Building of Informatics, Technology and Science (BITS)
Volume 4, No 4, Maret 2023 Page: 1837-1844

ISSN 2684-8910 (media cetak)

ISSN 2685-3310 (media online)

DOI 10.47065/bits.v4i4.3105

Aspect-Level Sentiment Analysis on Social Media Using Gated
Recurrent Unit (GRU)

Ghani Kamil!, Erwin Budi Setiawan?”

School of Computing, Informatics, Telkom University, Bandung, Indonesia
Email: *ghanikamil @student.telkomuniversity.ac.id, 2"erwinbudisetiawan@telkomuniversity.ac.id
Correspondence Author Email: erwinbudisetiawan@telkomuniversity.ac.id
Submitted: 06/02/2023; Accepted: 27/03/2023; Published: 31/03/2023

Abstract— Twitter is one of the popular social media for sharing opinions, one of which is about movie reviews. There are many
opinions related to movie reviews on Twitter social media so the assessment of a movie can vary. Therefore, sentiment analysis at
the aspect level is needed to classify film reviews in order to provide optimal results as analytical material in making films that can
increase audience satisfaction. This research was conducted by building a system using the Gated Recurrent Unit (GRU) method
to perform sentiment analysis at the aspect level on movie reviews taken from Twitter. The aspects used in this research are plot,
acting, and director. This research also conducted experiments by combining three techniques, which are feature extraction using
TF-IDF, feature expansion with GloVe, and the application of SMOTE to improve model accuracy. The results show that each test
scenario can improve the accuracy and F1-Score values of each aspect. The final value of each aspect is the accuracy value for the
plot aspect is 70.40%(+7.62%) and F1-Score is 70.35%(+9.70%), the accuracy value is 93.75%(+6.28%) and F1-Score is
93.70%(+65.19%) for the acting aspect, and the accuracy value is 90.44%(+4.60%) and F1-Score is 90.17%(+122.80%) for the
director aspect.
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1. INTRODUCTION

The use of social media is closely related to people’s lives today. Social media allows each individual to communicate
and interact with others through cyberspace, one of which is Twitter [1]. Based on Statista [2], the number of Twitter
users in Indonesia is the fifth largest in the world with a total of 18.45 million users. There are various topics of
discussion found on Twitter social media, one of which is movie reviews. Based on Statista [3], the theater or film
entertainment market continued to grow from 2015 to generate 80.8 billion US dollars in 2020. This indicates that the
film industry is growing from year to year. But with the increasing output, the quality of a movie is also evaluated by
most netizens such as making reviews on social media. Twitter users can express their opinions in the form of tweets,
such as giving a review of a movie. The reviews that Twitter users express in their tweets about a movie can be
negative or positive [4]. However, due to the various opinions available, the assessment of reviews about a movie can
be different [5]. The various opinions contain sentiment information that is in lines with this research such as plot,
acting, and director aspects [6]. These opinions can be used as evaluations by filmmakers to increase audience
satisfaction [7]. Therefore, research is needed to analyze the opinion whether it is a positive, negative, or neutral
opinion.

Sentiment analysis is a means of determining whether an opinion is negative or positive or neutral from
someone who can be realized in the written or oral form [8][9]. Sentiment analysis is comprised of three levels:
sentence level, document level, and aspect level [10],[11]. Sentiment analysis at the aspect level is utilized to uncover
sentiments expressed in reviews of a product. Considering multiple aspects of a product is crucial as a product typically
has multiple facets that require evaluation. This cannot be done using the document level or sentence level because
both levels cannot determine opinions specifically as in the aspect level [12],[13]. Since movie reviews have various
aspects such as storyline, cast, visual effects, and so on, the implementation of aspect level can help in conducting this
research.

This research was conducted based on previous research that has been done. In research [14], Rimdani
conducted an aspect-based sentiment analysis on Twitter with applied the Gradient Boosting Decision Tree
classification technique to signal and service aspects, as well as SMOTE and Random Undersampling. The results of
this study indicate that SMOTE can produce better performance values than Random Undersampling. As a result, the
final performance value obtained is 96.035% for the signal aspect, an increase of 25.260%, and 90.256% for the
service aspect, an increase of 27.918%. In research [15], M. S. Mubarok et al. conducted experiments using the Naive
Bayes method in analyzing aspect-based sentiment and the dataset used is restaurant reviews. The aspects used in this
study are food, service, price ambiance, and miscellaneous. With this method, the performance value of the f1-score
is 78.12%. However, this research has not applied deep learning to the sentiment analysis process. Another study [16],
N. Mohamed Ali et al. used several deep-learning methods namely CNN, LSTM, and CNN-LSTM. This research
compares the performance value of each deep learning method used. The dataset used in this research is a movie
review dataset. It is concluded that the CNN-LSTM method is better than the others with an accuracy value of 89.20%.
However, the research is not based on the product review aspect. In research [17], J. S. Lee et al. uses the GRU method
in analyzing sentiment. The dataset used is a dataset taken from product reviews on Chinese e-commerce. This
research aims to compare the GRU method to the LSTM method in potential performance improvement. The accuracy
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result obtained from this method on the Facebook dataset is 87%. However, this research has not implemented aspect-
level sentiment analysis.

In research [18], R. Ahuja et al. conducted sentiment analysis by comparing two feature extraction methods
namely TF-IDF and N-Gram on the SS-Tweet dataset. The study used six classification models such as the Decision
Tree, SVM, KNN, Logistic Regression, Random Forest, and Naive Bayes. The results of the study found that the use
of TF-IDF has a better performance than N-Gram. In research [19], Aditya and Erwin applied Glove feature expansion
on an aspect-based sentiment analysis on Twitter using the Random Forest classification. The accuracy value obtained
for the service aspect is 80.12%, while the accuracy value for the signal aspect is 80.37%. In addition, GloVe feature
expansion is able to increase signal accuracy by 13.15 percent and service accuracy by 5.37%. M. A. Raihan and E.
B. Setiawan in their research [20], conducted aspect-based sentiment analysis on Twitter social media using FastText
and SVM. The aspects used in the study are signal and service. The research also uses SMOTE data sampling
techniques to overcome unbalanced data. The results of this study obtained the highest performance value after the
application of SMOTE with an F1-Score value for the signal aspect of 95.93% and the service aspect with an F1-
Score value of 94.53%.

Based on previous research, most of these studies have not conducted aspect-level sentiment analysis using
GRU with feature extraction, GloVe, and SMOTE methods. The use of feature extraction, feature expansion and
SMOTE can improve the performance value of the model built to be better. Therefore, In this study, an aspect-level
sentiment analysis was carried out using the GRU classification.

The purpose of this research is to apply the GRU classification method to aspect-level sentiment analysis on
movie review data and calculate the accuracy value generated by the model. The results of this study provide the
performance value of the GRU classification model built. In this study, experiments were also conducted by adding
feature extraction with TF-IDF, feature expansion using Global Vectors (GloVe) trained based on corpus datasets,
and adding SMOTE to improve model performance. The problem limitation of this research is that the data used is
movie review data taken from Indonesian Twitter. The aspects used in this research are plot, acting, and director.

2. RESEARCH METHODOLOGY
2.1 Research Stages
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Figure 1. Aspect-Level Sentiment Analysis with Gated Recurrent Unit (GRU)

Figure 1 shows the stages of building the GRU classification model used to conduct sentiment analysis on
social media.

2.2 Crawling Data

This research uses a dataset in the form of downloads from tweets on Twitter social media. Data retrieval is done
through the use of the snsscrape library in python. The dataset taken is in the form of movie review tweets from
various Twitter users. The total number of datasets used in this study is 17247 movie review tweet data for each aspect.
The crawling results will be saved in CSV format.
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2.3 Labeling

In this research, data labeling is carried out so that the classification process runs well. Each data obtained is labeled
manually. Example of labeling on the movie review dataset for each aspect can be seen in Table 1.

Table 1. Example of data labeling for each aspect

Tweet Plot Acting Director
the desperate hour lakewood 2022 beberapa waktu lalu ada yang bersalah dengan 98 1 1 1
cerita hanya lewat suara telepon dan ber setting ruangan operator 911 ini juga lewat
telepon sekitar 94 dan 89 ber setting outdoor terutama hutan tegang banget asli
plot utama adalah dua orang deserter pursuit atau pemburu wamil junho hoyeol 1 1 0
ditugaskan utk memburu para wamil yg kabur dari wajib militer dua karakter ini
sangat berbeda junho pendiam dan hoyeol humoris tapi keduanya sama2 menentang
kekerasan dlm pendidikan wamil

Based on Table 1, the labels used for each aspect use a number range from -1 to 1, with a label of 1 for data
that is considered positive, -1 for data that is considered negative, and 0 for data that is considered neutral. Based on
the labeling results on the data, the distribution of the amount of data for each class is obtained as in Table 2.

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

Table 2 shows the amount of data distribution for each class in each aspect. There is a total of 17247 data for
each aspect.

2.4 Preprocessing Data

The data obtained from Twitter still contains characters that are not needed in the classification process of symbols,

emoticons, mentions, and URLS, causing the data to be unstructured, therefore a process is carried out to correct the

data so that it can be processed. The stages in data preprocessing are as follows:

a. Cleansing Data: This process is done to remove unnecessary characters such as symbols, numbers, emotes,
mentions, and URLSs that are usually present in a tweet.

b. Tokenization: This process is carried out to convert the sentences in the tweet into words and stored them into
tokens.

c. Normalization: This process is done to standardize each word in each existing data.

d. Stopword Removal: This process is done to remove words that appear in large numbers but have no meaningful
meaning.

e. Stemming: This process is done to remove suffixes and affixes from each word in each existing data.

2.5 TF-1DF Feature Extraction

Term Frequency-Inverse Document Frequency (TF-IDF) is an algorithm that determines the relevance of words in a
document. Based on the number of words in a document, Term Frequency (TF) calculates how frequently a term
appears. The formula for the frequency of occurrence of words in the document is shown in formula (1) [21].

number of times word w occured (1)

TF =

total number of words in the document

Based on formula (1), the number of times word w occurrences in document is divided by the total number of
words in the document. Meanwhile, Inverse Document Frequency (IDF) determines a term's importance based on its
distribution across the corpus of documents [18]. The formula for IDF is shown in formula (2) [21].

IDF = lOg Number of documents (2)

number of documents containing word w

Based on formula (2), IDF is obtained by calculating the log of the number of documents divided by the number
of documents containing the word w.
Overall the TF-IDF formula can be shown in formula (3).

TF — IDF = TF X IDF ©)

At this stage, feature extraction is carried out on the dataset that has been preprocessed. Feature extraction in
this study was carried out using Term Frequency-Inverse Document Frequency (TF-IDF) vectorization with a
maximum number of features of 1000, 5000, and 10000.

2.6 Global Vectors (GloVe)
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Global Vectors (GloVe) is a method of unsupervised learning used to derive vector representations of words [22]. The
implementation of GloVe makes it possible to evaluate the performance of various classification algorithms that are
often used in the field of Natural Language Processing and also those that are not commonly used in text data analysis
[23]. GloVe can be used as a simpler and more efficient alternative to word2vec [23].

At this stage, the Global Vectors GloVe model is built for use in feature expansion. The GloVe model used is
built based on movie review corpus data. Each word in the data is used to build the corpus. The resulting corpus is
then trained using the GloVe model.

2.7 Feature Expansion

In this stage, feature expansion is performed using the GloVe model that has been built in the previous stage. Feature
expansion is done to identify words that are missing in the representation of tweet data and distributed with
semantically related words. Feature expansion is done by looking for word similitude in the GloVe model. The
similitude results will then be inserted into the data to replace each 0 value according to its index.

2.8 Gated Recurrent Unit (GRU) Classification

Gated Recurrent Unit (GRU) is a neural network algorithm that uses a gate system that was first introduced by
Kyunghun Cho in 2014 [24]. In this study, the GRU model is used to perform classification. The GRU model used
consists of 3 bidirectional layers and 3 hidden layers and 1 output layer.

2.9 Performance Evaluation

At this stage, the performance evaluation process of the system that has been built using the confusion matrix is carried
out. The confusion matrix will calculate the accuracy, recall, precision, and F1-Score values of the system that has
been built, as in Table 3.

Table 3. Confusion Matrix [21]

Positive Prediction  Negative Prediction
Actual Positive TP FN
Actual Negative FP TN

Based on the Table 3:
True Positive: The number of events that the system predicted was positive and actually positive.
False Positive: The number of events that the system predicted was positive but actually negative.
True Negative: The number of events that the system predicted was negative and actually negative.
False Negative: The number of events that the system predicted was negative but actually positive.

Qoo

3. RESULT AND DISCUSSION

This research is conducted with several test scenarios to achieve the research objectives. Each scenario will use the
GRU classification model. The scenarios used in this study include:
a. The first scenario is a test to find the baseline using GRU classification.
b. The second scenario is the addition of feature extraction using TF-IDF.
c. The third scenario is adding feature expansion with GloVe.
d. The fourth scenario applies the SMOTE algorithm for handling unbalanced data.
The test results for each scenario are in the form of average accuracy and F1-Score values after 5 times
execution.

3.1 Evaluation Results

In the first scenario, tests were conducted to find a baseline model using GRU classification. In this test, the dataset
used is the entire movie review dataset that has been preprocessed previously. The ratio of training data and test data
used in this test is 90:10, 80:20, and 70:30. Tests were conducted for each aspect category. The test results for this
scenario are shown in Table 4. The highest accuracy value for the plot aspect of 65.41% was obtained with a data ratio
of 80:20. The highest accuracy value for the acting aspect is 88.21% obtained with a data ratio of 80:20. While the
highest accuracy value for the director aspect is 86.46% obtained with a data ratio of 70:30. Based on these results,
the best test size ratio for each aspect is used as a baseline for the next scenario.

Table 4. GRU baseline test results

Category Aspect 90:10 80:20 70:30
Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%0)
Plot 64.67 69.21 65.41 64.13 65.03 63.96
Acting 86.78 58.12 88.21 56.72 87.31 57.11
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Director 86.46 40.46 86.16 49.42 85.89 49.03

In the second scenario, testing was carried out by adding feature extraction using TF-1DF to the baseline model.
The max number of features tested in this feature extraction is 1000, 5000, and 10000. The test results for this scenario
can be seen in Table 5. Based on Table 5, the greatest accuracy value is generated for the plot aspect of 67.34% and
F1-Score of 65.69% for the max feature of 1000. In the acting aspect, the highest accuracy value is 89.36% and F1-
Score is 51.68% for the max feature of 1000. while for the director aspect, the highest accuracy value is 87.69% and
F1-Score is 51.68% for the max feature of 1000.

Table 5. GRU test results with TF-IDF Feature Extraction

Max Feature

Category Aspect 1000 5000 10000
Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%)
Plot 67.34 (+2.95) 65.69(+2.43) 66.85(+2.20) 65.79(+2.58) 65.84 (+0.65) 64.14 (+0.01)
Acting 89.36 (+1.30) 64.23(+13.24) 88.34 (+0.14) 64.99 (+14.58) 88.47 (+0.29) 63.87 (+12.60)

Director 87.69 (+1.42) 51.68(+27.73) 87.03 (+0.65) 53.63 (+32.55) 86.93 (+0.54) 52.31 (+29.28)

In the third scenario, feature expansion using GloVe is added to the results of the previous scenario. The GloVe
model used in this feature expansion is a model trained using a corpus of movie review tweet data. In the testing
process, the number of similarities used are top 1, top 5, and top 10. The test results using the GloVe expansion feature
for each aspect can be seen in Table 6. Based on these results, the highest accuracy value for the plot aspect is generated
by the top 1 of 67.69% and the F1-Score value of 65.21%. In the acting aspect, the highest accuracy value is generated
by the top 1 of 89.93% and the F1-Score value of 64.99%. As for the director aspect, the highest accuracy value is
generated by the top 1 of 88.03% and the F1-Score value of 48.09%. The results of this scenario testing are then used
in the next scenario.

Table 6. Baseline test results with TF-IDF and GloVe

Top Similiarity
Category Aspect 1 5 10
Accuracy (%) F1-Score (%) Accuracy (%) F1-Score (%) Akurasi (%) F1-Score (%)
Plot 67.69 (+3.49) 65.21 (+1.68) 67.05(+2.51) 64.61 (+0.75) 67.03 (+2.48) 65.20 (+1.67)
Acting 89.93 (+1.95) 64.99 (+14.58) 89.11 (+1.02) 64.70 (+14.07) 89.13 (+1.04) 64.71 (+14.08)

Director 88.03 (+1.82) 48.09 (+18.85) 87.56 (+1.27) 48.26 (+19.27) 87.61 (+1.33) 48.53 (+19.95)

In the fourth scenario, the SMOTE algorithm was applied to overcome unbalanced data. The results of applying
the SMOTE algorithm can be seen in Table 7.

Table 7. Baseline + TF-IDF + GloVe + SMOTE test results

Category Aspect SMOTE
Accuracy (%) F1-Score (%)
Plot 70.40 (+7.62) 70.35 (+9.70)
Acting 93.75 (+6.28) 93.70 (+65.19)
Director 90.44 (+4.60) 90.17 (+122.8)

In Table 7, the application of the SMOTE algorithm significantly improves the accuracy and F1-Score values
for each aspect. In the plot aspect, the accuracy value increases to 70.40%, an increase of 7.62%. Meanwhile, the F1-
Score value becomes 70.35%, an increase of 9.70%. In the acting aspect, the accuracy value increased to 93.75%, an
increase of 6.28%. Meanwhile, the F1-Score value became 93.70%, an increase of 65.19%. In the director aspect, the
accuracy value increased to 90.44%, an increase of 4.60%. Meanwhile, the F1-Score value became 90.17%, an
increase of 122.8%.

3.2 Discussion

In this research, tests have been conducted on four scenarios, namely the search for a baseline model, the addition of
TF-IDF feature extraction, GloVe feature expansion, and the application of SMOTE to the GRU classification model.
In the plot aspect, the best baseline model is obtained by using a test size of 80:20. Then in scenario 2, an increase in
accuracy of 2.95% and F1-Score of 2.43% was obtained after applying TF-IDF with a max feature value of 1000. In
scenario 3, the increase in accuracy and F1-Score values is obtained with the top 1 in the tweet corpus. The increase
in accuracy and F1-Score values is 3.43% and 1.68%, respectively. While in scenario 4, the increase in accuracy value
is 7.62% and F1-Score is 9.70%. Figure 2 shows the rate of increase in model performance in the plot aspect for each
scenario.
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Figure 2. Increase in Accuracy and F1-Score on plot aspects

In the acting aspect, the best baseline model is obtained by using test size 80:20. In scenario 2, an increase in
accuracy of 1.30% and F1-Score of 13.24% was obtained after applying TF-IDF with a max feature value of 1000. In
scenario 3, the increase in accuracy and F1-Score values was obtained with the top 1 in the tweet corpus. The increase
in accuracy and F1-Score value is 1.95% and 14.58% respectively. While in scenario 4, the increase in accuracy value
is 6.28% and F1-Score is 65.19%. Figure 3 shows the rate of increase in model performance in the plot aspect for each

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

In the director aspect, the best baseline model is obtained by using a test size of 70:30. In scenario 2, an increase
in accuracy of 1.42% and F1-Score of 27.73% was obtained after applying TF-IDF with a max feature value of 1000.
In scenario 3, the increase in accuracy and F1-Score was obtained with the top 1 in the tweet corpus. The increase in
accuracy and F1-Score values is 1.82% and 18.85%, respectively. While in scenario 4, the increase in accuracy value
is 4.60% and F1-Score is 122.8%. Figure 4 shows the rate of increase in model performance in the plot aspect for each

scenario.
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Figure 4. Increase in Accuracy and F1-Score on director aspects
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Based on the test results, shows that each scenario improves the model performance for all aspects. The use of
feature extraction with TF-IDF, feature expansion with GloVe, and SMOTE can improve accuracy and F1-Score.
SMOTE has a significant impact in improving accuracy and F1-Score because it can balance each class in the data
used so as to prevent poor model performance due to data imbalance.

4. CONCLUSION

In this research, sentiment analysis of movie reviews using the GRU classification model has been conducted. This
research also conducted experiments by adding feature extraction with TF-IDF, feature expansion with GloVe, and
applying SMOTE. The analysis was conducted to determine the accuracy of the application of the GRU classification
model to each aspect of the movie review such as plot, acting, and director. The data used in this study consisted of
17,247 movie reviews obtained from Twitter. Based on the four scenarios that have been carried out, each aspect has
increased the accuracy value and F1-Score. The final accuracy value for the plot aspect is 70.40% and F1-Score is
70.35%, the final accuracy value for the acting aspect is 93.75% and F1-Score is 93.70%, and the final accuracy value
for the director aspect is 90.44% and F1-Score is 90.17%. The results obtained show that each scenario can increase
the accuracy value of each aspect. The use of feature expansion with GloVe also contributes to increasing the accuracy
value of the baseline model. Further research can be done using other classification models and using other word
embedding models.
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