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Social media has become a place where everyone can express their feelings and 
thoughts without limitations. One of the most widely used social media platforms is 
Twitter. Twitter has 238 million active users and provides access to search for 
information through specific tweets. Therefore, Twitter can be used as a source of 
information to analyze a person's emotions based on their writings/tweets. In analyzing 
the feelings of a tweet, a method is needed to classify tweets into appropriate emotion 
classes. The classification of tweet emotions aims to group tweets into predetermined 
emotion classes such as anger, joy, fear, love, and sadness. The algorithms used to build 
machine learning models for emotion classification are Multinomial Naive Bayes and 
Decision Trees. This research aims to determine which classification algorithm, 
Multinomial Naive Bayes or Decision Tree, is better by comparing the accuracy values 
of these classification algorithms. This study applies feature extraction using Bag of 
Words, Bigram and the SMOTE method. The research results show that the Multinomial 
Naive Bayes classification model, which involves feature extraction using Bag of Words 
and the SMOTE method, has the highest accuracy value of 67.15%. 
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1. Introduction 
 

Emotion is one of the essential aspects of human life. Emotions occur due to reactions to external 
and internal stimuli, involving physiological changes and various thoughts [1]. Often, humans find it 
difficult to express their emotions verbally but tend to tell whatever they desire through social media 
[2]. One of the popular social media platforms for obtaining trending information and news is Twitter 
[3]. 

Twitter is a social media platform with a broad user base that allows users to post messages called 
Tweets, which are limited to 280 characters and can include images, videos, or blog links [4]. Twitter 
provides an Application Programming Interface (API) to enable users to access and search for specific 
Tweet information, such as specific topics, locations, current trends, and more. Thus, Twitter can be 
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a data source for analysing writings/tweets. Studying emotions in tweets requires a classification 
method to categorise tweets into the correct emotion classes. 

The classification of emotions in tweets aims to group tweets into predetermined emotion 
classes, such as anger, joy, fear, love, and sadness [5]. Several algorithms commonly used to build a 
classification model include K-Nearest Neighbors, Logistic Regression, Naive Bayes Classifier, Decision 
Tree, and Support Vector Machine. Each algorithm has its way of building models and its complexity 
[6]. In one study, the Multinomial Naive Bayes algorithm achieved the highest accuracy value of 
84.60% [7]. However, comparing the Decision Tree classification algorithm obtained the highest 
accuracy of 99.95% compared to Naive Bayes, SVC, K-NN, and Random Forest algorithms [8]. 

Previous research has compared the performance of several feature extractions to improve the 
performance of the naive Bayes algorithm by applying Unigram, Bigram, and Trigram feature 
extractions. The results showed that the Naive Bayes algorithm with Bigram feature extraction 
achieved higher results [9]. On the other hand, another study comparing the performance of 
Ensemble Features and Bag of Words showed that Bag of Words had the highest accuracy [10]. 

One of the challenges in building a machine learning model is using an imbalanced dataset with 
varying data quantities among classes. SMOTE (Synthetic Minority Over-Sampling Technique) is used 
to address the issue of imbalanced data. This method creates replicas of minority data by finding k-
nearest neighbors (nearest neighboring data points in the minority data) [11]. The Naive Bayes 
algorithm was optimized using the SMOTE approach in a study by Saputra et al., [12], providing 
evidence supporting this assertion. The research obtained an accuracy value of 86.33%, better than 
the Naive Bayes algorithm without using SMOTE, which had an accuracy of 78.88%. 

Based on the research description, this study evaluates emotion classification algorithms using 
Multinomial Naïve Bayes and Decision Tree algorithms. Both algorithms are compared to determine 
which one performs better. The parameter used for evaluation is accuracy. The study compares 
classification algorithms and feature extraction methods such as Bag of Words, Bigram, and SMOTE. 
 
2. Research Method  
 

The research method used consists of datasets, text preprocessing, feature extraction, SMOTE, 
data splitting, modeling, and evaluation. Figure 1 illustrates the flow of the research methodology. 
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Fig. 1. Research methodology flow  

 
2.1 Dataset 
 

The dataset in the study is from previous research [13]. The entire dataset consists of 4,401 
Tweets that have been categorized into five emotion classes: anger, happiness, sadness, love, and 
fear. Table 1 presents a sample of Tweet data from the five emotion classes. 

 
Table 1 
Data sample tweet 
Class Tweet 

Anger 
Tipikal cowo menye menye bgt ni. Paling ngga bisa diajak argumen. Menyalahkan orang dan mengeluh 
terus ni manusia maha sempurna. Pen ngatain goblok tapi puasa. 

Fear 
Jinhyuk menunduk, menatap sepatunya. Merasa takut untuk membalas permintaan sang puan. "M-maaf, 
saya tidak membawa alat lukis saat ini..." [URL] 

Happy 
[USERNAME] Hahaha samaa, aku bgitu ngliat oppa2 kore lgsg pgen bljr korea, nntn drama barat lgsg pgen 
bsa lncr english,ngliat bny ama mewart lgsg pgen bljr bhsa thai wkwkwlw 

Love 
ENGGAAAAAAA. KARNA SAYANG ITU TIDA MEMANDANG UMUR. KARNA AKU BAKALAN BUCININ 
PASANGAN AKU, JADI MAU TUA ATAU MUDA NYA DIA BAKALAN AKU IKUTIN TERUSSD 

Sadness 
Wktu masih jaman sekolah kalau ada laki2 yg suka boro2 mau nanggepin ..yg ada malu nya minta ampun 
smpe tuh laki malah d musuhin!! Tp bocah jman skrng jomblo bentar galau nya minta ampun  ..gmn klau 
mereka kaya gua yg jomblo 7 tahun  #OldMoneyGakNgerasain 
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2.2 Text Processing 
 

Text preprocessing is a stage to clean the text obtained from social media, which contains 
unstructured sentences, non-standard words, and noise [14]. There are three stages of text 
preprocessing carried out in this research, which are case folding, cleaning, and normalisation [15]: 

• Case Folding: converting all letter characters in the text to lowercase. 
• Cleaning: removing symbols, hashtags, mentions, and unnecessary numbers from the text. 
• Normalisation: identifying and replacing non-standard words with words that conform to the 

standard Indonesian dictionary (KBBI). 
 

Table 2 
Text processing 
Text Text Preprocessing 
Kepingin gudeg mbarek Bu hj. Amad Foto 
dari google, sengaja, biar teman-teman jg 
membayangkannya. Berbagi itu indah. 

Text 

kepingin gudeg mbarek bu hj. amad foto 
dari google, sengaja, biar teman-teman jg 
membayangkannya. berbagi itu indah. 

Case Folding 

kepingin gudeg mbarek bu hj amad foto 
dari google sengaja biar teman teman jg 
membayangkannya berbagi itu indah 

Cleaning 

ingin gudeg mbarek bu hj amad foto dari 
google sengaja biar teman teman juga 
membayangkannya berbagi itu indah 

Normalization 

ingin gudeg mbarek bu hj amad foto dari 
google sengaja biar teman teman juga 
membayangkannya berbagi itu indah 

Preprocessing Result 

 
2.3 Frequency Distribution 

 
Frequency Distribution is a graphical or tabular representation that shows the number of 

occurrences of the most frequently used words in a document [16]. In frequency distribution, the 
data is broken down into individual words and then grouped based on their frequency of occurrence. 
Table 3 presents the frequency distribution results with a total vocabulary of 17.083 in the document 
and 125.408 tokens. Figure 2 shows a graph of the frequency of occurrence of the top 40 most 
frequently appearing word sequences found in the dataset. 
 

Table 3 
Frequency distribution 

No Vocabulary  Token   

1 yang 3359 

2 aku 2599 

3 tidak 2252 

4 dan 1895 

5 di 1757 

6 sudah 1168 
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No Vocabulary  Token   

... ... ... 

17083 sembuhkanlah 1 

Vocabulary dataset 17083 
Token 125408 

 

 
Fig. 2. Graph frequency distribution 

 
2.4 Feature Extraction 

 
Feature extraction aims to convert text into vector representations [17]. In this stage, the Tweet 

data will be tokenised into individual words, then transformed into numeric features, and the 
frequency of each word will be counted [18]. This research employs two feature extraction methods, 
Bag of Words and Bigram, which are implemented using the Sklearn CountVectorizer library. 
a. Bag of Word 

Bag of Word represents text as a vector of the number of words frequently appearing in 
documents [19]. This method works by cutting documents into individual words that are collected as 
a vocabulary and then counting the number of occurrences of each term [20]. The vocabulary from 
the Bag of Word results is presented in Figure 3, and the frequency results calculation is shown in 
Figure 4. 
 

 

 

 
Fig. 3. Vocabulary bag of word  Fig. 4. Bag of word 
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b. Bigram 
A bigram is part of the N-gram method, where this process cuts multiple words or two words 

collected in the form of a vocabulary and counts the number of occurrences [21]. The vocabulary 
from the Bigram results is presented in Figure 5, and the frequency results calculation is shown in 
Figure 6. 

 

 

 

 
Fig. 5. Vocabulary Bigram  Fig. 6. Bigram 

 
2.5 SMOTE 

 
SMOTE is a technique used to address class imbalance problems in a dataset. SMOTE works by 

finding k-nearest neighbours in the minority class data, then creating synthetic data equal to a 
percentage of the minority data duplication (percentage oversampling), and the k-nearest 
neighbours are randomly selected [11]. One of the advantages of this method is that it does not cause 
any information loss since there is no reduction in data, as done in undersampling ways [22]. The 
total dataset before SMOTE consists of 4401 data points, and Figure 7 displays the distribution of the 
dataset before SMOTE. 

After the SMOTE process, the total dataset increased to 5505 data points, and the distribution of 
the dataset can be seen in Figure 8. 

 

 

 

 
Fig. 7. Data before SMOTE  Fig. 8. Data after SMOTE 
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2.6. Data Splitting 
 

Data splitting is the process of dividing data into training data and testing data [23]. The training 
data is used to build a machine-learning model by learning the patterns in the data. The testing data 
is used to evaluate the machine learning model. This study divides the dataset into a ratio of 90% for 
training data and 10% for testing data. 

 
2.7 Multinomial Naive Bayes 
 

Multinomial Naive Bayes is a supervised learning algorithm for classifying or predicting class 
probabilities or data labels. This algorithm is often used because it is speedy in learning training and 
predictions [24]. The basic concept of Multinomial Naive Bayes is to study parameters by looking at 
each feature individually and calculating each feature's probability for each class [25]. Multinomial 
Naive Bayes has an alpha parameter to control the complexity and smoothing of the model. The 
higher the alpha value, the more smoothing is applied, and the simpler the model becomes [6]. 

 
2.8 Decision Tree 
 

Decision Tree is a popular algorithm in classification cases because it simplifies the representation 
of patterns [26]. This algorithm uses the tree concept, where nodes represent each attribute, leaves 
represent each class, and branches hold the values of each category [27]. Decision Trees are 
susceptible to overfitting, so research uses parameters to control the complexity of the Decision Tree 
model by setting max_depth (the depth of the decision tree) and adjusting the value of 
min_samples_leaf (the minimum number of samples required to be at a leaf node) [28]. 

 
2.9 Scenario 
 

There are four scenarios in this research using the Multinomial Naive Bayes and Decision Tree 
algorithms. The scenarios involve applying two feature extraction techniques, Bag of Words and 
Bigram, and the SMOTE method on the data. Table 4 displays the testing design for this study. 

 
Table 4 
The scenarios 
Testing Design Bag of Word Bigram SMOTE 

Scenario 1 ü û û 
Scenario 2 û ü û 
Scenario 3 ü û ü 
Scenario 4 û ü ü 

 
• Scenario one, the Multinomial Naive Bayes classification algorithm and Decision Tree are 

trained using a dataset that has implemented the Bag of Word feature extraction technique 
with a total of 4401 datasets. 

• Scenario two, the Multinomial Naive Bayes classification algorithm and Decision Tree are 
trained using datasets that have implemented the Bigram feature extraction technique with 
a total of 4401 datasets used.  
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• Scenario three, the Multinomial Naive Bayes classification algorithm and Decision Tree are 
trained using datasets that have been processed using the Bag of Word feature extraction 
technique and the SMOTE method. A total of 5505 datasets are used. 

 
2.10 Model 
 

Both algorithms have undergone tuning of their hyperparameters. Hyperparameter Tuning aims 
to find the optimal values for the hyperparameters to improve the model's performance. One 
commonly used method is Grid Search. Grid Search is an optimization technique that explores 
combinations of hyperparameter values by testing each combination of model parameters [29]. For 
the Multinomial Naive Bayes algorithm, the hyperparameter used is alpha. Meanwhile, the Decision 
Tree algorithm uses two hyperparameters, namely max_depth and min_samples_leaf. Table 5 
presents the results of the Grid Search for Multinomial Naive Bayes, and Table 6 shows the Grid 
Search for Decision Tree results. 
 

Table 5 
Grid search for Multinomial Naive Bayes 

Model PARAMETER Range Value GRID SEARCH 
Result 

Model 1 Alpha 0.01, 0.1, 0.5, 
0.9, 1.5, and 5.0 Alpha = 0.9 

Model 2 Alpha 0.01, 0.1, 0.5, 
0.9, 1.5, and 5.0 Alpha = 5.0 

Model 3 Alpha 0.01, 0.1, 0.5, 
0.9, 1.5, and 5.0 Alpha = 1.5 

Model 4 Alpha 
0.01, 0.1, 0.5, 
0.9, 1.5, 5.0, and 
5.5 

Alpha = 5.0 

 
Table 6 
Grid search for decision tree 
Model  PARAMETER Range Value GRID SEARCH Result 

Model 1 
Max_depth 100 - 120 Max_depth = 100 
Min_samples_leaf 11 - 20 Min_samples_leaf = 15 

Model 2 

Max_depth 160 - 170 Max_depth = 160 

Min_samples_leaf 11 -i 20 Min_samples_leaf = 11 

Model 3 

Max_depth 100 - 120 Max_depth = 100 

Min_samples_leaf 2 sampai 10 Min_samples_leaf = 9 

Model 4 

Max_depth 160 sampai 170 Max_depth = 160 

Min_samples_leaf 11 sampai 20 Min_samples_leaf = 11 
 

3. Results And Analysis 
 

The evaluation is to determine how well the model performs in classifying test data and identify 
whether the model is experiencing overfitting (where the accuracy of the train data is better than 
the test data) [30]. 
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3.1 Model Performance Multinomial Naive Bayes 
 

The accuracy results obtained in the testing scenarios for the Multinomial Naive Bayes algorithm, 
as shown in Table 7, indicate that Model 1, which uses the Bag of Words feature extraction, has a 
0.92% increase in accuracy on the training data and a 2.07% increase on the testing data compared 
to Model 3, which incorporates both the Bag of Words feature extraction and the SMOTE method. 
The study demonstrates that applying the SMOTE method on the Multinomial Naive Bayes algorithm 
using the Bag of Words feature extraction significantly improves accuracy from the testing data to 
the training data.  

In Model 2, which utilizes the Bigram feature extraction, there is a decline of -10.09% in accuracy 
on the training data and -6.97% in the testing data compared to Model 4, which combines the Bigram 
feature extraction with the SMOTE method. Model 1 and Model 3 show that they do not suffer from 
overfitting (where the training data accuracy is better than the testing data)—however, Model 2 
experiences overfitting with a difference of -1.10% between the training and testing. The research 
findings indicate that applying the Bigram feature extraction reduces the algorithm's performance. 

Model 4 experienced an increase in the accuracy of the test data by 2.02% compared to the 
accuracy of the train data. Model 3 shows that the model performs best by obtaining test data 
accuracy of 67.15% and data training of 65.04%. 

 
Table 7 
Result of accuracy Multinomial Naive Bayes 

MODEL 
Data 

 Difference 
Train Test 

1 (Bow) 64.12% 65.08% 0.96% 
2 (Bigram) 52.35% 51.25% -1.10% 
3 (Bow-SMOTE) 65.04% 67.15% 2.11% 
4  (Bigram-SMOTE) 42.26% 44.28% 2.02% 

 
3.2 Model Performance Decision Tree 
 

Table 8 shows the results of the accuracy of the Decision Tree algorithm resulting in Model 1 
using the Decision Tree algorithm with the application of the Bag of Word feature extraction 
compared to Model 3, which is the Decision Tree algorithm with the application of the Bag of Word 
feature extraction and the SMOTE method experienced a decrease in accuracy of -0.59% in train data 
and an increase in accuracy in test data of 3.11%. Model 2 is a Decision Tree algorithm model that 
applies a Bigram feature extraction compared to model 4, a Decision Tree algorithm that applies a 
Bigram feature extraction. The SMOTE method decreases accuracy on the train data by -4.44% and -
2.3% on test data. Model 1 shows that the model is not overfitting (where the accuracy of the train 
data is better than the test data). Model 3 shows that the model performs best by obtaining an 
accuracy test data result of 53.90%. 
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Table 8 
Result of accuracy decision tree 

MODEL 
Data 

Difference 
Train Test 

1 (Bow) 52.73% 50.79% -1.94% 

2 (Bigram) 37.73% 38.78% 1.05% 

3 (Bow-SMOTE) 52.14% 53.90% 1.76% 

4  (Bigram-SMOTE) 33.29% 36.48% 3.19% 

 
3.3 Comparison of Multinomial Naive Bayes and Decision Tree Model 
 

The comparison of the highest accuracy results from both models is presented in Table 9. Based 
on the accuracy results, the model that outperforms the others is the Multinomial Naive Bayes model 
with the application of the Bag of Words feature extraction and the SMOTE method, achieving an 
accuracy of 67.15%. In contrast, the Decision Tree model applying the Bag of Words feature 
extraction and the SMOTE method provides the highest accuracy of 53.90%. 

 
Table 9 
Comparison of accuracy Models 
Model Accuracy 
Multinomial Naive Bayes (Bag of Word dan 
SMOTE) 67.15% 

Decision Tree (Bag of Word dan SMOTE) 53.90% 
 
4. Conclusion  
 

This research compares the accuracy of two classification algorithms, Multinomial Naive Bayes 
and Decision Tree, by applying two feature extraction techniques, Bag of Words and Bigram, and 
using the SMOTE method to address imbalanced class data. 

The highest accuracy obtained from the Multinomial Naive Bayes model is 67.15%. This value is 
achieved when applying the Bag of Words feature extraction and the SMOTE method to handle 
imbalanced data. On the other hand, the Decision Tree model has the highest accuracy value of 
53.90%. 

The research findings indicate that applying the Bag of Words feature extraction yields higher 
accuracy than the Bigram feature extraction for both algorithms. Additionally, the SMOTE method 
effectively improves the performance of both algorithms when applied with the Bag of Words feature 
extraction, addressing the issue of imbalanced class data. However, the SMOTE method decreases 
the algorithms' performance when using the Bigram feature extraction. 

Thus, the Multinomial Naive Bayes model with the Bag of Words feature extraction and the 
SMOTE method can be more effective in emotion classification. 
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