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Abstract –   In suppressing the spread of 
COVID-19, the Indonesian government has 
established a PSBB policy or Large-Scale 
Social Restrictions. Many aspects and 
areas affected by the policy include 
education and offices. APJII or the 
Association of Indonesian Internet Service 
Providers explained that there was an 
increase in the number of internet users in 
Indonesia from last year's penetration of 
64% to 73.7%. One of the reasons for this 
increase was the COVID-19 pandemic. On 
the Twitter platform, they often find various 
kinds of public responses that they give 
about the services of the Internet Service 
Provider, both negative and positive. In this 
study, sentiment analysis was conducted to 
determine public opinion on the 
performance of Internet Service Providers. 
The method used is the Naïve Bayes 
classification algorithm and Support Vector 
Machine assisted by RapidMiner and 
Python tools. The experimental results 
show that the Support Vector Machine 
algorithm provides the highest accuracy 
values of 93% and 92% for the two data 
tested, both Indihome and Firstmedia. 

 
Keywords:  Internet, Naïve Bayes, Support 
Vector Machine, Algorithm, Sentiment 
 

 

I. INTRODUCTION 

In 2019, a new virus was discovered 
from Wuhan, China, namely the Corona 
virus (COVID-19). The wider the spread of 
this virus, including in Indonesia, has made 
the Indonesian government seek various 
ways to prevent the spread of this virus in 
Indonesia. One of the efforts made by the 
Indonesian government is to establish 
PSBB or Large-Scale Social Restrictions. 

With the enactment of the PSBB, 
there are many aspects and areas that are 
affected by the government's policy, 
including education and office activities. 
All schools including universities in 
Indonesia are closed, requiring students and 
students to be encouraged to study online 
from home and also many offices must 
implement the WFH (Work From Home) 
policy or work from home online. Since the 
enactment of the PSBB policy, making 
internet needs very important for workers, 
teachers, lecturers, students and students to 
support teaching and learning activities and 
office activities. 

APJII or the Association of 
Indonesian Internet Service Providers 
revealed through a survey that has been 
conducted, explaining that there is an 
increase in the number of internet users in 
Indonesia today from last year's penetration 
of 64.8% to 73.7%. One of the reasons for 
this increase was the COVID-19 pandemic. 
APJII also noted that the majority of 

https://lib.mercubuana.ac.id/
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internet users in Indonesia use Indihome 
and Firstmedia internet providers. (APJII, 
2020). 

The problem is, they often find 
various kinds of public responses that they 
put on Twitter regarding the services of the 
Internet Service Provider, both negative and 
positive. According to them, the services 
provided by the ISP are still considered 
unsatisfactory to their customers. Among 
them from internet speed, frequent 
technical problems, and so on. From the 
survey conducted by APJII and these 
problems, the authors found a solution by 
conducting research on sentiment analysis 
or public opinion on the services of the two 
providers, namely Indihome and 
Firstmedia. 

Sentiment analysis is a branch of 
science from text mining, natural language 
programs and artificial intelligence. 
Sentiment analysis itself or also commonly 
referred to as opinion mining is one part of 
text mining. The process of grouping the 
text contained in a word, sentence or 
document and then determining whether the 
opinion expressed in the sentence or 
document is positive or negative is called 
sentiment analysis (Putra Nuansa, 2017). 
This field conducts the study of people's 
opinions, sentiments, evaluations, behavior 
and emotions towards an entity such as 
products, services, organizations, 
individuals, problems, topics, events and 
their attributes (Prager, nd). 

It is hoped that later this research 
can help internet providers in responding to 
these problems and assist providers in 
evaluating the products and services they 
provide to their customers. 
 

II. METHODS 

 
This study uses a quantitative 

method where the data that has been 
collected is processed through the Twitter 
API using Rapid Miner tools. In this study, 
python and r tools were assisted to perform 

preprocessing and labeling on Google 
Colab. In this study, experiments were also 
conducted by comparing the performance 
of the Naïve Bayes classification algorithm 
and the Support Vector Machine to find out 
which algorithm has the best level of 
accuracy. The research flow is illustrated in 
Figure 1. Research Methodology. 

 

Figure 1. Research Methodology 

 The initial stage of this research is to 
prepare the Indihome and Firstmedia 
datasets. Dataset collection is done using 
Rapidminer tools taken through the Twitter 
API by entering relevant keywords 
according to the topic. The next stage is the 
preprocessing stage to clean the dataset that 
has been collected. In this study, the 
preprocessing stages carried out are 
cleansing, case folding, tokenization, 
stopword removal, stemming and remove 
duplicates. 
 After the preprocessing stage, the 
next step is the labeling stage to label the 
cleaned dataset. In this study, the labeling 
process was assisted by using the python 
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and r tools on Google Colab. Labeling the 
dataset is useful to simplify the 
classification process. 
 The next stage is the TF-IDF 
weighting. TF-IDF weighting is the process 
of assigning weights to each word 
contained in a document. At the TF-IDF 
weighting stage, it is carried out to convert 
data in the form of text into numbers so that 
it can be processed by a computer at the 
classification stage (Oyebode & Orji, 
2019). 
 The last stage is the classification 
process using the Naïve Bayes algorithm 
and the Support Vector Machine. Before the 
classification stage is carried out, the data is 
first divided into training data and test data. 
The training data is used for the learning 
process on the Naïve Bayes algorithm and 
Support Vector Machine. The next step is to 
use test data for the process of testing the 
Naïve Bayes classification model and 
Support Vector Machine.  
 In this study, the Support Vector 
Machine algorithm is used because it is 
suitable for text classification and how the 
algorithm works that can overcome outlier 
data. While the Naïve Bayes algorithm is 
suitable for text data because Nave Bayes 
uses the probability method, word 
opportunities appear. 

A. Dataset 

At this stage, data collection is 
carried out through the Twitter API using 
the Rapid Miner tools. The process carried 
out is to enter keywords that are relevant to 
the topic discussed. The author uses several 
keywords to collect related data, including 
“internet Indihome”, “koneksi Indihome”, 
“jaringan Indihome”, “pelayanan 
Indihome” and “provider Indihome” while 
for Firstmedia tweets using the keywords 
“internet Firstmediacares”, “koneksi 
Firstmediacares”, “jaringan 
Firstmediacares”, “pelayanan 
Firstmediacares” and “provider 
Firstmediacares”. From the tweets that have 

been collected, the data that has been 
collected is contained in table 1. Twitter 
data. 

Table 1. Twitter data 

Provider Tweets 

Indihome 14097 
Firstmedia 13798 

 
B. Preprocessing Data 

 Data preprocessing aims to clean 
datasets from raw data into ready-to-use 
data in order to facilitate the classification 
process into positive and negative. Data 
pre-processing is a data mining technique 
that involves transforming raw data into an 
easy-to-understand format. The data pre-
precossing step is needed to solve several 
types of problems including noisy data, data 
redundancy, missing data values, etc. 
(Syadid, 2019). The stages or steps carried 
out in this study consist of 5 steps, including 
cleansing, case folding, tokenization, 
stopword removal and stemming. The 
explanation of the steps taken: 

• Cleansing: Cleansing in this study 
aims to remove RT, username, 
hashtag, number and URL on tweets. 

Example of a tweet: Malem teh 
pengen santai maen game abis 
kuliah seharian. Ehhhh udah 2 jam 
internet mati. Gimana nih 
@IndiHome 
Cleansing result: Malem teh pengen 
santai maen game abis kuliah 
seharian. Ehhhh udah jam internet 
mati. Gimans nih? 

• Case folding: The text in tweets 
tends to have various types of 
writing, one of which is upper and 
lower case writing. The solution to 
this problem is to change the text in 
lowercase (Nur Habibi & Sunjana, 
2019). Case folding is used to make 
searching easier. Not all data are 
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consistent in the use of capital letters 
(Gunawan et al., 2018). 

Case folding results: malem teh 
pengen santai maen game abis 
kuliah seharian. ehhhh udah jam 
internet mati. gimana nih 

• Tokenization: Tokenization in this 
study aims to separate words in 
tweets into individual words (de 
Oliveira et al., 2020). The result of 
the word split will be represented as 
a token. 

Tokenization results: malem, teh, 
pengen, santai, maen, game, abis, 
kuliah, seharian, ehhhh, udah, jam, 
internet, mati, gimana, nih, 

• Stopword removal: at this stage the 
conjunction is removed. (Tineges et 
al., 2020). If there is a word that is 
not in the stopword list, it will be 
removed. A stopword is defined as a 
term that is irrelevant to the main 
subject of the database even though 
the word is often present in the 
document. The following are 
examples of stopwords in 
Indonesian: yang, juga, dari, dia, 
kami, kamu, aku, saya, ini, itu, atau, 
dan, pada, dengan, adalah, yaitu, ke, 
tak, tidak, di, pada, jika, maka, ada, 
pun, lain, saja, hanya, namun, 
seperti, kemudian, etc. (Syadid, 
2019). 

Stopword removal results: malem, 
teh, santai, maen, game, abis, kuliah, 
seharian, ehhhh, udah, jam, internet, 
mati, gimana, nih, 

• Stemming: this stage is using 
stemming to form the basic words of 
the tokenization process. This study 
uses a library provided by Python, 
namely the Sastrawi library. Words 
that appear in documents often have 
many morphological variants. 

Therefore, every word that is not 
stopwords is reduced to a suitable 
stemmed word (term). The word is 
stemmed to get its root form by 
removing the prefix or suffix. In this 
way, we get groups of words that 
have similar meanings but differ in 
syntactic form from one another. 
The group can be represented by one 
particular word. For example, the 
word menyebutkan, tersebut, 
disebut, can be said to be similar or 
a group and can be represented by a 
common word called sebut (Syadid, 
2019). 

Stemming results: malem, teh, 
santai, maen, game, abis, kuliah, 
hari, ehhhh, udah, jam, internet, 
mati, gimana, nih, 

• Remove Duplicate: this step is used 
to remove data that has duplicates. 

 
Figure 2. Firstmedia Preprocessing 
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Figure 3. Preprocessing Indihome 

 After doing the data preprocessing 
step, the preprocessed tweet data becomes 
2057 for Indihome tweets and 1949 for 
Firstmedia tweets, then stored in .csv 
format for labeling process. 

C. Labeling 

At this stage, the data that has been 
cleaned at the preprocessing stage is 
classified as positive and negative using the 
R language through Google Colab. The 
labeling of words is adjusted in the 
Indonesian dictionary which has been 
integrated in the Google Drive file. The 
Indonesian dictionary consists of 2 files 
stored in a .csv file consisting of a positive 
dictionary and a negative dictionary in 
Indonesian. 

Words that are labeled positive are 
words that are detected according to the 
positive dictionary, while words that are 
labeled negative are words that are detected 
according to the negative dictionary. Each 
detected word is given a score to assess the 
sentiment class. For positive words, it is 
given a value of 1 while for negative words 
it is given a value of -1. If there is a word 
that is not in the positive or negative 
dictionary, it is assigned a value of 0. 

Scoring is done by counting the 
number of points in each word in one 
sentence. If the value is >= 0 then it is 

labeled as a positive tweet sentiment, 
otherwise if the value is < 0 then it is labeled 
as a negative tweet sentiment. Sentiment 
tweets are assigned a value of 1 for positive 
classification and 0 for negative 
classification. The following is the data 
after the sentiment classification is given: 

Table 2 Automatic Labeling Value 

Provider Positive Negative 

Indihome 980 1076 
firstmedia 827 1121 

 
In this study, experiments were also 

carried out using manual labeling of the two 
datasets. Positive labels are tweets that have 
praise while negative tweets are in the form 
of harsh and sarcastic words. Here is the 
data using manual labeling: 

Table 3 Manual Labeling Value 

Provider Positive Negative 

Indihome 1496 560 
Firstmedia 1461 487 

Because there are unbalanced 
sentiments, resampling is carried out using 
a random method which is useful for 
balancing the data. The method used is to 
increase the most data, namely upsampling. 
The upsampling process is a resampling 
method by increasing the result of the 
minority value in proportion to the majority 
value. The following are the classification 
values after upsampling: 

Table 4 Automatic Labeling Resampling Value 

Provider Positive Negative 

Indihome 1076 1076 
firstmedia 1121 1121 

Table 5 Manual Labeling Resampling Value 

Provider Positive Negative 

Indihome 1496 1496 
firstmedia 1461 1461 
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D. TF-IDF Weighting 

 Word weighting is the process of 
assigning a weight to each word contained 
in a document. In searching for ranking 
information based on word frequency, one 
of the most popular methods is the TF IDF 
(Term Frequency - Inversed Document 
Frequency) method (Gunawan et al., 2018). 
The TF-IDF (Term Frequency - Inversed 
Document Frequency) method is a method 
of finding ranking information based on 
word frequency, and is one of the most 
frequently used methods (Gunawan et al., 
2018). 
 To find out how important a word 
represents a sentence, a weighting or 
calculation is carried out. The scoring in the 
TF-IDF is based on the frequency with 
which words appear in the document (Arsya 
Monica Pravina, Imam Cholissodin, 2019). 
TF-IDF presents word frequency scores, 
especially for words of interest, such as 
words that often appear in one document 
but not all documents (Ahuja et al., 2019). 

E. Classification Algorithm 

 This research uses the Support 
Vector Machine and Naïve Bayes 
classification algorithms. A job of assessing 
data objects to include them in a certain 
class from a number of available classes is 
called classification (Syadid, 2019). 
Support Vector Machine (SVM) is a 
relatively new technique for making 
predictions, both in the case of 
classification and regression. The 
classification concept with the Support 
Vector Machine is to find the best 
hyperplane that functions as a separator of 
two data classes. The Support Vector 
Machine algorithm works by optimally 
separating data using hyperplane distance 
measurements from the nearest point rather 
than looking for the maximum point to 
maximize the distance between class labels 
based on class membership limit 
measurements (Ramayanti & Salamah, 
2018). Furthermore, this method can be 

used as a reliable method in solving data 
classification problems, the problem is 
solved by solving the Lagrangian equation 
which is a dual form of Support Vector 
Machine through quadratic programming 
(Fiska, 2017). The Support Vector Machine 
itself has the basic principle of a linear 
classifier, namely classification cases that 
can be separated linearly (Fitri, 2020). The 
Support Vector Machine is also able to 
work on high-dimensional datasets using 
kernel tricks (Rofiqoh et al., 2017). The 
Support Vector Machine itself has the basic 
principle of a linear classifier, namely 
classification cases that can be separated 
linearly (Fitri, 2020). The Support Vector 
Machine is also able to work on high-
dimensional datasets using kernel tricks 
(Rofiqoh et al., 2017). The Support Vector 
Machine itself has the basic principle of a 
linear classifier, namely classification cases 
that can be separated linearly (Fitri, 2020). 
The Support Vector Machine is also able to 
work on high-dimensional datasets using 
kernel tricks (Rofiqoh et al., 2017). 
 Naïve Bayes Classifier is a data 
mining algorithm learning technique that 
utilizes probability and statistical methods. 
Naïve Bayes Classifier in classifying there 
are two important processes, namely 
learning (training) and testing (AFSHOH, 
2017). The Naive Bayes classification 
algorithm according to quoting is an 
algorithm used to find the highest 
probability value to classify test data in the 
most appropriate category, Bayesian 
classifier has higher accuracy and speed, 
especially when applied to large datasets 
(Juanita, 2020). Naïve Bayes is one of the 
data mining algorithms that is easy to use 
and has a fast processing time, is easy to 
implement with a fairly simple structure 
and has a high level of effectiveness 
(Antinasari et al., 2017). 
 

III. RESULTS AND DISCUSSION 
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In this study, the authors conducted 
experiments on two operator case studies, 
namely Indihome and Firstmedia. 
Experiments were carried out using two 
algorithms, namely Support Vector 
Machine and Naïve Bayes. There are three 
scenarios where the percentage of data is 
divided. The distribution of data 
presentation is the separation of training 
and testing data based on the percentage, for 
example 90%: 10% means 90% is training 
data and 10% is testing data. In this study, 
the percentage distribution was divided into 
three experimental scenarios, namely the 
first experiment using data sharing of 90%: 
10%, the second experiment using data 
sharing of 80%: 20% and the third 
experiment using data sharing of 70%: 
30%. This study also compares the accuracy 
values carried out using the manual labeling 
method and the automatic labeling method. 
 The accuracy of each scenario can 
be different, because the model that has 
been formed is evaluated and tested using 
the concept of a confusion matrix. The 
formula used in determining accuracy is: 

Accuracy = (TP + TN) / (TP + FP + TN + 
FN) * 100 

TP = True Positive 
TN = True Negative 
FP = False Positive 
FN  = False Negative 

The results of the model 
performance using the automatic labeling 
method and data sharing or percentage split 
90% : 10% that the Indihome case study has 
an accuracy value of 86% for the SVM 
algorithm and 83% for the Naïve Bayes 
algorithm. Meanwhile, the Firstmedia case 
study has an accuracy value of 89% for the 
SVM algorithm and 88% for the Naïve 
Bayes algorithm. The following are the 
results of the percentage split performance 
of 90%: 10%. 

 
Figure 4. SVM Indihome Split 90:10 Automatic 

Labeling 

 
Figure 5. Naïve Bayes Indihome Split 90:10 

Automatic Labeling 

 
Figure 6. Naïve Bayes Firstmedia Split 90:10 

Automatic Labeling 

 
Figure 7. SVM Firstmedia Split 90:10 Automatic 

Labeling 

 The results of the model 
performance using the automatic labeling 
method and data sharing or percentage split 
80% : 20% that the Indihome case study has 
an accuracy value of 90% for the SVM 
algorithm and 84% for the Naïve Bayes 
algorithm. Meanwhile, the Firstmedia case 
study has an accuracy value of 92% for the 
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SVM algorithm and 91% for the Naïve 
Bayes algorithm. The following are the 
results of the 80% : 20% percentage split 
performance. 

 
Figure 8. SVM Indihome Split 80:20 Automatic 

Labeling 

 
Figure 9. Naïve Bayes Indihome Split 80:20 

Automatic Labeling 

 
Figure 10. SVM Firstmedia Split 80:20 Automatic 

Labeling 

 
Figure 11. Naïve Bayes Firstmedia Split 80:20 

Automatic Labeling 

 The results of the model 
performance using the automatic labeling 
method and data sharing or percentage split 
70% : 30% that the Indihome case study has 

an accuracy value of 86% for the SVM 
algorithm and 83% for the Naïve Bayes 
algorithm. Meanwhile, the Firstmedia case 
study has an accuracy value of 90% for the 
SVM algorithm and 88% for the Naïve 
Bayes algorithm. The following are the 
results of the 70% : 30% percentage split 
performance. 

 
Figure 12. SVM Indihome Split 70:30 Automatic 

Labeling 

 
Figure 13. Naïve Bayes Indihome Split 70:30 

Automatic Labeling 

 
Figure 14. SVM Firstmedia 70:30 Automatic 

Labeling 

 
Figure 15. Naïve Bayes Firstmedia 70:30 

Automatic Labeling 
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The results of the model 
performance using the manual labeling 
method and data sharing or percentage split 
90% : 10% that the Indihome case study has 
an accuracy value of 88% for the SVM 
algorithm and 81% for the Naïve Bayes 
algorithm. Meanwhile, the Firstmedia case 
study has an accuracy value of 91% for the 
SVM algorithm and 84% for the Naïve 
Bayes algorithm. The following are the 
results of the 90% : 10% percentage split 
performance. 

 
Figure 16. SVM Indihome Split 90:10 Manual 

Labeling 

 
Figure 17. Naïve Bayes Indihome Split 90:10 

Manual Labeling 

 
Figure 18. Naïve Bayes Firstmedia Split 90:10 

Labeling Manual 

 
Figure 19. SVM Firstmedia Split 90:10 Manual 

Labeling 

The results of the model 
performance using manual labeling 
methods and data sharing or percentage 
split 80% : 20% that the Indihome case 
study has an accuracy value of 89% for the 
SVM algorithm and 84% for the Naïve 
Bayes algorithm. Meanwhile, the 
Firstmedia case study has an accuracy value 
of 93% for the SVM algorithm and 85% for 
the Naïve Bayes algorithm. The following 
are the results of the 80% : 20% percentage 
split performance. 

 
Figure 20. SVM Indihome Split 80:20 Manual 

Labeling 

 
Figure 21. Naïve Bayes Indihome Split 80:20 

Labeling Manual 
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Figure 22. Naïve Bayes Firstmedia Split 80:20 

Labeling Manual 

 
Figure 23. SVM Firstmedia Split 80:20 Labeling 

Manual 

The results of the model 
performance using manual labeling 
methods and data sharing or percentage 
split 70% : 30% that the Indihome case 
study has an accuracy value of 88% for the 
SVM algorithm and 81% for the Naïve 
Bayes algorithm. Meanwhile, the 
Firstmedia case study has an accuracy value 
of 89% for the SVM algorithm and 82% for 
the Naïve Bayes algorithm. The following 
are the results of the 70% : 30% percentage 
split performance. 

 
Figure 24. SVM Indihome Split 70:30 Manual 

Labeling 

 
Figure 25. Naïve Bayes Indihome Split 70:30 

Labeling Manual 

 
Figure 26. Naïve Bayes Firstmedia Split 70:30 

Labeling Manual 

 
Figure 27. SVM Firstmedia Split 70:30 Manual 

Labeling 
 

IV. CONCLUSION 
 

The results of this study are 
experiments using the Support Vector 
Machine algorithm have the highest 
accuracy values in the three percentage split 
experimental scenarios on the two data 
models tested, namely Indihome and 
Firstmedia using automatic and manual 
labeling. The results of the discussion are 
summarized in the following table: 

Table 6 Comparison of Automatic Labeling 
Accuracy 

Test 
Indihome Firstmedia 

SVM NB SVM NB 

90:10 86% 83% 89% 88% 
80:20 90% 84% 92% 91% 
70:30 86% 83% 90% 88% 
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Table 7 Comparison of Manual Labeling Accuracy 

Test 
Indihome Firstmedia 

SVM NB SVM NB 

90:10 88% 81% 91% 84% 
80:20 89% 84% 93% 85% 
70:30 88% 81% 89% 82% 

 
From the following table, it is 

concluded that experiments using manual 
labeling are more representative in 
determining data classes. The 80:20 
percentage split model has the best accuracy 
value on the data tested by both Indihome 
and Firstmedia with an accuracy value of 
90% and 92% in the automatic labeling 
experiment and 89% and 93% in the manual 
labeling experiment. The proportion of 
80:20 data from the training and testing 
datasets has better results because it 
provides an evaluation value that is close to 
balance after the tuning process. This 
experiment shows that the greater the 
number of training datasets, the better the 
evaluation value will be obtained because 
there will be a lot of learning processes that 
occur in the training dataset. So it can be 
concluded that the 80:20 percentage split 
model using the Support Vector Machine 
algorithm is the best experimental scenario 
in this study. 
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KERTAS KERJA 

Ringkasan 

 

Kertas kerja ini merupakan material kelengkapan artikel jurnal yang telah terlampir 

sebelumnya dengan judul “Analisis Sentimen Mengenai Pelayanan Internet Service 

Provider di Indonesia Pada Media Sosial Dengan Membandingkan Hasil Kinerja 

Algoritma Klasifikasi Naïve Bayes dan Support Vector Machine”. Kertas kerja ini 

berisi semua material hasil penelitan Tugas Akhir. Di dalam kertas kerja ini 

disajikan beberapa bagian yang terdiri dari literature review, dataset yang 

digunakan, tahapan eksperimen, dan hasil eksperimen secara keseluruhan. 

Bagian I membahas mengenai literature review yang berisi artikel jurnal 

sebelumnya yang menjadi dasar atau landasan dalam penelitian ini. Bagian II 

menjelaskan tentang source code yang digunakan pada penelitian ini. Bagian III 

menjelaskan mengenai dataset yang digunakan. Bagian IV memuat tahapan 

eksperimen yang disajikan dalam gambar beserta penjelasan dari tiap tahapan. 

Bagian V merupakan bagian terakhir dari kertas kerja ini yang menjelaskan hasil 

keseluruhan dari eksperimen yang telah dilakukan, meliputi penjelasannya. 
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