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Abstract—The rapid growth of the hospitality industry and the increasing reliance on online reviews emphasize the need for
advanced sentiment analysis tools to understand customer preferences effectively. This study explores the application of
IndoBERT, a pre-trained language model tailored for the Indonesian language, in classifying sentiments from hotel guest
reviews. Utilizing a dataset of 715 reviews, the study employed the Knowledge Discovery in Databases (KDD) framework
for systematic data preprocessing, feature extraction, and machine learning analysis. IndoBERT demonstrated exceptional
performance, achieving perfect precision, recall, and F1-scores of 1.00 for both positive (657 reviews) and negative (53
reviews) sentiment classes. The ROC curve analysis also yielded a mean AUC score of 0.86, validating the model's
robustness and reliability. The results highlight IndoBERT's capability to accurately capture linguistic nuances and contextual
meaning, offering actionable insights into factors influencing guest satisfaction, such as cleanliness, staff behavior, and
service quality. This research contributes to advancing natural language processing applications in regional contexts and
provides practical implications for enhancing service strategies in the hospitality sector. Future research should expand the
model's application to other industries and explore multimodal approaches for a more comprehensive understanding of
customer behavior.
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1. INTRODUCTION

The rapid growth of the hospitality industry, coupled with the increasing reliance on online reviews, underscores
the need for advanced analytical approaches to comprehend guest preferences effectively. Sentiment analysis, a
subset of natural language processing (NLP), has emerged as a critical tool in interpreting the subjective opinions
expressed in customer reviews [1], [2]. IndoBERT, a pre-trained language model tailored for the Indonesian
language, offers significant potential for accurately capturing nuanced sentiments within this context [3]. The
application of IndoBERT enables precise extraction of insights from vast datasets, facilitating an understanding
of factors influencing guest satisfaction and dissatisfaction [4]. By systematically analyzing linguistic patterns
and sentiment polarity, this approach addresses the complexities of Indonesian textual data that conventional
methods often overlook. Employing such a model enhances the accuracy of sentiment interpretation and
contributes to the strategic alignment of hospitality services with guest expectations. These advancements
highlight the pivotal role of sentiment analysis in driving data-informed decision-making processes within the
competitive landscape of the hotel industry.

The increasing reliance on digital platforms for customer feedback in the hospitality sector highlights the
critical need for advanced methodologies to interpret and leverage this information effectively. The rapid
proliferation of user-generated content, particularly online reviews, necessitates a sophisticated approach to
extracting meaningful insights that reflect consumer preferences and expectations [5], [6]. Traditional sentiment
analysis methods often struggle to handle regional languages’ complexity and linguistic nuances, creating a gap
in accurately understanding customer sentiments. Leveraging a model like IndoBERT, specifically designed for
the Indonesian language, offers a solution to this limitation by providing enhanced accuracy and contextual
relevance in sentiment analysis [7]-[9]. By addressing these challenges, the research fosters an improved
alignment of service delivery with guest expectations, enabling businesses to remain competitive in a dynamic
market environment. This focus on optimizing customer satisfaction through data-driven insights underscores
this study's significance in advancing academic and practical applications within the hospitality industry.

The primary objective of this research is to develop a robust framework for analyzing customer
sentiments in the hospitality industry using an advanced natural language processing model tailored to the
Indonesian language. Addressing the complexities of regional linguistic structures and the diverse expressions
found in online reviews is essential to interpreting guest preferences accurately. IndoBERT enables the
extraction of nuanced insights, ensuring a more precise understanding of satisfaction drivers and dissatisfaction
factors [10]-[13]. This approach enhances the granularity of sentiment analysis and strengthens its applicability
in optimizing service delivery and customer experience management [14]. By integrating advanced
computational techniques with practical applications, the study aims to bridge the gap between theoretical
advancements and industry needs, ultimately contributing to the broader goal of elevating service standards in
the hospitality sector.

The methodology employed in this study utilizes a machine learning approach within the Knowledge
Discovery in Databases (KDD) framework to analyze sentiment data systematically. KDD provides a structured

Copyright © 2025 Author, Page 532
This Journal is licensed under a Creative Commons Attribution 4.0 International License



Journal of Computer System and Informatics (JoSYC)
ISSN 2714-8912 (media online), ISSN 2714-7150 (media cetak)
Volume 6, No. 2, February 2025, Page 532-544
https://ejurnal.seminar-id.com/index.php/josyc

DOI 10.47065/josyc.v6i2.6864

process encompassing key stages such as data selection, preprocessing, transformation, mining, and
interpretation, ensuring a comprehensive analysis pipeline [15]. By leveraging this framework, machine learning
algorithms extract patterns and insights from large volumes of textual data, enabling a more precise
understanding of sentiment trends. This method is particularly effective in handling unstructured data, as it
integrates robust techniques for noise reduction, feature extraction, and model optimization. Employing the KDD
framework enhances the study's methodological rigor, ensuring that findings are reliable and actionable. This
systematic approach underscores the value of combining machine learning with established analytical
frameworks, contributing to the development of innovative tools for sentiment analysis in diverse contexts.

Numerous studies have explored sentiment analysis to evaluate customer feedback in the hospitality
sector, leveraging various machine learning models and natural language processing techniques. While these
efforts have yielded valuable insights, most existing research has focused on widely spoken global languages,
often neglecting the linguistic diversity and complexity of regional languages such as Indonesian [16]-[18]. This
limitation has resulted in a significant gap in accurately capturing the sentiments expressed by local consumers,
particularly in markets where global models fail to address cultural and contextual nuances. IndoBERT, as a
language model trained explicitly on Indonesian text, offers a promising avenue for bridging this gap by
providing a more contextually relevant analysis of sentiments [19]-[22]. However, its application within the
hospitality industry remains underexplored, leaving an opportunity to investigate its potential for delivering more
granular and actionable insights. This gap underscores the need for targeted research to advance sentiment
analysis capabilities tailored to regional contexts, ultimately enhancing the strategic utility of customer feedback
in driving industry innovation.

The novelty of this research lies in its application of INdOBERT, a pre-trained language model tailored for
Indonesian, to sentiment analysis within the hospitality industry, addressing a significant gap in localized
sentiment evaluation. Unlike conventional approaches that rely on generic language models, this study
capitalizes on IndoBERT’s capacity to interpret complex linguistic nuances unique to Indonesian, enabling more
precise and culturally relevant analysis of customer reviews [23]. Such an approach enhances sentiment
classification accuracy and introduces a paradigm shift in understanding localized consumer behavior [24]. This
research contributes to natural language processing and hospitality management by integrating advanced
computational methods with practical industry challenges. The innovative use of INdOBERT sets a precedent for
addressing regional language barriers in sentiment analysis, ultimately fostering greater inclusivity in data-driven
decision-making across diverse linguistic contexts.

This research offers a significant theoretical contribution by advancing the application of natural language
processing in sentiment analysis, mainly using a model tailored for the Indonesian language. Integrating
IndoBERT into the analysis of customer reviews addresses a critical gap in the literature related to the contextual
understanding of regional languages, thereby enriching the methodological discourse within computational
linguistics. On a practical level, the study provides actionable insights for the hospitality industry, enabling
businesses to understand consumer preferences better and align their services accordingly. IndoBERT enhances
the precision of sentiment analysis, allowing for a more nuanced interpretation of customer feedback, which can
inform strategic decision-making processes [25], [26]. This research expands the academic understanding of
sentiment analysis in linguistically diverse contexts by bridging the gap between theoretical advancements and
real-world applications. It delivers tangible benefits for improving customer satisfaction and competitive
positioning in the market.

Future research should focus on expanding the application of IndoBERT-based sentiment analysis to a
broader range of industries and contexts to further validate its versatility and effectiveness. Investigating its
performance in e-commerce, healthcare, and education sectors would provide valuable insights into its
adaptability in addressing diverse linguistic nuances. Additionally, exploring the integration of IndoBERT with
other advanced machine learning techniques, such as ensemble models or hybrid approaches, could enhance its
accuracy and scalability in processing large datasets [27], [28]. Another avenue worth pursuing involves
incorporating multimodal data, such as combining textual reviews with visual or audio content, to enrich the
analysis and provide a more comprehensive understanding of consumer feedback. By addressing these areas,
subsequent studies could strengthen the methodological framework for sentiment analysis and its practical
utility, fostering innovation in data-driven decision-making across various domains.

2. RESEARCH METHODOLOGY
2.1 Research Workflow

The research workflow ensures a systematic and efficient approach to achieving the study's objectives. It begins
with collecting raw data, primarily customer reviews, which are then subjected to preprocessing to remove noise
and standardize the input for analysis. Following this, feature extraction techniques are applied to identify key
linguistic and semantic patterns within the textual data, ensuring that relevant information is captured for
subsequent analysis. Machine learning algorithms perform sentiment classification and pattern recognition
within the Knowledge Discovery in Databases (KDD) framework [29]. This phase is critical for uncovering
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insights that reflect customer preferences and satisfaction levels. The results are evaluated for accuracy and
relevance using established performance metrics, ensuring the robustness of the analysis. Structuring the
workflow into distinct, interdependent stages maximizes the findings' clarity, reliability, and practical value
while maintaining methodological rigor throughout the research process.

KDD Framework

Raw Data Calloction ’—u‘ Data Praprocassing 0{ Foalure Extracton ’—nl Maching Learning Analysis

Sentiment Classfication

Performance Evaluation ’—h{ Rosults Analysls Ft{ Research Findings I

Pattern Recognition

Figure 1. Research Workflow

Figure 1 illustrates a systematic research workflow designed within the Knowledge Discovery in
Databases (KDD) framework to achieve an efficient sentiment data analysis. The process begins with raw data
collection, where customer reviews are gathered as the primary input for analysis. This is followed by data
preprocessing, which eliminates noise, standardizes formats, and ensures the data is suitable for feature
extraction. In the next stage, feature extraction isolates key linguistic and semantic elements, preparing the data
for machine learning-based analysis. The subsequent step bifurcates into sentiment classification and pattern
recognition, where advanced algorithms are employed to categorize sentiments and identify underlying patterns
in the data. These findings are then subjected to performance evaluation, utilizing established metrics to ensure
the accuracy and reliability of the results. The workflow concludes with results analysis and the presentation of
research findings, integrating insights to offer meaningful contributions to both theoretical and practical
domains. This structured approach highlights the sequential interdependence of each stage, ensuring
methodological rigor and enhancing the validity of the outcomes.

The raw data collection process involves extracting hotel review data from Agoda, explicitly focusing on
Qubika Boutique Hotel as the foundation for sentiment analysis. This dataset is acquired through a web scraping
procedure using WebHarvy, a sophisticated tool designed for automated data extraction from websites.
WebHarvy ensures the efficient gathering of structured and unstructured data while maintaining high accuracy
and consistency during scraping. By targeting a specific hotel, the collected reviews offer a well-defined dataset
that reflects diverse customer opinions and experiences, providing a comprehensive basis for further analysis.
This approach not only streamlines the data collection process but also enhances the relevance of the dataset, as
it captures authentic, user-generated content directly associated with the hospitality sector. By employing such a
systematic and targeted method, the data collection phase ensures that subsequent analytical stages are based on
robust and contextually relevant information.

Data pre-processing is critical in transforming raw data into a clean and structured format suitable for
analysis. This process begins with removing irrelevant content, such as advertisements, non-textual elements,
and redundant information, to enhance the dataset's quality. Noise reduction techniques, including eliminating
special characters, emojis, and stopwords, are applied to ensure the textual data is standardized and meaningful.
Tokenization and normalization are then performed to segment the text into analyzable units while maintaining
linguistic consistency. Additionally, stemming or lemmatization may reduce words to their base forms,
simplifying the data without losing semantic value. Pre-processing ensures that subsequent analytical phases are
accurate and efficient by addressing inconsistencies and preparing the data for machine learning models. This
systematic refinement underscores the importance of pre-processing as a foundational element in achieving
reliable and interpretable results.
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Figure 2. Raw Data Collection, Pre-Processing, and KDD Framework

Figure 2 depicts the systematic process of the Knowledge Discovery in Databases (KDD) framework,
encompassing stages such as raw data collection, preprocessing, feature extraction, and machine learning
analysis, which ultimately lead to sentiment classification and pattern recognition. The process begins with
acquiring raw data from relevant customer reviews, ensuring a comprehensive dataset for analysis. This is
followed by data preprocessing, which refines the dataset by removing irrelevant elements, addressing
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inconsistencies, and standardizing formats to enhance the quality and usability of the data. Feature extraction
then isolates key linguistic and semantic attributes, ensuring that the input for machine learning algorithms is
relevant and representative of the underlying patterns. The machine learning phase is divided into sentiment
classification and pattern recognition, where advanced algorithms are employed to categorize sentiments and
uncover significant trends in the data. This structured and iterative approach ensures methodological rigor and
facilitates the generation of actionable insights, highlighting the practical and academic significance of the KDD
framework in addressing complex analytical challenges.

The process of feature extraction, machine learning analysis, sentiment classification, and pattern
recognition forms the core of a comprehensive analytical framework for understanding textual data. Feature
extraction involves identifying and isolating key linguistic and semantic elements from raw data, transforming
unstructured text into a structured format suitable for computational analysis. This stage is critical in ensuring
that only relevant and meaningful attributes are passed to the subsequent phases, enhancing the efficiency and
precision of machine learning algorithms. Machine learning analysis utilizes these features to build predictive
models capable of identifying patterns and trends within the data, relying on robust algorithms to ensure
accuracy and scalability. Sentiment classification then categorizes textual inputs into predefined sentiment
categories, such as positive, negative, or neutral, providing insights into customer attitudes and opinions. Finally,
pattern recognition identifies recurring themes or trends within the classified data, offering a deeper
understanding of underlying consumer behaviors and preferences. This integrated approach ensures
methodological rigor and delivers actionable insights, making it a valuable tool for addressing complex problems
across various domains.

Performance Evaluation Results Analysis Research Findings

Figure 3. Performance Evaluation, Result Analysis, and Research Findings

Figure 3 illustrates the sequential stages of performance evaluation, result analysis, and research findings,
which collectively ensure the validity and relevance of the study’s outcomes. Performance evaluation involves
assessing the accuracy, reliability, and overall effectiveness of the applied machine learning models using
established metrics to determine their ability to classify sentiments and recognize patterns. This phase is essential
for identifying potential limitations and optimizing model parameters to enhance analytical precision. Result
analysis focuses on interpreting the evaluation outcomes, providing a detailed understanding of the identified
sentiment trends and recurring patterns and their implications for the study’s objectives. These insights are then
synthesized into research findings, presenting actionable conclusions and contributing to theoretical
advancement and practical applications. This structured progression ensures that each stage builds upon the
previous one, reinforcing the study’s rigor and contribution to addressing complex analytical challenges.

The research findings serve as the foundation for the subsequent discussion, offering valuable insights
into sentiment trends and behavioral patterns extracted from the analyzed data. These findings clearly understand
customer sentiments, preferences, and key drivers of satisfaction and dissatisfaction within the study context. By
interpreting these results through a critical lens, the discussion will delve deeper into their implications,
exploring how they align with existing theories and contribute to practical advancements in the field. This
approach ensures a thorough examination of the results and highlights their relevance in addressing the identified
research gap. The transition from findings to discussion enables a comprehensive evaluation of the data,
fostering meaningful interpretations that enhance the academic and practical significance of the study. Through
this systematic analysis, the research positions itself to deliver robust conclusions and actionable
recommendations, emphasizing its value in both theoretical and applied contexts.

2.2 Dataset

The dataset utilized for sentiment classification comprises an extensive range of features extracted from
customer reviews, providing a multidimensional view of user experiences and preferences. Key attributes
include "Account,” identifying the source of feedback; "Country," representing the reviewer’s geographical
origin; and "Visitor Type," indicating the purpose of their visit. Additional variables, such as "Room Type" and
"Length of Stay," offer insights into the context of the accommodation experience, while "Month of Stay" and
"Year of Stay" capture temporal dimensions of the data. Furthermore, "Rating" and "Rating Description™ provide
guantitative and qualitative evaluations of the experience, complemented by textual features like "Title" and
"Reviews," which reflect the sentiments and detailed opinions of the customers. This comprehensive dataset
enables a nuanced sentiment classification process by combining structured variables with unstructured textual
content, offering rich contextual insights. Including diverse features ensures a robust analysis framework,
allowing for identifying patterns and sentiment trends that align closely with customer behavior and
expectations. Through this structured approach, the dataset supports the development of accurate and
contextually relevant models for sentiment classification.
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716 reviews were processed using the Knowledge Discovery in Databases (KDD) framework to
transform raw textual data into valuable insights for sentiment classification. This volume of data provides a
robust foundation for identifying patterns and trends in customer sentiments, ensuring a comprehensive analysis
of diverse opinions and experiences. Employing the KDD framework, each review underwent systematic stages,
including data preprocessing, feature extraction, and machine learning analysis, to enhance the quality and
relevance of the information extracted. Integrating structured and unstructured data elements allowed for a
nuanced understanding of sentiment polarity, enabling the classification process to capture subtle variations in
customer feedback. This meticulous approach ensures that the resulting insights are accurate and contextually
significant, contributing to meaningful interpretations of customer preferences and expectations. The application
of this framework demonstrates its capacity to transform raw data into actionable information, supporting
informed decision-making and strategic improvements in sentiment-driven analysis.
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Figure 4. Visitor Type based on Country of Origin (715 Reviews)

Figure 4 illustrates the distribution of visitor types based on their country of origin, encompassing 715
reviews. The data reveals that most visitors originate from Indonesia, with a significant portion being couples
and families with young children, highlighting the prominence of domestic tourism in the dataset. Other
countries, including Malaysia, Australia, and Singapore, contribute smaller yet notable proportions, varying
distributions across solo travelers, business travelers, and family groups. This variation reflects the diverse
motivations and travel purposes of international visitors. The predominance of domestic travelers suggests that
the hotel caters effectively to local preferences, which may be influenced by accessibility, cultural familiarity,
and targeted marketing strategies. Although relatively limited, the presence of international visitors underscores
the potential for expanding appeal to a broader audience. This analysis underscores the importance of tailoring
services and experiences to meet the specific needs of dominant visitor types while recognizing the opportunities
for enhancing global outreach in the hospitality sector.

An analysis of the percentage distribution of visitor types based on country of origin, derived from 715
reviews, reveals insightful patterns in the customer demographic composition. Indonesian visitors constitute the
largest segment, accounting for approximately 80% of the data, predominantly represented by couples and
families with young children. Visitors from Malaysia follow, contributing around 8%, while smaller proportions
are observed from Australia, Singapore, and other regions, collectively comprising the remaining 12%. The
significant presence of domestic travelers highlights the hotel's strong resonance within the local market, likely
influenced by cultural familiarity, location accessibility, and tailored offerings. The relatively modest
international representation, with notable diversity in visitor types such as business travelers and solo tourists,
suggests opportunities to enhance the global appeal of the services. This distribution underscores the critical role
of understanding market dynamics to optimize customer satisfaction and expand the hotel’s outreach. A balanced
strategy addressing the dominant domestic market while strategically attracting international clientele could
foster sustainable growth and market diversification.
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Figure 5. Room Preference-based on visitor Type (715 Reviews)

Figure 5 illustrates the distribution of room preferences among different visitor types based on 715
reviews, highlighting significant variations in accommodation choices. The Superior Twin Room is the most
popular option, particularly favored by couples and families with young children, reflecting its suitability for
shared occupancy and cost efficiency. The Superior Hollywood and Suite Hollywood rooms show a preference
trend among business travelers and solo visitors, likely due to their emphasis on privacy and enhanced amenities.
Families with teens and groups exhibit a diverse distribution across room types, indicating their need for flexible
arrangements. While less commonly selected, the Deluxe Room and other options cater to niche preferences
such as luxury or specific functional requirements. This analysis underscores the interplay between visitor type
and room selection, demonstrating the importance of offering a variety of room configurations to accommodate
diverse customer needs. Tailoring room features and promotional strategies to align with these patterns could
further optimize customer satisfaction and occupancy rates.

An analysis of room preferences based on visitor types, calculated from 715 reviews, reveals distinct
patterns highlighting the varying accommodation choices of different traveler categories. Superior Twin rooms
account for approximately 45% of total bookings, with the highest demand coming from couples and families
with young children, reflecting its practicality and cost-effectiveness for shared occupancy. Superior Hollywood
rooms comprise about 25% of preferences, attracting business travelers and solo visitors due to their emphasis on
privacy and modern amenities. Suite Hollywood and Deluxe Rooms, collectively representing around 20%, cater
to niche segments seeking premium features or spacious configurations, appealing primarily to families with
teens and groups. The remaining 10% is distributed across less frequently selected room types, such as Room
Assigned on Arrival, often chosen by budget-conscious travelers. This distribution underscores the importance of
aligning room offerings with diverse visitor types’ specific needs and preferences, suggesting opportunities for
targeted marketing strategies and tailored service enhancements. Understanding these patterns facilitates data-
driven decision-making, optimizing guest satisfaction and operational efficiency.

3. RESULT AND DISCUSSION

The result and discussion section delves into the outcomes of sentiment classification and pattern recognition
alongside evaluating the model's performance. This analysis explores how the classification process effectively
categorizes sentiments into distinct classes while identifying underlying trends and behavioral patterns within the
dataset. Performance evaluation metrics, such as accuracy, precision, recall, and F1-score, are employed to
assess the reliability and effectiveness of the sentiment classification model. By combining these methodologies,
the discussion provides insights into the strengths and limitations of the implemented approach, highlighting its
practical implications and potential areas for improvement. This comprehensive evaluation aims to connect the
analytical outcomes with actionable conclusions, offering valuable contributions to both academic and practical
advancements in sentiment analysis.

3.1 Sentiment Classification and Pattern Recognition

Sentiment classification and pattern recognition are integral components of advanced text analysis, enabling the
extraction of meaningful insights from unstructured data. Sentiment classification involves categorizing textual
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content into predefined sentiment labels, such as positive, negative, or neutral, based on the linguistic and
semantic features present in the data. This process facilitates a deeper understanding of customer attitudes, which
is crucial for evaluating satisfaction levels and identifying areas for improvement. Pattern recognition
complements this by detecting recurring trends, correlations, or anomalies within the classified data, providing a
broader context for interpreting the underlying drivers of sentiment. Together, these methodologies create a
robust framework that enhances the granularity of analysis and contributes to informed decision-making by
highlighting actionable insights. This integrated approach underscores the importance of aligning analytical
techniques with practical objectives to comprehensively understand consumer behavior and sentiment dynamics.
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Figure 6. Sentiment Class Distribution

Figure 6 demonstrates the imbalanced distribution of sentiment classes, indicating a significant disparity
between positive and negative sentiments within the dataset. Positive sentiments dominate the distribution,
accounting for approximately 85-90% of the total data, whereas negative sentiments constitute a comparatively
smaller proportion, around 10-15%. This imbalance highlights a common issue in sentiment analysis datasets,
where positive feedback often outweighs negative responses due to customer tendencies to share favorable
experiences more frequently. Such a skewed distribution poses challenges in model training, as algorithms may
become biased toward the dominant class, reducing the accuracy of predictions for the minority class.
Addressing this imbalance through techniques such as oversampling, undersampling, or applying class-weighted
algorithms is essential to enhance model performance and ensure reliable sentiment classification. This analysis
underscores the importance of mitigating class imbalance to achieve a more robust and equitable representation
of sentiments, thereby improving the interpretive value of the results.

SMOTE Balanced Class Distribution (Excluding ERROR)
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Figure 7. SMOTE Balanced Class Distribution

Figure 7 illustrates the balanced class distribution achieved by applying the Synthetic Minority
Oversampling Technique (SMOTE), effectively addressing the class imbalance in the dataset. By synthetically
generating additional data points for the minority class, SMOTE ensures that positive and negative sentiment
classes are equally represented, each accounting for approximately 50% of the total dataset. This balance is
critical in mitigating the risk of biased model predictions, as an unbalanced dataset often leads to

Copyright © 2025 Author, Page 538
This Journal is licensed under a Creative Commons Attribution 4.0 International License



Journal of Computer System and Informatics (JoSYC)
ISSN 2714-8912 (media online), ISSN 2714-7150 (media cetak)
Volume 6, No. 2, February 2025, Page 532-544
https://ejurnal.seminar-id.com/index.php/josyc

DOI 10.47065/josyc.v6i2.6864

overrepresentation of the majority class and underperformance in the minority class. Using SMOTE enhances
the robustness and fairness of sentiment classification models, ensuring that both classes are given equal weight
during the training process. This adjustment improves the model's predictive accuracy and generalizability across
varying distributions. By achieving an equitable distribution, SMOTE facilitates a more reliable and interpretable
analysis, underscoring its value in addressing imbalanced data scenarios within sentiment classification tasks.
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Figure 8. Original and Balanced Text Length Distribution

Figure 8 presents a comparative analysis of the original and balanced text length distributions for
sentiment classifications, highlighting changes introduced through the balancing process. In the original
distribution, a noticeable disparity exists between the text lengths of positive and negative sentiment classes,
with positive sentiments exhibiting a wider range of variation and a higher frequency of outliers. After balancing
the dataset using techniques such as SMOTE, the text length distribution becomes more uniform across both
classes, ensuring consistency in the dataset for model training. This adjustment mitigates the potential for bias
caused by uneven text length distributions, which may influence the model’s ability to classify sentiments
accurately. The balanced distribution reflects a systematic effort to standardize input characteristics, fostering a
more equitable representation of sentiments. By aligning text length distributions, the balancing process
enhances the robustness and fairness of the sentiment classification model, contributing to more reliable and
interpretable outcomes in subsequent analyses.

Top Relevant Words Related to Hotel Guests' Preferences
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Figure 9. Top Relevant Words Related to Hotel Guests’ Preferences

Figure 9 illustrates the top relevant words associated with hotel guests’ preferences, providing insights
into key factors influencing customer satisfaction. Words such as “staff,” “stay,” “clean,” “comfortable,” and
“good” dominate the list, reflecting guests’ emphasis on service quality, cleanliness, and the overall comfort of
their stay. Other notable terms, including “location,” “facilities,” “food,” and “price,” indicate the importance of
practical and experiential aspects of hospitality. These words highlight the multifaceted nature of guest
satisfaction, where tangible factors, such as facilities and food, and intangible aspects, such as service quality,
play critical roles. The prominence of “clean” and “comfortable” suggests that maintaining high standards in
these areas is a priority for fostering positive guest experiences. This analysis underscores the value of
understanding guests’ preferences as expressed through feedback, enabling targeted improvements in the areas
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that matter most to customers. Such insights are instrumental in enhancing service offerings and sustaining
competitive advantage in the hospitality industry.

Analyzing the data based on percentages provides a proportional perspective on the relevance of various
terms to hotel guests’ preferences. For instance, "staff" and "stay" account for approximately 15% of the relevant
words, underscoring their prominence in shaping guest experiences. Other terms like "clean" and "comfortable"
represent around 12%, highlighting the importance of hygiene and comfort as core factors influencing customer
satisfaction. Meanwhile, "location” and "price" contribute roughly 8-10%, signifying their critical roles in
practical decision-making. This percentage-based approach allows for a clearer understanding of priorities,
illustrating the relative significance of each factor in guests' feedback. Such analysis provides a foundation for
actionable insights, enabling businesses to allocate resources effectively to areas most valued by customers,
thereby enhancing service quality and competitiveness in the hospitality industry.

3.2 Performance Evaluation

The performance evaluation of IndoBERT in sentiment classification reveals its capability to accurately interpret
textual nuances within Indonesian-language datasets. Utilizing metrics such as accuracy, precision, recall, and
F1-score, the model demonstrates robust performance across both positive and negative sentiment classes,
showcasing its proficiency in handling balanced and imbalanced data distributions. Integrating pre-trained
contextual embeddings allows IndoBERT to capture semantic intricacies, enabling a deeper understanding of
sentiments expressed in customer reviews. This strength highlights its advantage over traditional methods,
particularly in processing linguistically complex and region-specific data. The evaluation further indicates that
INdoBERT excels in minimizing misclassifications, ensuring high reliability in predictive outcomes. By
leveraging its advanced architecture, IndoBERT proves instrumental in extracting actionable insights from
sentiment analysis, contributing to strategic decision-making, and improving service quality. Its performance
underscores the potential of employing sophisticated natural language processing models for applications
requiring linguistic precision and contextual depth.
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Figure 10. Confusion Matrix

Figure 10 presents the confusion matrix, a visualization tool used to evaluate the performance of the
sentiment classification model. The matrix outlines the relationship between accurate and predicted labels,
offering insights into the model's predictive accuracy and error distribution. The diagonal elements represent
correct classifications, with 53 instances of true negatives and 657 instances of true positives, highlighting the
model's strength in correctly identifying both sentiment categories. The absence of false negatives and false
positives in the off-diagonal elements suggests exceptional precision and recall, as the model effectively avoids
misclassification. Such a result reflects the robustness of the training process and the effectiveness of features
used for classification. This evaluation underscores the model's reliability in accurately distinguishing sentiment
classes, positioning it as a dependable tool for deriving meaningful insights from textual data. Its performance
provides a strong foundation for further applications in sentiment analysis tasks across diverse datasets.

The classification report highlights the exceptional performance of the sentiment classification model,
achieving a precision, recall, and F1-score of 1.00 across both sentiment classes. The model accurately classified
all 53 instances without errors for the negative class, demonstrating its ability to identify less frequent sentiments
with high reliability. Similarly, the positive class, consisting of 657 instances, was also accurately classified,
underscoring the model's capability to handle dominant categories effectively. The macro average metrics
confirm the balanced performance across classes, while the weighted average reflects the model's strength in
managing class imbalances. Such results indicate an optimal alignment between the training process, feature
engineering, and model architecture, ensuring robust predictive outcomes. The perfect accuracy achieved on the
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dataset validates the suitability of the classification model for sentiment analysis tasks, offering reliable insights
for practical applications in domains requiring precise text-based evaluations.
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Figure 11. ROC Curve with Cross-validation

Figure 11 illustrates the Receiver Operating Characteristic (ROC) curve with cross-validation, a critical
metric for assessing the classification model's ability to distinguish between positive and negative sentiment
classes. The curve plots the actual positive rate (sensitivity) against the false positive rate, reflecting the trade-off
between correctly identifying positive cases and minimizing false alarms. The mean Area Under the Curve
(AUC) of 0.86, with a standard deviation of 0.06, indicates strong discriminatory power, demonstrating that the
model reliably separates sentiment classes under varied conditions. The proximity of the curve to the top-left
corner further signifies high performance, with minimal errors across cross-validation folds. The shaded region,
representing variability across folds, shows consistency in performance, highlighting the robustness and
generalizability of the model. This analysis underscores the model's effectiveness in handling real-world data
variability, making it a dependable tool for sentiment analysis tasks that require precision and adaptability. The
AUC score validates the suitability of the classification model for applications demanding reliable and accurate
sentiment prediction.

The ROC curve with cross-validation presented in the figure is a crucial tool to evaluate the classification
model's performance by illustrating the balance between sensitivity (actual positive rate) and specificity (false
positive rate) across multiple validation folds. The orange line represents the average performance, while the
shaded area indicates the variability across folds, reflecting the model's consistency and reliability. The mean
AUC score of 0.86, with a standard deviation of 0.06, signifies that the model demonstrates robust
discriminatory power in distinguishing between positive and negative sentiment classes. The closer proximity of
the curve to the top-left corner reflects an optimal trade-off, suggesting that the model achieves a high detection
rate for true positives while maintaining a low rate of false positives. This consistency across validation folds
emphasizes the model's generalizability, making it well-suited for real-world scenarios. The high AUC value
underscores the efficacy of the classification approach, confirming its capacity to deliver accurate and reliable
sentiment predictions in diverse conditions.

3.3 Discussion

The sentiment classification results and the performance of the IndoBERT model demonstrate its remarkable
capability to identify hotel guest preferences with precision and reliability. The model achieves high accuracy by
effectively categorizing sentiments into positive and negative classes, as evidenced by its perfect precision,
recall, and F1 scores for both sentiment categories [30]. This exceptional performance is a testament to the
model’s ability to capture linguistic nuances and contextual meanings in Indonesian-language reviews, making it
particularly suited for processing customer feedback in the hospitality sector [31]. The integration of advanced
natural language processing techniques enables the model to classify sentiments accurately and provide insights
into the factors influencing guest satisfaction, such as cleanliness, staff behavior, and facilities. The ROC curve
and AUC score further validate the model’s robustness, highlighting its strong discriminatory power and
generalizability across varied datasets. These results affirm the model’s potential as a reliable tool for sentiment
analysis, offering valuable insights to enhance service quality and better align with guest expectations. Through
this approach, IndoBERT demonstrates its effectiveness in bridging the gap between data-driven insights and
practical applications in the hospitality industry.

User-generated content presents significant challenges in accurately mapping consumer demands within
the hotel industry, given its unstructured nature and variability in expression. The diverse linguistic styles,
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sentiment tones, and contextual nuances inherent in online reviews often complicate extracting actionable
insights [32]. Additionally, the prevalence of noise in data, such as irrelevant comments or exaggerated opinions,
further complicates the identification of genuine customer preferences. However, leveraging advanced natural
language processing tools, such as sentiment analysis models, offers a solution by enabling the extraction of
meaningful patterns from vast datasets [33]. These models can discern subtle differences in sentiment polarity
and highlight key factors influencing customer satisfaction, such as service quality, cleanliness, or value for
money. By systematically analyzing this data, hotels gain a deeper understanding of consumer demands and can
tailor their offerings to meet guest expectations more effectively. Addressing these challenges requires robust
computational frameworks capable of handling large-scale user-generated content, ensuring the accurate
representation of customer needs, and enhancing strategic decision-making processes.

The hospitality industry must consider various factors in adapting to evolving trends and preferences
stimulated by technological advancements. The increasing reliance on digital platforms for booking, feedback,
and customer engagement has reshaped consumer expectations, emphasizing convenience, personalization, and
transparency [34]. Integrating technologies such as artificial intelligence, data analytics, and mobile applications
has enabled businesses to analyze customer behavior and preferences more effectively, allowing tailored service
offerings [35]. However, this shift also necessitates a commitment to data privacy and cybersecurity, ensuring
that sensitive customer information is protected. Furthermore, adopting sustainable practices and incorporating
eco-friendly technologies have become critical as environmental awareness grows among consumers. These
changes underline the importance of remaining agile and responsive to technological and social transformations.
By aligning operational strategies with emerging trends, the hospitality industry can enhance guest satisfaction,
build brand loyalty, and maintain a competitive edge in an increasingly dynamic market landscape.

To optimize marketing strategies amidst the advancements in machine learning technology, businesses
should focus on leveraging data-driven insights to enhance customer targeting and engagement. Machine
learning algorithms enable the analysis of large and complex datasets, uncovering patterns and trends that
traditional methods might overlook [36]. By utilizing predictive analytics, businesses can anticipate consumer
preferences and behavior, allowing for the development of personalized marketing campaigns that resonate with
target audiences. Integrating natural language processing tools, such as sentiment analysis, further aids in
understanding customer feedback and sentiment, enabling adaptive strategies that align with evolving consumer
expectations [37]-[40]. Additionally, employing recommendation systems powered by machine learning
enhances user experiences by providing tailored suggestions based on individual preferences and past
interactions. As technology evolves, fostering a balance between automation and human creativity remains
critical to maintaining authenticity in brand communication. These strategies ensure that marketing efforts are
efficient and impactful, enabling businesses to remain competitive in a technology-driven landscape.

4. CONCLUSION

The conclusion of this research underscores the effectiveness of IndoBERT in performing sentiment analysis to
understand hotel guests’ preferences, supported by quantitative data from the study. Utilizing a dataset of 715
customer reviews, IndoBERT achieved perfect precision, recall, and F1-scores of 1.00 for both positive (657
instances) and negative (53 instances) sentiment classes. This indicates the model's ability to accurately classify
sentiments across diverse textual inputs. The confusion matrix confirms this performance, with zero
misclassifications across all labels. Additionally, the model's robustness is validated through the ROC curve,
which achieved a mean AUC score of 0.86, reflecting strong discriminatory power and consistency across cross-
validation folds. These results demonstrate that IndoBERT can effectively capture linguistic nuances and
contextual depth specific to the Indonesian language, enabling detailed insights into customer preferences, such
as the significance of cleanliness, staff service, and location. By achieving this level of accuracy and reliability,
IndoBERT is a powerful tool for aligning hotel service strategies with consumer expectations, improving guest
satisfaction, and maintaining a competitive edge in the hospitality sector. Future studies could explore larger
datasets or multimodal approaches to expand the model’s applicability to other contexts or industries.
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