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Abstract. ﬁemu]osis 1s a disease caused by the mycobemium tuberculosis
virus, Tuberculosis is very dangerous and it is included in the top 10 canses of
the death in the world. In its detection, errors often occur because 1t 1s similar to
other diffuse lungs. The challenge is how to better detect using DNA sequence
data from mycobacterium tuberculosis. Therefore, preprocessing data is
necessary. Preprocessing method is used for feature extraction, it is k-Mer
which is then processed again with TF-IDF. The use of dimensional reduction
1s needed because the data 1s very large. The used method is LDA. The overall
result of this study is the best k value is k = 4 based on the experiment. With
performance evaluation accuracy = 0.927, precision = 0.930, recall = 0927, F
score = 0.924, and MCC = 0.875 which obtained from extraction using TF-IDF
and dimension reduction using LDA.

1 Introduction

Tuberculosis (TB) is a dangerous disease. Based on WHO (World Health
Organization), TB is one of the top 10 causesaf death in the world. TB ever occupied
the second cause of death after HIV/AIDS. Elhis means that TB has emerged as a
global health threat in this century [1]. TB is caused by the mycobacterium
tuberculosis virus. In addition, the TB virus has resistance to drugs and ggt all TB can
be treated with the same drug. Like tuberculosis with lineage from Bei which has
the highest resistance to drugs so it requires different treatments [2]. Drug-resistant
TB (DR-TB) is a major threat because in 2013 as many as 3.5% of patients with
tuberculosis had a defense against the drugs given [3]. The current challenge is how to
detect and treat this TB. In some case the disease is difficult to detect because it
resembles other respiratory diseases [4]. Therefore, it is necessary to detect TB better
by using DNA data from mycobacterium tuberculosis because each organism must
have DNA that differentiates and characterizes the organism. In its detection, it can be
implemented by machine learning algorithms and inc%udcd in the branch of science of
bioinformatics. The use of ML 1s very important for bioinformatics because it can
learn and build predictive models from input in the form of genomes, proteins, ete.
then analyze it [ﬁ,

There are various variants of the mycobacterium tuberculosis virus and each
DNA has a different length of data. Mycobacterium tuberculosis DNA contains a
sequence of nitrogen base codes {A, T, C, G} with that order reachin%thousands [6].
important aspects before classification are the selection features from DNA sequence.
The research focuses on how to extract features from DNA sequence data and

reprocess it before classification. After that, dimension reduction is done to reduce
arge data dimensions so that the classification process will be faster. The main focus
of this research is how to preprocess data with the right method.
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For feature extraction from DNA sequence data using k-Mer. To get uniform
data length using TF-IDF. The data used is a complete genome that has up to
thousands of long data, it should be high dimension of data. Therefore, dimension
reduction will be carried out using LDA. The ML algorithm used is SVM because it is
able to classify well.

The use of k-Mer has been successfully applied to similar studies that use
sequence-based data such as DNA [7]. With k-Mer can provide stable and sometimes
low accuracy depending on the selection of the appropriate k value because each
value k conta'ﬂﬁflbrcnl information [8]. This study we used TF-IDF to change text
data to numerii#l. TF-IDF can convert data from DNA substring to matrix. TF-IDF
converts data based on the frequency of oceurrence of words in one. In this study we
used LDA to reduce the data dimension. These techniques applied for feature
extraction from large dimension data to lower dimensions. LDA process is based on
supervised leaming [9]. In previous research have used these methods but with
different objects. So, the output of the research is to prove and get the right k value
from k-Mer to extract the feature. Machine learning method that will be used in this
study is SVM because it has been successfully applied to many classification
problems. The advantages of SVM can avoid overfitting and being able to generalize
data properly. So, in this research uses SVM as its classification method [11][12].

2 Method
2.1 K-Mer

TTGACCGATGACCCT
TTGACC
TGACCG
GACCGA
ACCGAT
CCGATG
CGATGA
GATGAC
ATGACC
TGACCC

GACCCT

Figure 1. Sample of k-Mer

In terms of biological sequences, k-mer can be defined as all possible
subsequences with length of k [12]. In other words, the substring generated from k-
mer can represent the entire length of the data sequepge as shown in Fig.1. In the field
of bioinformatics, k-Mer is used as feature extmﬁn especially for metagenome
analysis. Extraction of features from k-Mer is based on the frequency of the
oceurrence of the combination forming the DNA.

How k-Mer works is quite simple, k-Mer will take the substring based on the
specified k value. Increasing the value of k will produce data with large dimensgions
and requires high time. The k value of k-Mer greatly affects the features pmduc:aln
this study we will try feature extraction with different & values, starting from 2 to %

2.2 Term Frequency — Inverse Document Frequency (TF-IDF)

After extracting features using k-Mer, then changing the data into numbers and
standardizing tHE) length of the data before entering into machine learning. One
method used is TF-IDF. Term frequency - inverse document frequerf} (TF-IDF) is
used to extract features from a document. With TF-IDF can convert ta data into a
matrix of numbers. The way TF-IDF works is to calculat@ow often or the frequency
of occurrence of a particular word in the document [13]. Inverse document frequency
measures the occurrence of any word in all documents. Then give the weight to each
word. With TF-IDF it can also be used to normalize feature vectors.

TF-IDF is widely used for sentiment analysis, NLP and also text classification.
Because the output of k-Mer is a substring and is included in the word or text. Then
TF-IDF can be implemented in this DNA classification case.
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2.3 Linear Discriminant Analysis (LDA)

LDA is the method used to reduce data dimensions. LDA is based on supervised
learning which means it requires knowledge in it [9]. LDA work by caleulating the
linear discriminant between different classes and maximize the separation. The
technique is compute inter and intra class distances [ 14]. Then homogeneous data will
be close together, and heterogeneous data will be separated as far as possible. So, the
data with its own class will gather together.

2.4 Support Vector Machine (SVM)

SVM is a machine learning method that can be used for classification and
regression problems. In learning, SVM creates a hyperplane by maximizing data
boundary margins between classes. Support vector is a predictor value that is closest
to the border that separates the class. This support vector is used in calculating margin
creation from SVM [9]. With this, SVM is able to generalize data to data that will be
data. SVM can be applied to linear and non-linear prdZ@ms using the kernel function.
There are 4 kernels commonly used in SVM, namely linear, polynomial, sigmoid, and
radial basis function (RBF). Linear kemels are used for data with a class that is liner
separated. With this kernel it can run faster than other kemels, but when confronted
with separate data that is not linear it will result in poor evaluation performance. The
polynomial, sigmoid, and RBF kemels can be used for data with classes that are not
linearly separated. For detailed about SVM is described in [15]. In this study the
kemel used is RBF because it tends to run faster than the other kemels and is
sometimes better at providing evaluation performance than SVM. In addition, cross
validation will also be used with a fold = 10. Use cross validation to maximize
classification performance.

2.5 Brformance Measure
The performance of the machine leaming classifier can be seen by its evaluation,
such as accuracy, precision, recall, F score and Matthews Correlation Coefficient as

outline below:
TP+TN

Akurasi= ————— 0))
TP+TN+FP+FN
Precision = (2)
rp PHFP
= 3
Recall . 3)
recision-Reca
e e
X - X
Mcce = (5)

(TP+FP)(TP+FN)(TN+FP)(TN+FN)
Where:

TP is True Positive, TN is True Negative

FP is False Positive, FN is False Negative

3 Result and Analysis
3.1 Feature Extraction

The used data is a complete genome of mycobacterium tuberculosis with 6
classes and a total of 233 data. The data class obtained from the lineage of the
organism.

In this section, feature extraction is done using k-Mer then TF-IDF and the result
shown as Table 1 below. The table shows data dimension from extraction feature
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process. The & column is the k-Mer parameter which shows the value of how many
substrings DNA sequence to take. The result is the higher value of k, the higher
dimension of data will be produced. It means the data need to be reduced dimension
to lower dimension. It hopes to reduce computational time because with high
dimension, it consumes high computational time
Table 1. Data dimension result using TF-IDF
k Dimension

233, 198

233, 1533

233,7576

233, 25602

233, 66321
233, 141495
233,263926
233, 525081

After extracting the feature, next step is classification to obtain the evaluation by

k-Mer and TF-IDF result shown at the Table 2 below.
Table 2. Evaluation classification using TF-IDF
k 2 3 4 5 6 7 8 9
Accuracy  0.661  0.661 0.661 0.661 0661 0661 0661 0.661
Precision  0.627  0.627 0.627 0.627 0627 0627 0627 0.627
Recall 0.661 0661 0661 0661 0661 0661 0661 0.661
Fscore 0585 0585 0585 0585 0585 03585 0585 0.585
MCC 0373 0373 0373 0373 0373 0373 0373 0373
Time 0217 0.893 2.44 3.68 9.95 30.8 109 385

From the table can be seen that the results of the classification give the same
results for each & from the k-Mer data. With an average value of accuracy = 0.661,
precision = 0.627, recall = 0.661, F score = 0.585 and MCC = 0.373.

At this stage, it is still not able to determine the best & value because the
evaluation results of each & value there are no differences. Cause of that, by
implementing dimension reduction it is expected to increase accuracy because based
on previous research using dimensional reduction can improve the accuracy of its
classification.

NoSe =] Sy Lh B WD

3.2 Dimension Reduction
After feature extraction, dimension reduction is necessary because the previous
data has a large dimension enough for the higher & values. Also, the evaluation of
classification before had no differences value. This dimension reduction aims to prove
that dimensional reduction can change to lower dimension, reduce computational time
and improve classification evaluation performance.
Table 3. Evaluation classification TF-IDF using LDA
k 2 3 4 5 6 7 8 9
Dimension 233,5 233.5 233,5 233,5 233,5 2335 2335 233,5
Accuracy 0768 0828 0.927 0914 0897 0910 0906 0923
Precision  0.745 0.848 0.930 0915 0902 0908 0.891 0914
Recall 0.768 0.828 0.927 0914 0897 0910 0906 0923
F score 0.740 0824 0.924 0909 0.891 0905 0895 0913
McCC 0.600 0718 0.875 0852 0823 0842 0.834 08066
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Time 0.047 0.031 0.047 0047 0.031 0.018 0.031 0.031

For the results of the experiment using LDA from the TF-IDF data it produces various
evaluation values for each data with different k. Accuracy values tend to increase and
decrease, and the most optimal is at k = 4 with an accuracy = 0.927, precision =
0.930, recall = 0.927, F score = 0.924, and MCC = 0.875 as shown in Table 3 above.
Comparison accuracy before and after LDA applied can be seen in the Fig. 2 below.

1
0.9
0.8
0.7

0.5 —@—tf-idf

Accuracy

0.4 tf-idf LDA
0.3

0.2
0.1

N 14
k=2k=3k=4k=5k=6k=7k=8k=9

Figure 2. Accuracy comparison
Based on Fig. 2 above, the difference of accuracy is visible and accuracy is being
better after the LDA is applied. We can see if the best & is & = 4 which give the best
performance.
1=

an w 13 a0 2% 1 an an
numies of companents

Figure 3. Cumulative explained variance from & = 4

Judging from the data dimensions generated using LDA, the data dimensions
tend to be the same as 233, 5. In Fig. 3, an example of an explanation of the variant of
LDA with k = 4. It can be seen with LDA producing dimensions 233, 5 because there
are only 3 features that have the most influence from the data. We still can choose
some features to determine what percentage of data after reduction will be used, but
the reduced data has very small dimensions. So, there is no need for feature selection.
Cumulative explain variance is the sum result of the explained variance ratio with the
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following values [0.70215354, 0.12704264, 0.09180755, 0.0531784, 0.025171788,
0.02581788].

Time comparison

500
= 400

| -

§ 300

@ e tf-idf

2 200 .

= 100 tf-idf LDA

:
k= k= k= k= k= k= k= k=
2 3 4 5 6 7 8 9

Figure 3. Time comparison with and without LDA

This dimension is smaller than before LDA applied and automatically the
computing time needed is much faster. Whereas if observed from the evaluation side,
the LDA provides better and more varied evaluations from the classifier for each
different k value. This is because LD A is based on supervised learning which makes
data tend to get closer to the same class and maximize boundaries between different
classes. The average computing time from k& = 2 < 9 is 0.0354 seconds. Taken
averages because each k has the same dimension of data. From the average value, it
can be seen that computing time is less than 1 second and is calculated to be much
faster than without LDA.

It is proven that LDA can be used to reduce data dimensions and computation
time, but can also improve the performance of the SVM classifier used in this study.

4 mlclusion

Based on the results of the study, it can be concluded that k-Mer has an influence
on the extraction of Tuberculosis DNA data. The extraction of features used can
determine the evaluation of classification. To extract data from DNA substring, we
used TF-IDF and successfully applied. Likewise, with the selection of methods to
reduce data dimensions. In this case. LDA is the best because the evaluation results
are very good because the LDA is in the dimension reduction process, there is a
learning process from the class that has been determined. Because of a feature
reduction, computing time will automatically run faster than without the dimension
reduction. The final result of this study is that the best & value is k = 4 based on the
experiment using TF-IDF and LDA. With performance evaluation accuracy = 0.927,
precision = 0.930, recall = 0.927, F score = 0.924, and MCC = 0.875.
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