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Abstract: Hotels are one of the fastest-growing sectors in the tourism industry, and sen-
timent analysis plays a vital role in improving business performance and supporting
sustainable practices. This paper proposes a novel framework combining topic mining
and aspect-based sentiment analysis to examine 29,334 hotel reviews in Henan province in
China, with the aim of informing strategies for sustainable hotel development. Our results
reveal six key attributes of customer concern, particularly emphasizing family experiences,
which reflect Henan’s appeal as a family tourism destination. Additionally, we uncover
sentiment quadruples, including categories, aspect terms, opinion terms, and polarities,
thus enabling a dual-dimensional evaluation of factors influencing customer satisfaction.
The results reveal that service mainly influences overall category-level satisfaction, while
bed, front desk, and breakfast primarily drive aspect-level satisfaction. This study provides
valuable insights into customer feedback, offering empirical support for optimizing services
and guiding the sustainable strategic development of regional hotels.

Keywords: hotel online reviews; latent Dirichlet allocation; deep learning; topic mining;
aspect-based sentiment analysis; hotel sustainability

1. Introduction
The rapid development of the internet and social media has fundamentally reshaped

consumer decision-making, particularly in the hospitality sector [1,2]. Online reviews,
as a primary source of customer feedback, have become indispensable for both potential
customers and hotel managers [3]. Consumers increasingly rely on these reviews to inform
their choices, while hotel operators leverage them to gain valuable insights for service
improvement [4]. The emotions conveyed in these reviews not only reflect customers’
satisfaction with hotel services but also reveal their underlying needs and expectations [3].
In the post-COVID-19 era, shifting consumer behaviors and emotional expressions have
led to a profound transformation in the drivers of customer satisfaction [5,6]. As a result,
identifying the key determinants of customer satisfaction in this new context, and utilizing
sentiment analysis to uncover the nuanced emotional needs of customers, is crucial for
promoting the sustainable development of the hospitality sector.

Traditional sentiment analysis methods typically focus on document-level or sentence-
level sentiment classification, categorizing online reviews as either positive or negative [7].
However, this approach oversimplifies the complexity of customer feedback. Even in
predominantly negative reviews, customers often express positive sentiments about certain
aspects of their experience [8]. For instance, a customer might write, “The room was
clean, and the breakfast was delicious, but my biggest complaint is. . .”. Although the
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overall rating may be low, the comments about the room and breakfast are clearly positive.
Traditional sentiment analysis techniques often fail to capture these subtle emotional
variations [9]. In contrast, aspect-based sentiment analysis can identify multiple emotional
dimensions within a single review, allowing for a more precise understanding of customer
sentiment [9,10]. This approach provides deeper insights into customer emotions, enabling
hotel managers to refine their service optimization strategies more effectively.

Aspect-based sentiment analysis, a sophisticated method of text analysis, enables a
more thorough exploration of customer reviews through a structured analytical frame-
work [7]. Initially, large-scale online review data are collected through web scraping to
ensure that the sample is both comprehensive and representative [11]. Data preprocessing
follows to clean and filter out irrelevant or noisy data, maintaining the integrity of the
dataset for further analysis [11]. Topic mining techniques are then employed to identify key
themes and focal points within the reviews, revealing customers’ perceptions of various
aspects of hotel services, amenities, and overall experience [12]. During the data labeling
and model training phase, labeled data are used to train sentiment classification models,
enhancing the accuracy and precision of sentiment analysis [13]. Additionally, advanced
techniques such as entity recognition and relation extraction are used to uncover relation-
ships between specific emotional expressions and hotel service attributes, offering a deeper
understanding of customer sentiment [11]. This multi-step analytical process facilitates
a more accurate and nuanced interpretation of customer emotions, providing valuable
insights for service optimization and the development of sustainable strategies for the
hotel industry.

Previous studies have explored the determinants of customer sentiment in hotel ser-
vices through various methods of topic mining, including both manual content analysis
and computer-based text analysis [14]. Manual content analysis, however, is often subjec-
tive, relying heavily on the researcher’s interpretation and requiring substantial human
efforts to categorize themes [8]. This results in limited replicability and small sample
sizes, which may undermine the robustness of findings [15]. In contrast, computer-based
text analysis techniques, such as word frequency analysis and traditional topic modeling,
focus primarily on the frequency of terms without considering the contextual meaning
of words [8]. This often leads to generalized conclusions that may overlook important
emotional nuances. In response to these limitations, probabilistic topic models, such as
Latent Dirichlet Allocation (LDA), have emerged as the dominant approach for analyzing
hotel reviews [8]. LDA is capable of identifying latent topics within large-scale text data,
uncovering deeper structures of customer sentiment, and providing more reliable and
scalable results.

Furthermore, aspect-based sentiment analysis has traditionally relied on machine
learning algorithms like support vector machines and random forests. These methods often
require extensive manual feature engineering and struggle to capture the contextual rela-
tionships between words, which can lead to inaccurate sentiment classification, especially
in complex reviews. Recent advancements in deep learning have addressed these issues
with models like BERT-BiLSTM-CRF, which combine the strengths of Bidirectional Encoder
Representations from Transformers (BERTs), Bidirectional Long Short-Term Memory (BiL-
STM), and Conditional Random Fields (CRFs). BERT captures rich semantic features and
contextual information, BiLSTM processes long-range dependencies, and CRF enhances
entity recognition accuracy by constraining label predictions. This integrated approach has
shown promise in sentiment analysis tasks, particularly for processing complex emotional
content in customer reviews [16]. Furthermore, it enables the assessment of customer
aspect-based sentiment with larger sample sizes, reduced costs, and greater data collection
flexibility compared to traditional methods.
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In the post-COVID-19 era, luxury spending has steadily increased as consumer de-
mands evolve. The concept of luxury has garnered increasing attention, particularly within
the tourism and hospitality industries. The Asia–Pacific region constitutes the largest mar-
ket for luxury travel, accounting for approximately 33% of the market share [17]. Henan
Province, located in central China, has experienced remarkable growth in the tourism
industry in recent years [18]. Five-star hotels in the region have become increasingly piv-
otal in attracting both domestic and international visitors [19]. These hotels represent the
upper echelon of the Chinese hospitality industry and serve as benchmarks for service
quality, brand image, and market competitiveness. Therefore, analyzing luxury hotels in
Henan can provide insights representative of the broader Chinese luxury hotel sector [19].
Despite the growing demand for luxury hotels in Henan, systematic research on customer
sentiment and service optimization in this region remains limited. By focusing on five-star
hotels in Henan, this study aims to fill this research gap and provide actionable insights to
help hotel managers improve customer satisfaction, thereby contributing to the sustainable
development of the hotel industry in Henan and beyond.

The objective of this manuscript is to bridge the existing gaps by analyzing 29,334
online reviews of five-star hotels in Henan Province, collected from the Ctrip platform
between 2022 and 2024. To accomplish this objective, a comprehensive research framework
was developed that integrates the LDA topic model with the deep learning-based BERT-
BiLSTM-CRF model, combining both topic mining and aspect-based sentiment analysis.
First, LDA and content analysis were employed to identify and summarize key themes and
dimensions within the online reviews. Based on these findings, the data were annotated
to align with the identified themes. Finally, a BERT-BiLSTM-CRF model was trained to
perform aspect-based sentiment analysis, quantifying customer satisfaction and identify-
ing actionable insights. This framework enables the automatic extraction of dimensions
from customer reviews, quantifies satisfaction and importance, and pinpoints areas for
improvement. Beyond the hotel industry, this method serves as a versatile, automated tool
for analyzing consumer feedback across various economic domains, providing insights
into sustainable development practices.

2. Literature Review
2.1. Satisfaction in Luxury Hotels

Numerous theories and frameworks have been developed to explain customer satis-
faction. Oliver [20] validated the Expectation-Disconfirmation Model through experimental
and survey-based research, proposing that consumers form expectations before purchasing
a product and later compare their actual experience with those expectations. While this
model provides a solid foundation for understanding cognitive discrepancies, it may not
fully capture the emotional and subjective aspects of customers’ experiences. Parasura-
man, et al. [21] proposed the SERVQUAL model while identifying five key service quality
dimensions, which may not fully capture the nuances of specialized sectors like luxury hos-
pitality due to its focus on standardized services. Fornell, et al. [22] developed the Customer
Satisfaction Index model, which integrates expectations, perceived quality, and perceived
value to measure overall satisfaction; while comprehensive, the applicability of this model
may vary across regions and industries. In contrast, this study leverages sentiment analysis
of online reviews, a model that extracts customer sentiment from unstructured textual
data [23]. This approach addresses the limitations of traditional survey-based methods
by capturing the nuanced and often unsolicited feedback expressed in large volumes of
online reviews, providing a more comprehensive and contextually relevant understanding
of customer satisfaction.
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The sustained growth of the tourism accommodation sector, coupled with the in-
creasing demand for luxury experiences, has fueled scholarly interest in luxury hotel
brands [24,25]. Within the luxury hotel context, satisfaction can be conceptualized as an
overall evaluation of brand performance [26]. Recent studies have increasingly focused on
luxury hotel satisfaction within developing economies. For example, Shin and Jeong [27]
explored the impact of technology on luxury hotel guest satisfaction and loyalty. Khoi
and Le [17], Padma and Ahn [25] investigated the influence of perceived “coolness” on
satisfaction within the luxury hotel context. Padma and Ahn [25] analyzed big data in the
form of online reviews, using content analysis to identify key themes related to luxury hotel
service quality and applying critical incident techniques to examine the antecedents and
consequences of guest satisfaction and dissatisfaction. Ismail, Zahari, Hanafiah and Bala-
subramanian [26] collected experiential data from 482 customers of luxury hotel restaurants
through structured surveys and used structural equation modeling to validate that cus-
tomer brand personality had a positive and significant impact on their dining experience,
thereby influencing their satisfaction with luxury hotels.

While previous studies have often relied on questionnaires to understand the an-
tecedents of consumer satisfaction with hotel brands [28], the digital age has witnessed
the rise in online reviews and sentiment analysis as critical sources for studying customer
satisfaction [29]. In this context, big data analytics and deep learning techniques offer
promising opportunities for gathering online consumer insights [29]. However, the applica-
tion of big data analytics tools remains relatively underexplored [30]. Therefore, developing
innovative approaches to monitor online reviews is essential for understanding the unique
characteristics of luxury hotels. Deep learning techniques hold substantial potential in
facilitating this monitoring process [29].

2.2. Sentiment Analysis of Online Reviews

Online reviews, published by consumers on e-commerce platforms or social network-
ing applications, serve as third-party evaluations that facilitate user interaction and assist
potential buyers in making informed decisions [31,32]. Sentiment analysis is widely applied
in online review research, spanning various domains such as recommendation systems,
e-commerce, agriculture, tourism, crowdsourcing service provider selection, online course
evaluations, and hospital reviews [9]. For instance, it examined Japanese restaurant reviews
in English at Yelp.com and those in Japanese at Yelp.co.jp, demonstrating that Japanese
customers have significantly different sentiment distribution patterns on four basic at-
tributes of dining experience than Western customers. A sentiment analysis method was
used to extract the sentiment index from the content of each online review, and historical
sales data were developed for product sales forecasting. It proposed an improved word
representation method that incorporates sentiment information into the traditional TF-
IDF algorithm, generating weighted word vectors to more effectively capture contextual
information and improve the representation of comment vectors. Chan and Chong [33]
proposed a sentiment analysis engine, which takes advantage of linguistic analyses based
on grammar and addresses key questions related to the explosion of interest in how to
extract insight from unstructured data and how to determine if such insight provides any
hints concerning the trends of financial markets. Additional questions were how to identify
the structure of online restaurant reviews and examine the influence of review attributes
and sentiments on restaurant star ratings.

2.3. Review of Aspect-Based Sentiment Analysis

Aspect-based sentiment analysis, an important branch of natural language processing,
focuses on extracting specific sentiment information related to different aspects or entities
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within a text [7]. Unlike traditional coarse-grained sentiment analysis, which primarily
examines the overall sentiment polarity of a text, aspect-based sentiment analysis delves
deeper into the emotional attitudes expressed towards specific aspects or attributes within
the text. Aspect-based sentiment analysis has evolved significantly over the years, with
three main phases of development: lexicon-based, traditional machine learning-based, and
deep learning-based approaches [34].

Early aspect-based sentiment analysis methods relied on lexicon-based techniques,
using predefined sentiment dictionaries to identify sentiment-related words associated
with specific aspects [9]. These methods were straightforward but limited in their ability
to handle emerging vocabulary, sarcasm, and contextual nuances. As a result, the field
shifted towards machine learning-based approaches, which employed feature engineering
and supervised learning algorithms (e.g., Naive Bayes and SVM) to classify sentiment
related to specific aspects [7]. While these models improved scalability and flexibility, they
still struggled with capturing complex and contextual sentiment expressions, prompting
further advancements.

The most significant breakthrough in aspect-based sentiment analysis came with
deep learning-based approaches. Deep learning-based approaches leverage contextual
sequential information to extract textual features and semantic information for sentiment
analysis. For instance, a stacked ensemble method was proposed for predicting the degree
of intensity for emotion and sentiment by combining the outputs obtained from several
deep learning and classical feature-based models using a multi-layer perceptron network.
A deep learning-based sentiment analysis method was introduced that combines TF-IDF
weighted Glove word embeddings with a CNN-LSTM architecture to analyze product
reviews from Twitter. In a previous study, an efficient sentiment classification system
was developed for instructor evaluation reviews by adopting a deep learning paradigm.
A layered deep learning model was designed to capture sequential information within
market snapshot series, constructed from technical indicators and news sentiment, for
stock prediction purposes. Bello, et al. [35] extended this research by applying BERT for
text classification in natural language processing tasks, demonstrating that BERT and its
variants can effectively express sentiment based on user context.

3. Materials and Methods
This study employed a systematic five-step approach. Firstly, we collected and prepro-

cessed a comprehensive dataset of online reviews from five-star hotels in Henan Province
via the Ctrip platform. Secondly, we applied the LDA model to identify the optimal number
of topics and extract the core dimensions of luxury hotels. Thirdly, we manually annotated
2000 reviews to train a BERT model, creating an aspect-based sentiment analysis framework
specifically designed for Henan’s hotel reviews. Fourthly, we deployed the BERT-BiLSTM-
CRF model across the entire dataset to compute satisfaction and importance scores for
each dimension. Finally, we analyzed the findings to identify customer priorities and
propose targeted recommendations for enhancing hotel management and service quality.
The overall framework is presented in Figure 1.
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Figure 1. A conceptual framework for aspect-based sentiment analysis of hotels.

3.1. Latent Dirichlet Allocation (LDA)
3.1.1. LDA Model

LDA is a Bayesian generative probabilistic model widely used for topic mining in large-
scale textual datasets [36]. The model operates on three hierarchical layers: documents,
topics, and words. Each document is conceptualized as a mixture of latent topics, and
each topic is represented by a probabilistic distribution of words. Both document-to-topic
and topic-to-word relationships follow multinomial distributions, governed by parameters
derived from Dirichlet distributions.

The generative process of LDA begins by sampling parameters for topic distributions
using the Dirichlet distribution, followed by randomly generating a topic distribution for
a document. For each word position within a document, a topic is selected based on this
distribution, and a word is then generated using the topic’s word distribution. This process
is repeated for all words in the document and extended to the entire corpus. By efficiently
capturing context-specific topics, LDA is particularly suited for analyzing unstructured
online reviews, providing a robust foundation for extracting meaningful insights. Figure 2
outlines the steps of the LDA model.

Sustainability 2025, 17, x FOR PEER REVIEW 6 of 23 
 

 

Figure 1. A conceptual framework for aspect-based sentiment analysis of hotels. 

3.1. Latent Dirichlet Allocation (LDA) 

3.1.1. LDA Model 

LDA is a Bayesian generative probabilistic model widely used for topic mining in 

large-scale textual datasets [36]. The model operates on three hierarchical layers: docu-

ments, topics, and words. Each document is conceptualized as a mixture of latent topics, 

and each topic is represented by a probabilistic distribution of words. Both document-to-

topic and topic-to-word relationships follow multinomial distributions, governed by pa-

rameters derived from Dirichlet distributions. 

The generative process of LDA begins by sampling parameters for topic distributions 

using the Dirichlet distribution, followed by randomly generating a topic distribution for 

a document. For each word position within a document, a topic is selected based on this 

distribution, and a word is then generated using the topic’s word distribution. This pro-

cess is repeated for all words in the document and extended to the entire corpus. By effi-

ciently capturing context-specific topics, LDA is particularly suited for analyzing unstruc-

tured online reviews, providing a robust foundation for extracting meaningful insights. 

Figure 2 outlines the steps of the LDA model. 

 

Figure 2. The basic working principle of LDA. 

3.1.2. LDA Parameters 

Topic perplexity measures the uncertainty of assigning a document to a given topic 

[37]. A lower perplexity indicates a better fit of the topic model to the data. However, as 

the number of topics increases, perplexity typically decreases before plateauing, 

Figure 2. The basic working principle of LDA.

3.1.2. LDA Parameters

Topic perplexity measures the uncertainty of assigning a document to a given topic [37].
A lower perplexity indicates a better fit of the topic model to the data. However, as the
number of topics increases, perplexity typically decreases before plateauing, suggesting
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that further increases in topics no longer improve model performance. The perplexity
calculation is defined as

Perplexity = exp

(
−∑D

d=1 log P(Wd)

∑D
d=1 Nd

)
(1)

where D represents the total number of documents, P(Wd) is the probability of generating
document d, and Nd is the total number of words in document d.

Topic coherence evaluates the semantic consistency of high-probability words within a
topic and the distinctiveness between different topics [37]. A higher coherence score reflects
better differentiation and interpretability of the topics generated by the model. Coherence
is calculated using the following formula:

Cv =
1

pairs ∑
wi ,wj∈T

PMI
(
wi, wj

)
(2)

PMI
(
wi, wj

)
= log

P
(
wi, wj

)
P(wi)P

(
wj
) (3)

where T is the set of keywords for a given topic, wi and wj are two words within the same
topic, and PMI

(
wi, wj

)
(Pointwise Mutual Information) quantifies the likelihood of their

co-occurrence. High PMI values indicate a stronger association between the words within
the same topic.

3.2. Deep Learning

This study proposes a deep learning approach for aspect-based sentiment analysis by
utilizing the BERT-BiLSTM-CRF model to automatically extract sentiment-related aspects
and opinions from text. The model combines named entity recognition (NER) and relation
extraction (RE) tasks, aiming to improve the extraction of relevant sentiment information at
the aspect level. The model architecture is illustrated in Figure 3.
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3.2.1. AOCP Annotation

In aspect-based sentiment analysis, it is crucial not only to identify the categories and
polarities within a sentence but also to accurately align aspect terms with opinion terms [38].
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To address this need, we developed an AOCP annotation system, where “A” represents
aspect terms, “O” stands for opinion terms, “C” refers to the category, and “P” indicates
the polarity of the sentence. This system supports multi-task joint learning, allowing
various sub-tasks of aspect-based sentiment analysis to be integrated into a unified model.
This integration ensures comprehensive optimization rather than local optimization, thus
enhancing the effectiveness of aspect-based sentiment analysis. The AOCP annotation
process comprises four main steps:

What (aspect terms annotation): This step involved extracting specific attributes
mentioned in the text to understand the focal points of user attention.

Why (opinion terms annotation): We extracted sentiment-related vocabulary associ-
ated with these attributes to gauge users’ attitudes or feelings toward each aspect.

How (polarities annotation): The extracted sentiment terms were classified by polarity,
determining whether the sentiment expressed was positive or negative, thereby allowing
for an assessment of user satisfaction.

Where (categories annotation): This dimension involved identifying the specific cate-
gories to which the aspect and sentiment terms belong, enabling a more systematic analysis
and organization of information to better understand user feedback characteristics across
different categories.

3.2.2. BERT Model

BERT is a pre-trained language model based on the transformer architecture. Each
transformer layer contains a multi-head self-attention mechanism and a feedforward neural
network that work together to enhance the model’s ability to handle complex semantics.
This structure not only allows the model to better understand the nuances of language
but also achieves higher accuracy in sentiment analysis tasks. Figure 4 illustrates the
basic principles of BERT for sentiment analysis. In the figure, “Class Label” represents
the classification label, which is the target category that the model needs to predict, while
“Sentence 1” and “Sentence 2” represent different input sentences [39].
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The self-attention mechanism in the Transformer layer can be mathematically ex-
pressed as

Attention(Q, K, V) = so f tmax
(

QKT
√

dk

)
V (4)
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where Q, K, V are the Query, Key, and Value matrices, obtained through different linear
transformations of the input.

3.2.3. BiLSTM Model

LSTM is a type of neural network model designed to process sequential data. It
consists of an input gate, a forget gate, an output gate, and memory cells, as shown in
Figure 5. Unlike traditional neural networks, LSTM is more suitable for handling long
sequences, such as those found in online review data. However, a unidirectional LSTM
model can only process information in one direction, which limits its ability to capture
context from both the past and future. To overcome this limitation, this study employs a
BiLSTM model. The BiLSTM model consists of two LSTM units, one processing information
in the forward direction and the other in the backward direction, allowing the model to
capture context from both directions and better understand long-range dependencies in
the input sequence [40].
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The computation formulas for the gates in the BiLSTM layer are as follows:

it = σ (Wxixt + Whiht−1 + Wcict−1 + bi)

zt = tanh (Wxcxt + Whcht−1 + bc)

ft = σ (Wxfxt + Whfht−1 + Wcfct−1 + bf)

ct = ftct−1 + itzt

ot = tanh (Wxoxt + Whoht−1 + Wcoct + bo)

ht = ottanh (ct)

(5)

where it, ft and ot control the flow of information into, out of, and within the memory cell ct,
which stores long-term information, and ht represents the short-term output. zt introduces
updates at each time step. The weights Wxi, Wxc, Wxf, Wxo, etc., connect the input layer,
hidden layer, and gates, while the bias terms bi, bc, bf, bo adjust computations. Activation
functions sigmoid σ and tanh ensure non-linearity and stability.

3.2.4. CRF Model

The BiLSTM model effectively captures long-range dependencies in sequences but
struggles to account for dependencies between adjacent labels. To address this, a CRF
model is incorporated. The CRF models the dependencies between labels by defining
transition scores and ensures that the predicted label sequences are globally optimal [41].
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The probability of a label sequence Y = {y1, y2, . . . , yn} given an input sequence
X = {x1, x2, . . . , xn} is defined as

P(Y|X) =
exp

(
∑n

i=1
(

Ayi−1,yi + Pi,yi

))
∑Y′ exp

(
∑n

i=1

(
Ayi−1,y′i

+ Pi,y′i

)) (6)

where Pi,yi is the score from the BiLSTM layer for the label yi at position i, and Ayi−1,yi

represents the transition probability from label yi−1 to yi. By leveraging dynamic program-
ming, the CRF layer computes the globally optimal label sequence, capturing dependencies
between labels and improving sequence labeling performance.

3.2.5. Evaluation Metrics

Aspect-based sentiment analysis can be considered a specialized form of text classifi-
cation, so its evaluation metrics are similar to those used in text classification tasks. This
study selected four key metrics to evaluate the performance of the models: accuracy, preci-
sion, recall, F1-score, and loss. Together, these metrics form a comprehensive evaluation
framework for assessing the models.

Accuracy measures the overall correctness of predictions and is defined as

Accuracy =
TP + TN

TP + TN + FP + FN
(7)

Precision indicates the proportion of correctly predicted positive samples among all
samples predicted as positive:

Precision =
TP

TP + FP
(8)

Recall represents the proportion of correctly predicted positive samples among all
actual positive samples:

Recall =
TP

TP + FN
(9)

F1-score is the weighted harmonic mean of precision and recall:

F1 − score =
2PR

P + R
(10)

where TP represents true positives (correctly predicted positive cases), FP represents false
positives (incorrectly predicted positive cases), FN represents false negatives (incorrectly
predicted negative cases), TN represents true negatives (correctly predicted negative cases).

The loss function quantifies the discrepancy between the model’s predictions and the
actual labels, guiding the optimization process. In this study, the Cross-Entropy Loss is
employed, defined as follows:

Lstart = − 1
N

N

∑
i=1

ystart
i log

(
pstart

i
)

(11)

Lend = − 1
N

N

∑
i=1

yend
i log

(
pend

i

)
(12)

where N denotes the sequence length in the sample, ystart
i and yend

i represent the ground
truth labels for the start and end positions, respectively, while pstart

i and pend
i are the
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predicted probability distributions for the start and end positions. The total loss is computed
as the sum of the start and end losses:

L = Lstart + Lend (13)

3.3. Study Area and Data

Henan Province, one of China’s most populous regions and a key tourist destination in
China, has experienced remarkable growth in its tourism sector, driven by its rich historical
and cultural heritage (see Figure 6). Strategically located in central China, Henan serves
as a major transportation hub, making its hotel industry increasingly vital for meeting
the demands of both domestic and international travelers. Existing literature on hotel
customer satisfaction predominantly focused on China’s developed coastal regions, leaving
a research gap concerning inland provinces. As a representative inland region, Henan
offers a valuable context for examining hotel industry dynamics. However, despite the rise
in the number of five-star hotels in Henan, studies on customer satisfaction and sentiment
analysis, particularly aspect-based sentiment analysis that captures detailed customer
preferences, remain scarce. This study investigated customer satisfaction in five-star hotels
within Henan Province, employing the LDA topic model and BERT-BiLSTM-CRF model to
identify key themes and sentiment characteristics in customer reviews. The findings are
likely to provide empirical insights that support service improvements in regional hotels
and contribute to a deeper, more nuanced understanding of customer preferences in this
underexplored context.
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The data used in this study were sourced from 29,334 reviews of five-star hotels in
Henan Province, collected from the Ctrip website between January 2022 and May 2024.
The dataset was first preprocessed, including data cleaning, tokenization, and stop-word
removal. Data cleaning removed irrelevant and erroneous entries, while tokenization
segmented the text into individual words or phrases. Stop-word removal filtered out
common terms that might interfere with sentiment analysis. Feature extraction and manual
annotation were then carried out, where key features were identified, categorized, and
labeled for sentiment analysis.
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4. Results
4.1. Topic Mining of Hotels Based on LDA Model
4.1.1. Determining the Number of Topics

The number of topics is a crucial parameter in the LDA model, directly influencing the
effectiveness of topic mining and the interpretability of the results. In this study, the number
of topics was determined using the Gensim natural language processing library [42]. We
computed perplexity and coherence values for different topic numbers and plotted them to
evaluate the optimal topic count. Generally, lower perplexity values indicate better model
performance in predicting text sequences, while higher coherence values suggest better
interpretability and topic differentiation.

Figure 7 clearly shows that the highest coherence value was achieved with 15 topics,
indicating that the topics were highly interpretable. While the perplexity value was rela-
tively high, coherence is prioritized in LDA topic modeling, particularly when the goal is
to enhance topic interpretability. Therefore, we selected 15 topics as the optimal number
for this study, based on the balance between coherence and perplexity, which provided the
most meaningful topic structure for the reviews.
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4.1.2. Topic Mining

Topic mining was performed using the LDA model, implemented through the Gen-
sim library, to automatically extract latent semantic themes from the corpus of online
reviews. Following Luo, et al. [43], the initial 15 topics identified by the LDA model were
thematically aggregated into six overarching attributes characterizing the luxury hotel
experience: service, facilities, environment, dining, convenience, and family experience.
The correspondence between the initial topics and these aggregated attributes is presented
in Table 1.

Service Dimension: This dimension includes aspects closely related to service quality,
such as front desk reception, check-in and check-out efficiency, as well as staff attitude and
problem-solving capabilities. Keywords such as “service”, “front desk”, “attitude”, and
“arrangements” reflect customer concerns regarding service processes and staff interactions.

Facilities Dimension: This dimension focuses on both hardware and software aspects
of the hotel, including beds, air conditioning, décor, and bathrooms, reflecting customer
expectations for comfort and the availability of amenities.

Environment Dimension: This dimension emphasizes the overall ambiance and cleanli-
ness of the hotel. Keywords such as “cleanliness”, “quiet”, “hygiene”, and “air” suggest that
customers have high expectations for the comfort, tranquility, and tidiness of the environment.
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Table 1. The six core dimensions and their corresponding topics and keywords.

No. Dimension Relevant Topic Keywords Included Explanation

1 Service 2, 3, 6, 14, 15
Service, front desk, check-in,

handling, arrangement,
pick-up, etc.

Covers keywords related to service
quality, such as front desk and

attitude, involving check-in
experience, problem-solving,

and more.

2 Facilities 8, 12
Facilities, air conditioning,
equipment, completeness,

decoration, bed, etc.

Primarily includes hardware and
software facilities, as well as in-room

accommodation amenities.

3 Environment 7, 9
Environment, cleanliness,

hygiene, ambiance, air,
cleanliness, etc.

Focuses on the overall environment
and atmosphere of the hotel,

including cleanliness, quietness,
comfort, and more.

4 Dining 4, 11, 13
Breakfast, buffet, late-night

snacks, taste, restaurant,
flavor, etc.

Involves the quality and experience of
breakfast and dining services,

including the variety and taste of
breakfast items.

5 Convenience 1, 5, 13

Location, transportation,
high-speed rail, airport,

tourist attractions,
surroundings, etc.

Pertains to the convenience and
accessibility of the hotel, including its
location, transportation, proximity to

tourist spots, and transport hubs.

6 Family
Experience 10, 7

Kids, little ones, family,
children, amusement park,

baby, etc.

Relates to the experience of family
customers, assessing whether the

hotel is suitable for families and what
child-related facilities are provided.

Dining Dimension: This dimension focuses on the quality and taste of meals, including
breakfast, buffet, and restaurant services, reflecting customer feedback on the variety of
dishes, freshness of ingredients, and dining services.

Convenience Dimension: This dimension reflects the hotel’s location and transporta-
tion convenience, including proximity to transportation hubs, tourist attractions, and
nearby amenities. Keywords such as “location”, “transportation”, and “parking” indicate
customer emphasis on the ease of access to the hotel.

Family Experience Dimension: Primarily aimed at family tourists, this dimension
evaluates whether the hotel is suitable for children and families, such as offering play
facilities and children’s meals. Keywords such as “children”, “family”, and “kids” highlight
the demand for services tailored to family and child-friendly accommodations.

4.1.3. Data Annotation

Based on the six key dimensions identified earlier, we classified hotel reviews into
six distinct categories: convenience, service, dining, environment, facilities, and family
experience. A random sample of 2000 reviews was selected, which underwent categoriza-
tion, cleaning, and sentence segmentation. The samples were then annotated using the
AOCP annotation system, resulting in a total of 5981 annotated sentences. Table 2 presents
a subset of the annotated data for reference.

To present the annotated data in a more structured format that facilitates subsequent
input into models for training and prediction, a crucial step involved standardizing the
AOCP annotation format into a structured annotated dataset. To achieve this, we utilized
Python (PyCharm 2021.3) to transform the data to meet the requirements of the annotated
data format. The sequence labeling format separates the text and labels, employing an
array of labels to indicate the category of each word. Labels are represented in a tagging
format (e.g., “O”, “B-Service”), making it suitable for NER and sentiment analysis tasks.
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In contrast, the annotated data format includes text, start and end positions, and aspect
information, which is well-suited for tasks requiring detailed positional information, such
as aspect-based sentiment analysis. An example of the transformed data format is presented
in Table 3.

Table 2. Sample annotated data from online reviews.

ID Aspect
Terms A-Start A-End Opinion

Terms O-Start O-End Categories Polarities Text

1 Breakfast 1 2 Plentiful 3 4 Dining Positive The breakfast is
plentiful

2 Attitude 1 2 Friendly 4 5 Service Positive The attitude is very
friendly

3 Equipment 1 2 Outdated 4 5 Facilities Negative The equipment look
rather outdated

4 Breakfast 1 2 Good 4 5 Dining Positive The breakfast is
also good

5 Cleaning
lady 1 3 Attentive 5 6 Service Positive The cleaning lady

was very attentive

6 Service
staff 1 3 Enthusiastic 5 6 Service Positive The service staff are

very enthusiastic
. . .. . .

Table 3. Example of AOCP annotation data converted to structured annotation format.

Example 1: Sequence Labeling Format Example 2: Annotated Data Format
“text”: [“The”, “ Service”, “of”, “Dream”,
“Back”, “to”, “the”, “Tang”, “Dynasty”,

“is”, “also”, “good”], “labels”: [“O”, “O”,
“O”, “O”, “B- Service”, “I- Service”,

“B-Positive”, “I-Positive”, “I-Positive”]

“id”: 3639, “text”: [“The”, “scenery”, “is”,
“beautiful”], “start”: [0, 0, 1, 0], “end”: [0,

0, 0, 1], “aspect”: “scenery”

4.2. Aspect-Based Sentiment Analysis of Hotels Based on Deep Learning
4.2.1. Model Training for Aspect-Based Sentiment Analysis of Hotels

To conduct a more detailed sentiment analysis of hotel online reviews, we employed
the BERT-BiLSTM-CRF model, which supports multi-task joint learning and integrates
various sub-tasks of aspect-based sentiment analysis. This model uses contextual semantic
understanding to perform nuanced sentiment analysis of hotel reviews. Using the AOCP-
annotated dataset, we conducted a joint analysis of NER and RE, enabling the extraction
of review categories along with their sentiment insights, as well as aspect-based aspect
and sentiment extraction. The model was trained over six epochs with a learning rate of
3 × 10−5, utilizing the Adam optimizer and a batch size of 64.

Table 4 presents the evaluation results of the NER task of the BERT-BILSTM-CRF model
across six categories. While some categories, such as dining and environment, exhibited
relatively lower recall and precision, the overall performance indicates that the model has
strong entity recognition capabilities. Notably, the model achieved F1-scores of 0.84 and
0.82 in the family experience and convenience categories, demonstrating excellent precision
and recall. These results suggest that the model is capable of effectively recognizing entities
within these categories and providing a reliable foundation for subsequent tasks.

Table 4. BERT-BILSTM-CRF model NER training results.

Categories Precision Recall F1-Score
Family Experience 0.83 0.84 0.84

Convenience 0.88 0.78 0.82
Service 0.68 0.70 0.69

Environment 0.69 0.62 0.65
Facilities 0.62 0.68 0.65
Dining 0.76 0.42 0.54
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The performance of the BERT-BiLSTM-CRF model for RE was evaluated based on
training loss and classification accuracy. As shown in Figure 8, the model’s loss values de-
creased from 1.31 to 0.02 throughout the training process, indicating successful convergence
and gradual improvement in the model’s ability to predict relationships. After training, the
model was evaluated on a test set consisting of 971 instances, of which 808 were correctly
classified, resulting in an overall accuracy of 83.21%. This accuracy suggests that the BERT-
BiLSTM-CRF model is able to effectively capture and predict the relationships between
entities in the dataset, achieving a reasonable level of performance for the task.
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4.2.2. Results for Aspect-Based Sentiment Analysis of Hotels

By utilizing the trained BERT-BILSTM-CRF model, we conducted an aspect-based
sentiment analysis on hotel review data, extracting sentiment tuples consisting of aspect
terms, opinion terms, categories, and polarities, as detailed in Table 5.

Table 5. Selected results of aspect-based sentiment analysis using the BERT-BiLSTM-CRF.

Text Category Relation

Service is friendly ‘Service’: [(‘Service’, 0, 1)], ‘Positive’:
[(‘Friendly’, 2, 3)] [(‘Service’, ‘Friendly’, ‘Positive’)]

The bed is very comfortable ‘Facilities’: [(‘Bed’, 1, 2)], ‘Positive’:
[(‘Very comfortable’, 4, 5)] [(‘Bed’, ‘Very comfortable’, ‘Positive’)]

Parking is also very convenient ‘Convenience’: [(‘Parking’, 0, 1)],
‘Positive’: [(‘Convenient’, 4, 5)] [(‘Parking’, ‘Convenient’, ‘Positive’)]

The hotel’s breakfast has a wide
variety

‘Dining’: [(‘Breakfast’, 2, 3)],
‘Positive’: [(‘Wide variety’, 5, 7)] [(‘Breakfast’, ‘Wide variety’, ‘Positive’)]

The hotel’s environment is
excellent

‘Environment’: [(‘Environment’, 2,
3)], ‘Positive’: [(‘Excellent’, 4, 5)] [(‘Environment’, ‘Excellent’, ‘Positive’)]

Hygiene is clean ‘Environment’: [(‘Hygiene’, 0, 1)],
‘Positive’: [(‘Clean’, 2, 3)] [(‘Hygiene’, ‘Clean’, ‘Positive’)]

The taste is good ‘Dining’: [(‘Taste’, 0, 1)], ‘Positive’:
[(‘Good’, 3, 4)] [(‘Taste’, ‘Good’, ‘Positive’)]

. . . . . . . . .

4.3. Aspect-Based Visualization
4.3.1. Overall Sentiment Visualization of Hotels

Based on the results of deep learning-based sentiment analysis, the satisfaction and
importance of each category and its associated aspect terms were quantified. Satisfaction
is defined as the proportion of positive reviews for a specific aspect relative to the total
number of reviews for that aspect, while importance is determined by the proportion of
reviews mentioning that aspect relative to the total number of reviews. The results of the
satisfaction and importance analysis across various categories are presented in Figure 9.
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The service category received the highest satisfaction score of 87.5, indicating that
respondents were generally satisfied with the quality of service. Additionally, it also
exhibited the highest score of importance, suggesting that service quality is a key factor
influencing overall satisfaction.

In comparison, the facilities and environmental categories showed varying levels
of satisfaction and importance. The facilities category received a moderate satisfaction
score of 63.82, with a relatively low importance score of 27.06. This implies that while
facilities are important to satisfaction, they are less critical compared to service in shaping
overall satisfaction.

The environment category, however, achieved the highest satisfaction score of 94.75,
but had a relatively low importance score of 15.45. This indicates that while respondents
were highly satisfied with the environment, they did not perceive it as a major driver of
their overall experience. The convenience category received a satisfaction score of 89.32
and an importance score of 10.55, indicating that while convenience is a valued aspect of
the experience, it plays a less significant role compared to service or facilities.

Similarly, the dining category, with a satisfaction score of 80.56 and an importance
score of 9.74, showed that while food and beverage quality is important, it is less important
than service and facilities. Lastly, the family experience category received the lowest
satisfaction score of 79.78, with an even lower importance score of 3.36. This indicates that
while family-related services are somewhat valued, they have a minimal impact on the
overall experience.

These results suggest that while service and environment are the most critical categories
influencing satisfaction, the importance of facilities, convenience, and dining should not be
overlooked. Future improvements in service quality and facility offerings, with a particular
focus on enhancing the overall environment, may further enhance customer satisfaction.

4.3.2. Fine-Grained Sentiment Visualization of Hotels

Using the BERT-BiLSTM-CRF model, the aspect-based sentiment analysis identified a
total of 826 aspect terms. Aspect terms with a frequency greater than 100 were presented in
Figure 10.
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Figure 10. IPA chart of aspect terms across six categories for five-star hotels in Henan Province. Note:
The figure presents IPA charts for six categories: (a) convenience, (b) dining, (c) facilities, (d) service,
(e) family experiences, and (f) environment. Quadrant thresholds are determined by the mean scores
of satisfaction and importance (indicated by red lines). I = maintain current efforts; II = potential
overemphasis; III = low priority; IV = focus attention here.

In categories of convenience, customers generally expressed high satisfaction with the
convenience of transportation. The aspect terms “transportation” and “location” received
particularly high scores. However, “parking lot” had a lower score, reflecting the need for
improvements in parking-related facilities.

In categories of dining, “taste” received a relatively high score, especially for breakfast
and buffet offerings. However, the reviews for “dishes” and “restaurant” were lower,
indicating notable variability in the overall dining experience.

In categories of facilities, customers were generally satisfied with the “view” and
“design”. However, dissatisfaction was evident with basic infrastructure aspects such
as “air conditioning” and “showerhead”, signaling an urgent need for improvement in
these areas.

In categories of service, customers expressed high satisfaction with “attitude” and
“pickup and drop-off”. However, areas such as “takeout” and “management” emerged as
notable weaknesses in the overall service experience.
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In categories of family experiences, “children’s activity facilities” received high recog-
nition, but unmet customer expectations remain regarding the comprehensiveness and
detailed design of children-related services.

In categories of environment, “cleanliness” and “comfort” received exceptionally high
satisfaction scores, demonstrating the hotel’s strong performance in creating a pleasant
environment. However, “odor” was a significant issue, highlighting an area that requires
immediate attention from management.

The aspect-based sentiment analysis reveals that Henan’s five-star hotels generally
perform well in key areas such as transportation convenience, service attitude, cleanliness,
and location, with high customer satisfaction in these aspects. However, there are areas
needing improvement, particularly outdated infrastructure such as air conditioning and
bathrooms, as well as parking facilities. While the dining experience is praised for taste,
concerns about the variety and uniqueness of offerings, especially at breakfast, were
noted. Family-friendly services also require enhancement, particularly in the design of
children’s facilities.

Furthermore, while cleanliness and comfort receive positive feedback, odor issues
remain a significant concern. As shown in Figure 11, the frequency analysis of aspect
terms and opinion terms provides a clearer understanding of customer sentiment. These
findings suggest that improving infrastructure, dining variety, and family experience will
be essential to boost customer satisfaction. Additionally, service quality, especially during
peak periods, and better management efficiency were highlighted as areas for improve-
ment. Addressing these issues will help create a more satisfying and comprehensive
customer experience.
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Figure 11. Word cloud of aspect terms and opinion terms. Note: (a) positive sentiments; (b) nega-
tive sentiments.

5. Discussion
This study explored the factors influencing customer satisfaction in luxury hotels in

Henan, China, through aspect-based sentiment analysis. By integrating the LDA topic
model with advanced deep learning techniques, we analyzed online review data to identify
specific aspects of the customer experience and their associated sentiment.

5.1. Theoretical Implications

In recent years, the rapid development of natural language processing technologies
has drawn increasing attention to sentiment analysis research. Scholars emphasize the im-
portance of aspect-level sentiment analysis in tourism studies, particularly the application
of deep learning techniques in this area [43,44]. However, existing research predominantly
focused on sentence-level or document-level sentiment analysis, with limited exploration of
aspect-level sentiment analysis in Chinese texts within the tourism sector. The application
of deep learning methods in this field is still in its infancy. This study contributes theoreti-
cally by proposing an innovative analytical framework that combines the LDA topic model
with the BERT-BiLSTM-CRF model. This framework can automatically extract dimensions



Sustainability 2025, 17, 3603 19 of 23

of customer satisfaction from large-scale online review data and conduct fine-grained
sentiment analysis, addressing methodological gaps in existing research.

Traditional customer satisfaction models, such as the Expectancy-Disconfirmation
Model and the SERVQUAL model [20,21,45], often rely on structured survey data. Notably,
our framework, based on aspect-level sentiment analysis, excels at analyzing unstructured
data like online customer reviews, which are abundant in modern digital environments.
Driven by artificial intelligence (AI), our framework operates with higher automation and
requires minimal human intervention, making it well-suited to today’s big data landscape.
Additionally, sentiment analysis provides a more nuanced understanding by capturing
not only the emotional tone of customer feedback but also the specific reasons behind
their sentiments. This fine-grained approach allows for the identification of detailed
dimensions of customer satisfaction and emotional responses, offering deeper insights into
customer experiences.

Based on 29,334 Chinese online reviews, the findings of this study demonstrate high
reliability and generalizability, offering new perspectives for scholars and advancing the
application of deep learning techniques in Chinese aspect-level sentiment analysis. Addi-
tionally, through the LDA model, we identified six dimensions of customer satisfaction in
luxury hotels in Henan: service, facilities, environment, dining, convenience, and family
experience. The dimensions of service, facilities, environment, and dining align with a
previous study [43]. Meanwhile, the newly identified dimensions of convenience and
family experience highlight the unique competitive advantages of luxury hotels in Henan,
enriching the theoretical framework of hotel customer satisfaction dimensions.

5.2. Practical Implications

This study offers valuable insights for hotel management practices by analyzing online
review data to identify key dimensions influencing customer satisfaction. This approach
can help hotel managers and investors in understanding customer needs and optimizing
resource allocation. The findings revealed that service attributes remain paramount in the
hotel industry, which aligned with the conclusions drawn by Guo, et al. [46]. Facilities
were identified as the dimension with the lowest satisfaction, consistent with findings of
Nash, et al. [47]. The majority of negative sentiments primarily stemmed from complaints
about facilities, particularly noise issues in luxury hotels.

Based on aspect-level sentiment analysis, we further identified specific aspects within
each dimension that significantly impact customer satisfaction. For instance, in the service
dimension, front desk efficiency and staff attitude played an important role in shaping
customer experiences [48]. Issues with air conditioning, bedding, and showers in the
facilities dimension, as well as odors in the environment dimension, greatly affected
customer satisfaction. This finding further reinforced the observation by Guo, Barnes
and Jia [46] that luxury hotel guests maintain exceptionally high expectations for both
infrastructure and environmental quality. Additionally, the diversity and taste of dining
options emerged as key determinants of customer satisfaction. Quan and Wang [49] also
emphasized the importance of food in tourism. Our study further highlighted the demand
for diverse dining experiences in luxury hotels, as customers are increasingly eager to
explore new culinary offerings. These granular findings provide hotel managers with more
targeted directions for service improvement. Moreover, our reliance on online customer
reviews as a data source ensures that our findings are grounded in authentic customer
experiences, thereby mitigating the biases often associated with traditional survey methods
and enhancing the overall objectivity and reliability of our conclusions. With China’s
hotel market accounting for nearly 60% of hotel supply in the Asia–Pacific region [50],
and the rapid growth of online hotel reviews, sentiment analysis plays an increasingly
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crucial role in opinion mining. Furthermore, our study indicated that family experience
is becoming a significant factor influencing hotel customer satisfaction. According to
Mafengwo’s statistics, family travel accounted for 55% of tourism in 2024, surpassing other
types of travel. This suggests that hotel managers should prioritize the needs of family
travelers by providing more diverse family-friendly services and facilities. By integrating
the linguistic habits of Chinese hotel consumers, our study established a solid foundation
for future research using sentiment analysis to accurately interpret the emotions expressed
in Chinese reviews.

5.3. Managerial Recommendations

Based on the study’s findings, we propose the following managerial recommendations.
First, luxury hotels should prioritize updating and upgrading their facilities, as outdated
facilities were identified as a primary source of customer dissatisfaction. Routine main-
tenance and timely upgrades, particularly for in-room bathrooms, air conditioning, and
shower equipment, are essential. Additionally, hotels should consider the application of
smart facilities, such as smart toilets, curtains, and robots, to meet the demands of new-
generation consumers. Enhancing the quality of dining services is also crucial, with a focus
on innovation and diversity. Besides offering high-quality dishes, hotels should consider
incorporating local culinary specialties to create distinctive dining experiences. Further-
more, optimizing parking services is vital, as the convenience of parking significantly
impacts customer satisfaction with the rise in self-driving tours. Hotels should provide
sufficient parking spaces and optimize the efficiency of parking management processes to
enhance guest convenience and satisfaction. Strengthening the management of food deliv-
ery services is also important, with the potential introduction of delivery robots to facilitate
customer access to deliveries and enhance the accommodation experience. Simultaneously,
attention should be given to the needs of family travelers by increasing family-friendly
facilities and services, such as children’s play areas and parent–child activities, to attract
more family guests. Improving the hotel environment, enhancing hygiene management,
eliminating odors, and creating a quiet and comfortable accommodation environment are
equally critical. Lastly, hotels should utilize tools like aspect-based sentiment analysis
to continuously monitor customer feedback, promptly identify issues, and implement
improvements. By embracing these sustainable practices, hotels can enhance customer
satisfaction while contributing to a more environmentally responsible tourism sector.

5.4. Limitations and Future Research

The primary limitations of this study arise from its reliance on a single data source
and the restricted time frame of the analysis. As our research is based exclusively on online
review data, it may be subject to sample selection bias, potentially overlooking key aspects
of customers’ offline experiences. Additionally, the study does not consider potential differ-
ences across regions, hotel tiers, or brands, which limits the generalizability of the findings.
Future research could address these constraints by incorporating additional data sources,
examining a broader range of variables, and testing the applicability of these conclusions
across more diverse settings. Such efforts would yield more comprehensive insights and
offer stronger guidance for sustainable strategic development within the industry.

6. Conclusions
This paper proposed a novel research framework combining the LDA model and

the BERT-BiLSTM-CRF model for conducting topic mining and aspect-based sentiment in
online hotel reviews. It was applied to the case study of Henan Province, China, with a
focus on reviews from 2022 to 2024. The LDA model was used to identify key customer
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concerns, while the BERT-BiLSTM-CRF model was used to quantify customer sentiment
across multiple dimensions. As a result, this study provides actionable insights into
customer needs and improvement areas for the hotel sector, offering guidance for the
sustainable development of the industry.

The LDA model identified six critical dimensions shaping customer evaluations of
five-star hotels in Henan Province: service, facilities, environment, dining, convenience,
and family experience. Notably, “family experience” emerged as a significant new theme,
reflecting the growing demand for family-oriented services and presenting a unique oppor-
tunity to integrate sustainable practices.

The BERT-BiLSTM-CRF model revealed aspect-based sentiment insights, showing that
customers highly valued the environment and convenience, particularly cleanliness and
hotel accessibility. However, dining and facilities were identified as key areas necessitating
substantial enhancement, with common issues including breakfast quality, poor sound-
proofing, and outdated facilities such as air conditioning and bathrooms. While family
experiences received some positive feedback, the findings underscore the importance of
enhancing both the quality and functionality of family-oriented facilities to better meet
customer expectations. These findings highlight the value of our proposed method in
informing sustainable development strategies for the hotel sector.
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