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Abstract−Social media are a platform for people to express their opinions on various topics, one of which is Twitter. Movie reviews 

are a frequently found topic on Twitter that contains a person's opinion of a movie that has been watched. But since opinions are 
subjective, it is difficult to determine an accurate assessment of a movie. In addition, the diverse aspects of a movie make it difficult 

to judge whether a review is positive or negative. Referring to that problem, a method is needed to perform sentiment analysis of 

the problem to be used as an analysis in increasing audience satisfaction with films in the future. In this study, sentiment analysis 

of movie reviews was carried out based on aspects of plot, acting, and director. This research also performs classification using a 
CNN model and combines several techniques, that is TF-IDF feature extraction, FastText feature expansion, and SMOTE to 

calculate the accuracy value and F1-Score. The final results obtained in this study are in the aspect of the plot getting an accuracy 

of 73.81% (+12,22%) and F1-score 73.72% (+15,93%), the acting aspect obtaining an accuracy value of 89.30% (+0,54%) and F1-

score 89.26% (+50,80%), and in the aspect of the director having an accuracy of 87.37% (+0,28%) and F1-score 87.35% (+84,39%). 
Based on these results, each application of techniques such as TF-IDF, FastText, and SMOTE can increase the accuracy value and 

F1-Score of the model built.  
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1. INTRODUCTION 

The internet is commonly used by people to access social media. Social media is a platform that builds networks 

between users by sharing information such as text, videos, photos, audio, or sentiment information [1][2]. One of the 

benefits of social media can be used in improving the quality of products or movies through reviews [2]. Social media 

is used as a means to express their perspective on various topics discussed such as on the Twitter application. The 

Twitter application allows users to show their interest by sharing opinions about the knowledge they have, such as 

giving reviews of movies [3]. Movie reviews are someone's opinion in giving an assessment of the movie that has 

been watched. With movie reviews, filmmakers can use these reviews as evaluation material in making better movies 

[4]. However, the large number of reviews resulted in discrepancies in assessments of the movie [5]. In addition, a 

movie review can include several aspects of a movie such as plot, acting, and director aspects [5][6]. This creates 

difficulties in determining whether a review tends to be a positive or negative opinion. Therefore, a study is needed to 

help classify opinions on this problem. The classification results in this study can be used as analytical material in 

making films so as to increase audience satisfaction. 

Sentiment analysis is a technique for classifying and evaluating individual opinions based on the emotions 

contained in a person's subjective information [7][8]. Sentiment analysis detects opinion polarity by classifying 

positive, negative, or neutral opinions depending on the words used. Sentiment analysis can be applied at several 

levels, one of which is the aspect level by identifying sentiment on certain aspects [7]. In this research, it focuses on 

aspect-based sentiment analysis by identifying sentiments on aspects of plot, acting, and director in movies. Sentiment 

analysis can be done using deep learning techniques, which are part of machine learning. One of the algorithms used 

in deep learning is Convolutional Neural Network (CNN) which has independent computational analysis capabilities 

[9]. 

Some previous research has been done on sentiment analysis, especially using CNN classification and word 

embedding methods. Research [6] used Naïve Bayes on a movie review dataset to analyze sentiment based on aspects. 

The aspects used in this research are screenplay, music, acting, plot, movie, and direction. The Naïve Bayes method 

produces the highest accuracy value of 79.372%. Another study in 2020 [10], compares various methods such as 

CNN, Naïve Bayes, SVM, and ANN in analyzing sentiment based on aspects. The dataset used is movie reviews. The 

results stated that the CNN method obtained the best accuracy value of 72.17%. Research in 2020 [11] also uses the 

CNN method with Word2Vec feature extraction in analyzing sentiment based on aspects. The dataset used is a review 

of bukalapak.com online stores with the classification of aspects, that is accuracy, quality, service, price, packaging, 

and delivery. This research resulted in an accuracy of 85.54%. While in research [12] comparing the performance of 

word embedding, that is Word2Vec, Glove, and Fasttext in classifying text using the CNN method, it was concluded 

that FastText produced better performance. In research [13] using the CNN method in sentiment analysis. This 

research uses word embedding, i.e., Word2Vec, FastText and GloVe. The dataset used comes from Twitter social 

media in a product review. It was concluded that the CNN method using FastText has a higher F-measure value, i.e., 

in the skip-gram scheme of 91.6% and the CBOW scheme of 86.3%.  

Another study conducted in 2022 [14], Sukma and Erwin discussed sentiment based on aspects by applying 

TF-IDF as feature extraction and FastText as feature expansion to improve performance on the NBSVM classification 
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model. The research resulted in an F1-score of 91.24% on the signal aspect and 88.75% on the service aspect by 

applying SMOTE in overcoming unbalanced data labeling. And in other aspect-based sentiment research [15] 

Alhakiem and Erwin in 2022, applied TF-IDF feature extraction and FastText feature expansion to logistic regression, 

then overcame unbalanced data by using SMOTE. It was concluded that by using SMOTE, F1-Score increased by 

3.33% in the signal aspect and 12.91% in the service aspect. In research [16] using the SVM method in aspect-based 

sentiment. The dataset used is tweet data related to products from Telkomsel with signal and service aspects. This 

study uses TF-IDF feature extraction, as well as FastText as feature expansion using a corpus of tweets, Indonews, 

and a combination of tweet corpus and Indonews. In this study, the problem of unbalanced datasets was handled using 

SMOTE. The results obtained are this research produces an F1-score of 95.93% in the signal aspect and 94.53% in 

the service aspect. Meanwhile research in 2022 [17], Rimdani and Erwin implemented the Gradient Boosting Decision 

Tree classification technique with SMOTE and Random Undersampling on signal and service aspects. The results of 

this study show that the use of SMOTE can produce the best performance value compared to Random Undersampling. 

The final performance value obtained is the F1 score for the signal aspect of 96.035%, an increase of 25.260%, and 

the F1 score for the service aspect of 90.256%, an increase of 27.918%. Also in research [18], Aditya and Erwin 

carried out an aspect-based sentiment analysis on Twitter by applying the Glove feature expansion to the Random 

Forest classification. The accuracy value obtained on the signal aspect is 80.37% and on the service aspect is 80.12%. 

The usage of the GloVe feature expansion is also able to increase the accuracy value by 13.15% in the signal aspect 

and 5.37% in the service aspect. 

Based on previous research, these studies have not implemented a sentiment analysis based on movie aspects 

using CNN with added the FastText feature expansion. Therefore, in this research conducted a sentiment analysis 

based on the movie aspect using the CNN classification model with TF-IDF feature extraction and FastText feature 

expansion. In addition, unbalanced dataset labeling is handled using SMOTE to maximize the performance of the 

model.  
This research aims to analyze sentiment based on aspects such as plot, acting, and director using the CNN 

method and FastText feature expansion by overcoming data imbalance using SMOTE. The results of this study 

provide accuracy and F1-Score values for each aspect as well as an analysis of the effect of FastText feature expansion 

on the resulting accuracy. The problem limitation in this research is that the dataset used is Indonesian language movie 

review tweet data, and the method used is FastText feature expansion and CNN classification algorithm. The aspects 

used in this study are based on the movie review tweet data that has been collected i.e., plot, acting, and director. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages 

This research was conducted based on the stages shown in the flowchart in Figure 1. 

 

Figure 1. Flowchart of sentiment analysis based on aspects using CNN 
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Figure 1 is a flowchart of conducting sentiment analysis based on aspects using the convolutional neural 

network (CNN) method with a case study of movie reviews originating from Twitter. 

2.2 Data Collection 

The data collection stage is carried out using the Python module, snscrape. The dataset used comes from Twitter social 

media in the form of tweets using keywords as sentiment labels. Table 1 shows keywords based on movie title reviews 

based on aspects of plot, acting, and director. The dataset is then stored in Pickle Dataframe (.pkl) format. The number 

of datasets collected is 17,247 data. 

Table 1. Keywords and Aspects of Movie Reviews 

Category Aspect Keywords 

Plot plot, cerita, alur, jalan cerita, dialog, ending, skrip 

Acting acting, aktris, actor, pemeran, pemain, karakter, performansi 

Director sinematografi, director, pembuatan film, penyutradaraan, sinematik, director 

Table 1 shows the keywords used in crawling data. Keywords that are used more than one and contain 

information related to each aspect. 

2.3 Labeling 

Labeling is done manually on each tweet in the dataset that has been collected for use in the classification process. 

Data labeling is done based on aspects of movie reviews i.e., plot, acting, and director. Table 2 shows the number of 

sentiment labels on each aspect. 

Table 2. Number of Sentiment Labels for Each Aspect 

Category Aspect Positive Neutral Negative 

Plot 6999 6566 3682 

Acting 2907 13770 570 

Director 1907 14753 587 

Based on Table 2, Sentiment labeling is done by giving label 1 if the discussed aspect is positive, label -1 if 

the discussed aspect has a negative sentiment, and label 0 if the discussion of an aspect is considered neutral. 

2.4 Preprocessing 

The data that has been taken from tweets is still raw data that needs to be cleaned to be used in the next stage. At this 

stage, the following preprocessing is carried out: 

a. Cleansing Data: Data cleaning is carried out at this stage to remove emojis, numbers, punctuation marks, symbols, 

hashtags, URLs, and mentions because the classification stage is not needed. 

b. Case Folding: The case folding stage aims to homogenize the text by converting uppercase letters into lowercase 

letters. 

c. Tokenization: The tokenization process is carried out to convert sentences in tweets into a collection of tokens or 

a collection of word fragments that are entered into an array. 

d. Stopword Removal: This stage aims to select and retrieve important words. Generally, words with a large number 

of occurrences will be considered unimportant words. 

e. Stemming: Stemming is the process of converting words that contain affixes into their base words. 

2.5 Feature Extraction TF-IDF 

TF-IDF is used as a feature extraction that aims to convert words that have gone through the preprocessing stage into 

a number vector form. TF-IDF (Term Frequency Inverse Document Frequency) functions to extract word features 

based on the frequency of occurrence of words and provide word weights in documents [19]. Calculating the frequency 

of words that often appear in documents can be calculated using (1) TF (Term Frequency) [20]. 

𝑇𝐹(𝑡, 𝑑) =  
𝑐𝑜𝑢𝑛𝑡(𝑡)

𝑐𝑜𝑢𝑛𝑡(𝑑)
        (1) 

The greater the TF value, the more often the word appears in the document. As for (2) IDF (Inverse Document 

Frequency) functions to calculate the importance of a word, the higher the IDF value indicates that the word is not 

common or rarely used in documents. But the lower the IDF value explains that the word is commonly used. 

𝐼𝐷𝐹(𝑡, 𝐷) =  𝑙𝑜𝑔
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝑡
     (2) 

Based on this formula, (3) TF-IDF can be formulated as follows. 

𝑇𝐹 − 𝐼𝐷𝐹 (𝑡, 𝑑, 𝐷) =  𝑇𝐹(𝑡, 𝑑) ×  𝐼𝐷𝐹(𝑡, 𝐷)      (3) 
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𝑡 is the number of occurrences of each word in all documents, d is the number of documents containing that word, 

and D is the total number of documents. 

2.6 SMOTE 

Based on table 2, it can be seen that the data used is not balanced between classes. Therefore, the Synthetic Minority 

Over-sampling Technique (SMOTE) method is used, which is a data resampling technique to overcome unbalanced 

data. SMOTE works by creating synthesized data based on minority classes in the cluster [21][22]. The class with the 

least number will be resampled by SMOTE so that the class is close to or equal to the number of the largest class. 

2.7 Feature Expansion FastText 

FastText is one of the word embedding methods that create word vectors or performs text classification, as well as 

overcoming time problems in model training [23][24]. FastText enables the identification of undefined word vectors 

by taking into account subword information in word embedding and constructing word vectors as n-grams of 

characters [25][26]. In simple terms, when performing model training and the input word is not identified, the word 

is grouped into n-grams to identify its vector insertion [23]. 

In this research, the FastText model is used to perform the feature expansion process using the gensim module. 

The FastText model used includes a corpus or collection of words taken from movie and news review datasets. The 

corpus used in this research is a tweet corpus, Indonews corpus, and a combination of Indonews and tweet corpus. 

The corpus can be used to determine the similarity of a word. An example of similiarity can be seen in Table 3. 

Table 3. Example similarity of the word "sinematografi". 

 

 

 

 

 

 

 

 

 

 

 

 

Based on Table 3, it shows the ranking of the similiarity of the word "sinematografi" from 1 to 10. The highest 

rating indicates the word is very similar to the word "cinematography". After the corpus and similarity are obtained, 

the next step is to expand the features by replacing the 0-vector in the feature extraction with the similarity vector of 

the searched word [27]. 

2.8 Split Data 

At this stage, data is separated into train data and test data. Train data is data that will be used to train and find the best 

CNN model, while test data is used for CNN classification testing. Split data is done with more train data than test 

data. The comparison of train data and test data in this study used a ratio of 90:10, 80:20, and 70:30. 

2.9 Classification with Convolutional Neural Network 

A convolutional neural network (CNN) is a deep learning type of artificial neural network. Generally, CNN is utilized 

for computer vision purposes to perform image classification, but CNN has good performance in text classification 

[28]. If in image classification the input is an image, then in text classification on CNN the input is a word vector 

generated by word embedding [29]. In performing classification on text, the CNN model has four parts namely the 

embedding layer, convolutional layer, pooling layer, and fully connected layer. The structure of the CNN model can 

be shown in Figure 2. 

 

Figure 2. CNN model structure 

Rank Features 

1 cinematografi 

2 sinematografer 

3 biografi 

4 visual 

5 cinematograpy 

6 koreografi 

7 cinematography 

8 bank 

9 sinematik 

10 visinema 
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Figure 2 is the structure of the CNN model, and the following is the definition of parts in the CNN model 

[30]: 

a. Embedding layer: The word vector matrix is sorted from top to bottom based on the words in the sentence. The 

matrix is defined as m × n if a sentence has m words and the dimension of the word vector is n. 

b. Convolutional layer: The previous layer obtains multiple feature maps using a convolution operation. Each 

convolutional window is defined as k × n, k being the number of longitudinal words and n being the dimension of 

the word vector. Then this layer generates a group of feature maps with one column. 

c. Pooling layer: This layer is also called the sub-sampling layer. Its function is to reduce the size of the input data 

by max-pooling by taking the largest value of the input data. 

d. Fully connected layer: This layer is the last layer that is generally connected to the other fully connected layers 

and its output is the probability distribution of the labels. 

After labeling, preprocessing, feature extraction, feature expansion, and split data, the classification will be 

carried out using Convolutional Neural Network (CNN). The results issued at this stage are sentiment models that 

classify opinions into negative, neutral, and positive. 

2.10 Performance Evaluation 

The performance evaluation process is performed on each trial and calculated using the confusion matrix. The 

confusion matrix describes the amount of test data that is correctly classified and misclassified by the model [31]. The 

confusion matrix is generally made in the form of a table, as in Table 4 [32][33].  

Table 4. Confusion Matrix 

Actual Class 
Prediction Class 

Positive Prediction Negative Prediction 

Actual Positive TP FN 

Actual Negative FP TN 

Based on Table 4, True Positive (TP) is a positive class that is correctly predicted as a positive class, False 

Positive (FP) is a negative class that is incorrectly predicted as a positive class, False Negative (FN) is a positive class 

that is incorrectly predicted as a negative class, and True Negative (TN) is a negative class that is correctly predicted 

as a negative class. By using a confusion matrix, we can calculate performance measurements such as (4) accuracy, 

(5) precision, (6) recall, and (7) F1 Measure. The following is the formula for calculating system performance: 

a. Accuracy is a calculation of the ratio of correctly predicted data (positive or negative) and compared to all data. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
        (4) 

b. Precision is the ratio of data predicted to be true positive and compared to the overall result of data predicted to be 

positive. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
        (5) 

c. Recall is the ratio of predicted true-positive data to all true-positive data. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
         (6) 

d. F1 Measure is a weighting that considers precision and recall values. 

𝐹1 𝑀𝑒𝑎𝑠𝑢𝑟𝑒 =  
2 ×(𝑅𝑒𝑐𝑎𝑙𝑙 ×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
       (7) 

3. RESULT AND DISCUSSION 

In this study, testing was carried out which was divided into four scenarios using a classification model built by CNN, 

that is: 

a. The first scenario tests using the baseline. 

b. The second scenario performs baseline testing by adding TF-IDF feature extraction. 

c. The third scenario adds TF-IDF feature extraction and FastText feature expansion. 

d. The fourth scenario applies SMOTE to address unbalanced data. 

Each scenario uses the CNN classification model and executes the program 5 times. The test results of each 

scenario are in the form of average accuracy and F1-Score values. 

3.1 Evaluation Results 

The first scenario was tested to find a baseline model using CNN classification. The dataset used in the test amounted 

to 17247 movie review data with a train size and test size ratio of 90:10, 80:20, and 70:30. The results of this test 

obtained the average accuracy value for each aspect as shown in Table 5. 
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Table 5. CNN baseline test results 

Category Aspect 

Test Size 

90:10 80:20 70:30 

Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) 

Plot 65,77  63,59  64,63  61,78  64,62 62,16 

Acting 88,82  59,19  88,32  56,30  88,15 55,34 

Director 87,12  47,37  86,78  45,36  87,05 44,78 

Based on the test results in Table 5, on the aspect of the plot, the highest accuracy value is 65.77% and F1-

Score is 63.59% with a test size ratio of 90:10. In the acting aspect, the highest accuracy value is 88.82% and F1-

Score is 59.19% with a test size ratio of 90:10. While the director aspect obtained the highest accuracy value of 87.12% 

and F1-Score of 47.37% with a ratio of 90:10. Based on these results, the 90:10 ratio produces the highest accuracy 

value for each aspect. The test results in the first scenario will then be used as the basis for the next scenario. 

In the second scenario, the baseline model in the previous scenario is then added with feature extraction using 

TF-IDF. Testing is done by comparing the accuracy results for the max number of features in TF-IDF, that is 1000, 

5000, and 10000.  The test results in this scenario can be seen in Table 6. 

Table 6. Baseline test results with TF-IDF 

Category 

Aspect 

Max Feature 

1000 5000 10000 

Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) 

Plot 66,64 (+132)  66,28 (+4,23)  67,51 (+2,64)  67,35 (+5,91)  65,76(-0,02)  65,70 (+3,32)  

Acting 89,98 (+1,30) 68,40 (+15,56) 89,43 (+0,69)  65,34 (+10,39)  89,62 (+0,90)  66,33 (+12,06)  

Director 88,01 (+1,02)  48,95 (+3,33) 87,94 (+0,94) 51,93 (+9,63)  87,84 (+0,83)  49,86 (+5,26)  

Table 6 shows the highest accuracy value in the plot aspect of 67.51% and F1-Score of 67.35% with a max 

feature count of 5000. The increase in accuracy against the baseline in the plot aspect is 2.64% and F1-Score is 5.91%. 

In the acting aspect, the highest accuracy value of 89.98% and F1-Score of 68.40% was obtained with a max feature 

count of 1000. The accuracy and F1-Score values increased by 1.30% and 15.56% respectively. In the director aspect, 

the highest accuracy value of 88.01% and F1-Score of 48.95% was obtained with a max feature count of 1000. The 

increase in accuracy in the plot aspect is 1.02% and F1-Score is 3.33%. 

In the third scenario, testing is done by adding FastText feature expansion to the model from the previous 

scenario. Testing using a similarity corpus consisting of a Tweet corpus, Indonews corpus, and a combination corpus 

of Tweet and Indonews. Each corpus will be calculated from the top 1, top 5, and top 10. The test results on the plot 

aspect can be seen in Table 7. 

Table 7. Test result of baseline plot aspect with TF-IDF and FastText 

Top 

Plot Aspect 

Tweet Corpus Indonews Corpus Tweet + Indonews Corpus 

Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) 

1 68,00 (+3,39) 67,79 (+6,60)  67,73 (+2,98)  67,56 (+6,24)  68,50 (+4,15)  66,77 (+5.00) 

5 65,14 (-0,96)  66,62 (+4,76)  67,59 (+2,77)  67,42 (+6,02)  68,12 (+3,57)  66,31 (+4,28)  

10 65,10 (-1,02)  63,45 (-0,22) 67,17 (+2,13)  66,98 (+5,33)  64,13 (-2,49)  66,08 (+3,92)  

20 63,13 (-4,01)  60,42 (-4,99)  67,68 (+2,90)  66,20 (+4,10)  67,25 (+2,25)  65,43 (+2,89)  

Based on Table 7, the highest accuracy value in the plot aspect of 68.50% and F1-Score of 66.77% was 

produced by top 1 using a combination of Tweet and Indonews corpus. The increase in accuracy and F1-Score values 

in the plot aspect is 4.15% and 5.00%, respectively. 

Table 8. Test result of baseline acting aspect with TF-IDF and FastText 

Top 

Acting Aspect 

Tweet Corpus Indonews Corpus Tweet + Indonews Corpus 

Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) 

1 89,95 (+1,27) 64,76 (+9,41)  89,61 (+0,89)  66,56 (+12,45)  89,69 (+0,98) 66,90 (+13,03) 

5 89,43 (+0,69)  63,54 (+7,35) 89,79 (+1,09)  65,34 (+10,39) 89,29 (+0,53)  66,11 (+11,69) 

10 89,30 (+0,54)  64,35 (+8,72)  89,77 (+1,07)  64,76 (+9,41) 89,54 (+0,81)  64,41 (+8,82)  

20 88,73 (-0,10)  61,54 (+3,97)  89,58 (+0,86)  64,49 (+8,95)  89,74 (+1,04)  63,02 (+6,47)  

In Table 8, the highest accuracy value on the acting aspect of 89.95% and F1-Score of 64.76% was produced 

by the top 1 using the Tweet corpus. The increase in accuracy and F1-Score on the acting aspect is 1.27% and 9.41% 

respectively. 
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Table 9. Test result of baseline director aspect with TF-IDF and FastText 

Top 

Director Aspect 

Tweet Corpus Indonews Corpus Tweet + Indonews Corpus 

Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) 

1 88,01 (+1,02) 49,78 (+5,09) 87,23 (+0,13) 51,50 (+8,72) 87,43 (+0,36) 52,17 (+10,13) 

5 88,02 (+1,03) 49,97 (+5,48) 87,33 (+0,24) 52,70 (+11,25) 87,30 (+0,21) 53,33 (+12,58) 

10 87,91 (+0,91) 48,33 (+2,03) 87,56 (+0,51) 52,40 (+10,62) 87,52 (+0,46) 52,82 (+11,51) 

20 87,71 (+0,68) 49,40 (+4,29) 87,72 (+0,69) 52,41 (+10,64) 87,88 (+0,87) 53,82 (+13,62) 

In Table 9, the highest accuracy value in the director aspect of 88.02% and F1-Score of 49.97% was produced 

by the top 5 using the Tweet corpus. The increase in accuracy and F1-Score values in the director aspect are 1.03% 

and 5.48%, respectively. 

In the fourth scenario, the application of the SMOTE algorithm was added to the results of the previous scenario 

to overcome unbalanced data. The test results using the SMOTE algorithm can be seen in Table 10. 

Table 10. Test results with the addition of SMOTE 

Category Aspect 
Without SMOTE With SMOTE 

Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) 

Plot 68,50 (+4,15) 66,77 (+5,00) 73,81 (+12,22) 73,72 (+15,93) 

Acting 89,95 (+1,27) 64,76 (+9,41) 89,30 (+0,54) 89,26 (+50,80) 

Director 88,02 (+1,03) 49,97 (+5,49) 87,37 (+0,28) 87,35 (+84,39) 

Based on Table 10, each aspect experienced a higher increase in accuracy after using SMOTE compared to 

without SMOTE. The increase in accuracy value on the plot aspect with SMOTE is 12.22% and F1-Score is 15.93%. 

In the acting aspect, the increase in accuracy value is 0.54% and F1-Score is 50.80% after the application of SMOTE. 

As for the director aspect, the increase in accuracy value is 0.28% and F1-Score is 84.39% after using SMOTE. 

3.2 Discussion 

Based on the tests that have been carried out using four scenarios, each scenario can increase the accuracy and F1-

score values of the CNN classification model. Figure 3 shows the increase in accuracy and F1-Score values for each 

scenario in the plot aspect. 

 
 

Figure 3. Increase in Accuracy and F1-Score on plot aspects 

In the plot aspect, the baseline model with the best accuracy and F1-score results was obtained with a test size 

ratio of 90:10. In the second scenario, there is an increase in accuracy and F1-Score values of 2.64% and 5.91% 

respectively by using the number of max features 5000. In the scenario third, an increase in accuracy value of 4.15% 

and F1-Score of 5.91% was obtained with top 1 in the Twitter and news combination corpus. In the fourth scenario, 

there was a significant improvement after the application of the SMOTE algorithm. The increase in accuracy and F1-

Score values in the fourth scenario was 12.22% and 15.93%, respectively. 

 

Figure 4. Increase in Accuracy and F1-Score on acting aspects 
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Figure 4 shows the rate of increase in accuracy and F1-Score values for each scenario in the acting aspect. In 

the acting aspect, the baseline model with the best accuracy and F1-score results is obtained with a test size ratio of 

90:10. In second scenario, there was an increase in accuracy and F1-Score values of 1.30% and 15.56% respectively 

by using a max feature count of 1000. In third scenario, an increase in accuracy value of 1.27% and F1-Score of 9.41% 

was obtained with top 1 in the Twitter corpus. In fourth scenario, there was an increase after the application of the 

SMOTE algorithm. The increase in accuracy and F1-Score values in the fourth scenario was 0.54% and 50.80%, 

respectively. 

 
 

Figure 5. Increase in Accuracy and F1-Score on director aspects 

Figure 5 shows the rate of increase in accuracy and F1-Score values for each scenario in the director aspect. In 

the director aspect, the baseline model with the best accuracy and F1-score results is obtained with a test size ratio of 

90:10. In the second scenario, there was an increase in accuracy and F1-Score values of 1.02% and 3.33% respectively 

by using a max feature count of 1000. In the third scenario, an increase in accuracy value of 1.03% and F1-Score of 

5.48% was obtained with the top 5 in the Twitter corpus. In the fourth scenario, there was an improvement after the 

application of the SMOTE algorithm. The increase in accuracy and F1-Score values in the fourth scenario was 0.28% 

and 84.39%, respectively. 

Based on the test results, all scenarios can affect the increase in accuracy and F1-Score values for each aspect 

of the CNN classification model. The largest increase in accuracy and F1-Score values is obtained in the fourth 

scenario compared to other scenarios. This happens because in the fourth scenario, the SMOTE algorithm can balance 

the amount of data for each class so that the performance of the model used becomes better. 

4. CONCLUSION 

This research conducts sentiment analysis based on three aspects, i.e., plot, acting, and director aspects. The model 

used is CNN by applying feature extraction using TF-IDF, feature expansion using FastText, and overcoming the 

problem of unbalanced label datasets using SMOTE. The dataset used is in the form of movie review tweets totaling 

17,247 data. This study was conducted to analyze the accuracy results of the four scenarios. The results show that by 

adding feature expansion, the three aspects experience an increase in accuracy and F1-Score against the baseline. In 

the plot aspect, the accuracy was 68.50% and F1-Score was 66.77%, using the Tweet+Indonews corpus generated by 

Top-1. In the acting aspect, the resulting accuracy is 89.95% with an F1-Score of 64.76%, these results use the Tweet 

corpus on Top-1. The director aspect produced an accuracy of 88.02% and F1-Score of 49.97% using the Tweet corpus 

with Top-5. By overcoming the unbalanced labeling of the dataset, applying SMOTE resulted in a significant 

improvement. In the plot aspect, the accuracy increased to 73.81% with an increase of 12.22% and F1-Score 73.72% 

with an increase of 15.93% from the baseline. Accuracy in the acting and director aspects decreased when compared 

to the feature expansion model without SMOTE, but F1-Score experienced a very high increase in both aspects. The 

acting aspect obtained an accuracy of 89.30% with an increase of 0.54% and F1-Score of 89.26% resulting in an 

increase of 50% from the baseline, then the director aspect resulted in an increase of 0.28% with an accuracy of 

87.37% and F1-Score of 87.35% and an increase of 84.39% from the baseline. Suggestions for further research can 

be done with a larger number of datasets and a more balanced number of labeling. 
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