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The number of tweets on Twitter containing information related to online lectures in the 

post-pandemic Covid-19 period or after the government lifted the pandemic period has 

drawn many pros and cons. This research discusses the best level of accuracy of the three 

machine learning methods, namely Naïve Bayes (NB), Decision Tree (DT) and Support 

Vector Machine (SVM) in analyzing Twitter results related to online lectures. The data used 

is crawled data from Twitter using the keyword “Online Lecture” and 5,978 tweets were 

obtained after verification. Three category labels were used in this research, namely 

Positive, Negative and Neutral. Pre-processing was carried out using the stages of Data 

Cleansing, Tokenizing, Stopword, Normalization and Stemming. While the feature 

extraction stage uses the TF-IDF stage. The average accuracy results for the NB method are 

78.02%, precision is 78.18%, recall is 78.02% and f1-score is 77.45%. DT obtained an 

average accuracy of 86%, precision is 89.14%, recall is 81.14% and f1-score is 82.31%. The 

average accuracy obtained by SVM is 89%, precision 90.97%, recall 87.31%, and the F1 

score is 85.99%. Among the three algorithms, it is known that SVM achieves very good 

performance in online lecture sentiment analysis based on Twitter data. 
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I. INTRODUCTION 

During the Covid-19 pandemic like a few years ago, it had a huge impact on human activities. All activities that were previously 

carried out as usual had to be done digitally. Among those that were greatly felt and had a big impact was the world of education, for 

almost two years learning was carried out from home through online learning. Indonesia is no exception, for more than two years the 

government and related agencies have tried to ensure that learning continues as it should even though it is carried out with online learning.   

There are many responses from the public regarding the implementation of online lectures, especially during the pandemic. Pros and cons 

will certainly spark debate in expressing their opinions. As stated by [1] stated that the online learning system carried out during the 

COVID-19 pandemic is effective and inefficient.  

Effective because the conditions require online learning and inefficient because the costs incurred are higher when compared to 

offline lectures. The costs incurred are mainly to buy internet quota to attend online lectures and the obstacles faced during online lectures 

are network constraints. Meanwhile, [2] related to obstacles to online learning seen from internal and external factors. Internal factor 

obstacles are first students and lecturers experiencing miscommunication (25.71%), second decreased motivation (24.28%), and third 

poor time management (17.15). Meanwhile, the external obstacles are, firstly, related to the internet network signal which is unstable or 

difficult in the residential environment (55.13%), secondly the availability of internet quota (12.97%), and thirdly the limited 

facilities/gadgets (9.18%).  
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The same thing was conveyed by [3] whose conclusion was that students most often experience signal interference, which will 

later have an impact on unclear images or sound, as well as intermittent signal interruptions. This is almost the same as [4] research, he 

even added that among them are students without cellphones, lack of student attention, and parents’ working being disrupted. Once 

conveyed almost the same thing, namely regarding inadequate infrastructure, students’ difficulties in understanding the material, and the 

limited ability of lecturers to utilize technology [5]. Although in this case lecturers are not constrained in terms of delivering material to 

students, it should be underlined that successful learning requires an effort to strengthen students [6]. In addition to the above, there is 

also research by [7] which states that their findings summarize students’ perceptions of learning and their involvement when given a 

choice about how to engage in content.  

Most participants chose asynchronous methods to learn content, citing time constraints as the main reason for not choosing 

synchronous learning methods. Furthermore, [8] emphasized the importance of considering emotions in distance learning environments 

and their significant impact on academic performance and participant satisfaction. Even [9] research explains the common challenges and 

opportunities faced by participants and educators in thirty countries, based on sentiment analysis from these stakeholders, the results show 

that although digital education is developing into a flexible and student-centered didactic approach, various obstacles in meeting online 

learning effectively still exist, where the findings reveal the shortcomings, and therefore the need for, appropriate teaching and learning 

materials and strategies for digital education. 

This is also almost the same as that conducted by [10], which found that most educators experience problems during online learning 

practices. There are even several studies that conduct literature review related to open learning and online learning, such as those done 

by [11] and [12]. From these limitations, sometimes they complain through social media such as Facebook, Instagram or Twitter. Of the 

many social media that are often used, Twitter is one of the social media that is often used by its users to interact. Based on the 2024 

internet penetration and behaviour survey data issued by APJII (Association of Indonesian Internet Service Providers) [13] which states 

that the reason for using the internet is to be able to access social media (including Twitter), which is 3.31%. While the social media that 

is often used for Twitter is 1.06%, and the chat media that is often used in this case is Twitter, which is 0.34%.  

Publishing and disseminating news information is very suitable for using Twitter. Very short tweets are very easy for users to post 

using handphone or other devices. While the 140 characters posted by some users are considered short and easy to spread information 

[14]. Even [15] conducted research to identify content containing propaganda by collecting data from Twitter. Twitter as we know after 

crawling will get a very large amount of data information so that data mining is needed. The application of data mining is widely used in 

various researches, one of which is text mining. The use of text mining is very relevant to analyse text-based case studies, one example 

of which has been mentioned above is the use of Twitter. In the field of education, it is widely used to analyse sentiment towards the 

world of education. The sentiment can be positive or negative. With sentiment results like we can process the results of public opinion in 

the world of education, one of which is online lectures.  

In this research, we will examine the sentiment analysis of online learning based on Twitter data by comparing three methods 

(Naive Bayes, Decision Tree & SVM). The main reason for choosing Naive Bayes is because it is a fairly simple algorithm but in several 

researches it has a fairly high level of accuracy [16]. While Decision Tree is one of them in decision making which was previously very 

global and complex can be changed to be simpler and more specific [17], and is easy to present and implement in the form of diagrams 

[18]. The third is SVM that can perform a more accurate classification process [19]. From the advantages of the three algorithms, 

researchers try to compare by looking at performance, namely in the form of accuracy percentage. It is expected that the results of this 

sentiment analysis research based on Twitter data can be a reference and help the world of education in efforts to improve the quality of 

learning for students in the future, and these results are expected to be a reference for comparing with other methods. 

II. LITERATURE REVIEW 

Researchers conducted a literature review of several researches related to sentiment analysis based on Twitter data. According to 

the results of the literature review, it was concluded that research on sentiment analysis based on Twitter is still quite extensive to discuss. 

Research on Twitter sentiment analysis is still limited to online lectures and there are still few researches that discuss sentiment analysis. 

This research focuses on sentiment analysis from Twitter data, using the Long Short-Term Memory (LSTM) algorithm and Artificial 

Neural Network (ANN) with an accuracy rate of 96% for LSTM and 76% for ANN [20]. Research on sentiment analysis for finance using 

the BERT method achieved an accuracy of 95.29%, precision of 95.37%, and recall of 95.24% [21]. Research uses NLP (Natural 

Language Programming), his research provides an overview of sentimental investigation or opinion mining related to product surveys 

[22]. [23] his research is related to sentiment analysis which aims to provide a systematic review of sentiment analysis and related fields 

for future research. Proposed the use of the Support Vector Machine (SVM) model to develop an automatic Twitter crawling system and 

achieved an accuracy level of 85% [24]. 

Used the VADER model to identify people’s opinions about online learning [25]. Proposed a machine learning algorithm for 

Arabic sentiment analysis which was used to find out the opinions of students and teaching staff about online learning during the COVID-

19 outbreak in Saudi Arabia [26]. Conducted their research to study online learning during the pandemic situation and the adaptation of 

online learning worldwide after the pandemic situation using machine learning such as SVM and artificial neural networks (ANN) [27]. 

According to the results, ANN was better than SVM and achieved 81.97% accuracy with higher precision, recall, f-measure value, and 

lowest error value.  

Research [28] present the results of the application of BERT, these results will be compared with the contribution of the author 

[29], where the results using BERT are quite good (88.93% accuracy). Research uses the SentiStrenth method, with 54% neutral results, 

while 85% accuracy rates, and 15% error rate [30]. Research explores the experience of students engaging with recorded lectures and the 

extent to which such engagement contributes to improved learning [31]. This research involved distributing questionnaires to 

undergraduate and postgraduate students (n = 660) who had access to lecture recordings at a public university in New Zealand, the use of 

sentiment analysis shows how multiple data can be triangulated to confirm or contradict research findings.  
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New ensemble model was proposed for sentiment analysis, the experimental results showed that the sentiment recognition accuracy 

of the proposed model was higher than that of the other seven comparison models, with an F1score of more than 91%, and the results of 

recognizing different levels of emotion showed the stability of the proposed ensemble model [32]. Research used the sentiment analysis 

method to identify and extract student responses in subjective information focusing on positive and negative polarity, and their research 

findings showed that the results of sentiment analysis using the SVM method obtained an accuracy of 84% [33].  

Research used Chi-square and SVM algorithms, the results of their research assist university administrators and lecturers to identify 

the strengths and weaknesses of lecturers based on textual evaluations conducted by students [34]. [35]Research related to the use of LMS 

developed at Anadolu University, the results of their research concluded that machine learning techniques can be used to better understand 

students and how they feel [35]. From several previous researches that have been explained above, the differences can be seen in Table 

1. From several researches, various methods are used to obtain better results.  

In this research, the researcher tries to compare three machine learning methods, namely Naïve Bayes, Decision Tree, and Support 

Vector Machine. The three methods will be seen from their performance level, namely which level of accuracy is better. It is because 

from several previous researches, most researches only use one or two methods, and even if there are, they are not exactly the same using 

the same method with the same case study. As far as the researcher knows, there has been no research that explicitly discusses sentiment 

analysis based on Twitter by comparing three methods (Naïve Bayes, Decision Tree & SVM).   

Table 1: Literature Review. 

Researcher Years Methods 

Valarmathi et al 2024 - LSTM (Long Short-Term Memory) 

- ANN (Artificial Neural Network) 

Adelakun and Baale 2024 BERT 

Namitha et al. 2023 NLP (Natural Language Programming) 

Pulikonde et al. 2023 Sentiment Analysis 

Sajinika et al. 2023 VADER 

Alqaan and Qamar 2022 - SVM (Support Vector Machine) 

- KNN (k-Nearest Neighbor) 

- Random Forest 

Senadhira et al. 2022 - SVM (Support Vector Machine) 

- ANN (Artificial Neural Network) 

Ngoc and Thi 2021 BERT 

Hardian et al. 2021 SentiStrenth  

Nkomo and Daniel 2021 Questionnaire 

Pu et al.  2021 Ensamble 

Kurniawan and Wahyuni 2021 SVM (Support Vector Machine) 

Ayeni et al. 2020 SVM (Support Vector Machine) 

Osmanoglu et al. 2019 Logistic regression 

Source: Authors, (2026). 

III. MATERIALS AND METHODS 

This research follows the proposed methodology sequence such as data collection, pre-processing, feature extraction, classification 

and evaluation (Figure 1. Proposed method). 

Term Frequency-Invers Document Frequency

(TF-IDF)

Pre-processing

Feature Extraction

 Data Collection

Cleansing Data Tokenizing Stopword Stemming

Crawling Data Twitter

Accuracy

(Naïve Bayes, Decission Tree, SVM)

Classification Naïve Bayes Decission Tree
Support Vector Machine

 (SVM)

Evaluation

 
Figure 1: Proposed Method. 

Source: Authors, (2026). 
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III.1 DATA COLLECTION 

The first research flow in this research is data collection. The data collection in question is used to obtain a dataset for the analysis 

process which in this case uses Twitter Harvest or API from Twitter. The keyword used in the data retrieval process is “Kuliah Online” 

(Indonesian word), which in English means “Online Lectures”. The data that will be used is crawling data from Twitter.  

III.2 PRE-PROCESSING 

Pre-processing in this research is the stage of cleaning data from a sentence or word, link, or things that are not needed to perform 

sentiment analysis. The dataset that has been collected is still in the form of unstructured or irregular words or sentences, so it still requires 

a process called data pre-processing to produce clean data, so that the sentiment analysis results are expected to be accurate. The data pre-

processing stages consist of cleansing data, tokenizing, stopwords, normalization and stemming. Cleansing data is carried out to reduce 

unimportant words (noise) in tweet data, such as URLs, hash tags (#), usernames (@username), emoticons (: @,: *,: D), emails, and 

punctuation [36]. Data changes at this cleaning stage, such as lowercase, can also occur [30].  

Tokenizing is a process that functions to break sentences into words. The tokens that have been produced will later be in the form 

of single words which will make the next process easier [36]. Stopword is a process of deleting or eliminating words resulting from the 

previous process, namely tokenizing, which have no meaning, such as “di”, “yang”, “itu”, “ke”, and so on. Normalization is used to 

change data into a more standard form [37]. Normalization can help improve accuracy in text analysis and make data easier to process 

[38]. Stemming is the process of changing words that have affixes to become basic words according to standard Indonesian language 

rules [30]. 

III.3 FEATURE EXTRACTION 

The third process is feature extraction. At this stage, the TF-IDF (Term Frequency-Inverse Document Frequency) method is used. 

TF-IDF is used to determine how far the word (term) is related to a document by giving each word a weight. This method will calculate 

each term’s weight in the document. The equation used in this process is [39]:  

 

𝑇𝐹𝐼𝐷𝐹( 𝑡 ) = 𝑇𝐹 ∗ 𝑙𝑜𝑔 
𝑁

𝑑𝑓
                                                                                  (1) 

 

Where t is the term, N is the total documents, TF is the number of terms t that appear in the document, and df is the number of 

documents containing the term t. 

III.4 CLASSIFICATION 

This stage classification is used to group data or sentences based on their similarities [40]. The classification in the sentiment 

analysis process is often modelled as two-way (positive/negative) or three-way (positive/negative/neutral) [41]. In this classification stage, 

three outputs will be classified, namely positive, negative and neutral and will compare three methods by looking at the level of good 

accuracy, namely Naïve Bayes, Decision Tree and Support Vector Machine. 

III.4.1 Naïve Bayes 

Naïve Bayes is a simple probabilistic classifier that calculates a set of probabilities by summing the frequencies and combinations 

of values from a given dataset [42], a simple probability classification process that refers to Bayes’ theory. In other words, given an output 

value, the probability of observing it together is the product of the individual probabilities. The general equation used in the Naïve Bayes 

algorithm is: 

𝑷(𝑯|𝑿) =
𝑷(𝑿|𝑯).  𝑷(𝑯)

𝑷(𝑿)
                                                                                               (2) 

Where: 

H: Data hypothesis is a specific class 

X      : Data with unknown classes 

P(H) : Probability of hypothesis H 

P(X) : Probability X 

P(H|X) : Probability of hypothesis H based on condition X  

P(X|H) : Probability X based on the conditions in hypothesis X 

III.4.2 Decision Tree 

Decision tree is a prediction model that can be used to represent classification and regression models in operations for decision 

making with strategies that are most likely to achieve goals [43]. In developing a Decision tree, the initial stage is to evaluate all existing 

attributes using a statistical measure (which is commonly used is information gain) to measure the effectiveness of an attribute in 

classifying a collection of data samples. Attributes with continuous values must be discretized [44]. To find the gain value (information 

Gain) can be carried out with the concepts of Entrophy, Gini Index and Classification Error [45]. 

• Information Gain with Entrophy value 

 

𝐸𝑛𝑡𝑟𝑜𝑝ℎ𝑦(𝑠) = ∑ 𝑝(𝑖|𝑠)𝑙𝑜𝑔2𝑝(𝑖|𝑠)𝑛
𝑖=1                                                                                (3) 
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Where: 

S : Case sets in a dataset 

n : Number of partitions attribute S 

Pi : The proposition of Si to S 

This entropy value will be used to calculate the gain value. The formula for finding gains is as follows: 

 

𝐺𝑎𝑖𝑛 (𝑆, 𝐴) = 𝐸𝑛𝑡𝑟𝑜𝑝ℎ𝑦(𝑆) = 𝐸𝑛𝑡𝑟𝑜𝑝ℎ𝑦(𝑆) − ∑
|𝑆𝑖|

|𝑆|

𝑛
𝑖=1 × 𝐸𝑛𝑡𝑟𝑜𝑝ℎ𝑦 𝑆𝑖                                   (4) 

S : Case set 

A : Attribute 

n : Number of partitions in attribute A 

| Si | : Number of cases in partition 1 

| S | : Number of cases in S 

• Gain information with Gini Index value 

𝐺𝑖𝑛𝑖 (𝑡) = 1 ∑ [𝑝(𝑖|𝑠)]2𝑛
𝑖=1                                                                               (5) 

 

𝐺𝑎𝑖𝑛(𝑆, 𝐴) = 𝐺𝑖𝑛𝑖(𝑆) ∑
|𝑆𝑖|

|𝑆|
 𝐺𝑖𝑛𝑖 (𝑆𝑖)𝑛

𝑖=1                                                                  (6) 

 

• Gain Information with Classification Error value C. Error is obtained from the value of the attribute that is the smallest of the 

class label. 

𝐶. 𝐸𝑟𝑟𝑜𝑟(𝑆) = 1 𝑚𝑎𝑥𝑖  [𝑝(𝑖|𝑠)]                                                                          (7) 

 

𝐺𝑎𝑖𝑛(𝑆, 𝐴) = 𝐸𝑟𝑟𝑜𝑟(𝑠) ∑
|𝑆𝑖|

|𝑆|
 𝐸𝑟𝑟𝑜𝑟 (𝑆𝑖)𝑛

𝑖=1                                                                  (8) 

III.4.3 Support Vector Machine 

Support Vector Machine can make predictions for both classification and regression [46]. SVM can be used on different types of 

data sets, namely data sets with linear and non-linear separation. The Support Vector Machine (SVM) method allows calculations for 

linear problems by applying mathematical transformations to the learning space using kernel functions [47]. Support Vector Machine 

(SVM) has a central concept in classifying data, namely determining the best hyperplane to provide a distance or separator between two 

predetermined classes [48]. Hyperplanes that have large margins can classify data that has not been seen well, by providing a large margin; 

new data can enter each class [49] where the margin itself can be described as in Figure 2 below.  

 
Figure 2: Best Hyperplane. 

Source: [50]. 

In overcoming the Support Vector Machine in non-linear cases that occur, the kernel method is used to overcome it. A function of 

the kernel is to transform data into a space or other dimension which can be illustrated in Figure 3 below [49].  

 
Figure 3: Data Transformation. 

Source: [49]. 
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By using the kernel method, a data x is input into a higher-dimensional feature space F. Feature mapping from two-dimensional 

space to two-dimensional feature space [51].  

 
Figure 4: SVM Non Linear Kernel Map. 

Source: [51]. 

There are several kernel functions that are usually used in SVM including linear, polynomial, radial basis function, and sigmoid. 

The stages in the Support Vector Machine method are as follows [52]: 

1. Determine the most frequently occurring words from each document used 

2. Determine the initial initialization for the values of α, C, λ, gamma and epsilon. 

3. Calculate the matrix with the formula as below: 

 

𝐷𝑖𝑗 = 𝑦𝑖 𝑦𝑗 ((𝑥𝑖→→. 𝑥𝑗→→) +  𝜆 2)      (9) 

Explanation: 

Dij = data matrix element to -ij 

yi = class or label of data to -i 

yj = class or label of data to -j 

λ = theoretical limit derivative 

K(𝑥𝑖→→. 𝑥𝑗→→ ) = kernel function 

4. For the nth power = 1,2,3,.. n use the equation below: 

 

𝐸𝑖 =  ∑ 𝛼𝑖 𝑛 𝑗 = 1 𝐷𝑖𝑗                           (10) 

 

𝛿𝛼𝑖 = min{max[ 𝛾(1 − 𝐸𝑖), − 𝛼𝑖 ] , 𝐶 −  𝛼𝑖 }                                    (11) 

 

𝛼𝑖 =  𝛼𝑖 +  𝛿𝛼𝑖                 (12) 

Explanation: 

Ei  = data error value to -i 

γ  = learning levels 

Max(i) Dij = maximum value of the diagonal of the equation matrix 

5. Find the bias value (b) using the equation below: 

b = - 1 2 [w . x + + w . x -]                         (13) 

 

6. Testing on the document being tested 

7. Decision calculation 

If the decision calculation is more than or equal to 0 then the h(x) sign value is +1, then it is  included in the positive class and if 

the decision calculation result is less than 0 then the h(x) sign value is -1, then it is included in the negative class. Decision calculation 

using the equation as below:  

h(x) = w . x + b atau h(x) = ∑ 𝛼𝑖 𝑦𝑖 𝐾(𝑥, 𝑥𝑖 𝑚 𝑖 = 1) + 𝑏                              (14) 

 

III.5 EVALUTION 

In this final stage after a series of processes are carried out, the next step is to evaluate. This is carried out to obtain the level of 

accuracy of a method used in analyzing sentiment from public opinion. In this evaluation, the k-fold cross validation method is used to 

test the accuracy of the three methods used (Naive Bayes, Decision Tree and SVM). The k-fold cross validation method all data used will 

be treated the same, namely as testing and training data. In general, k-fold cross validation, where k ≥ 2 is an integer, and the dataset used 

will be partitioned into k parts [53].  
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Table 2: Illustration of 3-Fold Cross Validation. 

 
Source: Authors, (2026). 

From the k-fold cross validation method, the level of accuracy, precision, recall and F1-Score can be obtained using the confusion 

matrix method. With the confusion matrix we can analyze how well the categories we use can recognize data from different categories 

[44]. 

Table 3: Model confusion matrix. 

Correct classification 
Classified As 

+ - 

+ TP FN 

- FP TN 

Source: Authors, (2026). 

Accuracy, precision, recall, f1-score are obtained by equations (14) to (17) [44]: 

 

Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 x 100%      (15) 

 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
 x 100%               (16) 

 

Recall  = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
 x 100%            (17) 

 

F1-Score = 
2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
 x 100%               (18) 

 

Where, TP = True Positive, TN = True Negative, FP = False Positive, dan FN = False Negative. 

IV. RESULTS AND DISCUSSIONS 

This section discusses the results and discussions related to the proposed method. This section starts from data collection, data 

processing, per-processing, feature extraction, and classification. 

IV.1 DATA COLLECTION 

The data used is data collected from Twitter in the form of tweets. The data collection process is carried out through the data 

crawling process, in this case using Tweet Harvest (Version 2.6.1). One of the advantages of Tweet Harvest is that it allows users to 

collect more data and can be run in the form of a Command Line Interface (CLI) and only requires an auth_token [54].  

 
Figure 5: Token Authoring. 

Source: Authors, (2026). 

The keywords used in the data retrieval process refer to “Online lectures”. Data collection was carried out from June 13-25, 

2024. The data crawled was tweet data from June 23, 2023 to June 22, 2024. The crawled data retrieval started from June 23, 2024, this 

was carried out after the issuance of Presidential Decree No. 17 of 2023 concerning the Determination of the End of the Corona Virus 

Disease 2019 (COVID-19) Pandemic Status in Indonesia, which was set on June 22, 2023. This is very relevant because the tweet data 

retrieval was carried out after Indonesia was declared free from the pandemic, so that we can obtain tweets from the public regarding the 

experience of online lectures during the pandemic until the pandemic is over. 
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Figure 6: Crawling result data. 

Source: Authors, (2026). 

Based on the data that has been obtained previously, the data processing process was carried out using 8,411 Twitter crawling 

data, and after verification, the data used was 5,978 tweets. After the data was obtained, the next step was the labelling process. The 

labelling process was carried out from August 8, 2024 to September 20, 2024. Data labelling was carried out in three categories, namely 

positive, negative and neutral (Table 4).  

Table 4: Label data Twitter. 

Description/Category Label 

Positive 1 

Negative 2 

Neutral 3 

Source: Authors, (2026). 

From the 5,978 tweets used, each label was obtained, namely 1,953 positive labels, 2,045 negative labels and 1,980 neutral labels 

(Figure 7). 

 
Figure 7: Label data Twitter. 

Source: Authors, (2026). 

IV.2 PRE-PROCESSING 

After the data is collected, the data will then be processed through the pre-processing stage. This stage aims to make the data clean 

and there are no indicators that interfere with the score value during the implementation process of the Bag of Words weighting method 

and the Naive Bayes classification method. This stage is very important, because if there is unclean data, the score value will be affected. 

Pre-processing is carried out to prepare documents in raw text until they are ready to be analysed according to the method used. The 

purpose of this process is to increase classification accuracy [55].  

 
Figure 8: Crawling data Results Preprocessing. 

Source: Authors, (2026). 
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To assist the results of data crawling, researchers try to visualize the data in the form of a word cloud (Figure 9). Word cloud is 

a form of visualization of text data that describes a collection of words that are often found in a text analysis. The size of the font in the 

word cloud indicates that the word appears frequently. 

 
Figure 9: Data Visualization in WordCloud. 

Source: Authors, (2026). 

In addition to using word clouds, researchers also use graphs to visualize the results of words that appear frequently (Figure 10).  

 
Figure 10: Frequently Appearing Word Graphs. 

Source: Authors, (2026). 

Before the data is processed and enters the first stage in pre-processing, the Case Folding process is carried out first. Case Folding 

is used to change all letters especially uppercase letters in a document to lowercase letters, only letters ‘a’ to ‘z’ are accepted. Characters 

other than letters are removed and considered delimeter. Uppercase or lowercase letters in a word are assumed to be no difference, all 

uppercase characters are usually changed to lowercase. This aims to make the text more consistent, thus allowing more consistent text 

processing. 

 
Figure 11: Case Folding Process. 

Source: Authors, (2026). 

IV.3 FEATURE EXTRACTION 

Feature extraction is the process of converting terms from text into numbers that can be read by a computer. In this research, TF-

IDF (Term Frequency-Inverse Document Frequency) is used as a process by giving a value to each word in the training data. The 

calculated value is given to determine how important a word is for a sentence. The TF-IDF value depends on how often the word appears 

in the document [56]. 
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Figure 12: Results of the Feature Extraction Stage Process with TF-IDF. 

Source: Authors, (2026). 

Simply put, TF-IDF is used to determine how often/important a word appears in a document. The tweet data in the pre-processing 

stage is still in the form of text (words), while in the classification stage the data used must be numeric or numbers. So at this feature 

extraction stage, the data will first be converted into numbers using the TF-IDF method. The results of the TF-IDF process are as shown 

in Figure 12. 

IV.4 CLASSIFICATION 

The results obtained at the feature extraction stage will be input data at the classification stage. At this classification stage, three 

methods are used, namely Naïve Bayes, Decision Tree, and Support Vector Machine. Meanwhile, to measure the performance of the 

method used by researchers in terms of validating and evaluating using k-fold cross validation and confusion matrix, where k = 10 with 

a division of 80% training data and 20% testing data. This classification seeks the best level of accuracy from each method. So we can 

compare which level of accuracy is better from the three methods. 

IV.4.1 Naïve Bayes 

Classification using Naïve Bayes is carried out in this analysis using a ratio of 80:20 between training data and testing data. With 

validation and evaluation using k-fold cross validation, where the value of k = 10, the level of accuracy is obtained as in Figure 18. From 

these results, the average level of accuracy obtained is 78.02%, with the highest accuracy at k = 9, which is 80.91%. While the average 

precision value is 78.18%, recall is 78.02% and F1-Score is 77.45% (Figure 13). 

 
Figure 13: Classification Results using Naïve Bayes. 

Source: Authors, (2026). 

IV.4.2 Decision Tree 

By using the same data division 80:20, and validation and evaluation using k-fold cross validation, where the value of k = 10, the 

accuracy level is obtained as in Figure 19. The average result at the accuracy level is 86%, with the highest accuracy obtained at k = 4 

and k = 6, which is 100%. While the average precision value is 89.14%, recall is 81.24% and F1-Score is 82.31% (Figure 14). 
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Figure 14: Classification Results using Decision Tree. 

Source: Authors, (2026). 

IV.4.3 Support Vector Machine 

By using Support Vector Machine, the accuracy level is obtained as shown in Figure 20. The average accuracy level obtained is 

89%, with the highest accuracy at k = 6 and k = 10, which is 100%. While the average precision value is 90.97%, recall is 87.31% and 

F1-Score is 88.99% (Figure 15). 

 
Figure 15: Classification Results using Support Vector Machine. 

Source: Authors, (2026). 

The overall results data of the three methods (Naïve Bayes, Decision Tree, and Support Vector Machine) can be seen in Table 5.  

Table 5: Comparison of Naïve Bayes, Decision Tree, and SVM Results. 

 
Source: Authors, (2026). 

Table 5 shows the average accuracy of using the Naïve Bayes method of 78.02%, Decision Tree of 86%, and Support Vector 

Machine of 89%. So from the data, the best accuracy level of the three methods is Support Vector Machine (89%). Thus, sentiment 

analysis using the algorithm shows significant results as evidenced by its accuracy level of 89% in the Support Vector Machine method. 
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V. CONCLUSIONS 

Based on the final results of the research, it can be concluded that from the 8,411 data that have been obtained, 5,978 data are left 

to be used in the research. At the classification stage, the performance measurement of the method used by the researcher in terms of 

validating and evaluating using k-fold cross validation and confusion matrix, where k = 10 with a division of 80% training data and 20% 

testing data. The final results of using the method obtained accuracy for the Naïve Bayes method of 78.02%, Decision Tree of 86%, and 

Support Vector Machine of 89%. So in this case, it is seen from the level of accuracy that is superior, namely SVM. This means that the 

performance of the system’s success in sentiment analysis of online lectures based on Twitter data is very good. Future research is 

expected to add machine learning methods in its classification such as the K-Nearest Neighbor method, Logistic Regression, Random 

Forest or Artificial Neural Network. This is expected to be able to find out more comprehensively regarding the use of other methods. 
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