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Abstract—The widespread use of TikTok has generated a vast number of user reviews, offering a rich dataset for sentiment analysis.
This study aims to classify TikTok reviews from the Google Play Store into positive, negative, and neutral categories, a complex
task due to the informal and unstructured text. The research seeks to develop a reliable sentiment analysis model using deep learning
to understand user perceptions, aiding platform improvements and marketing strategies. We collected 10,000 reviews via web
scraping, preprocessed through text cleaning, normalization, tokenization, filtering, and stemming. Sentiment labels were assigned
automatically using a lexicon-based approach, showing predominantly positive reviews. Word2Vec transformed text into
numerical vectors for feature extraction. The Bidirectional Long Short-Term Memory (Bi-LSTM) model, with Embedding,
Bidirectional LSTM, Dropout, and Dense layers, achieved 80% accuracy and an F1-score of 0.78 using a 90:10 train-test split.
While effective for positive and negative sentiments, neutral expressions were less accurately detected due to lower recall.
Compared to traditional methods like Naive Bayes, Support Vector Machine, and K-Nearest Neighbors, Bi-LSTM offered superior
accuracy and better handling of linguistic variability, making it valuable for analyzing social media feedback.
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1. INTRODUCTION

The rapid development of digital technology and the internet has made social media an inseparable part of human life
for communication and socializing [1]. In Indonesia, the TikTok application has become a phenomenon by providing
a space for users to express themselves through short or long-form videos [2]. The ease of using TikTok encourages
many users to provide opinions and reviews on platforms like the Google Play Store [3]. These opinions are a valuable
data source for sentiment analysis, which is the process of classifying text to determine opinion polarity [4]. Sentiment
analysis allows for the identification of user views on an application, which can serve as a benchmark for further
development. The rise of social media platforms has significantly transformed how people connect globally, fostering
new forms of interaction and content sharing. TikTok’s unique format, which emphasizes creativity and brevity, has
attracted millions of users, making it a cultural phenomenon. The platform’s intuitive interface lowers the barrier to
content creation, enabling diverse voices to be heard. User reviews on app stores reflect a wide range of experiences,
from satisfaction with features to frustrations with functionality. These reviews offer insights into user preferences
and pain points, guiding developers in refining app features. Sentiment analysis leverages computational methods to
process this feedback systematically, providing actionable insights. Deep learning methods are increasingly being
applied due to their ability to process large, complex, and unstructured data. One effective deep learning algorithm for
natural language processing is Long Short-Term Memory (LSTM) [5]. LSTM, as an advancement of Recurrent Neural
Networks (RNNs), can store long-term information and overcome the vanishing gradient problem [6]. Although
LSTM is effective, its primary drawback is its ability to process information in only one direction [7].

Previous research in sentiment analysis has shown accuracy challenges with several conventional methods. For
instance, a study by [8], which used Naive Bayes Classifier (NBC) for hate speech sentiment analysis, only achieved
an accuracy of 75%. Research conducted by [9], which applied Support Vector Machines (SVM) for text
classification, obtained a highest accuracy of 62.3%. This relatively low accuracy is often due to the limitations of
these methods in handling complex contexts, sarcasm, or very large and unstructured text data. Traditional approaches
like NBC and SVM struggle to interpret nuanced language, such as cultural references or emotional undertones, which
are common in user-generated content. These methods often rely on simplified assumptions about text structure,
limiting their effectiveness in real-world applications. The complexity of human language, including slang and
context-dependent meanings, poses significant challenges for accurate sentiment classification. To overcome these
limitations and improve analysis accuracy, Bidirectional Long Short-Term Memory (Bi-LSTM), an enhancement of
LSTM, becomes a suitable choice. Bi-LSTM can process information from two directions (forward and backward),
allowing it to capture richer context from sequential data [10]. To address these limitations, this research employs
Bidirectional Long Short-Term Memory (Bi-LSTM), an enhancement of LSTM that processes information
bidirectionally (forward and backward) to capture richer contextual relationships [10]. This bidirectional approach
improves the model’s ability to interpret subtle sentiment shifts and sequential data, making it particularly suited for
analyzing large datasets like app reviews. Existing sentiment analysis studies, such as those using NBC and SVM,
demonstrate limited accuracy in handling complex, context-dependent user feedback due to their inability to
effectively process sequential and nuanced data. These methods often fail to capture the dynamic nature of user
sentiments expressed in app reviews, particularly when dealing with large datasets or culturally specific language.
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This research addresses these gaps by leveraging Bi-LSTM’s bidirectional processing and Word2vec’s semantic word
embedding to enhance sentiment classification accuracy and contextual understanding.

This study introduces a novel approach to sentiment analysis of TikTok user reviews by integrating Bi-LSTM
with Word2vec word embedding, achieving higher accuracy and robustness in classifying sentiments as pro, contra,
or neutral. Unlike previous methods, this approach effectively captures contextual nuances and handles large-scale,
unstructured data, providing developers with precise insights into user perceptions. By combining advanced deep
learning techniques with comprehensive evaluation metrics (accuracy, precision, recall, and F1-score), this research
sets a new benchmark for sentiment analysis in social media applications.

Based on this background, this research focuses on the sentiment analysis of user opinions on the TikTok
application, classified into pro, contra, and neutral. Data will be collected using web scraping techniques from the
Google Play Store with a dataset of 10,000 reviews. To address the challenges of large data and improve analysis
accuracy, this research will use the Bi-LSTM algorithm, as well as the Word2vec word embedding method for word
weighting and a confusion matrix for model evaluation by calculating accuracy, precision, recall, and F1-score values.
The dataset will undergo preprocessing, including tokenization and stop-word removal, to ensure data quality.
Word2vec will convert words into numerical vectors, preserving semantic relationships and enhancing model
performance. The confusion matrix will provide a comprehensive evaluation, identifying the model’s strengths and
weaknesses across different sentiment categories. This approach is expected to provide an in-depth understanding of
user perceptions towards the TikTok application, offering valuable insights for developers to enhance user experience
and address feedback effectively. By leveraging advanced deep learning techniques, this study aims to set a new
standard for sentiment analysis in social media research.

2. RESEARCH METHODOLOGY

The methods section provides a general overview of the processes and stages that will be carried out during the
research. A research workflow is essential as it serves as a guide, making it easier for the researcher to conduct the
study and helping to organize the process to achieve satisfactory results

2.1 Research Stages

The following is an overview of the research workflow for this study, presented in Figure 1. This study focuses on
Opinion Mining on TikTok Using Bidirectional Long Short-Term Memory (Bi-LSTM).
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Figure 1. Research Workflow

Based on Figure 1 The workflow encompasses several key stages to ensure accurate and comprehensive
sentiment analysis. First, user review data is collected from the Google Play Store using web scraping techniques,
resulting in a dataset of 10,000 reviews. The dataset then undergoes preprocessing, including tokenization, stop-word
removal, and normalization, to enhance data quality. Next, the Word2vec method is applied to convert words into
numerical vectors, preserving semantic relationships. The Bi-LSTM model is then utilized to classify sentiments into
pro, contra, and neutral categories, leveraging its bidirectional processing capability to capture richer context. Model
evaluation is conducted using a confusion matrix, calculating metrics such as accuracy, precision, recall, and F1-score
to thoroughly assess the model’s performance. This approach is designed to provide deep insights into user perceptions
of TikTok, supporting developers in improving user experience based on the analyzed feedback.

2.1 Data Collection

The first stage performed is data collection. Data was collected from the Google Play Store using a web scraping
technique with the snscraper library for the year 2025, resulting in 10,000 datasets.
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2.2 Data Preprocessing

The next stage is text preprocessing, where raw data will be processed into data ready for use. This stage can help

improve data quality and obtain accurate analysis results. This research performs five stages

a. Data cleaning is the activity of analyzing data quality by modifying, changing, or deleting data that is considered
unnecessary, incomplete, or inaccurate [11]

b. Case folding is the stage of converting alphabetical characters that have passed the cleaning stage to lowercase
[12]

c. Tokenizing is a stage of cutting word strings based on segmenting each tweet sentence word by word [13]

d. Filtering is the process of extracting important words from the Tokenizing results, or commonly referred to as
eliminating words according to their rules [14]

e. Stemming is the process of removing affixes (both prefixes and suffixes) from a term to obtain the root word of
an inflected word [15]

2.3 Data Labelling

After the dataset is obtained through web scraping techniques, the next stage is automatic data labeling. This process
is conducted following the completion of text preprocessing to facilitate research analysis. Data labeling employs a
lexicon-based approach, which is effective for identifying sentiment polarity, namely pro, contra, and neutral [16].
This approach utilizes a dictionary of words with sentiment values to assign labels automatically, thereby enhancing
the efficiency of the analysis [[17]. The results of data labeling in this study yield a distribution of pro, contra, and
neutral sentiments, serving as the foundation for understanding user perceptions of the application [18].

2.4 Word Embedding

Following the data labeling stage, the next step is word weighting using one of the Word Embedding methods, namely
Word2Vec. The Word2Vec method maps each word in the dataset into a numerical vector form, enabling semantic
representation of words based on their context [19]. This approach utilizes the Gensim library to generate word vectors
that support more accurate sentiment analysis [20]. With Word2Vec, semantic relationships between words can be
effectively captured, thereby enhancing the performance of machine learning models in processing text data [21].

2.5 Bidirectional Long Short-Term Memory

This study employs the Bidirectional Long Short-Term Memory (Bi-LSTM) algorithm as the primary method due to
its ability to capture sequential context from two directions, namely forward (from beginning to end) and backward
(from end to beginning), thus enabling a more comprehensive understanding of language structure [22]. With the Bi-
LSTM approach, the processed data can generate representations relevant to the text input, enhancing accuracy in
sentiment analysis tasks [23]. This algorithm utilizes two LSTM layers to process information simultaneously,
allowing the model to capture complex semantic relationships within text data.

2.6 Model Evaluation

Model evaluation is a critical stage for assessing the performance of the model used in the research and analyzing data
in depth. This stage aims to evaluate the model’s performance in a detailed and accurate manner. In this study, model
evaluation is conducted using confusion matrix calculations, which produce metrics such as accuracy, precision,
recall, and F1-score [24]. These metrics enable a comprehensive assessment of the model’s ability to classify data,
where a higher accuracy value indicates better model quality [25].

3. RESULT AND DISCUSSION

This section will provide an explanation of the research results and discussion conducted by the researchers, namely
the stages in performing sentiment analysis on the TikTok application using the Bidirectional Long Short-Term
Memory (Bi-LSTM) algorithm. These stages include data collection, text preprocessing, data labeling, word
embedding, data splitting, Bi-LSTM, and model evaluation

3.1 Results

This study produced a comprehensive sentiment analysis of TikTok user reviews using the Bidirectional Long Short-
Term Memory (Bi-LSTM) model. A dataset of 10,000 reviews from the Google Play Store was processed through
preprocessing steps, including tokenization and stop-word removal, to ensure data quality. Using the Word2vec
method, words were converted into numerical vectors, enhancing the model’s semantic understanding. The
classification results demonstrated high accuracy in categorizing sentiments as pro, contra, and neutral. Evaluation
using a confusion matrix showed strong accuracy, precision, recall, and Fl-score values, indicating the model’s
reliability. These findings provide valuable insights into user perceptions, supporting the development of a more
responsive application tailored to user needs.
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3.1.1 Data Collection

The initial stage performed in this research is data collection. In collecting data, the researchers used web scraping
techniques to obtain data using the Python library, snscrape, on the TikTok application in the Google Play Store. The
results of data collection using web scraping techniques can be seen in Figure 2.

reviewId userName userImage content score thumbsUpCount reviewCreatedVersion at replyContent replied
Bug nya
https://play- banyak
0  7bag28c1-2b6e-49f7-aa03-f03b61013b8 T EN99UN o oogleusercontentcom!  banget Aku 2 164 3553 2024.01,07 None N
Google 01:33:58
EGemol2N pakai wifi,
sinyaln
Tik tok
sekarang
https://play- 074
1 97790ede-dcdb-4bde-9a05-cbfe9249a93 | onI9UN3 1 oogleusercontent.com/ jelek bt 3 2693 355 20240100 None N
Google parah @ # 12:01:00
EGemol2N...
#  masa
Vi
Update
https://play- terakhir
2 3a6d36d2-2101-4/60-ae9d-ca09a6/463c9 T E"IUNA 1 oo gleusercontent com/ harusnya 2 2163 anaa 20240627 None N
Google 3 16:25:05
EGemol2N... meningkatkan
kualitas.
apk nya emg
https://play- s
3 28676bad-9314-481d-8742-86709c2¢680b ' c199U"3 1 oogleusercontent com/  029US: tapi 4 182 54040 20240101 None N
Google makin update 08:05:18
EGemol2N...
ko makin .
bagus
https://play- bgt,cuma
4 eb5eaelc-6dbb-4f35-b7d6-585de51c237a L ENIIUNA 1 ooogleusercontentcom/  buat mutar 4 79 3544 2021 00,04 None N
Google 23:34:32
EGemol2N... video nya
susah ngga.

Figure 2. Data Collection Results

Based on Figure 2, the total data obtained using web scraping techniques was 10,000 in 2025, with data in
Indonesian.

3.1.2 Data Pre-Processing

The next stage, data preprocessing, is an important step in sentiment analysis to ensure data quality that is free from
noise and consistent. The results of data cleaning can be seen in Figure 3.

Komentar

Data Cleaning

Case Folding

Tokenizing

Filtering

stemmed_text

(@Aawila Bug nya banyak
banget aku pakai wifi
sinyalnya itu bagus waktu aku
buka tiktok ada banyak
banget bugnya kayak video
gak bisa di like atau di pause
terus kadang mau like video
malah tibatiba masuk live
orang dil percuma tiktok

Bug nya banyak banget
aku pakai wifi sinyalnya
itu bagus waktu aku
buka tiktok ada banyak
banget bugnya kayak
video gak bisa di like
atau di pause terus
kadang mau like video
malah tibatiba masuk
live orang dll percuma

bug nya banyak banget
aku pakai wifi sinyalnya
itu bagus waktu aku
buka tiktok ada banyak
banget bugnya kayak
video gak bisa di like
atau di pause terus
kadang mau like video
malah tibatiba masuk
live orang dll percuma

[bug, nya, banyak, banget,
aku, pakai, wifi, sinyalnya,
itu, bagus, waktu, aku,
buka, tiktok, ada, banyak,
banget, bugnya, kayak,
video, tidak, bisa, di, like,
atau, di, pause, terus,
kadang, mau, like, video,
malah, tibatiba, masuk,
live, orang, dan, lain-lain,

[tik, tok, sekarang, jelek,
banget, parah, video, draf,
lagu, nya, tiba, hilang,
videonya, draf, video, mau,
posting, nya, malah, nya, tiba,
hilang, tik, tok, perbaiki, bug,
nya, semakin, di, update,
bukan, nya, semakin, bagus,
sekarang, malah, semakin,
Jelek, tok, jelek, sekarang, tik,
tok, jga, kualitas, video, di,

tik tok sekarang jelek banget
parah masa video draf lagu
nya tiba hilang video draf
video mau posting nya malah
nya tiba hilang tik tok baik
bug nya makin di update
bukan nya makin bagus
sekarang malah makin jelek
batt tik tok jelek sekarang tik
tok juga kualitas video di

update terus sampe gb an tiktok update terus tiktok update terus percuma, tiktok, update,  posting, bures, padahal, awal, posting padahal awal posting
kalo banyak bugnya sampe gb an kalo sampe gb an kalo terus, sampe, gb, an, kalo, posting, video, jerihipi,  video jemihtpi beberapa jam
banyak bugnya banyak bugnya banyak, bugnya] beberapa, jam, video, nya, video nya langsung banget

langsung, bures, banget]

Figure 3. Data Pre-Processing Results

Based on Figure 3, the data cleaning stage removes elements such as links, hashtags, emoticons, symbols, and
mentions to facilitate data labeling, as shown in the second column. Next, case folding converts all letters to lowercase
to reduce data variations, as illustrated in the third column. This process is followed by tokenizing, which separates
sentences into single words to facilitate further analysis, as seen in the fourth column. The filtering stage removes
unimportant words to focus on relevant information, as shown in the fifth column. Finally, stemming converts
inflected words into their base form to simplify the data, as seen in the sixth column. Each of these stages aims to
improve the quality of text data, ensuring that the data is ready for sentiment analysis using algorithms such as Bi-
LSTM, which requires clean and structured text input.

3.1.3 Data Labelling

Data labeling is a crucial stage in sentiment analysis, especially for preparing datasets to be used in training deep
learning models. One common approach used for automatic sentiment data labeling is the lexicon-based method. This
approach utilizes a pre-defined dictionary of words with their sentiment polarity (positive, negative, or neutral) and
their respective weight scores, allowing the system to automatically identify and label sentiment in text based on the
words it contains. This process greatly helps in accelerating and standardizing the labeling of large datasets, which
would be time and resource-consuming if done manually. The data labeling results are displayed in Figure 4.
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Figure 4. Label Distribution

Based on Figure 4, the sentiment distribution of user reviews for the TikTok application. From the total data
analyzed, the Pro (0) category dominates with 6205 reviews, or 62.1%, indicating a significant positive sentiment
from users. Meanwhile, the Contra (2) category occupies the second position with 2757 reviews, or 27.6%, reflecting
a number of dissatisfactions or problems experienced by users. The Neutral (1) category has the smallest number,
namely 1038 reviews or 10.4%, indicating that a small portion of reviews are neutral or do not lean towards positive
or negative sentiment. This distribution provides a clear picture of the majority of positive sentiment received by the
TikTok application, followed by fewer negative and neutral sentiments.

3.1.4 Word Embedding

The next stage is Word Embedding, a revolutionary technique that maps words to numerical vectors, where words
with similar meanings have adjacent vectors. This allows computers to understand semantic relationships between
words, such as synonyms and context, significantly improving model performance in sentiment analysis. The word
similarity for "aplikasi" (application) and "tiktok" is shown in Figure 5.

# Menghitung kemiripan antara dua kata

wordl = 'aplikasi’

word2 = 'tiktok®
similarity = word2vec_model.wv.similarity(wordl, word2)|

# Menampilkan hasil kemiripan
print(f"Kemiripan antara '{wordl}' dan '{word2}': {similarity}")

Kemiripan antara ‘aplikasi' dan "tiktok': ©.9590350389480591

Figure 5. Word Similarity between 'aplikasi' and 'tiktok'

Based on Figure 5, the calculation of similarity between the words 'aplikasi' (application) and 'tiktok' was
performed. The result shows a similarity value of 0.959035038948059. This very high value indicates that in the
context of the dataset used to train the Word2Vec model, the words 'aplikasi' and 'tiktok' have a very strong semantic
similarity. This is very reasonable given that TikTok is a form of application, so these two words often appear in
similar or even interchangeable contexts in user reviews. Word2Vec's ability to measure this similarity is an important
basis for understanding the relationships between textual entities, which ultimately contributes to the effectiveness of
sentiment analysis models in understanding the nuances of user language.

3.1.5 Bidirectional Long Short-Term Memory

The next stage is processing the data using the Bidirectional Long Short-Term Memory (Bi-LSTM) algorithm. Bi-
LSTM consists of two independent LSTM layers that process the input sequence in two directions (forward and
backward), then combine the representations from both directions. This capability allows Bi-LSTM to capture richer
and more comprehensive context from the entire sentence, thereby significantly improving the accuracy and
performance of the model in sentiment analysis tasks. The parameters used in this research are shown in Figure 6.

Model: “"sequential™

Layer (type) Output Shape Param #
embedding (Embedding) (None, 100, 100) 1526800
bidirectional (Bidirection (None, 100, 128) 84480
al)

dropout (Dropout) (None, 100, 128) 4]
Istm 1 (LSTM) (None, 32) 20608
dense (Dense) (None, 3) 99

Total params: 1631987 (6.23 MB)
Trainable params: 1631987 (6.23 MB)
Non-trainable params: 0 (.00 Byte)

Figure 6. Bi-LSTM Parameters
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Based on Figure 6, the first layer is Embedding, which is responsible for transforming discrete word
representations into dense vectors with an output shape of (None, 100, 100) and 1,526,800 parameters. This layer acts
as a bridge between raw text and the feature space that can be learned by the neural network. Next, the Bidirectional
(Bi-LSTM) layer with an output shape of (None, 100, 128) and 84,480 parameters processes word embeddings from
two directions to capture global context. A Dropout layer is applied to prevent overfitting by randomly omitting a
portion of neurons during training. Then, the LSTM layer with an output shape of (None, 32) and 20,608 parameters
functions to condense the extracted features. Finally, the Dense layer (output shape (None, 3) and 99 parameters) acts
as the output layer, generating probabilities for three sentiment categories (pro, contra, neutral), with a total of
1,631,987 trainable parameters, indicating the model's complexity which is capable of learning intricate sentiment
patterns.

3.1.6 Model Evaluation

Model evaluation is a crucial stage for measuring the performance of the algorithm in classifying sentiment. Confusion
Matrix is an effective tool for visualizing performance, showing the number of correct and incorrect predictions for
each class. Metrics such as accuracy, precision, recall, and Fl-score are derived from this matrix, providing a
comprehensive overview of the model's ability to recognize pro, neutral, and contra sentiments in review data. The
confusion matrix results in this study are shown in Figure 7.

- 1600
n 149 L 1400

- 1200

- 1000

True Label
penengah
3
e

Kontra

fro Penengah Kontra
Predicted Label

Figure 7. Confusion Matrix

Based on Figure 7, the model's ability to classify sentiment is visible. For the "Pro" label, the model correctly
predicted 1683 reviews, but incorrectly classified 167 "Neutral" and 167 "Contra" reviews as "Pro". In the "Neutral"
class, only 53 reviews were correctly classified, with dominant errors in predicting as "Pro" (11) and "Contra" (98).
Meanwhile, for the "Contra" class, the model correctly identified 663 reviews, but incorrectly predicted 149 "Pro"
reviews as "Contra" and 9 "Neutral" reviews as "Contra". This matrix highlights that the model performs best in
identifying "Pro" sentiment, while classifying "Neutral" remains a major challenge. The classification report
containing accuracy, precision, recall, and F1-score is shown in Figure 8.

precision recall fl-score  support

Pro 8.83 @.91 9.87 1843

Penengah @.73 Q.17 Q.27 318
Kontra 8.73 a.79 0.76 839
accuracy 0.80 3000
macro avg @.76 a.62 0.63 3000
weighted avg 8.79 9.80 8.78 3000

Figure 8. Classification Report

Based on Figure 8, this classification report presents comprehensive model performance evaluation metrics. It
provides an overview of the model's overall performance, considering the amount of data (support) in each class. For
a data split of 90% training data and 10% testing data, the precision of 0.79, recall of 0.80, and F1-score of 0.78
indicate that the model has good capability in sentiment classification on average, with weights given based on the
proportion of each class. The overall accuracy of the model reaches 0.80 (80%), indicating that the Bi-LSTM model
has effectively learned sentiment patterns on the TikTok review dataset.

3.2 Discussion

This analysis includes interpreting the model's performance and comparing it with previous research to contextualize
this study's contribution, as well as affirming the superiority of the proposed approach. Comparison with previous
research is shown in Table 1.

Table 1. Comparison with previous research

Researcher Algorithm Accuracy
[26] Naive bayes classifier 71.38%
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Researcher Algorithm Accuracy
[27] Support Vector Machine  70.75%
[28] K-Nearest Neighbors 73.6%

This study Bi-LSTM 80%

Based on Table 1, the superiority of Bi-LSTM compared to machine learning methods such as SVM, NBC,
and KNN lies in its ability to understand long-term dependencies and sequential context in text data. Unlike SVM and
NBC which tend to treat text as a collection of words and ignore order, Bi-LSTM can process information from the
beginning to the end of a sentence and vice versa, thus capturing more complex semantic relationships. In addition,
as part of deep learning, Bi-LSTM can automatically extract relevant features from raw data without requiring
extensive manual feature engineering, a significant advantage over KNN which heavily relies on high-quality feature
representation. Bi-LSTM's adaptive capability to unstructured and large data makes it a more robust and accurate
choice for sentiment analysis tasks involving the complexity of natural language in user reviews.

4. CONCLUSION

This research successfully implemented a sentiment analysis model based on Bidirectional Long Short-Term Memory
(Bi-LSTM) to classify TikTok application user reviews into pro, neutral, and contra categories. With an architecture
that includes Embedding, Bidirectional, Dropout, LSTM, and Dense layers, the model is capable of extracting rich
contextual features from textual data. Evaluation results show the model achieved an overall accuracy of 80%, with
an F1-score of 0.78, indicating good performance in general sentiment classification. Compared to previous research
using conventional machine learning methods such as NBC, SVM, and KNN with accuracies below 80%, the Bi-
LSTM algorithm proved superior in handling long-term dependencies and sequential context, making it a more robust
and accurate choice for sentiment analysis on complex natural language data. Despite these strengths, a primary
limitation encountered was the lower recall in identifying "Neutral" sentiment, suggesting that the model sometimes
struggles to accurately classify inherently ambiguous neutral expressions. For future work, it is recommended to focus
on developing more sophisticated techniques for neutral sentiment classification (e.g., alternative labeling strategies
or advanced attention mechanisms), expanding and diversifying the dataset, exploring other state-of-the-art deep
learning architectures like Transformers, incorporating multi-modal data (e.g., emojis), and delving into aspect-based
sentiment analysis for more granular insights into user opinions on specific TikTok features.
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