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Abstract

Tourism plays a pivotal role in Indonesia’s economic and cultural landscape, contributing significantly to job
creation, regional development, and international recognition. This study evaluates the performance of IndoBERT, a
state-of-the-art Indonesian language model, and Long Short-Term Memory (LSTM) networks for sentiment
classification of 2,560 Google reviews of Kenjeran Park in Surabaya, consisting of 54% positive, 28% neutral, and
18% negative sentiments. Preprocessing steps included slang replacement, stemming, stopword removal, and
tokenization, with class imbalance addressed through weighted loss adjustments. IndoBERT was fine-tuned using
contextual embeddings with a learning rate of 0.00005, while the LSTM model employed a 128-unit architecture
trained over 150 epochs with the Adam optimizer. Experimental results show that IndoBERT achieved 87.50%
accuracy, 0.7697 precision, 0.7643 recall, and 0.7643 F1-score, outperforming LSTM’s 77.93% accuracy, 0.6826
precision, 0.6812 recall, and 0.6826 F1-score. This research establishes a comparative benchmark of transformer-
based and RNN-based architectures for Indonesian tourism review sentiment analysis, introduces a domain-specific
preprocessing pipeline with imbalance handling, and provides actionable insights for digital tourism analytics.
Beyond its technical contributions, the study highlights the urgency of advancing robust natural language processing
approaches for low-resource languages, thereby strengthening the field of informatics and supporting data-driven
decision-making in the tourism sector.

Keywords : Deep Learning, IndoBERT, LSTM, Sentiment Analysis, Urban Coastal Park, Tourism

This work is an open access article and licensed under a Creative Commons Attribution-Non Commercial
4.0 International License

1. INTRODUCTION

Tourism is one of the sectors that has a major contribution to the economy. Tourist destinations
such as Kenjeran Park in Surabaya are one of the popular destinations that attract tourists. Kenjeran Park
that located in Surabaya is urban coastal parks which offer a unique combination of natural landscapes,
recreational facilities, and cultural attractions within city limits, making them an important component
of urban tourism development. As competition between destinations intensifies, understanding visitor
perceptions through online reviews becomes critical for improving service quality and supporting
sustainable tourism planning. [1], [2]

To respond to this need, visitor feedback and reviews play an essential role in monitoring service
quality and guiding destination development. Reviews reflect diverse feelings and experiences, which
can be further analyzed to understand public sentiment toward attractions. Sentiment analysis has
therefore emerged as an effective tool to assess satisfaction levels and identify areas requiring
improvement. Nevertheless, previous studies in Indonesia have mainly focused on elections, employing
methods such as textblobs[3], using Naive Bayes algorithm[4], and combine Naive Bayes with SVM
Classifier to predict sentiment from Twitter data. These approaches, however, remain dominated by
lexicon-based and conventional machine learning techniques.
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To be able to find out the sentiment of the review automatically, machine learning techniques
such as IndoBERT and Long Short-Term Memory (LSTM) emerged, one of which was used in the
research by Mandhasiya et al.[5]. BERT itself is a state of the art performance in NLP, IndoBERT is
one of the BERT modes specifically for Indonesian.[6] IndoBERT is a transformer model based on
Bidirectional Encoder Representations from Transformers (BERT) which is specifically for the
Indonesian corpus.[7], [8] This model provides the ability to understand the context and meaning of
words in a sentence better than other models.[9], [10], [11] Meanwhile, LSTM is an artificial neural
network that can solve the problem of sequence in text, so it is very suitable for processing sequential
text data.[ 12] In the research on sentiment analysis with LSTM and BERT on the election, the validation
accuracy with the BERT model was 76.48%, while the LSTM model had a maximum accuracy of
87%.[13] Another study on sentiment analysis using LSTM on hospital services during the pandemic
found an accuracy of 86%.[14] Another study on sentiment analysis using IndoBERT in the health sector
found an accuracy of 96%.[15]

In the tourism domain, sentiment analysis has been widely explored ensemble multi-label models
for hotel reviews in Vietnam outperform LSTM and CNN[16], hybrid BERT-LSTM frameworks
improve POI recommendations[17], and combining sentiment with forecasting enhances tourist arrival
prediction.[ 18] Comparative studies show that transformer-based models such as ROBERTa achieve the
highest performance on large-scale review datasets,[19] while survey papers emphasize ongoing
challenges in sentiment polarity and the growing role of deep learning.[20] Recently, multimodal
approaches such as transforming reviews into Al-generated images with DistiiBERT and CLIP
demonstrate new possibilities for explainability by linking emotions with visual cues.[21]

Despite these advances, most studies on coastal tourism have focused on remote beach
destinations that emphasize natural beauty, environmental sustainability, or economic impacts in
suburban or rural areas. By contrast, research on urban coastal parks—such as Kenjeran Park—that
integrate natural recreation with playgrounds and family-oriented facilities remains limited. This type
of tourism is increasingly relevant in urban contexts where multifunctional public spaces are needed to
combine leisure, cultural, and social dimensions. Exploring such destinations can provide valuable
insights into tourist preferences, perceptions of comfort, aesthetic value, and socio-economic potential
compared to conventional coastal areas.

Therefore, this study seeks to address the research gap by developing and implementing a
sentiment analysis system for visitor reviews of Kenjeran Park in Surabaya using IndoBERT and LSTM.
By analyzing sentiments in Indonesian-language tourist reviews, this research aims to generate deeper
insights into visitor perceptions and satisfaction, while testing the effectiveness of IndoBERT for
contextual understanding and LSTM for sequential text processing in complex review structures.

2. METHOD

This study uses a qualitative approach with a case study method that focuses on beach tourism
located in the middle of the city and equipped with a playground. The research location was selected
based on the criteria of a beach destination in an urban area, has a playground or family interactive
space, and has active interaction between visitors and elements of the surrounding environment. Data
collection began by scraping the Google review of Kenjeran Park located in Surabaya. Data analysis
was carried out using the triangulation method to ensure the validity of the findings, and using thematic
analysis to identify patterns related to destination sustainability. This study also considers the dynamics
of urban development and how the existence of this beach-playground can support the transformation
of sustainable urban tourism. Thus, this methodology not only aims to describe the phenomenon, but
also evaluates and provides recommendations based on the principles of sustainable tourism for
replication or development of similar models in other cities.
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2.1. Research stage

The research framework is illustrated in Figure 1, consisting of six main stages: (1) data
collection, (2) data preprocessing, (3) word embedding, (4) model design, (5) training, and (6)
evaluation. To improve clarity, each stage is explained in detail in the following sub-sections. Figure 1
has also been revised to explicitly show the two parallel modeling paths: IndoBERT fine-tuning and
LSTM training, both leading into the evaluation stage.

The dataset was collected from Google Reviews of Kenjeran Park, Surabaya. The scraping
process was carried out using Python libraries Selenium and BeautifulSoup, which enabled automated
retrieval of review text, star ratings, and metadata. To ensure data quality, the following filtering criteria
were applied (1) only reviews written in Indonesian language were retained, (2) reviews shorter than
five words were discarded, (3) duplicate reviews and those containing only emojis or URLs were
excluded, (4) no personal identifiers (usernames or profile data) were stored to maintain ethical
compliance.

In total, 3,200 raw reviews were collected, which after cleaning resulted in 2,560 usable reviews
for modeling. Reviews were labeled into three sentiment classes according to the star ratings: positive
(4-5 stars), neutral (3 stars), and negative (1-2 stars).

The preprocessing stage was carried out to clean and standardize the reviews before they were
processed by the models. First, case folding was applied to convert all characters into lowercase,
followed by the removal of punctuation marks, emoticons, and other non-alphanumeric symbols to
reduce noise. Since many reviews contained informal Indonesian expressions, a slang replacement step
was conducted using a custom-built slang dictionary in which common informal words such as “gue”
were replaced with “saya”, and “nggak” was replaced with “tidak”. To further refine the text, stopword
removal was performed using the Indonesian stopword list from Sastrawi, complemented with
additional tourism-specific stopwords that were considered irrelevant for sentiment classification.
Stemming was then applied using the Sastrawi stemmer to reduce each word to its root form, ensuring
consistency in lexical representation. Finally, tokenization was performed to break down the cleaned
text into individual tokens, with the Keras Tokenizer used for the LSTM pipeline and the WordPiece
tokenizer applied for IndoBERT. Through this sequential preprocessing pipeline, the textual reviews
were transformed into standardized and structured input suitable for embedding and model training.

Remove Case folding & Replace Slang
tag and Punctuation word
emoticon removal

Stemming La.belllng s.e.ntlment t?ased on rating
into positive, negative, or neutral

preprocessing

Scrapping
Google Review

Classification
Model

New Review Sentiment Analyst Evaluation

Figure 1. Research Stage
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2.2. INDOBERT

This study will use IndoBERT-base, which is the basic model of IndoBERT developed based on
training on an Indonesian language text corpus with a total of 5.5 billion words from various sources.
This model has the ability to handle a variety of natural language processing (NLP) tasks. The
architecture of this model consists of 12 transformer layers, each with 12 attention heads, and includes
around 110 million parameters. There are several variants of IndoBERT-base, namely:[22]

a. INDOBERT-BASE-P1
This model utilizes a transfer learning approach and is trained using a very large and diverse

dataset of Indonesian language texts, including news articles, Wikipedia content, and data from social
media. With its broad data coverage, this model is capable of being applied to a variety of general NLP
tasks.

b. INDOBERT-BASE-P2
Unlike the P1 variant, IndoBERT-base-P2 is trained on a more complex and diverse dataset, thus

producing more precise output. This advantage makes IndoBERT-base-P2 more suitable for tasks that
require deep language understanding, such as document classification and sentiment analysis.

Word embedding is a technique in natural language processing that aims to represent words in
text form into numbers that can be understood by machine learning models. Bidirectional Encoder
Representations from Transformers (BERT) is a word embedding technique that uses a transformer
architecture that can capture word context so that it can better enable modeling of relationships between
words in sentences. The first token of each sequence in the dataset is converted into a special
classification token. In the embedding segment, when there are multiple sentences, the sentences are
combined into a single sequence and distinguished using special tokens. Special tokens such as [CLS]
at the beginning and [SEP] at the end of the sentence, each of which provides additional information for
classification and sentence separation tasks.[23] In addition, positional encoding is used to preserve the
order of words to vectorize the dataset. Within the BERT encoder transformer layer, the attentional head
mechanism enables accurate connections between words in sentences in the dataset. This enables
accurate understanding of the contextual semantic meaning of the same words in different contexts in a
sentence.[24]

INDOBERT is a derivative of BERT which is specifically designed for processing Indonesian
text in various types of tasks such as sentiment analysis, Q& A, text prediction, text generation, and text
summarization.[25] INDOBERT shows better results than other models for classifying product and
service review sentiment in vector form.[26] INDOBERT can determine more precise sentiment by
considering the overall context of the sentence and is better compared to other word embedding
techniques such as Word2Vec or GloVe.

2.3. LSTM

LSTM is a derivative method of Recurrent Neural Network (RNN) that can maintain long-term
memory by training weights for sentiment analysis. LSTM stores separate memory cells in it that can
be updated. The LSTM method has an architecture consisting of an input layer, a process layer, and an
output layer.[27], [28] Each LSTM (Long Short-Term Memory) unit in Figure 2 has a main component
in the form of a memory cell whose status at time t is stated as c.. The process of reading and updating
memory is controlled by a number of gates based on the sigmoid activation function, namely the input
gate 1, forget gate fi, and output gate O.. The calculation mechanism in LSTM runs as follows, at each
time t, the model receives two types of external input, namely the previous hidden state /. and the
current input vector xt). The new hidden state ht is calculated based on the combination of these two
inputs.
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When determining the state of a node in the hidden layer, all four components (input gates, output
gates, forget gates, and input vector xt ) simultaneously affect the cell state. In addition to external inputs,
each gate also utilizes an internal source in the form of the previous cell state ct—1 originating from the
cell block itself. The relationship between the cell state and each of these gates is called a peephole
connection.[29]

g

Layer  Componentwise Copy  Concatenals

Legend: L

Figure 2. LSTM Architecture

Each gate plays a role in regulating the flow of information by deciding which values need to be
updated or maintained through value transformations in the range 0-1. This process begins with the input
gate that determines the new information added to the cell's memory state with equation 1. After that,
the tanh layer produces a vector of candidate updates that will be added to the cell's memory state in
equation 2. [30]

i = o(Wilhe—q,x¢] + by (1)

C; = tanh (W[h—y, %] + b (2)

The next process in the forget gate is to decide which part of the information needs to be deleted
and which needs to be saved. This decision is generated by the sigmoid layer which maps the values
between 0-1 in equation 3. In the memory state, it is possible for some of the values in the cell state to
be deleted by multiplying the value by the result of the forget gate so that it produces a value close to 0
in equation 4.[31]

fe = o(Wlhe—1,x¢] + by) 3)

Ce=fe* Ceoq + i * Gy 4

At the output gate, it functions to determine the part of the cell state that is used as a hidden status
in the next step. The process begins with sigmoid activation to select the part of the cell state that is the
output in equation 5. From the results of equation 5, it will be continued with tanh activation to produce
a new hidden status in equation 6.

0y = 0 (W, [h—1,x] + by (5)

ht = Ot * tanh (Ct) (6)
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In the deep learning model training process, there are several commonly used optimizer
algorithms, such as Stochastic Gradient Descent (SGD), Adam, RMSProp, and so on. The Adam
algorithm has the advantage of overcoming sparse gradient problems and is a development of the
stochastic gradient descent method which is now widely adopted in various deep learning applications,
including Natural Language Processing (NLP). In the Adam algorithm, m and v represent the first and
second moment estimates of the gradient, while g indicates the gradient in the current mini-batch
(Equations 9 and 10). Meanwhile, RMSProp is able to adaptively adjust the learning rate for each model
parameter. The goal is to divide the learning rate by the exponential mean of the current gradient square,
resulting in a more stable and efficient optimization process.

my=pime_1+ (1 —B1)9g: @)

Ve = Bove—1+ (11— B2)9g: 3

2.4. Evaluation

After getting the model and conducting a trial, it is necessary to evaluate the resulting sentiment
classification. To measure model performance, accuracy, precision, recall, and F1-Score are used. [32]
Accuracy value is an evaluation matrix used to measure how well a classification or prediction model
can provide correct results or match existing data. Accuracy describes the percentage of success of the
model in predicting the correct class or label.[33] The equation for calculating accuracy can be seen in
equation 8. In addition, from the resulting confusion matrix, true positive (TP), false positive (FP), false
negative (FN), and true negative (TN) values will be obtained which will be used to calculate F1 score
and precision. The equation for calculating precision can be seen in equation 10, equation 11 for
calculating recall, while the F1 score can be seen in equation 12.

number of correct prediction

Accuracy = Total of test data ©)
recall = TPZPFN (10)
precision = TPTfFP (11)
F1 score = 2(Precision recall (12)

recall+precision

3.  RESULT

This section will discuss the description of the dataset used, data preprocessing, model formation,
and model evaluation. Data preprocessing is an important process to remove noise in the data so that
data complexity can be reduced, irrelevant word variations can be minimized, and feature representation
becomes more consistent. This is very important to improve the performance of the sentiment analysis
model.

3.1. Dataset

The dataset used in this study is the result of scraping tourist reviews from Kenjeran Park on the
Google Review platform with a total of 2560 reviews collected. Each review category will be classified
into three sentiment categories based on the star rating given by visitors. Ratings 1-2 will be given a
negative label, rating 3 will be given a neutral rating, while ratings 4-5 will be given a positive rating.
The distribution of data in each category can be seen in Table 1.
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Table 1. Distribution of review dataset

Sentiment Number of reviews Percentage Weight

Positive 1995 77.93% 1

Neutral 360 14.06% 5

Negative 205 8.01% 6
Total 2560 100%

From the distribution of table 1, the number of each category is not balanced where the positive
category is 77.93%. This will cause the resulting prediction to tend to be positive, to overcome this, a
class weight adjustment will be carried out by giving a higher weight to classes other than positive. The
comparison of these weights can be seen in the weight column in table 1.

3.2 Pre Process Data

From the review obtained through scrapping, data pre-processing will be carried out to ensure
that the quality of the data entered into the model is free from noise. The pre-processing includes
removing special characters, emoticons, and HTML tags, case folding and punctuation removal. The
scrapping dataset uses non-standard Indonesian (slang words) so it is necessary to replace the slang
words with standard forms. After replacing them with standard forms, the next step is to do stemming
using Sastrawi. The next step is to label the target as positive, neutral, or negative according to the rating
given. The results of this pre-processing will produce text that will be processed at the feature extraction
stage. An illustration of the pre-processing can be seen in Figure 2.

Original text: udh lama ga kesini dan bru bisa kesini 1lgi 2 taun vyg
lalu beda bgt pas masih rame? nya sekarang lebih ke

terbengkalai

Teks after sudah lama tidak ke sini dan baru bisa ke sini lagi 2
replacing slang tahun vyang lalu beda banget pas masih ramai sekarang
word: lebih terbengkalai
Teks after Sudah lama tidak ke sini dan baru bisa ke sini lagi 2
stemming: tahun vyang lalu beda banget pas masih ramai sekarang

lebih bengkalai
Input for Word [CLS] Sudah lama tidak ke sini dan baru bisa ke sini
Embedding lagi 2 tahun yang lalu beda banget pas masih ramai

sekarang lebih bengkalai [SEP]

Figure 2. Illustration of pre processing result

Based on the analysis in figure 2, we can see that (1)Ambiguity often appears in neutral reviews
due to the vague use of everyday language. (2)Multi-aspect sentiment (containing both positive and
negative aspects in a single sentence) makes it difficult for the model to determine the dominant polarity.
(3) Sarcasm/Irony remains difficult for the model to capture, as positive expressions are sometimes used
to satirize negative situations. (4) Context conflict occurs when strong words with negative or positive
connotations dominate, even though the overall sentence is intended to be neutral. (5) This analysis
shows that while the model's performance is quite good, challenges remain in reviews with multiple
contexts, ambiguity, or sarcastic content.

3.3 Model

From the text results in example image 2, the next step is to do word embedding where each token
between [cls] and [sep] will be converted into a 128-dimensional vector. The advantage of INDOBERT
is that it uses pretrained contextual embedding so that each vector produced already has word semantics,
overall sentence context, and relationships between words in the sentence, indoBERT used in this study
uses indoBERT base p2. For IndoBERT using a learning rate of 0.00005. The next step after being
converted into a vector in word embedding will be used as input in forming a model with LSTM. LSTM
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is used to understand dependencies and capture context sequences because each sentence in the dataset
has a meaning that is highly dependent on the order of words, especially travel review sentences which
generally contain interrelated information in a long range of words. LSTM is able to capture the
relationship between words that are far apart in a sentence through the internal memory mechanism (cell
state) and 3 main LSTM gates.

Table 2. LSTM Model

Dimensi 128
Max sequence Max_len
Hidden size 64
Dropout rate 0.5
Dense layer 3
Activation function Softmax
Loss function Sparse Categorical Crossentropy
Optimizer Adam
Epochs 150
Batch size 32
Learning rate 0.001

From table 2, the sentiment classification model is built using Long Short-Term Memory (LSTM)
based on Keras Sequential API. The initial stage begins with an embedding layer that functions to
change each tokenized token into a 128-dimensional vector representation. The input dim value is
adjusted to the vocabulary size obtained from the tokenizer, while the max sequence adjusts the
maximum input length (max_len) to ensure that each review has a uniform input length. This embedding
process is important to change the discrete representation of words into a numeric form that can be
processed by the next LSTM layer. After the embedding stage, the model applies an LSTM layer with
128 neuron units that function to read the sequence of words sequentially. LSTM is designed to capture
temporal relationships between words, especially in travel review sentences that often contain time
comparisons, changes in conditions, or complex emotional expressions. Because the return_sequences
parameter is set to False, LSTM only produces output from the last step of the sequence, which
represents the entire context of the review sentence. To reduce the risk of overfitting due to model
complexity, a dropout layer of 0.5 is applied which randomly deactivates some neurons during the
training process. In the final stage, the LSTM output is forwarded to a dense layer with 3 output neurons,
each representing positive, neutral, and negative sentiment classes. Softmax activation is used to
generate the probability of each class. The model is then compiled using the Adam optimizer, with a
loss function using sparse categorical crossentropy which is suitable for multi-class classification with
integer labels. The training process is carried out for 150 epochs with a batch size of 32, and involves
validation data to monitor model performance periodically. These parameters are selected to obtain
optimal convergence in learning sentiment representation from processed review data.

3.4 Evaluation Model

Model evaluation is carried out using random sampling of test data from the dataset of 20%. This
evaluation is carried out to measure how well the model is able to classify the correct sentiment. Based
on the evaluation results, the val accuracy value is 77.93%, F1 Score 0.6826, Precision 0.6073, Recall
0.7793 and val loss of 0.6725 using LSTM. Meanwhile, when using IndoBERT for 3 epochs, the
accuracy results are 87.50%, F1 Score 0.7643, Precision 0.7697, and Recall 0.7607 and val_loss 0.6327.
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From the comparison of the two models, it can be concluded that sentiment analysis with IndoBERT is
better than LSTM. Figure 3 shows the confusion matrix of the IndoBERT model.

Based on the evaluation results, the model performance can be explained as follows. In the
Negative class, the model achieved a precision value of 0.757, a recall of 0.683, and an F1-score of
0.718. For the Neutral class, the precision achieved was 0.615, a recall of 0.667, and an F1-score of
0.640. Meanwhile, in the Positive class, the model performed very well with a precision of 0.937, a
recall of 0.933, and an F1-score of 0.935. When viewed from the macro average, the precision, recall,
and Fl-score values were 0.770, 0.761, and 0.764, respectively, indicating the average model
performance in each class. Overall, based on the micro average, the model was able to achieve a
precision, recall, and F1-score of 0.875, indicating consistent and fairly high performance overall.

Confusion Matrix

True label

Negative Neutral Positive
Predicted label

Figure 3. Confusion Matrix dengan Model IndoBERT

4 DISCUSSIONS

The results showed that IndoBERT outperformed LSTM in Indonesian sentiment analysis, with
an accuracy of 87.50% and an Fl-score of 0.7643. This finding also aligns with BERT's superior
performance with Indonesian over classical methods in a case study of Google Apps reviews,[34] thus
reinforcing the claim that the transformer approach, specifically IndoBERT, is more effective than
traditional RNNs in handling Indonesian text data.

However, this study also found limitations in the neutral and negative classes, where the F1 and
recall scores were relatively low. This can be explained by data imbalance, ambiguity in reviews, and
inconsistent labels, such as sarcastic reviews being rated positively. This phenomenon emphasizes the
importance of sarcasm detection through approaches based on hyperbole and swearword lexicons.[35],
and a combination of linguistic features can help reduce misclassification due to irony.[36] Thus,
sarcasm and misclassification are crucial challenges in developing sentiment analysis models for
Indonesian.

The urgency of this research is crucial considering that public opinion data from social media,
app reviews, and other online platforms are crucial sources of information for data-driven decision-
making. This emphasizes the importance of improving model quality when dealing with ambiguously
labeled text, making strategies such as domain-specific post-training[37], text augmentation, and the
integration of a sarcasm detection module promising development directions for improving model
performance. Overall, this research makes important contributions to the development of Indonesian-
language NLP. First, it demonstrates the superiority of IndoBERT over LSTM in terms of accuracy and
performance stability. Second, it highlights the model's limitations, particularly in the neutral and
negative classes, indicating the need to address class imbalance and complex linguistic phenomena such
as sarcasm and irony. Third, it emphasizes the relevance of sarcasm detection in reducing
misclassification, in line with various recent studies. Fourth, it opens up opportunities for the application
of advanced strategies such as hybrid models, text augmentation, and domain-specific post-training to
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improve sentiment analysis performance in the future. Thus, this study not only provides empirical
results, but also enriches the academic literature on Indonesian language sentiment analysis and
emphasizes the importance of a transformer-based approach in the fields of informatics and computer
science.

5 CONCLUSION

This study analyzed sentiment in online reviews of Kenjeran Park, Surabaya, by comparing
LSTM and IndoBERT models. The results showed that IndoBERT achieved superior performance with
an accuracy of 87.50% and an F1-score of 0.7643, outperforming LSTM which reached only 77.93%
accuracy and an Fl-score of 0.6826. The findings confirm IndoBERT’s ability to capture contextual
nuances in Indonesian reviews, including informal expressions and implicit sentiment, making it more
effective for urban tourism sentiment analysis. This research contributes methodologically by providing
empirical evidence of IndoBERT’s superiority over RNN-based models in the tourism domain, and
novel in applying Transformer-based approaches to Indonesian urban tourism reviews, an area still
limited in academic studies.

For further research, several directions are recommended. Future studies should incorporate
sarcasm and irony detection to address misclassification when ratings contradict review content, as well
as conduct domain-adaptive pretraining of IndoBERT with tourism-specific corpora. Hybrid approaches
that combine IndoBERT with other architectures such as CNN or Bi-LSTM could also be explored to
improve robustness. Expanding the dataset to cover multiple urban tourism destinations would further
strengthen generalizability and provide broader insights for tourism management and policy
development.enhance robustness across sentiment classes. Finally, expanding the dataset to include
reviews from multiple urban tourism destinations would allow cross-comparison and generalization of
findings.
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