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Introduction  

The online learning process is one way to overcome the problems of the 2019 COVID pandemic and distance 

learning [1]. However, online learning raises problems such as the absence of devices owned by students to implement 

this learning system [2]. The pros and cons related to online learning have been widely raised, both in media such as 

television and social media such as Twitter. Twitter is a social networking service that allows users to send text, 

images and videos called tweets [3]. Many researchers have studied tweets written on Twitter using both sentiment 

analysis [4] and Social Network Analysis (SNA) [5]. 

This study applies sentiment analysis to examine tweets. Sentiment analysis is a type of natural language 

processing [6]. This analysis examines the context to identify information from data sources [7]. By employing, 

sentiment analysis, artificial intelligence can understand the emotions of a brand, product or even a certain social 

situation [8], [9]. Previous research conducted sentiment analysis using several algorithms such as Naïve Bayes [10], 

Adaboost [11], Support Vector Machine (SVM) [12], KNN [13], Decision Tree [14], etc. 

This research applies the SVM algorithm. In classification modeling, SVM has a more mature and clearer concept 

mathematically compared to other classification techniques [15]. This technique can also solve classification and 

regression problems with linear and nonlinear [16]. In addition, SVM has a high level of accuracy. Research conducted 

by [17] in a classification experiment using the SVM algorithm with the Radial Basis Function (RBF) kernel obtained 

an accuracy of 88%. Another research that analyzed reviews on restaurants using the SVM technique obtained the 

highest accuracy of 79%. Furthermore, [18] conducted a comparison of the kernels on SVM, namely RBF, Linear, 

and Multinomial and produced that SVM with the Linear kernel obtained the highest accuracy of 85.6%. 
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Abstract  

The pros and cons regarding online learning has been a hot topic in society, both on social media and in the real world. Indonesian 

netizens still post opinions about online learning on social media such as Twitter. This study aims to analyze public comments to 

determine whether the trend of the comments is positive, negative, or neutral. The classification of netizen opinions is called 

sentiment analysis. This study applies 2 ways of carrying out sentiment analysis. The first stage employs the SVM algorithm with 

data labeling automatically obtained from the Emprit Academy drone portal while the second stage is still using the SVM 

algorithm but the data labeling with lexicon-based method. The results of this study are comparisons of labels obtained 

automatically from the drone Emprit Academy portal and labeling using lexicon based. The SVM algorithm obtains an accuracy 

of 90%, while the use of lexicon-based increases the accuracy value by 5% to 95%. It can be concluded that labeling data using a 

lexicon-based method can improve the accuracy of the SVM algorithm. 
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Based on some of these researches, this study will use the SVM algorithm with the linear kernel. This study applies 

2 classification methods, namely data classification on the Drone Emprit Academy (DEA) portal and the lexicon-

based method. The lexicon-based method is an approach in sentiment analysis that uses a dictionary or lexicon that 

contains a list of words with associated sentiment values [19]. This method aims to identify and assess the sentiments 

in the text by matching the words found in the text with the sentiment dictionary [20]. The result of this study is a 

comparison of the classifications produced by the DEA portal and the lexicon-based method. 

Methods  

Research methodology is a sequence in conducting research that is intended to prepare research more conceptual 
and well directed according to the research objectives in order to produce a system that has been tested and in turn may 
solve the problems. The flow or steps to be applied in this study can be seen in the following Figure 1. 

 

Figure 1. Research Stages 

A. Data Collection 

The data collection process was carried out by accessing the DEA portal of Universitas Islam Indonesia, a system 

capable of monitoring and analyzing social media on various online platforms based on Artificial Intelligence (AI) 

technology and Natural learning process (NLP). The data obtained was 1225 tweets in Indonesian language which 

were then divided into training and testing data with a ratio of 80%:20% respectively. All Twitter data is downloaded 

and stored in the .xlxs document for further processing. Figure 2 is Twitter data stored in .csv format. 

 
Figure 2. Tweets data in.csv format 

This data has not gone through the pre-processing process so it is still mixed with other characters attached to the 

data. The type of data in this study is quantitative data obtained within 13 months from March 2021 to April 2022. 

The proportion of data for data testing and training is 20% and 80% respectively. The training data will be used to 

train the algorithm in determining the appropriate model. 

B. Data Labelling Applying Lexicon-based Method  

Data labelling stages play an important role in the classification process because this research uses an approach at 

the word level where the data processed is the word to obtain sentiment scores. The lexicon dictionary used in this 
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study is the InSet lexicon dictionary [21] which contains a list of words that contain both positive and negative 

sentiment and already has a weight of value for each word. The dictionary consists of 3609 positive and 6609 negative 

words. This research adds a few words related to the topic of Online College. 

 

 

Figure 3. Display of inset Lexicon Dictionary 

Figure 3 shows the determination of labels for each word; positive, neutral or negative words. The next stage was 

the process of weighing each word in the preprocessed data using the InSet lexicon dictionary. Figure 4 portraits the 

results of the adjustment process in the InSet lexicon dictionary with preprocessing data. 

 
Figure 4. Weighing Result 

The weighting results are used to calculate the number of positive, neutral, and negative words. If the number of 

positive words is greater than the number of negative words, the sentiment label is positive (score 1); if the number of 

positive words is less than the number of negative words, the sentiment label is negative (score -1); and if the number 

of positive words equal to the number of negative words, the sentiment label is neutral (score 0). After carrying out 

the weighting, the next step is to conduct the lexicon-based addition process. Figure 5 is the result of the classification 

process. 

 
Figure 5. Result of Lexicon-Based Classification  

Figure 5 shows the results of testing the Python programming using training data. These results indicate that the 

highest public opinion data is for the negative sentiment class, followed by the positive sentiment class, and finally 

the neutral sentiment class. 
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C. Preprocessing 

There are several steps to be carried out in the Preprocessing stage, namely case folding and cleansing, tokenization, 

normalization, removal of stop words, and stemming. The purpose of the preprocessing stage is to eliminate problems 

that can interfere with the results of data processing. 

1. Case folding dan Cleaning 

Furthermore, the test data and training data were processed in the case folding stage where the data in the form of 

letter characters will be converted to lowercase. The data from the document cleansing process that has been acquired 

is cleaned from characters such as html, hashtags, username (@username), punctuation marks such as (. , ? ! [ ] / % : 

; < > ( ) *)), numbers (0, 1,2,3,4,5,6,7,8,9,0), and other characters besides the alphabet. The purpose of the cleaning 

process is to reduce noise. This stage is very important to obtain valid data to be processed at a later stage [23]. Table 

1 displays the results of tweet comment data with the keywords of perkuliahan daring, online lectures, and kuliah 

daring that have undergone case folding and cleaning processes. 

Table 1. Results of Case folding and Cleaning Process 

No. Before Case Folding and Cleaning Process After Case Folding and Cleaning Process 

1 beneran, saya kuliah di UT, IP saya lumayan bagus 

Alhamdulillah, dan ya ngomongnya begini, bodoh 

banget, makin saya pamer IP, bikin mata pedih terus‚ 
Diperkirakan kuliah penuh online tanpa stres 

beneran saya kuliah di ut ip saya lumayan bagus 

alhamdulillah dan ya ngomongnya begini bodoh banget 

makin saya pamer ip bikin mata pedih terus‚ 
diperkirakan kuliah penuh online tanpa stres 

2 Kenapa hanya saat kuliah online saja mata kuliah 
tertentu bermasalah (sinyalnya laptop), dan hanya mata 

kuliah itu saja, yang lain tidak? 

kenapa hanya saat kuliah online saja mata kuliah 
tertentu bermasalah sinyalnya laptop dan hanya mata 

kuliah itu saja yang lain tidak  

3 Bersyukur sekali bukan, waktu awal masuk kuliah online 

banyak kendala dan yang pertama kuliah b.indo lalu ada 

kendala kebetulan belum ada lesnya jadi saya 

berinisiatif untuk ngobrol sama dosennya justru status 
sebagai mahasiswa baru membuatnya tertekan untuk 

mengatasinya 

bersyukur sekali bukan waktu awal masuk kuliah online 

banyak kendala dan yang pertama kuliah bindo lalu ada 

kendala kebetulan belum ada lesnya jadi saya 

berinisiatif untuk ngobrol sama dosennya justru status 
sebagai mahasiswa baru membuatnya tertekan untuk 

mengatasinya 

4 Sore ini saya pergi ke apotik untuk membeli obat batuk 

dan pilek yang tidak terkontrol, disitu saya bertemu ibu-

ibu yang baru datang dan minta cepat karena katanya 

anaknya mau belajar online tapi batuk dan pileknya 
belum sembuh, keadaannya ada aku yang duluan. 

sore ini saya pergi ke apotik untuk membeli obat batuk 

dan pilek yang tidak terkontrol disitu saya bertemu ibu-

ibu yang baru datang dan minta cepat karena katanya 

anaknya mau belajar online tapi batuk dan pileknya 
belum sembuh keadaannya ada aku yang duluan 

5 Setelah sekian bulan purnama, kita ketemu offline lagi 
dengan anak kampus yang belajar online 

https://t.co/khk8xG68IZ 

setelah sekian bulan purnama kita ketemu offline lagi 
dengan anak kampus yang belajar online 

 

2. Tokenization 

The tokenization process is the stage where the data which was originally in the form of a description is broken 

down into words. The tokenization process is to separate words from a sentence comment by marking (,) as a separator 

for each word [24]. The results of the tweet comment data that have gone through the case folding and cleansing 

process will be tokenized. Data resulted from Tokenization process is presented in Table 2. 

Table 2. Results of Tokenization Process 

No. Before Tokenization Process After Tokenization Process 
1 beneran saya kuliah di ut ip saya lumayan bagus 

alhamdulillah dan ya ngomongnya begini bodoh banget 

makin saya pamer ip bikin mata pedih terus‚ 

diperkirakan kuliah penuh online tanpa stres 

beneran saya kuliah di ut ip saya lumayan bagus 

alhamdulillah dan ya ngomongnya begini bodoh banget 

makin saya pamer ip bikin mata pedih terus‚ 

diperkirakan kuliah penuh online tanpa stres 

2 kenapa hanya saat kuliah online saja mata kuliah 

tertentu bermasalah sinyalnya laptop dan hanya mata 
kuliah itu saja yang lain tidak  

kenapa hanya saat kuliah online saja mata kuliah 

tertentu bermasalah sinyalnya laptop dan hanya mata 
kuliah itu saja yang lain tidak 

3 bersyukur sekali bukan waktu awal masuk kuliah online 
banyak kendala dan yang pertama kuliah bindo lalu ada 

kendala kebetulan belum ada lesnya jadi saya 

berinisiatif untuk ngobrol sama dosennya justru status 
sebagai mahasiswa baru membuatnya tertekan untuk 

mengatasinya 

bersyukur sekali bukan waktu awal masuk kuliah online 
banyak kendala dan yang pertama kuliah bindo lalu ada 

kendala kebetulan belum ada lesnya jadi saya 

berinisiatif untuk ngobrol sama dosennya justru status 
sebagai mahasiswa baru membuatnya tertekan untuk 

mengatasinya 

4 sore ini saya pergi ke apotik untuk membeli obat batuk 

dan pilek yang tidak terkontrol disitu saya bertemu ibu-

ibu yang baru datang dan minta cepat karena katanya 

anaknya mau belajar online tapi batuk dan pileknya 
belum sembuh keadaannya ada aku yang duluan 

sore ini saya pergi ke apotik untuk membeli obat batuk 

dan pilek yang tidak terkontrol disitu saya bertemu ibu-

ibu yang baru datang dan minta cepat karena katanya 

anaknya mau belajar online tapi batuk dan pileknya 
belum sembuh keadaannya ada saya yang duluan 
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No. Before Tokenization Process After Tokenization Process 

5 setelah sekian bulan purnama kita ketemu offline lagi 
dengan anak kampus yang belajar online 

setelah sekian bulan purnama kita ketemu offline lagi 
dengan anak kampus yang belajar online 

 

3. Word Normalization 

Lexical normalization is the process of transforming tokens into a canonical form consistent with the dictionary 

and grammar. These tokens include words that are misspelt or intentionally shortened (elisions) due to character limit 

in case of Twitter [25]. For example, the word “bgs” is transformed into “bagus”. Table 3 shows the normalized data. 

Table 3. Results of Data Normalization 

No. Before Normalization After Normalization 

1 beneran saya kuliah di ut ip saya lumayan bagus 

alhamdulillah dan ya ngomongnya begini bodoh banget 

makin saya pamer ip bikin mata pedih terus‚ diperkirakan 
kuliah penuh online tanpa stres 

[beneran, saya, kuliah, di, ut, ip, saya, lumayan, bagus, 

alhamdulillah, dan, ya, ngomongnya, begini, bodoh, 

banget, makin, saya, pamer, ip, bikin, mata, pedih, terus, 
diperkirakan, kuliah, penuh, online, tanpa, stres] 

2 kenapa hanya saat kuliah online saja mata kuliah tertentu 
bermasalah sinyalnya laptop dan hanya mata kuliah itu 

saja yang lain tidak 

[kenapa, hanya, saat, kuliah, online, saja, mata, kuliah, 
tertentu, bermasalah, sinyalnya, laptop, dan, hanya, 

mata, kuliah, itu, saja, yang, lain, tidak] 

3 bersyukur sekali bukan waktu awal masuk kuliah online 

banyak kendala dan yang pertama kuliah bindo lalu ada 

kendala kebetulan belum ada lesnya jadi saya berinisiatif 

untuk ngobrol sama dosennya justru status sebagai 
mahasiswa baru membuatnya tertekan untuk 

mengatasinya 

[bersyukur, sekali, bukan, waktu, awal, masuk, kuliah, 

online, banyak, kendala, dan, yang, pertama, kuliah, 

bindo, lalu, ada, kendala, kebetulan, belum, ada, lesnya, 

jadi, saya, berinisiatif, untuk, ngobrol, sama, dosennya, 
justru, status, sebagai, mahasiswa, baru, membuatnya, 

tertekan, untuk, mengatasinya] 

4 sore ini saya pergi ke apotik untuk membeli obat batuk 

dan pilek yang tidak terkontrol disitu saya bertemu ibu-

ibu yang baru datang dan minta cepat karena katanya 

anaknya mau belajar online tapi batuk dan pileknya 
belum sembuh keadaannya ada saya yang duluan 

[sore, ini, saya, pergi, ke, apotik, untuk, membeli, obat, 

batuk, dan, pilek, yang, tidak, terkontrol, disitu, saya, 

bertemu, ibu-ibu, yang, baru, datang, dan, minta, cepat, 

karena, katanya, anaknya, mau, belajar, online, tapi, 
batuk, dan, pileknya, belum, sembuh, keadaannya, ada, 

saya, yang, duluan] 

5 setelah sekian bulan purnama kita ketemu offline lagi 

dengan anak kampus yang belajar online 

[setelah, sekian, bulan, purnama, kita, ketemu, offline, 

lagi, dengan, anak, kampus, yang, belajar, online]

  

4. Stop words removal 
Stop words removal is a stage of removing meaningless common words [26]. The results of normalized tweet 

comment data will go through the stop words removal process. In this process, the common words that are discarded 
are those in accordance to the KBBI. Table 4 shows comment data that has undergone the Stop words removal process. 

Table 4. Results of Stopwords Removal Process 

No. Before stop words removal After stop words removal 
1 [beneran, saya, kuliah, di, ut, ip, saya, lumayan, bagus, 

alhamdulillah, dan, ya, ngomongnya, begini, bodoh, 

banget, makin, saya, pamer, ip, bikin, mata, pedih, terus, 

diperkirakan, kuliah, penuh, online, tanpa, stres] 

beneran kuliah ut ip lumayan bagus alhamdulillah ya 

ngomongnya bodoh banget pamer ip bikin mata pedih 

terus‚ kuliah penuh online stres  

2 [kenapa, hanya, saat, kuliah, online, saja, mata, kuliah, 

tertentu, bermasalah, sinyalnya, laptop, dan, hanya, mata, 
kuliah, itu, saja, yang, lain, tidak] 

kuliah online mata kuliah bermasalah sinyalnya laptop 

mata kuliah 

3 [bersyukur, sekali, bukan, waktu, awal, masuk, kuliah, 
online, banyak, kendala, dan, yang, pertama, kuliah, 

bindo, lalu, ada, kendala, kebetulan, belum, ada, lesnya, 

jadi, saya, berinisiatif, untuk, ngobrol, sama, dosennya, 

justru, status, sebagai, mahasiswa, baru, membuatnya, 
tertekan, untuk, mengatasinya] 

bersyukur masuk kuliah online kendala kuliah bindo 
kendala lesnya berinisiatif ngobrol dosennya status 

mahasiswa membuatnya tertekan mengatasinya 

4 [sore, ini, saya, pergi, ke, apotik, untuk, membeli, obat, 
batuk, dan, pilek, yang, tidak, terkontrol, disitu, saya, 

bertemu, ibu-ibu, yang, baru, datang, dan, minta, cepat, 

karena, katanya, anaknya, mau, belajar, online, tapi, 

batuk, dan, pileknya, belum, sembuh, keadaannya, ada, 
saya, yang, duluan] 

sore pergi apotik membeli obat batuk pilek terkontrol 
disitu bertemu ibu-ibu cepat anaknya belajar online batuk 

pileknya sembuh keadaannya duluan 

5 [setelah, sekian, bulan, purnama, kita, ketemu, offline, 
lagi, dengan, anak, kampus, yang, belajar, online]

  

sekian purnama ketemu offline anak kampus belajar 
online 
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5. Stemming 

The stemming process is turning words into basic words by removing affixes such as prefixes, infixes, suffixes 

and conflixes (combinations of prefixes and suffixes) in derived words that are matched with KBBI [27]. This process 

is the final process of the preprocessing stage. At this stage, each word is converted into a basic word that is adjusted 

to KBBI. Table 5 shows the results of the tweet comment data that have undergone the Stemming process. The 

stemming process in this study applied literature in natural language and text processing to help analyze Indonesian 

texts more effectively. Literature technique provides a variety of features including word trimming, lower case 

conversion, and etc. This algorithm is very useful in text classification, opinion mining, information extraction, and 

other tasks that involve processing Indonesian [28]. 

Table 5. Results of Stemming Process 

No. Before After 

1 beneran kuliah ut ip lumayan bagus alhamdulillah ya 
ngomongnya bodoh banget pamer ip bikin mata pedih 

terus‚ kuliah penuh online stres  

beneran kuliah ut ip lumayan bagus alhamdulillah ya 
ngomong bodoh banget pamer ip bikin mata pedih terus 

kuliah penuh online stres 

2 kuliah online mata kuliah bermasalah sinyalnya laptop 

mata kuliah 

kuliah online mata kuliah masalah sinyal laptop mata 

kuliah 

3 bersyukur masuk kuliah online kendala kuliah bindo 

kendala lesnya berinisiatif ngobrol dosennya status 

mahasiswa membuatnya tertekan mengatasinya 

syukur masuk kuliah online kendala kuliah bindo 

kendala les inisiatif ngobrol dosen status mahasiswa 

buat tekan atas 

4 sore pergi apotik membeli obat batuk pilek terkontrol 

disitu bertemu ibu-ibu cepat anaknya belajar online 

batuk pileknya sembuh keadaannya duluan 

sore pergi apotik beli obat batuk pilek kontrol situ temu 

ibu cepat anak ajar online batuk pilek sembuh ada 

duluan 

5 sekian purnama ketemu offline anak kampus belajar 

online 

sekian purnama ketemu offline anak kampus ajar online 

D. Calculating Term Frequency-Inserve Document Frequency 

Term Frequency-Inserve Document Frequency (TF-IDF) is the number of selected word frequencies/number of 

words. An example of the TF calculation can be seen in Figure 6. This study employed the TF-IDF vectorizer from 

the sklearn library. Following is the implementation of the TF-IDF vectorizer. After implementing the TF-IDF 

Vectorizer, the frequency or weight of each tweet comment data will be generated. The following is the weight that 

has been generated through the TF-IDF process. 

 

Figure 6. Data Generated from TF-IDF Process 

Equation 1 is the formula to calculate the IDF: 

𝑖𝑑𝑓 = 𝑙𝑜𝑔 
1 + 𝑛

1 + 𝑑𝑓
 + 1 (1) 

The calculation from the formula above is the log of one plus number of documents divide by one plus document 

frequency, and the result is plus one. Formula to calculate the IDF is Log (n/df), for the word of “syukur”, the 

calculation is given as follows: 

𝐿𝑂𝐺 (
5 + 1

1 + 1
) +  1 =  1,477121255. 

Table 6 displays all the results of IDF calculation. 
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Table 6. Calculation of IDF 

Word 
IDF 

Log (n/df) 

syukur LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

masuk LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

kuliah LOG(( 5 + 1 ) / ( 3 + 1 )) + 1 = 1,176091259 

online LOG(( 5 + 1 ) / ( 5 + 1 )) + 1 = 1 

kendala LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

bindo LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

les LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

inisiatif LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

ngobrol LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

dosen LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

status LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

mahasiswa LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

buat LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

tekan LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

atas LOG(( 5 + 1 ) / ( 1 + 1 )) + 1 = 1,477121255 

 

The calculation of TF-IDF is a step of classification process applying SVM method. The number of frequencies 

for each word influences the next classification process. Formula to calculate TF-IDF is given as follow Equation 2. 

𝑇𝐹 − 𝐼𝐷𝐹 = 𝑡𝑓𝑖𝑗  × 𝑙𝑜 𝑔 (
𝐷

𝑑𝑓𝑗
) (2) 

Calculation was performed by multiplying the TF matrix value by the log division result of D with the row value 

of DF. The following is an example of a TF-IDF calculation: 

1 ×  1,47712125 =  1,47712125 

The TF-IDF of K1 to K5 from the preprocessing results can be seen in the following Table 7.  

Table 7. Calculation of TF-IDF 

word 
TF-IDF  

K1 K2 K3 K4 K5 

syukur 0 0 1,47712125 0 0 

masuk 0 0 1,47712125 0 0 

kuliah 
2 ×  1,176091259 
=  2,352182518 

3 𝑥 1,176091259 
=  3,528273777 

2,352182518 0 0 

online 1 ×  1 =  1 1 1 1 1  

kendala 0 0 
2 𝑥 1,47712125 
=  2,954242509 

0 0 

bindo 0 0 1,47712125 0 0 

les 0 0 1,47712125 0 0 

inisiatif 0 0 1,47712125 0 0 

ngobrol 0 0 1,47712125 0 0 

dosen 0 0 1,47712125 0 0 

status 0 0 1,47712125 0 0 

mahasiswa 0 0 1,47712125 0 0 

buat 0 0 1,47712125 0 0 
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word 
TF-IDF  

K1 K2 K3 K4 K5 

tekan 0 0 1,47712125 0 0 

atas 0 0 1,47712125 0 0 

 

E. Testing and Evaluation 

At this stage, testing of the SVM algorithm is carried out by determining its precision, recall and accuracy. 

Precision is used to calculate predicted class accuracy according to the actual class for accuracy results. Recall, on the 

other hand, is used to measure the sensitivity of the measurement to the dataset or the predictive ability of the system 

according to the level of truth for recalling relevant documents. Tests were carried out to show the results obtained in 

tabular form which showed data in the form of positive, neutral and negative. The following are provisions for 

accuracy using the confusion matrix. 

Table 8. Confusion matrix 

Actual Data 
Predicted Data 

Negative Neutral Positive 
Negative TNg NgN FN 

Neutral NNg TN NP 

Positive FP PN TP 

Table 8 of the confusion matrix above presents the prediction results using a classification technique to 

calculate the predicted class accuracy according to the actual class for accuracy results. To measure precision, the 

following Equation 3 is used: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑓

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑓 +  𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑓
 (3) 

The calculation of precision for each word class applies the following Equation 4, 5, 6: 

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 =
𝑇𝑃

𝑇𝑃 + 𝑁𝑃 + 𝐹𝑁
 (4) 

𝑁𝑒𝑢𝑡𝑟𝑎𝑙 =
𝑇𝑁

𝑇𝑁 + 𝑃𝑁 + 𝑁𝑔𝑁
 (5) 

𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 =
𝑇𝑁𝑔

𝑇𝑁𝑔 + 𝐹𝑃 + 𝑁𝑁𝑔
 (6) 

Recall is used to measure the sensitivity of the measurement to the dataset or the predictive ability of the system 

according to the level of truth to retrieve the relevant documents for recall measurement for each word class. The 

recall formula uses the following Equation 7, 8, 9: 

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 =
𝑇𝑃

𝑇𝑃 + 𝑁𝑃 + 𝐹𝑃
 (7) 

𝑁𝑒𝑢𝑡𝑟𝑎𝑙 =
𝑇𝑁

𝑇𝑁 + 𝑁𝑃 + 𝑁𝑁𝑔
 (8) 

𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 =
𝑇𝑁𝑔

𝑇𝑁𝑔 + 𝐹𝑁 + 𝑁𝑔𝑁
 (9) 

Results and Discussion  

This section describes the results and discussion which aims to address all the questions of this research which is 
the classification of public opinion on online lectures using the SVM Algorithm on Twitter Media. 

A. Testing and Evaluation  

The first test is the classification of data obtained directly from the DEA portal. Prior to the evaluation process, the 
data used needs to be balanced because the data obtained from the DEA data still seems very unbalanced. Figure 7 is 
the result of data classification from the DEA. 
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Figure 7. Classification of Data from DEA Portal 

 If these results are directly processed using the SVM algorithm, the accuracy value obtained would be less optimal. 
This study uses the Synthetic Minority Over-sampling Technique (SMOTE) method to balance the data. Figure 8 is a 
balancing of classification data from DEA portal. 

 

 

Figure 8. Balancing of Classification Data from DEA Portal  

 The accuracy results obtained after balancing the data are adequately high which is 90%. Figure 9 shows the result 
of SVM accuracy. 

 

Figure 9. Results of SVM Accuracy 

 Figure 9 shows that the values for precision, recall, and F1 of 91%, 91%, and 90% respectively. Figure 10 is a 
confusion matrix of data classification from the DEA portal. 

 

Figure 10. Confusion Matrix of SVM 
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The next step is to design SVM model using the lexicon-based method. Figure 5 shows the results of the lexicon-
based classification which indicates that the positive class has increased compared to the positive class classification 
obtained directly from the DEA portal. However, the data obtained is not yet balanced, so data balancing is still needed 
at this stage. Figure 11 shows the results of balancing data using the SMOTE method. 

 

Figure 11. Results of Data Balancing using Lexicon-Based classification Method 

 After balancing the data using the SMOTE method, Figure 12 presents the accuracy results obtained using the SVM 
algorithm. 

 

Figure 12.  The Accuracy Results of Lexicon-Based using SVM algorithm 

 The accuracy results increased from 90% to 95%. In addition, the value of precision, recall, and F1-Score increased 
to 95%. The results of the confusion matrix can be seen in Figure 13. 

 
Figure 13. Confusion Matrix of SVM + Lexicon Based 

B. Discussion  

 This research is carried out through several stages. The first stage was data collection on the DEA portal. The data 
obtained is automatically labeled positive, negative, and neutral. However, the data is not yet balanced, so a data 
balancing process is needed. To balance the data, this study employed the SMOTE method which is one of the 
oversampling techniques used in processing unbalanced data in machine learning. This method aims to overcome the 
class imbalance problem by making synthetic samples from the minority class [29]. The accuracy value before the data 
balancing process is 72%. These results were obtained using data with automatic labeling from the DEA. After the data 
balancing process, the accuracy results increased to 90%. This has also been experienced in research conducted by [30] 
who applied the SMOTE method on the SVM algorithm which was able to increase accuracy to 93%. However, there 
are also studies that used the SMOTE method which results in a decreased accuracy value. In a study conducted by 
[31], the accuracy value of applying the SVM SMOTE method reduced the accuracy value from 79% to 77%.  

 This study applied the Lexicon-Based method for re-labeling using the Indonesian dictionary which is applied to 
this method. This approach can also increase the value of data accuracy obtained from the DEA portal from 70% to 
82%. The accuracy value increased to 95% after balancing the data. 
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Table 9. Comparison of Accuracy Score 

Algorithm Accuracy  Precision Recall F1-Score 

SVM 72% 64% 72% 67% 

SVM SMOTE 82% 83% 82% 79% 

Lexicon Based SVM 90% 91% 91% 90% 

Lexicon Based SVM SMOTE 95% 95% 95% 95% 

Conclusion  

The labeling process using lexicon-based can increase the accuracy value. Furthermore, the SMOTE method in 

this study can also improve accuracy. This study applied 80:20 data splitting for training and testing data respectively 

and employed the Linear kernel SVM. Therefore, future research is expected to apply various data splitting to obtain 

the best splitting. In addition, future research can also use other SVM kernels to determine the level of accuracy 

produced from applied SVM kernels techniques. 
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