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Abstract

Reviews on Google Maps provide valuable information for identifying travelers’ perceptions of tourism destinations; however,
the large volume of user-generated reviews makes manual analysis less effective. This study aims to analyze the sentiment of
tourist reviews of beach destinations on Lombok Island using a combination of Bidirectional Encoder Representations from
Transformers (BERT) and Naive Bayes. The novelty of this research lies in the integration of BERT-based contextual sentiment
labeling with Term Frequency—Inverse Document Frequency (TF-IDF) feature extraction and Naive Bayes classification to
systematically analyze large-scale tourist reviews. The combination was selected to utilize BERT’s ability to understand
contextual information in review texts for sentiment labeling while leveraging TF-IDF and Naive Bayes as an efficient and
computationally lightweight approach for subsequent sentiment classification. The data were obtained through Google Maps
scraping and generated 12,040 data after the cleaning process. The research stages included preprocessing, translation into
English, sentiment labeling using BERT, TF-IDF feature extraction, data splitting, and classification using Naive Bayes. In the
labeling process, BERT analyzed the contextual meaning of each review and generated sentiment predictions that were assigned
to three categories: positive, neutral, and negative. The labeled data were subsequently transformed into numerical
representations using TF-IDF and used to train and evaluate the Naive Bayes classifier. The results showed that positive
sentiment dominated with 8,569 data (72.03%), followed by neutral sentiment with 1,824 data (15.33%) and negative sentiment
with 1,504 data (12.64%). The Naive Bayes model achieved an accuracy of 76.13% and demonstrated relatively good
classification performance. However, the model performed more optimally in classifying positive sentiment than neutral and
negative sentiment, indicating that the imbalanced distribution of sentiment classes affected classification performance across
categories. Therefore, model performance should be interpreted not only from overall accuracy but also from its ability to
distinguish between the different sentiment classes. Overall, this study demonstrates that the integration of BERT-based
contextual labeling, TF-IDF representation, and Naive Bayes classification provides an efficient framework for large-scale
tourism sentiment analysis. The findings reveal a generally positive image of beach destinations on Lombok Island among
travelers and provide practical insights for destination managers to evaluate and improve tourism services, facilities, and
destination management.
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Introduction

Lombok Island is one of the leading tourist destinations in Indonesia, especially in the beach tourism sector. This
potential is supported by the development of the Mandalika area as a National Tourism Strategic Area by the Ministry
of Tourism and Creative Economy. In addition, data from the Central Statistics Agency shows that the number of
tourists in West Nusa Tenggara Province has increased significantly, reaching around 2.09 million visits in January-
October 2025 and almost meeting the annual target of 2.3 million tourists [1]. The island of Lombok in West Nusa
Tenggara Province has great beach tourism potential, which can be seen from the size of its coastal area. Based on
data on the coastal area of NTB Province, the length of the coastline of Lombok Island reaches around 423 km and is
spread across the north, west, south and east regions [2]. The length of Lombok's coastline shows the great potential
for beach tourism that can be developed. The distribution of the beaches has a variety of characteristics, such as white
sand, clear water, and hilly landscapes, especially in the southern region which is developing as a leading destination.

To increase the competitiveness of destinations, the development of tourism areas in Lombok must be supported
by integrated and sustainability-oriented planning [3]. However, not all beaches have the same level of management,
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so the quality of attractions, accessibility, and facilities in each destination still varies. The success of tourist
destinations is influenced by the fulfillment of the main components of tourism, namely attractions, accessibility, and
amenities (3A), as an important indicator in assessing the readiness and quality of destination management [4]. The
number of beach destinations has also increased the number of tourist reviews on digital platforms that reflect the
perception and level of satisfaction of visitors to each tourist location. The reviews contain impressions, satisfaction
levels, and ratings of the facilities and services received, which can be categorized into positive, negative, and neutral
sentiments. In the tourism sector, digital reviews have an important role because they reflect the direct experience of
tourists and influence the perception of other potential visitors. Therefore, online reviews can be used as evaluation
materials to improve the quality of services and facilities of tourist destinations [5].

One of the widely used platforms for providing reviews of tourist destinations is Google Maps, which serves as a
virtual mapping application to provide information on specific locations [6]. In this study, Google Maps was used as
a data source by searching using the keyword "Lombok Beach". All beach destinations that appeared in the search
results were then scraped, so that 133 beaches were obtained as research objects. Each destination has hundreds to
thousands of reviews with an average rating of around 4.3 to 4.7 out of 5. The growing number of review data makes
Google Maps a relevant data source to analyze the perception and level of satisfaction of tourists with beach
destinations on the island of Lombok.

However, the large number of tourist reviews available on Google Maps, which in some popular beach destinations
in Lombok reach 1000 reviews or more, is still in the form of unstructured text data that is difficult to analyze directly
and thoroughly. Therefore, an approach that is able to process the data into more structured and meaningful
information is needed. One method that can be used is sentiment analysis, which is a Natural Language Processing
(NLP)-based technique to identify opinions, emotions, and judgments about an entity [7]. A comprehensive review of
the sentiment analysis approach also shows that this method is effective in extracting public perceptions to support
decision-making [8].

In line with this, several studies have used classification methods such as Naive Bayes in sentiment analysis and
shown good results in the processing of text data [9]. Naive Bayes is a classification method that is widely used in
data processing because it uses a probabilistic approach. This method calculates the likelihood of a word appearing in
a document or dataset to determine the most appropriate category. It is based on the assumption that each feature or
variable is independent of each other [10]. In addition, this algorithm remains effective despite the considerable
number of features in the text dataset [11]. Previous studies have shown that the use of Naive Bayes in text
classification is capable of producing a high level of accuracy [12].

Based on previous research, the Naive Bayes method is widely used in sentiment analysis and has been proven to
be effective in classifying text data. Several studies conducted to analyze public opinion on gubernatorial candidates
through social media data showed that the model obtained an accuracy of 90.28% on Andika Perkasa's sentiment data
and 84.51% on Ahmad Luthfi's sentiment data with a 90:10 distribution of training data and test data. Of the 452 data
analyzed, Andika Perkasa obtained 350 positive sentiments, while Ahmad Luthfi obtained 336 positive sentiments
[13]. Another study showed that the Naive Bayes model obtained an accuracy of 82.02%. The F1-score scores reached
89% for positive sentiment and 49% for negative sentiment. In addition, the precision and recall values on positive
sentiment were 92% and 86%, respectively, while on negative sentiment were 42% and 59% [14]. The results of this
study provide an overview of public perception of the selection of CPNS and can be used as a consideration in the
preparation of a more effective government communication strategy.

Based on previous research, the Naive Bayes method has been widely used in sentiment analysis and shows good
results on different types of text data. However, studies that analyze reviews of beach tourists on Lombok Island are
still limited and generally only focus on the classification of sentiment without linking the results to the quality aspects
of tourist destinations. Therefore, this study was conducted by using Google Maps reviews of beach destinations on
Lombok Island as a data source, applying BERT for automatic sentiment labeling, and using Naive Bayes for
sentiment classification. The use of a combination of BERT and Naive Bayes in this study is based on the advantages
of each method. BERT is able to understand the context and meaning of sentences in depth through the bidirectional
context mechanism, so it is effectively used to generate sentiment labels automatically. Meanwhile, Naive Bayes is a
classification algorithm that is simple, efficient, and has good performance in processing text data. Several previous
studies have shown that the combination of BERT and Naive Bayes is able to give good results in sentiment analysis
because it combines the contextual understanding ability of BERT with the classification efficiency that Naive Bayes
has [15]. In addition, the results of the sentiment analysis mapped based on the Attractions, Accessibility, and
Amenities (3A) indicators are still limited. Attractions include the destination's main attractions, such as natural
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beauty, cleanliness, and tourist activities. Accessibility is related to the ease with which tourists can reach the location,
including road conditions, transportation, and directions. Meanwhile, amenities include supporting facilities such as
parking areas, toilets, places of worship, restaurants, and lodging. Therefore, a study that maps tourist sentiment based
on 3A indicators is needed to provide a more comprehensive picture of tourist perceptions and become evaluation
material for beach tourism destination managers in Lombok.

Based on previous research, the Naive Bayes method has been widely applied in sentiment analysis and has
demonstrated good performance across various types of textual data. However, studies specifically examining tourist
reviews of beach destinations on Lombok Island remain limited, particularly those that integrate contextual sentiment
labeling with systematic sentiment classification and subsequently relate the findings to the quality dimensions of
tourism destinations. Previous studies have generally focused on sentiment classification using manually labeled or
conventional text data, while the use of BERT to automatically generate contextual sentiment labels before
classification using Naive Bayes remains less explored in the context of Lombok’s beach tourism.

Therefore, this study applies BERT for automatic sentiment labeling and Naive Bayes for sentiment classification
using Google Maps reviews collected from beach destinations on Lombok Island. The combination of BERT and
Naive Bayes is intended to take advantage of the complementary strengths of both methods: BERT captures contextual
and semantic information in review texts, while Naive Bayes provides an efficient and computationally lightweight
approach for classifying text data. Furthermore, the resulting sentiment distribution is analyzed in relation to the
Attractions, Accessibility, and Amenities (3A) dimensions to provide a more comprehensive understanding of tourists’
perceptions of destination quality. The novelty of this study lies in integrating BERT-based contextual sentiment
labeling, TF-IDF feature representation, and Naive Bayes classification within a single analytical framework for large-
scale Google Maps reviews of beach destinations on Lombok Island, combined with the interpretation of tourist
sentiment through the 3A destination-quality dimensions. The contribution of this study is both methodological and
practical. Methodologically, it provides an integrated approach for automatically generating contextual sentiment
labels and efficiently classifying large-scale tourist reviews, while addressing the challenge of analyzing unstructured
and imbalanced review data. Practically, it provides empirical evidence on tourists’ perceptions of beach destinations
and identifies sentiment patterns related to attractions, accessibility, and amenities, which can serve as a data-driven
basis for destination managers and tourism stakeholders in evaluating services, facilities, and sustainable tourism
development on Lombok Island.

Method

This research was carried out through several stages that were arranged procedurally and sequentially.

This study employed a quantitative approach using sentiment analysis and text classification techniques to identify
tourists’ perceptions of beach destinations on Lombok Island. The research used tourist reviews collected from Google
Maps as the primary data source. The overall research scheme consisted of six main stages: (1) data collection through
Google Maps scraping, (2) data preprocessing, (3) translation of the reviews into English, (4) sentiment labeling using
BERT, (5) TF-IDF feature extraction and dataset splitting, and (6) sentiment classification using Naive Bayes.

In the first stage, tourist reviews were collected from Google Maps using the keyword “Lombok Beach.” The search
results were used to identify beach destinations on Lombok Island, and reviews from the identified destinations were
collected as the research dataset. The collected data were then cleaned by removing duplicate, incomplete, and irrelevant
records. In the preprocessing stage, the textual data were prepared for subsequent analysis by standardizing the review
text and removing unnecessary elements. The cleaned reviews were translated into English to ensure compatibility with
the BERT model used for sentiment labeling. The next stage involved automatic sentiment labeling using BERT. BERT
was selected because its bidirectional architecture enables the model to consider contextual information from both
preceding and succeeding words when interpreting a sentence. Each review was processed by BERT to obtain a
sentiment prediction and was subsequently assigned to one of three sentiment categories: positive, neutral, or negative.
The resulting sentiment labels were then used as the target labels for the subsequent classification process.

After labeling, the review texts were transformed into numerical feature representations using Term Frequency—
Inverse Document Frequency (TF-IDF). The resulting feature matrix was divided into training and testing datasets. The
training data were used to build the Naive Bayes classification model, while the testing data were used to evaluate its
classification performance.
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Figure 1. Research Scheme

Based on the research that has been described, a working diagram is made to facilitate understanding of the research
steps carried out.
A. Data Scraping

At this stage, the data collection process is carried out using python to retrieve review data from Google Maps
automatically.

The first stage of this study involved collecting tourist reviews from Google Maps using the keyword “Lombok
Beach.” The scraping process identified 133 beach destinations on Lombok Island as research objects. The collected
reviews varied considerably in terms of the number of reviews available for each destination, reflecting differences in
popularity, visitor intensity, and the level of tourist engagement with each destination on the Google Maps platform.
Several popular beach destinations generated more than 1,000 reviews, indicating that Google Maps provides a
substantial source of user-generated information for examining tourists’ perceptions.

The scraping results demonstrate that Google Maps can serve as an important source of tourism-related textual data
because the reviews contain tourists’ direct experiences regarding attractions, accessibility, amenities, services,
cleanliness, and other aspects of destination management. Unlike conventional survey data, online reviews are
generated voluntarily by tourists after experiencing a destination, allowing the data to capture spontaneous perceptions
and evaluations. However, the raw scraping results also contained redundant, incomplete, irrelevant, and inconsistently
formatted information. Therefore, the collected data could not be directly used for sentiment classification and required
a systematic preprocessing stage.

B. Translation

The data translation process is carried out to translate Indonesian text into English. This step is done taking into
account that most of the sentiment analysis libraries are developed based on English.
C. Preprocessing

The next stage is text preprocessing, which is the process of normalizing the scraped data so that it has a uniform
shape and format so that it is ready to be used in the next stage of analysis. Several stages are carried out, namely:

e cleaningText

Cleanup text by removing mentions (@username), hashtags, links, numbers, punctuation, and other non-
alphabetic characters. Also replace newline characters with spaces and remove excess spaces at the
beginning/end of the text.

e casefoldingText

Convert all letters to lowercase so that the word form is more uniform and less sensitive to capitalization
differences.
e Normalization
Normalizing non-standard words into standard words according to the rules of the Indonesian language, using
a dictionary of standard words (kamuskatabaku.xIsx) that contains non_standard — standard word pairs.

e tokenizingText
Breaks the text into a list of words (tokens) so that it can be processed on a word-by-word basis.

o filteringText
Remove stopwords that don't have important meaning in the analysis, such as conjunctions or common words,
by adding a list of stopwords as the project needs.
o toSentence (list_ words)
Recombine the list of words into a whole sentence after filtering.

e stemmingText
Changing the word to its basic form (stem) using the Literary library, so that a variation of words that have the
same meaning will be considered as one word.
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D. Labeling

After going through the translation process, sentiment labeling is carried out using the RoBERTa (Robustly
Optimized BERT Pretraining Approach) model available on the Hugging Face platform. This model uses the RoOBERTa
architecture, which is a development of BERT that is able to understand the context of the text well. The implementation
was done using the Transformers and PyTorch libraries in Python. The model is used to classify reviews into three
sentiment categories, namely positive, neutral, and negative, and to produce a confidence score as a predicted
confidence level.

E. Data Splitting
In this step, the BERT labeling data will be separated into two parts, namely:
e Training Data
Training data is used to train the model to recognize sentiment patterns from text data.
e Testing Data
Data testing is used to test the model's performance after the training process is completed.

Training and testing data in an 80:20 ratio, this ratio is used because it is able to provide a balance between the
training process and model testing. As much as 80% of the data is used to train the model to learn data patterns well,
while the remaining 20% is used to test and evaluate the model's performance on data that has not been used during
training [16], [17].

F. TF-IDF

Next, text_stemming columns are converted into numerical features using the TF-IDF (Term Frequency—Inverse
Document Frequency) method so that they can be used in the classification process with the Naive Bayes algorithm. In
this study, TF-IDF used a max_features of 5000 to select the 5,000 most representative words and ngram_range 1.2 to
produce features in the form of single words (unigrams) and combinations of two words (bigrams). Meanwhile, the
min_df parameter uses the default value so that every word that appears at least once is retained as a feature. The outputs
produced include the size of the training data and test data, the distribution of labels before and after the data sharing,
and the number of features formed from the TF-IDF process.

G. Naive Bayes Modeling

After the model has gone through the testing stage and is declared to be in accordance with the specified criteria,
the next step is to carry out the sentiment classification process. The datasets that already have the labels are then
processed using the Naive Bayes algorithm to generate sentiment predictions on new review data on the Google Maps
platform. According to Mitchell [18], The Naive Bayes method is based on Bayes' Theorem which is used to calculate
the probability of a hypothesis based on the observed data. Mathematically, Bayes' Theorem is formulated as follows:

_ P(D|H)P(H)
P (H|D) = "I (1)
Description:
D = Data or samples whose class is not yet known.
H = The hypothesis that data D belongs to a specific class.

P (H|D) = Posterior probability, ie the probability that data D belongs to class H.

P (D|H) = Likelihood, that is, the probability of the appearance of data D if it is known that the data is included in class
H.

P (H) = The initial probability (prior) of class H.

P (D) = Probability of data occurrence D.

H. Evaluation

The evaluation stage was carried out to measure the performance of the classification model by comparing the
model's prediction results to the actual labels on the test data. According to Bishop [19], Model evaluation aims to
determine the model's ability to generalize new data and assess the level of error and accuracy of the classification
produced. To measure the performance of the model, a confusion matrix is used which produces several evaluation
metrics, such as accuracy, precision, recall, F1-score, and support so that it can provide a comprehensive picture of the
model's ability to identify sentiment appropriately, especially in unbalanced class distribution conditions. The formula
for the evaluation matrix is as follows:

e Accuracy

TP+TN

Accuracy = —
Y = IPITN+FP+FN

@)
Description:

TP (True Positive) = Positive data predicted positive

TN (True Negative) = Negative data predicted to be negative

FP (False Positive) = Negative data that is predicted to be positive
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FN (False Negative) = Positive data predicted to be negative
e Precision

Precision = —— 3)
TP+FP
Description:
TP = The amount of data predicted to be positive and truly positive
FP = The amount of data that is predicted to be positive but not actually positive
e Recall
Recall = —=~ 4)
TP+FN
Description:

TP = Number of Correct Predictions
FN = The amount of data that is actually positive but predicted to be not positive
e F1-Score

Precision X Recall
F1 —score =2 X ——— (5)

Precision + Recall

or it can be written in the form of TP, FP, and FN as follows:

F1 — score = —— (6)
2TP+FP+FN
Description:
Precision = The accuracy of the model in predicting a class
Recall = The model's ability to find all the data in a class
TP = The amount of data predicted to be correct in that class.
FP = The amount of data that is predicted to be a class, but not actually that class.
FN = The actual amount of data belongs to one class, but is predicted as another class.
e Support
Support = TP + FN @)
Description:

TP = The amount of data that is successfully predicted to be correct in a class.
FN = The actual amount of data is in that class but is predicted to be another class.

1. Classification Results

Classification results contain the results of grouping data into specific classes based on the prediction process carried
out by the model. In sentiment analysis, the classification results show the amount of data that falls into positive, neutral,
and negative sentiment. After visualizing the data using WordCloud.

Results and Discussion

A. Data Scraping Results

Data retrieval is carried out using the scraping method on Jupyter Notebook with the help of Selenium to obtain
tourist reviews from Google Maps. The data collected was 18,000 reviews which included usernames, reviews, ratings,
and review times, then after the cleaning process became 12,040 reviews [20]. The scraping results demonstrate that
Google Maps can serve as an important source of tourism-related textual data because the reviews contain tourists’
direct experiences regarding attractions, accessibility, amenities, services, cleanliness, and other aspects of destination
management. Unlike conventional survey data, online reviews are generated voluntarily by tourists after experiencing
a destination, allowing the data to capture spontaneous perceptions and evaluations [21]. This variation is important
because destinations with a larger number of reviews may have a greater influence on the overall sentiment
distribution. Consequently, the interpretation of the sentiment results should consider the characteristics and
distribution of the collected data rather than assuming that the number of reviews represents the actual number of
visitors to each destination. However, the raw scraping results also contained redundant, incomplete, irrelevant, and
inconsistently formatted information. Therefore, the collected data could not be directly used for sentiment
classification and required a systematic preprocessing stage [22].

The table below shows a sample of the scraped data. The data is then used to analyze sentiment and identify aspects
of Attractions, Accessibility, and Amenities (3A) to find out the aspects of destinations that get the most positive and
negative sentiment from tourists.
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Table 1. Scraping Results

Review 3A Aspect
"Pantainya bagus, pasir putih dan halus" Attraction
"Pemandangannya bagus banget" Attraction
"Parkirnya jauh dan harus jalan" Accessibility
"Jalur masuk menuruni tangga yang curam" Accessibility
"Spot surfing dan kolam alami" Attraction
"Area parkir"” Amenities
"Bangunan hotel" Amenities

B. Translation
The translation process is carried out to translate Indonesian text into English. This step is necessary because most
sentiment analysis libraries were developed for English text. The translation results can be seen in the table below.

Table 2. Translation Results

Review Review_English BERT Label
Pantainya indah banget The beach is really nice! Positive
Pantainya yang tenang banget buat berenang Very calm beach for swimming Positive
Senja di pantai alang-alang terasa lebih hangat =~ Twilight at alang-alang beach feels warmer Positive

C. Preprocessing Results

Preprocessing is the stage after scraping that aims to standardize the form and format of the data so it can be
processed in the next stage. This stage consists of seven processes: cleaning, case folding, normalization, tokenizing,
filtering, toSentence, and stemming, as shown in the table below.

Table 3. Preprocessing Results

Stages Results
Original review The beach is really nice! The sand is white and soft.
Cleaning The beach is really nice, the sand is white and fine
Folding case The beach is really nice, the sand is white and fine
Normalization the beach is really nice, the sand is white and fine
Tokenizing ['beach’, 'nice', 'really’, 'sand', 'white', 'and', 'fine']
Filtering ['beach’, 'nice', 'really’, 'sand', 'white', 'fine']
toSentence The beach is really nice. The sand is fine white.
Stemming very nice beach, fine white sand

D. Labeling Sentiment
Next comes sentiment labeling. At this stage, the translated Review English column is used to automatically label
sentiment into positive, negative, and neutral categories [22]. Labeling was performed using a BERT-based
Transformer model designed for three-class sentiment analysis. After data cleaning and data eligibility screening,
11,976 reviews were declared ready for sentiment labeling. Details of the labeling results can be seen in the following
table.
Table 4. Sentiment Labeling

BERT Label Amount of data Percentage
Positive 8605 71.85%
Neutral 1867 15.59%

Negative 1504 12.56%

The BERT labeling results show that the dataset is dominated by positive sentiment, with 8,605 entries (71.85%).
Neutral sentiment comprises 1,867 entries (15.59%), while negative sentiment comprises 1,504 entries (12.55%). This
indicates that most reviews contain positive experiences and assessments of tourist destinations, such as beautiful, clean
beaches suitable for swimming, surfing, and family vacations. The labeling table can be seen below.
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Table 5. Labeling Results
Text Sentiment

The beach is really nice, the fine white sand is nice to walk around, sit and relax, play in the sand, the waves

are safe for children to play in the water, the beach is worrying, it's really suitable Positive
The beach is very calm, swimming, sitting, relaxing, minus the street parking, it's really worth it, the beach .

. Lo Positive
is clean, the view is really good
Bored of the crowded and noisy beaches around Senggigi Beach, Alangalang Beach is worth coming to. Positive
beach spot surfing spot stagnant spot pool shape abandoned hotel building spot sloping beach spot weekend

. Neutral

afternoon crowded with teenagers
morning bathing at Ampenan beach then boat to the sea to go home to catch fish Neutral
the atmosphere is very busy at night with tourists from the local area Neutral
former harbor of the old city of Ampenan, the atmosphere of Losari beach, the time of the garbage, Ujung .

. Negative
likes to throw garbage everywhere
hang out looking for cheap food, lively beach atmosphere, sometimes you come to be conscious, clean, pay .

. . Negative

attention, clean, trade friendly
Bro, park anywhere, anyone parks in the parking area, ask for it Negative

The BERT labeling distribution can be seen in the bar chart below.

Distribusi Label Sentimen Menggunakan BERT
8,605

BOOO -

|00 -

4000 -

Jumlah Data

. 1,867
2000 1,504

Positif Netral Negatif
Label Sentimen

Figure 2. BERT Labeling Distribution

E. Split Data

At this stage, the BERT labeling data, ready for use after re-examining the labeling results and removing data that
did not meet the analysis criteria, yielded 11,897 reviews ready for use in the data splitting stage. The resulting data
was divided into training data and test data with a ratio of 80:20. The results displayed include 9,517 training data and
2,380 test data. The label distribution before and after data splitting can be seen in the table below.

Table 6. 80:20 Data Split Results

Data Amount
Training data 9517
Testing data 2380

After data stratification was performed, the proportion of labels in the training and test data remained balanced and
nearly identical to the initial distribution. This indicates that the data stratification process was effective and
representative. The results of the training data label distribution showed 6,855 positive, 1,459 neutral, and 1,203
negative labels. After the training data results were obtained, the next step was the testing data results, where there were
1714 positive, 365 neutral, and 301 negative labels. For clarity, see the image below [23].

Distribusi Label Data Training Distribusi Label Data Testing
7000 - 6,855 1714
1600 -
/000 -
1400 -

5000 - 1200 -

4000 - 1000 -

3000 -

Jumlah Data
Jumlah Data

600 -
2000 -

1.459 400 - 365
1,203 301

- - - -
o- 0 0 ” 0- g g 0
Pasitif Netral Negatif Positif Netral Negatif

Label Sentimen Label Sentimen

Figure 3. Distribution of Training and Testing Data Labels
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F. TF-IDF

The lower performance in distinguishing neutral and negative sentiment may also be related to the linguistic
characteristics of tourist reviews. Neutral reviews may contain a mixture of positive and negative expressions or
descriptive statements without a strong emotional orientation. Negative reviews may likewise contain contextual
criticism that is not always represented by strongly negative words. Because Naive Bayes relies on the statistical
relationship between textual features and sentiment classes, such contextual complexity may reduce its ability to
distinguish between closely related or less frequent sentiment categories [24].

Therefore, the accuracy of 76.13% should not be interpreted as the sole indicator of model effectiveness. Given the
imbalance among sentiment classes, precision, recall, and F1-score provide additional information about the model’s
ability to correctly identify each sentiment category. In particular, macro-averaged metrics are useful for assessing
whether the classifier performs adequately across all classes rather than being dominated by the majority positive class.
A confusion matrix can further identify which sentiment categories are most frequently confused by the model [24].

Overall, the Naive Bayes results demonstrate that the BERT-TF-IDF—Naive Bayes pipeline can effectively process
large-scale tourist review data, particularly in identifying the dominant positive sentiment. Nevertheless, the differences
in classification performance across sentiment categories indicate that class imbalance remains an important limitation.
This finding emphasizes the need for more balanced training data or additional strategies for handling minority classes
in future research.

Next, the text_stemming column is converted into numeric features using the TF-IDF method so that it can be used
in the Naive Bayes model training process and the number of features or words generated from the TF-IDF process as

can be seen in the table below.
Table 7. TF-IDF

TF-IDF Results Amount
X train_tfidf (9517, 5000)
X test_tfidf size (2380, 5000)
TF-IDF feature/word count 5000

After that, the TF-IDF process successfully produced 5,000 word features or n-grams, with training data sizes of
(9517, 5000) and test data of (2380, 5000).

After the TF-IDF results are processed, the next stage of data visualization is the creation of a Word Cloud to display
the most frequently occurring words in the sentiment data. This process begins by combining all preprocessed text in
each sentiment category into a single text collection. Next, the Word Cloud generates a visualization in the form of a
collection of words of varying sizes according to their frequency of occurrence, where the larger the word size, the
more frequently it appears in the data. The following are the results of the word cloud for positive, neutral, and negative
sentiments, which can be seen in the image below.
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Figure 4. Word Cloud

G. Naive Bayes Modeling

At this stage, modeling was performed using the Naive Bayes algorithm on review data that had undergone
preprocessing, sentiment labeling using BERT, data partitioning, and feature extraction using TF-IDF. The training
data, which had been in the form of numeric features, was used to train the model, while the test data was used to
measure the model's ability to classify sentiment on data that had not been used in the training process.

The modeling was performed using 9,517 training datasets and 2,380 testing datasets. The features used were
weighted using TF-IDF (5,000 features), consisting of single words and two-word combinations . After training, the
Naive Bayes model produced an accuracy of 0.7613, or 76.13%.

Table 8. Naive Bayes Model Accuracy Results

Model Accuracy
Naive Bayes + TF-IDF 0.7613
Naive Bayes + TF-IDF (%) 76.13%

Based on these results, the Naive Bayes model was able to correctly classify most of the test data. From 2,380 test
data sets, the model achieved an accuracy of 76.13%. This value indicates that the model has a fairly good classification
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ability in recognizing sentiment patterns from traveler review data. However, the accuracy value is not sufficient to
describe the model's overall performance, mainly due to the imbalanced distribution of sentiment labels in the dataset,
with a significantly greater number of positive sentiments than neutral and negative sentiments. Therefore, further
evaluation using precision, recall, F1-score, and confusion matrix is necessary.

H. Model Evaluation
Model evaluation was conducted to determine the accuracy of the Naive Bayes model in classifying review data
into three sentiment categories: positive, neutral, and negative. The evaluation used 2,380 test data sets. The metrics
used in this evaluation included accuracy, precision, recall, F1-score, macro average, weighted average, and confusion
matrix.
Table 9. Classification Report

Precision __ Recall  Fl-score _Support

Negative 0.8800 02924  0.4389 301
Neutral 0.6552 0.0521  0.0964 365
Positive 0.7574 0.9947  0.8600 1714
Accuracy 0.7613 2380
Macro avg 0.7642 0.4464  0.4651 2380

Weighted average  0.7573 0.7613  0.6897 2380

Confusion Matrix - Naive Bayes
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Figure 5. Confusion Matrix

Based on the table, the model demonstrated the best performance in the positive sentiment class. The recall value
for positive sentiment reached 0.9947, indicating that the model correctly recognized almost all actual positive data .
The F1-score for the positive class was also quite high, at 0.8600, indicating that the model is effective in recognizing
reviews with a positive bias.

In contrast, the model's performance in the neutral and negative classes is still suboptimal. In the negative class, a
precision value of 0.8800 indicates that the model 's negative predictions are quite accurate. However, a recall value of
0.2924 indicates that much negative data remains unrecognized as negative. The same is true for the neutral class, with
a recall value of only 0.0521 and an F1-score of 0.0964. This indicates that the model is unable to classify most of the
neutral data effectively.

The macro average Fl-score of 0.4651 indicates that the model's performance is not uniform across all sentiment
classes. Although the overall accuracy reached 76.13%, the model still tended to be more effective in recognizing the
majority class, namely positive sentiment. This could be due to the imbalance in data volume between classes, where
positive data is significantly more prevalent than neutral and negative data.

The confusion matrix results also show a similar pattern. The model is very good at recognizing positive sentiment,
but many neutral and negative data are still predicted as positive. This indicates a tendency for the model to favor the
majority class. Therefore, although the Naive Bayes model produces quite good accuracy, its classification performance
on the minority class still needs improvement to achieve more balanced and representative sentiment analysis results.

1. Classification Results

The classification results show that tourist sentiment toward beach destinations on Lombok Island tends to be
dominated by positive sentiment. The dominance of positive sentiment was evident from the automatic labeling stage
using BERT, representing 8,605 data points, or 71.85% of the total dataset. Neutral sentiment accounted for 1,867 data
points, or 15.59%, while negative sentiment accounted for 1,504 data points, or 12.56%. It should be emphasized that
these figures represent the initial sentiment labeling results using BERT on the entire dataset, not the final predictions
from the Naive Bayes model on the test data. The labeled data were used as reference labels in the training and testing
process of the Naive Bayes model [24].
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Based on the test results on the test data, the Naive Bayes model was very good at recognizing positive sentiment.
This is evident from the number of positive data correctly classified, which was 1,705 out of a total of 1,714 positive
data in the test data. However, the model still had difficulty recognizing neutral and negative sentiment. Some neutral
and negative data were still classified as positive sentiment. This condition indicates that the model tends to follow the
majority class pattern because the number of positive data is more dominant than the other classes.

In addition to examining the overall classification results, this study also conducted sentiment mapping for each
beach destination. This mapping aimed to determine which beaches tended to have positive, neutral, or negative
sentiment based on the number of reviews for each destination [25]. The dominant sentiment was determined based on
the highest number of sentiment labels for each beach. The mapping results showed that of the 132 beach destinations
analyzed, 128 beaches had predominantly positive sentiment, 4 beaches had predominantly neutral sentiment, and no
beaches had predominantly negative sentiment.

Table 10. Dominant Sentiments Based on Beach Destinations
Dominant Sentiment Number of Destinations Destination Percentage

Positive 128 96.97%

Neutral 4 3.03%

Negative 0 0.00%
Total 132 100.00%

Based on Table 10, the majority of beach destinations on Lombok Island have predominantly positive sentiment.
This indicates that tourists' perceptions of Lombok's beach destinations are generally favorable. The absence of beaches
with predominantly negative sentiment indicates that, despite the presence of negative reviews for some destinations,
the number of positive reviews still outweighs the negative ones [26].

An example of the distribution of dominant sentiment across several beach destinations can be seen in Table 11.
This table displays the beaches with the most reviews and those with predominantly neutral sentiment. A complete table
of sentiment distribution across all beach destinations can be found in the appendix.

Table 11. Distribution of Dominant Sentiments in Several Beach Destinations

Beach Name + ~ - To.t al Dominant Percentage Dominant Keywords
Reviews
Gili Trawangan Beach 402 67 31 500 Positive 80.40% island, gili, beautiful, trawangan, sea
Pink Beach 346 58 92 496 Positive 69.76% pink, beautiful, sand, nice, color
Klui Beach 387 51 39 477 Positive  81.13%  "ice beautiful, suitable, clean,
coconut
Mawun Beach 344 36 84 464 Positive 74.14% beautiful, nice, clean, Lombok, sand
Kuta beach 325 55 64 444 Positive 73.20% beautiful, nice, clean, sand, Lombok
Twin Bagik Beach 9 10 2 21 Neutral 47.62% tree, guard, house, village, sajatapi
Wei;el\;[;? ana 2 3 0 5 Neutral 60.00% mandatory, Mataram, minutes, end
Jelok Kete Beach 1 2 0 3 Neutral 66.67% beach , wrong, rock, slap, quiet

Based on Table 11, the five destinations with the highest positive sentiment include Gili Trawangan Beach, Klui
Beach, Mawun Beach, Kuta Beach, and Pink Beach. Gili Trawangan Beach has the largest number of reviews, with
500 reviews, with a positive preponderance of 80.40%, indicating high tourist appreciation for the natural beauty and
tourist atmosphere. Klui Beach also shows a strong positive preponderance with 81.13%, followed by Mawun Beach,
Kuta Beach, and Pink Beach, all of which have a majority of positive reviews. In general, positive reviews for these
beaches highlight the beautiful scenery, cleanliness, comfort, and the beach experience.

Meanwhile, three destinations with predominantly neutral sentiment were Bagik Kembar Beach, West Medana
Beach, and Jelok Kete Beach. Bagik Kembar Beach had 21 reviews, with a neutral predominance of 47.62%, while the
other two beaches had relatively few reviews. Neutral reviews for these beaches generally consisted of descriptions of
environmental conditions or general information without strong emotional assessments [27].

Although no beaches had predominantly negative sentiment, several destinations, such as Pink Beach, Mawun
Beach, and Kuta Beach, still had a significant number of negative reviews. This suggests that certain aspects, such as
facilities, cleanliness, or accessibility, still require attention for evaluation by destination managers [28].

When compared to the content of tourist reviews, negative sentiment generally relates to accessibility and amenities.
Several negative reviews report complaints about road conditions, parking areas, cleanliness, trash, public facilities,
and tourist area management. Therefore, while beach destinations on Lombok Island generally have a positive image,
several aspects still need improvement, particularly supporting facilities, visitor comfort, cleanliness management, and
access to tourist sites.

Thus, the sentiment classification results not only show the general trend of tourist opinion but can also be used as
evaluation material for tourism destination managers. Positive sentiment can be an indicator of the strength of Lombok's
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beach tourism appeal, particularly in terms of natural attractions [29]. Meanwhile, neutral and negative sentiment can
inform improvements in accessibility, cleanliness, parking areas, public facilities, and the quality of destination
management. The sentiment mapping results per beach also help indicate which destinations have the strongest image
and which still require further attention.

Conclusion

Based on sentiment analysis of tourist reviews of beach destinations on Lombok Island, it can be concluded that
tourist perceptions are dominated by positive sentiment. Beaches in Lombok provide a good experience for tourists,
especially in terms of attraction and satisfaction of the visit . Testing using the Naive Bayes algorithm achieved an
accuracy of 76.13%. The model tends to be better at classifying positive sentiments than neutral and negative, which is
influenced by the imbalance in data distribution so that the majority class is more dominant in the learning process.
This condition indicates limitations in the representation of text features and the influence of data imbalance on model
performance. Overall, beach tourism destinations in Lombok have a positive image in the eyes of tourists, but there are
still aspects that need to be improved based on the neutral and negative sentiments that arise.

For further research, it is recommended to use more complex algorithms such as SVM, LSTM, or BERT to improve
classification accuracy, as well as apply data balancing techniques such as SMOTE. Furthermore, data collection from
various review platforms can be carried out to ensure more comprehensive and representative analysis results.
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