

procedure shows the use of both can be said to be very promising in the problem of DNA 

motif discovery by generating an F-score or an average value the results exceed the GAME and 

GALF tools. GAME is a software or tools used in discovery motifs on DNA sequences using 

genetic algorithms [6]. GALF stands for Genetic Algorithm Local Filtering, similar to GAME, 

GALF is a tool used for motive discovery in DNA sequences using genetic algorithms through 

local filtering [7]. However, this study still has weaknesses, namely the need for a more effective 

fitness function to distinguish fake binding sites from the original, and is only able to perform 

one binding site per sequence. The other study in [8] regarding DNA discovery motifs has 

utilized the algorithm of particle swarm optimization [9] and Expectation Maximization [10]. In 

this study, it is stated that even though using environmental topology, particle swarm 

optimization/Expectation Maximization still stops at local optimum. The researcher intends to 

investigate the nature of the gradient (if any) that can be used to move the particles in a more 

optimal direction. Other methods used for dealing with motif discovery can be found in [11, 12, 

13]. 

This study is aimed to utilize an optimization algorithm, namely the Spiral Dynamic 

algorithm, to determine DNA Barcode. The Spiral Dynamic algorithm was developed by 

Tamura and Yasuda [14]. It uses a metaheuristic approach which is based on the analogy of 

spiral phenomena in nature which is simple in concept, only has a few parameters and is easy to 

implement. It is a new two-dimensional metaheuristic approach inspired by spiral phenomena 

that exist in nature. A common feature of this algorithm is that it performs an effective search 

strategy in a metaheuristic approach and can also build new optimization algorithms based on 

discrete models. The output of the simulation for this two-dimensional benchmark problem 

yields the effectiveness and potential of the proposed method. Moreover, the basic knowledge 

and implementation of some continuous optimization methods based on the metaheuristics can 

be found in [15]. 
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II. RESEARCH METHODS 

In the implementation of the optimization Spiral Dynamic algorithm for DNA barcoding, 

we designed a model as illustrated in Figure 1. The model starts by entering a file containing 

multi-sequence DNA data, after the file is supplied then the next step is data pre-processing, 

where in the contents of the file to be cut and aligned and truncated on the DNA sequence. The 

next is the process of using the Spiral Dynamic algorithm which consists of three processes, 

namely the initial random population index, finding a fitness function with a hamming distance 

and updating the population index and x*. At the last stage the barcode and the index are 

printed. 

 
The DNA sequence data that has been prepared is still raw, it cannot be directly used to 

look for barcodes. There are two processes that must be carried out until the data is ready to be 

used for this research, namely sequence alignment and sequence trimming. To find a barcode 

from a species requires more than one similar sequence, therefore sequence alignment process is 

needed. Next is the trimming sequence or cutting, which is the process carried out to make the 

length between sequences the same, the beginning and end of the sequence parallel or the same, 

in order to extract the essence of the sequence. These two things are done to make the 

equations between sequences more real. In this study, an application that can be obtained and 

used freely is used called Clustalx, along with the flow of the sequence alignment process as 

stated in Figure 2. 
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Figure 1 

The proposed computational model used for determining DNA Barcode. 
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1 

2 

Input: DNA sequences  

Output: Clean DNA sequences after alignment 

3 

 

 

 

 

 

 

 

Begin 

1. Run the application of ClustalX 

2. Choose FILE – Load Squences… 

3. Choose the file and click Open 

4. Choose ALIGNMENT – Do Complete 

Alignment 

5. Give a filename and save to the format of FASTA 

End 

 

Figure 2 

Pseudo code of sequence alignment. 

After performing sequence alignment, the next step is to carry out sequence trimming. To 

understand more about the sequence trimming process, it can be seen in Figure 3. 

The program starts with a random population initial index, the program requires an initial 

value that is randomly determined. This population index is a matrix that contains a number of 

indexes related to the DNA sequence. The matrix size is according to user input. The contents 

of the matrix must be an integer because it will represent on the index how in the barcode 

sequence will start. As in Figure 4 the output form of this process is a matrix whose size is 

determined by user input. The number of columns in the matrix is the user input of the 

numDimension variable. The number of rows is user input from the numPopulation variable, and 

the index number contained in the matrix content is a randomly generated integer value, which 

will later represent the index starting from the barcode motif. In addition, index numbers have a 

limit, namely a minimum value of 1 and a maximum value according to the length of the 

sequence - the barcode length variable. 
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1 

2 

Input: Clean DNA sequences after alignment  

Output: Clean DNA seqences after trimming 

3 

 

 

 

 

 

 

 

 

Begin 

1. Check the front part of DNA sequences 

2. Find indices that are begun with the following 

characters: „A‟, „T‟, „C‟, and „G‟, not begin with „-‟ 

3. Delete the rest of sequence.  

4. The found indices become the first index on each 

sequence 

5. Do the same processes (from 2-4) for the last part 

(tail) of sequences  

End 

 

Figure 3 

Pseudo code of sequence trimming. 
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Table 1 

Data descriptions in experiments 

No. Name Standard Names 
Numbers of DNA 

Sequences 

1. 
Barcode Aeridinae Region 

Asia 

Angraecum 

scottianum Rchb.f 
76 

2. 
Barcode Aeridinae Region 

Australia 

Acampe ochracea 

Hochr 
20 

3. 
Barcode Genus Aeridinae 1 

Asia (Acampe) 

Angraecum 

scottianum Rchb.f 
3 

4. 
Barcode Genus Aeridinae 2 

Asia (Pomatocalpa) 

Angraecum 

scottianum Rchb.f 
3 

5. 
Barcode Genus Aeridinae 3 

Asia (Ascocentrum) 

Angraecum 

scottianum Rchb.f 
3 

6. 
Barcode Genus Aeridinae 1 

Australia (Cleisostoma) 

Angraecum 

scottianum Rchb.f 
3 

7. 
Barcode Genus Aeridinae 2 

Australia (plector) 

Angraecum 

scottianum Rchb.f 
4 

8. 
Barcode Genus Aeridinae 3 

Australia (sarco) 

Angraecum 

scottianum Rchb.f 
5 

9 Barcode genus Myrcianthes 
Acampe ochracea 

Hochr 
4 

 

Experimental Scenarios 

We perform a total of fifty-four experiments. Experiments were carried out with 6 basic 

variations as shown in Table 2. These variations are based on variables that we can change or 

adjust in the program associated with dynamic spiral. The variables n, r and θ have a constant 

value, namely 2, 0.5 and 0.707, while the variables that will change and see the difference in the 

experiment are the number of populations in the variable numPopulation with values of 50 and 

200 and the maximum number of iterations has three variation values, namely 100, 500 and 

1000. 
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Table 2 

Summary of used Parameters in Experiments 

 
No. n numPopulasi r & θ maxIter 

1. 2 50 0.5 & 0.707 100 

2. 2 50 0.5 & 0.707 500 

3. 2 50 0.5 & 0.707 1000 

4. 2 200 0.5 & 0.707 100 

5. 2 200 0.5 & 0.707 500 

6. 2 200 0.5 & 0.707 1000 

 

III. RESULT AND DISCUSSION 

The results of the experiment as a whole can be seen in Table 3. Column 'Case' shows the 

name of the sequence data and the standard sequence data that the barcode will be looking for. 

Whereas 'Vote Majority' shows the output results with the highest percentage of occurrences 

from several experiments in each case, which consists of 'index', namely the initial index number 

of the barcode position starting from the sequence, and 'percentage', which is the match 

between one sequence and another sequence in each case according to index of his starting 

position. The column "Expert" is the result of expert approval, whether the barcode is 

appropriate or not, and the last column "Note" is an additional information from the 

experimental results of each case. 
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Table 3 

Experimental Results 

 

No Case 

Vote Majority 

Expert Note 
Index 

Percentage 

(%) 

1. 
Barcode Aeridinae Asia 

(angraecum) 
17 76.27 OK >70% 

2. 
Barcode Aeridinae 

Australia (acampe) 
269 95.81 OK >70% 

3. 

Barcode Genus 

Aeridinae Asia 1 

(Acampe v angraecum) 

17 90 OK >70% 

4. 

Barcode Genus 

Aeridinae Asia 2 

(pomatocalpa v 

angraecum) 

16 89.87 OK >70% 

5. 

Barcode Genus 

Aeridinae Asia 3 

(Ascocentrum v 

angraecum) 

28 88.37 OK >70% 

6. 

Barcode Genus 

Aeridinae Australia 1 

(cleisos with acampe) 

274 97.625 OK >70% 

7. 

Barcode Genus 

Aeridinae Australia 2 

(plector with acampe) 

280 95.75 OK >70% 

8. 

Barcode Genus 

Aeridinae Australia 

(sarco with angraecum) 

238 & 

270 

94.625 

94.6875 
OK >70% 

9. 
Acampe ochracea with 

standard Myrcianthes 
192 56 OK 

< 70% (Not 

accepted) 
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The results of the entire experiment can show the comparison of the time seen based on the 

difference in the maximum number of iterations as seen in Figure 8. It shows a graph of the 

computation time for the search for barcode motifs with three conditions for each case, with 

iterations: 100, 500, and 1000. Other variables have the same value, only the iteration values are 

different. It can be seen that the higher the iteration value, the longer the computation time will 

be. In all cases the graph tends to go up, there is no decrease as the iteration value increases. The 

difference that really stands out in case 1 from the other cases is due to the different number of 

sequences. 

IV. CONCLUSION 

After conducting research using the Spiral Dynamics algorithm in the R programming 

language for DNA Barcoding, we can conclude several points in accordance with the initial 

objectives of this study, as follows: (1) Successfully designed the computational model by 

utilizing the dynamic spiral algorithm in the case of DNA barcoding. (2) Successfully 

implemented the proposed model by using the R programming language. (3) Experiments were 

conducted 54 times on DNA sequence data of Asian substripe orchids, Australian substripe, 

substripe myrcianthes. (4) An analysis of the results of the analysis has been carried out and the 

conclusion is that the more data processed, namely the number of DNA data sequences, the 

number of populations, and the more iterations performed, the computation time will increase 

along with the addition. 
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