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Emotion Classification Based On Public Opinion 
Analysis On Online News 

 
Ciptadi, Abba Suganda Girsang  

 
Abstract: Technological developments, especially on social media, allow online news readers to channel their opinions in the form of comments and 
reactions. Opinions given by readers are a great source of data that can be processed for the emotions of readers. This paper intends to classify 
emotions by comparing two classifiers, namely Naive Bayes and Logistic Regression. The dataset used in this study was taken from Indonesian online 
news detik.com which has eight class emotion.  This study has several experimental scenarios that is a combination of total comment and ratio. 
Because of the imbalance class data, this study uses the SMOTE oversampling technique. This study also shows that the use of SMOTE oversampling 
can improve classifier performance. The results of this study show that the accuracy achieved 55.43% for the Naive Bayes classifier and 65.95% for the 
Logistic Regression classifier after SMOTE. It can increase the accuracy up to 35%. 
 
Index Terms: Emotion classification, Indonesian news, Reader emotion, Smote oversampling   

———————————————————— 

 

1 INTRODUCTION 

There are differences in the measurement of authors opinion 
and public opinion. For example, a writer writes news articles 
about difficult farmer life and crop failure. The author's 
perception is the difficulty faced by farmers, does not mean that 
the reader will feel the same. Emotion classification is done from 
the processing of public opinion in a news article. This emotion 
classification has several applications, for example to provide 
appropriate content according to emotions in search engines [1]. 
Although there has been some research that conducts 
sentiment analysis of texts in Indonesian [2]–[5], research on 
the classification of emotions especially for Indonesian-
language is very few. Some researches in emotion classification 
on text requires an emotion ground truth to train a model. 
According to Binali and Potdar [6], there are four techniques on 
developing emotion model: corpus-based, knowledge-based, 
machine learning-based, and hybrid based approaches. 
Corpus-based approach focuses on using weighted score 
emotion lexicon was conducted by some researches [4], [7]–[9]. 
Yang [7] made an approach by using 40 emoticon set provided 
by Yahoo! Kimo Blog, which is then grouped into emotion 
classes by user vote. Roberts [8], in his research on Twitter, 
used list of hashtags as a topic reference. Perdana [4] used 
emoticon as emotion lexicon, while Sari [9] added additional 
hashtags and adjectives into emotion lexicon. Knowledge-based 
approach focuses on building emotion lexicon with previous 
research, as done by [10]–[12]. Mohammad [10] on his research 
built emotion lexicon based on crowdsourcing, then labelled into 
eight different emotion classes based on Plutchik’s wheel of 
emotions. Shaver [11] conducted the same research area, 
specifically Indonesian language, but only using five different 
basic emotions, which are then expanded into 31 different 
emotions. Bata [12] built an emotion lexicon with combination of 
Shaver’s lexicon [11] and Indonesia thesaurus.  
 
 
 
 
 
 
 
 
 
 
 
 

Other research to classify emotions with machine learning 
methods can be found in some papers as shown [2], [13]–[16]. 
Hidayatullah and A. Sn [2], [13] used labelled Twitter while 
Krebs [14] used Facebook gathered from posts and comments 
with reaction (like, love, haha, wow, sad, angry) as the ground 
truth. Li [16] conducted a research on Weibo microblogging with 
label annotated by readers. Hybrid-based approach is a 
combination of other approach mentioned. Bandhakavi [17] 
used a combination of machine learning-based and corpus-
based approach on building an emotion lexicon. Text 
categorization research focuses on processing the text into 
features which will be input into classifiers. Some of the popular 
features used are as follow: baseline feature [1], [3], [4], [12], 
[17]–[20], bag-of-words feature [1]–[3], [5], [8], [9], [14], [15], 
[17], [19], [21]–[25], and word embeddings feature [8], [14], [26], 
[27]. Putranti [3] used POS tagger to get adjective classes, 
adverbs, nouns, and verbs as word feature selections. Bata [12] 
combined the use of the lexicon dictionary and the Indonesian 
thesaurus to expand the lexicon size. Go [18] used the 
sentiment list provided by Twitter as the baseline feature. In 
addition,  POS and lexicon are also used in contextual features, 
namely by looking at the context of the sentence [17], whether it 
contains uppercase letters, elongated words (e.g. haaaapppyy), 
punctuation, emoticons, negation, and sentiment features. Lin 
[1] developed the combined the affix similarity and word 
emotions features for Chinese documents.  Pang [19] used 
some features obtained from the IMDB movie database, namely 
unigram, bigram, POS, and adjectives. Hidayatullah [2] 
compared the Term Frequency (TF) and TF-IDF features on 
twitter documents, concluding that the TF feature provides 
better results than TF-IDF. Wongso [15] combined the TF-IDF 
and Singular Value Decomposition (SVD) features in her 
research on Indonesian CNN news, concluding that the SVD 
feature has poor accuracy. Several other studies using TF-IDF 
as a bag-of-words feature: [9], [21]–[24]. In addition to the above 
features, Uguz [25] in his research used the Information Gain 
(IG) feature selection, discarding less important terms, and used 
the Principal Component Analysis (PCA) as a feature reduction. 
The word embedding features, proposed by Mikolov [28], is 
then widely used by other researches because of its word 
representation and better performance. Chang [26] used the 
word embedding feature to get 300 positive embeddings and 
300 positive embeddings. Yang [27] used the word embeddings 
obtained from two corpora: Spanish Wikipedia data and 
Spanish twitter data. Some classifiers that are generally used in 
text processing include: Naïve Bayes (NB) [1], [2], [4], [15], [19], 
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[29], Logistic Regression (LR) or Maximum Entropy [19], [29], 
and Support Vector Machine (SVM) [3], [23], [26], [29]. Nigam 
[29] compared NB and LR, concluding LR has a sensitivity to 
the selection of bad features and tends to overfitting, but the 
more the number of features, overfitting is not a problem. NB 
and LR have differences that are not too much, but sometimes 
LR has better performance than NB. Pang [19] compared the 
three algorithms and concluded that NB, LR and SVM is not 
significant different. However, the research conducted by 
Wongso [15] concluded that NB was better than SVM both in 
precision recall and execution time. Therefore, this study 
implements the NB and LR to classify emotion on news 
Indonesia. The benefits obtained from research on emotional 
classification include: knowing the emotions of readers about 
certain news topics; improve search results by providing search 
results to users about articles / content that have the same 
emotions; and predict the emotions of readers in news content 
that does not have a reaction poll feature.This research paper is 
written as follows. Section 2 provides a brief description of the 
related works techniques and methodologies used. Section 3 
describes the proposed method: dataset preparation, text pre-
processing, features used, and how the model is evaluated. The 
results of the experiment are written in section 4, and finally 
section 5 of the writer concludes from the results of the 
experiments that have been carried out and the research that 
will be carried out in the future. 
 

2 RELATED WORKS 

 
2.1 Text Processing 
The purpose of text preprocessing is to process text / 
documents that are "raw" into a form that is easier to process. 
Unstructured text will be converted into a more regular, simple, 
and less noise form so that it can be used for the next stage. 
This step is very crucial to get key / term features that can 
improve the relevance between words and documents and 
relevance between words and categories [30]. Even though 
there are no specific standards in doing text pre-processing, 
there are generally three steps: (1) tokenization: a step of 
dividing long text into smaller parts (tokens). The division into 
tokens is based on a separator character, such as whitespace 
characters (enter, tab, or space); (2) noise removal: the stage 
where the symbol character is removed from the document. 
For example: HTML tags, emoji symbols, and special 
characters; and (3) normalization: generally seen as a series 
of stages: turning text into lowercase letters, eliminating 
punctuation, and so on. Some series of normalization: (a) 
Stemming: changing words into basic words by removing add-
ons (for example: correcting become correct, moving become 
move) and (b) stop-words removal: removing words that are 
commonly found in a sentence (example: the, is, and at). 
Processing Indonesian text from social media is a challange, 
although the cleaning process has been carried out, not all 
words could be cleaned. These challanges include writing 
errors (typo), use of slang words, word abbreviations, and the 
use of other languages (for example: mother tongue). 
 
2.2 Term frequency – inverse document frequency (TF-
IDF) 
After going through the tokenization process, each term will be 
mapped into a matrix called document-term matrix (DTM). A 
DTM consists of lines containing document numbers and 
columns containing distinct terms. TF-IDF is a document 

weighting calculation that is widely used in information 
retrieval, is a combinaion of TF and IDF. TF measures how 
often a term appears in a document, while IDF measures how 
important a term is. Weighting using TF-IDF can be seen in 
the Eq. (1). 

  

           (     
 

   
)    (1) 

 
where      is the final weight value of term   in document  , 

      is the amount of term   occurred in document  , and     is 

the amount of terms  , and   is the total number of documents. 

 
2.3 Naïve Bayes Classification 
Naïve Bayes is a classifier that is based on statistical 
probability calculations, namely by calculating all possibilities 
by adding up the frequency and combination of values from 
the given dataset, which is formulated on Eq. (2). This 
algorithm considers all independent variables or no 
dependencies [31] and even when there are dependent 
variables, this algorithm is still an optimal classifier [32]. 

 

p(c| ) ≔
( ( ) ∑  ( | )  ( ) 

   )

 ( )
                                 (2) 

 
where p(c| ) is the probability of class c given document  , 

p(c) is the probability of class c, p( |c) is the probability of the 

occurrence of feature   given class c,   ( ) is the number of 
occurrences of the    feature in document  , m is the total 

feature, p (d) is the probability of the document  . 

 

3.1 Multinomial Logistic Regression 

Multinomial Logistic Regression or also called Maximum 
Entropy [33], is a probabilistic classifier that uses exponential 
class. Unlike the Naïve Bayes classifier, multinomial logistic 
regression does not assume all features are independent of 
one another, so that this classifier can be used to solve text 
classification problems such as language detection, topic 
classification, and sentiment analysis. Classifier Multinomial 
Logistic Regression is slower than Naïve Bayes, but the 
results are robust and good in terms of CPU and memory 
usage [33]. Multinomial logistic regression equations can be 
seen in Eq. (3). 

 

 p(c|  λ)  
   [∑     (   ) ]

∑    [∑     (   ) ]  
   (3) 

. 
where p(c|  λ) is the final value of logistic regression, c is the 
emotional class,   is a news document,   is a feature. λ is the 

weight of a feature, the higher it indicates that the feature is 
more important, while the smaller the value of λ indicates that 

the feature is less important. 
 

3.2 Synthetic minority over-sampling technique (SMOTE) 

SMOTE is an oversampling technique proposed by Chawla 
[34]. SMOTE algorithm applies K-NN approach where it 
selects K nearest neighbors, joins them and creates the 
synthetic samples in the space. The algorithm takes the 
feature vectors and its nearest neighbors, computes the 
distance between these vectors. The difference is multiplied by 
random number between (0, 1) and it is added back to feature. 
Some examples of imbalanced dataset are (a) fraud detection: 
where many fraudulent transactions are far less with non-
fraudulent transactions and (b) rare disease predictions: where 
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the patient's case who experience this are very few. 
 

3.3 Cross Validation 

Cross validation is a model validation technique to determine 
whether the model created can be used in other datasets, or 
can be referred to as generalization [34]. In cross-validation, 
the number of folds is selected then partitioning the same size 
in the dataset [35]. The first part is used as testing, the rest is 
used as training. This process is repeated as much as the 
number of folds. For example for 5-fold Cross Validation, 
where the entire dataset is divided into 5 parts. In the first 
iteration, the first part was used as a test set, the rest was 
used as a train set. Second Iteration, the second part is used 
as a test set, the rest is used as a train set, so on until the fifth 
iteration. The 5-fold Cross Validation illustration can be seen in 
Fig. 1. 

 

 
 

Figure.1 The illustration of 5-fold cross validation 
 

3 PROPOSED METHOD 

 

3.1 The Concept 

The proposed research method can be seen in Fig. 2. At the 
data preparation stage, data will be obtained through crawling 
from online news websites, then the data will be stored in the 
database. In the preprocessing stage, the dataset will then be 
applied to tokenization, noise removal, and normalization 
(stemming and stop words removal). The goal is to remove 
noisy data that can affect the accuracy of the model. The next 
step is features determination, which is determining what 
features will be used to form the model. Basic features such 
as news metadata (title, tags, number of votes), total 
comments, and reader comments will be used. Then the 
textual features will be mapped into bag-of-words. The fourth 
stage is the stage of building the model, using a 5-fold cross 
validation validation technique. The dataset will be divided into 
four parts training sets and one testing set section. Training 
data that is imbalanced will be oversamped using the SMOTE 
oversampling technique. The machine learning algorithm that 
will be used is Naive Bayes and Logistic Regression. The 
model that has been formed will be tested for accuracy with 
data testing. This stage will be repeated again four times, 
following the cross validation rules as mentioned in section 2. 
Finally, each performance scenario will be analyzed. 
  

3.2 Dataset 
The data used in this experiment is taken from the online news 
https://www.detik.com/ through a crawling process with the 
period taken between January 1st, 2017 to December 31st, 
2017. According to data from the alexa.com website ranking, 
detik.com is the largest online news portal in Indonesia for the 
Indonesian Online News category. It shows detik.com as the 
number one news portal with the number of daily time on site 
is 10 minutes 46 seconds, the daily pageviews per visitor is 
5.93, % of traffic from search is 20.80%, and the total site 
linking in is 82,959. Detik.com website allows visitors to read 

news content and submit their opinions through comments 
and polling section. The opinions expressed by readers make 
this website interesting to do emotion classification based on 
reader opinions. Data retrieval was done using website 
crawling process. The components crawled include news 
metadata (such as title, author, tags), reader comments, and 
reader reactions. News content is not taken because the aim 
of this research is to analyze the opinions of readers. Readers' 
reactions provided include senang (happy), terhibur 
(entertained), terinspirasi (inspired), bangga (proud), terkejut 
(surprised), sedih (sad), takut (scared), and marah (angry) as 
seen in Fig. 3. 

 
 

Figure 2. The proposed Method 
 

 
 

Figure.2 Detik.com reaction icon that readers can vote 
 

In total, there were 101814 articles collected, with 71066 
(69.80%) articles having no reaction. This can be caused by 
no reader giving a reaction, or there are two or more reactions 
having the same value. A total of 30748 documents that had 
reactions were divided into emotions as follows: happy 
reaction: 9760 (9.59%), angry reaction: 8393 (8.24%), 
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comforted reaction: 4127 (4.05%), sad reaction: 2758 (2.71%), 
reaction proud: 2541 (2.5%), inspired reaction: 1387 (1.36%), 
shocked reaction: 1031 (1.01%), and fear reaction: 751 
(0.74%). Although many documents do not have a reaction, 
they cannot be included in this study, therefore the document 
will be excluded from the dataset. Statistics about the 
distribution of reaction of documents that have been crawled 
can be seen in Fig. 4. 

 

 
 

Figure.3 Distribution of detik.com news reactions crawled 
 

Looking at the news reaction distribution, the reaction 
distribution is imbalanced. To overcome this, in this study 
oversampling techniques will be conducted on minority data by 
using Synthetic Minority Over-sampling Technique (SMOTE) 
[34]. With this technique, it is expected that the built model can 
make more accurate predictions for minority classes. 
Document reaction will be used as a label / ground truth in this 
study. Because the label is in a document-level position, all 
reader comments will be assumed to be the same as the 
document reaction. Although in a document not all comments 
refer to one emotion, therefore the authors propose ways to 
overcome this problem in the features subsection. 
 

3.3 Features Determination 

The features used in this experiment include titles, tags, 
voters, total comments, ratios, and comments. The title feature 
is a news / document title, the unigram method will be used. 
Feature tags are tags that are listed at the end of the 
document that labels other documents that have the same 
topic, for this feature the unigram method is used and only 
contains a value of 0 or 1. The voters feature is the number of 
readers who vote on the document. The total comment feature 
states how many comments on a document. The reaction rate 
of the reader is also strongly influenced by the number of 
comments given by the reader. The greater number of 
comments will express the interest of the reader with the news 
that is read, so most comments posted are comments that 
follow the highest reaction. The ratio feature is the difference 
between the two highest reactions. The authors assume that 
the further the highest reaction difference with other reactions, 
the reader’s comments will also be more inclined to the 
reaction. For example, if the top 2 highest reactions are happy 
(60%) and proud (20%), then the ratio is 60% - 20% = 40%, 
will be better than happy reactions (50%) and proud (40%).  
The comments feature is a collection of all comments on a 
document in text form. The reader comments, which have 
gone through the pre-processing stage, will be taken the 
unigram feature then mapped to the document term matrix 
using Term Frequency - Inverse Document Frequency (TF-

IDF). 
 

Table 1. Number of documents for each ratio and total 
comments 

 

Ratio 

Total Comments 

#  Docs 

>=0 >=10 >=20 >=30 >=40 

>= 0 26623 12979 8023 5700 4267 

>=10 26034 12456 7607 5372 4009 

>=20 24186 11130 6739 4773 3582 

>=30 21414 9514 5792 4137 3137 

>=40 18144 7862 4815 3458 2625 

>=50 16568 6730 4057 2913 2194 

>=60 13994 5081 2985 2136 1630 

>=70 12118 3726 2066 1440 1073 

>=80 10908 2724 1315 860 607 

>=90 10369 2243 930 558 378 

>=100 10325 2201 892 522 348 

 
In the research conducted, the feature selection used is by 
adjusting the ratio and total comments features. The higher 
ratio value, the emotional sentiment will be clearer (unbiased), 
and the higher the total comment value, the more terms the 
emotional class will have. The values that will be used for the 
ratio features are 0, 10, 20, 30, 40, 50, 60, 70, 80, 90, and 
100, while the values for the total comment features are 0, 10, 
20, 30, 40. Because of the limited datasets that are owned, 
this study does not include a ratio and total comment that 
exceeds the value of 50. For the future, a combination of total 
comments and ratios will be referred to as scenario, for 
example scenario C010+R050 is a combination of total 
comment 10 and ratio 50. Table 1 shows the distribution of 
document for each scenario. The higher the ratio value and 
the total comments, the less the number of filtered documents. 
This certainly reduces the number of documents significantly 
especially for minor classes such as fear classes. 
 

4 RESULTS 

To assess the results of this study, several assessments will 
be used such as a comparison of accuracy scores, recall, and 
f-score. In addition, the performance results will be displayed 
before and after the implementation of SMOTE. This section 
consists of three parts analysis. The first analysis is seen from 
the accuracy assessment, how the accuracy score obtained 
for each scenario. The second analysis is seen from the recall 
assessment, in the scenario of whether the recall score is the 
most optimal, and where the recall score for each emotion 
class is at the optimal value. The third analysis is seen from 
the f-score assessment, which is widely used in text 
classification, how the f-score value for each scenario is 
performed. 
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4.1 Analysis on Accuracy 

 

 
 

Figure. 4 Accuracy scores before and after implementation of 
SMOTE 

 
Fig. 5 shows that the use of SMOTE in the classifier does not 
significantly affect the accuracy produced by the classifier. For 
Logistic Regression classifiers, the highest score 68.45% is 
obtained using SMOTE in the C050+R060 scenario, while 
highest Non-SMOTE score is 66.22% in the C050+R040 
scenario. For the Naïve Bayes classifier, the highest score 
after SMOTE was 56.08% in the C050+R040 scenario, while 
the highest score before SMOTE was 55.24% in the 
C050+R060 scenario. The classification allows having a poor 
accuracy score for the ratio values close to 0 and 100 and 
allows to have good accuracy values to calculate the ratio 
approaching 40 and 60. 

 

4.2 Analysis on Precision 

 
 

Figure. 5 Precision scores before and after SMOTE 
 

Precision is the number of observations that are 
successfully predicted divided by all positive predictions. 
Fig. 6 shows that the highest precision score is 56.46% in 
the C030+R010 scenario for the Logistic Regression 
classifier before SMOTE is performed, while the Naïve 
Bayes classifier shows the worst precision score. In the 
scenario after SMOTE, the C040+R040 scenario recorded 
the highest precision scores for both classifiers, namely 
38.25% for Logistic Regression and 32.77% for Naïve 
Bayes. 
 

Table 2. Precision scores for C040+R040 scenario 
 

Class 

Logistic Regression Naïve Bayes 

Non-
SMOTE 

SMOTE 
Non-
SMOTE 

SMOTE 

Proud 38.46% 38.07% 0.00% 23.43% 

Angry 64.23% 76.50% 53.22% 76.42% 

Sad 0.00% 26.79% 0.00% 20.00% 

Happy 68.45% 64.27% 0.00% 53.56% 

Afraid 0.00% 0.00% 0.00% 0.00% 

Amused 73.27% 54.55% 0.00% 46.58% 

Inspired 0.00% 33.33% 0.00% 31.03% 

Surprised 0.00% 12.50% 0.00% 11.11% 

Average 30.55% 38.25% 6.65% 32.77% 

 
Table 2 shows in detail the precision scores for each emotion 
class. Prior to SMOTE, the Logistic Regression classifier had 
an average precision score of 30.55% with the amused class 
as the highest precision score, namely 73.27%, but failed to 
classify for sad, afraid, inspired, and surprised classes. The 
Naïve Bayes classifier has a very poor average precision 
score, which is only 6.65%, and fails to classify all classes 
except angry classes. After applying SMOTE, it was seen that 
precision scores were more balanced for each class. The 
Logistic Regression classifier produces an average precision 
score of 38.25% and the Naïve Bayes classifier produces an 
average precision score that is better than before SMOTE, 
which was 32.77%. In addition, after the SMOTE, the Naïve 
Bayes classifier successfully classifies almost all classes 
except the afraid class. From the results of this precision, the 
authors concluded that the Logistic Regression classifier is 
better than the Naïve Bayes classifier. 
 

4.3 Analysis on Recall 

Fig. 7 shows the recall / sensitivity results for each scenario. 
Unlike the measurement of accuracy scores, there is a 
difference in recall scores before and after the SMOTE 
application. For Logistic Regression, the best recall score is 
36.48% obtained at C040+R040 scenario after SMOTE. For 
Naïve Bayes, the best recall score is obtained when the C040 
+ R040 scenario is 39.14%. For the average recall score, the 
Naïve Bayes classifier outperformed Logistic Regression with 
a difference in recall score of 2.66%. Table 3 shows in detail 
for each class of emotions. The recall score before SMOTE 
(Non-SMOTE) tends to side with the majority class and ignore 
the minority class. In this study the majority class is angry 
class and minority class is afraid, as shown in the Logistic 
Regression classifier with the  

 
 

Figure. 6 Recall scores before and after SMOTE 
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largest recall score is 95.63% for angry class and the Naïve 
Bayes classifier with the biggest recall score is 100% for the 
angry class. The Logistic Regression classifier failed to 
classify the fear, inspired, and surprised class, while the Naïve 
Bayes classifier failed to classify all classes except angry 
classes. 

 
Table 3. Recall scores for C040+R040 scenario 

 

Class 

Logistic Regression Naïve Bayes 

Non-
SMOTE 

SMOTE 
Non-

SMOTE 
SMOTE 

Proud 2.87% 43.10% 0.00% 58.05% 

Angry 95.63% 80.17% 100.00% 63.56% 

Sad 0.00% 35.71% 0.00% 50.00% 

Happy 47.58% 56.29% 0.00% 43.71% 

Afraid 0.00% 0.00% 0.00% 0.00% 

Amused 21.70% 54.55% 0.00% 49.85% 

Inspired 0.00% 15.38% 0.00% 34.62% 

Surprised 0.00% 6.67% 0.00% 13.33% 

Average 20.97% 36.48% 12.50% 39.14% 

 
After applying SMOTE, the recall score generated by the 
classifier is better than before the SMOTE. There was a 
decrease in recall scores for the majority class, but an 
increase in the recall score for other classes. This implies that 
after the implementation of SMOTE, classifiers no longer tend 
to side with the majority class, but also better in classifying for 
other classes. After the implementation of SMOTE, the Naïve 
Bayes classifier had an average recall value that was better 
than Logistic Regression, which was 39.14% compared to 
36.48%. 
 

4.4 Analysis on F-Score 

 
Figure. 7 F-score before and after SMOTE 

 
F-score is a calculation of the harmonic mean between 
precision and recall. Fig. 8 shows that the classifier has a 
better f-score after SMOTE. 

 
 
 
 
 
 
 
 
 
 
 

Table 4. F-score for C040+R040 scenario 
 

Class 

Logistic 
Regression 
(proposed) 

Naïve Bayes 
(proposed) 

SVM 

Non-
SMO
TE 
(%) 

SMOTE 
(%) 

Non-
SMO
TE 
(%) 

SMOT
E 

(%) 

Non-
SMO
TE 
(%) 

SMOTE 
(%) 

Proud 5.35 40.43 0.00 33.39 0 27.21 

Angry 
76.8
5 

78.29 
69.4
7 

69.40 
55.2
1 

70.35 

Sad 0.00 30.61 0.00 28.57 0 25.32 

Happy 
56.1
4 

60.02 0.00 48.13 
39.7
9 

56.87 

Afraid 0.00 0.00 0.00 0.00 0 0 

Amuse
d 

33.4
8 

54.55 0.00 48.16 40 51.65 

Inspired 0.00 21.05 0.00 32.73 0 21.62 

Surpris
ed 

0.00 8.70 0.00 12.12 0 9.45 

Harmon
ic Mean 

24.8
7 

37.35 8.68 35.67 15 29.16 

 
The Logistic Regression classifier produces the highest f-
score of 37.35% in the C040+R040 scenario, while the Naïve 
Bayes classifier produces the highest f-score of 35.67% in the 
same scenario, C040+R040. It can be concluded that the 
Logistic Regression classifier is better than the Naïve Bayes 
classifier. Table 4 shows the detail of f-score for the C040 + 
R040 scenario for each emotional class. Besides showing the 
results of proposed method (LR and NB), this table shows the 
result of using SVM  both using SMOTE and Non-SMOTE. 
Just like the recall score, before the SMOTE was conducted, 
the classifier tends to side with the majority class, that is the 
class with the most amount of data. The Logistic Regression 
classifier fails to classify for sad, scared, inspired, and 
shocked classes. Likewise, SVM gives the same results 
except in proud class. In  Naïve Bayes classifier, this classifier 
fails to classify all emotion classes except anger. After the 
application of SMOTE, there was an increase in f-score for 
both classifiers. The resulting F-score looks more evenly for 
each class of emotion and does not side with the majority 
class. The Logistic Regression classifier shows an increase in 
the f-score for all emotional classes, with the angry class 
having the highest f-score, which is 78.29%. Likewise, the 
Naïve Bayes classifier has a high increase in f-score before 
and after the application of SMOTE, which is the difference in 
f-score of 26.99%. From these results, the authors concluded 
that the amount of unbalanced data will affect the performance 
of the classifier and the difference is very noticeable for the 
Naïve Bayes classifier. 
 

5 CONCLUSIONS 

This paper classifies emotions obtained from comments on 
Indonesian-language online news with emotional reactions as 
ground truth. The features used in this study include titles, 
tags, voters, total comment, ratio, and comments. The 
classifier used is Naïve Bayes and Logistic Regression by 
using the total comment and ratio as the threshold. After the 
experiment was conducted, the authors concluded that (1) on 
unbalanced data, oversampling SMOTE improves classifier 
performance especially in classifying minority classes, (2) 
Logistic Regression classifier, which assumed that each 
variable was not independent, a better classifier for emotion 
classification than Naïve Bayes, which assumes that each 
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variable is "naïve", and (3) the most optimal threshold value is 
in the C040+R040 scenario, which is when the total comment 
is 40 and the ratio is 40. For further research, the classification 
of emotions can be conducted in more than one online 
Indonesian news source. Especially in the selection of other 
features, the number of datasets used, and the use of other 
state-of-the-art methods, such as word embeddings. 
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