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1. INTRODUCTION

pplication reviews on digital platforms such as the Google Play Store provide valuable insights into user experi-

ences. Through both positive and negative reviews, users convey feedback regarding necessary features and areas
Athat require improvement. Previous studies have shown that approximately 49% of application developers con-

sider constructive feedback from users when implementing updates, with many adopting changes based on the
reviews received [1] [2] . This feedback not only supports improvements in application functionality but also re-
flects users' emotional responses to their usage experience [3].

User reviews often contain critical information that can be used to enhance application quality. For instance,
reviews may reveal the presence of bugs or highlight the need for features that have not yet been implemented [4].
[1] emphasized that sentiment analysis of these reviews is essential for understanding how user experience influ-
ences the software development process. In addition, user behavior can be analyzed to assess satisfaction levels
and identify barriers faced during application usage, as illustrated in a study on hypnotherapy applications [5]. With
the advancement of technology—particularly in the field of artificial intelligence (AI)—OpenAl has emerged as a
major player, offering popular Al-based products such as the GPT model. Nevertheless, one of the main challenges
in Al application development lies in understanding user perceptions, as reflected in their reviews on platforms like
the Google Play Store. Therefore, sentiment analysis becomes crucial for evaluating the strengths and weaknesses
of applications from the user's perspective.

In conducting sentiment analysis, machine learning algorithms have experienced significant development. A
variety of techniques have been employed to process and classify text based on the sentiment it contains [6]. One
widely used method is Support Vector Machine (SVM), which has proven effective in solving classification prob-
lems, particularly when a clear margin exists between two classes. Research has shown that SVM performs well
for text classification, especially on high-dimensional and sparse data [7][8]
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In addition to SVM, Random Forest is another algorithm commonly applied in sentiment analysis. As an ensem-
ble method, it combines multiple decision trees to improve the stability and accuracy of predictions [9]. Random
Forest is highly adaptive to complex and heterogeneous data, making it more reliable than single-method models.
Meanwhile, Neural Network-based algorithms, especially deep learning models such as Recurrent Neural Net-
works (RNN) and Transformers, offer exceptional capabilities in identifying complex patterns in text data. For
example, the BERT model (Bidirectional Encoder Representations from Transformers) has been shown to excel in
understanding linguistic context and nuances, making it highly effective for sentiment analysis across various do-
mains [10][11] [12]. BERT is not only a text classification model but also employs an advanced architecture capa-
ble of capturing sentence-level context deeply, which makes it highly relevant for a wide range of Natural Language
Processing (NLP) tasks [13].

Reviews of the OpenAl application on the Google Play Store often use inconsistent language, mixing formal and
informal styles, and include slang, abbreviations, and emoticons that are difficult for automated systems to interpret.
Additionally, the presence of ambiguity, sarcasm, and implicit emotional expressions makes the sentiment identi-
fication process more complex, as the model must be able to deeply understand the context to provide accurate
classification. Furthermore, spelling errors and irregular sentence structures also pose challenges during prepro-
cessing and model development, requiring special approaches to ensure more effective sentiment analysis.

Regarding the imbalance of sentiment classes in the dataset, reviews are generally dominated by positive senti-
ments, while reviews with negative or neutral sentiments are far fewer in number. This imbalance causes models
to tend to favor predictions for the majority class, which is positive sentiment, resulting in suboptimal performance
in classifying minority sentiments. This also affects model evaluation, where accuracy metrics alone are insufficient
to fully represent overall performance. Therefore, the use of other metrics such as precision, recall, and F1-score is
essential to provide a more comprehensive and fair evaluation across all sentiment classes.

In sentiment analysis of OpenAl application reviews on the Google Play Store, algorithm selection is a crucial
factor in achieving accurate and efficient results. Support Vector Machine (SVM) is widely used in NLP due to its
ability to handle high-dimensional data and prevent overfitting on moderately sized datasets. Random Forest, an
ensemble method based on decision trees, is highly effective in managing noisy data and correlated features, while
also providing a good level of interpretability. On the other hand, Neural Networks can identify non-linear patterns
and complex interactions among text features by utilizing word representations such as word embeddings, often
demonstrating superior performance in sentiment classification tasks.

The application of neural networks in sentiment analysis has demonstrated outstanding performance across tasks
such as named entity recognition, text classification, and emotion prediction [7] [14]. Approaches that combine
Long Short-Term Memory (LSTM) with Transformer architectures are often recommended for sequential data, as
they allow the model to retain important long-term information in text processing [15] [16]. In this era of big data,
integrating traditional approaches such as SVM and Random Forest with cutting-edge deep learning models has
become increasingly critical to improving the accuracy and efficiency of sentiment analysis. Choosing the right
algorithm plays a key role in producing accurate and reliable analyses [17][18]. Furthermore, ensemble learning
approaches that combine multiple algorithms have proven effective in building more robust models by leveraging
the precision of SVM, the reliability of Random Forest, and the pattern recognition power of Neural Networks [19].

Sentiment analysis provides valuable insights that support strategic decision-making, such as setting priorities
for improvements, developing new features, and adjusting the user interface, ultimately enhancing user satisfaction
and loyalty. Additionally, in Al-based applications, these analysis results can be used to train models to be more
sensitive to user preferences, for example, by adapting the chatbot’s communication style to make interactions
more natural and satisfying. Furthermore, regular monitoring of negative sentiment helps developers anticipate
potential declines in the app’s reputation and take preventive actions to maintain user trust through more effective
and transparent communication.

In the context of OpenAl applications on the Google Play Store, this study aims to develop and evaluate various
sentiment analysis models to determine the most effective approach for classifying user reviews based on senti-
ment. By utilizing review data from the Google Play Store, this research is expected to provide a clearer under-
standing of user perceptions of OpenAl applications and to identify areas for improvement to enhance user satis-
faction.

II. METHOD

The approach used in this study is a quantitative approach, aimed at analyzing the sentiment of user reviews
of the OpenAl application on the Google Play Store platform. In this study, three machine learning algorithms—
Support Vector Machine (SVM), Random Forest (RF), and Neural Network (NN)—were employed to classify
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review sentiments into three categories: positive, neutral, and negative. To obtain accurate and reliable results, the
study was conducted through several key stages, including a literature review, data collection, data preprocessing,
and evaluation and comparison of model performance It can be seen in Figure 1.
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Figure 1 Research Methodology

The first stage of this study was a literature review, aimed at understanding the concept of sentiment analysis
and the methods that have been employed in previous research. Sentiment analysis is a technique within Natural
Language Processing (NLP) that seeks to extract, identify, and categorize opinions in text based on the sentiments
they express [20]. This review also included various machine learning approaches, including text processing
techniques, as well as the strengths and limitations of the algorithms used in this study.

In conducting web scraping on the Google Play Store, tools such as BeautifulSoup, Selenium, and google-
play-scraper (for Python or Node.js) are commonly used. Selenium is particularly useful for handling content that
is dynamically loaded via JavaScript. The scraping process involves accessing the application page, collecting
review data including text, ratings, dates, and usernames, and addressing the infinite scroll feature by performing
automatic scrolling or repeatedly calling internal APIs. The collected data is then stored in a format that is easy to
process, such as CSV, followed by a cleaning process to remove duplicates, empty data, and spam. To ensure the
data obtained is valid and complete, the scraper must download all reviews through pagination or full scrolling,
ensure the data originates from the official page, avoid duplicate sources, and verify that the dates and ratings match
the desired time period.

The next stage was data collection, where review data were obtained from the Google Play Store using web
scraping techniques with the BeautifulSoup and Scrapy libraries in the Python programming language. A total of
10,000 recent reviews written in Indonesian were collected as the primary dataset. The use of web scraping for data
collection has been widely applied in similar studies, such as the work by [21], which gathered over 5,000 social
media reviews to analyze sentiment toward government policies.

Once the data were collected, a preprocessing stage was conducted to clean the text from irrelevant elements.
This process consisted of several steps, including case folding (converting all letters to lowercase), tokenization
(breaking the text into individual words), stopword removal (eliminating common words that carry little semantic
weight in sentiment analysis), and stemming (reducing words to their root form) using the Sastrawi library. This
preprocessing step is critical for improving model accuracy in identifying sentiment patterns in text [22].

Following preprocessing, feature extraction was performed using Term Frequency-Inverse Document
Frequency (TF-IDF) to convert text into numerical representations. TF-IDF is frequently used in text analysis
because it assigns higher weights to words that appear frequently in a document but are rare in other documents,
thereby enhancing model performance in sentiment detection [23].

The resulting numerical vectors were then split into training data (80%) and testing data (20%) using stratified
sampling to ensure balanced sentiment distribution across subsets. Model training was then conducted using the
three main algorithms: SVM, Random Forest, and Neural Network.

Support Vector Machine (SVM) is a classification algorithm that works by finding the optimal hyperplane
that separates data into distinct classes with the maximum margin [24]. This algorithm is highly effective for high-
dimensional data and is widely used in text classification due to its ability to clearly distinguish between features.
Random Forest, on the other hand, is an ensemble method that builds multiple decision trees and aggregates their
results to improve accuracy and reduce overfitting. In sentiment analysis, Random Forest constructs a classification
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model based on features extracted from text. Each decision tree predicts a sentiment class, and the final prediction
is determined by majority vote. Key advantages of Random Forest include its ability to handle large datasets, its
flexibility with unstructured data, and its capacity to assess feature importance, helping identify which elements
most influence classification outcomes[25].

Meanwhile, Neural Networks (NN) utilize artificial neural architectures to detect complex patterns in text [26].
This study used a Multilayer Perceptron (MLP) model with hidden layers to process deeper information and
enhance classification accuracy. The MLP model is relatively interpretable and effective in identifying the main
factors that determine sentiment in user reviews.

After training, the models were tested using the test data to evaluate their ability to accurately categorize
sentiment in the reviews. The models’ performance was assessed using four main evaluation metrics: accuracy,
precision, recall, and F1-score. Accuracy measures the proportion of correct predictions; precision assesses the
model’s ability to avoid false positives; recall evaluates the model’s capacity to correctly identify all relevant
instances; and the F1-score balances precision and recall [25].

The final stage of this study involved comparing the results and conducting a conclusive analysis. The
performance of the three algorithms was compared based on their evaluation metrics to determine which method
was most effective in classifying the sentiment of Indonesian-language reviews of the OpenAl application. Previous
studies have shown that SVM often outperforms other methods in sentiment analysis tasks [27]. Thus, this research
is expected to provide deeper insights into user perceptions of Al-based applications and contribute to the
development of sentiment analysis technologies for the Indonesian language.

III. RESULTS AND DISCUSSION

In this study, the first stage involved collecting user review data for the OpenAl application available on the
Google Play Store platform. A total of 10,000 recent reviews written in Indonesian were collected using web scrap-
ing techniques, implemented through the BeautifulSoup and Scrapy libraries in the Python programming language.
The collected data included several key pieces of information, such as review text, user ratings, review dates, and
review sources, which were subsequently used as the foundation for the sentiment analysis process It can be seen
in Figure 2 and 3.

[3] from google play scraper import app, reviews
import pandas as pd
import datetime

© from google play_scraper import reviews, Sort
app_id = 'com.openai.chatgpt’

def get_reviews(app_id, lang="id', count-18808, sort=Sort.NEWEST, filter score with-None, filter device with=None, continuation_token=Hone):
try:
result, continuation_token = reviews(
app_id,
lang=lang,
country="id",
sort=sort,
count=count,
filter_score_with=filter_score_with,
filter_device with=filter_device with,
continuation_token=continuation_token
)
return result, continuation_token
except Exception as e:
print(“Error:", e)
return None, None
reviews, continuation_token = get_reviews(app_id)
if reviews is not None:
print("Jumlah Ulasan:”, len(reviews))
if len(reviews) > @:
print(“Contoh ulasan:")
print(reviews[8])
else:
print("Tidak ada ulasan ditemukan.")

Figure 2. Dataset Scraping Process
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<class 'pandas.core.frame.DataFrame’> Review ID Username Rating Review Text Date
RangeIndex: 100@@ entries, @ to 9999

Data columns (total 5 columns): 0 93e2e21-1047-4dd7-c8a-0714ecdalarb Pengguna Google 5 mantab oke jossss  2025-05-02 02:08:11
#  Column Non-Null Count Dtype

Totmeesses o seeet 4 f7534670-0459-4477-a2c8- 2013006122 Pengguna Google 5 BAGUS BANGET PUAS BANGET  2025-05-02 01:53:59
@ Review ID 10008 non-null object

1 Username 10006 non-null object »  ypgieqfs f1ad-4499-9713-91d6bdaadad? Pengguna Google 2 sekarang terlalu Lambat untuk membuat gambar  2025-05-02 01:53:46
2 Rating 10008 non-null int64

3 Review Text 16608 non-null object -
P 16006 nonmill ooeer 3 Macid27-3333-4000 bose dbandiaeddn? Pengguna Google 5 mantap luar biasa, sangat membaniu  2025-05-02 01:49:50
T e i@ 4 0bBed044-3358-4602-9236-82C50547eB81 Pengguna Google 5 membantu saya sefiap ada masalah 2025-06-02 01:43:22

Figure 3. Data Scraping Results

After the data has been successfully collected, a data preprocessing stage is carried out to ensure the quality
of the data before sentiment classification is performed. The purpose of preprocessing is to clean and prepare the
text data so that it can be effectively processed by machine learning models [28]. The following are the data pre-
processing steps used in this study, which include:

1. Cleaning
Cleaning is the process of cleaning the 'Review Text' column in the DataFrame by removing unwanted

elements such as URLs, HTML, emojis, symbols, and numbers, so that the text becomes cleaner and ready for
further text analysis It can be seen in Figure 4.

Review Text cleaning
mantab oke jossss mantab oke jossss
BAGUS BANGET PUAS BANGET BAGUS BANGET PUAS BANGET

sekarang terlalu Lambat untuk membuat gambar  sekarang terlalu Lambat untuk membuat gambar

mantap luar biasa, sangat membantu mantap luar biasa sangat membantu
membantu saya setiap ada masalah membantu saya setiap ada masalah

sangat bagus aplikasinya dan membantudl sangat bagus aplikasinya dan membantu
bagus sekali 10/100 bagus sekali

Aplikasi ini bagus dan sangat membantu sekali  Aplikasi ini bagus dan sangat membantu sekali
ok ok

sangat membantu sangat membantu

Figure 4. Data Cleaning

2. Case Folding
Case folding is the process of converting text to lowercase, removing URLs from the content column,

eliminating mentions, deleting hashtags, removing special characters, removing punctuation, and eliminating
extra spaces [29] It can be seen in Figure 5.

cleaning case_folding
mantab oke jossss mantab oke jossss
BAGUS BANGET PUAS BANGET bagus banget puas banget

sekarang terlalu Lambat untuk membuat gambar  sekarang terlalu lambat untuk membuat gambar
mantap luar biasa sangat membantu mantap luar biasa sangat membantu

membantu saya setiap ada masalah membantu saya setiap ada masalah

Figure 5. Case Folding Data

3. Tokenization
Tokenization is the process of dividing text or sentences into smaller units called 'tokens'. Tokens can
be words, phrases, or other entities such as numbers or symbols. The main purpose of tokenization is to facil-
itate text analysis and processing [30] It can be seen in Figure 6.
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tokenize case_folding

[mantab, oke, jossss] mantab oke jossss

[pagus, banget, puas, bangef] bagus banget puas banget
[sekarang, terlalu, lambat, untuk, sekarang terlalu lambat untuk
membuat, ga... membuat gambar

[mantap, luar, biasa, sangat, mantap luar biasa sangat
membantu] membantu

[membantu, saya. setiap, ada. membantu saya setiap ada
masalah) masalah

Figure 6. Tokenization Data

4. Stopword Removal
Filtering (Stopword Removal) is the stage where important words are extracted from the tokenized results
using a stoplist algorithm to discard less important words. Stopwords are common words that frequently appear
in the text and are considered to have no meaningful contribution. By removing stopwords from the text, we can
focus on more important words [31] It can be seen in Figure 7.

tokenize stopword removal
[mantab, oke, jossss] [mantab, oke, jossss]

[bagus, banget,

[bagus, banget, puas, banget] puas, banget]

[sekarang, terlalu, lambat,

untuk, membuat, ga... flambat, gambar]

[mantap, luar, biasa, sangat,

membanty] [Mantap. membantu]

[membantu, saya, setiap, ada,

masalah] [membantu]

Figure 7. Stopword Removal Data

5. Stemming
Stemming is a method in natural language processing that converts words to their root form, aiding in the

preprocessing of text, words, and documents for text normalization [32] It can be seen in Figure 8.

t d .
sr‘:ris\?';l stemming_data
[mantab, oke,

; mantab oke jossss
jossss]

[bagus, banget,  bagus banget puas

puas, banget] banget
[lambat, gambar] lambat gambar
[mantap,
membantu] mantap bantu
[membantu] bantu

Figure 8. Stemming Data

After preprocessing, the data ready for classification consists of 6,104 reviews, after removing empty or irrel-
evant reviews It can be seen in Figure 9.
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<class 'pandas.core.frame.DataFrame’>
Index: 6184 entries, & to 90938
Data columns (total 18 columns):

#  Column Mon-Null Count Dtype
8 Date 6184 non-null  object
1 Username 6184 non-null  object
2  Rating 6184 non-null  inte4
3  Review Text 6184 non-null  object
4  cleaning 6184 non-null  object
5 case_folding 6184 non-null  object
6 normalisasi 6184 non-null  object
7 tokenize 6184 non-null  object
8 stopword removal 6184 non-null  object
9 stemming_data 6184 non-null  object

dtypes: inté4({1l), object(9)
memory usage: 653.6+ KB

Figure 9. Number of Data Ready

Next, a sentiment distribution analysis was conducted to determine the proportion of each sentiment cate-
gory in the dataset. The analysis revealed the sentiment analysis results of a number of tweets with three main
sentiment categories: Neutral, Positive, and Negative. In the Neutral category, there were 2,629 tweets, repre-
senting 43.07% of the total data. The Positive category recorded 2,567 tweets, or 42.05%, while the Negative
category had 908 tweets, amounting to 14.88%. This chart provides a clear picture of the sentiment distribution
in the dataset, with neutral and positive sentiments dominating, while negative sentiment makes up only a small
portion of the total tweets analyzed It can be seen in Figure 10.

Jumlah Analisis Sentimen
2629

2567
43.07% 42.05%
2500
2000
-
7}
[}
E 1500
i -
)
IS 908
3, 1000 14.88%
500
0 .
Netral Positif Negatif

Class Sentiment

Figure 10. Sentiment Distribution of User Reviews

After analyzing the data distribution, the text is converted into a numerical format using the TF-IDF (Term
Frequency-Inverse Document Frequency) method. This technique gives more weight to words that frequently
appear in a review but are rarely found in other reviews, thus enhancing the model's ability to capture the senti-
ment meaning from the text.

The dataset is then split into 80% for training data and 20% for testing data, using stratified sampling tech-
niques to ensure that the sentiment category distribution remains balanced in each data subset. In this stage, the
processed data is used to train and test three sentiment classification models: Support Vector Machine (SVM),
Random Forest (RF), and Neural Network (NN) It can be seen in Figure 11.
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Jumlah Data Latih dan Data Uji
4758 (79.99%)

4000
[1v]

3000
(]
=
&=

£ 2000

1190 (20.01%)
1000
0
Data Training Data Testing
Jenis Data

Figure 11. Training and Testing Data Split
To clarify the patterns of words that frequently appear in user reviews, a WordCloud visualization is created
from the dataset It can be seen in Figure 12.

o U 1b Aba nge t *!3!(?7\1 ; Jelek. . batas "»‘,LL‘, err :»
< & haSll T el fceritall S potors -
o o0

Eé S UK. .;‘1.— gOpd ED !
. EE : g a p k cha\‘t gf?agang
£ =] o5 Seobe~ gUNA 3] aF:
T34, Lo o Amantap::
salahku‘g o ‘bterlmakasm b Kadang »
- o roieh ©IBEUS  banget
. obr Q]ﬁa moga; Wmanfaat Chat vedxt fotob burlt i
| cepat ¥ 2 blkln
POkOk 2 ~: 5 5 "Ciman suruh
al ba1k o w “ g cari N,I‘l ! sistem
kayak suka banget 3 saran .. keren banget zilsbanget apliKasi fedhss

Figure 12. General WordCloud
Words such as help, good, application, like, and really helpful appear larger, indicating that these words are
frequently used in comments or reviews. Overall, this suggests a positive sentiment toward the application or
service, with many users feeling helped and satisfied with the functionality or performance of the application It
can be seen in Figure 13.

WordCIoud Sentwmen Positiv

ma ntap=:-

WordCloud Sentimen Negatif

good el ity S %’J g QAN Lo |
3‘ » b T 6t: P hutuns p 18 e o e
%0 Pﬂﬂlanggjl:ag apa Chatgpt ‘ '7‘\ nudoh ‘h‘balk
' PP Sesual muas : {
A foa‘ctaﬂt, plm(£ lyJa gu =spon gamb(?u!j ba nt uba(‘rtavaasau”m ukag A€
mbag ange gbaya' tugas l
ikasi bagu
manfaat aSl keren mendxngbanget SE)saF;M Usua Ish ST 5 taug

Figure 13. Sentiment WordCloud

WordClouds depicting words that frequently appear in reviews of the application with positive and negative
sentiments. In the positive sentiment, words such as 'good', 'help', 'application’, and 'yes' dominate, indicating
that users are very satisfied with the performance of the application, especially with features like 'chat GPT' and
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'photos'. Meanwhile, in the negative sentiment, although the words 'application' and 'help' still appear, words like
'bad’, 'wrong', 'lacking', and 'limit' reflect complaints about technical issues and feature limitations that hinder the
user experience.

In addition to the comparison of evaluation metrics, a confusion matrix analysis is also conducted to gain a
deeper understanding of the performance of each model in classifying positive, neutral, and negative sentiments
It can be seen in Figure 14.

SVM Confusion Matrix

Random Forest Confusion Matrix Neural Network Confusion Matrix
=
= 160 19 3 5 =
by T 128 29 25 & 150 26 6
= o S
< g
=2
T = _ _
3 = ASE © T =
£t 23 456 16 25 15 419 61 3£ 18 454 23
< = £ 2 g2
= = =
2 3 13 497 = 6 26 = 0 15 498
& & &
Negatif Netral Positif Negatif Netral Positif Negatif Netral Positif
Predicted Predicted Predicted

Figure 14. Confusion Matrix Results for SVM, RF, and NN

The results of the confusion matrix show that the Neural Network is the most effective model among the
three tested models, with excellent classification ability and few errors, particularly in the Positive category.
SVM also demonstrates good performance, although there are some errors in classifying the Neutral category.
On the other hand, Random Forest shows poorer results, with more errors in the Neutral and Negative categories,
although it performs reasonably well in the Positive category. Overall, the Neural Network provides the best
results in sentiment classification compared to SVM and Random Forest It can be seen in Table 1.

TABLE L.
COMPARISON BETWEEN MODELS

F1-

Model Sentiment Prioc/l:)l on R(?,Zf;“ S(cozl;e Ac:;z' )a <y

Negative 86.0 87.9 87.0

SVM Neutral 934 92.1 92.8 93.5
Positive 96.3 96.9 96.6
Random Negative 85.9 70.3 77.3

Forest Neu.tfal 88.4 84.6 86.5 86.4
Positive 84.8 93.8 89.1
Neural Negative 89.3 82.4 85.7

Network Neu.tfal 91.7 91.7 91.7 92.6
Positive 94.5 97.1 95.8

Based on the table above, it can be concluded that the Neural Network provides the best results with an
accuracy of 92.6% and very high values for precision, recall, and f1-score in all sentiment categories. SVM also
shows good performance with an accuracy of 93.5%, with very good results in the Positive and Neutral
categories. Random Forest has a lower performance with an accuracy of 86.4%, especially in the Negative
category, where recall and f1-score show poorer performance.

Support Vector Machine (SVM) excels at separating classes with an optimal margin, making it highly
effective for high-dimensional data such as text, especially in classifying clear positive and negative sentiments.
However, SVM struggles with ambiguous, neutral, or sarcastic data due to its reliance on a fixed separating
margin. To improve its performance, more complex kernels can be applied, parameters like C and gamma can
be tuned, contextual features such as word embeddings can be used, and data balancing techniques like SMOTE
can be implemented.

Random Forest is known for its robustness to noisy data and correlated features, while also providing
interpretability through feature importance. This algorithm demonstrates fairly stable performance across various
sentiment categories. Nevertheless, Random Forest tends to be biased toward the majority class if the data is
imbalanced and is less effective at capturing complex feature relationships, especially for neutral sentiments. To
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address these issues, adjustments to the number and depth of trees, the use of resampling techniques to handle
data imbalance, and improved feature engineering are necessary.

Neural Networks have strong capabilities in capturing nonlinear patterns and complex interactions between
features, making them effective at recognizing implied sentiments and emotional contexts, with good
performance across all sentiment classes. However, Neural Networks are prone to overfitting, particularly with
small datasets, and are often difficult to interpret (black-box). Errors can also occur if the training data is not
sufficiently representative. To improve this, regularization, dropout, data augmentation, pretrained embeddings
like BERT or Word2Vec, fine-tuning of models, and enhancing dataset quality are highly recommended.

With the results above, this research contributes to the development of sentiment analysis technology in the
Indonesian language. Most previous studies have focused more on analysis in English, while this research
demonstrates that machine learning can be effectively applied to sentiment classification in Indonesian, despite
challenges such as non-standard word variations and code-mixing. With the increasing use of Al in human
interactions (Aristanto et al., 2023), this research can serve as a foundation for the development of more advanced
sentiment analysis models for other applications, such as virtual assistants, customer service chatbots, and
opinion-based recommendation systems.

Neural Networks in sentiment analysis face challenges such as the need for large training datasets to reduce
the risk of overfitting, a “black-box” nature that is difficult to interpret, and higher computational resource con-
sumption and training time compared to SVM and Random Forest. To address these issues and improve accuracy,
hybrid or ensemble approaches can be employed by combining Neural Networks with conventional methods.
This approach leverages the strengths of each algorithm while reducing classification errors through techniques
such as stacking, boosting, or voting, resulting in more accurate and reliable classification

This research plays a crucial role in advancing sentiment analysis technology, particularly for the Indonesian
language, which has distinctive linguistic features such as flexible syntactic structure, the use of loanwords,
dialectal variations, as well as informal language like slang and abbreviations. These unique characteristics re-
quire the development of models that can accurately capture the specific context and meaning of Indonesian. By
adapting and evaluating algorithms such as SVM, Random Forest, and Neural Network specifically for this lan-
guage, the study is expected to produce methods that are more precise and tailored to the needs of the local
market. Furthermore, the findings have the potential to accelerate the adoption of more inclusive and adaptive
NLP technologies, thereby opening opportunities for developing more effective and personalized Al-based ser-
vices across various sectors such as e-commerce, public services, and social media.

The results of this study reveal the performance of the SVM, Random Forest, and Neural Network algo-
rithms in conducting sentiment analysis on OpenAl app reviews in the Google Play Store, with specific adapta-
tions for the Indonesian language. Compared to previous studies that mostly focused on English or other inter-
national languages, this research makes an important contribution by taking into account the unique linguistic
characteristics of Indonesian, such as flexible syntactic structures, the use of loanwords, as well as slang and
abbreviations found in user reviews. Unlike earlier studies, such as [33] [34][35], which reported high perfor-
mance of Neural Networks on English-language data, this study emphasizes that the selection and tuning of
algorithms must be adjusted to the language characteristics and local context to achieve optimal results. Further-
more, this research also addresses issues related to handling informal data and dialectal variations, which have
been less considered in previous studies, thereby opening opportunities for the development of more inclusive
NLP models tailored to the needs of the Indonesian market.

IV. CONCLUSION

This study compares the performance of three classification algorithms, namely Support Vector Machine
(SVM), Random Forest (RF), and Neural Network (NN), in analyzing user reviews' sentiment toward the Open
Al application on the Google Play Store. Based on the analysis results and comparison of the three sentiment
classification models—SVM (Support Vector Machine), Random Forest, and Neural Network—it can be con-
cluded that the Neural Network provides the best results among the three models. This model demonstrates an
accuracy of 92.6%, with excellent precision, recall, and f1-score across all sentiment categories (Negative, Neu-
tral, and Positive). The Neural Network is particularly effective in classifying Positive sentiment tweets, with the
highest precision and recall values among the other models. On the other hand, SVM also shows solid perfor-
mance with an accuracy of 93.5%, particularly in classifying Positive and Neutral tweets, though there is a slight
decline in the Negative category. Nevertheless, SVM remains a very competent model for sentiment classification
tasks.
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Random Forest, although showing quite good performance in the Positive category, has an accuracy of
86.4%, which is lower compared to SVM and Neural Network. This model shows poorer performance in the
Negative category, with recall and f1-score values much lower than the other two models. Overall, Neural Net-
work proves to be the best choice for sentiment classification, followed by SVM, while Random Forest requires
further refinement to improve its performance, particularly in handling the Negative category.

Model Accuracy Comparison

0.94 (93.5%) 0.93 (92.6%)
0.86 (86.4%)

10

0.8

0.6

Accuracy

0.4
0.2

0.0
SVM Random Forest Neural Network

Although this study shows that the Neural Network provides the best accuracy, there are still several challenges
that need to be addressed, such as sentiment data imbalance and informal language variations, as well as language
mixing in user reviews. Therefore, future research could develop models with deep learning approaches, such as
Bidirectional LSTM or Transformer-based models (BERT), which are more effective in understanding the con-
text of natural language. Additionally, aspect-based sentiment analysis could be used to recognize user opinions
regarding specific features of the application. Further research could also examine trends in sentiment changes
over time, providing deeper insights into user reactions to updates or changes in the Open Al application service.
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