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Abstract—Sentiment analysis in hotel guest reviews has become essential for evaluating customer satisfaction and service
quality. This study improves sentiment classification accuracy by utilizing the Multilingual BERT model with an improved
performance evaluation framework. Using the Knowledge Discovery in Databases (KDD) methodology, this research
involves data selection, preprocessing, transformation, sentiment classification, and performance evaluation. A dataset of 715
hotel reviews from Qubika Boutique Hotel, sourced from Agoda, was used to assess the model's effectiveness. The
classification results showed high accuracy in identifying positive sentiment, with 98% precision, 97% memory, and 98% F1
score, as observed in 432 correctly classified reviews. However, challenges were identified in the classification of neutral
sentiment, which achieved a precision of 87% with 127 correctly classified cases, and negative sentiment, where the accuracy
was 92%, with 104 correctly identified reviews. The overlap in confidence scores, especially in the range of 0.4-0.6 between
neutral and negative sentiment, highlights the need for improved contextual embedding and hybrid modeling techniques. The
sentiment distribution analysis revealed that 60-70% of reviews were positive, 20-30% neutral, and 10-15% indicated
dissatisfaction, underscoring the need for targeted service improvement. These findings provide valuable insights for data-
driven decision-making in hospitality management, enabling businesses to strengthen service power and address critical areas
of concern. Future research should focus on refining model interpretability, expanding multilingual datasets, and integrating
real-time sentiment analysis to improve classification performance. Strengthening these aspects will contribute to a more
robust and scalable sentiment analysis framework, ensuring greater precision in capturing the guest experience and
optimizing service strategies in the hospitality industry.

Keywords: Sentiment Analysis; Multilingual BERT; Hospitality Management; Performance Evaluation; Data-Driven
Decision-Making

1. INTRODUCTION

Sentiment analysis in hotel guest reviews has become essential in computational linguistics and artificial
intelligence, especially integrating deep learning architectures such as Multilingual BERT. Sentiment
classification systems require robust methodologies to accommodate linguistic variations and contextual
intricacies in multilingual datasets, ensuring higher accuracy and generalization [1], [2]. Conventional
approaches often present limitations in cross-language comprehension and performance evaluation, which
necessitates improvements in the adaptability and interpretability of the model [3]-[5]. Combining advanced
performance evaluation metrics and refinement techniques strengthens sentiment classification models by
reducing bias, improving contextual embedding, and optimizing classification results. Enhancements to
sentiment analysis through enhanced multilingual embedding advance machine learning applications in the
hospitality sector. This fosters more precise consumer sentiment insights, strengthening the data-driven decision-
making process in service management.

The urgency of this research is underscored by the increasing reliance on sentiment classification models
to extract meaningful insights from large amounts of unstructured textual data in the hospitality sector. The rapid
expansion of online guest reviews has required a more sophisticated analytical framework to distinguish nuanced
sentiments across various linguistic and cultural contexts [6], [7]. Existing sentiment analysis methodologies
often face challenges in handling multilingual data, contextual ambiguity, and performance inconsistencies,
leading to suboptimal classification results [8]-[10]. Integrating enhanced multilingual models and enhanced
evaluation metrics is essential to improve the accuracy and reliability of sentiment classification systems.
Strengthening these analytical capabilities facilitates a more accurate interpretation of consumer sentiment and
empowers data-driven strategies that optimize service quality, customer engagement, and business
competitiveness in the hospitality industry.

This study aims to improve sentiment classification accuracy in hotel guest reviews by utilizing a
multilingual BERT model with optimized performance evaluation techniques. The complexity of sentiment
analysis in the hospitality sector arises from the diverse linguistic expressions, contextual variations, and implicit
sentiments embedded in textual data [11]. Conventional sentiment classification models often struggle with these
challenges, resulting in inconsistencies and reduced interpretability in cross-language applications. By
integrating advanced model refinement strategies and comprehensive evaluation metrics, this study aims to
refine the sentiment classification methodology, ensuring higher reliability and adaptability in a multilingual
environment [12]-[14]. Strengthening analytical precision in sentiment classification contributes to an adequate
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interpretation of consumer sentiment, facilitating data-driven decision-making processes that improve service
quality and customer experience management in the hospitality industry.

The Knowledge Discovery in Database (KDD) methodology was used in this study to extract valuable
insights from a systematic review of hotel guests through a structured data mining process. This approach
includes several critical stages, including data selection, preprocessing, transformation, data mining, and
interpretation, ensuring a comprehensive analytical framework for sentiment classification [15]-[17]. The
complexity of multilingual sentiment analysis requires a careful data handling process, where noise reduction,
feature extraction, and model optimization play a crucial role in improving classification accuracy [18], [19]. By
utilizing KDD, sentiment classification benefits from a structured and iterative refinement process, allowing for
the identification of complex sentiment patterns across various linguistic contexts. Applying this methodology
improves analytical precision, strengthens the reliability of sentiment classification models in the hospitality
sector, and facilitates more effective data-driven decision-making.

Existing studies on sentiment classification in hotel guest reviews have primarily focused on conventional
machine learning techniques and deep learning models, showing significant advances in text analysis and
opinion mining. Various approaches have improved sentiment classification accuracy across languages and
contexts, including Long Short-Term Memory (LSTM), Convolutional Neural Networks (CNNSs), and
Transformer-based architectures [20]-[22]. However, challenges remain in handling multilingual datasets,
optimizing model interpretability, and refining performance evaluation metrics, often resulting in inconsistencies
in sentiment predictions [23]-[26]. The research gap lies in the need for a more adaptive and linguistically
diverse sentiment classification framework that integrates multilingual BERT with robust performance
evaluation mechanisms. Overcoming these limitations contributes to developing more precise and measurable
sentiment analysis models and improving decision-making processes in the hospitality industry through better
interpretation of customer sentiment.

The novelty of this study lies in integrating multilingual BERT with an advanced performance evaluation
framework to improve the accuracy of sentiment classification in hotel guest reviews. Existing sentiment
analysis models often face limitations in handling cross-language variation, contextual ambiguity, and
unbalanced data sets, which affect the reliability of the classification [27]. By refining the model's adaptability
through optimized tuning techniques and incorporating comprehensive evaluation metrics, this study introduces
a more robust approach to multilingual sentiment classification [28]. The proposed framework improves
predictive precision, interpretability, and scalability across linguistic datasets. Strengthening sentiment analysis
methodologies in this way contributes to more reliable consumer sentiment insights, supporting strategic
decision-making processes in the hospitality industry.

The theoretical contribution of this study is reflected in the advancement of sentiment classification
methodology through integrating multilingual BERT with an improved performance evaluation framework.
Refining machine learning techniques in processing multilingual textual data expands existing knowledge in
computational linguistics and deep learning applications, especially in sentiment analysis in the hospitality sector
[29]-[31]. From a practical perspective, implementing this model provides a more accurate and adaptable
sentiment classification system, allowing businesses to extract meaningful insights from diverse guest reviews
with better reliability [32]-[34]. This enhanced analytical approach supports a more precise interpretation of
consumer sentiment, facilitating strategic decision-making in service management, customer engagement, and
market positioning. Strengthening the theoretical foundation and practical implementation in this domain
contributes to developing a sustainable, intelligent sentiment analysis system and strengthening data-driven
innovation in the hospitality industry.

Future research should explore refinements of sentiment classification models by incorporating more
sophisticated deep learning architectures and expanding the scope of multilingual datasets. The increasing
complexity of sentiment analysis, especially in the hospitality sector, requires continuous improvements in
model interpretability, contextual understanding, and computational efficiency [35]. Integrating transformer-
based models with hybrid approaches, such as knowledge graphs or domain-specific embeddings, can improve
sentiment classification accuracy while addressing semantic nuances in diverse textual data. Additionally,
applying sentiment analysis in a real-time environment and its integration with predictive analytics will provide
valuable insights for dynamic decision-making. Strengthening these aspects in subsequent studies will contribute
to developing more sophisticated, adaptive, and practical sentiment analysis frameworks, supporting more
effective data-driven strategies across various industries.

2. RESEARCH METHODOLOGY
2.1 Research Workflow

The research workflow adheres to the Knowledge Discovery in Database (KDD) framework, systematically
guiding the process from data collection to interpretation [36]. The process begins with data acquisition, which
involves identifying relevant sources and extracting a structured dataset for analysis. After this, data
preprocessing techniques are used, which include noise reduction, handling of missing values, and feature
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validation to improve data quality [37]. Furthermore, data transformation integrates contextual embedding
through BERT-based tokenization, optimizing inputs for model training. The sentiment classification phase uses
advanced deep learning algorithms to ensure accurate predictions, supported by rigorous performance evaluation
metrics such as confusion matrices and ROC-AUC curves. The workflow concludes with a knowledge
presentation, including predictive reporting and insightful summaries, establishing a structured and efficient
approach to sentiment analysis in a multilingual context.
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Figure 1. Research Workflow

Figure 1 illustrates a comprehensive research workflow aligned with the Knowledge Discovery in
Databases (KDD) framework to ensure a systematic and efficient process. The workflow begins with the data
acquisition stage, which involves identifying relevant data sources and extracting data sets essential for
sentiment classification. The following preprocessing phase focuses on refining the dataset through noise
reduction, handling missing values, and feature validation to improve the analytics quality. After this, the data
transformation is performed using advanced BERT-based tokenization to prepare the data for classification. The
sentiment classification stage uses machine learning models to analyze and classify sentiment, supported by
rigorous evaluation metrics such as confusion matrices and performance score curves. The final stage involves
presenting knowledge, synthesizing the results into predictive reports and analytical summaries, and providing
actionable insights. This structured workflow demonstrates a robust approach to managing and analyzing data,
ensuring the reliability and applicability of findings.
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Figure 2. Data Selection, Preprocessing, and Transformation

Figure 2 illustrates the sequential data selection stages of preprocessing, preprocessing, and
transformation, emphasizing the basic steps for effective sentiment classification. The process begins with data
selection, which entails identifying relevant guest review datasets and extracting them for further analysis.
Furthermore, the preprocessing phase ensures data quality by addressing missing values, reducing noise, and
validating textual data to improve analytics resilience. After preprocessing, the transformation stage uses
advanced BERT-based tokenization to transform raw textual data into contextual embeddings optimized for
machine learning models. This structured approach ensures the data is prepared systematically, allowing for a
more accurate and reliable sentiment classification process. These stages collectively form a critical path that
strengthens the analytical precision and application of findings in multilingual sentiment analysis.
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Figure 3. Performance Analysis and Knowledge Presentation
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Figure 3 illustrates the stages of performance analysis and knowledge presentation, emphasizing the
importance of evaluating and communicating sentiment classification results. This process begins with sentiment
classification and score calculation, where the multilingual BERT model generates predictions and assigns
confidence scores to classify sentiment. The performance analysis thoroughly examines the impact of thresholds,
ROC and PR curves, model calibration, error distribution, and sentiment distribution, ensuring a comprehensive
understanding of the model's strengths and limitations. This stage provides insight into the reliability and
accuracy of the classification results. The final stage, knowledge presentation, involves exporting results and
generating a summary of the analysis, turning raw data into actionable insights. This structured process allows
stakeholders to make decisions based on robust analytical findings, ensuring the relevance and usefulness of
sentiment analysis in practical applications.

2.2 Datasets

The dataset used in this study consists of 715 rows of review data collected from Qubika Boutique Hotel through
the Agoda platform. This dataset is a vital resource, capturing diverse guest experiences and satisfaction levels
and allowing for a comprehensive analysis of sentiment trends. Including real-world reviews ensures the
applicability and relevance of the findings, providing valuable insights into customer perceptions and
preferences. Leveraging this dataset, the study addresses the need for a data-driven approach to improve service
quality and align with evolving guest expectations. This robust dataset not only facilitates a detailed exploration
of sentiment classifications but also reinforces the importance of empirical evidence in advancing the analytical
capabilities of the hospitality sector.
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Figure 4. Expectations by Visitor Type (715 Reviews)

Figure 4 illustrates the distribution of visitor expectations across different types of travelers based on 715
reviews, highlighting different satisfaction levels. Couples make up the majority, with a significant preference
for "Good" and "Very Good" ratings, showing moderate to high satisfaction among this group. In contrast,
business and solo travelers showed a more balanced distribution across categories, with the notable example of
"Below Expectations," which showed diverse experiences within these groups. Families with young children and
teens prefer higher ratings such as "Excellent" and "Excellent,” reflecting a tendency toward more favorable
experiences. The data shows that traveler type significantly influences expectations and satisfaction levels,
underscoring the need for tailored hospitality strategies. Understanding these variations provides valuable
insights to improve the quality of service and visitor experience across different demographic groups.

The distribution of satisfaction levels across different types of travelers reveals significant variations in
experiences and expectations. Couples dominate the number of reviews, with the majority rating "Good" or
"Very Good," accounting for about 40-50% of the total, showing consistently high levels of satisfaction within
this group. In contrast, business and solo travelers displayed a more even spread across all categories, including
15-20% who stood out in "Below Expectations,” highlighting a broader range of experiences and challenges in
meeting their diverse expectations. Families with young children and teens show a higher tendency towards
"Excellent" and "Excellent" ratings, with 30-40% of reviews reflecting a favorable experience, suggesting that
services are often aligned with their specific needs. Group travelers, on the other hand, showed a moderate
concentration of ratings in the "Good" and "Very Good" categories, representing an overall satisfying
experience, albeit with clear opportunities for improvement. These findings underscore the need for tailored
service strategies to meet the unique expectations of different traveler demographics.
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Figure 5. Expectations by Year of Visit (714 Reviews)

Figure 5 highlights the distribution of visitor expectations by year of visit, which comes from 714
reviews, showing different trends in satisfaction levels over time. The data revealed significant improvements in
"Good" and "Very Good" ratings in 2023 and 2024, showing a significant increase in guest satisfaction. In
contrast, previous years, such as 2020 and 2021, showed fewer reviews with more even rankings across all
categories, indicating an inconsistent experience during the period. The substantial increase in "Excellent”" and
"Excellent" rankings in 2022 and 2024 underscores a positive shift in the quality of service or visitor perception.
This trend will likely reflect the implementation of improved service strategies or recovery efforts in response to
previous challenges. These findings emphasize the importance of monitoring temporal trends in satisfaction to
identify periods of success and areas that need further refinement.

The distribution of visitor satisfaction levels over the years shows significant variation, reflecting trends
in service quality and guest experience. In 2020 and 2021, the number of reviews was relatively low, with the
percentage evenly distributed across all categories and a small percentage categorized as "Below Expectations,”
indicating inconsistent satisfaction during these years. A notable increase occurred in 2022, as "Good" and "Very
Good" ratings accounted for 40-50% of reviews, complemented by a substantial increase in "Excellent” ratings
(~20-30%), indicating an improvement in service quality and visitor satisfaction. In 2023, satisfaction rates
increased, with "Good" and "Very Good" ratings dominating 60—70%, reflecting a consistent effort to meet and
exceed guest expectations. The year 2024 marked the peak of satisfaction, with around 70% of reviews rated as
"Good" and a significant proportion categorized as "Excellent" and "Excellent”" (20-30%), highlighting a period
of exceptional service delivery. Although data for 2025 is limited, the preliminary review reveals a balanced
distribution with little emphasis on "Good" and "Very Good," indicating a continuation of the favorable trend.
These patterns underscore the importance of continuous service improvement efforts to maintain high levels of
guest satisfaction.

3. RESULTS AND DISCUSSION

Analyzing sentiment distributions and scores provides essential insights into the guest experience, highlighting
satisfaction patterns and areas of improvement and aligning service quality with expectations. Positive sentiment
dominates, reflecting intense service satisfaction, while neutral sentiment suggests opportunities for
improvement, and negative sentiment emphasizes critical areas that need attention. These evaluations support
data-driven strategies to improve service delivery and guest experience effectively.

3.1 Distribution Analysis and Score

The distribution and analysis of guest review scores provide essential insights into visitor satisfaction patterns
and service quality. Analyzing the spread of review scores highlights the prevalence of specific satisfaction
levels across different demographics and visitor time frames. This assessment is crucial in identifying trends,
such as the dominance of favorable ratings such as "Good" and "Very Good" or the occurrence of lower scores
categorized as "Below Expectations.”" The pattern shows the strengths and weaknesses of service delivery, which
reflects the alignment of hospitality offerings with customer expectations. A detailed examination of these scores
supports identifying areas that require strategic improvement while reinforcing successful practices. By
systematically understanding distribution trends, these analytics facilitate data-driven decision-making to
improve the guest experience and maintain competitive service standards in the hospitality industry.

Copyright © 2025 Author, Page 512
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 508-520
https://ejurnal.seminar-id.com/index.php/josyc

DOI 10.47065/josyc.v6i2.6870

—

Figure 6. Overall Distribution

Figure 6 illustrates the overall distribution of sentiment derived from guest reviews, which are categorized
into positive, neutral, and negative sentiments. Positive sentiment dominated the data set, reflecting a significant
proportion of guest experiences aligned with expectations, demonstrating consistent satisfaction with service
quality. Neutral sentiment accounts for a moderate percentage, showing instances where guest feedback reflects
an average or mixed perception of the service provided. While representing the most minor proportion, negative
sentiment highlights critical areas that need attention to address dissatisfaction effectively. This distribution
underscores the importance of identifying patterns in guest feedback to optimize service delivery and improve
customer satisfaction. Analyzing this sentiment provides actionable insights to prioritize improvements, ensuring
a balanced approach to maintaining high service standards while addressing areas of concern.

The sentiment distribution in the dataset reveals significant insights into the guest experience and service
quality. Positive sentiment, accounting for 60—-70% of reviews, dominated the data set, demonstrating a strong
alignment between guest expectations and the service provided, reflecting consistent satisfaction across most
visitors. Neutral sentiment, which ranges from around 20-30%, indicates that most guests experience an average
or mixed perception, highlighting areas where service delivery meets expectations but fails to provide a great
experience. Negative sentiment, which represents about 10-15%, identifies specific areas of dissatisfaction,
which, while limited in scale, carry critical implications for overall guest perception. This distribution
underscores the need for targeted strategies to address the weaknesses highlighted in negative sentiment while
leveraging the strengths reflected in positive feedback to improve overall service excellence.
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Figure 7. Score Distribution per Class

Figure 7 illustrates the distribution of confidence scores across three sentiment classes: negative, neutral,
and positive, providing a detailed perspective on the model's predictive performance. Negative sentiment scores
indicate a skewed distribution to the left, with most values below 0.5, indicating lower confidence in classifying
reviews as very negative. In contrast, the neutral sentiment score shows a normal distribution centered around
0.5, which reflects the model's balanced approach to identifying reviews with an average or ambiguous tone.
Positive sentiment scores show a right-skewed distribution, with higher frequencies observed in the range of 0.5
to 0.8, indicating a more substantial model confidence in classifying positive reviews. This distribution analysis
underscores the model's tendency to give higher confidence to positive classifications while maintaining
moderate accuracy in neutral predictions and a cautious approach to negative reviews. These patterns provide
valuable insights to refine model performance and improve classification reliability across all sentiment
categories.

The distribution of confidence scores across sentiment classes reveals different patterns that highlight the
model's performance, which varies in sentiment classification. Negative sentiment indicates a skewed
distribution to the left, with most scores below 0.5, reflecting the model's conservative approach to identifying
very negative reviews. This cautious strategy has the potential to minimize false negatives but risks downplaying
dissatisfaction. Neutral sentiment displays a near-normal distribution centered around 0.5, indicating balanced
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confidence in classifying ambiguous or average reviews. However, this pattern allows for increased precision to
reduce overlap with adjacent classes. The positive sentiment, which is characterized by a right-skewed
distribution, shows an intense concentration of confidence scores in the range of 0.5 to 0.8, indicating the
model's reliability in recognizing favorable reviews. Fewer scores exceeded 0.8, indicating limitations in
identifying positive sentiments with maximum certainty. Overall, this analysis underscores the model's strength
in classifying positive sentiment while highlighting the need for refinement in handling both neutral and negative
sentiment to achieve a more balanced and robust classification framework.
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Figure 8. Comparison of Distribution Between Classes

Figure 8 provides a comparative visualization of the distribution of scores across sentiment classes,
highlighting overlaps and variations in the model's classification performance. Negative classes show a left-
skewed distribution, with the highest density near the lower score range, reflecting the model's careful
determination of confidence for very negative reviews. The neutral class shows a near-symmetrical distribution
centered around a score of 0.5, indicating the model's balanced approach and potential overlap with adjacent
classes. The positive class shows a right-sloping distribution, with significant densities in the range of 0.5 to 0.8,
illustrating a more substantial model confidence in identifying favorable sentiments. However, the overlapping
regions between the classes, especially between the neutral and the other two classes, indicate areas where the
precision of the model can be improved. This comparative analysis underscores the model's strength in
identifying positive sentiment while emphasizing the need for further refinement in distinguishing between
neutral and negative reviews, thereby improving the overall classification accuracy.

Analyzing the distribution of scores across sentiment classes highlights different patterns and overlaps,
providing valuable insights into model performance. Negative sentiment shows a skewed distribution to the left,
with confidence scores mostly below 0.5, indicating the model's cautious approach to classifying very negative
reviews. The significant overlap with neutral sentiment in the range of 0.4 to 0.6 indicates a challenge in
distinguishing rather negative feedback from neutral responses. Low densities above 0.6 underscore the
limitations of confidently identifying highly negative reviews, potentially leading to underclassification of
dissatisfaction. Neutral sentiment, which is characterized by a near-normal distribution centered around 0.5,
reflects balanced confidence in classifying average or ambiguous reviews. However, overlap with negative
sentiment in the lower range (0.3 to 0.5) and positive sentiment in the higher range (0.5 to 0.7) reveals difficulty
separating neutral feedback from extremes, increasing the risk of misclassification. Positive sentiment indicates a
right-skewed distribution, with the highest density between 0.5 and 0.8, indicating more substantial confidence
in recognizing favorable reviews.

Nevertheless, a minimum density above 0.8 highlights the constraints in identifying very positive
feedback with maximum certainty. Comparatively, positive sentiment shows the highest confidence and least
overlap, indicating a reliable classification, while neutral sentiment faces the most significant overlap and
ambiguity. Negative sentiment, with the lowest confidence overall, requires further refinement to improve the
model's ability to capture dissatisfaction effectively. The findings emphasize the importance of addressing
overlapping regions and increasing confidence levels for more accurate sentiment classification.

3.2 Model Performance Analysis

The model's performance evaluation highlights its ability to classify sentiment into three categories: positive,
neutral, and negative, with varying degrees of precision and confidence. The positive sentiment classification
shows the strongest performance, characterized by a high confidence score and minimal classification errors,
which indicates the model's reliability in recognizing favorable reviews. The neutral sentiment classification,
while balanced, reveals challenges due to significant overlap with positive and negative classes, especially on
mid-range confidence scores, indicating the need for increased precision in distinguishing ambiguous sentiments.
On the other hand, the negative sentiment classification indicates the lowest level of confidence, with most
scores grouping in a lower range, reflecting the model's cautious approach to identifying dissatisfaction and
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pointing to the risk of underclassification. These patterns suggest that while the model excels at identifying
positive sentiment, targeted refinements are needed to improve its ability to classify neutral and negative
feedback accurately. Strengthening these aspects will contribute to a more balanced and robust sentiment
analysis framework, ensuring excellent reliability across all sentiment categories.
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Figure 9. Confusion Matrix

Figure 9 presents a confusion matrix, which illustrates the performance of sentiment classification models
in three categories: negative, neutral, and positive. The matrix highlights many correctly classified positive
reviews, as reflected by the dominant values in the bottom right cell, demonstrating the model's strong
performance in identifying favorable sentiments. Neutral sentiment indicates a moderate level of correct
classification, indicated by the intermediate range values in the middle cell, while also revealing some
misclassification into positive or negative categories, indicating overlap and ambiguity in neutral predictions.
Negative sentiment, represented by the upper left cell, shows a less correct classification than the positive and
neutral categories, highlighting the challenge in identifying dissatisfaction. The sparse distribution of values
outside the diagonal cells suggests that this model is generally effective but faces difficulty eliminating
classification errors. This analysis underscores the model's reliability in identifying positive sentiment while
demonstrating the need for refinement in distinguishing between neutral and negative sentiment to improve
accuracy and robustness.

Confusion matrix analysis reveals the model's performance in classifying positive, neutral, and negative
sentiments with varying degrees of accuracy. Positive sentiment achieved the highest accuracy, with 424 reviews
classified correctly and only eight incorrectly classified as neutral. This demonstrates the model's reliability in
identifying favorable feedback and its strong alignment with positive sentiment recognition. On the other hand,
neutral sentiment showed moderate performance, with 127 reviews correctly classified but nine incorrectly
classified as positive and eight as unfavorable, reflecting the inherent challenge of distinguishing neutral reviews
due to overlapping with adjacent classes. Negative sentiment showed the lowest accuracy, with 104 reviews
correctly classified and nine incorrectly classified as neutral, underscoring the model's conservative approach
and struggling to identify strong negative sentiment with greater precision. These patterns suggest that although
the model performs very well with positive sentiment, refinements are needed to improve its precision and
sensitivity in classifying neutral and negative sentiment. Targeted handling overlap and increased ambiguity will
significantly improve model robustness and performance.
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Figure 10. ROC Curve
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Figure 10 illustrates the Receiver Operating Characteristics (ROC) curve for model classification
performance across negative, neutral, and positive sentiment classes. The curve represents the trade-off between
the accurate positive level (sensitivity) and the false positive level for each sentiment class. The Under the Curve
Area (AUC) value is 0.96 for negative, 0.93 for neutral, and 0.96 for positive, indicating strong overall
performance. The negative and positive sentiment classes show near-perfect AUC scores, reflecting the model's
ability to distinguish between positive and negative examples accurately. However, the neutral sentiment class
showed a slightly lower AUC, suggesting a challenge in balancing sensitivity and specificity, likely due to
overlapping characteristics with adjacent classes. The overall performance, as reflected by the AUC value, shows
the robustness of the model, especially in identifying different positive and negative sentiments. Strengthening
the precision in neutral classification will further increase the model's efficacy in handling diverse sentiment
data.

The ROC analysis highlights the model's performance in differentiating between negative, neutral, and
positive sentiments, with significant variations in effectiveness. Negative sentiment reached an AUC of 0.96,
reflecting excellent classification accuracy as the curve approached the upper left corner, indicating high true and
minimal false positives. Neutral sentiment, with an AUC of 0.93, showed slightly lower performance as the
curve deviated from the ideal shape, revealing challenges in separating neutral reviews from adjacent classes,
especially in ambiguous cases with overlapping characteristics. Positive sentiment also reached an AUC of 0.96,
demonstrating strong reliability in identifying favorable feedback, with the curve maintaining an optimal
trajectory and minimal false classifications. A comparison of these classes shows that while the classification of
negative and positive sentiment shows near-perfect performance, the neutral class lags slightly behind, reflecting
the complexity inherent in the differences. Strengthening the model's ability to distinguish neutral sentiment will
improve its robustness and ensure excellent reliability in sentiment classification.
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Figure 11. Classification Report and Calibration Plot

Figure 11 illustrates a heatmap of the classification report and calibration plot, providing insight into the
model classification metrics and probability calibration. The classification report heatmap presents key
evaluation metrics, including precision, draws, f1 scores, and support for each sentiment class. The model shows
high positive and negative sentiment performance, as reflected in the high precision and drawdown values. At
the same time, neutral classes show relatively lower metrics, indicating challenges in accurately capturing and
classifying ambiguous reviews. The calibration plot assesses the alignment between the predicted probability and
the actual outcome. Positive and negative classes indicate well-calibrated probabilities following a diagonal line,
indicating that the model's confidence aligns with its predictive accuracy. However, neutral classes sometimes
show slight deviations, indicating excessive or lack of confidence. This analysis highlights the model's power in
handling different positive and negative sentiments while identifying the need to improve the precision and
calibration of neutral sentiment predictions. Improving these aspects will contribute to a more reliable and
balanced classification system.

The data comprehensively evaluates the model's classification performance, combining classification
report heatmaps and calibration plots to assess precision calibration, drawdown, F1 score, support, and
probability for sentiment classes. The positive sentiment class achieved outstanding metrics, with a precision of
0.98, a memory of 0.97, and an F1 score of 0.98, supported by a substantial review volume of 432, which reflects
the model's reliability in identifying favorable sentiment with minimal classification errors. Neutral sentiment
showed moderate performance, with precision, memory, and an F1 score of 0.87, based on small support from
144 reviews, indicating challenges in accurately capturing ambiguous sentiment. Negative sentiment performed
strongly, with precision, recall, and an F1 score of 0.92, although the most negligible support of 113 reviews
highlighted fewer instances of dissatisfaction. The calibration plot reveals that the positive and negative classes
align with the predicted probabilities following the diagonal line. In contrast, the neutral class showed slight
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deviations in the mid-range probabilities, indicating a lack of confidence in some predictions. These findings
emphasize the model's robust ability to handle both positive and negative sentiment while highlighting the need
for targeted refinements in the neutral sentiment classification to improve overall balance and reliability.

Impact of Classification Threshold on Accuracy
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Figure 12. Impact of Classification Thresholds on Accuracy

Figure 12 illustrates the relationship between classification thresholds and model accuracy, showing how
threshold variations affect model performance. The chart reveals that the accuracy peaked at the threshold of 0.4,
reaching a high value of around 0.85, indicating the optimal balance between precision and retraction. The
accuracy decreased significantly as the threshold moved away from this optimal value, especially outside of 0.5,
where it continued to drop below 0.3, highlighting a decline in the model's ability to classify sentiment at higher
thresholds effectively. Similarly, a threshold below 0.3 results in lower accuracy, as the model is likely to
become less precise due to the increase in false positives. This trend shows that precisely selected thresholds are
critical to maximizing model accuracy. This analysis underscores the importance of refining classification
thresholds to achieve optimal performance, ensuring a balance between correctly identifying sentiment and
minimizing misclassification.

3.2 Discussion

Examining the sentiment distribution in guest reviews reveals a predominance of positive feedback, which shows
a substantial alignment between service delivery and customer expectations. This underscores a consistent level
of satisfaction across different aspects of hospitality. Examples of neutral sentiment show that while basic
expectations are met, distinctive or memorable service features are absent, indicating the potential for strategic
innovation to improve the customer experience. While negative sentiment represents a smaller portion of the
data set, it provides essential insights into specific service deficiencies that require immediate attention to reduce
dissatisfaction and prevent reputational risk. This distribution analysis highlights the need to strengthen existing
strengths while addressing operational deficiencies to maintain a competitive advantage. A comprehensive
understanding of these patterns facilitates the design of targeted interventions, ensuring that service offerings
meet and exceed customer expectations, thereby fostering long-term satisfaction and loyalty in an increasingly
competitive industry landscape.

The model's performance assessment highlights the critical forces in classifying positive sentiment, which
is characterized by a high confidence level and a minimal classification error rate, demonstrating the model's
reliability in identifying a favorable guest experience. Nonetheless, the classification of neutral sentiment
presents significant challenges, mainly due to overlapping boundaries with adjacent categories, which reflects
the ambiguity inherent in specific feedback. Similarly, the classification of negative sentiment shows limited
accuracy, which stems from cautious prediction thresholds and reduced confidence in identifying dissatisfaction
being voiced. These issues point to improved methodological refinements, especially in addressing ambiguity in
neutral classifications and increasing sensitivity to detecting nuanced negative sentiments. The overall precision
and interpretability of the model can be significantly improved by optimizing these aspects, allowing for a more
balanced and robust sentiment analysis framework across different categories of guest feedback.

The distribution of confidence scores reveals significant variations across sentiment classes, with positive
sentiment indicating high reliability and consistency, demonstrating the model's strength in identifying favorable
feedback. In contrast, neutral sentiment scores show a balanced but overlapping distribution, especially with
negative scores, reflecting the ambiguity inherent in classifying nuanced responses. This overlap suggests that
the model faces the challenge of clearly distinguishing between moderately critical and neutral feedback,
potentially reducing the accuracy of its predictions. Addressing these issues through advanced contextual
embedding or integrating hybrid modeling techniques is essential to improve the model's ability to interpret and
classify sentiment accurately. Such refinements will ensure improved performance in handling ambiguous
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sentiment and foster a more reliable and adaptable sentiment analysis framework capable of effectively capturing
the complexities of guest perceptions.

Insights gained from the distribution of sentiment and classification performance provide substantial
value for strategic decision-making in hospitality management, especially in improving service quality and guest
satisfaction. Positive feedback strengthens the service delivery framework, emphasizing areas that contribute to
high customer satisfaction and guarantee reinforcement. In contrast, neutral and negative sentiment highlights
essential aspects of the service experience that require targeted improvements to address unmet expectations and
reduce dissatisfaction. These insights offer a strong foundation for implementing data-driven strategies to
optimize operational efficiency and align services with evolving customer demands. By leveraging this
information, hospitality providers can devise tailored interventions to improve the guest experience and
strengthen customer loyalty, ensuring continued competitiveness in an ever-changing market landscape.

4. CONCLUSION

Applying the Multilingual BERT model has significantly improved the accuracy of sentiment classification in
hotel guest reviews, especially in recognizing positive sentiment with 98% precision, 97% recall, and 98% F1
score, as observed in 432 correctly classified reviews. This study uses the Knowledge Discovery in Databases
(KDD) methodology, which includes data selection, preprocessing, transformation, sentiment classification, and
performance evaluation. The dataset consists of 715 hotel reviews from Qubika Boutique Hotel, obtained from
the Agoda platform, ensuring a wide range of guest sentiment. Despite the increase in recognition of positive
sentiment, challenges remain in classifying neutral sentiment, which achieves a lower precision of 87%, with
127 cases correctly classified, and negative sentiment, where accuracy remains at 92%, with 104 reviews
correctly identified. The overlap in confidence scores, especially in the range of 0.4-0.6 between neutral and
negative sentiment, underscores the need for enhanced contextual embedding and hybrid modeling techniques to
improve the reliability of the classification. Sentiment distribution analysis revealed that 60-70% of reviews
reflect a positive experience, 20-30% are neutral, and 10-15% indicate dissatisfaction, necessitating targeted
service improvements. These findings provide actionable insights for hospitality management, enabling data-
driven strategies to improve customer satisfaction and operational efficiency. Future research should focus on
refining the interpretability and adaptability of models by incorporating advanced deep-learning architectures,
expanding multilingual datasets, and integrating real-time sentiment analysis. Strengthening these aspects will
contribute to a more robust and measurable sentiment analysis framework, ensuring greater precision in
capturing guest experiences and optimizing service strategies in the hospitality industry.
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