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ABSTRACT: The increasing volume of hotel information on online travel platforms made hotel selection more
difficult for users because decision making had to consider multiple aspects simultaneously, including value,
accessibility, service, room quality, cleanliness, and sleep quality. Conventional recommendation methods often
depended on overall ratings and therefore were not sufficiently capable of representing the multidimensional
nature of hotel preferences. This study proposed an improved multi-criteria neural collaborative filtering (MC-
NCF) model for hotel recommendation using the Bali Hotel Review dataset. The proposed model integrated
user identity, hotel identity, and six structured hotel evaluation criteria to learn user preferences in a more
detailed and preference-sensitive manner. The experimental design was also strengthened through a more
reliable preprocessing and evaluation pipeline, including data splitting before scaling, training-based imputation
for missing values, and user ranking evaluation. The model was implemented using embedding-based neural
interaction learning to capture nonlinear relationships between users, hotels, and multi-criteria features. The
results showed that the proposed approach achieved stable and competitive performance across testing splits of
10%, 20%, 30%, and 40%. On the original rating scale, the model produced the best Root Mean Square Error
of 0.416400 and the lowest Mean Absolute Error of 0.351719. In addition, the ranking performance remained
consistently high, with Normalized Discounted Cumulative Gain values ranging from 0.976540 to 0.996243.
These findings demonstrated that the proposed approach provided an effective and robust solution for hotel
recommendation by leveraging structured multi-criteria preference information within a neural recommendation
framework.
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INTRODUCTION

The rapid growth of online travel platforms has significantly transformed hotel selection behavior (Majeed
et al., 2026; Payandenick et al., 2026). Travelers are now required to evaluate a large volume of heterogeneous
information, including hotel descriptions, prices, facilities, numerical ratings, and user-generated reviews (Alghamdi,
2025). Although such information increases transparency, it also intensifies information overload and makes the
decision process more complex. In the hospitality domain, this challenge is particularly critical because hotel
choice is inherently multi-attribute, involving not only price considerations but also service quality, room comfort,
cleanliness, accessibility, and perceived value. Therefore, recommender systems have become increasingly
important as decision-support tools for filtering alternatives and improving the relevance of hotel recommendations
(Liu et al., 2025; Panarto et al., 2024).

Several studies have investigated hotel recommendation systems using various computational approaches.
(Chen et al., 2021) proposed a personalized hotel recommendation method based on implicit relationships and user
preferences, which was effective in capturing hidden preference patterns. however, the model mainly relied on
user—item interaction information and did not explicitly incorporate structured multi-criteria hotel ratings. (Xiao
et al., 2022) introduced a recommendation model that combines review text features and node features within a
graph neural network framework, enabling richer representation of user and item characteristics; nevertheless, the
approach depends on more complex feature extraction and graph-based modeling. (Panarto et al., 2024) developed
a graph-based hotel recommendation model by integrating user—item interactions and hotel characteristics, which
improved relational representation in the recommendation process; however, such models may require more
complex data structures and computational resources. (Liu et al., 2025) proposed an adaptive hotel recommendation
system considering attribute importance and group consensus, which strengthened preference modeling in group
decision-making scenarios, but the model was less focused on integrating structured multi-criteria ratings into a
neural collaborative filtering framework. Therefore, although previous studies have improved hotel recommendation
performance through personalization, text-based representation, graph modeling, and adaptive preference learning,
the use of structured multi-criteria hotel ratings within a practical neural collaborative filtering architecture remains
insufficiently explored.

Despite these advances, existing hotel recommendation studies still leave an important methodological gap.
Several studies rely heavily on unstructured review text, while others require graph-based or consensus-based
architectures that may increase computational complexity. In addition, structured multi-criteria ratings such as
value, accessibility, service, room, cleanliness, and sleep quality have not been fully explored within a neural
collaborative filtering framework for hotel recommendation (Mastan et al., 2026). Therefore, this study proposes a
Multi-Criteria Neural Collaborative Filtering model that jointly learns user identity, hotel identity, and six structured
evaluation criteria to improve rating prediction and ranking quality. The objective of this study is to develop and
evaluate an MC-NCF model for hotel recommendation using the Bali Hotel Review Dataset.

The remainder of this paper is organized as follows. Section 2 describes the research method, including
the research design, dataset, preprocessing steps, model architecture, experimental setup, and evaluation metrics.
Section 3 presents the results and discussion, including quantitative findings, visual comparisons, performance
interpretation, and study limitations. Finally, Section 4 concludes the paper and outlines directions for future work.

METHOD

This research used a quantitative research approach with an experimental machine learning design, in which
the proposed recommendation model was trained and evaluated under multiple train-test split scenarios. The case
study of this research focused on hotel recommendation in Bali, Indonesia, using the Bali Hotel Review Dataset
(Alamsyah, 2023). The dataset was obtained from Mendeley Data and contains user—hotel interactions with overall
ratings and six evaluation criteria.

The preprocessing stage handled each variable group based on its characteristics. User and item identifiers
were converted into numerical indices through label encoding and then represented as dense latent vectors using
embedding layers. These vectors were combined to form the user—item interaction, which served as the collaborative
filtering component of the model. At the same time, the multi-criteria attributes value, accessibility, service, room,
cleanliness, and sleep quality were processed through missing value handling, imputation, and normalization
to obtain stable numerical inputs. The interaction features and the processed multi-criteria attributes were then
combined in a fusion layer within the MC-NCF framework and forwarded to a multilayer perceptron to learn
nonlinear relationships and predict hotel ratings. The model performance was finally evaluated using Root Mean
Square Error, Mean Absolute Error, and Normalized Discounted Cumulative Gain, as illustrated in Figure 1.
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Figure 1. Proposed approach using MC-NCF

Dataset

This study utilizes the Bali Hotel Review Dataset, which contains user-generated reviews and ratings
for hotels located in Bali, Indonesia (Alamsyah, 2023). The dataset provides rich information regarding user
preferences toward hotels through both overall ratings and multiple evaluation criteria. Each record in the dataset
represents a user—hotel interaction where a user provides ratings across several aspects of hotel services.

The presence of multiple rating criteria enables a more comprehensive representation of user preferences
compared to traditional recommender systems that rely solely on a single overall rating. By incorporating these
criteria, the recommendation model can capture nuanced user preferences and provide more personalized hotel
recommendations. The dataset consists of thousands of interactions between users and hotels, which allows the
proposed model to learn latent relationships between user behavior and hotel characteristics.

Data preparation and feature engineering

Before training the recommendation model, several preprocessing steps are performed to improve data
quality and ensure efficient learning. First, data cleaning is conducted to remove missing values and ensure that
all rating attributes fall within valid ranges. Any missing or inconsistent entries are filtered out to maintain data
integrity. Second, user IDs and hotel IDs are encoded into numerical indices. This encoding process transforms
categorical identifiers into integer representations that can be processed by embedding layers within the neural
network model. Third, rating normalization is applied to the multi-criteria attributes to ensure that all rating values
are within a comparable scale (Afkanpour et al., 2024; Shadbahr et al., 2023). Min—-Max normalization is used to
transform the ratings into a range between 0 and 1 (Li et al., 2024). This normalization helps stabilize the training
process and prevents certain criteria from dominating the learning process due to scale differences.

In addition, feature engineering is performed by constructing a multi-criteria feature vector consisting of the
following attributes: Value, Accessibility, Service, Room, Cleanliness, Sleep Quality. These attributes are treated as
additional inputs to the recommendation model, allowing it to capture the multi-dimensional evaluation of hotels
by users. Finally, the dataset was partitioned into training and testing subsets using four different ratios: 60:40%,
70:30%, 80:20%, and 90:10%. These varied split configurations were designed to provide a broader experimental
setting and to evaluate the robustness, consistency, and generalization capability of the proposed model across
different data partition scenarios. The training set is used to learn model parameters, while the testing set is used to
evaluate the performance of the proposed recommendation model.

Models

To enhance the accuracy of hotel recommendations, this study proposed a Multi-Criteria Neural Collaborative
Filtering (MC-NCF) model that integrates multi-dimensional rating criteria into the neural collaborative filtering
framework. The architecture of the proposed model consists of three primary components: embedding layers,
feature fusion, and a multi-layer perceptron network. First, user IDs and hotel IDs are transformed into dense vector
representations using embedding layers. These embeddings capture latent characteristics of users and hotels in a
low-dimensional space, allowing the model to learn hidden relationships between them. Let U represent the user
embedding vector and H represent the hotel embedding vector. These vectors encode latent factors that describe
user preferences and hotel attributes.
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Second, a multi-criteria rating vector is incorporated as an additional input to represent the user’s evaluation
of the hotel across multiple aspects. The criteria vector consists of Value, Accessibility, Service, Room, Cleanliness,
and Sleep Quality. The embeddings and criteria vector are then concatenated into a unified feature representation,
enabling the model to capture interactions between users, hotels, and rating criteria simultaneously. The combined
feature vector is fed into a Multi-Layer Perceptron (MLP) network consisting of several fully connected layers
with nonlinear activation functions (Darraz et al., 2025; Elahi et al., 2025). These layers enable the model to learn
complex nonlinear relationships that cannot be captured by traditional collaborative filtering approaches (Feng and
Hua, 2025; Hassanzadeh et al., 2025).

Finally, the output layer produces a predicted rating score, representing the estimated overall preference of a
user toward a particular hotel (Algahtani, 2025). To improve generalization and prevent overfitting, dropout and L2
regularization are applied during the training process (Morabbi et al., 2026; Yahia et al., 2025).

Experimental Setup
The proposed model is implemented using the Python programming language with the TensorFlow and Keras

deep learning libraries. These frameworks provide efficient tools for building and training neural network-based
recommender systems. The experiments are conducted using the following configuration settings Table 1.

Table 1. Hyper-Parameters Used in The Experiment For MC-NCF Models

Hyperparameter Values
Optimizer Adam
Learning rate 0.0001
Batch Size 256
Number of epochs 50

Embedding dimension 32
Activation function ReLU

The Adam optimizer is selected due to its ability to adapt learning rates dynamically during training, which
leads to faster convergence and improved model performance. To prevent overfitting, early stopping is applied
based on validation loss, allowing the training process to terminate once the model performance stops improving.
All experiments are conducted using the training dataset, while the testing dataset is used to evaluate the final
performance of the proposed model.

Evaluation Metric

Evaluation metrics play a crucial role in measuring the performance of recommendation systems (Tholib
et al., 2025; Priyanto et al., 2023) and determining how effective the system is at providing relevant recommendations
to users (Idrissi and Zellou, 2020). This study employed several evaluation metrics, namely Root Mean Square
Error (RMSE) and Normalized Discounted Cumulative Gain (NDCG). RMSE and MAE were used to measure
rating prediction accuracy, where lower values indicate better predictive performance (Widiyaningtyas et al., 2025;
Rezaimehr, 2024) In contrast, NDCG was used to evaluate the quality of the ranked recommendation list, where
higher values indicate that the recommended items are ordered more closely to the ideal relevance ranking (Guo
et al., 2023).

The formulas used in the calculation of RMSE and MAE can be found in Equation 1.

1 . 2
RMSE B \/'Ttesl' (,',j);‘m, (rij ) r[j) (1)

Where T.,; denotes the set of user-hotel interactions in the testing data, |T.| represents the total number of
interactions in the testing set, 7;; denotes the predicted rating given by user i for hotel j, and r;; represents the actual

rating given by user i for hotel j. The squared error term (7;; — r;;)* indicates the magnitude of prediction error for
each user-hotel interaction.

Mean Absolute Error (MAE) is a metric used to evaluate the accuracy of a predictive model, this metric
calculates the average magnitude of error in a set of predictions, without considering the direction of the error. The
Equation 2 as follows:

1 .
MAE = \/ITWI > (r,.j_,ij)2 )

(A, ))ET test

Where T,.; denotes the set of user-hotel interactions in the testing data, |T./| is the number of testing
interactions, 7;; represents the predicted rating of user i for hotel j, and r;; represents the actual rating. The absolute
error term |#;; — r;;| measures the absolute difference between the predicted and the actual rating.

NDCG is a metric used to assess the quality of the rankings generated by a recommendation algorithm
(Mansoury et al., 2021). This metric evaluates how closely the predicted item order approximates the ideal ranking
in Equation 3 and Equation 4.
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Where K denotes the number of top recommended hotels considered in the evaluation, prepresents the
position of a hotel in the recommendation list, and rel, denotes the relevance score of the hotel at position
p. DCG@K measures the cumulative relevance of recommended hotels by giving higher importance to items
appearing in higher positions. IDCG @K represents the ideal DCG value obtained from the best possible ranking
order. Finally, NDCG @K normalizes the DCG value by dividing it by the ideal DCG value, producing a score
between 0 and 1. A value closer to 1 indicates that the generated recommendation ranking is closer to the ideal
ranking.

RESULTS AND DISCUSSION

This section presents the experimental findings of the proposed Multi-Criteria Neural Collaborative Filtering
(MC-NCF) model on the Bali Hotel Review dataset. The analysis is organized into five parts, covering the experi-
mental overview, quantitative performance, visual comparison of the training process, discussion of the findings,
and reproducibility with study limitations. Through this structure, the section aims to provide a comprehensive
interpretation of how the proposed model performs and how the results relate to the research problem addressed in
this study.

Experimental Overview

This section presents the results of the proposed Multi-Criteria Neural Collaborative Filtering (MC-NCF)
model on the Bali Hotel Review dataset. The experiment was designed to evaluate whether structured multi-
criteria hotel ratings can improve both rating prediction accuracy and recommendation relevance within a neural
collaborative filtering framework. In accordance with the proposed method, the model jointly learns user identity,
hotel identity, and six hotel evaluation criteria, namely Value, Accessibility, Service, Room, Cleanliness, and Sleep
Quality.

The final dataset used in the experiment consisted of 5,798 user—hotel interactions involving 5,390 users
and 16 hotels. To evaluate robustness and generalization, the dataset was partitioned using four train-test ratios:
60:40, 70:30, 80:20 and 90:10. To ensure methodological reliability, the data preprocessing pipeline was designed
carefully. Missing values in the criteria features were imputed using the mean values derived from the training set
only, and Min—Max scaling was applied consistently after the data split. This design was intended to avoid data
leakage and to ensure that model performance reflects genuine generalization rather than artifacts of preprocessing.

The proposed MC-NCF model was implemented using TensorFlow, which provides an efficient and
flexible framework for building, training, and evaluating deep learning models with well-structured neural network
components (HN et al., 2025; Nolasco Jr et al., 2025). and trained for 50 epochs with the Adam optimizer. The
model used a learning rate of 0.0001, a batch size of 256, and an embedding dimension of 32. Early stopping was
also employed to monitor validation loss and reduce the possibility of overfitting. The evaluation was conducted
from two perspectives. First, prediction accuracy was measured using Root Mean Square Error (RMSE) and
Mean Absolute Error (MAE). Second, recommendation quality was assessed using user Normalized Discounted
Cumulative Gain at rank 10 (NDCG @ 10), which measures how well the predicted ranking aligns with the ideal
ranking for each user.

Quantitative Result

The quantitative results show that the proposed MC-NCF model achieved promising predictive performance
on the Bali Hotel Review dataset. In the normalized rating space, the model obtained an RMSE of 0.1415 and an
MAE of 0.1161. After transforming the predictions back to the original rating scale, the model achieved an RMSE
of 0.4245 and an MAE of 0.3484. These values indicate that the proposed model was able to estimate users’ rating
preferences with relatively low prediction error.

In addition to prediction accuracy, the model also demonstrated strong ranking performance. The user
evaluation produced NDCG @10 of 0.99624 for the evaluated users. This result indicates that, within the tested
setting, the model was able to rank relevant hotel items in a manner fully consistent with the ideal ranking derived
from the observed ratings. From a recommendation perspective, this is important because the practical objective of
a recommender system is not only to predict ratings accurately, but also to place the most relevant items at the top
of the recommendation list. Table 2 summarizes the main quantitative results obtained by the proposed model.

Table 2. Quantitative Performance of the Proposed MC-NCF Model
Metric Ratio 60:40%  Ratio 70:30%  Ratio 80:20%  Ratio 90:10%

RMSE 0.4250 0.4198 0.4164 0.4239
MAE 0.3772 0.3760 0.3559 0.3517
NDCG 0.9962 0.9952 0.9864 0.9765
Copyright ©2026 Author 5
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To examine the consistency of the proposed model under different train—test partitions, additional experiments
were conducted using testing proportions of 10%, 20%, 30%, and 40%. The results show that the model maintained
relatively stable performance across all settings. On the original rating scale, the best RMSE was obtained at the
20% testing split with a value of 0.4164, while the lowest MAE was achieved at the 10% testing split with a value
of 0.3517 and best accuracy in the NDCG on the ratio 40% testing split with a value of 0.99624, As the testing
proportion increased, the prediction error showed only a modest variation, indicating that the proposed MC-NCF
model remained reasonably robust under different data partition settings. Overall, these findings suggest that the
model has stable predictive capability and does not exhibit substantial performance degradation when evaluated

with a larger testing subset.
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Figure 2. Evaluation results in terms of RMSE and MAE across different train-test ratios

Figure 1 showed that the prediction errors remained relatively stable across different train-test ratios. The
RMSE values ranged from 0.41640 to 0.42501, while the MAE values ranged from 0.35171 to 0.37724. These
results indicate that the proposed model maintained consistent prediction accuracy under different data partition

settings.
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Figure 3. Evaluation results in terms of NDCG across different train-test ratios

As shown in Figure 3, showed that the ranking performance of the proposed model remained consistently
high across all train-test ratios. The NDCG values ranged from 0.97655 to 0.99624, indicating that the model was
effective in placing the most relevant hotel items at the top of the recommendation list. This result suggests that the
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proposed approach achieved strong ranking quality under different evaluation scenarios.
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Figure 4. Training and validation loss of the proposed MC-NCF model

As illustrated in Figure 4, the training and validation loss during 50 epochs. As shown in the figure, both
curves decreased sharply during the early training phase and then gradually stabilized. This pattern indicates that
the model was able to learn the main structure of user preference efficiently in the initial epochs, followed by a
more refined optimization process in later epochs. More importantly, the validation loss followed a decreasing trend
without severe instability, which suggests that the model maintained reasonable generalization performance on
unseen data.
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Figure 5. Training and validation MAE of the proposed MC-NCF model

As shown in Figure 5, presents the training and validation MAE curves. A pattern similar to the loss
curve can be observed. The MAE values dropped substantially in the early epochs and then converged more
gradually. Although the validation MAE showed minor fluctuations, it remained relatively close to the training
MAE throughout the learning process. This behavior indicates that the model did not suffer from severe overfitting
and that the selected hyperparameter configuration was adequate to maintain stable convergence.

Discussion

The results confirm that integrating multi-criteria hotel ratings into a neural collaborative filtering framework
is a meaningful approach for hotel recommendation. In contrast to conventional recommendation models that
mainly rely on overall ratings, the proposed model learns from six structured hotel evaluation criteria. This richer
representation enables the model to capture user preferences in a more detailed manner and better reflects the
multidimensional nature of hotel selection.

The relatively low RMSE and MAE values indicate that the proposed model was able to approximate users
overall hotel ratings with good precision. This finding is important because hotel selection is not determined by a
single factor. Instead, users typically assess hotels by considering several aspects simultaneously, such as service
quality, room condition, cleanliness, accessibility, and value. By incorporating these dimensions into the learning
process, the proposed model is better aligned with actual user decision behavior than recommendation models
based solely on single overall ratings.

The ranking performance also provides important evidence of the usefulness of the proposed approach.
In recommendation systems, accurate rating prediction alone is not sufficient if the ranking of relevant items is
poor. The strong NDCG @10 result suggests that the model was able to preserve the relative relevance order of
hotel recommendations effectively. This indicates that the model is not only suitable for score estimation, but also

s

Copyright ©2026 Author 7
Published by Universitas Bumigora


https://journal.universitasbumigora.ac.id/index.php/upgrade/index

Tholib, et al. https://journal.universitasbumigora.ac.id/index.php/upgrade/index

relevant for top-N recommendation scenarios in which the placement of highly relevant hotels near the top of the
list is crucial.

Another important contribution of this study lies in the experimental design. The improved pipeline avoids
several common methodological weaknesses, such as applying scaling before train—test splitting, performing
repeated normalization, or evaluating ranking quality without a user perspective. As a result, the reported findings
are supported not only by the model architecture itself, but also by a more technically sound and reliable evaluation
procedure. Therefore, the contribution of this study extends beyond model development and includes a more
rigorous implementation strategy for multi-criteria recommendation experiments.

Discussion

The results confirm that integrating multi-criteria hotel ratings into a neural collaborative filtering framework
is a meaningful approach for hotel recommendation. The proposed model learns from six structured hotel evaluation
criteria. This richer representation enables the model to capture user preferences in a more detailed manner and
better representation of the multidimensional nature of hotel selection. These findings aligned with previous studies,
which demonstrate that multi-criteria ratings outperform conventional single-rating collaborative filtering and
improve recommendation accuracy (Shambour et al., 2022; Zhong et al., 2021).

The relatively low RMSE and MAE values indicate that the proposed model was able to approximate users’
overall hotel ratings with good precision. This finding is important because hotel selection is not determined
by a single factor Instead, users typically assess hotels by considering several aspects simultaneously, such as
service quality, room condition, cleanliness, accessibility, and value (Le et al., 2022). By incorporating these
dimensions into the learning process, the proposed model is better aligned with actual user decision behavior than
recommendation models based solely on single overall ratings. This approach addresses an important limitation of
previous studies, many of which modeled user preferences using only aggregated ratings and therefore failed to
exploit the richer preference information contained in attribute-specific evaluations (Le et al., 2022; Monti et al.,
2021).

The ranking performance also provides important evidence of the usefulness of the proposed approach.
In recommendation systems, accurate rating prediction alone is not sufficient if the ranking of relevant items is
poor. The strong NDCG@ 10 result suggests that the model was able to preserve the relative relevance order of
hotel recommendations effectively. This indicates that the model is not only suitable for score estimation, but also
relevant for top-N recommendation scenarios in which the placement of highly relevant hotels near the top of the
list is crucial.

Another important contribution of this study lies in the experimental design. The improved pipeline avoids
several common methodological weaknesses, such as applying scaling before train—test splitting, performing
repeated normalization, or evaluating ranking quality without a user perspective. As a result, the reported findings
are supported not only by the model architecture itself, but also by a more technically sound and reliable evaluation
procedure. Therefore, the contribution of this study extends beyond model development and includes a more
rigorous implementation strategy for multi-criteria recommendation experiments.

Reproducibility and Limitation

This study was designed to support reproducibility. The experiment employed a clearly defined dataset,
explicit feature construction, documented preprocessing steps, and fixed hyperparameter settings. The proposed
model was implemented using widely adopted deep learning libraries, and the training process followed a transparent
pipeline involving train—test splitting, missing value imputation, scaling, model fitting, and performance evaluation.
In addition, the trained model and supporting encoders were stored in the notebook workflow, which facilitates
reuse and replication for future experiments.

Nevertheless, several limitations should be acknowledged. First, the dataset contains only 16 hotel items,
which means that the recommendation space is relatively small compared with real-world hotel booking platforms.
This condition may simplify the ranking problem and may limit the generalizability of the findings to larger
item spaces. Second, the ranking evaluation was conducted on a limited number of eligible users in the test
data. Therefore, although the NDCG @ 10 result is highly encouraging, it should still be interpreted with caution.
Third, the current experiment did not include a direct comparison against baseline models such as standard
Neural Collaborative Filtering NCF), matrix factorization, or other multi-criteria recommendation methods. As a
consequence, the current findings demonstrate the effectiveness of the proposed model internally, but do not yet
establish its relative superiority in a benchmark setting.

Another limitation is that the current model relies exclusively on structured rating criteria and does not
incorporate additional information such as textual reviews, temporal dynamics, travel context, or hotel metadata
beyond the selected criteria. These factors may provide complementary information that could further improve
recommendation quality. Future work should therefore consider comparative baseline experiments, larger and more
diverse hotel datasets, and the integration of unstructured or contextual features to strengthen the robustness and
generalizability of the proposed approach.

CONCLUSION

The This study addressed the limitation of hotel recommendation methods that relied primarily on overall
ratings and were therefore less capable of representing multidimensional user preferences. In response to this gap,
Multi-Criteria Neural Collaborative Filtering (MC-NCF) model was proposed using the Bali Hotel Review dataset.
The results showed that the proposed approach achieved stable and promising performance across multiple testing
splits, indicating that the integration of user identity, hotel identity, and six hotel evaluation criteria provided an
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effective basis for modeling hotel preferences. These findings were consistent with the research objective stated
in the Introduction and confirmed that structured multi-criteria information can improve hotel recommendation
performance within a neural collaborative filtering framework.

The study also showed that a more reliable preprocessing and evaluation pipeline contributed to technically
sound experimental results. From an application perspective, the proposed approach has potential to support
personalized hotel recommendation in digital tourism platforms. Future work may extend this study by including
larger datasets, comparative baseline models, textual reviews, contextual features, and temporal interaction patterns
to improve generalizability and practical deployment.
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