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Currently there are many entertainment platforms that provide various movies, TV
shows, games, and other content. These platforms usually offer a variety of features,
one of which is reviews. Review data written by viewers plays an important role in
influencing public interest in the film. However, the increasing number of reviews
makes it difficult to assess the sentiment of the film quickly and accurately. This
highlights the need for a system that can analyze reviews based on sentiment, making
it easier for viewers to evaluate the film and supporting the entertainment industry
in understanding the needs of the audience. Therefore, this study develops a
sentiment analysis model to identify whether a review contains positive or negative
sentiment using machine learning algorithms. The data used to build the model is
obtained from user reviews of a film on the IMDb platform. This dataset is available
on Kaggle with 50,000 movie reviews in text format. The characteristics of the data
include two columns: review_text and sentiment. The methods used to create the
classification model are AdaBoost and XGBoost. The data preprocessing process
includes several stages such as text cleaning, tokenization, stopword removal,
lemmatization, and vectorization using TF-IDF to convert the review text into
numeric form, as well as converting the positive and negative labels into 1 and 0.
Based on the results of model training with cross-validation, the accuracy of the
XGBoost model is 85% and AdaBoost is 77%. Feature selection showed an
improvement in the XGBoost model's accuracy from 85% to 86%, while the
AdaBoost model's performance remained stable at 77%. Thus, it can be concluded
that the XGBoost model demonstrates better performance than the AdaBoost model
in sentiment classification.

This is an open access article under the CC-BY-SA license.

I. INTRODUCTION

Film is one of the most popular forms of entertainment and
has the ability to influence human life. A film can be a
medium for conveying stories, emotions, and messages in an
engaging and entertaining way. However, the impact of films
is not only as a source of entertainment but also as a means
for education, cultural delivery, and even social reflection.
Recently, the film industry has grown rapidly with an
increasingly diverse and global production, much like K-pop,
which is widely enjoyed by people of all ages, as well as many

other types of films that offer a broad range of entertainment
choices for society [1].

In today's digital era, many film platforms have become
places for people to discover and enjoy various movies. One
of the largest film platforms in the world, offering a wide
range of movies, TV shows, video games, and other content,
is IMDb (Internet Movie Database). This platform, founded
in 1990, is owned by Amazon [2]. IMDb features various
tools that help users find information about films. One of
these features allows users to provide reviews and ratings for
the movies they watch. These review data serve as an
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important factor in shaping the reputation and popularity of
the film, as viewer reviews reflect their experiences and
emotional reactions to the film. The influence of user reviews
can even affect the interest of potential viewers and the
marketing strategies of the film. The number of reviews
published on IMDDb daily continues to grow, and manually
analyzing these reviews presents a challenge. This has
prompted the need for an automated system model capable of
analyzing and classifying reviews based on sentiment, which
can assist viewers in making decisions and support the
entertainment  industry  in  understanding  audience
preferences. Therefore, this study develops a sentiment
analysis model to address this issue by identifying whether a
review contains positive or negative sentiment using machine
learning algorithms. The main objective of this research is to
gain deeper insights into how a film is received by the public
and to understand the general patterns of audience reactions.

This study uses machine learning methods to train models
for determining the sentiment value of a review. The methods
used to create the classification model are AdaBoost and
XGBoost, both of which are boosting algorithms. The choice
of these two methods is due to their effective approach in
handling user reviews. AdaBoost is one of the first boosting
algorithms, working by combining several simple models to
form a stronger model [3]. On the other hand, XGBoost is a
more modern development or version, and it can be used for
classification tasks with its ability to handle complex data [4].
Based on this, the focus of this research is on sentiment
analysis of IMDb user reviews using AdaBoost and XGBoost
methods to compare the performance of the two algorithms in
classifying positive or negative reviews, to support better
decision-making in the entertainment industry.

In this study, the data used is obtained from user reviews
of a film on the IMDb platform. The data consists of text
written by users expressing their opinions about the film
[5][6]. Once this data is collected, it undergoes data cleaning
to ensure that the data used contains relevant information. The
next step is to ensure that each review has a label based on the
sentiment contained in the data. The data is then split into two
parts for training and testing, with the training process using
AdaBoost and XGBoost algorithms. After training the
models, the testing data will be used to evaluate the accuracy
and effectiveness of both algorithms in classifying sentiment
in the reviews. The results of this evaluation will be used to
compare the performance of the two methods in the context
of sentiment analysis.

It is expected that this study can provide insights into the
entertainment industry on how audience opinions in reviews
can be a factor in a film's success. In addition, the results
obtained can contribute to the development of better
sentiment analysis techniques and provide a foundation for
future research.

TABLEI
PREVIOUS STUDIES IN SENTIMENT ANALYSIS

Item Reference Method
1 Chengying et al.

(2022) % [7]

LightGBM

2 Adam et al.

(2023) [8] BERT, LSTM, GRU
3 Selenetal. .

(2023) [9] Support Vector Machine (SVM)
4 Haifa et al. Logistic Regression (LR),

Multinomial Naive Bayes (MNB),
Stochastic Gradient Descent (SGD)
AdaBoost dan XGBoost

(2023) [10]
5 Our works

Il. METHOD
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Figure 1. System overview

Figure 1 illustrates the general flow of the research in the
sentiment analysis system for IMDb reviews using the
AdaBoost and XGBoost algorithms for classification. The
research process consists of several stages. The first stage
involves conducting a literature review to understand the
concepts, methods, and approaches suitable for sentiment
analysis using machine learning algorithms. The next stage
involves collecting data on movie reviews written by viewers
on the IMDb platform. After that, a pre-processing step is
performed to prepare the data so that it contains relevant
information for use in the model training or development
process.

The next stage involves model development or the training
process using two algorithms, AdaBoost and XGBoost
[11][12]. Both machine learning algorithms, AdaBoost and
XGBoost, are used as classifiers to determine whether the
review belongs to the positive or negative class. The results
obtained from the training process are then validated to
measure their performance using an evaluation matrix, the
confusion matrix. This confusion matrix shows the number of
correct and incorrect predictions made by the model. The
model performance is measured using several metrics,
namely Accuracy, Recall, F1, and Precision [13].

B. Dataset Description

This study uses audience review data from the IMDb
platform. The dataset is available on Kaggle and contains
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50,000 movie reviews in text format. Of these, 25,000 reviews
are positive and 25,000 reviews are negative, as shown in
Figure 2, which visualizes the data distribution. The data
consists of two columns: review text and sentiment, as shown
in Table 2. The review text column contains movie reviews
written by viewers with various opinions, criticisms, or
praises for the film. The reviews in the review text column are
the primary data used for sentiment analysis. Meanwhile, the
sentiment column contains review labels, either positive or
negative, which are used as targets in sentiment classification
to train the model [14].

Figure 3 shows the text length distribution in the dataset,
with an average text length of 231.16 words per review.
Meanwhile, Figure 4 illustrates the word frequency in the
dataset. This graph highlights the most frequently occurring
words in the reviews discussed by users.

TABLE 2
DATASET ATTRIBUTES
Attribute Description
Review Text | Movie review text written by users
Sentiment Sentiment of the user review

Distribusi Sentiman
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Figure 5. Preprocessing flow

Figure 5 shows the flow for performing the preprocessing
process. This stage describes the preprocessing steps carried
out in sentiment analysis of IMDb reviews. The preprocessing
steps include several processes such as text cleaning,
tokenization, stopword removal, lemmatization,
vectorization, and label encoding [15][16]. The first step is
text cleaning, where the raw review data is cleaned of
irrelevant elements such as punctuation, numbers, or special
characters. Additionally, the text is converted to lowercase to
avoid unnecessary variations in the text. After the cleaning
process, the review text becomes a simpler format, as shown
in Table 3. Table 3 contains two columns: the review column,
which holds the raw data, and the cleaned_review column,
which contains the result of the cleaning process.

Next, tokenization is performed to break the reviews into
individual words or tokens [15]. The result of this process is
shown in Table 4, which contains two columns: the
cleaned_review column and the tokenized_review column,
which are the results of the tokenization process. The next
step is stopword removal, which involves eliminating words
that do not provide meaningful information in sentiment
analysis. This process is done by filtering out words that are
in the stopwords list, leaving only the relevant words. After
the stopword removal process, the word frequency is
calculated before and after stopword removal. The results are
shown in Figure 6.a for the top 10 most frequent words before
stopword removal, and Figure 6.b for the top 10 most frequent
words after stopword removal. This word frequency analysis
highlights the most influential words in the film reviews after
elements that do not contribute to the analysis are removed.

In the lemmatization process, words that have been filtered
for stopwords are transformed into their base forms to avoid
meaning duplication. The lemmatization results in consistent
word forms, making them more focused on their true
meaning. Figure 7 displays the word distribution visualization
after lemmatization, showing the top 10 most frequent words.
Afterward, to prepare the text for numerical representation,
the TF-IDF (Term Frequency-Inverse Document Frequency)
method is used, which generates vectors by considering the
frequency of each word in the text. In this analysis, the top
features are identified as the most significant words,
highlighting their importance in the film reviews, as shown in
Figure 8. Figure 9 also displays a Word Cloud visualization
of the words based on all TF-IDF features, combining the
features and their weights for the visualization. Next, the
generated TF-IDF matrix (5000 x 5000) shows the weight of
each word (feature) in each review, which is used to train the
sentiment analysis model, as shown in Table 5. Finally, the
sentiment labels, "positive™ and "negative," are converted into
numerical values of 1 and O so they can be processed by
machine learning algorithms.
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TABLE 3 TABLE 4
THE RESULT OF THE TEXT CLEANING PROCESS THE RESULT OF THE TOKENIZATION PROCESS
Item Review Cleaned_Review Item Cleaned_Review Tokenized Review
One of the other one of the other reviewers 0 one of the other reviewers | [one, of, the, other,
0 reviewers has has mentioned that has mentioned that ... reviewers, has, mentione...
mentioned that ... a wonderful little [a wonderful little
A wonderful little | a wonderful little 1 production the filming ' ducti h f,'l : '
1 production. <br /><br | production the filming tech... production, the, filmin...
/>The... tech... i thought this was a | .
I thought this was a i thought this was a 2 wonderful way to spend \[/:I‘Ogggff%?t’v\lg;s{owas’ &
2 vyonderful way to spend wonderful way to spend ti b l -
ti... 3 basically theres a family | [basically,  theres, a,
Basically there's a " . where a little boy j... family, where, a, littl...
3 family where a little boy basu:ally_ theres a family - - [petter, matteis, love, in
where a little boy j... 4 petter matteis I_ove in the the tirr,1e of m(;n v
4 Petter Mattei's "Love in | petter matteis love in the time of money is a ...
the Time of Money" is... | time of moneyisa ...
49999 | Mo one expects th_e star | [no, one, expects, the, star,
49999 No one e>_<pects the_ Star | no one expects: the star trek trek movies to be high... | trek, movies, to...
Trek movies to be high... | movies to be high...
TABLE 5
WORD WEIGHTS FROM TF-IDF CALCULATION
Item aaron movie film one like good character see zombie
1 0 0.000 0.000 0.022 0.000 0.000 0.000 0.000 0.000
2 0 0.000 0.000 0.039 0.000 0.000 0.000 0.052 0.000
3 0 0.000 0.000 0.039 0.000 0.000 0.052 0.052 0.000
4 0 0.094 0.067 0.000 0.039 0.000 0.000 0.046 0.114
5 0 0.030 0.065 0.198 0.000 0.083 0.089 0.044 0.000
6 0 0.095 0.000 0.052 0.058 0.000 0.000 0.000 0.000
7 0 0.000 0.000 0.000 0.104 0.000 0.000 0.062 0.000
8 0 0.000 0.000 0.039 0.000 0.000 0.000 0.053 0.000
9 0 0.000 0.312 0.105 0.000 0.000 0.000 0.071 0.000
10 0 0.193 0.000 0.000 0.236 0.000 0.000 0.000 0.000
11 0 0.055 0.178 0.060 0.000 0.000 0.081 0.000 0.000
5000
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Figure 6. Result of Stopword Removal: (a) word frequency before, (b)
word frequency after

Figure 8. Top features from TF-IDF Vectorization
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D. AdaBoost

In this study, the AdaBoost algorithm which is an
ensemble learning method is used to handle data
classification problems. The model training process with
this algorithm is carried out by assigning weights at each
iteration so that the model performance improves over the
course of training. After all models are trained, AdaBoost
combines their results by assigning weights based on the
accuracy of each model, where the model with higher
accuracy will contribute more to the final decision. The
equation used in this algorithm can be seen in Equation 1,
where H(x) is the final prediction value for input x. The
variable t represents the number of iterations used, and o,
is the weight given to the t iteration. Then, h.(x) is the
prediction value at the t iteration [17].

T

H(x) = sign Z a; h,(x) Q)

t=1

E. XGBoost

The XGBoost algorithm is also used in this study, it is
an implementation of the gradient boosting algorithm that
focuses on optimizing speed and memory efficiency. There
are four main features of this algorithm: L1 (Lasso) and L2
(Ridge) regularization, which are wused to reduce
overfitting. Handling Missing Values to address missing
data. Parallel Processing to support parallel processing thus
improving training speed, and Tree Pruning to reduce the
size of the model, thereby enhancing model performance
[18][19]. The equation for the XGBoost algorithm can be
seen in Equation 2.

K
5= ) filw) @
k=1
F. Model Evaluation
TABLE 6
EVALUATION METRICS
Metrics Equation
Accuracy TP+TN
TP+ TN+ FP 4+ FN
Precision TP
TP + FP
Recall TP
TP+ FN
F-Measure 1

Fp = 1 1

px precision + (- B) Xacan

The model evaluation process utilizes the confusion
matrix technique, where the values in the confusion matrix
are used to calculate accuracy, precision, recall, and F1-
measure [20]. The calculations for these metrics are shown
in Table 6. The confusion matrix contains four distinct
combinations of predicted and actual values: True Positive
(TP) refers to correctly predicted positive data, True

Negative (TN) refers to correctly predicted negative data,
False Positive (FP) refers to negative data incorrectly
predicted as positive, and False Negative (FN) refers to
positive data incorrectly predicted as negative [21][22].

I11. RESULT AND DISCUSSION

This section discusses the results obtained from the
analysis and preprocessing of data conducted to build the
sentiment classification model. The model was developed
using two methods, AdaBoost and XGBoost, with the
performance of each method evaluated using various
metrics. To ensure robust evaluation, 5-fold stratified
cross-validation was employed. This approach divides the
data into five subsets while maintaining the same class
distribution in each fold, enabling a balanced evaluation
and minimizing bias in performance metrics.

Tables 7 and 8 present the confusion matrices for the
AdaBoost and XGBoost methods. Using these confusion
matrices, evaluation metric parameters such as accuracy,
precision, recall, and Fl-score were calculated for each
method [23]. Based on the results, the accuracy of the
AdaBoost method reached 77%, while the XGBoost
method achieved a higher accuracy of 85%, as shown in
Table 9. Subsequently, a statistical test using McNemar
was conducted to determine whether the performance
difference between the two models was statistically
significant [24]. Based on the test results, a p-value of 3.54
x 107'5 was obtained, which is close to zero (o < 0.05). This
indicates that the XGBoost model is significantly better at
sentiment classification compared to the AdaBoost model.

Next, the precision calculation results for the AdaBoost
method show a value of 75% for the positive class and 80%
for the negative class. Meanwhile, the XGBoost method
has higher precision, with 84% for the positive class and
87% for the negative class, as shown in Table 10. In terms
of the recall metric, the AdaBoost method yields 82% for
the positive class and 72% for the negative class. The
XGBoost method demonstrates better performance with a
recall of 87% for the positive class and 83% for the
negative class, as displayed in Table 11. Finally, for the F1-
score metric, the AdaBoost method results in 78% for the
positive class and 76% for the negative class. In the
XGBoost method produces an F1-score of 86% for the
positive class and 85% for the negative class, as seen in
Table 12. Therefore, the XGBoost method proves to be
more effective for sentiment classification on this dataset.

TABLE7
CONFUSION MATRIX FOR ADABOOST

Positif (1) | Negatif (0)
Positif (1) 20394 4606
Negatif (0) 6934 18066
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TABLE 8
CONFUSION MATRIX FOR XGBOOST

Positif (1) | Negatif (0)
Positif (1) | 21873 3127
Negatif (0) | 20775 4425
TABLE9

MODEL ACCURACY PERFORMANCE

Item | Method | Accuracy (%)
1 AdaBoost 77
2 XGBoost 85
TABLE 10

MODEL PRECISION PERFORMANCE

Item | Method Precision Positive | Precision Negatif
(%) (%)
1 | AdaBoost 75 80
2 XGBoost 84 87
TABLE 11

MODEL RECALL PERFORMANCE

Item | Method | Recall Positive (%) | Recall Negatif (%)

1 AdaBoost 82 72
2 XGBoost 87 83
TABLE 12

MODEL F1-SCORE PERFORMANCE

Item | Method F1-Score Positive F1-Score Negatif
(%) (%)
1 | AdaBoost 78 76
2 XGBoost 86 85

ROC Curve (XGBoost) ROC Curva (Ag1Boost)

— XGRoDSL 1AUC = 0.33)

02

04 0 10
False Positive Rate

(@) (b)
Figure 10. ROC and AUC: (a) XGBoost Model, (b) AdaBoost Model.

In the model evaluation using the AUC-ROC metric,
XGBoost achieved a score of 0.93, indicating the model's
strong ability to distinguish between positive and negative
sentiments. In comparison, the AdaBoost model obtained
an AUC-ROC score of 0.85. Figure 10 illustrates the ROC
curves for the XGBoost and AdaBoost models, with
respective AUC scores of 0.93 (Figure 10.a) and 0.85
(Figure 10.b).

To improve the model's accuracy, a feature selection
process was performed on the dataset. The feature selection
process was done using the XGBoost model, which
calculates the Feature Importance value for each feature
based on its contribution to the accuracy results. Features
with a Feature Importance value greater than the threshold
of 0.00025 were retained. From the initial 5,000 features
generated by TF-IDF, this process left 811 features that

were considered relevant, thus reducing the data's
dimensionality. The results of the feature selection are
shown in Figure 11, which displays the top 20 features with
the highest Feature Importance values. After feature
selection, the accuracy of the XGBoost model increased
from 85% to 86%. However, the AdaBoost method did not
show any accuracy improvement, maintaining a steady
value of 77%. The comparison of accuracy between the
models with and without feature selection is shown in
Table 13 and Figure 12.

Top 20 Features Based on Importance (XGBoost)
waste
worst
bad
supposed
terrible
boring
wonderful
poorly
g awful
= wasted
i crap
&
cheap
excellent
paar
stupid
great
lame
dull
worse
unfortunately

U.dUG 0.002 0.004 0.006 0.008 0.010 0.012 0.014 0.016
Importance

Figure 11. Feature Importance Values Based on Feature Selection with

XGBoost
TABLE 13
ACCURACY COMPARISON
Accuracy Accuracy With
Item | Method | Without Feature Feature
Selection (%) Selection (%)
1 AdaBoost 77 77
2 XGBoost 85 86

Comparisen of Accurac) ¥ With and Without Fe

7%

Figure 12. Accuracy Comparison of Models

1V. CONCLUSION

This study aims to develop a sentiment analysis model
for movie reviews. The data used in this research was
obtained from Kaggle and consists of 50,000 movie
reviews from the IMDb platform. The dataset is divided
into two classes: positive and negative, with 25,000
reviews in each class. The research process begins with
data preprocessing, which includes text cleaning,
tokenization, stopword removal, lemmatization, and
vectorization using TF-IDF to convert the text into
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numerical format. Afterward, the positive and negative
labels are converted into values 1 and 0.

Based on the model training results with cross-
validation, the XGBoost model demonstrated better
performance compared to the AdaBoost model. The
XGBoost model achieved an accuracy of 85%, while
AdaBoost achieved an accuracy of 77%. Additionally,
other evaluation metrics such as precision, recall, and F1-
score also showed that XGBoost produced better results
than AdaBoost. To further improve the model's accuracy, a
feature selection process was applied to the dataset,
reducing the number of features from 5,000 to 811. This
feature selection successfully increased the accuracy of the
XGBoost model from 85% to 86%, while the performance
of the AdaBoost model remained stable at 77%.
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