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Abstract
Tuna and mackerel are important fish in Indonesia that have great demand in the community and

contain good nutrients for health. Many of the processed products have been faked including processed
fish, by replacing the content of products that have high sales value to other lower price one. For ensuring
food safety, fraudulent should be prevented by identifying the content of refined product. In this research,
we implemented support vector machine (SVM), one of the popular methods in machine learning, to yield
a model for identifying the content of refined product based on DNA barcode sequences. The feature
extraction of DNA barcode Sequences was conducted by calculating k-mers frequency of each sequences.
In this study, we used trinucleotide (3-mers) and tetranucleotide (4-mers). These features were inputted to
SVM to classify and identify whether the DNA barcode sequences belong to the class of tuna, mackerel, or
other fish. The evaluation results showed model SVM was able to perform identification with the accuracy
88%.
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1. Introduction
The fisheries sector is one of the important sectors that should be developed in order to

compete in the global competition. To be able compete and expand export markets, it is needed
to ensure that the fishery products have nutritional value and safe to be consumed. The
existence of free trade between ASEAN countries which will take effect in December 2015 will
lead to many products coming from different countries, so we must have the ability to track
(traceability) the product for safekeeping. Many of the processed products have been faked; by
replacing the content of products that have high sales value to other lower price one [1]. One of
fishery products prone to be faked and has high interest in the community is a processed
product made from fish, especially tuna and mackerel.

Tuna has the second highest export value after shrimp. Nurilmala et al. (2013) [2]
reported that the quality of tuna can be determined through its color, myoglobin protein as well
as electrophoretic pattern of the water soluble protein fraction. According to Directorate of
Fisheries in the Marine and Fisheries Research Agency (BRKP) in 2013 [3], Fisheries Research
Board of Maritime Affairs and Fisheries (BRKP) in 2013, the largest share export value of
Indonesian fishery commodity are shrimp and Tuna, Tongkol, Cakalang (TTC) which each have
contributed for US$ 997 million and US$ 515 million. Another important fish in Indonesia is
Mackerel. The mackerel is a pelagic fish that lives spread almost throughout the waters of
Indonesia and became one export commodity because it has a high commercial value. To
overcome the problem of fraudulent products processed from tuna and mackerel is necessary to
do identification process. This identification is very important to ensure the quality standards of
the food industry and markets [4]. One of the methods to identify them is by using DNA
barcode-based.
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DNA Barcode-based method can detect the authenticity of a product in the form of fresh
raw materials [5] as well as products which have undergone processing and freezing [6]. This
method can also be applied to the content of different foods [7]. DNA barcodes is a short
sequence taken from the genome of an organism [8]. Genes that widely used as a marker
barcode is from protein coding genes among others Cytochrome Oxidase 1 (co1) and
Cytochrome b (cyt b) which is a fragment of mitochondria.

DNA barcode-based identification can be done through two approaches, based on
homology and composition [9]. Homology approach is by finding alignment that compares the
juxtaposition of fragments of DNA sequences with reference sequences contained in the data
base used, for example, the National Center for Biotechnology Information (NCBI) and Barcode
of Life Database (BOLD) and the results are summarized at each level of the taxonomy. Several
studies have been conducted with the approach of homology such as, Benedict et al., (2013)
[10]. This research was conducted on the frozen S. tawilis, bluefin tuna fillet, sashimi tuna fillet,
frozen shrimp using PCR amplification. The result showed that a high probability of incorrect
species declaration in the “tawilis” and “Bluefin“. Tuna fillet and insufficient are labelled
information for gindara steaks/fillets. However, sashimi tuna fillets and cream dory products are
correctly labeled. Lowenstein et al., (2009) [11] also conducted research on the identification of
tuna sushi. Research results shown that with a character-based and BLAST is able to identify
the tuna up to 100%.

The composition approach is to do the calculations based the frequency characteristics
appearing from base pairs that make up DNA sequence. This composition approach does not
need to perform the alignment of each DNA sequences so that the time required is faster.
Characteristic frequency calculation can be done by using k-mers. K-mers technique has been
used to extract DNA features by Karlin and Burge in 1995 [12], and since that time the
technique is used widely with the varying length of k, the greater value of k is the more accurate
classification results [13]. Results from extraction of the next feature will be the input vector for
classification and identification. Some related research have been done among others by
Weitschek et al., (2014) [14] by using a supervised learning classification (Support Vector
Machine (SVM), Naïve Bayes, RIPPER and C4.5). Research results show that SVM
classification method is better than others. Seo (2010) [15] have also been conducting research
on the classification of nucleotide sequences using SVM, the results obtained that the SVM has
successfully identified the location of a specific pattern on the species. Therefore, in this
research SVM is used as a classifier and feature extraction k-mers as an identifier.

The aim of this research is to identify tuna and mackerel based DNA barcode
sequences by using SVM as a classifier and frequency of k-mers as identifier. This study
identifies based on the level of species.

2. Research Method
2.1. Data Set

The data used in this research are sequences DNA Barcode tuna, mackerel and others
fish (Table 1). The data is taken from the BOLD (http: boldsystems.org), BOLD are an
informatics workbench that helps the acquisition, storage, analysis and publication of DNA
barcode records [16]. Barcode DNA data is represented as a string with the format FASTA form.

2.2. Features Extraction
Training and testing data will be used at first by extraction Features. Feature extraction

method used is k-mers. Extraction of k-mers will form the composition according to the amount
of data used. Appearance of patterns of k in sequences is calculated by using the four main
bases (A, C, G, and T) it is raised to a series of base pairs that will be used (Appearance
pattern: 4 ^ k, with k ≥ 1) [17] the k use in this study are trinucleotide (3-mers) and
tetranucleotide (4-mers).

2.3. Data Normalization
The used data have varied long sequences. To avoid a gap between the data length the

normalization is needed. Normalization aims to obtain data with smaller values representing the
original data without losing its own characteristics [18]. The range of data values used is
between 0 and 1. The formula of normalization used is:
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Normalization = (values x) / (length sequences) (1)

The value of x is the result of feature extraction using k-mers.

Table 1. The data DNA barcode Tuna, Mackerel, and other fish
Genus Species Number of DNA

Barcode
Rate length of DNA

Barcode(bp) Class

Thunnus

T. albacores
T. atlanticus
T. thynnus
T. alalunga
T. tonggol
T. orientalis
T. maccoyii
T. obesus

91
28
75
70
27
14
16
88

695
777
647
675
831
691
752
679

Thunnus

Scomberomorus S. commerson
S. niphonius
S. regalis
S. cavalla
S. maculatus
S. munroi
S. brasiliensis
S. semifasciatus

44
39
18
16
14
7

18
6

621
704
681
745
929
746
682
770

Mackerel

Carcharhinus C. limbatus
C. obscures

45
38

673
669

Other
fish

Lepidocybium L.
flavobrunneum

24 699

Lutjanus L. analis
L. campechanus

29
10

651
653

Gadus G.
macrocephalus 45 706

Hypostomus H.  plecostomus 3 658

2.4. SVM Training and Testing
Training data that has been extracted by k-mers will be then performed by SVM training.

SVM will find for the best model that can separate the classes. SVM used is from R
programming language which available on the library e1071. This SVM training is using radial
basis function kernel (RBF) and C-classification. Optimization parameters C and γ using a grid
search with 10 cross validation in the range of 10-6 – 10-1 for the parameter γ and 10-1 – 102 for
parameter C. The choice of parameters determines the performance of classifiers [19] and the
classification results [20].

Model obtained from the training will be tested using test data downloaded from BOLD
and Lab FPIK IPB. Testing will identify the test data into their respective classes.

2.5. Analysis
Based on the results of SVM training and testing, the results obtained are then used to

analyze the performance of SVM. In the analysis phase will be calculated the accuracy,
sensitivity, specificity, and Fmeasure Based on Confusion Matrix table, as shown in Table 2.
Each will be calculated by using the formula (2), (3), (4), (5) and (6).

Tabel 2. Confusion Matrix
Prediction class
Positive Negative

Actual class Positive A: True Positive B : False Negative
Negative C: False Positive D : True Negative

/ = ∑∑ ∑ (2)
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= ∑ ∑∑ ∑ ∑ ∑ (3)

= ∑∑ ∑ (4)

= ∑∑ ∑ (5)= (6)

3. Results and Analysis
This study has used 765 Barcode DNA data sequence which consists of 409 DNA

sequences tuna and 194 DNA sequences of other fish. For the testing data, data used is 145
DNA sequences which consists of four tuna species namely Thunnus alalunga, Thunnus
albacores, Thunnus obesus, and Thunnus thynnus, and other fish 32 DNA sequences which
consists of species Carcharhinus limbatus, Gadus macrocephalus, Hypostomus plecostomus.

Confusion matrix is used to evaluate the results of the identification of the data by using
frequency trinucleotide and tetranucleotide. To measure the ability of SVM to identify DNA
barcode sequences in three separate classes by using sensitivity and specificity. Sensitivity is a
comparison of the true fish was identified to the total number of actual fish. Specificity is
comparison of the wrong fish that successfully identified correctly. The value of precision and
recall are used to measure the ability of SVM in identifying one class only, in this case the tuna,
mackerel, or any class other fish. Fmeasure is matrix that integrates precision and recall.

Figure 1. The value of accuracy using trinucleotide and Tetranucleotide

Figure 1 shows the accuracy the data by using trinucleotide and tetranucleotide. The
value of accuracy obtained by using tetranukleotide higher than trinucleotide is 88%. This shows
that the pattern of occurrence of k on the extraction characteristics affect the accuracy, where
by the greater value of k is the higher accuracy of the identification. Table 3, 4, 5 and 6 show the
performance of SVM in identifying DNA sequence data to the data of tuna, mackerel and other
fish.

Table 3 shows the value of sensitivity for each species by using a feature extraction
trinucleotide and tetranucleotide. The average value obtained for trinucleotide sensitivity is
0.828, which means that at least 82.8% of fish species have been identified to the actual class.
While using tetranucleotide average value of sensitivity is 0.89, which is about 89% of fish
species can be identified to the actual class. However, for species Scomberomorus commerson
has the lowest sensitivity value is 0, which means none of the species identified in the actual
classroom, this is caused by an imbalance of the number of species with other species.

Table 4 shows the value of specificity for each species by using a feature extraction
trinucleotide and tetranucleotide. The average value obtained for trinucleotide specificity was
0.977, which means that at least 2.3% of fish species identified to a class that is not true. While
using the average value tetranucleotide specificity was 0.99, which is about 1% of fish species
were identified in the wrong class.
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Table 3. Sensitivity value on the species of tuna, mackerel and other fish

Test Data
Sensitivity

Trinucleotide (k=3) Tetranucleotide (k= 4)
Carcharhinus limbatus 1.00 1.00
Gadus macrocephalus 1.00 1.00
Hypostomus plecostomus 0.50 0.50
Scomberomorus commerson 0.00 0.00
Thunnus alalunga 0.92 1.00
Thunnus albacores 0.80 1.00
Thunnus obesus 0.60 0.75
Thunnus thynnus 0.98 1.00

Table 4. Specificity value on the species of tuna, mackerel and other fish

Test Data
Specificity

Trinucleotide (k=3) Tetranucleotide (k= 4)
Carcharhinus limbatus 1.00 1.00
Gadus macrocephalus 1.00 1.00
Hypostomus plecostomus 1.00 1.00
Scomberomorus commerson 1.00 1.00
Thunnus alalunga 0.96 0.98
Thunnus albacores 0.98 1.00
Thunnus obesus 0.96 1.00
Thunnus thynnus 0.92 0.96

Table 5 shows the value of precision for each species by using a feature extraction
trinucleotide and tetranucleotide. The average value obtained for trinucleotide precision is
0.877, which means that at least 87.7% of the model can identify exactly to the actual class.
While using the average tetranucleotide precision value is 0.96, meaning that the model can
identify exactly to the actual class by 96%. Lowest precision value owned by Commerson
scomberomorus species that is 0.

Table 5. Precision value on the species of tuna, mackerel and other fish

Test Data
Precision

Trinucleotide (k=3) Tetranucleotide (k= 4)
Carcharhinus limbatus 1.00 1.00
Gadus macrocephalus 1.00 1.00
Hypostomus plecostomus 1.00 1.00
Scomberomorus commerson 0.00 0.00
Thunnus alalunga 0.69 0.79
Thunnus albacores 0.95 1.00
Thunnus obesus 0.60 1.00
Thunnus thynnus 0.90 0.94

Table 6 shows the value Fmeasure for each species by using a feature extraction
trinucleotide and tetranucleotide. The average value obtained for trinucleotide Fmeasure is
0.838, which means that at least 83.8% models can identify exactly to the actual class.

Table 6. Fmeasure value on the species of tuna, mackerel and other  fish

Test Data
Fmeasure

Trinucleotide (k=3) Tetranucleotide (k= 4)
Carcharhinus limbatus 1.00 1.00
Gadus macrocephalus 1.00 1.00
Hypostomus plecostomus 0.67 0.67
Scomberomorus commerson 0.00 0.00
Thunnus alalunga 0.79 0.88
Thunnus albacores 0.87 1.00
Thunnus obesus 0.60 0.86
Thunnus thynnus 0.94 0.97
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While using the average tetranucleotide Fmeasure value is 0.91, which means that the model
can identify exactly to the actual grade of 91%. But the value of the lowest Fmeasure also
owned by Commerson Scomberomorus species that is equal to 0.

4. Conclusion
The method of classification using SVM models is successfully identified DNA bacode

sequences for species of tuna and other fish well because the value of sensitivity and precision
are high, but for mackerel fish species models is not able to identify, this is due to the imbalance
amount data between species of tuna, mackerel and other fish. The accuracy values obtained
using tetranucleotide is higher frequency compared to trinucleotide frequency that is equal to
88% this shows that the pattern of occurrence of k on the extraction characteristics affect the
accuracy, where by the greater value of k is the higher accuracy of the identification.
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