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Multilingual tourism reviews often express opinions about multiple
destination attributes within a single text, making aspect-level sentiment
classification challenging. This study compares classical machine learning
and ensemble methods for multilabel aspect-based sentiment analysis of
amenities, attractions, and accessibility. The dataset comprises 13,085
Indonesian- and English-language Google Reviews labeled through a rule-
based procedure. Reviews were represented using term frequency-inverse
document frequency features and classified using logistic regression,
multinomial naive Bayes, random forest, soft voting, adaptive boosting
(AdaBoost), and stacking under a one-vs-rest framework. The stacking
classifier combined logistic regression and random forest as base learners
with logistic regression as the meta-learner. It achieved the best performance
among the evaluated models, with a micro-F1 of 0.8626, macro-F1 of
0.7285, Hamming loss of 0.0633, and subset accuracy of 0.6825. These
findings indicate that stacking effectively integrates complementary decision
patterns and provides a reproducible framework for multilingual multilabel
analysis of tourism reviews.
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1. INTRODUCTION

Understanding travelers' sentiments through online reviews is increasingly vital for sustaining and
enhancing the competitiveness of tourism destinations globally. User-generated content significantly shapes
consumer decisions, impacting tourism businesses directly by influencing service reputation and quality [1], [2].
Thus, extracting precise insights from multilingual tourism reviews becomes crucial in the highly competitive

international tourism market.

Aspect-based sentiment analysis (ABSA), focusing explicitly on amenities, attractions, and
accessibility, enables a nuanced understanding of tourist experiences. Despite their potential, multilingual
reviews pose distinct classification challenges due to language heterogeneity, grammatical variation, and
cultural context, necessitating robust analysis techniques [3], [4]. However, the systematic evaluation of
classical machine learning and advanced ensemble methods, especially stacking, for multilingual ABSA
remains limited, creating significant knowledge gaps. Specifically, comprehensive comparative assessments
across languages and cultures, as well as the less explored accessibility aspect, are scarce [5]-[7].
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Prior research predominantly uses classical machine learning methods, such as logistic regression,
naive Bayes, and random forests, for ABSA in tourism contexts, yielding reliable yet often suboptimal
performance. These approaches have been reported for hotel review ABSA and other evaluative tourism
content [8]. However, multilingual settings introduce additional linguistic variability and label ambiguity that
remain insufficiently addressed in many existing studies [9], [10].

The literature further indicates an underrepresentation of ensemble methods, such as voting,
adaptive boosting (AdaBoost), and stacking, in ABSA studies, despite their recognized advantages for
improving predictive accuracy by combining the strengths of multiple classifiers [11]. Recent studies confirm
that ensemble approaches can significantly improve classification robustness, especially crucial in
multilingual and culturally diverse data [12], [13]. Moreover, existing research inadequately addresses
accessibility within the amenities, attractions, and accessibility framework, thereby limiting comprehensive
sentiment analysis in tourism reviews. Accessibility significantly impacts traveler satisfaction, particularly
for those with disabilities, yet this crucial component is frequently neglected or superficially examined [6], [14].

This study hypothesizes that a stacking ensemble approach can significantly enhance multilingual
ABSA accuracy compared to classical models and simpler ensemble methods. Thus, this research aims to
comparatively evaluate these methods using a dataset of Indonesian and English reviews from Central Java,
focusing specifically on the three aspects (amenities, attractions, and accessibility). By addressing identified
knowledge gaps, the research contributes methodological clarity and improved predictive frameworks,
ultimately aiding destination managers and developers in refining tourism recommendation systems.

2. METHOD

This study adopts a structured and thorough computational and experimental design to conduct a
comparative evaluation and analyze the performance of a set of machine learning models. The models tested
include classical category and ensemble approaches applied to the ABSA task in a multilingual context. This
investigation focuses on analyzing digital tourism reviews, with an emphasis on three crucial aspects in the
tourism domain: amenity, attraction, and accessibility. The set of methodologies implemented in this research
includes several fundamental stages that are interconnected, starting from the acquisition and labeling of
review data, followed by text preprocessing for normalization and cleaning, extraction of informative
features from text, transformation of label format for compatibility with multilabel classification algorithms,
segmentation of datasets into training and test datasets, implementation of multilabel classification architecture,
model training process, evaluation of model performance using standard metrics, to the final stage of model
selection with optimal performance. The overall methodological workflow is presented in Figure 1.

Data Splitting o
. i : Model Training
Text Preprocessing Feature Extraction (80% Train - 20%
Test) (LogReg, NB, RF)
A 4

Ensemble Training

Best Model Selection Re-Evaluation (Voting, AdaBoost, Evaluation

Stacking)

Figure 1. Overall workflow of the proposed research method

2.1. Data collection and filtering
The primary data source for this study is user reviews collected from the Google Reviews platform.
This platform was chosen because it provides a large, diverse volume of review data covering a wide range
of tourism destinations and is written in multiple languages by travelers with different backgrounds.
Specifically, the dataset comprises 13,085 reviews from ten popular tourism destinations in Central Java,
Indonesia. The selection of these destinations aims to obtain a representative variety of reviews from
different types of tourist attractions.
Inclusion criteria were strictly applied during the data collection process to ensure the relevance and
quality of the data to be analyzed:
i)  Review language: only reviews written in Indonesian and English language were included. This
decision was based on the research's multilingual focus and the dominance of these two languages in the
context of digital tourism in Indonesia.
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ii) Review length: each review must be at least 50 words long. These restrictions are applied to ensure that
the review contains sufficient contextual information for in-depth analysis of aspects and sentiment and
to avoid reviews that are too short and uninformative.

iii) Relevance of aspects: the review must explicitly mention at least one of the three main aspects that the
research focuses on: amenities (facilities and services), attractions (the main attraction of the
destination), or accessibility (ease of reaching and moving around the destination).

After an initial collection and screening process based on the above criteria, reviews that meet the

criteria are then analyzed at the clause level using a rule-based labeling approach, with the help of a
structured keyword dictionary to identify appropriate aspects and sentiment polarities (positive, negative,
neutral) [3]. The dataset used in this study is publicly available on Zenodo and contains labeled
tourism reviews from Central Java, Indonesia, annotated using a rule-based approach [15]. The dataset
includes multilingual review texts and the corresponding aspect sentiment labels used in the multilabel
classification experiments.

2.2. Text preprocessing

Before feature extraction, the multilingual review text (stored in the review_clean column after the
initial cleanup during data collection) undergoes several standard preprocessing steps to normalize further
and clean it. The multilingual review text preprocessing process includes several important stages:
normalization, tokenization, and noise removal. Normalization ensures consistency in text processing by
converting entire characters to lowercase and handling spelling variations. Tokenization breaks down text
into smaller units (tokens), which is especially important for languages like Indonesian and English because
of their different syntactic structures. Noise removal eliminates irrelevant elements, such as punctuation and
stop words, that can obscure the sentiment in user-generated content [16]. This stage is crucial for reducing
noise and improving the quality of the features to be extracted for modeling.

2.3. Labeling scheme and label transformation

Labeling scheme and label transformation. The dataset was annotated using a rule-based scheme
supported by a structured bilingual keyword dictionary for the three tourism aspects (amenities, attractions,
and accessibility) and three sentiment polarities (positive, negative, and neutral). Each review was segmented
into clauses to reduce sentiment mixing across aspects, and each clause was matched against the aspect
dictionary to identify the relevant aspect category. Sentiment polarity was then assigned using polarity
keywords and contextual rules (e.g., negation handling), producing clause-level aspect sentiment pairs.

To support multilabel learning at the review level, all clause-level pairs within the same review were
aggregated into a set of composite labels in the format "aspect polarity". Therefore, one review can have
multiple labels simultaneously (e.g., amenity positive and accessibility negative). The final label set consists
of 3 aspects x 3 polarities, for a total of 9 possible labels. The aggregated label sets were converted to a
multi-hot representation using a MultiLabelBinarizer to construct the binary target matrix for one-vs-rest
(OvR) training and evaluation.

2.4. Features extraction

For feature extraction, a term frequency-inverse document frequency (TF-IDF) vectorizer is used, a
common technique in multilingual sentiment analysis [3]. TF-IDF highlights the importance of each word in
the context of the entire corpus and adapts it to the frequency of common words, ensuring that more relevant
features are given appropriate weight in the classification. TfidfVectorizer from the scikit-learn library was
used to implement this research code. The max features = 5000 parameter is applied, meaning only
5000 words with the highest TF-IDF score from the entire corpus will be considered features. This
max_features also serves as a dimensionality reduction method, helping reduce model complexity and the
risk of overfitting. The result of this feature extraction stage is a numerical feature matrix, denoted X. Each
row of X corresponds to a review, and each column corresponds to a word feature with its TF-IDF weight.

2.5. Label transformation and data splitting

The sentiment-aspect labels resulting from the labeling process (as a list of tuples) are transformed
into a multilabel binary format using the MultiLabelBinarizer from scikit-learn. Each unique combination of
sentiment aspects (e.g., 'amenitas positive') becomes a single binary target column. The datasets, which
already included numerical features (X) and binary labels (y), were then split at an 80:20 ratio for training and
test data. This ratio was chosen to balance sufficient learning and representative evaluation of unseen data [9].

2.6. Multilabel classification framework and tested models

This study formulates multilingual ABSA as a multilabel text classification problem, where a single
review may contain multiple aspect sentiment pairs. Each review is represented by a set of composite labels
formed by combining the aspect category and sentiment polarity (e.g., "aspect polarity"), resulting in
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3 aspects x 3 polarities = 9 possible labels. The label sets are binarized using MultiLabelBinarizer, producing
a multi-hot target vector for each review.

For textual representation, TF-IDF vectorization is used on the cleaned review text (review_clean)
with max_features = 5000 (default unigram setting). The dataset is split into training and test sets using an
80/20 ratio with a fixed random seed (random_state = 42). Because multilabel learning requires modeling
each label as a binary decision, we employ a OVR strategy as a wrapper for all classifiers, enabling consistent
comparison across baseline and ensemble approaches.

i)  Baseline models:

—  Logistic regression (OvR): LogisticRegression(max_iter = 1000, random_state = 42).

—  Multinomial naive Bayes (OvR): MultinomialNB() as a probabilistic baseline suitable for TF-IDF
features.

—  Random forest (OvR): RandomForestClassifier(n_estimators = 100, random_state = 42).

ii) Ensemble models:

—  Voting (OvR, soft Voting): VotingClassifier(voting = 'soft’) with component learners logistic
regression, multinomial naive Bayes, and random forest. Soft voting aggregates predicted
probabilities to improve robustness.

— AdaBoost (OvR): AdaBoostClassifier (estimator = LogisticRegression (max_iter = 1000,
random_state = 42), n_estimators = 50, random_state = 42) to iteratively emphasize misclassified

samples.
—  Stacking (OvR): StackingClassifier with base learners logistic regression and random forest, and
logistic regression as the meta-learner (final estimator = LogisticRegression()). We set

passthrough = true so meta-learner can access both the original TF-IDF features and base-model
predictions. Figure 2 illustrates end-to-end experimental setup used in this study, including
preprocessing, label construction, feature extraction, model training, and multilabel evaluation.

The workflow starts from the Zenodo dataset and proceeds with text preprocessing to produce
cleaned review texts. From the preprocessed data, two parallel processes are performed: i) a rule-based
labeling procedure generates review-level multilabel targets, which are transformed into a multi-hot
representation using MultiLabelBinarizer, and ii) TF—IDF vectorization (max_features = 5000) constructs the
feature matrix. The data are then split into training and testing sets (80/20, random_state = 42) and trained
under a OvR multilabel wrapper to enable a fair comparison between baseline models (logistic regression,
multinomial naive Bayes, random forest) and ensemble approaches (voting, AdaBoost, and stacking).
Finally, model performance is evaluated using micro- and macro-F1, precision, recall, Hamming loss, and
subset accuracy, and the resulting metrics are compiled in the reported results tables.

MultiLabelBinarizer

/ e > (¥: multi-hot, 9 abels)

Zenodo Dataset —>] Preprocessing

A

TF-IDF (X features, Train-Test Split (80/20,
max_features=5000)

random_state=42)

Baselines: LogReg, MNB, RF

Metrics:Micro/Macro-F1,
€— Precision, Recall, Hamming
Loss, Subset Accuracy

Artifacts Table and
Writeup

One-vs-Rest (OVR)
Wrapper

Ensembles: Voting, AdaBoost,
Stacking

Figure 2. Experimental setup of the multilingual multilabel ABSA pipeline

2.7. Evaluation metrics

The evaluation used five metrics: F1-score (micro and macro), precision, recall, Hamming loss, and
subset accuracy. This metric provides a comprehensive overview of the classification performance in
multilabel tasks. The F1-score combines precision and recall, while Hamming loss measures prediction errors
per label, and subset accuracy assesses overall label suitability [17]. Micro and macro averages yield
different interpretations: micro averages describe overall performance, while macro averages equalize
performance across classes, revealing potential imbalances [7].
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In the context of multilabel classification for ABSA in multilingual tourism reviews, evaluation
metrics such as precision, recall, Fl-score (micro and macro), Hamming loss, and subset accuracy are
essential for accurately assessing the model's performance. Precision measures the accuracy of the model's
positive predictions [18]. On the other hand, recall measures the model's ability to capture all relevant
instances [19]. Fl-scores that combine precision and recall are particularly useful in multilabel tasks [20].
Hamming loss is the proportion of labels predicted to be incorrect [21]. Subset accuracy measures the
proportion of label predictions that match the actual label. These metrics have been widely used in ABSA
settings and have proven relevant for measuring the performance of sentiment analysis models and their
resilience in handling multilabel data, especially in unbalanced classification [22].

Precision measures how accurately the model's positive predictions are. This explains the correct
proportion of the prediction of the overall positive prediction, as shown in (1).

.. True Positive
Precision = — — (D
True Positive+False Positive

Recall measures the extent to which the model can capture all of the actual positive instances. This is
important to avoid mistakes in skipping labels that should have been predicted, as shown in (2).

True Positive

Recall = 2)

True Positive+False Negative

F1-score is a harmonic mean of precision and recall, providing a balanced assessment, especially
when label distributions are imbalanced. There are two types: Fl-micro and Fl-macro. Fl-micro calculates
the total true positives, false positives, and false negatives in aggregate across all labels. The F1-macro
calculates the F1 for each label individually and then averages it. This gives equal attention to each class,
including the rare ones, as shown in (3).

F1 — score = 2 X Preci'si.on X Recall (3)
Precision+Recall
Hamming loss is a metric that measures the average number of misclassifications per label. In the
context of multilabel classification, the Hamming loss is the proportion of incorrectly predicted labels
(both false positives and false negatives) relative to the total number of labels. The lower the Hamming loss,
the better the model's performance. A value of 0 means that all labels are correctly classified, as shown in (4).

L
) 1
Hammlng loss = AxL ?:1 zj:l 1[yij #9ijl (4)

Where n is number of samples, L is number of labels per sample, and y;; # ¥;; is actual and predicted labels
for the J-label in the I-I sample.

The accuracy subset is a metric that shows the percentage of a sample in which the predicted label is
exactly the same as the actual label. This metric is very strict. If there is only one wrong label in a multilabel
prediction, then all predictions are considered false for that sample. The higher the subset accuracy, the more
precise the model's predictions are in handling label combinations, as shown in (5).

n
Subset accuracy = %Z ) ly,=v, (5)
i=

Where Y dan Y is actual and predicted label sets for the i th sample.

2.8. Ensemble training and re-evaluation

Once the baseline models are evaluated, the focus shifts to training and evaluating the assembly
models: voting, AdaBoost, and stacking. The ensemble approach, particularly stacking, aims to combine
predictions from basic models to improve generalization capabilities and the accuracy of final predictions.
Evaluating the performance of ensemble stacking methods, such as voting, AdaBoost, and stacking, for
multilingual ABSA in tourism reviews is critical given the complex nature of sentiment expressed across
different languages and cultural contexts. Ensemble methods have been shown to improve classification
accuracy by leveraging the collective strength of multiple models, thereby reducing the limitations associated
with individual classifiers [23]. These methods are particularly beneficial in tourism, where sentiment about
various aspects such as facilities, attractions, and accessibility can vary significantly across languages,
making the challenges more pronounced [24], [25]. By integrating various algorithms, the ensemble stacking
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method offers increased resistance to noise and better generalization to unseen data, which is especially
important when dealing with the unbalanced datasets often encountered in sentiment analysis [26]. In
addition, the ability of the stacked ensemble to combine predictions from different classifiers provides a more
nuanced understanding of the sentiments expressed in multilingual reviews, leading to more reliable insights
for stakeholders in the tourism industry [27], [28]. This, in turn, can drive progress in automated opinion
mining and improve customer satisfaction through tailored recommendations based on accurate sentiment
assessments [29]. The ensemble model was then re-evaluated using the same metric to compare its
performance improvements relative to the baseline model and between fellow ensemble models [30].

2.9. Best model selection

The best models are selected based on the highest aggregate performance across all evaluation
metrics. In this study, the stacking ensemble showed the best performance and was proposed as the most
accurate and reliable model for ABSA on multilingual tour reviews [14], [29]. The secondary objective is to
identify the best-performing models for tourism recommendation systems or automated opinion polling to
support user and service provider decision-making. This research also helps bridge the gap in multilingual
ABSA by emphasizing key aspects of tourism, such as amenities, attractions, and accessibility [1]. Ethical
considerations are also taken into account, as the data is public, anonymous, and does not contain personal or
sensitive information.

2.10. Technical implementation and visualization

The entire experimental stage, from data preprocessing to model evaluation, is implemented using
Python (version 3.12.12). This study's main Python libraries include Pandas for data manipulation,
scikit-learn for implementing machine learning models and evaluation metrics, and ast for early-stage label
data transformation. All experiments were run using Python with the scikit-learn library for model training
and evaluation, as well as for the application of classification metrics. Descriptive statistics are used to
summarize the model's performance. For graphical visualization of model results in comparison, which
supports more effective interpretation and delivery of data-based information, the Matplotlib and Seaborn
libraries are used. Compute experiments run in a Google Colaboratory environment.

3. RESULTS AND DISCUSSION
3.1. Results of baseline and ensemble model evaluation

This study presents the results of evaluations of three baseline machine learning models, namely
logistic regression, naive Bayes, and random forest, as well as three assembly models: voting classifier,
AdaBoost classifier, and stacking classifier. The optimal configuration for the stacking classifier uses logistic
regression and random forest as the base model (base learners) level 0, and logistic regression as the
meta-learner (level 1), with the passthrough = true option. The entire model is implemented using the OvR
classifier wrapper to handle the multilabel classification properties of this task.

Model performance was evaluated using a set of standard metrics for multilabel classification,
including Fl-score (micro and macro averaged), precision (micro averaged), recall (micro averaged),
Hamming loss, and subset accuracy. These metrics provide a comprehensive view of the model's prediction
accuracy, generalization capabilities, and error rate. Table 1 presents the comparative results of all the models
tested on the test dataset. The values presented are the average performance obtained.

Table 1. ABSA model evaluation results based on multilabel metrics

Model Fl-micro Fl-macro Precision Recall Hammingloss Subset accuracy
Logistic regression 0.796 0.571 0.881 0.725 0.088 0.588
Naive Bayes 0.694 0.423 0.812 0.606 0.126 0.459
Random forest 0.831 0.590 0.878 0.789 0.076 0.640
Voting 0.800 0.524 0.885 0.729 0.086 0.601
AdaBoost 0.799 0.666 0.806 0.793 0.094 0.564
Stacking 0.863 0.729 0.885 0.841 0.063 0.682

3.2. Model comparison visualization

Figure 3 compares the Fl-micro and Fl-macro scores of all evaluated baseline and ensemble
models. This graph visually compares the F1-score values (micro and macro) for all models tested. From this
visualization, the superiority of the stacking ensemble in both F1-score metrics becomes visible compared to
the other models.

Int J Artif Intell, Vol. 15, No. 5, October 2026: 4381-4391



Int J Artif Intell ISSN: 2252-8938 O 4387

1.0

F1-Score Type
m Fl-micro
[ Fl-macro

F1-Score

Model

Figure 3. Comparison of F1-micro and F1-macro across the evaluated models

3.3. Description of results per model
A more detailed analysis of the results in Table 1 for each model is as follows.

3.3.1. Logistic regression

Logistic regression shows stable baseline performance for multilingual multilabel ABSA, providing
a strong linear reference under TF-IDF features. The model achieves an F1-micro of 0.796 and an F1-macro
of 0.571, with precision 0.881 and recall 0.725. While these results indicate reliable overall detection of
common labels, the moderate macro-F1 suggests that performance is less uniform across all aspect sentiment
labels, which is typical in multilabel datasets with label imbalance. The Hamming loss of 0.088 and subset
accuracy of 0.588 further show that exact-match predictions remain challenging when multiple labels must
be jointly predicted.

3.3.2. Naive Bayes

Multinomial naive Bayes performs worst among the evaluated models, reflecting its simplifying
independence assumptions in complex multilingual review patterns. It records an F1-micro of 0.694 and an
F1-macro of 0.423, with precision 0.812 and recall 0.606. The relatively low macro-F1 indicates that several
labels, particularly less frequent aspect-sentiment combinations, are not consistently captured. This limitation
is also reflected in the higher Hamming loss (0.126) and the lowest subset accuracy (0.459), showing
difficulty in producing fully correct multilabel outputs.

3.3.3. Random forest

Random forest provides a strong non-linear baseline and performs competitively across the
evaluated metrics. The model achieves an F1-micro of 0.831 and an F1-macro of 0.590, with precision 0.878
and recall 0.789. Compared to linear baselines, random forests benefit from modeling feature interactions,
which can better capture heterogeneous wording in tourism reviews. Its Hamming loss decreases to 0.076
and subset accuracy increases to 0.640, indicating improved multilabel consistency and fewer per-label errors.

3.3.4. Voting classifier

The voting ensemble produces intermediate performance by combining complementary base
learners through probability aggregation. It achieves an F1-micro of 0.800 and an F1-macro of 0.524, with
precision 0.885 and recall 0.729. Although the ensemble stabilizes predictions relative to single learners, the
macro-F1 remains lower than stronger ensembles, indicating that minority labels still receive limited gains.
This pattern is consistent with its Hamming loss (0.086) and subset accuracy (0.601), which improve
modestly but do not match the best-performing model.

3.3.5. AdaBoost classifier

AdaBoost improves performance by sequentially focusing on misclassified instances, which can be
beneficial when some aspects of sentiment labels are harder to detect. The model achieves an F1-micro of
0.799 and a notably higher Fl1-macro of 0.666, with precision 0.806 and recall 0.793. The higher macro-F1
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suggests that AdaBoost yields more balanced label-wise performance than several baselines, potentially
improving weaker labels. However, its Hamming loss (0.094) and subset accuracy (0.564) indicate that exact
multilabel matches remain difficult and that gains are not uniform across all evaluation criteria.

3.3.6. Stacking classifier

The stacking classifier consistently demonstrates the best overall performance across the major
evaluation metrics. It achieves the highest F1-micro (0.8626) and F1-macro (0.7285), indicating both strong
overall accuracy and balanced label-wise performance. In addition, it produces the lowest Hamming loss
(0.0633) and the highest subset accuracy (0.6825), showing fewer label errors and better exact-match
performance. These results suggest that meta-learning effectively combines complementary strengths of the
base learners (logistic regression and random forest) through a logistic regression meta-learner.

3.4. Discussion

The results showed that the stacking ensemble model consistently outperformed classical machine
learning models and other ensemble methods in multilabel classification of multilingual tour reviews. This is
reflected in the Fl-score micro value of 0.8626 and the higher F1-score macro of 0.7285, as well as the
lowest Hamming loss of 0.0633 and the highest subset of accuracy reaching 0.6825. In comparison, the
strongest baseline model, random forest, achieved a micro Fl-score of 0.8313 and a macro-F1-score of
0.5898, with a Hamming loss of 0.0756 and a subset accuracy of 0.6404. Other ensemble models, such as
AdaBoost, achieve micro Fl-scores of 0.7991 and macro F1-scores of 0.6655, while voting achieves micro
F1-scores of 0.7999 and macro F1-scores of 0.5241. These findings reinforce the premise that the integration
of multiple basic models (in this case, logistic regression and random forest as base learners, with logistic
regression as the meta-learner) through a stacking approach can improve the generalization and accuracy of
predictions, especially in the context of complex and diverse data such as travel reviews.

In this study, the results showed that the stacking ensemble method significantly outperformed
classical machine learning models such as logistic regression (Fl1-micro: 0.7958), naive Bayes (F1-micro:
0.6942), and random forest (F1-micro: 0.8313), as well as other ensemble methods such as voting (F1-micro:
0.7999; Hamming loss: 0.0861; subset accuracy: 0.6007) and AdaBoost (F1-micro: 0.7991; Hamming loss:
0.0941; subset accuracy: 0.5640) in various key evaluation metrics. Specifically, the stacking ensemble not
only achieves the highest Fl-score (micro: 0.8626, macro: 0.7285) but also the lowest Hamming loss
(0.0633) and the highest subset accuracy (0.6825). This superior performance of the stacking ensemble
demonstrates its ability to combine predictions from multiple classifiers, which is particularly beneficial in
the multilingual landscape of tourism reviews, where sentiment expressions can vary widely [16]. These
findings are in line with previous literature [11], [12], which highlight the effectiveness of ensemble
techniques in sentiment classification tasks, and support the findings of [3], [8] regarding the benefits of
stacking for analyzing data across dialects and languages.

By extending these results into the context of multilingual ABSA, the implications of using stacking
ensemble become significant. Its ability to achieve higher accuracy of aspect and sentiment predictions
(evidenced by a micro F1-score of 0.8626) can improve the accuracy and reliability of sentiment analysis on
tourism-related user-generated content. This, in turn, supports better decision-making for industry
stakeholders [31], [32]. This, in turn, supports better decision-making for industry stakeholders. For example,
it can help identify a destination's specific strengths and weaknesses by analyzing the aspects most frequently
discussed, along with their sentiment polarities.

However, it should be noted that while the stacking model performs well with the TF-IDF feature,
rule-based labelling approaches used in the early stages of data collection or as a comparator still face
challenges, including potential inaccuracies in sentiment classification due to contextual language nuances.
Future research may explore integrating transformer-based models such as bidirectional encoder
representations from transformers (BERT) or cross-lingual language model based RoBERTa (XLM-R) with
this proven stacking architecture. Transformer models, which have demonstrated higher accuracy through
contextual understanding in sentiment analysis tasks [29], [33], potentially further improve performance,
especially when combined with the generalization capabilities of stacking. In addition, the importance of
multilabel evaluation metrics such as Fl-score per label (which can also be calculated from your model,
e.g., for F1 accessibility positive, F1 _amenities negative), Hamming loss, and subset accuracy is becoming
increasingly clear. The metric is important for comprehensively analyzing user opinions in a multilingual
ABSA system, not only supporting an in-depth understanding of sentiment related to various aspects of
tourism but also providing important insights into user preferences and experience [30], [34].

Thus, this study not only fills a methodological gap in the multilingual ABSA literature by
demonstrating the superiority of the stacking ensemble on the multilingual tourism review dataset in
Indonesia, but also provides an important foothold for further exploration. The success of stacking ensemble
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with specific configurations (logistic regression and random forest as base learners, and logistic regression as
meta-learners) in achieving subset accuracy of 0.6825 (meaning that 68.25% of reviews are perfectly
classified for all sentiment labels) and Hamming loss 0.0633 (average error per label is very low) became
benchmarks for the development of an opinion analysis and destination recommendation system based on
user review data more advanced and accurate.

4. CONCLUSION

This study benchmarked baseline and ensemble machine learning methods for multilingual
multilabel ABSA on tourism reviews covering amenities, attractions, and accessibility. Using TF-IDF
features and an OVR multilabel framework, the results show that stacking provides the strongest and most
consistent performance across Fl-micro, Fl-macro, Hamming loss, and subset accuracy, outperforming
logistic regression, naive Bayes, random forest, voting, and AdaBoost. The findings indicate that
meta-learning effectively combines complementary model strengths and yields better label-wise balance,
which is crucial for extracting reliable aspect-sentiment signals from bilingual tourism data. In practice, these
signals can help tourism stakeholders prioritize service improvements aligned with user feedback across the
three aspect categories. Future work should validate the approach under additional robustness settings
(e.g., cross-validation and external test datasets) and compare it against multilingual transformer-based
encoders to assess generalization beyond TF-IDF representations.
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