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Abstract

Online tourism platforms generate large volumes of customer reviews containing rich
information about hotel experiences, yet customers” heterogeneous attribute preferences
remain difficult to identify and utilize in customer segmentation and hotel recommenda-
tion. To address this gap, this study proposes an online review data-driven framework for
customer segmentation and hotel recommendation. Specifically, the framework employs
Bert-LDA and RNTN to extract key attributes and their sentiment from online reviews.
Several machine learning models then assess the nonlinear relationship between attributes
and overall customer satisfaction. Notably, the Local Interpretable Model-Agnostic Expla-
nations algorithm is applied for the first time to evaluate each attribute’s contribution to
customer satisfaction in individual reviews, forming the basis for customer clustering. Next,
a novel distance-based group member contribution measurement method is proposed to
evaluate the differentiated attribute weights among segmented customer groups. Finally,
the PLTS-VIKOR method is applied to generate differentiated recommendation lists for each
group. The framework is evaluated through a case study based on 28,502 online tourism
reviews. Results reveal substantial heterogeneity in attribute priorities across segments,
while room quality and service remain important across most segments. The framework
produces differentiated hotel rankings that reflect each segment’s distinct preferences, and
provides a practical approach for hotel recommendation.

Keywords: online reviews; customer segmentation; hotel recommendation; customer
preferences; interpretable machine learning; multi-attribute decision-making

1. Introduction

With the advent of the digital age and the rapid development of social media, online
reviews on various e-commerce platforms have become a crucial information source for
corporate decision-making and market analysis. Particularly in the hospitality industry,
online reviews not only reflect customer satisfaction and experiences but also provide rich
insights into customer needs and behavior patterns [1]. Extracting preference information
from these reviews is crucial for understanding customer needs, facilitating targeted service
improvements, and formulating more effective marketing strategies [2]. Currently, signifi-
cant attention is being given to leveraging natural language processing techniques, such as
attribute extraction and sentiment analysis techniques, to mine customer preferences from
online reviews, resulting in notable outcomes [3,4]. However, there is limited research on
extracting customer preference information from online reviews specifically for customer
segmentation and hotel recommendation.
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To be specific, there are three research gaps. First, existing review-based customer
segmentation provides a limited basis for revealing customers’ attribute preferences. Tra-
ditional customer segmentation methods primarily rely on demographic or behavioral
data, which do not directly reflect customer attribute preferences and often suffer from
challenges such as data acquisition difficulties and limited timeliness [5]. Recent studies
have used multi-attribute ratings [5], attribute sentiment, mention frequency, or TF-IDF
values [6] as segmentation bases, but ratings and sentiments mainly reflect current satis-
faction rather than attribute prioritization, and mention frequency does not necessarily
reflect an attribute’s importance in shaping satisfaction [7]. In addition, although the re-
lationship between attribute performance and satisfaction is nonlinear [8-10], common
machine learning methods such as XGBoost, RF and SVM are largely black-box models
and, at best, measure overall rather than review-level attribute importance [7]. Second,
existing group recommendation research has not fully translated heterogeneous segment
preferences into segment-specific hotel recommendations while distinguishing individual
member contributions. Prior work relies mainly on online ratings [11], which can introduce
biases because identical ratings may stem from different concerns, such as service versus
cleanliness; reviews offer more detailed preference information [12], but assigning member
weights through geographic or social-network information often faces challenges related to
data availability and quantification. Third, there is a lack of an integrated framework that
links review mining, interpretable machine learning, customer segmentation, and hotel rec-
ommendation for customer segmentation and hotel recommendation. Most studies address
isolated components, leaving unclear how review-level explanations can be aggregated into
segment-level preferences and further translated into differentiated hotel rankings.

To address these gaps, this study proposes an online review-driven framework for
preference-based customer segmentation and hotel recommendation. Specifically, it seeks
to answer three research questions: RQ1: How can attribute-level importance in shaping
customer satisfaction be identified and interpreted from online hotel reviews using an
interpretable machine learning approach? RQ2: How can customers with different hotel at-
tribute preferences be segmented based on review-level attribute-importance profiles? RQ3:
How can individual preference profiles be translated into segment-specific attribute weights
and incorporated into a multi-attribute decision-making model to generate differentiated
hotel recommendations? The framework integrates individual-level attribute contribu-
tions, customer preference profiles, segment-specific attribute weights, and hotel rankings,
making the recommendation process transparent and traceable. The main contributions
can be summarized as follows: (1) We conduct a novel online review-driven framework
integrating online review mining, interpretable machine learning, with the PLTS-VIKOR
method for customer segmentation and hotel recommendation. (2) The LIME algorithm
is employed to quantify the contribution of customer-relevant attributes at the individual
review level by explaining nonlinear machine learning models, thereby providing an ex-
plainable basis for customer segmentation. (3) A novel distance-based method is proposed
to measure the contribution of individual group members, enabling the determination
of differentiated attribute weights for hotel recommendations. (4) The effectiveness and
robustness of the proposed framework is demonstrated through a comprehensive case study
on 28,502 TripAdvisor reviews, showing its ability to generate distinct customer segments
and deliver differentiated hotel recommendations.

The structure of the remaining sections is as follows: Section 2 reviews relevant research
on customer segmentation and hotel recommendation based on online reviews. Section 3
presents the research methodology of this study, including customer preference extraction,
customer segmentation and hotel recommendation. Section 4 validates the effectiveness
of the approach through a case study from TripAdvisor. Section 5 further compares and
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discusses the proposed method with other approaches. Finally, Section 6 concludes the
study, highlighting the implications and avenues for future research.

2. Literature Review
2.1. Theoretical Background

This study draws on benefit segmentation theory to conceptualize customer hetero-
geneity in attribute preference and multi-attribute decision-making (MADM) theory to
support hotel evaluation and recommendation. Benefit segmentation theory, introduced
by Haley [13], proposes that consumers can be segmented according to the benefits they
seek from products or services, reflecting heterogeneity in their preferences and decision
priorities. In the hospitality industry, customers may differ in the importance they attach to
hotel attributes such as service, cleanliness, location, and value for money. For example,
some customers may prioritize location and convenience, whereas others may place greater
emphasis on cleanliness or value for money. Online reviews provide information about
these attribute-level evaluations, making it possible to investigate preference heterogeneity
beyond demographic characteristics or overall hotel ratings. From a benefit-segmentation
perspective, such differences provide a basis for grouping customers according to the rela-
tive importance they attach to hotel attributes. Previous studies have applied aspect-based
sentiment analysis (ABSA) to online hotel reviews to identify attribute-level evaluations
and customer preferences [14]. However, how to further translate the relative contributions
of different attributes expressed in reviews into features suitable for customer segmentation
remains an important research question. To address this issue, this study uses Local Inter-
pretable Model-Agnostic Explanations (LIME) to interpret the predictions of a customer sat-
isfaction model at the individual-review level, construct review-level attribute-importance
profiles, and subsequently identify groups of reviews with similar attribute-importance
patterns through clustering.

MADM theory provides a systematic basis for evaluating alternatives across multiple
criteria with potentially different weights. In hotel selection, customers may assign different
levels of importance to different attributes, such as service and cleanliness, leading to differ-
ent hotel rankings under different weighting schemes. Accordingly, identifying differences
in attribute preferences is an important prerequisite for generating differentiated hotel
recommendations. Furthermore, MADM methods have been applied to hotel evaluation
and recommendation based on online reviews. For example, Yang, Liao [15] developed a
hotel selection model integrating aspect-level sentiment analysis, prospect theory, and fuzzy
inference, thereby incorporating attribute evaluations and customer risk preferences into
the hotel decision-making process. Based on this, this study links review-based customer
segmentation with differentiated attribute weighting and applies PLTS-VIKOR to generate
hotel recommendations for different customer segments.

2.2. Customer Segmentation Related Studies

Customer segmentation is essential for achieving market success, as it enables corpora-
tions to accurately identify and meet the needs of different customer groups [16]. Research
on customer segmentation originated in 1956 [17], and early studies relied on demographic
characteristics, including age, gender, income, occupation, ZIP code and education level [18].
While these static indicators provided a preliminary customer profile, they were often too
broad to capture subtle differences in customer behavior and attitudes. Subsequent to
technological advancements in marketing, researchers began to focus on customer behavior
traits, such as purchasing habits, usage frequency and purchasing channels [19]. These
dynamic behavioral insights helped corporations gain a better understanding of customers,
but challenges like high data privacy and difficulties in capturing sentiment factors re-
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mained. In the digital age, needs-based customer segmentation has gained increasing
attention [20]. Online reviews and ratings contain rich information about customer needs
and preferences, revealing not only satisfaction and dissatisfaction but also specific expec-
tations and focal points regarding products or services [21]. Utilizing natural language
processing techniques to extract customer preferences from online reviews, particularly
key attributes and attribute sentiment, has become well-developed [22]. However, the
integration of these preference-based insights into customer segmentation frameworks
remains sparsely investigated.

Recently, a few studies have begun exploring customer segmentation by extracting
need and preference information from online reviews [23]. For example, Joung and Kim [7]
implemented customer segment analysis and product improvements using attribute impor-
tance extracted from online reviews. In addition, research on hotel customer segmentation
has also explored approaches based on attribute preferences and online review data. For ex-
ample, Nessel, Koscidlek [24] developed a benefit-segmentation approach using electronic
word-of-mouth attribute ratings to estimate tourists” preferences for accommodation at-
tributes and identify groups with similar preference patterns. Nilashi, Minaei-Bidgoli [25]
have segmented eco-friendly hotel tourists based on online ratings and ranked the key
attributes of each segment. These studies often treat each review as a source of customer
preference information, with sentiment values or attribute importance serving as segmen-
tation bases. In particular, sentiment values are typically represented based on sentiment
analysis results or online ratings [26,27], while attribute importance is often measured by
the frequency of the attribute being mentioned [28]. Importantly, sentiment-based and
rating-based approaches can provide valuable information about customers’ expressed
evaluations, and aspect-based sentiment analysis (ABSA) has been widely used to extract
attribute-level opinions and support customer profiling. However, attribute sentiment and
overall ratings primarily reflect evaluations of particular attributes or overall experiences,
and do not necessarily indicate the relative contribution of each attribute to overall customer
satisfaction. Similarly, although attribute frequency captures the prominence of topics in
reviews, mention frequency alone does not establish an attribute’s importance in shaping
satisfaction. Therefore, the key to effective customer segmentation based on online reviews
lies in developing robust metrics for measuring attribute importance.

Previous studies have shown that machine learning models can capture nonlinear
relationships between hotel attributes and overall customer satisfaction. However, conven-
tional predictive models, including SVM, RF and XGBoost, are black-box models, meaning
that the underlying factors driving customer satisfaction and dissatisfaction are not inter-
pretable [29]. Although interpretable models such as decision trees can reveal general
attribute effects, they may not adequately capture review-specific variations in attribute
contributions. Joung and Kim [7] attempted to use SHAP algorithms to interpret the impact
of attributes on customer satisfaction, making it possible to analyze attribute importance in
each review. Drawing from previous studies, this study employs LIME to explain individual
satisfaction predictions and obtain review-level attribute-importance profiles. These profiles
provide the input features for the subsequent clustering analysis.

2.3. Hotel Recommendation Based on Online Reviews

Online reviews provide an important information source for hotel recommendation
because they contain not only overall evaluations but also detailed opinions concerning
hotel attributes, such as rooms, service, cleanliness, location, and facilities. Earlier hotel rec-
ommendation studies relied predominantly on numerical ratings and collaborative-filtering
techniques to infer customer preferences and identify suitable alternatives. However, overall
ratings provide only an aggregated evaluation and cannot fully explain why customers
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prefer or reject a particular hotel. To overcome this limitation, researchers have increasingly
incorporated textual reviews and multi-attribute evaluations into hotel recommendation.
For example, Rianthong and Dumrongsiri [30] developed a multidimensional hotel-room
ranking approach for online travel agencies, while Zhao and Li [31] integrated online
ratings and textual reviews from multiple websites to support hotel selection. Ray and
Garain [32] combined sentiment analysis and aspect categorization in an ensemble-based
hotel recommender system. Xia, An [33] subsequently incorporated multidimensional
information into a deep neural network model for smart hotel recommendation. These stud-
ies demonstrate that extracting attribute-level information from online reviews can provide
a richer and more interpretable basis for hotel recommendation than relying exclusively on
overall ratings.

More recent research has shifted from general hotel rankings toward personalized,
context-aware, and multi-attribute recommendation. Wang and Chen [34] combined col-
laborative filtering with probabilistic linguistic term sets to represent uncertain customer
evaluations. Zhang and Cheng [35] developed a review-driven hotel recommendation
mechanism that considers cooperative and interactive relationships among multiple ho-
tel attributes. Pu and Xu [12] proposed a two-stage hotel recommendation model that
extracts both public and personalized preferences from online reviews and incorporates
customers’ risk attitudes into hotel filtering and ranking. Liu and Dang [36] further con-
sidered attribute importance and group consensus in an adaptive online—offline hotel
recommendation system. Collectively, these studies indicate that hotel recommendation is
evolving from rating-based matching toward review-driven approaches that incorporate
attribute-level preferences, contextual information, preference uncertainty, and individual
heterogeneity. Nevertheless, most studies generate personalized recommendations for
individual customers or provide general rankings for the entire customer population. The
potential connection between review-driven customer segmentation and differentiated hotel
recommendation for distinct customer segments remains insufficiently explored.

Several gaps remain in the integration of review-derived customer preferences and
hotel recommendation. First, existing approaches often rely on overall ratings, attribute
sentiment, review similarity, or historical behavior to infer preferences, while the relative
contributions of individual attributes to predicted customer satisfaction receive less atten-
tion. Second, customer segmentation and hotel recommendation are frequently investigated
as separate tasks, leaving limited understanding of how segment-level differences in at-
tribute importance can be translated into differentiated hotel rankings. Third, aggregating
preferences at the segment level may obscure differences among individual members, po-
tentially limiting the extent to which recommendations accommodate both group-level
utility and individual needs. These gaps motivate an integrated framework that connects
review-level attribute-importance analysis, customer segmentation, and hotel recommen-
dation while accounting for differences in attribute priorities and individual regret. The
distinctions between this study and previous research are summarized in Table 1.

Table 1. The distinctions between this study and previous research.

Attribute Customer

Reference Data Sources Extraction An;erslit;nl\l;;;() d Segmentation Reco;t;;r(l)c(liatlon
Method y Method
Zhao and Li [31] 3773 hotel reviews Leximancer Stanford CoreNLP None Extended TOPSIS
Ray and Garain [32] 58,620 hotel reviews Word2Vec BERT a;zjeI:ndom None cosine similarity
Ahaniand Nilashi [5] 0342 restaurant LDA None SOM None

reviews
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Table 1. Cont.

Attribute . Customer .
. Sentiment . Recommendation
Reference Data Sources Extraction Analvsis Method Segmentation Method
Method y Method
Sun and Mao [20] 29,216 car reviews LDA TF-IDF and SVM K-means None
Joung and Kim [7] 5045 product Word2Vec VADER SHAP an_d AP None
reviews clustering
Pu and Xu [12] 18,721 hotel reviews LDA Stanford CoreNLP None Hotel filtering and

cosine similarity

This paper 28,502 hotel reviews ~ BERT-LDA RNTN XGBoost-LIME PLTS-VIKOR
and K-means

3. The Proposed Framework

The overall structure of the proposed framework is shown in Figure 1, which includes
three parts: preference mining, customer segmentation, and hotel recommendation. As
shown in Figure 1, the preference extraction part aims to mine customers’ attribute prefer-
ences from online reviews, which consists of attribute extraction based on the BERT-LDA
model and sentiment analysis using the RNTN algorithm. Subsequently, the customer
segmentation part focuses on establishing segmentation criteria and dividing customer
groups, comprising three components: (1) constructing review classifiers through machine
learning algorithms; (2) calculating attribute importance for individual reviews using
LIME interpretable machine learning; (3) performing customer clustering via the K-Means
algorithm. Finally, the hotel recommendation part is designed to provide differentiated
recommendation results for distinct customer clusters, incorporating both attribute weight
optimization through distance measurement and Top-N recommendation generation based
on the PLTS-VIKOR method.

Data source:
Tripadvisor.com

Preference
Mining

Bert-LDA Attribute extraction Attribute-level Sentiment analysis

] T [eese)se).)

The nonlinear relationship Local attribute

Segmentation

. . Consumer
between attribute performance importance clusterin
\ 4 and customer satisfaction measurement g
e DT o KNN K-means clustering
Customer e RF o MLP algorithm

¢ SVM e XGBoost
Y —— The importance of
: ,, attributes to customer
Optimal classifier| satisfaction

Distance-based

Hotel recommendations for different groups

The performance of alternative hotels attribute weights
Y across different attributes for clustered
groups

Hotel

. PLTS-VIKOR based Top-N |
Recommendation

recommendations for customer groups \‘
Top-N1 for Top-N2 for | ... [ Top-Nn for
Group 1 Group 2 Group n

Figure 1. The overall structure of the proposed framework.
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3.1. Customer Preference Extraction from Online Reviews

Preference mining aims to extract customer-focused attributes and their sentiment
attitudes from online reviews, providing a basis for customer segmentation and hotel recom-
mendations. The BERT-LDA model is used for attribute extraction, combining the powerful
text representation capabilities of Bidirectional Encoder Representations from Transformers
(BERT) with the topic discovery capabilities of Latent Dirichlet Allocation (LDA). Com-
pared to traditional topic extraction models, BERT-LDA can capture contextual semantic
information in complex review texts while identifying latent topics, thereby supporting
more context-sensitive attribute extraction [37]. Unlike clustering-based topic models such
as BERTopic, which may produce fragmented topics in some settings, BERT-LDA uses a
probabilistic generative mechanism to derive interpretable attribute dimensions, which
is beneficial for the subsequent customer segmentation task, where consistent and inter-
pretable attributes are required. The process of the BERT-LDA model involves the following
four steps: (1) text preprocessing, encompassing text cleaning, tokenization, stop-word
removal and stemming; (2) text representation, where the pre-trained BERT model encodes
texts, generating contextually relevant word embeddings; (3) dimensionality reduction,
transforming high-dimensional BERT embeddings into lower dimensions; (4) LDA topic
extraction, applying LDA model to the reduced embeddings to extract latent topics.

Online reviews shed light on customer preferences for specific attributes and provide
sentiment analysis for these attributes. To thoroughly mine fine-grained sentiment informa-
tion across different attributes, this study employs the Recursive Neural Tensor Network
(RNTN) model for sentiment analysis. Although more recent pretrained language models
exist, such as BERT and RoBERTa, RNTN was selected because its compositional architec-
ture explicitly models how the meanings and sentiment polarities of words and phrases are
combined according to syntactic structure [38]. This property is particularly relevant to
online reviews containing negation, intensification, and sentiment contrast. Compared with
approaches that primarily rely on pretrained contextual representations, RNTN provides an
explicit syntactic-compositional mechanism for modeling sentiment. Moreover, the RNTN
used in this study generates a standardized probability distribution over five sentiment
categories (very negative, negative, neutral, positive, very positive), which can be directly
incorporated into the subsequent quantitative decision-making analysis. For instance, for
a review that mentions the hotel room attribute “The room is comfortable”, the RNTN
sentiment analysis yields [0.0011, 0.01396, 0.1742, 0.6762, 0.1345], indicating a positive
sentiment orientation. When multiple sentences within the same review are associated
with the same attribute, their five-category sentiment probability distributions are averaged
to obtain an attribute-level sentiment distribution for that review.

To effectively utilize the sentiment orientation and corresponding probability informa-
tion obtained from sentiment analysis, this study introduces the Probabilistic Linguistic
Term Set (PLTS) to measure attribute performance, facilitating subsequent information
integration and computation. PLTS is a tool for handling uncertain and ambiguous in-
formation, combining linguistic terms with associated probabilities to express uncertain
information more flexibly and intuitive [39]. For example, the sentiment analysis result of
the review “The room is comfortable” is represented in PLTS as {s;(0.0011), s,(0.01396),
53(0.1742), 54(0.6762), s5(0.1345) }, indicating an overall positive evaluation of the room by
the customer. Additionally, to facilitate the quantification of sentiment scores from reviews,
this study introduces the PLTS score function [40], defined by the following formula:

#L

E(L(p)) = Zk:(lp) r®p® 1#L(p) (1)

where L(p) = {L® (p®)k = 1,2,...#L(p))} is a PLTS, r® is the subscript of linguistic term
L® and the expectation value E(L(p)) € [0,1].
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3.2. Customer Segmentation Based on LIME Interpretable Algorithm

Given the nonlinear relationship between attribute performance and customer satis-
faction, this study first employs machine learning algorithms to assess this relationship.
Subsequently, the LIME algorithm is utilized to interpret the inputs (attribute performance)
and outputs (customer satisfaction) of the machine learning model, determining the contri-
bution of input to output for each review. Based on the LIME algorithm, the contribution of
each attribute to the predicted satisfaction can be determined for each customer review.

3.2.1. Capturing Nonlinear Relationship Between Attribute Performance and
Customer Satisfaction

Existing studies indicate that the relationship between attribute performance and
customer satisfaction is nonlinear, and some machine learning algorithms have been used to
measure this nonlinear relationship. As a result, this study first compares the performance of
several common machine learning classification algorithms to identify the optimal classifier
for predicting satisfaction. The detailed process is as follows.

Step 1: Model selection. This study employs six common machine learning algorithms,
including DT, RF, SVM, KNN, MLP and XGBoost. Each of these is suitable for the classifi-
cation problem within the context of this study and has its own advantages. Notably, DT,
RF and XGBoost are tree-based models, KNN is a distance-based model, SVM is a model
based on linear boundaries, and MLP is a model based on neural networks.

Step 2: Determining inputs and outputs. The inputs for this study are the sentiment
scores for each review across various attributes, while the outputs are classifications of the
reviews as either positive or negative. To ensure the accuracy of the classifier, customer sat-
isfaction derived from online ratings is treated as a binary classification problem. Following
Kirilenko and Stepchenkova [41], ratings of 10, 20 and 30 are considered as negative reviews,
whereas ratings of 40 and 50 are considered as positive reviews during the classifier training
process. Although the classification of 30-rating reviews remains controversial, previous
studies have suggested that such ratings may indicate experiences approaching service
failure [42]. Accordingly, this study remains consistent with previous hotel review research
to identify dissatisfied customers and support alternative hotel recommendations [12].

Step 3: Model training and evaluation. During the classifier training, the ratio of
positive to negative reviews is maintained at 1:1. A five-fold cross-validation method is
utilized to evaluate the model, with performance metrics including Accuracy, F1 Score,
Precision and Recall. Accuracy represents the proportion of correctly classified reviews
among the total number of reviews. Precision indicates the proportion of reviews predicted
as positive that are actually positive. Recall measures the proportion of all actual positive
reviews that are correctly classified as positive by the model. The F1 Score balances both
Precision and Recall, providing a comprehensive measure of the model’s performance. The
calculation formulas for these metrics are as follows:

TP + TN

TP +TN + FP + FN 2)

Accuracy =

where TP refers to the number of reviews correctly classified as positive, while TN denotes
the number of reviews accurately identified as negative. FP is the number of negative
reviews mistakenly labeled as positive, and FN is the number of positive reviews incorrectly
categorized as negative.

Precision = P 3

recision = w5 (3)
TP

Recall = m (4:)
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Precision x Recall
F1 Score =2

(5)

Step 4: Determining the optimal classifier. The performance metrics obtained from

X
Precision + Recall

5-fold cross-validation for the six classification algorithms are averaged and compared.
The model exhibiting the best performance across these metrics is selected as the optimal
classifier for review satisfaction.

3.2.2. Measuring Relative Attribute Importance with LIME Interpretable Algorithm

Since this study focuses on the impact of variations in attribute performance within
individual customer reviews on customer satisfaction (i.e., local attribute importance),
traditional machine learning algorithms such as DT and XGBoost, which assess global
attribute importance, cannot specifically measure the importance of attributes within each
review. Consequently, this study adopts the LIME algorithm for evaluating local attribute
importance. Both LIME and SHAP can provide local explanations for individual predic-
tions. SHAP has the advantage of a theoretically grounded additive attribution framework
and generally provides more stable explanations, whereas LIME offers greater model in-
dependence and can be applied consistently to heterogeneous classifiers without relying
on model-specific explanation procedures. Because the optimal classifier is selected em-
pirically from six structurally different algorithms, LIME enables the study to maintain
a unified local explanation procedure regardless of the selected model. In addition, its
review-specific explanations are consistent with the objective of capturing heterogeneous
attribute preferences at the individual customer level. The stability of the resulting explana-
tions is further evaluated through repeated estimation and parameter-sensitivity analysis.
The LIME algorithm approximates the predictions of complex models by training a simple,
interpretable model in the local neighborhood of each sample to explain its prediction
results. Its objective function is given as follows:

mingZi () (F (') — g(xl-'))2 (6)

where x;’ is the ith domain data generated around the original sample x, f (x;") is the complex
model, g(x;") is the local simple model, and 7, (x;") represents the weight of the domain
data. The calculation formula is shown as follows:

D : 1‘, 2
() = exp(—%) (7)

where D(x, x,»’)2 is the Euclidean distance between the neighborhood data x;" and the original
sample x, and ¢ is a parameter used to control the decay of weights.

The specific procedure for using the LIME model in this study is shown as follows:
First, the reviews are transformed into attribute-based vector representations through data
preprocessing. Next, the nonlinear relationship between input (multi-attribute sentiment
values) and output (overall ratings) for the reviews is measured using the machine learning
classification model with the best performance. Finally, LIME is employed to obtain the
local surrogate coefficients for each review. The absolute values of these coefficients are
used to represent the relative local influence strengths of the corresponding attributes. To
improve the consistency of the attribute vectors across reviews, the absolute coefficients
are normalized within each review so that their sum equals one. The resulting vectors
represent review-specific relative attribute influence profiles and are subsequently used for
customer clustering. These normalized values are interpreted as relative local contributions
of attribute importance.

https://doi.org/10.3390/jtaer21110408
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3.2.3. Customer Clustering Based on the K-Means Algorithm

This study employs the K-means algorithm to cluster the normalized, review-specific
attribute influence profiles derived from LIME in Section 3.2.2. The resulting clusters are
then treated as customer segments, representing similar customer preferences. The K-Means
algorithm is particularly popular due to its simplicity, computational efficiency, adaptability
to different datasets, and the interpretability of its results [43]. The K-Means algorithm
partitions the data into K clusters by iteratively optimizing to minimize the distance between
data points and their respective cluster centers. The selection of the K value is important
in this algorithm, as it significantly influences the cluster performance. In this study, the
optimal number of clusters K is determined using the elbow method. Specifically, we set K
values ranging from 2 to 30, compute the clustering cost (Sum of Squared Errors, SSE) for
each K, and plot these costs. The optimal K was determined jointly by the elbow method,
where the elbow point is identified as the K at which the rate of decrease in SSE slows
significantly, and the silhouette coefficient, which was used to validate clustering quality.

K
SSE=) > lx—ml? (8)

i=1 xeC;

where y; is the center of the ith cluster, and C, represents all data points in the ith cluster.

3.3. Hotel Recommendation with Differentiated Group Weights

This section first introduces a systematic approach for assigning differentiated attribute
weights for various groups by considering group members’ contributions. Subsequently,
the PLTS-VIKOR method is developed for generating hotel recommendation results for
different customer groups.

3.3.1. Determining Attribute Weights by Considering Group Members’” Contributions

Considering that the attribute importance of customer reviews at the cluster center is
more representative than those at the cluster edges within each cluster group, this study
proposes an attribute weighting method by assigning customer review weights based on
their distance from the cluster center, with a gradual decrease in importance as the distance
increases. The calculation process is presented as follows.

Step 1: Calculating the distance of each customer review to its cluster center.

dy = Z]n; (x5 — )’ 9)

where x;; is the importance value of the customer review i on the attribute j, ¢;; represents the
importance value of the cluster center k on the attribute j, and m is the number of attributes.
Step 2: Computing the customer review weights using the distance d;.

w; = exp(—dy) (10)

where the exponential decay function is adopted to assign review weights according to
their distances from the cluster center. The underlying rationale is that reviews closer to the
center are more representative of the segment-level attribute influence profile and therefore
receive greater weights, whereas the contributions of reviews decrease smoothly as their
distances increase.

Step 3: Calculating the weighted average value of all customer reviews on each attribute.

Z4z’eCk WiXij

=
]
Zieck w;

where C, is the set of all customer reviews belonging to the cluster k.

(11)
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Step 4: Normalizing the weighted average values.

Ek]-
ij = —Zm = (12)
j=1 ki

where Z]"il Xi=1.

3.3.2. Hotel Recommendation Based on the PLTS-VIKOR Method

This study employs the VIKOR method with the PLTS environment for hotel recom-
mendations. The PLTS-VIKOR method effectively balances maximizing the group utility
for the majority while minimizing individual regret for the opposition, thereby making the
results of multi-attribute decision-making problems more reasonable. The PLTS-VIKOR
method consists of the following three key steps.

Step 1: Constructing the decision-making matrix M.

mxn

where y; is the performance of the ith hotel under the jih attribute, and y; can be calculated
using the PLTS score function in the Formula (1).
Step 2: Determining the positive ideal solution A* and the negative ideal solution A~.

AT ={yf,y3, ...y} (14)

AT =y Y2 Y} (15)
Step 3: Calculating the distance of each hotel from the positive ideal solution (S;) and
the negative ideal solution (Ry).

n.o y]-“—_]/ij

Sy = A 16
ik Zj:l xk]y;_ — y; ( )
y]-“—_yij

v —v;

where Xy, is the weight of the jth attribute under the kth group.

) (17)

Ry = max; (%,

Step 4: Calculating the comprehensive index Qj.

Sik = Si Ry — Ry
L= p(——X 1— £ % 1
Qi v(S;{_S;{H( v)(Rfk—Ri}) (18)
where S} = max;Sy, S; = min;Sy, R = max;Ry, R = min;Ry and v is a weight coefficient,
typically set to 0.5. The smaller the Q;; value, the better the performance of the hotel i under
the kth group weight.

4. Case Study
4.1. Data Collection and Preprocessing

The data used in this study were obtained from TripAdvisor, a globally recognized
travel platform that provides customer feedback through online reviews. A Python 3.13
based web scraping program was used to collect online hotel reviews in Manchester, UK.
Manchester was selected because it offers a diverse hotel market with a substantial volume
of online customer feedback. The data collection was conducted between 12 April 2025
and 27 April 2025. The collected data comprised hotel information (name, location, overall
rating, number of reviews, and multi-attribute ratings), reviewer information (nickname,
address, contributions, and helpful votes), and review details (title, comment, date of stay,
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trip type, overall score, multi-attribute ratings, and helpful votes). Figure 2 presents an
example of a customer review on TripAdvisor.

»Nickname

[lynne m]wrote a review|Dec 2023|—*> Date of review writing vee
[Glasgow, United K |{16 contributions}{3 helptul votes]—>Helpful votes
»Address —Contributions

»Total score

Feeling Flush..... »Title

On first appearance, we were delighted with the room. However, 20 mins later the toilet flusher
jammed. | went to reception who advised this was a known problem. My husband managed to fix
the problem at this point. However, later that night it jammed and ran the WHOLE night...no
sleep. It was eventually fixed the next day. | didn't ask, but was offered an e-voucher for the first
night as an apology. Needless to say, | am still waiting.............. | did make contact again with the
lady | dealt with as the timescale had passed and no voucher, she advised she would chase it
up.....still waiting.....

Read less A

~ ¥
Comment

[Date of stay: November 2023]—>Date of stay

[Trip type: Traveled as a couple] >'|'rip type

val . . . Locati
::888 S:rl\j::e >Mull|-utlr1bulcrulmg."'"‘ ccation

»Helpful votes

Figure 2. An example of a customer review on TripAdvisor.

The data preprocessing procedure consisted of two main stages: hotel selection and
review screening. In the first stage, eligible hotels were identified according to predefined
selection criteria. In the second stage, reviews associated with the selected hotels were
screened to construct the final dataset for analysis. Hotels were selected based on three
criteria: (1) they were classified as 4- or 5-star hotels in Manchester, to focus on hotels
within relatively comparable quality categories; (2) their overall ratings on TripAdvisor
were greater than 4.0, indicating relatively high customer evaluations; (3) they had more
than 100 English-language online reviews, ensuring a sufficient volume of textual data
for analysis. Applying these criteria resulted in a final selection of 52 hotels for the hotel
recommendation analysis. In the review screening stage, the 32,267 online reviews associ-
ated with the 52 selected hotels, covering the period from April 2003 to March 2025. Data
preprocessing was conducted in three stages. First, reviews containing fewer than 10 words
were removed [23]. Second, non-English reviews were identified and excluded. Third,
duplicate reviews were removed. After these steps removed 3765 reviews, the final dataset
comprised 28,502 reviews for further analysis, as shown in Table 2.

Table 2. Descriptive statistics of the case-study dataset.

Metric Hotels Metric On%lne Metric Total
Reviews Scores
Total Number 52 Total Number 28,502 Total Number 28,502
Maximum Nurpber of 5 Average Number of Words 127.03 Average Score 3.24
Overall Rating
Minimum Number of 4 Median Number of Words 134 Median Score 4
Overall Ratings
Maximum Number of Star 5 Maximum Number of Words 2198 Maximum Score 5
Minimum Number of Star 4 Minimum Number of Words 10 Minimum Score 1
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4.2. Customer Preference Extraction

Based on the BERT-LDA method described in Section 3.1, with the number of topics set
to 9, this study extracted 9 attributes and corresponding keywords from the hotel reviews,
as detailed in Table 3. These attributes are Value (A1), Room (A2), Location (A3), Service
(A4), Cleanliness (A5), Facility (A6), Food (A7), Transportation (A8) and Sleep (A9).

Table 3. Hotel attributes along with corresponding keywords identified through Bert-LDA.

Attribute Representative Keywords Numbers
Value (A1) Value, price, expense, spend, bonus, charge, cost, credit, pay, money 16
Room (A2) Room, bath, suite, space, bedroom, decoration, toilet, furniture, door 25

Location (A3) Location, nearby, shop, site, market, walk, situation, close, central 22
Service (A4) Service, book, manage, luggage, treat, staff, attitude, front desk, reception 26
Cleanliness (A5) Cleanliness, housekeeping, wash, sweep, carpet, towel, smell, vacuum 21
Facility (A6) Facility, swimming, gym, laundry, fitness, equipment, club, bar, wifi 23
Food (A7) Food, meal, breakfast, water, taste, buffet, dish, drink, coffee, snack... 16
Transportation (A8) Transportation, subway, station, airport, flight, taxi, car, traffic, drive, shuttle 15
Sleep (A9) Sleep, wake, asleep, bed, sheet, quilt, night, blanket, bedding, pillow 12

Using the RNTN algorithm mentioned in Section 3.1, sentiment analysis results for
each review on different attributes can be obtained. For instance, as shown in Table 4,
the review mentions three attributes: Room (A2), Location (A3), and Service (A4). The
sentiment analysis results for these attributes are Negative (A2), Positive (A3), and Negative
(A4), respectively.

Table 4. Sentiment analysis result of an online review.

Online Review

Good location. However, staff were more keen to chat with each other and
ignore multiple guest requests as our room was missing a TV remote.

Attributes

Room (A2), Location (A3), Service (A4)

Sentiment Distribution of Room (A2) [0.1283, 0.3787, 0.3051, 0.1718, 0.01591 ]

PLTS Presentation of Room (A2) {s1(0.1283), 5,(0.3787), s5(0.3051), 54(0.1718), s5(0.0159) }

Sentiment Orientation Negative

4.3. Customer Segmentation

The customer segmentation process involves three key steps: developing the rela-
tionship between attribute performance and customer satisfaction to identify the optimal
classifier, evaluating the importance of each attribute in individual reviews using the LIME
algorithm, and classifying customers using the K-means algorithm. Firstly, a five-fold cross-
validation method was used to evaluate the performance of the DT, RF, SVM, KNN, MLP
and XGBoost using accuracy, F1 score, precision, and recall. Based on the results reported
in Table 5, XGBoost demonstrated the best overall performance and was selected as the
optimal classifier.

Secondly, the trained XGBoost algorithm is used to predict the nonlinear relationship
between attribute performance and customer satisfaction. The LIME algorithm is then em-
ployed to interpret the model predictions and estimate the local importance of each attribute
for individual reviews. For subsequent customer segmentation, a subset of 4000 reviews
from dissatisfied customers (i.e., those with ratings of 30 or below) was randomly selected
from the full dataset. The resulting normalized attribute-importance profiles were used as
inputs to the K-means algorithm for customer segmentation and to support alternative hotel
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recommendations. Figure 3 illustrates the LIME results for a randomly selected review. For
this customer, Service (A4) is the most important attribute, followed by Cleanliness (A5),
whereas Room (A2) has the lowest importance.

Table 5. The performance of different machine learning classification algorithms.

Algorithms Accuracy F1 Score Precision Recall
DT 0.8264 0.8295 0.8254 0.8231

RF 0.8740 0.8737 0.8753 0.8741
SVM 0.8718 0.8717 0.8728 0.8718
KNN 0.8234 0.8229 0.8270 0.8234
MLP 0.8686 0.8730 0.8751 0.8736
XGBoost 0.8781 0.8780 0.8795 0.8781

Attribute Importance for a Randomly Selected review

0.50 < A4<0.58

0.00 < A5 < 0.51

Al > 0.57

0.00 < A7 <0.51

A3 >0.51

0.46 < A9 < 0.56

AB > 0.51

A6 > 0.52

A2 > 0.58

0.00 0.02 0.04 0.06 0.08 0.10
Attribute Importance

Figure 3. The results for a randomly selected review based on the LIME algorithm.

After extracting attribute importance from customer reviews, the K-means clustering
algorithm is employed to group customers with similar attribute preferences. To determine
the appropriate number of clusters, the elbow method is first applied, followed by an
examination of the silhouette coefficient as a complementary clustering validity measure.
As shown in Figure 4, the elbow plot exhibits a relatively noticeable bend at K = 6. Moreover,
the silhouette coefficient at K = 6 is 0.4381, which is higher than those at the neighboring
values, indicating a reasonable balance between within-cluster cohesion and between-cluster
separation. Based on these two criteria, 6 clusters are selected for subsequent analysis.

Elbow Method For Optimal k

14

12 4

10

Inertia

5 10 15 20 25 30
Number of clusters

Figure 4. Optimal number of clusters using the elbow method.
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When K = 6, the K-means clustering results are illustrated in Figure 5. This figure
displays a scatter plot of the data reduced to two dimensions using PCA. The clusters are
represented by 6 different colors: blue, orange, green, purple, cyan and magenta, where
each corresponding to a different cluster category. The red markers indicate the cluster
centers. The number of customer reviews in clusters 0, 1, 2, 3, 4 and 5 are 367, 861, 927,917,
480 and 448, respectively.

K-Means Clustering (k=6) with PCA

0.08 Clusts
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¥
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Figure 5. K-means clustering of attribute importance with PCA.

4.4. Hotel Recommendation

Each cluster is treated as a customer segment for calculating the attribute importance.
Using the formula from Section 3.3.1, attribute weights for each customer segment are
derived, as shown in Table 6. The results indicate a differentiated distribution of attribute
importance across different customer segments. Specifically, Group 1 considers the impor-
tance of Service (A4) to be significantly higher than other attributes, while Group 2 and
Group 6 prioritize Room (A2) and Service (A4). Group 3 regards Cleanliness (A5) and
Room (A2) as relatively important, and Groups 4 and 5 view Room (A2) as a key attribute
affecting overall satisfaction. Overall, Room (A2) and Service (A4) are relatively important
across all customer segments, indicating that the core customer needs are the comfort of
the room and the convenience of service.

Table 6. Differentiated attribute weights across customer segments.

Group Al A2 A3 A4 A5 A6 A7 A8 A9

Number

Group1 01363 00679 00855 02845  0.1805  0.0388  0.0973 00225  0.0867
Group2 01139 02272 00737 02331  0.186 00418 00128 00195  0.0914
Group3 01290 02341 00984 00164 02330 00562  0.0910 00261 01157
Group4 00861 03125 00608 01966 01653  0.0338 0058 00158  0.0707
Group5 00684 04102 00791 00122 02215 00479 00469 00204  0.0935
Group6 01050 01967 00673 02087  0.1565 00371 01295 00168  0.0824

After obtaining the attribute weights for different clusters, the VIKOR method is
employed to provide differentiated hotel recommendation lists for each customer segment.
Based on the sentiment analysis algorithm outlined in Section 3.1, sentiment analysis results
for the hotel reviews are obtained. And then, using formula (1), the aggregated PLTS results
for hotel attribute performance are calculated. For example, the attribute performance for
hotel H1 is detailed in Table 7. Table 7 indicates that the attributes Service (A4) and Value
(A1) exhibit the best performance for this hotel, while the performance of Transportation
(AS8) is relatively inferior.
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Table 7. The performance of Hotel 1 in the 9 attributes.

Attribute PLTS Results Performance
Value (A1) {s1(0), 5,(0.2214), 55(0.2214), 5,(0.55), s5(0.0071) } 0.6685
Room (A2) {51(0), 5,(0.314), 55(0.2558), 5, (0.4264), 55(0.0039)} 0.6241

Location (A3) {51(0), 5,(0.2432), 5,(0.2432), 5,(0.4955), 55(0.018) } 0.6576
Service (A4) {s1(0), 5,(0.2216), 55(0.1796), s,(0.5808), s5(0.018) } 0.6790
Cleanliness (A5) {s1(0), 5,(0.3065), 55(0.2097), s,(0.4516), s5(0.0323) } 0.6420
Facility (A6) {s1(0), 5,(0.275), 55(0.225), 5,(0.475), 55(0.025) } 0.6500
Food (A7) {51(0), 5,(0.2676), 55(0.2676), 5,(0.4577), 55(0.007)} 0.6408
Transportation (A8) {s1(0), 5,(0.4074), 55(0.3704), s,(0.2222), s5(0) } 0.5630
Sleep (A9) {51(0), 5,(0.243), 5,(0.2804), 5, (0.4579), 55(0.0187)} 0.6505

Finally, the VIKOR method discussed in Section 3.3.2 is utilized for hotel recommenda-
tions. Based on the performance of each alternative hotel across various attributes and the
differentiated attribute weights for each customer segment, the Top-10 hotel recommenda-
tions for each segment are derived in Table 8.

Table 8. Differentiated hotel recommendation results for each customer segment.

Group Name Hotel Ranking
Group 1 H39 > H50 > H40 > H15 > H18 > H25 > H1 > H33 > H47 > H37
Group 2 H15 > H18 > H39 > H1 > H40 > H25 > H33 > H50 > H19 > H30
Group 3 H15 > H18 > H1 > H19 > H20 > H40 > H39 > H25 > H50 > H30
Group 4 H18 > H15 > H40 > H39 > H1 > H19 > H33 > H25 > H20 > H50
Group 5 H18 > H19 > H20 > H15 > H1 > H40 > H32 > H39 > H25 > H33
Group 6 H18 > H39 > H40 > H15 > H25 > H1 > H50 > H33 > H47 > H19

Table 8 indicates that the hotel recommendations differ based on the varying pref-
erences for hotel attributes among the customer segments. For Group 1, which places a
significant emphasis on Service (A4), the top three recommended hotels are H39 > H50
> H40. For Groups 2 and 3, which prioritize Room (A2), the recommendations show
some similarities, with the top three hotels being H15 > H18 > H39 and H15 > H18 >
H1, respectively. For Groups 4, 5 and 6, the top recommended hotel is H18. Overall, hotel
H18 demonstrates superior performance and is thus more frequently prioritized in the
recommendations compared to other hotels.

5. Result Comparison and Discussion
5.1. Effectiveness of Different Customer Segmentation Methods

In the process of customer segmentation based on online reviews, establishing clus-
tering bases is a significant factor contributing to the variability in segmentation results.
Previous studies have primarily relied on three metrics as the basis for clustering: multi-
attribute ratings directly provided by customers (M1) [5], attribute frequencies based on
reviews (M2) [44], and attribute TF-IDF values based on reviews (M3) [6]. The M1 met-
ric suffers from a pronounced data sparsity issue, as few customers rate each attribute’s
performance comprehensively. For instance, as shown in Figure 2, the customer only rated
the attributes of Value, Location and Service, making it challenging to determine sentiment
scores for unmentioned attributes. Additionally, M1 only accounts for customers’ senti-
ments without considering the importance of attributes. The M2 metric considers attribute
importance based on frequency, whereas the M3 metric evaluates attribute importance by
incorporating both attribute frequency and inverse document frequency. Given that M1
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suffers from data missing issues in the dataset used in this study, M2 and M3 were selected
for a comparative analysis with the customer segmentation in this case. The results are
illustrated in Figure 6.

K-Means Clustering (k=4) with PCA K-Means Clustering (k=4) with PCA

Cluster Cluster
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PCA Component 2
PCA Compony

PCA Component 1 PCA Component 1

(a) (b)

Figure 6. (a) Customer segmentation results using Method M2. (b) Customer segmentation results
using Method M3.

From Figures 5 and 6, it can be observed that the application of the LIME explain-
able machine learning algorithm yields the more effective customer segmentation than
the frequency-based and TF-IDF-based methods. Specifically, Figure 6a, which portrays
customer segmentation based on attribute frequency, exhibits a lack of discernibility among
clusters, particularly with Clusters 1 and 5 displaying marked dispersion and poor clus-
tering results. Conversely, Figure 6b, depicting customer segmentation based on attribute
TF-IDF values, reveals instances of overlap between Clusters 0, 2, and 5, as well as indistinct
distinctions between clusters and a notable dispersion of data points within some clus-
ters, leading to suboptimal segmentation results. In contrast, the customer segmentation
results presented in Figure 6 demonstrate clearer distinctions between groups and more
concentrated data points within each cluster. To quantitatively evaluate these differences,
the Silhouette Coefficient was calculated for all three methods under the same setting of
clusters. The LIME-based method achieved a Silhouette Coefficient of 0.4381, substantially
higher than those of the frequency-based method (0.2104) and the TF-IDF-based method
(0.1678). These results indicate that the LIME-based method achieves better cluster cohesion
and separation in this case study.

From a theoretical perspective, these findings suggest that review-based customer
segmentation can be informed not only by the frequency with which customers mention
particular attributes but also by the relative contributions of these attributes to model-
predicted satisfaction. Compared with frequency- and TF-IDF-based representations, LIME-
derived attribute-importance profiles provide an alternative basis for identifying differences
in attribute-importance patterns across reviews. This finding extends existing review-based
segmentation approaches by introducing an interpretable, prediction-oriented perspective
on customer heterogeneity.

5.2. Impact of Attribute Weights on Hotel Recommendations Across Customer Segments

In this study, the attribute preferences of different customer groups are used as the
basis for differentiated hotel recommendations. Consequently, it is essential to investigate
how changes in attribute weights affect the recommendation results. In the context of this
case study, the simulation experiment was conducted by randomly generating 1000 sets
of attribute weights using Python. The variation in hotel rankings under different weight
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settings is illustrated in Figure 7. In the figure, each row represents an alternative hotel,
with colors ranging from dark blue to yellow indicating higher hotel rankings. Greater color
fluctuation within a row means a more significant impact of different weight settings on
hotel rankings.

Rankings of Hotels Over 1000 Simulations with Random Weights
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Figure 7. Variation in hotel ranking under different attribute weight settings.

Based on the color variations in the heatmap shown in Figure 7, it can be observed
that changes in attribute weights have a significant impact on hotel rankings, indicating
the necessity of tailoring hotel recommendations according to the weight preferences of
different customer segments. Specifically, hotels H1, H32 and H41 exhibit substantial color
variations across different experiments, suggesting that their rankings are more sensitive
to changes in attribute weights. Conversely, hotels H40 and H42 display minimal color
variation, indicating that their rankings are relatively stable. Additionally, the overall color
for hotels H42, H46 and H9 tends towards yellow, reflecting their relatively poorer overall
performance across different simulations. In contrast, hotels H15, H18 and H40 exhibit
a color trend towards blue, indicating consistently better overall performance in various
experiments. Overall, changes in attribute weights directly influence hotel rankings and
recommendation outcomes. By incorporating the attribute-importance profiles derived from
the proposed LIME-based customer segmentation method into the recommendation process,
the framework accounts for differences in attribute priorities across customer segments.
The observed ranking variations highlight the importance of considering segment-specific
attribute preferences when generating hotel recommendations, providing further support
for the value of integrating interpretable customer segmentation with multi-attribute hotel
recommendation to better accommodate heterogeneous customer needs.

5.3. Comparative Performance of Hotel Recommendation Methods

To assess the effectiveness of the PLTS-VIKOR method, this study compares it with sev-
eral other commonly used multi-attribute decision-making methods in PLTS environment,
namely PLTS-TOPSIS (W1) [40], PLTS-PROMETHEE II (W2) [45] and PLTS-COCOSO
(W3) [46]. These methods were selected because they represent different decision principles,
including distance-based evaluation, outranking relations, and compromise aggregation.
The methods are compared from two perspectives. First, Spearman’s rank correlation coeffi-
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cient and the Top-10 overlap rate are used to examine the consistency between the rankings
generated by the proposed method and those produced by the comparison methods. Spear-
man’s coefficient evaluates the consistency of the complete rankings of the 52 hotels, whereas
the Top-10 overlap rate measures the proportion of highly ranked hotels identified by both
methods. Second, group utility loss, maximum individual regret, and worst individual
regret are employed to evaluate the recommendation outcomes. Group utility loss repre-
sents the aggregate performance gap between the selected hotels and the ideal solution
across all attributes. Maximum individual regret captures the average worst attribute-level
performance gap among the Top-10 hotels, while worst individual regret represents the
largest regret observed within the Top-10 recommendation list. Lower values for these three
indicators indicate more desirable decision outcomes. Table 9 reports the average results
across the 6 customer groups.

Table 9. Comparison of hotel-ranking methods across 6 customer groups.

Spearman’s Top-10 Grou Maximum Worst

Method pearm P roup Individual Individual

Coefficients Overlap Utility Loss

Regret Regret
This study — — 0.1706 0.0563 0.0758
W1 0.9937 90.00% 0.1663 0.0584 0.0823
W2 0.9840 88.33% 0.1652 0.0593 0.0822
W3 0.9860 88.33% 0.1652 0.0593 0.0822

Notes: Spearman’s p and the Top-10 overlap rate are calculated relative to the proposed PLTS-VIKOR
method. The reported values are averages across the six customer segments. Lower group utility loss,
maximum individual regret, and worst individual regret indicate better performance.

The results show a high degree of consistency between PLTS-VIKOR and the compari-
son methods. Spearman’s coefficients range from 0.9840 to 0.9937, while the Top-10 overlap
rates range from 88.33% to 90.00%, indicating that the overall rankings and recommended
hotel lists are relatively stable across the four MCDM methods in this case study. Although
PLTS-VIKOR produces a slightly higher group utility loss, it achieves the lowest maximum
individual regret and worst individual regret. This indicates that it accepts a limited reduc-
tion in overall utility to reduce the risk of poor performance on attributes important to each
customer group. Therefore, PLTS-VIKOR provides a more balanced compromise between
overall group utility and unfavorable attribute-level outcomes, supporting its suitability for
group recommendation.

6. Conclusions
6.1. Theory and Practice Implications

Online reviews contain rich information on customer preferences. This study uses the
LIME interpretable machine learning algorithm to extract customer attribute preferences
from each review and constructs an integrated framework for customer segmentation and
hotel recommendation. The case study and comparative analysis results indicate that,
among various machine learning algorithms, trained XGBoost excels in capturing the
nonlinear relationships between attributes and customer satisfaction in online reviews. In
addition, the attribute importance derived from the LIME interpretable machine learning
algorithm for customer segment outperforms previous methods solely relying on attribute
frequency or TE-IDF values. Finally, the proposed hotel recommendation method based
on customer segmentation demonstrates a different trade-off between group utility and
individual regret compared with the alternative methods.
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This study makes several theoretical contributions. Firstly, it contributes an integrated
framework linking online review-based customer segmentation with hotel recommendation,
which provides a framework for need-based customer classification and recommendation
strategies. Secondly, unlike previous customer segmentation approaches that rely on online
ratings or attribute frequency, this study quantifies the nonlinear relationships between
attribute performance and customer satisfaction using machine learning models, and as-
sesses the importance of attributes in each review through the LIME algorithm, which
forms the foundation for a more accurate and interpretable customer segmentation. Thirdly,
in the hotel recommendation stage, a distance-based method is proposed to measure the
influence of group members, which determines differentiated attribute weights for each
segment. Fourthly, this study contributes to group recommendation research by apply-
ing PLTS-VIKOR to evaluate hotel alternatives while considering both group utility and
individual regret.

The findings of this study have significant practical implications. Firstly, this study
introduces a novel framework by integrating customer segmentation with hotel recommen-
dations, offering a new perspective for hospitality industries to identify customer groups
based on customer needs. This proposed approach provides valuable insights for offering
differentiated services or product recommendations to various segments. Secondly, by
quantifying attribute importance in online reviews using the LIME algorithm, this study
improves traditional segmentation methods based on ratings or attribute frequency. This
improvement enables hotel managers to identify key factors for different customer seg-
ments, fostering targeted service improvements and innovations that cater to these segments’
unique preferences. Finally, the applicability of the proposed framework extends beyond the
hospitality sector, encompassing domains such as e-commerce, online education and health-
care. It offers practical guidance for optimizing group activities and formulating precise
marketing strategies in these fields, thereby elevating customer service levels across related
industries and fostering data-driven decision-making and resource allocation efficiencies.

6.2. Limitations and Future Directions

This study has several limitations that provide opportunities for future research. First,
the proposed framework focuses on needs-based customer segmentation using online
reviews while overlooking other potentially informative customer characteristics, such as
demographic information (e.g., age, gender, and location) and behavioral data. Future
research could integrate multiple data sources to achieve more comprehensive customer
profiling and segmentation. Second, although the proposed framework employs the LIME
algorithm to provide interpretable attribute importance for customer segmentation, future
studies could investigate more advanced explainable models, such as attention-based deep
learning methods or graph neural networks, to capture more complex relationships among
customer needs and service attributes. Third, this study adopts an exponential decay
function to determine review weights based on their distances from cluster centers. Future
research could compare it with alternative weighting functions, such as linear and Gaussian
functions, to examine their effects on group-level attribute weights and recommendation
results. Finally, although this study employs BERT-LDA and RNTN for attribute extraction
and fine-grained sentiment analysis, respectively, it does not compare their performance
with recent instruction-tuned large language models (LLMs) or zero-shot aspect extraction
methods. Future research could benchmark these approaches to evaluate their relative
effectiveness and explore their potential to improve the accuracy and robustness of review-
based customer segmentation and hotel recommendation.
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