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INTRODUCTION

Modern society is linked to globalism and openness to other nations.
Contact between different speakers leads to language contact. A variety of
phenomena within the domain of linguistics, including bilingualism, may
emerge as a consequence of language contact. In the domain of linguistics, a
notable phenomenon occurs when individuals possess the capacity to articulate
themselves across multiple languages, often facilitated by interactions between
speakers of different languages. The number of speakers who have mastered two
or more languages is increasing, regardless of the extent of their proficiency.
Consequently, this phenomenon can be designated as bilingual or multilingual
(Dahniar & Sulistyawati, 2023). The phenomenon of linguistic diversity is a
consequence of all communication activities. The linguistic variety is likely to
expand if a significant number of speakers utilize the language across a
considerable geographical area (Prasasti, 2020). Individuals who possess the
ability to utilize two languages in their social interactions are designated as
bilingual. The phenomenon of code-mixing, defined as the integration of two or
more languages or linguistic varieties into a single utterance, is characterized by
a linguistic pattern that involves the intermingling of distinct languages
(Mulyani, 2020; Alimin & Ramaniyar, 2020).

The Indonesian nation has adopted a unified language. The inception of the
use of the Indonesian language occurred on October 27-28, 1928. This event was
initiated subsequent to the Second Youth Congress in Jakarta, which was referred
to as the “Sumpah Pemuda” (Youth Pledge) (Sukaesih et al., 2023). According to
Sumarni in Zaqi et al. (2023), the “Sumpah Pemuda” event was held, during
which the pledge was stated. The aforementioned pledge pertained to notions of
a nation, homeland, and a unified language, specifically referencing Indonesia.
The Indonesian language has been subject to regulation and determination by the
Government of the Republic of Indonesia (Negara Kesatuan Republik Indonesia)
in two articles. The first is Article 36 of the 1945 Constitution, which pertains to
the National Flag, Language, and Coat of Arms, as well as the National Anthem.
The second is Article 25 of Law Number 24 of 2009 concerning the National
Language (Ganiadi et al.,, 2023). According to Brutt-Giffler and Crystal in
Perangin-Angin et al. (2023), the contemporary period of globalization has made
English a global language. The interconnectedness of the world, facilitated by
technology, has created many business opportunities. English has become
essential for both oral and written communication. Each language should be used
for what it is designed for. Native Indonesian speakers should prioritize the
Indonesian language to ensure its preservation and advancement. Mastery of
English as an international language is also crucial for the advancement of
knowledge.

In this regard, Indonesian language diversity has developed quite rapidly,
as evidenced by the emergence of the South Jakarta youth's language trend,
colloquially referred to as Bahasa Jaksel (Jaksel language), where "Jaksel" is short
for "Jakarta Selatan" (South Jakarta). The concept of "Bahasa Jaksel' was
introduced by netizens and refers to a mixture of Indonesian and English that is
inserted into a sentence during a conversation (Setiawan, 2023). As Putri in
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Wicaksono (2022) notes, the trend of Jaksel language is not a recent development;
it has been in existence for several years. The emergence of this language on social
media can be traced to the year 2018, when its initial appearance was observed
on the Twitter platform. Twitter is a popular social media platform for young
people. People use it to share information and opinions. In some cases, the code-
mixing may be disproportionate, potentially leading to misinterpretation of the
text by the reader (Puspita et al., 2022). A thorough examination of the extant
statistical data reveals that, as of April 2024, Twitter users (hereafter X) in
Indonesia number approximately 24.85 million, placing the platform fourth in
global rankings (Statista, 2024).

In light of the observed phenomenon, it can be posited that the code-mixing
present in Jaksel language sentences disseminated on the social media platform
Twitter can be classified according to the code-mixing typology proposed by
Muysken, encompassing three categories: insertion, alternation, and congruent
lexicalization (Melansari, 2023). The classification process is executed through
two distinct methodologies: Support Vector Machine and Random Forest
algorithms. The Support Vector Machine algorithm is a statistical learning
method that finds the maximum point and the best hyperplane that can separate
two classes (Hassanah et al.,, 2023). Whereas the Random Forest algorithm
employs the bagging method, utilizing a voting system that prioritizes the most
frequently selected option among multiple decision trees (Husin, 2023). The two
algorithms are both part of a machine learning model that employs an algorithm
capable of calculating the weight of each word in a text. This calculation is

referred to as Term Frequency-Inverse Document Frequency (TF-IDF) (Naufal et
al., 2023).

LITERATURE REVIEW
1. Twitter

The term "Twitter" is derived from the English word for "tweeting". This
particular social media site facilitates the expression of thoughts and actions in
real time, enabling users to share information with a vast audience. Twitter is a
social media website owned and operated by Twitter Inc. that provides a network
for microblogging, enabling users to send and read messages known as "tweets."
It is possible for users to articulate a concept or reflections in up to 280 characters.
(Girnanfa & Susilo, 2022). Following the transition of ownership and operation

to X Corp. in 2023, Twitter underwent a rebranding initiative, changing its name
to X.

2. Code-Mixing

Octavia in Jannah & Anggraini (2023) posited that code-mixing is defined
as an activity in which speakers integrate two or more language elements to
communicate. Code-mixing is a linguistic phenomenon in which a speaker
employs a blend of different languages or dialects during communication, often
selecting words or phrases that they believe to be readily comprehensible to their
interlocutor. Code-mixing is also employed to facilitate language mastery in
communication with interlocutors. Code-mixing constitutes a particular
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sociolinguistic phenomenon. That is to say, it is the mixing of two or more
languages in the same speaking condition.

Muysken introduces a typology of code-mixing in sentences, including the

following categories:

(1)

746

Insertion

As illustrated by Figure 1, element "a" represents a phrase in the primary
language. Element "b" represents a phrase in the second language that has
been inserted by the speaker. The use of insertion is exemplified by the
sentence “Mereka setiap akhir pekan selalu self healing bersama tanpa
sepengetahuan saya”. In this instance, the phrase “self healing” has been
inserted by the speaker as a component of the discourse.

R T T a....

Figure 1. [llustration on Insertion in code-mixing
Alternation
As illustrated by Figure 2, elements "A" and "B" are representative of two
distinct languages, thereby illustrating the phenomenon of language
alternation in code-mixing, manifesting as utterances produced by
speakers. The use of alternation is exemplified by the sentence “I think I
can, soalnya setiap aku menyanyikan suatu lagu, penonton terhibur”.

A B

Figure 2. [llustration on Alternation in code-mixing

Congruent Lexicalization

As illustrated by Figure 3, The elements "A" and "B" are representations of
the two distinct languages. In this category, speakers exhibit a greater
propensity to amalgamate the two languages when viewed from a
grammatical perspective. This amalgamation entails the incorporation of
lexical items from both languages to enrich phrases. The use of congruent
lexicalization is exemplified by the sentence “Meeting hari ini akan membahas
tentang urgent agenda yang akan dilakukan this week”.
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AB

A b oA b
Figure 3. Illustration on Congruent Lexicalization in code-mixing

3.  Text Preprocessing
According to Kearney et al., text preprocessing entails the initial cleaning

and fixing of data to ensure its structural integrity prior to progression to

subsequent stages of processing. (Sari et al, 2023). There are several stages in text
preprocessing, which are as follows:

(1) Case folding, standardization process that converts all letter elements in the
text into lowercase letters. (Rofiqi & Akbar, 2024).

(2) Cleaning, the process entails the elimination of superfluous characters with
the objective of enhancing the text's significance for a particular purpose.
(Sengar et al., 2021).

(38) Parsing, according to Jain et al., the process of parsing text entails the
decomposition of a given text so that its processed text can be determined.
(Natalie et al., 2023).

(4) Tokenizing, word-by-word truncation of text based on a predefined data
dictionary is a common practice that is employed to identify words of value
and facilitate the identification of the frequency of data in the corpus.
(Fadhilah & Indriyanti, 2023).

4. Regular Expression

Regular expression (regex) is a library that is used to perform the cleaning
process. (Vindua & Zailani, 2023). Regex are a kind of linguistic construct that is
used to match text based on predefined patterns. They are especially useful in
complex scenarios (Razaq et al., 2023).

5. Transformation-Based Learning

Transformation-Based Learning was initially developed by Eric Bill and
later refined by Ramshaw and Marcus through the integration of the IOB
method, a technique that involves a non-recursive word structure initially
characterized by I, O, and B marks. Within this method, the letter I denotes an
interior element, O denotes an exterior element, and B marks the leftmost item
that follows another element in the sequence. (Alves et al., 2024).

6. Term Frequency-Inverse Term Frequency

The two concepts of Term Frequency-Inverse Term Frequency (TF-IDF)
converge when a word appears in a document and the document in question
contains a different word. The importance of a word in a document lies in its
presence, not its significance. The prevalence of a word in a document is
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determined by the total number of words in said document. This may indicate
that the correlation between words and documents can be substantial if the
number of words in a document is high and the frequency of the document's
content containing the word is significant during data processing (Anugrah,
2023).

The equation employed to calculate the probability (TF) of the appearance
of word i in document j is as follows:

T = =
Yk j
Description:
If i = TF of word i in document j
1i = Number of words i in document j
Yinkj = Total words in document j

The equation employed to calculate the general relevance of a specific word
(IDF) is as follows:

{dj: t; € 4}
Description:
Idf; = IDF on the word i
|D| = Total number of documents

{dj:tied;} = Number of documents in which word i appears

The TF and IDF values are multiplied by the following equation:
TfIdf,; = Tf,; x 1df;
7.  Grid Search
Grid search constitutes an alternative approach for identifying the optimal
parameters within the model, thereby ensuring the accurate prediction of data.
Grid search is a hyperparameter method that is used to achieve optimal
performance. (Azmi, 2023).

8. Support Vector Machine

Support vector machine (SVM) is a machine learning algorithm that
employs a hyperplane function to delineate components of each class.
Hyperplane is a function that is useful as a separator between existing classes.
(Setiana et al., 2023).

The fundamental premise of the SVM algorithm revolves around the
optimization of the margin, defined as the extent of separation among the data
categories illustrated in Figure 4 (Werdiningsih et al., 2020):
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wx+b=0 /

w-x+b=+1

b,,
Figure 4. Hyperlane illustration
As illustrated in Figure 4, the dotted red lines, designated as bi1 and bu,
represent support vectors that are determined by the weight and bias values. The
red line in the center, By, serves as a hyperplane, effectively demarcating the data
into two distinct classes. (Setiana et al., 2023). The following equation will be used
to find the hyperplane:
xiw+b2+1 foryi=+1
xiw+b2-1foryi=-1

Description:
w = Normal plane
b = Plane position relative to the center

9. Random Forest

Random Forest (RF) is a machine learning algorithm that integrates
numerous decision trees and bagging techniques, consolidating them into a
single forest of trees. The integration of outcomes from multiple decision trees
has the potential to yield a more precise and comprehensive prediction model
(Wibowo & Syahputra, 2022).

The Random Forest algorithm employs the bootstrap method, which
involves the generation of bootstrap samples from a given sample and the
replacement of the data source. This process is illustrated in Figure 5. (Sarosa et
al., 2022):

e0 o
® <) ® Decision Tree 1
®
e 0,
[ DK
o .,9,° )
@ @ ® ® ® ... @ Decision Tree ZH Prediction HVoting Output
o0
© @
0@
@
Dataset . .
° .. Decision Tree 3
©

Bootstrap Sample

Figure 5. Bootstrap in Random Forest algorithm
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The calculation stage commences with the identification of features that
serve as the foundation of the decision tree. These features are determined by
measuring the entropy value. Subsequently, the information gain is calculated,
resulting in the acquisition of data. Once this is complete, the decision tree can be
generalized (Wibowo & Syahputra, 2022).

The calculation for entropy and information gain, in general, is as follows:

n
Entropy(S) = Z P;log2Pp;

i=1

Description:

S  =Set of cases

Pi = Proportion of S; against S

n = Number of S partitions
n

Gain(S,A) = E(S) %E(Si)

i=1

Description:

E = Entropy

S =Set of cases

A = Attribute

n = Number of partitions of attribute A

| Si| = Number of cases in i-th partition

| S| = Number of casesin S

10. K-Fold Cross Validation

K-fold cross-validation is a data testing method that divides data into
multiple parts. One part is designated as test data, and the rest are used for
training. This process is repeated k times, ensuring each part of the data is used

as test data once (Rismayani et al., 2023).
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Figure 6. Cross Validation
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11. Confusion Matrix

Confusion matrix is a type of table with a square matrix format. This table
can be used to determine the difference between the actual value and the
predicted value of a categorical variable (Baker, 2021; Rohman, 2021). As posited
by Jiawei Han and Gorunescu, the confusion matrix is derived during the
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training and testing phases to facilitate the determination of the accuracy of a
classification decision. (Indriyanto, 2021).

A confusion matrix is a statistical tool used to predict a categorical variable
in concise models, like statistical models or machine learning algorithms. The
result is classified into rows and columns, and cells at the intersection show the
frequency of true values.

Table 1. Confusion Matrix

. Prediction Class Result
Classification — -
Positive Negative
Positive TP FN
Actual Class -
Negative FP TN

According to Table I, the following four terms are present in the confusion
matrix (Rohman, 2021):

e True Positive (TP) is defined as the total actual data of positive classes that
are classified as positive classes in the dataset.

e  TrueNegative (TN) is defined as the total actual data of negative classes that
are classified as negative classes in the dataset.

o  False Positive (FP) is defined as the total actual data of negative classes that
are classified as positive classes in the dataset.

o  False Negative (FN) is defined as the total actual data of positive classes that
are classified as negative classes in the dataset.

The inaccuracy of the model in predicting outcomes can be elucidated
through the utilization of a confusion matrix. The values in the confusion matrix
can be used to evaluate the model in terms of accuracy, precision, recall, and F1-
score. Accuracy is defined as the extent to which a model can accurately classify
data. Precision is defined as the ratio of true positive (TP) predictions to the sum
of all positive predictions. Recall is defined as the ratio of True Positive (TP)
predictions to all true positive results. The Fl-score is defined as the harmonic
mean of precision and recall itself. (Indriyanto, 2021).

A _ TP +TN
CCUraY =Tp Y TN + FP + FN
procision — 17
recision = TP T FP
R Il = TP
CC = TP T EN
2(Precision)(Recall)
F1 — score =

Precision + Recall

METHODOLOGY

This research will entail a series of steps, each employing a distinct method,
as delineated below.
1. Data Collection

751



Saputra, Negara, Muhardi

752

The data utilized in this study is composed of sentence data extracted
from a collection of tweets that were retrieved via the Twitter API. The data
was collected based on English keywords frequently used in Jaksel
language (some of which are: which is, literally, honestly, in my opinion,
etc.) and Indonesian language selection in full tweets. Subsequently, the
data undergoes filtration to eliminate redundancy.

Text Preprocessing

The tweet data to be obtained is characterized by its raw and
unstructured nature. Consequently, the data must undergo a process
referred to as text preprocessing to ensure its transformation into structured
data, aligning with the requisite format for conducting research. A number
of the text preprocessing operations utilize regular expressions. The
utilization of regular expressions is imperative in the identification of a
string that serves to enhance the text string of the data to be processed.

The text preprocessing process employed in this research involves
several steps, including case folding, cleaning, parsing, and tokenizing.
Labeling

Subsequently, data that has undergone text preprocessing is assigned
labels based on the type of code mix, namely insertion, alternation, and
congruent lexicalization (Melansari et al., 2023).

Rule Pattern Determination

The text that has been labeled must be assured of its labeling by adding
a pattern to each word. Modified POS-Tagging provides patterns to each
word, which are manually verified to match the rules. In this particular case,
each word is assigned a linguistic tag, and the location of the word is
represented by another word.

pasang meja end of the year

[/ /1]

1INDO 2INDO 1ENGL 2ENGL 2ENGL 2ENGL
Figure 7. Rule patterns in the sample sentences of the Jaksel language

Description:
1 : The first word in a language
2 : The next word in a language

INDO : Indonesian word

ENGL : English word
Weighting

The application of the term frequency-inverse document frequency
(TF-IDF) method will be employed to assign a weight to each term. Initially,
the TF and IDF values are calculated separately. Subsequently, the two
values are multiplied to obtain the TF-IDF result. Furthermore, n-grams are
employed to ascertain the combination of patterns. In each scenario, three
types are employed: unigrams (n-gram = 1), bigrams (n-gram = 2), and
trigrams (n-gram = 3). The purpose of these calculations is to determine the
frequency of the input data. (Komputer, 2013).
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Classification

The present study will employ Support Vector Machine (SVM) and
Random Forest (RF) algorithms for the purpose of classification. A
comprehensive examination of numerous parameters will be conducted to
ascertain the most suitable parameters for each algorithm. These parameters
include, but are not limited to, the following:

Table 2. Grid Parameters Queried in Each Algorithm

No. Algorithm Parameter Used | Parameter Value of Interest
SVM Type SVM-C
Support Vector Kernel RBE
1 Machine
(SVM) Gamma 1-101 (10 Steps)
C 1-101 (10 Steps)
Criteria Entropy
Random Forest | Random State 42
? (RF) Total Trees 1-101 (10 Steps)
Depth Maximal 1-101 (10 Steps)
Testing

Subsequently, classified data will enter the testing phase. The objective
of this phase is to employ classified data as a performance measurement tool
to calculate the value of the classification results.

The research utilizes a testing method known as K-fold cross-
validation, where the number of folds is set at K = 10. This configuration is
referred to as 10-fold cross-validation. The training data is subjected to this
method, while the test data employs a confusion matrix.

In the testing scenario, 12 scenarios will be applied in this study,
including:

Table 3. Testing Scenario

Scenario | Algorithm Attributes Used Number of n-Grams
1 SVM Tag 1
2 SVM Tag + Text 1
3 SVM Tag 2
4 SVM Tag + Text 2
5 SVM Tag 3
6 SVM Tag + Text 3
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7 RF Tag 1
8 RF Tag + Text 1
9 RF Tag 2
10 RF Tag + Text 2
11 RF Tag 3
12 RF Tag + Text 3

However, the scenarios will be divided based on the utilization of
attributes to ensure equitable comparison of data between attributes,

yielding the following:
Table 4. Testing Scenario with Tag Attributes
Scenario | Algorithm Attributes Used Number of n-Grams
1 SVM Tag 1
3 SVM Tag 2
5 SVM Tag 3
7 RF Tag 1
9 RF Tag 2
11 RF Tag 3

Table 5. Testing Scenario with Tag + Text Attributes

Scenario | Algorithm Attributes Used Number of n-Grams
2 SVM Tag + Text 1
4 SVM Tag + Text 2
6 SVM Tag + Text 3
8 RF Tag + Text 1
10 RF Tag + Text 2
12 RF Tag + Text 3
RESEARCH RESULT

This section elucidates the findings of the research conducted, which
encompass the following.
1. Data Collection
The data is collected through the scraping of data from Twitter using
the RapidMiner application and Twitter API. The data set under
consideration consists of Indonesian tweets collected on August 1, 2022. The
search wutilizes English keywords that frequently appear in tweets
designated as the language of Jaksel.
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Leverage the Wisdom of Crowds to get operator recommendations based on your process design!

o Activate Wisdom of Crowds

Figure 8. Scraping tweets data

Text Preprocessing

The data that has been extracted is not yet suitable for use due to its
disorganized state. In order to prepare the data for further processing, it is
necessary to implement a data preprocessing step that will enhance the
structure of the data. Text preprocessing is facilitated by the utilization of
the Jupyter Lab application, which employs the Python programming
language. The text underwent several preprocessing steps, including
cleaning, case folding, parsing, and tokenizing.
Tagging and Labeling

Subsequently, the sorted data is tagged with modified POS-Tags and
incorrect tags. The tagged data is subsequently labeled with insertion,
alternation, and congruent lexicalization.
Data Execution

The data that has been labeled is executed using Google Colab, which
utilizes the Python programming language and several libraries, including
numpy, pandas, sklearn, and others, to run the functions available in the
library. These functions are then executed based on the research
methodology previously described above, which calculates the
performance of the classification.
Evaluation

The evaluation results are obtained by executing data with various pre-
prepared scenarios using cross validation on training data and a confusion
matrix on test data. The evaluation results are displayed with accuracy,
precision, recall, and f1-score benchmarks.

The outcomes of the training data evaluation are displayed in Tables 6
and 7, which utilize the "Tag" and "Tag + Text" attributes.

Table 6. Training Data Performance with Tag Attributes
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Scenario

Method

Training Data Performance (in %)

Accuracy

Precision

Recall

fl-score

SVM
Tag
1 n-Gram

91,98

92,82

91,98

91,92

SVM
Tag
2 n-Gram

97,38

97,40

97,38

97,38

SVM
Tag
3 n-Gram

96,74

96,75

96,74

96,74

RF
Tag
1 n-Gram

92,84

93,61

92,84

92,79

RF
Tag
2 n-Gram

97,23

97,25

97,23

97,23

11

RF
Tag
3 n-Gram

97,38

97,40

97,38

97,38

Table 7. Training Data Performance with Tag + Text Attributes

Scenario

Method

Training Data Performance (in %)

Accuracy

Precision

Recall

fl-score

SVM
Tag + Text
1 n-Gram

78,52

78,71

78,52

78,48

SVM
Tag + Text
2 n-Gram

91,09

91,45

91,09

91,16

SVM
Tag + Text
3 n-Gram

89,73

90,16

89,73

89,83

RF
Tag + Text
1 n-Gram

89,56

90,18

89,56

89,57

10

RF
Tag + Text
2 n-Gram

91,06

91,24

91,06

90,97
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12

RF
Tag + Text
3 n-Gram

91,36

91,56

91,36

91,31

In addition to the performance of the validated training data, the
evaluation results of the training data are shown in Tables 8 and 9, which
use the “Tag” and “Tag + Text” attributes.

Table 8. Testing Data Performance with Tag Attributes

Scenario

Method

Testing Data Performance (in %)

Accuracy

Precision

Recall

fl-score

SVM
Tag
1 n-Gram

91,11

92,04

91,11

91,04

SVM
Tag
2 n-Gram

97,33

97,33

97,33

97,33

SVM
Tag
3 n-Gram

96,44

96,44

96,44

96,44

RF
Tag
1 n-Gram

92,44

93,31

92,44

92,36

RF
Tag
2 n-Gram

96,67

96,68

96,67

96,67

11

RF
Tag
3 n-Gram

96,89

96,91

96,89

96,89

Table 9. Testing Data Performance with Tag + Text Attributes

Testing Data Performance (in %)
Scenario Method
Accuracy | Precision | Recall | fl-score
SVM
2 Tag + Text 78,89 79,29 78,89 78,89
1 n-Gram
SVM
4 Tag + Text 56,44 70,70 56,44 53,60
2 n-Gram
6 SVM 50,44 70,18 50,44 44,82
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Tag + Text
3 n-Gram
RF
8 Tag + Text 92,00 91,99 92,00 91,96
1 n-Gram
RF
10 Tag + Text 73,78 80,39 73,78 73,22
2 n-Gram
RF
12 Tag + Text 75,56 82,21 75,56 72,71
3 n-Gram

DISCUSSION
A multitude of analyses can be described in light of the research that has

been conducted. The following are some of the analyses that can be described:

1) In the vast majority of cases, there is an instance of overfitting. Overfitting
is a condition in which the data is initially trained to exhibit optimal
performance; however, when subsequently tested, its performance can
exhibit a decline. It is notable that the most substantial overfitting is
observed in scenarios 2 and 4, where the performance of the training data
validation results can exceed 89%, yet the performance of the test data,
particularly the accuracy, recall, and fl-score values, is below 57%. In
scenarios 1 and 8 with Tag + Text and the use of 1 n-Gram, overfitting does
not occur. The Support Vector Machine (SVM) algorithm demonstrates a
0.37% discrepancy in accuracy, 0.58 % in precision, 0.37 % in recall, and 0.41 %
in f1-score. The Random Forest (RF) algorithm exhibits a 90% training data
threshold, yet its performance on test data can exceed 91%.

2) A comparison of the performance results reveals that the training data and
test data exhibit identical accuracy and recall values. It is noteworthy that
certain performance results exhibit uniform values across various metrics,
such as accuracy, precision, recall, and F1-score. This uniformity is observed
in scenario 3, which demonstrates a 97.33% value, and scenario 5, which
exhibits a 96.44% value.

CONCLUSIONS AND RECOMMENDATIONS

A comprehensive analysis of extant research findings has yielded several
salient conclusions. First, the results of the data that has been trained and tested
demonstrate the optimal performance of the Random Forest algorithm in nearly
all scenarios. The optimal scenario for language tag data from sentences is the
Random Forest algorithm with three n-grams, which attained an accuracy value
of 97.38% on the training data. The same algorithm and method yielded accuracy
of 96.89% on the test data. The optimal Tag language and Text data scenario was
achieved through the Random Forest algorithm with 3 n-Gram, yielding 91.36%
accuracy on training data. The Support Vector Machine with 1 n-Gram algorithm
achieved 92% accuracy on test data.This finding indicates that the Random Forest
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algorithm is a more effective tool for classification in this particular study.
Second, the phenomenon of "overfitting" can lead to a decline in the performance
of training data relative to test data in a range of scenarios. This is particularly
evident in the Support Vector Machine algorithm, where significant overfitting
is observed.

The findings indicate that overfitting in both algorithms, particularly
Support Vector Machine and Random Forest, can lead to a decline in the
performance of test data relative to training data. Consequently, there have been
recommendations to enhance the application of this model by introducing or
removing features to mitigate the likelihood of overfitting. The text data has been
tagged semi-manually; therefore, further research is necessary to develop a
special library that facilitates automatic tagging. Furthermore, the development
of this model can be adapted for generic applications to implement future
research.

ADVANCED RESEARCH

Based on this research, several additions can be made for the future. First,
there should be a system that automatically detects language tags on words using
a library for labeling text data. Second, more varied methods should be used,
such as data acquisition, algorithms, and data processing. Finally, a generic
application of this research should be created to test it with data outside the scope
of the research.
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