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Abstract

Mikie Holiday Funland is one of the tourist destinations in North Sumatra that receives numerous visitor reviews through digital platforms
such as Google Maps and TikTok. The large number of available reviews makes manual analysis less effective, creating the need for
sentiment analysis to identify visitors' perceptions of the facilities and services provided. This study aims to classify visitor reviews of
Mikie Holiday Funland into positive, negative, and neutral sentiment categories using the Naive Bayes method. This research adopted
the CRISP-DM framework, with data processing stages including text preprocessing, lexicon-based sentiment labeling, TF-IDF
weighting, and classification using the Naive Bayes algorithm. The data used in this study were collected from Google Maps reviews
and TikTok comments from February 2025 to February 2026, totaling 4,876 reviews. Model evaluation was conducted using a confusion
matrix and classification report. The results showed that the Naive Bayes method achieved an accuracy of 73% in classifying review
sentiments. Of the 4,876 reviews analyzed, 849 reviews (17.4%) were classified as positive, 1,466 reviews (30.1%) as negative, and 2,561
reviews (52.5%) as neutral. The dominance of neutral sentiment indicates that most reviews were informative and did not express strong
opinions. Furthermore, the analysis results were successfully implemented in a Streamlit-based application to provide interactive
sentiment visualizations. These findings are expected to serve as evaluation material for improving the quality of tourism facilities and
services, as well as a source of information for prospective visitors in making decisions about visiting Mikie Holiday Funland.
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1. Introduction

The tourism sector has become one of the major contributors to economic growth in many countries, including Indonesia. Advances in
information technology and digital communication have significantly transformed the tourism industry by enabling visitors to easily access
information and share their travel experiences through online platforms. Nowadays, digital platforms such as Google Maps, TikTok, and
other social media applications have become important sources of user-generated content that reflects visitors' perceptions, experiences,
and satisfaction with tourism destinations[1]. Mikie Holiday Funland is one of the most popular amusement parks in North Sumatra,
Indonesia, attracting thousands of domestic tourists every year. Visitors frequently express their opinions regarding attractions, facilities,
cleanliness, ticket prices, and service quality through online reviews on Google Maps and TikTok. These reviews provide valuable
information for evaluating tourism services and understanding visitor satisfaction. However, the increasing number of online reviews
makes manual analysis inefficient, time-consuming, and prone to subjective interpretation[2]. applications of Natural Language
Processing (NLP) and text mining, sentiment analysis aims to classify opinions into predefined sentiment categories, such as positive,
negative, and neutral[3]. This approach has been widely adopted in various domains, including healthcare, education, e-commerce,
transportation, and tourism, because it enables organizations to understand public perception and support data-driven decision-making[4].

Among various machine learning algorithms, the Naive Bayes classifier remains one of the most widely used methods for sentiment
classification due to its computational efficiency, simplicity, and competitive performance in text classification tasks. Although the
algorithm assumes feature independence, numerous studies have demonstrated that Naive Bayes performs well when combined with
appropriate text preprocessing and feature extraction techniques such as Term Frequency—Inverse Document Frequency (TF-IDF)[5].
Furthermore, TF-IDF effectively represents textual information by assigning greater importance to discriminative words while reducing
the influence of frequently occurring but less informative terms[6].

Several previous studies have demonstrated the effectiveness of the Naive Bayes algorithm in tourism-related sentiment analysis.[7]
analyzed Google Maps reviews of hospital services and reported an accuracy of 84%.[8] classified visitor reviews of the Mandalika Circuit
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using Naive Bayes and achieved an accuracy of 70.96%.[9] analyzed public sentiment toward Aceh tourism using social media data and
obtained an overall accuracy of 81%. Applied Naive Bayes to classify visitor reviews of Bukit Merese tourism and reported an accuracy
of 89%, demonstrating that the algorithm performs reliably for tourism-related sentiment classification[10]. Although previous studies
have successfully applied sentiment analysis in various tourism contexts, research focusing specifically on Mikie Holiday Funland remains
limited. Moreover, most existing studies rely on a single data source, whereas visitor opinions are distributed across multiple digital
platforms. Integrating reviews collected from Google Maps and TikTok provides a richer and more representative dataset because each
platform captures different styles of user interaction and expression. Consequently, a multi-source sentiment analysis is expected to
provide a more comprehensive understanding of visitor perceptions[11]. This study proposes a sentiment classification framework based
on the Cross-Industry Standard Process for Data Mining (CRISP-DM). The research consists of six stages, namely business
understanding, data understanding, data preparation, modeling, evaluation, and deployment. Text preprocessing techniques, lexicon-
based sentiment labeling, TF-IDF feature extraction, and the Naive Bayes classifier are employed to analyze 4,876 visitor reviews
collected from Google Maps and TikTok between February 2025 and February 2026. Model performance is evaluated using a confusion
matrix and classification report[8]. The main contributions of this study are threefold. First, it presents a comprehensive sentiment
analysis of Mikie Holiday Funland using reviews collected from two different online platforms. Second, it evaluates the effectiveness of
combining TF-IDF feature extraction with the Naive Bayes classifier for multiclass sentiment classification. Third, the proposed
framework is implemented in a Streamlit-based web application that provides interactive visualization of sentiment distribution, enabling
tourism managers to evaluate visitor satisfaction and supporting prospective visitors in making informed travel decisions

2. Research Method

This study employed the Cross-Industry Standard Process for Data Mining (CRISP-DM) framework to develop a sentiment classification
model for visitor reviews of Mikie Holiday Funland. CRISP-DM was selected because it provides a systematic and structured methodology
for data mining projects, covering all stages from business understanding to deployment. The research workflow consisted of six phases:
Business Understanding, Data Understanding, Data Preparation, Modeling, Evaluation, and Deployment[12].

Fig. 1: Research Framework Based on CRISP-DM
2.1 Business Understanding

The primary objective of this study is to analyze visitor opinions regarding the facilities and services provided by Mikie Holiday Funland.
The large number of reviews published on online platforms makes manual analysis impractical and inefficient. Therefore, an automated
sentiment classification model is required to categorize visitor opinions into positive, negative, and neutral sentiments. The resulting
information can support tourism managers in evaluating service quality and improving visitor satisfaction.

2.2 Data Understanding

The dataset used in this study consists of visitor reviews collected from Google Maps and TikTok between February 2025 and February
2026. The reviews were obtained through a web scraping process using Python. After the data collection stage, the dataset was cleaned and
validated to remove duplicate and incomplete records, resulting in a total of 4,876 valid reviews for subsequent analysis.The collected
dataset contains four primary attributes, namely the anonymized username, review date, review text, and data source. These reviews
represent visitors' opinions regarding various aspects of Mikie Holiday Funland, including attractions, facilities, cleanliness, ticket prices,
staff services, accessibility, and overall visitor experiences.

Table 1: Dataset Distribution

Username I Date | Review | Sumber Data

Nk seksksdook 14-02-2026  pengalamm baruu dann seruuu!!! kebetulan pas datang gak terlalu ramee jadi Google Maps
bebas main sampe soree” ¥ ...

AFHEAE dxHAHY 31-01-2026  Pelayan nya kurang puas karena sabtu itu kami ribut di mikie holiday karena satu Google Maps
karyawan cakap nya sombong kali kepada kami semua

| o 20-01-2026  Mantap buat liburan keluarga Google Maps

Losskiky 02-01-2026  trauma pulang dari mikie aku sakit seminggu TikTok
9 ¥4

AR ok g 10-11-2025  Tempat yang asik untuk liburan bersama keluarga selain wahananya yang seru" juga Google Maps
nyaman dan bersih

Wiy 14-09-2025  tempat main anak tidak bebas asap rokok. banyak pengunjung merokok. staff Google Maps
sombong.

U3 30-03-2025  ga cocok buat org yg gampang TikTok
pusing+muntah" =) = T <

R¥¥xiiikise 22-01-2026  pusing bet kak * TikTok

) ookl 11-04-2025  Seruuu sekalii Wahana permainan nyaa banyak Rekomendasi tmpt liburan seru bareng Google Maps
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Username | Date | Review | Sumber Data

keluarga

ook g 01-01-2026  berapa tiketnya kak? TikTok

MppsxRERREREREERT (09-10-2025 udah pernah naik semua permainan yg disana taoi pulang nya pingsan karna TikTok
permainan nya puter-puter semua™d = J <

Y il | 08-01-2026  Sangat seru, permainan lengkap Google Maps

Nkt 05-10-2025  AKU SAMA KELUARGA SERING BGTT KE TikTok
SITUIHH EMNG BAGUS BGTT #=SERU JUGAA

Mk dkkkkkg 14-10-2025  tempat nya bersih,keamanan nya terjamin,pelayanan nya bagus dan banyak Google Maps
wahanaaa gemecc 5 3 ...

Mk stk koo 10-04-2025  Biasa aja Google Maps

Table 1 presents representative samples of the collected raw dataset before preprocessing. Since online reviews commonly contain
informal language, abbreviations, emojis, punctuation marks, and other textual inconsistencies, text preprocessing is required to improve
data quality before feature extraction and sentiment classification.

2.3 Data Preparation

Data preparation is a crucial stage in sentiment analysis because the collected reviews are unstructured and contain various forms of textual
noise that may reduce classification performance. Therefore, several preprocessing techniques were applied to transform the raw reviews
into a structured representation suitable for feature extraction and machine learning algorithms. These preprocessing steps were performed
sequentially using Python following common practices in text mining and Natural Language Processing (NLP). The preprocessing pipeline
consisted of six main stages: cleaning, case folding, tokenization, normalization, stopword removal, and stemming.

2.4 Modeling

Following the preprocessing stage, the cleaned textual data were transformed into numerical feature vectors using the Term Frequency—
Inverse Document Frequency (TF-IDF) weighting technique. TF-IDF is widely used in text mining because it assigns higher weights to
terms that frequently appear within a document while reducing the influence of commonly occurring words across the entire corpus.
Consequently, TF-IDF provides an effective representation of textual information for machine learning algorithms[13].

2.5 Evaluation

The performance of the proposed sentiment classification model was evaluated using a confusion matrix, which compares the predicted
sentiment labels with the actual sentiment labels. The confusion matrix provides a comprehensive assessment of the classifier by identifying
correctly and incorrectly classified instances for each sentiment category[15]. Based on the confusion matrix, four evaluation metrics
were calculated, namely accuracy, precision, recall, and Fl-score. Accuracy measures the overall proportion of correctly classified
reviews, while precision evaluates the proportion of correctly predicted instances within each predicted class. Recall measures the
classifier's ability to identify all relevant instances of each sentiment class, whereas the F1-score represents the harmonic mean of
precision and recall, providing a balanced performance measure [18].

The calculated evaluation metrics were used to assess the effectiveness of the proposed Naive Bayes model in classifying visitor reviews
into positive, negative, and neutral sentiment categories. The experimental results and performance analysis are presented in the following
section.

2.6 Deployment

The final sentiment classification model was deployed using the Streamlit framework to provide an interactive web-based application. The
developed system enables users to upload review datasets, perform sentiment analysis automatically, visualize sentiment distributions,
display word clouds, and predict the sentiment of new visitor comments[ 16]. This deployment allows tourism managers to monitor visitor
opinions efficiently and supports decision-making based on real-time sentiment information.

3 Results and Discussion

3.1 Data Collection Results

The visitor review dataset was collected from two online platforms, namely Google Maps and TikTok, using web scraping techniques.
Google Maps reviews were extracted using a Python-based scraping program with the Selenium library, while TikTok comments were
collected using the TikTok Comment Scraper tool. The collected data include user names, review dates, ratings (Google Maps), and visitor
comments related to facilities and services at Mikie Holiday Funland. The data collection covered the period from February 2025 to
February 2026 and produced 4,876 visitor reviews, which were subsequently used for sentiment analysis. The collected reviews represent
various visitor opinions regarding attractions, cleanliness, staff services, ticket prices, facilities, and overall travel experiences.
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Fig. 2: Google Maps and TikTok Data Collection Process

Figure 2 illustrates the data acquisition process from Google Maps and TikTok. The scraping process successfully collected visitor reviews
from both platforms and exported them into spreadsheet format for further preprocessing and sentiment classification. The use of two
different data sources provides a more comprehensive representation of visitor opinions regarding Mikie Holiday Funland.

3.2 Text Preprocessing Results

Before feature extraction and sentiment classification, all collected reviews underwent a text preprocessing stage to improve data quality
and remove textual noise. The preprocessing pipeline consisted of cleaning, case folding, tokenization, normalization, stopword removal,
and stemming. These processes transformed unstructured visitor reviews into normalized textual data that were more suitable for machine
learning analysis.

Table 2: Text Preprocessing Results

No | Sebelum Text Preprocessing | Sesudah Text Preprocessing

1. Tempat yang asik untuk liburan bersama keluarga asyik libur keluarga wahana seru nyaman bersih
selain wahananya yang seru" juga nyaman dan bersih

2. Pelayan nya kurang puas karena sabtu itu kami ribut di ~ layan kurang puas ribut karyawan sombong

mikie holiday karena satu karyawan cakap nya
sombong kali kepada kami semua

3. trauma pulang dari mikie aku sakit trauma pulang sakit minggu
seminggu @O0
4. tempat nya bersih,keamanan nya bersih aman jamin layan bagus wahana gemas

terjamin,pelayanan nya bagus dan banyak
wahanaaa gemecciBH& . .
5. berapa tiketnya kak? tiket

Table 2 presents several examples of visitor reviews before and after preprocessing. The preprocessing stages successfully removed
unnecessary symbols, standardized informal words, eliminated stopwords, and converted words into their root forms. Consequently, the
processed reviews became more structured and suitable for TF-IDF feature extraction.

Reviow clean_text case_folding tokens_raw tokens_normalized tokens_final tokens tokons_stopword stomming
Tich 1 tida ik
Tidak idak ak [fickak - ticak ludak
mengentra.  mergantTa mengantrs  mangantre {tidak, mangantre [mengantre,  antre parkir moks
i 0 mengantrs, mengantra. > s
parkiran parkiran  peckiran mobil parkian parkiman, mobil, e bl parkitan, mobil,  luas mobil parkic
mobil sangat  mobil sangat sangat luas abil sangat lu . U0 AN " luas, mobil, padk mator fus
2 = sangat, lu sangat, lu.
luas (x...  luas mob... mob...  sangat, lu..
hatl minge [hart
Han Minggu o MINGSU o inggu mnggu han, minggu han, mnggu minggu keluargs
V" kemarin aku 0 [han, minggu. | : e, [minggu, keluarga 2
kemarin aku disry kemarin aku kemarin, aku Kkamarin, aku, dan kemarin, aku kemarin, aku amaTaR temanteman
dan keluarga < dan keluargs dan = % dan, ketuarga,  dan, keluarga ) Kerja habis méoe
keiuarga keluarga. se kerja. menghabi.. £
zerta tom A serta tom keluarga s0 se
sartd tem
se.
Tempst 1 tempat y .
Pat¥g pat ¥g tempatyg  [tempat, yg
indah dan indah dan 2 [fempat, yang,  [tempet. yang {indah, nyaman indah nyaman
indah dan  indah, dan, [tempat yang, indah,
nyaman nyaman > indan, dan Indah, dan prasana prasans
nyaman nyaman dan, nyamar, ,
dengan dangan s nyaman nyaman. e awan, lengkapkaryawan
prasana yg  prasana yg g EoEE. Sanoan. P dengan, pra. dengan, pra. wrelc. welcome r.
x : = peasans yg | prasa sEidor = S sl
Walaupun walaupun walaupun  [walaupun i
e wdnh beriali udah udoh fkall, kal, kemari kall kall kemar
udah berkal 2 .- sudah, kali 7
Sy xall kemari beckalikall berkallkall enaaak pemah enaqak pemah

Fig. 3: Text Preprocessing Results
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Figure 3 presents the output of each preprocessing stage. During the cleaning stage, punctuation marks, numbers, and unnecessary symbols
were removed from the reviews. Case folding converted all characters into lowercase letters, tokenization separated each review into
individual words, normalization replaced informal words with their standard forms, stopword removal eliminated words with little semantic
contribution, and stemming reduced each word to its root form. These transformations produced consistent textual data that were ready
for TF-IDF feature extraction and sentiment classification.

3.3 Sentiment Labeling Results

Following the text preprocessing stage, each visitor review was labeled using the Indonesian sentiment lexicon to classify the reviews into
three sentiment categories: positive, negative, and neutral. The labeling process was performed by calculating the sentiment score of each
review based on the polarity values of the words contained in the lexicon. The accumulated sentiment score was then used to determine
the final sentiment label for each review. The labeled dataset serves as the ground truth for training and evaluating the Multinomial Naive
Bayes classifier.

Kategori Sentimen Ulasan
(total = 5.000 Ulasan)

neutral

positive
negative
Fig. 4: Sentiment Label Distribution

Figure 4 presents the distribution of sentiment labels obtained from the lexicon-based labeling process. The results indicate that neutral
sentiment is the dominant category with 2,561 reviews (52.5%), followed by negative sentiment with 1,466 reviews (30.1%), and positive
sentiment with 849 reviews (17.4%). The predominance of neutral sentiment suggests that most visitors provide descriptive or
informational reviews regarding their experiences at Mikie Holiday Funland, whereas fewer reviews explicitly express positive or negative
emotions.
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negative 1466
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Fig. 5: Labeling Results

Figure 5 shows examples of the sentiment labeling results generated using the Indonesian sentiment lexicon. Each visitor review was
assigned a sentiment category according to the total sentiment score calculated from the constituent words. These labeled reviews were
subsequently used as the target labels during the supervised learning process.

3.4 TF-IDF Feature Extraction

After the sentiment labeling process, the preprocessed reviews were transformed into numerical feature vectors using the Term Frequency—
Inverse Document Frequency (TF-IDF) weighting method. TF-IDF evaluates the importance of each word based on its frequency within
an individual review and its occurrence across the entire document collection. Consequently, highly informative terms receive greater
weights, while commonly occurring words receive lower weights, enabling more effective feature representation for sentiment
classification.
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Fig. 6: TF-IDF Feature Matrix

Figure 6 illustrates the TF-IDF feature matrix generated from the preprocessed training dataset. Each review was converted into a numerical
vector representing the relative importance of each term within the corpus. These feature vectors were subsequently used as input for the
Multinomial Naive Bayes classifier during the model training and testing stages.
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3.5 Naive Bayes Classification Results

The performance of the proposed Multinomial Naive Bayes classifier was evaluated using the testing dataset after the training process was
completed. The evaluation aimed to measure the model's capability in classifying visitor reviews into positive, negative, and neutral
sentiment categories. The performance assessment was conducted using several evaluation metrics, including accuracy, precision, recall,
F1-score, and confusion matrix, to provide a comprehensive analysis of the classification results.

Akurasi Model: ©.73

Laporan Klasifikasi:
Presisi Recall F1-Score Jumlah Data

negatif 0.88 0.51 0.65 314.00
netral 0.68 0.97 0.80 483.00
positif 0.83 0.47 0.60 179.00
accuracy 0.73 0.73 0.73 0.73
macro avg 0.80 0.65 0.68 976.00
weighted avg 0.77 0.73 0.71 976.00

Fig. 7: Model Evaluation Results

Figure 7 presents the Model Evaluation Results of the proposed Naive Bayes model. The evaluation results indicate that the classifier
achieved different performance levels across the three sentiment categories. The neutral class obtained the highest recall, indicating that
the model was highly effective in recognizing neutral reviews. Meanwhile, the positive and negative classes exhibited lower recall values
due to the similarity of expressions among visitor reviews.
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Fig. 8: Confusion Matrix

Figure 8 illustrates the confusion matrix generated during model evaluation. The matrix shows that the classifier correctly predicted the
majority of neutral reviews, whereas several positive and negative reviews were incorrectly classified because they shared similar
vocabulary and contextual meanings. These findings indicate that distinguishing between positive and negative sentiments remains more
challenging than identifying neutral opinions.

Akurasi Model

0.73

Skor Akurasi

0.2

0.0

Akurasi

Fig. 9: Model Accuracy

Figure 9 presents the overall classification accuracy achieved by the proposed model. The Multinomial Naive Bayes classifier obtained
an accuracy of 73%, indicating that the model correctly classified most visitor reviews in the testing dataset. Although the overall
performance is satisfactory, several misclassifications still occurred, particularly between positive and negative sentiment classes due to
overlapping linguistic characteristics.

Laporan Klasifikasi per Sentimen
pR2

negatit netral positir
Sentimen

Fig. 10: Classification Performance by Class

Figure 10 compares the precision, recall, and F1-score obtained for each sentiment category. The results demonstrate that the neutral class
achieved the highest overall performance, with a precision of 0.68, recall of 0.97, and F1-score of 0.80. In contrast, the positive class
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achieved a precision of 0.83, recall of 0.47, and F1-score of 0.60, while the negative class obtained a precision of 0.88, recall of 0.51, and
F1-score of 0.65. These results indicate that the proposed model is more effective in identifying neutral reviews than distinguishing between
positive and negative sentiments.

3.6 System Implementation

The proposed sentiment analysis model was implemented as a web-based application using the Streamlit framework to provide an
interactive platform for sentiment analysis of visitor reviews. The application integrates all stages of the proposed methodology, including
data preprocessing, sentiment labeling, TF-IDF feature extraction, Naive Bayes classification, model evaluation, and sentiment prediction.
The system was designed to simplify the analysis process while allowing users to visualize classification results and predict the sentiment
of new visitor reviews efficiently.

Sentimen

Mickey Holiday

4 - >

Pregrecessing Naive Gayes Prodikal

Fig. 11: Main Interface of the Sentiment Analysis Application

Figure 11 presents the main dashboard of the developed sentiment analysis application. The dashboard provides navigation to the primary
system features, enabling users to access data preprocessing, sentiment analysis, model evaluation, and sentiment prediction modules
through an intuitive web interface.

I Upload Dataset & File Pendukung

L

Fig. 12: Dataset Upload Module

Figure 12 presents the dataset upload module of the developed web-based application. This module allows users to upload the primary
dataset in CSV format containing visitor reviews of Mikie Holiday Funland. After the dataset is successfully uploaded, the system
automatically validates the file structure, counts the number of available records, and confirms that the dataset is ready for the sentiment
analysis process. This validation step helps ensure that only valid datasets are processed by the classification model.

Fig. 13: Supporting File Upload Module

Figure 13 illustrates the supporting file upload module, which enables users to upload the required resources for sentiment analysis,
including the positive lexicon, negative lexicon, slang dictionary, colloquial lexicon, and Indonesian stopword list. Once all supporting
files have been successfully uploaded, the application verifies their availability and notifies the user that the analysis environment is fully
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prepared. These supporting resources play an important role in improving text preprocessing quality and the accuracy of the sentiment
labeling process.

After the dataset and all supporting resources have been successfully uploaded, the system proceeds to the sentiment analysis stage. This
module integrates the entire sentiment analysis workflow, including text preprocessing, sentiment labeling, TF-IDF feature extraction,
Naive Bayes classification, and visualization of the analysis results. The generated outputs enable users to evaluate visitor opinions
interactively through a web-based interface.

# Analisis Sentimen

Fig. 14: Sentiment Analysis Module

Figure 14 presents the sentiment analysis module implemented in the Streamlit application. The system automatically executes each
processing stage and displays various analytical results, including sentiment distribution, word cloud visualization, classification
performance, and evaluation metrics. This integrated workflow simplifies the analysis process and allows users to obtain sentiment analysis
results without requiring manual data processing.

Fig. 15: Sentiment Analysis Module

Figure 15 illustrates the sentiment distribution using both a bar chart and a pie chart. The bar chart presents the number of reviews in each
sentiment category, whereas the pie chart shows their corresponding proportions. The results indicate that neutral sentiment dominates
the dataset with 2,561 reviews (52.5%), followed by negative sentiment with 1,466 reviews (30.1%) and positive sentiment with 849
reviews (17.4%). These visualizations enable users to understand the overall distribution of visitor opinions more intuitively.
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Fig‘. 16: Word Cloud Visualization

Figure 16 presents the overall word cloud generated from the visitor reviews. The visualization highlights the most frequently occurring
terms within the dataset, where larger words indicate higher occurrence frequencies. This feature helps users quickly identify the dominant
topics discussed by visitors, such as attractions, facilities, ticket prices, and overall travel experiences.
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Fig. 17: Word Cloud by Sentiment Category

Figure 17 illustrates the word cloud generated for each sentiment category. This visualization allows users to compare the dominant terms
associated with positive, negative, and neutral reviews. Consequently, users can identify the most frequently discussed aspects within each
sentiment category and gain deeper insights into visitor perceptions.

Akuras| Model

Laporan Kiasifikasi

Fig. 18: Model Evaluation Dashboard

Figure 18 presents the model evaluation dashboard implemented in the application. The dashboard displays the classification accuracy,
precision, recall, Fl-score, classification report, and confusion matrix, allowing users to evaluate the overall performance of the
Multinomial Naive Bayes classifier directly through the web interface.

Visualisasi Akurasi & Klasifikasi per Kelas

Fig. 19: Model Evaluation Dashboard

Figure 19 summarizes the classification performance of the proposed model. The application achieved an overall accuracy of 73%, while
the evaluation metrics indicate that the neutral sentiment class achieved the highest recall and F1-score among all sentiment categories.
These results demonstrate that the proposed model performs effectively in identifying neutral visitor reviews.
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Fig. 20: Confusion Matrix Visualization
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Figure 20 presents the confusion matrix visualization generated by the application. Most neutral reviews were classified correctly, whereas
several positive and negative reviews were misclassified due to similarities in textual expressions. The confusion matrix provides a
comprehensive overview of the classification performance for each sentiment category.

Hasil Preprocessing per Baris

Fig. 21: Text Preprocessing Module

Figure 21 presents the text preprocessing module implemented in the Streamlit application. The system displays the preprocessing results
for each review after applying cleaning, case folding, tokenization, normalization, stopword removal, and stemming. By presenting the
processed text, users can compare the original and transformed reviews, thereby improving the interpretability and reliability of the
sentiment analysis workflow.

Fig. 22: Comment Prediction Module

Figure 22 illustrates the comment prediction module of the developed application. Users can enter a new review into the input field, and
the system automatically performs text preprocessing, feature extraction, and sentiment classification using the trained Multinomial Naive
Bayes model. The predicted sentiment is then displayed immediately, allowing users to evaluate new visitor opinions in real time.

4 Conclusion

This study proposed a sentiment analysis system for visitor reviews of Mikie Holiday Funland by integrating data collected from Google
Maps and TikTok. A total of 4,876 visitor reviews were processed through several text preprocessing stages, including cleaning, case
folding, tokenization, normalization, stopword removal, and stemming. The processed reviews were transformed into numerical feature
vectors using the TF-IDF weighting method and subsequently classified using the Multinomial Naive Bayes algorithm. The experimenta
results demonstrated that the proposed model achieved an overall classification accuracy of 73%, indicating that the Naive Bayes classifier
is capable of effectively classifying visitor reviews into positive, negative, and neutral sentiment categories. Furthermore, the sentiment
analysis revealed that neutral sentiment dominated the dataset, followed by negative and positive sentiments, suggesting that most visitors
provided descriptive opinions regarding their experiences.

The developed sentiment analysis model was successfully implemented as a web-based application using the Streamlit framework. The
application integrates dataset upload, text preprocessing, sentiment labeling, TF-IDF feature extraction, sentiment visualization, model
evaluation, and real-time sentiment prediction into a single interactive platform. This implementation demonstrates the practical
applicability of the proposed approach in assisting tourism managers to monitor visitor feedback and identify service strengths and
weaknesses more efficiently. Future research may improve the classification performance by employing larger datasets, advanced text
representation techniques such as contextual word embeddings, and deep learning-based classification models to achieve higher predictive
accuracy and better semantic understanding of visitor reviews.

References

[1] H. Azizah, F. Syuhada, and Y. Sa’adati, “SENTIMEN ANALISIS TEMPAT WISATA BERDASARKAN ULASAN GOOGLE MAPS



304

Journal of Artificial Intelligence and Engineering Applications

MENGGUNAKAN METODE NAIVE BAYES (Studi Kasus Bukit Merese) Sentiment Analysis of Tourist Destinations Based on Google Maps
Reviews Using the Naive Bayes Method (Case Study of Bukit Merese),” 2024.

N. L. W. S. R. Ginantra, C. P. Yanti, G. D. Prasetya, I. B. G. Sarasvananda, and I. K. A. G. Wiguna, “Analisis Sentimen Ulasan Villa di Ubud
Menggunakan Metode Naive Bayes, Decision Tree, dan K-NN,” Jurnal Nasional Pendidikan Teknik Informatika (JANAPATI), vol. 11, no. 3, pp.
205-215, Dec. 2022, doi: 10.23887/janapati.v11i3.49450.

D. Purnamasari ef al., “Pengantar Metode Analisis Sentimen,” 2023.

M. Afdal and L. Elita, “PENERAPAN TEXT MINING PADA APLIKASI TOKOPEDIA MENGGUNAKAN ALGORITMA K-NEAREST
NEIGHBOR,” Jurnal Ilmiah Rekayasa dan Manajemen Sistem Informasi, vol. 8, p. 78, Feb. 2022, doi: 10.24014/rmsi.v8il.16595.

O. L. Gifari, M. Adha, I. Rifky Hendrawan, F. Freddy, and S. Durrand, “Analisis Sentimen Review Film Menggunakan TF-IDF dan Support Vector
Machine,” JIFOTECH (JOURNAL OF INFORMATION TECHNOLOGY, vol. 2, no. 1, 2022.

J. C. Aponno, “Penerapan Algoritma Sentiment Analysis Dan Naive Bayes Terhadap Opini Pengunjung Di Tempat Wisata Pantai Pintu Kota,

Kota Ambon,” vol. 9, no. 4, pp. 3180-3188, 2022, [Online]. Available: http://jurnal.mdp.ac.id

B. R. Atmadja, “Analisis Sentimen Bahasa Indonesia Pada Tempat Wisata di Kabupaten Sukabumi Dengan Naive Bayes,” vol. 15, no. 2, pp. 371—
382, 2022, [Online]. Available: http://journal.stekom.ac.id/index.php/elkomOpage371

S. Wahyuni, “Bulletin of Information Technology (BIT) Analisis Sentimen Publik Terhadap Pariwisata Aceh di Media Sosial X Menggunakan
Algoritma Naive Bayes Classifier,” vol. 5, no. 4, pp. 269-278, 2024, doi: 10.47065/bit.v5i2.1700.

A. F. RIZKI, W. Prihartono, and F. Rohman, “ANALISIS SENTIMEN ULASAN GOOGLE MAPS RUMAH SAKIT KHALISHAH DI CIREBON
DENGAN ALGORITMA NAIVE BAYES,” Jurnal Informatika dan Teknik Elektro Terapan, vol. 13, no. 2, Apr. 2025, doi:
10.23960/jitet.v13i2.6309.

A. Okta, K. Adi, A. Sanjaya, A. B. Setiawan, and P. Korespondens, “Penerapan Inset Lexicon untuk Analisis Sentimen Penonton Video

JKT48 di YouTube 1%, 2025.

S. Fatimah, E. Purwanto, H. Permatasari, and S. Sistem Informasi, “Analisis Sentimen Twitter Tentang Wisata di Kota Solo Twitter Sentiment
Analysis About Tourism in the City of Solo,” 2023.

N. Q. Rizkina and F. N. Hasan, “Analisis Sentimen Komentar Netizen Terhadap Pembubaran Konser NCT 127 Menggunakan Metode Naive
Bayes,” Journal of Information System Research (JOSH), vol. 4, no. 4, pp. 1136—1144, Jul. 2023, doi: 10.47065/josh.v4i4.3803.

S. Santiastry and W. Apriandari, “PENERAPAN ALGORITMA NAIVE BAYES DAN METODE CRISP-DM DALAM PREDIKSI

HASIL TES KEMAMPUAN BAHASA INGGRIS MAHASISWA,” 2024.

S. Mariska, I. Made, and D. Setiawan, “ANALISIS SENTIMEN ULASAN PENGUNJUNG SIRKUIT MANDALIKA PADA GOOGLE MAPS
DENGAN METODE NAIVE BAYES,” Jurnal Nasional Teknologi Komputer, vol. 5, no. 4, 2025.

L. A. Susanto, “KOMPARASI MODEL SUPPORT VECTOR MACHINE DAN K-NEAREST NEIGHBOR PADA ANALISIS SENTIMEN
APLIKASI POLRI SUPER APP,” Jurnal Informatika dan Teknik Elektro Terapan, vol. 12, no. 2, Apr. 2024, doi: 10.23960/jitet.v12i2.4152.

R. Zulfiqri, B. N. Sari, and T. N. Padilah, “ANALISIS SENTIMEN ULASAN PENGGUNA APLIKASI MEDIA SOSIAL INSTAGRAM

PADA SITUS GOOGLE PLAY STORE MENGGUNAKAN NAIVE BAYES CLASSIFIER,” Jurnal Informatika dan Teknik Elektro
Terapan, vol. 12, no. 3, Aug. 2024, doi: 10.23960/jitet.v12i3.4995.


http://jurnal.mdp.ac.id/
http://journal.stekom.ac.id/index.php/elkom

	2.1 Business Understanding
	2.2 Data Understanding
	2.3 Data Preparation
	2.4 Modeling
	2.5 Evaluation
	2.6 Deployment
	3 Results and Discussion
	3.1 Data Collection Results
	3.2 Text Preprocessing Results
	3.3 Sentiment Labeling Results
	3.4 TF-IDF Feature Extraction
	3.5 Naive Bayes Classification Results
	3.6 System Implementation

	4 Conclusion
	References

