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Abstract
This paper explores the potential of combining online guest reviews with hotel classification systems, focusing
on the feasibility of incorporating such reviews at the star-classification level. Leveraging machine learning
techniques on a database of Portuguese hotels and their corresponding ratings on Booking.com, this study
reveals a weak association between official hotel star categories and mean review scores of satisfaction items
rated by users during the review process, suggesting a discrepancy between official star-classifications and
consumer expectations and experiences. Based on the results, a new classification model is proposed, which
integrates a classification system based on Booking.com reviews alongside traditional star categories, aiming to
complement hotel star-classifications with a further quality dimension as perceived by customers through
online reviews. This model provides travellers with more informative and reliable information, facilitating
decision-making in the hotel selection process.
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Introduction
Hotel classification systems are widely used in the ac-
commodation sector to provide measurable indicators
for consumers and intermediaries (UNWTO, 2015).
Using these indicators makes it easier to compare ho-
tels’ service levels and equipment standards. Therefore,
any information that can help to better understand and
compare the characteristics and expected quality of the
accommodation experience can be critical (Arzaghi
et al., 2023). For marketing purposes, classification
systems are particularly useful in promoting the most
varied types of tourist accommodation. However, es-
tablishing a classification system for tourist accom-
modation is a complex task due to the diversity of types
of accommodation and the cultural, environmental,
and economic contexts in which the systems are applied
(UNWTO, 2015). Despite hotels’ efforts to provide
consumers with reliable, comparable, and relevant in-
formation, this industry continues to struggle with the
problem of asymmetric information. Mainly because

hotel classification systems may differ between coun-
tries and regions (Cser and Ohuchi, 2008; Rhee and
Yang, 2015) and because they may be insufficient to
inform about the quality of service and experience that
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hotels offer, which is more subjective and does not
always correspond to the expected level.

With the increasing prevalence of the Internet, in-
formation about guest reviews, ratings, and scores has
become increasingly accessible to travellers. Electronic
word of mouth (eWOM) has been reducing the asym-
metry of information, and the scores provided by travel
sites, such as Booking.com, Expedia, TripAdvisor or
Google Travel, among others, have contributed to reduce
the subjectivity of service quality and the relationship this
has with the characteristics of hotels (Li et al., 2017). As
travel-related online searches are rising, the hotel’s official
classifications and guest reviews play complementary
roles. Traditionally, official classification systems focus
on facilities and level of service, while guest reviews and
ratings are based on expectations and quality of experi-
ence. Therefore, in this paper, the term “classification
system” refers to formal hotel categorisation schemes
(e.g., star-classifications assigned by official bodies based
on technical criteria), whereas “rating system” is used to
describe consumer-based evaluations such as review
scores on online travel platforms.

Hensens (2015) anticipated the shift towards more
dynamic, consumer-focused classification models, fore-
shadowing the integration of digital guest feedback with
traditional classification systems. While formal classifi-
cation systems already ensure that required facilities are
present and meet predefined standards, guest reviews
provide insight into how those facilities are perceived and
experienced by customers – offering an additional, ex-
periential layer of quality assessment. Therefore, the
growing reliance on online travel-related content has
reshaped how quality is perceived and communicated.

Before making an online hotel reservation, con-
sumers visit on average almost 14 different travel-
related websites, with about three visits per website,
and perform nine travel-related searches on search
engines (UNWTO, 2014). Official hotel classifications
are often used by consumers as a filtering mechanism in
the booking process, with guest reviews used to make a
final selection from a narrower group of hotels. More
recently, there has been interest in integrating classifi-
cation processes into the digital and social era, with
regions considering the use of online guest reviews in
traditional hotel classification methods. According to
the UNWTO (2014), there is a consensus among
suppliers and consumers about the advantages of in-
tegrating guest reviews into hotel classification systems,
provided that an appropriate methodology is developed
to do so (UNWTO, 2014).

Despite the widespread use of both official hotel star-
classifications and online guest reviews, few academic
studies have explored how these systems can be
meaningfully integrated into a unified classification
framework. Most research either compares the two

systems (Martin-Fuentes, 2016; Martin-Fuentes et al.,
2018) or analyses the sentiment behind reviews (Krey
et al., 2024) without proposing operational models for
combining institutional and consumer perspectives.
This study addresses that gap by developing a hybrid
classification model that uses guest review data to
complement and enrich formal hotel classification
through machine learning techniques. It also examines
the feasibility of incorporating guest reviews into large-
scale hotel classification systems, specifically at the star-
classification level. Thus, the proposed integrated ap-
proach aims to add a further consumer-based quality
dimension to hotel classification, thereby refining the
classification process by complementing the existing
expert-led criteria with experiential guest perspectives.

The research was conducted using a database of
Portuguese hotels and their corresponding ratings on
Booking.com based on the satisfaction items rated by
users during the review process after checking out. The
satisfaction items refer to Overall, related to the global
accommodation experience and overall satisfaction level,
Value for money, Cleanliness, Location, Facilities,
Comfort, Staff, and Wi-Fi. It is important to note that
these satisfaction items are based on guests’ subjective
evaluations of their experience, as provided on the
Booking.com platform. As such, they reflect perceived
quality rather than a formal audit of infrastructure.
Consequently, this study does not aim to reproduce the
full technical criteria used in official star-classification
systems (e.g., availability of lifts, pools, or specific sur-
face areas), but rather to model how guests interpret and
evaluate their stay.

From the guest’s perspective, perceived quality is
shaped by several specific factors that contribute to their
overall satisfaction. Value for money refers to balancing
perceived costs (primarily monetary) with perceived
benefits. Customers seek accommodations offering the
highest value at the lowest possible price (Gupta and
Kim, 2009), irrespective of the accommodation type.
Some authors found value for money to be the most
critical factor in hotel selection, after the price criteria
(Zaman et al., 2016). Cleanliness applies to rooms and
other hotel areas, such as restrooms, entrances, parking
areas, lobbies, and dining places. It is associated with
safety and low health hazards and is one of the primary
causes of dissatisfaction during a stay (Lockyer, 2002).
Cleanliness and safety have become even more critical
in the aftermath of the COVID-19 pandemic, with
recent studies confirming that guests increasingly pri-
oritise hygiene protocols and perceived health security
when evaluating hotel quality (Pennington-Gray and
Lee, 2024; Tiwari andMishra, 2023; Tiwari and Omar,
2023). Hotel comfort is usually related to sleep quality,
which includes factors like a cozy bed, noise level,
adequate room temperature, lighting, and scent
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(Zaman et al., 2016). Location is related to the prox-
imity to points of interest, transportation convenience,
and the surrounding environment. Location may be
essential for tourists who want easy access to the sites
they plan to visit and the events they plan to attend
(Masiero et al., 2019; Yang et al., 2015). Hotel facilities,
also frequently referred as amenities, typically refer to
supplementary services (e.g., in-room coffee maker or
kettle, safe, luggage storage, recreational equipment
storage, complimentary parking, etc.). These facilities
may be included in the accommodation price or require
an additional fee, depending on the hotel and its
standard. To stay competitive, hotels strive to provide
an increasing number of facilities (Chu and Choi,
2000). Regarding the hotel staff, it is often a crucial
aspect of customer satisfaction regarding hotel services
(Chu and Choi, 2000; Kim et al., 2020, 2022). Finally,
free and reliable Wi-Fi in hotels is now considered an
essential part of modern hospitality and is often viewed
by guests as the most important technology that should
always be available. While most hotels offer compli-
mentary access, issues such as limited coverage or slow
connection speeds are common sources of dissatisfac-
tion (Cain et al., 2024).

By leveragingmachine learning techniques, this work
proposes a hybrid classification model that analyses all
items rated by users during the review process on
Booking.com and assigns a refined star-classification
that accurately reflects the quality and services provided
by each hotel. This methodology ensures a compre-
hensive and objective assessment of the hotels, enhancing
the reliability and usefulness of the complementary
classifications.

By applying supervised and unsupervised learning
techniques to Booking.com review data and comparing
outcomes with official star-classifications, this study
advances the conceptual understanding of classification
as a multidimensional construct – both facility and
experience-based (Koutoulas and Vagena, 2023). This
aligns with current academic interest in reconciling
objective and subjective indicators of quality in service
contexts (Nilashi et al., 2022).

Literature review

Hotel classification systems

Classification systems categorise hotels and services by
assigning them distinct grading levels. These systems
provide comparative information about hotel facilities,
such as view, room quality, room service, food, spa, and
fitness services, and more recently, on the surrounding
area’s public services and facilities (Arzaghi et al.,
2023). Classifications are attributed based primarily
on the types of facilities and services offered, rather than

on the subjective quality of service delivery. In systems
such as the Automobile Association (AA) in the UK,
classifications focus on the presence, scope, and con-
sistency of services rather than their experiential quality.
Some hospitality brands also have different classifica-
tions for their properties across geographies, sometimes
under a different brand name, to target specific cus-
tomer segments (Claver et al., 2006). This is because
classifications indicate not only the facilities provided by
the hotel but also the price levels (Nilashi et al., 2022).
Potential guests with different needs consider various
criteria to make stay-related decisions, and the classi-
fication systems may serve as a credible and trustworthy
signal of the hotel’s services to make that decision easier
(Masiero et al., 2015).

Classification systems can also be divided into those
that only evaluate objective criteria and those that
evaluate both objective and subjective criteria and can
be either statutory (or official) or voluntary (UNWTO,
2015). Most statutory or official systems are govern-
ment or state-owned classification systems and focus
mainly on physical attributes and services, relying more
on quantitative and technical aspects than service
quality. However, the combination of private and public
systems is more intended towards guests, their needs,
and expectations (Minazzi, 2010). Hence, public au-
thorities must be more guest-oriented and interested in
regulating properties to increase international com-
petitiveness (Khan et al., 2022). These distinctions are
reflected in the diversity of classification approaches
adopted around the world. Although there is no in-
ternationally centralised hotel classification system,
several prominent national and regional systems have
emerged. These are applied across different parts of the
world and use symbols such as diamonds, stars, crowns,
suns, coffee pots, letters, and even feathers to categorize
hotels (Vallen and Vallen, 2017).

In 1900, Michelin Tyres introduced pictorial sym-
bols to point out the facilities of French establishments
(Khan et al., 2022), giving rise to what is now one of the
most famous travel guides, the Michelin Guide. In
1912, the AA launched the hotel star-classification in
the UK, and today, it is the most used grading system in
the country, rating and awarding stars to hotels based
on quality, facilities, and services (Blomberg-Nygard
and Anderson, 2016). AA has worked closely with
VisitBritain, VisitEngland, VisitScotland and Wales
Tourist Board to implement Common Quality Stan-
dards for hotel inspections, ensuring consistent ratings
across the UK (AA Hotel and Hospitality Services,
2024). In addition to standard “Black Star” classifi-
cations, the AA awards Silver Stars (for hotels ex-
ceeding quality expectations) and distinguished Red
Stars, which recognise properties that deliver excep-
tional hospitality and service levels across all star
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categories, thereby providing an additional layer of
recognition above the traditional star classification (AA
Hotel and Hospitality Services, 2024).

In 1958, the oil and gas company Mobil, through
their magazine Mobil’s Travel Guide (known today as
Forbes Travel Guide), rated hotels using a 1-to-5-star
system (Arzaghi et al., 2023). In 1962, the International
Union of Official Travel Organizations (UNWTO)
developed a consensus on using 5-categories of hotel
classification (Vine, 1981). In 1976, the American
Automobile Association (AAA) started rating hotels
and restaurants using the Diamond Grading system,
being considered, nowadays, the most extensive clas-
sification system as it grades more lodging properties
than any other system in the world based on facilities
and services offered (Nalley et al., 2019).

More recently, in 2009, a joint initiative led to the
founding of the Hotelstars Union, under the patronage
of HOTREC Hospitality Europe (The Confederation
of National Associations of Hotels, Restaurants, Cafés
and Similar Establishments in the European Union and
European Economic Area). This platform aimed to
harmonise European hotel classification based on a
standard criteria catalogue. Although this initiative did
not get the adhesion of all HOTREC members, more
than 22,000 hotels are classified within the Hotelstars
Union. This system has 247 harmonised criteria
(mandatory plus optional criteria), uses a 1 to 5-star
grading system and demands revision of criteria every
5 to 6 years. It aims to improve transparency for guests
and hoteliers, as well as quality control and fair com-
petition (https://www.hotelstars.eu/).

Within the 1-to-5-star grading system, variants have
also emerged. The European Hotelstars Union has a
higher “Superior” mark to account for some extra
features in each star category. Another example is the
Australian classification system, which has half-star
increments for their hotels, making it possible to find
1.5-star hotels (Arzaghi et al., 2023). According to
Vallen and Vallen (2017), some other differences and
similarities can be pointed out. In Sweden, Germany,
Switzerland and France, the “Hotel Garni” means no
restaurant but includes continental breakfast. Besides the
1-to-5 classifications in Switzerland, a luxury class,
“Gran Tourism” or “Gran Especial,” has been added.
The same happens in Italy, India, and Spainwith an extra
classification of 5-star “Deluxe” (UNWTO, 2015). The
Irish Tourist Board takes a different approach, listing the
facilities available (e.g., elevator, air conditioning,
laundry) rather than grading them. Directories of the
European Community follow a different approach and
classify by location: seaside/countryside, small town/large
city. European auto clubs go further by distinguishing
privately owned from government-run accommodations
(Vallen and Vallen (2017). In this context, Spain has

standardised its Paradores’ rating system, consisting of a
government-operated chain of charming hotels in his-
toric buildings. Portugal also has its Pousadas, which can
be compared to the Spanish Paradores. In Japan, the
traditional inns, the Ryokans, are rated according to their
rooms, baths and gardens.

Although the most frequent and worldwide recog-
nisable is a 1-to-5-star classification (Tiwari and Omar,
2023), it is still necessary to work on a universal, more
credible and more customer-oriented system so that
international travellers can have a more accurate picture
of what hotels are offering (Núñez-Serrano et al., 2014).
Classification systems serve hotels, hotel guests, and the
travel trade, such as tour operators and travel agencies
(Narangajavana andHu, 2008; Nunkoo et al., 2020). In
some cases, online travel agencies (OTA) show the
official star-classifications side by side with their guest
rating scores of the hotels displayed on their online
platforms (Koutoulas and Vagena, 2023). The main
limitation in using star-classifications for comparing
hotels is the fragmentation of hotel classification sys-
tems, as each country, and sometimes each region, uses
its system with a distinct set of criteria, thus creating
confusion to hotel guests about what level of quality and
comfort to expect (Núñez-Serrano et al., 2014).

In addition to being based primarily on facilities and
services, traditional classification systems also face
criticism for other limitations. These include the reli-
ance on scheduled inspections, which may not reflect
the hotel’s continuous performance. Moreover, con-
sumers are frequently unaware of the criteria underlying
star-classification, leading to misunderstandings or
mistrust (UNWTO, 2015).

More recently, new classification and rating initia-
tives have emerged. In 2024, Michelin introduced the
“Michelin Keys” for hotels, aiming to recognise out-
standing establishments worldwide based on consistent
excellence and guest experience (Guide, 2024). At the
same time, several hotels – particularly in the Middle
East – have adopted unofficial “6-star” or “7-star” labels
as part of branding strategies, despite the absence of
formal global standards. Among the most notable ex-
amples are the Burj Al Arab and the Jumeirah Marsa Al
Arab, both in Dubai, which are often marketed as “7-
star hotels” (Forbes, 2023; Jumeirah Group, 2024).
These differences among classification systems reflect
the respective countries’ cultural, economic, or national
traditions (Maravić, 2017).

Online guest reviews and
integrated approaches

With the continued growth of social media and online
reservation platforms which allow and encourage guest
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feedback, the playing field for hotel classification is
changing rapidly. The information on hotels’ charac-
teristics and attributes and the customers’ experiences,
reviews, and scores have become increasingly available
directly to travellers (Arzaghi et al., 2023). A recent
systematic review by Pestana et al. (2024) mapped the
growing body of literature on online hotel reviews,
emphasizing their rising influence on service quality
assessment and classification methods. Consumers are
giving more importance to ratings given by other
consumers, and less importance to official classifica-
tions. Recent studies have demonstrated that sentiment
analysis applied to guest reviews can effectively forecast
hotel performance, providing valuable predictive in-
sights complementary to traditional star-classifications
(Krey et al., 2024). Therefore, eWOM can significantly
impact the reputation of a hotel and booking rates.
Positive reviews attract potential guests, while negative
feedback deters them from booking (Hensens, 2015).
Most of the online reviews focus on service quality. At
the same time, conventional classification systems tend
to focus primarily on objective, tangible criteria such as
the availability and size of facilities and services, oc-
casionally on subjective tangible criteria such as
cleanliness and state of maintenance, and rarely on
service quality (Hensens et al., 2010).

The customers’ view of hotel quality is largely sub-
jective and depends on their perceptions of its char-
acteristics, facilities, services, location, and even the
price. For instance, Kim et al. (2022) found systematic
differences in online reviews between distinct traveller
segments, highlighting the importance of incorporating
varied consumer perspectives into classification
frameworks. eWOM is a staple feature of online
customer-to-customer communication, reducing in-
formation asymmetry of lesser-known hotels more than
higher-quality hotels (Yang et al., 2018). Specialised
sites, such as Tripadvisor.com, and customer reviews
and scores provided by travel sites, like Booking.com
and Expedia.com, have significantly contributed to
resolving the quality information problem in the travel
and hotel industries (Li et al., 2017) while also pro-
viding review scores that simplify comparisons.

Nowadays, many online platforms generate a sub-
stantial number of reviews and user-generated content,
including hotel reviews and ratings. This amount of new
data may play a crucial role in decision-making by
providing additional information and ultimately influ-
encing the traveller. Besides ratings and textual com-
ments, most review platforms allow users to upload
photos, offering visual evidence that enhances the
credibility and richness of guest feedback. Recent
studies show that the consistency between visual and
verbal content can significantly impact consumer per-
ception and hotel ratings (Liu et al., 2024). Moreover,

hotel managers can publicly respond to reviews, a
practice that has been shown to positively influence
booking behaviour when responses are timely and
customer-focused (Krey et al., 2024; Lopes et al.,
2024). These systems can offer an independent and
trusted reference on the standard and quality of hotel
service and facilities, thereby facilitating consumers in
choosing their accommodation. They also provide a
framework for accommodation providers to market,
position themselves appropriately, and leverage their
investments in the quality of their product-service offers
(UNWTO, 2014).

However, one of the preconditions for this is sharing
accurate information and sometimes it can be a problem
if customers give biased and superficial reviews or in-
adequate observation (Hensens, 2015). The presence of
fake or manipulated reviews further undermines the
credibility of user-generated content. As Tuomi (2021)
points out, the emergence of deepfake consumer re-
views in tourism makes it increasingly difficult for other
users to assess the authenticity and reliability of the
feedback they read.

Additionally, the large number of reviews makes it
time-consuming for customers to read and draw con-
clusions. Since these issues can make it difficult for
customers to make decisions confidently, authenticat-
ing such reviews and scores may constitute a basis for
future demand, as the experience of past customers is a
key criterion for choosing a hotel (Arzaghi et al., 2023).
Travellers can become overwhelmed by the sheer vol-
ume of reviews and struggle to extract relevant and
valuable information for their selection process. This
issue of information overload can make decision-
making more difficult and time-consuming for poten-
tial guests. As a result, there is a need for the compi-
lation and summarisation of this data to aid travellers in
overcoming the discrepancies between the star-
classification system and guest satisfaction. There-
fore, conventional classification systems and online
travel platforms, such as Booking.com or TripAdvisor,
may complement each other through integrated clas-
sification models. Several countries are moving towards
integrated models, which can be grouped into two
types: full integration and comparative performance.

Full integration implies that the hotel can adjust its
star level up or down, depending on its perceived
quality, as measured by guest reviews, compared to
other hotels. In a comparative performance model, the
aggregated guest review rating is displayed separately
from the hotel classification. However, integrating
consumer reviews into hotel classification is not new;
some travel sites have been doing so for the past few
years, such as Hotwire.com and Priceline.com, which
primarily operate in the United States. These sites sell
rooms not in specific hotels but in classes of hotels in
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general areas, such as a 4-star hotel in Times Square,
New York City, for example. The accuracy of the star
information is, therefore, critical to the success of these
sites. Consumers may not revisit the travel site if they
purchase a 4-star hotel but feel it is a 3-star hotel due to
the quality of service or facilities. Norway and Swit-
zerland have established models for integrating guest
reviews into hotel classification, and regions such as the
United Arab Emirates, Germany, and Australia are also
developing integrated platforms. The model in Norway,
developed by QualityMark Norway and yet to be im-
plemented due to resistance frommajor hotel chains, is an
example of full-scale integration. On the other hand, the
system currently being used in Switzerland, which uses
Hotelstars Union criteria for its official classification, in-
volves instead a parallel presentation of aggregated guest
review information alongside traditional hotel classifica-
tions (UNWTO, 2014; UNWTO, 2015).

In this context, the integration of guest reviews from
online platforms into traditional hotel classification
systems focuses on the feasibility of incorporating such
reviews at the star-classification level. On the one hand,
this approach respects the traditional characteristics and
classification models of each country or region (in this
case, star-classification) and, on the other, it integrates a
classification obtained through machine learning
techniques based on Booking.com reviews. These re-
cent contributions underscore the need for a model that
unites institutional classifications with user perception
data – an integration still underexplored in empirical
research, and which this study aims to address.
Therefore, this model is considered innovative in that it
can be adapted to the specific contexts of any region or
country.

Methods

Data

For this study, a database combining hotel star-
classifications from the Portuguese National Tourism
Board (Turismo de Portugal) with online guest review
ratings from Booking.com was compiled. All data were
collected in October 2021, with star-classifications
sourced from the official database and review scores
gathered manually from Booking.com. To build our
sample, we began by consulting the list of 1,426 hotels
registered with Turismo de Portugal at the time. This
registry gathers all information regarding official reg-
istration number, star classification, number of rooms
and beds, and other available facilities. This search
revealed that 226 hotels did not have all the information
available and were therefore excluded due to their in-
consistency. Thus, our final sample consisted of
1,200 hotels.

The Booking.com guest review scores are obtained
after a guest has checked out of a property that had a
reservation made through the platform. The platform
emails the guest one questionnaire containing one
mandatory question on the overall score of the property,
6 specific questions relating to cleanliness, comfort,
value, facilities, location and staff that are optional and a
few more optional ratings on breakfast and Wi-Fi fa-
cilities. Guests are invited to rate the property by at-
tributing scores from 1 to 10. The platform also
encourages guests to provide feedback in the form of an
open question, even though it is also optional. After
that, the average values are recalculated and, together
with the characteristics, prices and photographs of the
hotel, the ratings for each of the 8 items previously
mentioned are presented (Overall, Value for money,
Cleanliness, Location, Facilities, Comfort, Staff, Wi-
Fi). The score metrics only considers reviews of the
previous 36 months and is in constant update.

Software and libraries

The RStudio program 2023.0301 with R-4.3.0 was
used to analyse the data. To fulfil the objectives of this
work several R libraries were used, including:MASS for
support functions; dplyr for data manipulation; e1071
for support vector machines training; psych and
gtsummary for summary statistics; caret for classification
and regression training; cluster for cluster analysis;
randomForest for Random Forests classification and
regression; factoextra to extract and visualise the results
of multivariate data.

Support vector machine

The Support Vector Machine (SVM) is a popular
machine learning algorithm (Bishop, 2006; Cervantes
et al., 2020) originally derived for binary classification
problems. In its simplest form, known as hard margin
SVM, the model seeks the optimal (linear) decision
boundary yðxÞ ¼ w1x1 þ/þ wDxD þ w0, as the one
that perfectly separates, with the maximum margin, the
data points of two linearly separable classes in the
feature space. The margin is defined as the distance
between the decision boundary and the closest data
points from each class, the support vectors. The solu-
tion is obtained by solving, with quadratic programming
techniques, a convex optimization problem. When the
classes are not linearly separable or even overlapped, the
model assumes a soft margin version that allows data
points inside the margin (some of them, misclassified)
by introducing some relaxation variables (slack vari-
ables) εn for each data point. The optimization problem
is then expressed as
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min

"
1
2
kwk2 þ C

XN
n¼1

εn

#
subject to

tnðw�xn þ w0Þ � 1� εn and εn � 0; n ¼ 1,…,N

where n represents the nth observation index from a
dataset with N observations, w ¼ ðw1,…,wDÞ,
xn ¼ ðx1n,…, xDnÞ is the nth data point and tn 2f�1, 1g
is the corresponding target value (class). The hyper-
parameter C controls the trade-off between minimizing
misclassifications (high value of C) and maximizing the
margin (low value of C). The SVM model can be further
extended to provide nonlinear decision boundaries. The
idea is to map the input features to a higher dimensional
space using a nonlinear mapping where the linear model
can solve the problem more easily (with high probability).
By mapping back such solution to the original space, a
nonlinear decision boundary is achieved. This process is
possible by using the well-known kernel trick (Bishop,
2006; Cervantes et al., 2020), where a kernel function is
used to compute the dot product in the higher dimensional
space.Moreover, theSVMmodel canbe applied to amulti-
class setting by considering a one vs all strategy, building an
SVM for each class against the others and combining the
results. In this work it was considered the linear kernel,
corresponding to perform no mapping to higher dimen-
sionality (the original SVM formulation) and the radial
basis function (RBF) kernel, to allow nonlinear solutions.

Gradient Boosting Machines

Gradient Boosting Machines (GBM) are a class of
ensemble methods whose rationale is based on the idea
that combining several weak models (eventually slightly
better than random guessing) can produce a single
stronger model (Bishop, 2006; Mienye and Sun, 2022;
Natekin and Knoll, 2013). Usually using low depth
decision trees as weak models, GBM’s training is
performed in sequence in a way that the following weak
model is trained to correct the errors of the previous
ones. Formally, GBM is an additive model

YMðxÞ ¼
XM
m¼1

αmymðxÞ

where each ym is a (weak) decision tree which is se-
quentially added to the ensemble, guaranteeing that the
previousm� 1 trees stay fixed. For that, gradient descent
is used to minimise, at stepm, a cost function of the form:

XN
n¼1

Eðtn,Ym�1 þ αmymÞ

where Ym�1 (the current model) is fixed and Eð � Þ is an
appropriate measure of the discrepancy between the

targets and the model’s output. The number M of
weak models is usually in the order of dozens or
hundreds and αm weights each weak model in the sum
according to its performance (high performing models
get higher weight in the ensemble). GBMs are known
to have good performance and are quite flexible re-
garding the type of data used, as they can easily handle
both numerical and categorical data. Tuning a GBM
model includes estimating the best set of hyper-
parameters that include: the number of trees, the
learning rate of the gradient descent optimization, the
(interaction) depth of the trees and the minimum
number of observations required in a node. In this
work, the hyperparameters are tuned using a cross-
validation scheme.

K-means clustering

Clustering algorithms leverage the underlying structure
of a data distribution by partitioning the dataset into
clusters based on specified criteria without prior
knowledge of the dataset. Each cluster contains
similar data instances, distinct from those in other
clusters, with dissimilarity measured according to the
algorithm’s objective and the data characteristics.
Clustering is crucial in many data-driven applications
and is extensively studied in fields like optimization,
bioinformatics, computational geometry, statistics,
pattern recognition, and image processing (Bishop,
2006; Ikotun et al., 2023). In this work, k-means
clustering is used to discover cluster structures
within Portuguese hotels based on the Booking.com’s
online scores.

k-means is a popular partitioning clustering algo-
rithm based on the distances between data points and
cluster centroids. The algorithm starts by initializing k
centroids (representatives of the k clusters), either
randomly or through advanced techniques like density-
based initialization. Each data point is then assigned to
the nearest centroid, and the centroids are recalculated.
This process is repeated until the centroids stabilize
(convergence), reaching a local minimum of the ob-
jective function (Bishop, 2006; Ikotun et al., 2023;
Steinley and Brusco, 2007).

Choosing the optimal number of clusters k to use is a
fundamental problem for k-means. Incorporating
domain knowledge about the data can provide
valuable insights into a reasonable range for k. In this
work, for example, a sensible k would be 5, corre-
sponding to the number of hotel stars. Other strat-
egies include the elbow method or the Gap statistic as
ways of estimating such value. In the former, the total
within sum of squares errors (SSE), measuring how
tightly the data points in a cluster are grouped around
the cluster centroid, is computed for several values of
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k and the point where the rate of decrease in SSE
sharply slows down (the “elbow point”) is chosen.
This point represents a balance between the com-
pactness of the clusters (low SSE) and the simplicity
of the model (fewer clusters). The Gap statistic
(Tibshirani et al., 2001) compares the total within-
cluster variation for different values of k with their
expected values under a null reference distribution
of the data. The goal is to identify the number of
clusters that significantly improves clustering per-
formance over random noise, which corresponds to a
higher Gap value.

Random forests and variable importance

Random forest is another class of ensemble models that
builds many trees and combines their predictions into a
single one (Bishop, 2006; Mienye and Sun, 2022).
Differently from boosting models, in random forests
many bootstrap samples (sampling with replacement)
are obtained from the original set, and each sample is
trained with a full tree (training is performed in par-
allel). Full trees here give more model variance but
lower bias. By combining predictions, variance is also
reduced, and a more robust model is obtained. In the
construction of each tree, only a random subset of the
available input features is allowed to compete for each
node which fosters the variability among trees (reducing
the effect of stronger variables that consistently win the
first nodes of every tree). Random forests allow us to
track and measure the importance of each feature in the
construction of the model. Two approaches to measure
importance are usually provided: the mean decrease in
accuracy (MDA) and the mean decrease in impurity
(MDI) as measured by the Gini index. MDA is gen-
erally preferred as it directly measures how much
permuting a variable reduces prediction accuracy, re-
flecting its true contribution to cluster discrimination,
while MDI can be biased toward variables with more
categories or continuous scales (Louppe et al., 2013;
Sikdar et al., 2025).

In this work, random forests are used to measure
feature importance in predicting cluster membership
for the clustering solutions obtained with k-means. This
allows to identify which Booking.com’s scores are more
important to define the clusters and therefore charac-
terise the corresponding hotels.

Results

Description of the hotel sample

Table 1 presents some descriptive statistics by star
category for the scores of Booking.com’s 8 review items,
along with the p-value for the non-parametric Kruskal-
Wallis test for significant differences between
categories.

Based on the results, higher star-classifications
generally correspond to higher review ratings. How-
ever, this trend is not uniform across all review items, as
(Figure 1(a)) illustrates. Specifically, the relationship
between star-classification and review score is less
straightforward for location and value for money. In
terms of location, 1-star hotels receive higher ratings
compared to 2- and 3-star hotels. As mentioned by
Masiero et al. (2019), location is related to the prox-
imity to points of interest, transportation convenience,
and the surrounding environment. In this context, 1-
star hotels are generally associated with smaller hotels,
sometimes located in pre-existing buildings in historic
centres and, therefore, close to transport infrastructures
such as metro and train stations or bus stops. Also, in
value for money, 1-star hotels have the same rating as
2-star hotels and higher than 3-star hotels, for example,
while no significant differences are found (p = 0.13)
between the five categories. As Gupta and Kim (2009)
refer, value for money refers to seeking accommoda-
tions offering the highest value at the lowest possible
price. In this context, 1-star hotels – typically positioned
in the budget segment – tend to have lower prices than
the rest and, focusing on the quality of service, re-
gardless of the existing level of facilities, they may find a

Table 1. Median scores (interquartile range) for Booking.com’s 8 review items, by hotel star category. p-value obtained for
the Kruskal-Wallis test for significant differences between categories.

Review item * (N = 54) ** (N = 259) *** (N = 435) **** (N = 532) ***** (N = 146) p-value

Overall 8.00 (7.60 – 8.40) 8.10 (7.80 – 8.60) 8.30 (7.90 – 8.60) 8.60 (8.20 – 8.90) 8.90 (8.60 – 9.20) <0.001
Cleanliness 8.40 (8.20 – 8.90) 8.60 (8.20 – 9.00) 8.70 (8.30 – 9.10) 9.00 (8.60 – 9.30) 9.30 (9.00 – 9.50) <0.001
Location 8.85 (8.40 – 9.28) 8.80 (8.20 – 9.25) 8.80 (8.30 – 9.20) 8.90 (8.50 – 9.40) 9.20 (8.80 – 9.50) <0.001
Staff 8.80 (8.50 – 9.20) 8.90 (8.50 – 9.20) 8.90 (8.50 – 9.20) 9.00 (8.70 – 9.30) 9.20 (8.93 – 9.50) <0.001
Comfort 8.00 (7.50 – 8.40) 8.10 (7.70 – 8.60) 8.40 (7.90 – 8.80) 8.80 (8.40 – 9.20) 9.30 (9.00 – 9.50) <0.001
Value for money 8.30 (7.80 – 8.60) 8.30 (7.80 – 8.70) 8.20 (7.80 – 8.60) 8.30 (7.90 – 8.60) 8.40 (8.10 – 8.60) 0.13
Facilities 7.70 (7.30 – 8.07) 7.90 (7.40 – 8.40) 8.10 (7.70 – 8.60) 8.60 (8.10 – 8.93) 9.00 (8.70 – 9.30) <0.001
Wi-Fi 8.10 (7.50 – 8.60) 8.30 (7.70 – 8.70) 8.30 (7.80 – 8.70) 8.50 (8.10 – 8.90) 8.80 (8.33 – 9.20) <0.001
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Figure 1. (a) Heatmap of Booking.com’s median values for the 5-star hotel ranking. (b) Normalized heatmap (by column) of
Booking.com’s median values for the 5-star hotel ranking.
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strategic advantage here compared to other higher star-
classification hotels. Within this 5-star classification
system, it is also interesting to note that, regardless of
the star category, Cleanliness, Location and Staff are
rated with higher values than the other items. This is
clear from the normalized heatmap of (Figure 1(b)).

Predicting star-classifications based on guest
review scores

We applied two predictive models to see if Booking.
com’s guest scores constitute a good set of predictors
of the official hotel star-classification, and therefore,
verify if the customer perceptions of the quality of a stay
align with the parameters that accredit a given star-
classification.

SVMmodels were trained using both linear and RBF
kernel functions to predict the hotel category based on
the scores collected from Booking.com. The dataset
was split with 80% of data for training the model with
two values for the C hyperparameter (5 and 100), and
20% for testing. The results are summarized in Table 2
and indicate that changes in the kernel function from
linear to nonlinear do not improve generalization ability
(in fact, the test set accuracy decreases). Moreover,
using a high-cost parameter with the RBF kernel greatly
increases training accuracy but not the accuracy in the
test set, showing that the model is overfitting in the
training phase. Overall, there is only 54%–59% accu-
racy in the prediction of hotel star-classification.

In addition to the SVMmodels, aGBMwas also trained
using a repeated cross-validation approach with 10-fold
cross-validation repeated 10 times.Thehyperparameters of
the GBM model were fine-tuned using an exhaustive grid
search. The grid search explored the interaction depth in
the range of 1 to 3, the number of trees ranging from100 to
1,000 in steps of 50, a learning rate of 0.1, and a minimum
number of observations required in a node set to 5. The
trained GBM model achieved the best performance with
the following hyperparameters: 100 trees, an interaction
depth of 2 and a minimum of 5 observations per node.
Table 3 presents the test set confusion matrix of this best
GBMmodel, wherewe can easily compute a 0.53 accuracy
(95% CI: 0.48 – 0.58) metric. Again, a weak overall

accuracy is observed, reinforcing that customer perceptions
are not directly related to the star categories.

Table 4 presents a more complete set of the model’s
performance measures for each star category, giving a
deeper understanding of the results. Poor recall per
category (with the exception of 4-star hotels) show that
the model has difficulties in correctly detecting the star
of the hotel, although it quite well predicts which star is
not, given the very high specificity values, specifically in
the determination of the extreme hotel categories, that
is 1- (0.99) and 5-star hotels (0.98). Precision values are
also low, mainly for 1- to 3-star hotels, showing low
confidence when predicting in such categories. Finally,
the F1-measure, which gives us an overall (balanced)
view between Precision and Recall, shows that the
model has clear difficulties in using the Booking.com’s
scores to discriminate between hotel star categories.

Hotel segmentation based on Booking.com
average review scores

The previous results have shown that the perception of
the quality of a stay by Booking.com customers does not
reflect the hotel segmentation that the star categoriza-
tion currently provides. Therefore, we used k-means
clustering to investigate the existence of a different

Table 2. Accuracy of the SVMmodel for hotel star prediction
based on guest reviews using linear and RBF kernel
functions and different values of C.

Linear kernel RBF kernel

C = 5 C = 100 C = 5 C = 100

Accuracy train 0.61 0.61 0.67 0.81
Accuracy test 0.59 0.59 0.57 0.54

Table 3. Confusion matrix of the registered hotel star
categories and the predicted categories using GBM.

Hotel star category

* ** *** **** *****

Predicted category * 1 2 1 0 0
** 5 17 19 6 0
*** 4 34 54 23 1
**** 2 8 36 102 20
***** 0 0 0 6 16

Table 4. Performance measures of the GBM model on the
use of user-generated content from Booking.com on the
prediction of hotel categories. PPV – Positive predicted value;
NPV – Negative Predicted Value; F1-measure = 2 * Precision
* Recall / (Precision + Recall).

* ** *** **** *****

Sensitivity (Recall) 0.08 0.28 0.49 0.74 0.43
Specificity 0.99 0.90 0.75 0.70 0.98
PPV (Precision) 0.25 0.36 0.47 0.61 0.73
NPV 0.97 0.86 0.77 0.81 0.94
Prevalence 0.03 0.17 0.31 0.38 0.10
Detection prevalence 0.01 0.13 0.32 0.47 0.06
Balanced accuracy 0.54 0.59 0.62 0.72 0.71
F1-measure 0.12 0.32 0.48 0.67 0.54
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segmentation structure that could better reflect such
perceptions. We started to estimate the optimal number
of clusters for this data using both the elbow method
and the Gap statistic. As Figure 2 shows, both ap-
proaches estimate a hotel segmentation solution with
3 to 4 clusters as the best options. Interestingly, there
seems to be no advantage in using 5 clusters as the star-
classification system suggests.

k-means was then applied to our data, both using k =
3 and k = 4. Given each of the hotel segmentation
solutions, the mean value of the 8 Booking.com item
scores and the corresponding within sum of squares
were computed for each cluster and are detailed in
Table 5. It is possible to see that the solution with
4 clusters is slightly better that the 3-cluster solution,
providing more compact clusters (higher between-

Figure 2. (a) Graphical representation of the elbow method, where a notorious curve inflexion is observed at 3 to 4 clusters.
The addition of more clusters does not generate a significant reduction in the total within-clusters sum of squares; (b)
Graphical representation of the Gap statistic analysis, also showing an optimal number of clusters of 3 or 4.
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within sum of squares ratio). In both solutions, all
clusters are quite balanced in terms of the number of
hotels except for the cluster with lower scores (cluster
1 in the 3-cluster solution and cluster 4 in the 4-cluster
solution). It is also interesting to notice that both so-
lutions provide an ordered ranking of all review scores.

Figure 3 plots each of the cluster solutions along with
the star category for each hotel in the principal com-
ponents space. Although in general it is possible to
observe that a higher star category tends to have higher
review scores, each cluster is composed of hotels having
different star categories showing that this classification
is not completely associated with the customer per-
ception of quality. Taking the 4-cluster solution as an
example, we see that cluster 4 (the cluster rated with
lower review score values) contains hotels from 1 to
4 stars, while cluster 1, which is essentially populated
with 5- and 4-star hotels, also contains 1-, 2- and 3- star
hotels. A similar behaviour is observed in the solution
with 3 clusters.

Considering the segmentation structures obtained
from k-means, it was further investigated the impact of
each Booking.com item to their characterization. For
that, a random forest model was built for each of the
cluster solutions using the cluster assignments as the
target variable, and variable importance was measured.
Figure 4 presents the variable importance plots for both
cases.

For the 3-cluster solution, the Overall, Cleanliness,
Facilities and Comfort scores present the highest mean
decrease in the Gini impurity index (191.70, 130.54,
123.33, and 112.67, respectively), indicating that these
are the items that contribute the most for the purity of
nodes in the random forest and therefore are strongly
present in the trees of the random forest. Additionally,
Wi-Fi is the score that provides the highest mean de-
crease in accuracy (57.21) in the model, indicating its

importance in predicting cluster membership
(Figure 4(a)).

The results are similar in the 4-cluster solution, with
the same variables considered by the same order of
importance. Thus, the Overall, Cleanliness, Facilities
and Comfort scores present 202.11, 157.68, 149.73,
and 117.33, respectively mean decrease in the Gini
impurity index, and Wi-Fi also is identified as the score
with the highest mean decrease accuracy (62.15), as
shown in Figure 4(b).

It is noticed that Value for money, Location and Staff
are consistently in the bottom rank of importance in all
situations, thus not contributing significantly to the
reduction of impurity, cluster distinction or cluster
membership prediction.

Discussion
This study analysed the agreement between hotel star
categories in Portugal and the corresponding mean
review scores of Booking.com on 8 items: Overall
satisfaction, Cleanliness, Comfort, Facilities, Staff,
Value for money, Location and Wi-Fi. The results,
regardless of the methodology of machine learning
employed (SVM or ensemble GBM), indicate a weak
association between the hotel star category and the
mean review scores. In fact, the maximum accuracy
obtained with an SVM was 59%, whereas for GBMwas
53%. Other authors (Soifer et al., 2020) also reported
such discrepancy between hotel attributes and facilities
and online user ratings which has been found to be
particularly relevant in 5-star hotels in Lisbon (Rita
et al., 2022) and reflects the disconformity between
consumer expectations and consumer experience (Li
et al., 2020).

One of the reasons for the discrepancy between the
hotel star-classification and the guest review scores

Table 5. Mean scores of Booking.com reviews obtained for each cluster in the 3- and 4-cluster solutions. Between /Within SS
ratio indicates the ratio of between clusters sum of squares and within clusters sum of squares, providing a measure of
cluster compactness.

Cluster
solution

Number of
hotels

Overall
score Cleanliness Location Staff Comfort

Value for
money Facilities Wi-Fi

3 clusters 1 191 7.40 7.80 8.32 8.31 7.38 7.40 7.11 7.24
2 497 8.22 8.66 8.72 8.81 8.39 8.12 8.10 8.16
3 512 8.91 9.32 9.14 9.32 9.18 8.68 8.94 8.85
Between / Within
SS ratio

61.7%

4 clusters 1 335 9.02 9.43 9.24 9.41 8.77 8.77 9.07 9.01
2 430 8.51 8.93 8.86 9.01 8.36 8.36 8.45 8.40
3 324 7.94 8.38 8.54 8.64 7.89 7.98 7.77 7.89
4 111 7.18 7.55 8.31 8.16 7.17 7.17 6.84 6.99
Between / Within
SS ratio

67.6%
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might be related to the fact that the hotel star-classification
is reviewed only once every 5 years whereas the Booking.
com scores retain the reviews of the previous 36-month
period and keep updating the metric whenever new re-
views are added. Another reason is related to the fact that
star-classification systems rely more on facilities and level

of service, while guest reviews are based on expectations
and quality of experience (UNWTO, 2014), and,
therefore, not always the star-classification level matches
the guest reviews appreciation.

A previous study on 1,500 reviews of 50 small and
medium hotels in the region of Lisbon identified that

Figure 3. (a) Graphical representation of the cluster solutions with 3 clusters; (b) Graphical representation of the cluster
solutions with 4 clusters. Each data point (hotel) is represented by a specific symbol associated with the star category.
Clusters are represented with different colors, and a bivariate gaussian 95% confidence ellipse is plotted to approximate the
shape and spread of each cluster in the principal components space.

Messias et al. 13

https://Booking.com
https://Booking.com


guests pay more attention to the room conditions (in-
cluding cleanliness and comfort to rest) when writing a
review and attributing a score (Chaves et al., 2012),
which is in line with the results here presented for the 3-
and 4-cluster solutions, for which Cleanliness is the
secondmost important variable for the categorization of
hotel review scores.

As some other countries are working to implement
integrated systems (UNWTO, 2014; UNWTO, 2015),
the 3- or 4-cluster solution that derives from the
Booking.com scores could be considered an option to
complement the current hotel star system, gathering the
best of the two worlds. On one hand, the hotel star
category would provide detailed information regarding
the type of facilities and services guests should expect.
On the other hand, the integration of a categorization
system based on reviews provided by other guests would
generate trustful, easy to interpret information, directed
mainly to service quality.

According to the predicted cluster membership, each
hotel could receive a quality rating of Bronze, Silver or
Gold categorization, in the case of adoption of the 3-
cluster solution or Bronze, Silver, Gold or Platinum in
the case of 4-cluster. This would be very helpful for the
traveller searching for a hotel in the context of the
multicriteria decision process. For instance, if the
traveller is looking for a 3-star hotel, providing infor-
mation regarding the experience of previous guests such
as a very good experience (3-star Gold) or a not-so-
remarkable experience (3-star Bronze) clearly facilitates
the process, yet not preventing the traveller from
choosing based on other features namely price or
location.

In fact, online platforms such as TripAdvisor or
Booking.com have employed a similar quality rating
system that serves as a guide for a variety of alternative
accommodations such as apartments or villas. This
rating system includes information on both the facilities
and the average review score as well as anonymized and
aggregated historical data, corroborating the impor-
tance of adding summarized information of the review
scores to the hotel star-classification. Such system is
welcomed by the hotel management sector (Koutoulas
and Vagena, 2023; Vagena and Manoussakis, 2021)
and would overcome the limitation of the non-
universality of the star-classification system. Addi-
tionally, it would include up-to-date and reliable in-
formation to the star-classification system.

This proposal also responds to current demands for
integrating real-time, consumer-centred insights into
regulatory systems in tourism, reflecting broader shifts
toward digital trust and user empowerment.

Therefore, this research moves beyond technical
modelling by proposing an applied framework that can
bridge the current disconnection between institutional

classification systems and real guest experience.
Whereas professional inspectors assess hotels based on
standardised criteria related to physical infrastructure
and service provision, guest reviews offer insights into
how those services are perceived and experienced. In-
tegrating both perspectives enables a more compre-
hensive and accurate reflection of hotel quality in
today’s digital environment. This conceptual innova-
tion expands the theoretical understanding of how
quality is communicated and perceived in digital hos-
pitality environments. On a practical level, the model
introduces a dual-layer classification which offers
clearer signals for travellers, supports data-driven
decision-making for platforms and policymakers,
and encourages hotels to prioritise experiential quality,

Figure 4. (a) Variable importance plots with 3-cluster
solution; (b) Variable importance plots with 4-cluster
solution.
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not just infrastructure compliance. For formal classi-
fication organizations, this model provides a path to
modernise and enhance the credibility of national
classification systems without undermining their tra-
ditional structure.

Conclusion
This study contributes to the ongoing debate about
combining online guest reviews with traditional hotel
classification systems. By leveraging data fromPortuguese
hotels and analysing guest satisfaction ratings on Booking.
com, this paper highlights the misalignment between the
existing star-classification system and the actual experi-
ences of hotel guests. The weak association between hotel
star-classifications and guest satisfaction scores empha-
sizes the need for a more dynamic and comprehensive
approach to hotel classification. One of the most striking
findings of this research is that hotel star-classifications,
which primarily reflect facilities and services, do not
consistently align with guest satisfaction scores related to
factors such as cleanliness, comfort, and value for money,
among others. This discrepancy indicates that the tradi-
tional star-classification system may not fully capture the
subjective, experience-based aspects of hotel quality that
modern travellers prioritize. As the analysis shows, while
5-star hotels generally score higher on most satisfaction
items, lower-tier hotels, mainly 1- and 2-star establish-
ments, can sometimes outperform higher-tier hotels on
specific dimensions like location and value for money.
This observation suggests that travellers are not solely
motivated by the amenities a hotel provides but also by the
quality of the service and the overall experience. Inte-
grating guest reviews into the star-classification system
offers a potential solution to this gap, providing a dual
framework that enhances the objectivity of traditional
classification with the subjectivity of guest reviews.
Moreover, the introduction of machine learning tech-
niques, such as Support Vector Machines (SVM) and
Gradient Boosting Machines (GBM), in this context
demonstrates that predictive models can be used to assess
the service quality offered by hotels more accurately.
Although the prediction models in this study showed
moderate accuracy (around 53%–59%), they present an
important first step in developing a refined classification
system that could better serve both travellers and hoteliers.

This paper proposes an innovative hybrid classi-
fication model incorporating guest reviews alongside
traditional star-classification. The clustering analysis
results suggest the potential for 3- or 4-cluster so-
lutions to complement existing star-classification and
point to the feasibility of categorizing hotels by fa-
cilities and the quality of service as perceived by
guests. For example, a hotel currently classified as 3-
star could receive additional “quality” distinctions

such as Bronze, Silver, or Gold based on guest review
scores. This would result in a dual classification – e.g.,
3-Star Bronze – that clearly communicates both the
technical compliance of the hotel (in terms of infra-
structure and services) and the experiential quality as
perceived by guests. Such a label would be simple for
consumers to interpret and could serve as an intuitive
decision-making aid, particularly when comparing
hotels within the same star category.

Theoretical implications

From a theoretical standpoint, this study contributes
to reconceptualising hotel classification as a dynamic
system that combines experiential guest data with
formal institutional criteria. It addresses a known
limitation in the literature, which often treats these
sources as separate or incompatible. By proposing a
hybrid model that integrates both perspectives, this
research presents a new conceptual framework for
understanding hotel quality. The use of machine
learning reinforces this contribution, demonstrating
how data-driven techniques can support more nu-
anced and multidimensional classification systems in
the hospitality industry. Furthermore, the model
introduces a clustering-based distinction—Bronze,
Silver, or Gold (and Platinum in a four-cluster sol-
ution)—that complements existing star ratings and
reflects guest-perceived service quality in a structured
and interpretable format.

Managerial implications

At a practical level, the proposed model enables con-
sumers to differentiate more effectively between hotels
within the same star category, facilitating informed
booking decisions that are based not only on technical
classification but also on perceived service quality. This
dual system provides additional transparency and
clarity in a highly competitive digital marketplace. For
hotel managers, the framework offers an opportunity to
monitor and enhance performance based on guest
perceptions, thereby improving satisfaction and com-
petitive positioning. Public rating agencies and online
travel intermediaries (OTAs) may also benefit, as this
model presents a scalable and adaptable solution to
modernise traditional classification systems without
compromising their institutional structure. By inte-
grating guest feedback into official frameworks, rating
bodies can enhance public trust and provide a more
accurate, up-to-date reflection of hotel quality – par-
ticularly relevant in a post-pandemic context where
travellers increasingly prioritize hygiene, comfort, and
staff engagement.
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Limitations and future research
While this study provides a solid foundation for com-
bining guest reviews with hotel classification systems,
several limitations suggest new paths for future
research. First, the data collected for this analysis refer
to October 2021, during the recovery phase following
the peak of the COVID-19 pandemic. Traveller ex-
pectations and behaviours may still have been influ-
enced by pandemic-related concerns – particularly
regarding hygiene and safety –which could have shaped
review patterns. Future research should consider how
guest priorities evolve in fully post-pandemic contexts,
and whether the discrepancies between star-
classifications and guest reviews persist. In addition,
future studies could benefit from incorporating data
from other review platforms, such as TripAdvisor or
Google Reviews, to validate results and explore
platform-specific variations in user behaviour and sat-
isfaction assessment.

Additionally, future studies could benefit from in-
corporating larger datasets and using more advanced
machine-learning techniques to improve the accuracy
of predictive models. It’s also crucial to explore how the
combination of guest reviews with classification systems
could be standardized across different regions and hotel
types, ensuring the development of a universally ap-
plicable system.

Finally, a deeper examination of other factors
influencing guest satisfaction, such as cultural differ-
ences, price sensitivity, and the role of loyalty programs,
would further refine the proposed model and its ef-
fectiveness in capturing the full spectrum of hotel
quality.
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